REVISION NOTES - Manuscript “A hybrid framework for the spin-up and
initialization of distributed coupled ecohydrological-biogeochemical models”
(GMD, egusphere-2025-4796) by Lian et al.

Reviewer #1

The study by Taiqi Lian et al. proposes a novel framework to reduce the computational
requirements of the initialisation of a gridded eco-hydrological model with lateral
transport using a mix of coupled/ uncoupled simulation and valorizing machine
learning. The use of machine learning in process model spinup is a timely and important
objective. Comparable approaches to my knowledge were not yet applied to process
models with interdependent pixels.

However, critical gaps in the methodology, lack of demonstration of the robustness of
the RF predictions, and a study design which fails to isolate the impact of the respective
spinup components/assumptions on the results (failing to address hypotheses) are
major shortcomings . In addition, the authors did not demonstrate that the new
approach is accurate enough for typical model applications ( in contrast Fig 7 seems to
indicate that the underlying strategy of mixed uncoupled / coupled simulation is quite
inaccurate already). As a consequence it is not possible to assess if the new approach
(of combining a mix of coupled/ uncoupled simulation and valorizing machine learning)
actually works sufficiently well.

Reply: We thank the Reviewer for the positive feedback and for appreciating our work.
We are also grateful for the detailed and constructive suggestions, which greatly helped
us to improve the manuscript.

In the revised version, we carefully addressed all the Reviewer's comments, as detailed
in our replies below. Specifically, we have (1) clarified the criteria used to define steady-
state conditions and showed that they are reached in the simulations here. (2) Besides,
we performed a few additional simulations to confirm that the bias arising from the
decoupled spin-up is acceptable in typical model and measurement contexts, but also
better clarified the limitations of such an approach. (3) We also explicitly evaluated the
robustness of random forest (RF) predictions using cross-validation and interpretability
analyses, and (4) we quantified the computational savings of the proposed framework
by reporting the wall-clock times for the different components of the spin-up procedure.
Lastly, (5) we revised the introduction section to better state the novelty of our work.

Major comments:

1. The main aim of the new approach is to reach a stable state at a reduced
computational time compared to conventional spinup procedures. The authors did not
demonstrate (1) that steady states are reached and (2) that the new approach for spin-
up leads to biases in fluxes which are acceptable for the typical application field of the
model. This can be achieved by providing steady state criteria and conducting a test for
a typical model application (e.g. transient response of C and fluxes under climate
change). The authors should also give more information on the computational demand
saving.

Reply: Thank you for your comments, which we address in three parts.
(1) Steady state conditions. As illustrated in Fig. 2h, two steady states are considered

in the manuscript: the steady state obtained from the uncoupled spin-up
(biogeochemistry module) and the one obtained from the fully coupled spin-up (T&C-
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BG). The uncoupled spin-up leads to a bias in SOC relative to the coupled steady state,
which is discussed in detail in point (2) below. Here we clarify that singular spectrum
analysis was used to extract the long-term trend component of the time series. Steady
state conditions were then defined as being reached when at least one of the following
three criteria was satisfied for all soil carbon and nutrient pools: (i) the absolute value
of the fitted linear trend slope (from the singular spectrum analysis) was smaller than
0.1 [gC/m:/day or gN/m:/day], (ii) the absolute difference between the first and last
values of the fitted linear trend over the evaluation period was smaller than 0.1 [gC/m:
or gN/m2], or (iii) the relative change between the first and last values of the fitted linear
trend was smaller than 1%. Under this condition, no systematic long-term trends are
observed in any of the pools between the beginning and the end of the simulation
period. This definition is consistent with the Reviewer’s suggestion (minor comment 8
below) of computing linear trends over a given period and applying a threshold (e.g.,
1% per year) to detect steady state conditions. In our case, a 9-year period was used
in order to minimize the influence of interannual variability in soil carbon and nutrient
pools.

To better illustrate this, we have now included time series of multiple soil
biogeochemical pools over the final 9 years of the coupled simulation for a
representative grid cell (Fig. R1; we added this in the supplementary information as
Fig. S3). These results show that the pools exhibit only seasonal variability in response
to climate forcing, without discernible long-term trends, indicating that steady state
conditions are reached.

Accordingly, the manuscript has been revised as follows (lines 218-219):

“For every 9-year simulation, the long-term trend of all simulated soil carbon and
nutrient pools was evaluated, using singular spectrum analysis to exclude interannual
seasonalities. The steady state was considered reached when the long-term trends in
all soil carbon and nutrient pools satisfied at least one of three predefined
criteria over the final 9-year simulation period: (i) an absolute linear trend (slope)
smaller than 0.1 [gC/m/day or gN/m=/day], (ii) an absolute difference between the first
and last values of the fitted linear trend smaller than 0.1 [gC/m: or gN/my], or (iii) a
relative change between the first and last values of the fitted linear trend smaller
than 1%
(see examples in Fig. S3).”

Hereinafter, for the revision in the manuscript, we use in gray for deleted
text, and text in blue for added text. Line numbers refer to the original submitted
manuscript.
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Fig. R1 (same as Fig. S3 in the supplementary information). Time series of soil carbon and
nitrogen pools during the 9-year coupled simulations for a representative grid cell. Long-term
trends extracted using singular spectrum analysis (SSA), the corresponding linear fits, and the
slopes of the fitted trends are shown. Carbon pools include soil organic matter particulate
organic carbon (SOM-POC) associated with lignin (SOM-POC-Lign; panel a) and
cellulose/hemicellulose (SOM-POC-Cell; panel b), and mineral-associated organic carbon
(SOM-MOC; panel c). Nitrogen pools include nitrogen in soil organic matter (SON; panel d). All
pools are considered to have reached steady-state conditions.

(2) Potential bias introduced by the uncoupled spin-up method. As stated in the
manuscript, the new spin-up approach leads to differences of 19.2% and 10.6% in soil
carbon stocks for grassland and forested sites, respectively (line 340).

As suggested by the Reviewer, we conducted an additional test to evaluate whether
the new spin-up strategy introduces acceptable biases in model transient fluxes
response. Specifically, we compared 9-year simulated gross primary productivity
(GPP) and evapotranspiration from the T&C-BG model at one grassland and one forest
site, using steady-state conditions obtained from the decoupled and coupled spin-up
approaches as initial states. As shown in Fig. R2, the transient responses of carbon
and water fluxes under the two initial conditions are highly similar, indicating that
potential biases associated with the decoupled spin-up have a negligible impact on flux
dynamics relevant for typical ecohydrological modeling applications.

We further note that the magnitude of the reported deviations falls well within commonly
reported uncertainty ranges of SOC stock estimates arising from observational
sources. For example, measurement-based SOC estimates can differ by 30-50%
across different analytical laboratories and among samples collected at the same site
(Even et al., 2025). Zhou et al. (2023) reported a normalized root mean square error of
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approximately 48% for 0-30 cm SOC stocks when comparing two widely used SOC
datasets (RaCA and gSSURGQO). Furthermore, neglecting the vertical distribution of
bulk density (as commonly done in most ecohydrological models) alone can introduce
errors of about 17% in 0—30 cm SOC stock estimates (Fowler et al., 2023).

Accordingly, we revised the manuscript after line 370 as follows:
“A direct comparison of SOC between the uncoupled spin-up steady state (middle gray

box in Fig. 7) and the reference steady state from the fully coupled plot-scale spin-up
(red shading) reveals an average underestimation of 19.2% and 10.6% for grassland

and forested sites, respectively (see also Table S3 ). These values are within
typically reported uncertainty ranges of SOC stock estimates (e.g., Fowler et al., 2023;
Zhou et al., 2023; Even et al., 2025), and the underestimation is further
reduced for the case of SON (see Fig. S8 ).”

Taken together, these comparisons indicate that the deviations introduced by the
uncoupled spin-up approach are within the uncertainty envelope commonly
encountered in SOC quantification, which supports the adequacy of the proposed spin-
up strategy for typical model applications.

Considering this (as well as minor comment 1 and specific comment 20 below), we also
extended the discussion about limitations related to site-specific applications and the
bias from the decoupled spin-up process, after line 405:

“Conversely, in drier regions, soil texture could become a major constraint and separate
spin-ups for each soil type may be required instead of using an average soil texture.
Apart from soil texture, we did not include elevation-based clusters in step (a) of the
initialization procedure (Fig. 2), which is potentially necessary if the catchment
elevation range is high. Furthermore, soil-vegetation coupling is inherently site-
specific, and the decoupled spin-up here relies on a 9-year average of plant and soil
dynamics. While this assumption is reasonable for the Erlenbach site, it may introduce
biases in more extreme ecosystems (e.g., nutrient limited environments, more variable
climate), where long-term average plant-soil biogeochemical dynamics cannot be
adequately captured within a 9-year period.”
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Fig. R2. Simulated gross primary productivity (GPP) and evapotranspiration (ET) at one forest
site (a, b) and one grassland site (c, d), using steady-state conditions derived from the
decoupled and coupled spin-up approaches (see Fig. 7 in the main text) as initial conditions.
The coefficient of determination (R:) and root mean square error (RMSE) between the two
simulations are shown in each panel. GPP is simulated at a daily time step and ET at an hourly
time step. Negative ET values indicate dew formation. RMSE has the same units as the related
variable, i.e. gC/m#/day for GPP and mm/h for ET.

(3) Computational demand. Thank you for this suggestion. The computational cost of
a traditional spin-up can be separated into two main components: (i) plot-scale
initialization and (ii) long-term two-dimensional (2D) simulation required to reach steady
state (300 years of simulations in this study). In contrast, the computational cost of the
proposed hybrid spin-up approach consists of the following components: (i) plot-scale
initialization, (ii) an initial 9-year 2D simulation with lateral fluxes tracked and saved, (iii)
spin-up simulations for the tracked cells, (iv) RF model training, and (v) a second 9-
year 2D simulation initialized using the RF-based estimates. Among these
components, plot-scale initialization is identical for both approaches and represents
only a small fraction of the total computational cost compared to the 2D simulations.
The computational cost associated with RF training is even smaller (negligible). The
dominant contribution to total runtime arises from executing the 2D model itself.

We reported the wall-clock time for different components of both the traditional and the
hybrid spin-up approaches in Table R1. We find that the runtime of the 2D simulations
increases with the fraction of tracked cells, as additional input/output (I/O) operations
are required to store lateral fluxes. In contrast, the computational cost of the spin-up
simulations for the tracked cells is also very small, and increases linearly with the
number of tracked cells. Nevertheless, even in the hybrid approach, the overall
computational cost remains dominated by the 2D simulations. Ideally, the hybrid
approach reduces the required 2D simulation length from 300 years to two 9-year



simulations (i.e., 18 years in total, corresponding to approximately 6% of the original
simulation length). In practice, because of the heavy I/O operations especially for high
numbers of tracked cells, and the additional cost of other spin-up procedures, our
recommended configuration that tracks 40% cells saves 86% computation time on our
PC (40 cores, base speed 2.00 GHz, 384 GB memory). However, absolute runtimes
depend on the computing platform, and we have observed higher computational saving
when high-performance computing clusters are applied for better performance in /O
operation. We further note that the relatively large I/O overhead observed here is likely
attributable, at least in part, to the MATLAB-based implementation, as comparable
models written in lower-level or more I/O-optimized languages (e.g., C/C++ or Julia)
would be expected to incur lower data read/write costs.

In addition to the new table reporting wall-clock times (Table R1) we also revised the
result section at line 342 as follows:

“This uncoupled spin-up steady state can be reached by first running the fully coupled
model for only a short period (here 9 years) to obtain average vegetation fluxes, which
are then used to drive the biogeochemistry-only spin-up. This provides a substantial
gain in computational efficiency (the computation time for decoupled spin-up is
negligible, see Table S6) despite the slight disagreement in steady state, thus...... 7

We also revised lines 347-352 to better describe the computation efficiency gain:

“In summary, the domain used here contains 1859 cells in total. Tracking lateral fluxes
in all cells increases computational cost significantly (e.g., by approximately 50%
compared to a simulation without tracking any fluxes when n=20%), whereas tracking
only n = 10% of the cells has less than 10% impact on its overall spin up procedure
(Table S6) . In Erlenbach, SOC requires over 300 years of
simulation to reach steady state (Fig. S9 ) even without coupled vegetation-
soil biogeochemical dynamics. The proposed initialization framework reduces this
demand by collapsing the full 300-year 2D spin-up into two 9-year simulations
(corresponding to Figs. 2b and 2f), combined with a 1D plot-scale spin-up. Ideally, the
hybrid spin-up procedure requires two 9-year 2D simulations instead of 300 years, (i.e.,
18 years in total, corresponding to approximately 6% of the original simulation length).
Wall-clock times of different components of the spin-up procedure are reported in Table
S6. While these times are expected to change based on the specific computational
platform used, for the case here the hybrid spin-up procedure resulted

in a computational saving of approximately 90% using the recommended
n=40% configuration.”



Table R1 (same as Table S6 in the supplementary information). Wall-clock times for different
components of the original and hybrid spin-up procedures. Results are shown for different fractions of
tracked cells (n = 10%, 20%, 40%, and 100%). In the 2D simulations, T. denotes the wall-clock time
required to simulate one year, and N, is the number of simulated years. For the tracked cell spin up, T.
represents the wall-clock time per tracked cell, and N..denotes the number of tracked cells.

Computation Plot-initialization

Demand (@ years) [n] 2D simulation (T, * N,) [h] Sum [h]
Original spin-up 0.11 2031 = (6.77*300) 203111
Hybrid spin-up Plot-intialzation 2D simulation with tracking Tracked cells spin up RF Second 2D Sum [h]

with n=X% (9 years) [n] (Tw ™ Ny) [h] (Tw ™ Neey) [D] traning simulation [h]

n=10% 011 7533=(8.379) 2.12=(0.0114*186) Negligible 60.93 138.49

n=20% 011 90.90=(10.1"9) 4.24 = (0.0114*372) Negligible 60.93 156.18

n=40% 011 216.00 = (2479) 8.48 = (0.01147744) Negligible 60.93 285.52

n=100% 0.11 43353 =(48.1779) 21.19=(0.0114*1859) Negligible 60.93 515.76

2. The robustness of the random forest predictions is not demonstrated. The authors
should provide results from the testing and validation of the RF, and deploy
interpretable machine learning in order to provide evidence into their predictions by
demonstrating the relationships between SOC (SON) and predictors aligned with
existing evidence.

Reply: Thank you for your comment. We fully agree that demonstrating the robustness
of the random forest (RF) models and the role of predictors is essential. Accordingly,
we have added analyses to assess model robustness and predictor importance.

For the RF trained using 40% of the tracked cells in the original scenario, we evaluated
model robustness using k-fold cross-validation (k = 10), where, in each fold, 90% of the
samples were used for training and the remaining 10% for validation. Model
performance is quantified using the mean absolute percentage error (MAPE) and the
normalized root mean squared error (NRMSE), calculated by normalizing RMSE with
the range (maximum minus minimum) of the observed values, across the 10 folds
(Table R2).

Besides, as suggested by the Reviewer, we now use SHAP-based interpretability
analyses (Shapley values) to quantify the predictor contributions for the RF trained
using 40% of the tracked cells in the original scenario and random soil scenario (Tables
R2-R3, same as Table S2 in the manuscript).

We emphasize that in this study the RF is not used to predict an unknown reference
state. The steady state for 100% of grid cells is explicitly available (from simulations
with 100% tracked cells, and no RF is needed) and serves as an independent
benchmark. The role of the RF is solely to extrapolate steady-state information from a
reduced set of tracked cells to the full domain, thereby minimizing the number of grid
cells that require computationally expensive coupled spin-up simulations. Accordingly,
the manuscript focuses on evaluating how well the RF-based extrapolation reproduces
the spatial variability of SOC and SON relative to the known 100% steady-state
reference (Fig. 3 and Table 1 in the manuscript).

We have now detailed the description of the RF model configuration and validation,
and included information on its performance in the manuscript and supplementary
information. In the methods section, we have added a paragraph after line 170:

“Random forest models consisting of 100 regression trees were trained to predict each
carbon and nitrogen pool. The robustness of the RF model was validated using k-fold
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(k=10) cross-validation (Stone, 1976), and evaluating the mean absolute percentage
error (MAPE) and the normalized root mean squared error (NRMSE). NRMSE was
calculated by normalizing RMSE by the range (maximum minus minimum) of the
observed values, and both metrics were averaged across the 10 folds (see Table S2).”

We have clarified the purpose of our sensitivity analysis (remove one predictor at a
time), and included the SHAP-base analysis in the methods section. After line 177, the
manuscript now reads as follows:

“ ...how predictor choice may affect the sampling requirements (hypothesis H3). The
primary purpose of this analysis was pragmatic: to evaluate which predictors provide
essential information for reproducing spatial variability, and which variables could
potentially be omitted when reliable spatial data are unavailable. Besides, for the
original scenario and random soil scenario (see simulation scenarios in Section 2.3)
with n=40% tracked cells, we further implemented a SHAP-based interpretability
analyses (Shapley values) (Lundberg and Lee, 2017) to quantify the importance of
each predictor in the RF model.”

We included a sentence in line 259 to show the RF model robustness, now it reads:

...... n = 40% is sufficient to reproduce the full temporal dynamics of SOC spatial
variability in the catchment here. Table S2 summarizes the robustness of the random
forest models trained using 40% of the tracked cells in the original scenario as
examples. For most carbon and nitrogen pools, MAPE values are below 10% and
NRMSE values are below 0.1, indicating that the RF models exhibit satisfactory
performance. These results provide direct support for...... Y

We extended the paragraph about the sensitivity analysis in the discussion section
(also related to minor comment 2 and specific comments 10 and 18), between lines
388 and 395:

“A sensitivity analysis of predictor importance in the RF model indicates that the type
of vegetation is the most influential variable (Fig. S10 ), followed by elevation.
This statement is further confirmed by the Shapley values reported in Tables S2 and
S3. These findings align with previous studies showing that
vegetation strongly influences...... , and that elevation is a dominant control, at least in
pronounced topographies such as Erlenbach, due to the elevation-related lapse rate
control on air temperature (Stahli et al., 2021; Lian et al., 2025b). However, simulations
from the Random Soil scenario (Section 3.2) highlight the essential role of including
soil information among the RF predictors, particularly in areas characterized by high
soil spatial variability. Shapley values in Table S5 show that clay content is the most
important predictor (after vegetation type) for soil carbon prediction, suggesting that
clay content should be explicitly considered in generalized RF modelling frameworks.”



Table R2 (same as Table S2 in the supplementary information). Mean absolute percentage error
(MAPE) and normalized root mean squared error (NRMSE) of the random forest models trained using
40% of the tracked cells for predicting carbon and nitrogen pools in the original scenario. Both metrics
are averaged over 10-fold cross-validation. Normalized mean absolute Shapley values are reported to
indicate the relative importance of the six predictors.

Robustness Metrics Normalized mean absolute Shapley values
Soil organic carbon related pools MAPE NRMSE Elevation Slope accufrll?.lvlvatian Curvature Vegetation Sand
(%) area content
Below-ground Litter Metabolic 3.09 0.05 22.4% 1.9% 6.7% 1.2% 65.4% 2.5%
Below-ground Liter Structural - 5.99 004  104%  23% 2 8% 1.1% 818%  16%
Cellulose/Hemicellulose
Below-ground Litter Structura - Lignin 12.06 0.05 7.3% 2.2% 2.4% 1.2% 85.1% 1.7%
SOM-POC- lignin 11.49 0.05 6.2% 3.0% 3.4% 0.9% 85.1% 1.5%
SOM-POC -Cellulose/Hemicellulose 2.59 0.07 30.1% 10.2% 12.1% 1.7% 44.4% 1.4%
SOM-MOC 273 0.06 24.7% 7.2% 7.2% 1.6% 58.0% 1.3%
DOC - for bactena 3.19 0.13 58.0% 14 3% 9 7% 3.6% 3.9% 10.5%
DOC - for fungi 2.66 0.13 58.9% 11.7% 9.5% 2.8% 5.2% 11.9%
Enzyme for decomposition of POC-Bact 293 0.07 18.2% 13.3% 16.4% 22% 43 4% 6.6%
Enzyme for decomposition of POC-Fung 2.49 0.07 16.1% 71% 8.2% 2.0% 61.3% 5.3%
Enzyme for decomposition of MOC-Bact 294 0.08 20.1% 125% 15.1% 2.7% 43 8% 5.8%
Enzyme for decomposition of MOC-Fung 2.48 0.07 16.7% 6.5% 1.7% 1.8% 62.0% 5.3%
Bacteria pool 5.28 0.08 12.4% 14.7% 16.7% 2.3% 52.2% 1.7%
Fungi saprotrophic 4.27 0.07 10.1% 8.5% 10.3% 1.5% 68.2% 1.5%
AM-Mycorrhizal - C 2.28 0.04 7.5% 1.3% 1.7% 0.7% 87.1% 1.7%
Soil organic nitrogen related pools
Nitrogen Above-ground Litter 438 0.04 12.6% 0.9% 1.5% 0.7% 82 9% 1.4%
Nitrogen Above-ground Woody 0.90 0.05 87.1% 4. 7% 3.4% 2.2% 0.0% 2.6%
Nitrogen Below-ground Litter 3.02 0.06 20.3% 3.6% 10.2% 1.8% 60.3% 3.8%
Nitrogen SOM 1.52 0.07 35.9% 5.0% 6.1% 1.1% 50.4% 1.5%
Nitrogen Bacteria 520 0.08 11.2% 16.2% 17.2% 1.9% 51.7% 1.9%
Nitrogen Fungi 4.22 0.06 9.2% 8.9% 9.4% 1.6% 69.8% 1.2%
AM Mycorrhizal - N 221 0.04 9.6% 1.4% 1.3% 0.9% 85.0% 1.9%
Nitrogen lone Ammonium NH4+ 2.25 0.06 16.5% 3.7% 3.5% 1.4% 72.4% 2.5%
Nitrogen Nitrate NO3- 6.03 0.15 15.5% 17.2% 17.6% 2.8% 30.3% 16.5%
DON 6.98 0.12 32.5% 5.9% 14.1% 4.0% 29.1% 14.4%




Table R3 (same as Table S5 in the supplementary information). Normalized mean absolute
Shapley values of the seven predictors in random forest models trained using 40% of the tracked cells
in the random soil scenario.

Normalized mean absolute Shapley values

Soil organic carbon related pools Flow Sand Clay
Elevation Slope accumulation Curvature Vegetation
area content  content

Below-ground Litter Metabolic 8.0% 1.9% 5.5% 1.2% 54 0% 3.4% 26.1%
Below-ground Litter Structural -

Cellulose/Hemicallulose 5.3% 2.7% 2.8% 0.7% 81.0% 1.4% 6.0%
Below-ground Litter Structura - Lignin 3.8% 2.4% 2.4% 0.6% 84 7% 1.0% 5.0%
SOM-POC- lignin 2.9% 2.5% 2.4% 0.6% 75.8% 0.6% 15.2%
SOM-POC -Cellulose/Hemicellulose 4.9% 41% 5.3% 0.7% 21.0% 1.7% 62.4%
SOM-MOC 5.2% 3.6% 4.0% 0.7% 34.4% 1.3% 50.9%
DOC - for bacteria 19.5% 1.9% 1.9% 0.9% 0.8% 289%  46.0%
DOC - for fungi 21.1% 2.3% 1.9% 1.0% 0.6% 282%  44.9%
Enzyme for decomposition of POC-Bact 6.9% 55% 9 5% 2 2% 255% 14 4% 359%
Enzyme for decomposition of POC-Fung 7.4% 2.9% 4.6% 1.7% 41.4% 11.3% 30.7%
Enzyme for decomposition of MOC-Bact 6.6% 6.0% 10.9% 21% 25.2% 14 2% 35.0%
Enzyme for decomposition of MOC-Fung 7.1% 3.3% 4.7% 1.5% 42 1% 11.4% 30.0%
Bacteria pool 3.1% 10.9% 21.6% 2.4% 45.9% 2.2% 14.0%
Fungi saprotrophic 2.9% 5.8% 11.3% 1.7% 68.1% 0.9% 9.3%
AM-Mycorrhizal - C 5.8% 1.0% 1.0% 0.6% 83.3% 1.0% 7.3%

Soil organic nitrogen related pools
Nitrogen Above-ground Litter 5.8% 1.3% 2.1% 0.5% 61.1% 1.8% 27.6%
Nitrogen Above-ground Woody 88.2% 3.4% 3.6% 0.8% 0.0% 0.9% 32%
Nitrogen Below-ground Litter 5.9% 2.8% 7.9% 1.4% 28.9% 4.8% 48.2%
Nitrogen SOM 9.5% 23% 21% 0.6% 32.8% 1.8% 51.0%
Nitrogen Bacteria 3.3% 10.2% 20.9% 2.7% 47.9% 2.3% 12.8%
Nitrogen Fungi 2.7% 5.0% 10.6% 1.5% 69.2% 0.9% 9.1%
AM Mycorrhizal - N 5.0% 1.1% 0.9% 0.7% 83.7% 1.3% 7.3%
Nitrogen lone Ammonium NH4+ 7.3% 1.9% 1.7% 1.5% 67.5% 2 6% 17.6%
Nitrogen Nitrate NO3- 14.0% 7.7% 7.7% 2.3% 8.2% 8.4% 51.8%
DON 10.5% 8.0% 12.1% 2.4% 31.6% 236%  11.8%

3. The experiment design does not allow to disentangle the effect of soil properties,
climate, etc from the effect of vertical transport based on the experiments. As the
deployment of RF from spinning up a model with vertical transport is the main novelty
of this study | see that as a major shortcoming, and suggest an additional simulation is
performed which differs from the benchmark case only from the omission of vertical
transport.

Reply: Thank you for this point. We presume that the Reviewer refers to ‘lateral
transport’ instead of ‘vertical transport’. We understand the Reviewer's concern
regarding the need to disentangle the effect of lateral transport from other sources of
spatial variability such as variability in soil properties and climate. In the proposed
framework, lateral transport is indeed an explicit process connecting grid cells, but it is
not the only source of spatial heterogeneity considered during spin-up. In fact, in our
simulations, heterogeneity in water and energy conditions is also introduced implicitly
through topography-controlled processes, including spatially varying meteorological
forcing (e.g., temperature lapse rates) and topography introduced radiation difference
(e.g., different sky view and shadowing effect). These factors jointly influence spatially
heterogeneous soil moisture, plant activity, and biogeochemical dynamics, even in the
absence of explicit lateral fluxes.
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Some of the co-authors themselves have addressed disentangling these effects in a
previous work - see Lian et al., WRR, 2025. From our previous work, we observed that
land cover and soil type are generally the primary controls on soil biogeochemical
patterns at the catchment scale. Topography-driven lateral transport introduces spatial
heterogeneity and neglecting lateral fluxes may lead to systematic biases in simulated
soil biogeochemical pools/fluxes, particularly along topographic gradients,
underscoring the role of connectivity in shaping spatial patterns. The primary novelty of
the study here is not to isolate individual contributions of these mechanisms, but rather
to develop and evaluate a spin-up strategy that concurrently accounts for all these
different sources of variability operating in a catchment (both explicit cell-to-cell
connections through lateral transport and implicit spatial heterogeneity in water and
energy conditions). Accordingly, our analysis focuses on comparing a spin-up
approach that accounts for catchment-scale spatial variability with a conventional plot-
scale spin-up that neglects such heterogeneity. While additional simulations omitting
only lateral transport could further isolate individual process contributions, it would
remove only part of the spatial variability considered in the model. In contrast, the
scenario without tracked cells (i.e., the 0% tracking case) represents a fully plot-scale
initialization and thus provides a clearer conceptual baseline for comparison. This
scenario is already included and discussed in our analysis and shows a systematic
underestimation in both SOC spatial variability and median values (Fig. 3, line 236),
with a bias in SOC estimates up to 20-30% (line 301) and almost no spatial variability
was captured. Conversely, considering even only 10% of tracked cells, thus including
minimal information on spatial heterogeneity and lateral transport in the model spin-up,
can reproduce 75% of the SOC spatial variability (Table 1).

To better clarify this design choice and the scope of the proposed approach, we have
revised the Introduction to more explicitly emphasize that the objective of this study is
to account for catchment-scale spatial variability and cell-to-cell connectivity during the
spin-up phase, rather than to decompose individual process contributions.

Line 75: “(H1) Spatially explicit spin-up is required to capture spatial variability in soil
carbon and nutrient pools at the catchment scale, where
grid-cell hydrological connectivity and topography-driven heterogeneity in water and
energy states concurrently act to shape soil biogeochemical spatial patterns;”

Line 81: “To our knowledge, this is the first study to address initialization in a catchment-
scale, fully distributed coupled ecohydrological-soil biogeochemical model, which
mechanistically simulates coupled water, vegetation, and soil biogeochemical
dynamics and explicitly accounts for water and solute lateral transport as well as
topography-controlled variations in microclimatic conditions.”

4. The methodology lacks information on (1) the calculator of the computational time
savings from the new approach, (2) more information on the random forest (training/
validation results, treatment of categorical variables, pixel selection, etc), (3) steady
state criteria.

Reply: Thank you for this comment. In response to the Reviewer’s concerns regarding
the methodological description, the revised manuscript now provides detailed
information on: (1) the calculation of computational time savings of the proposed
approach, (2) the training and validation of the random forest models, including cross-
validation results and the treatment of predictor variables, and (3) the criteria used to
determine steady-state conditions. These points are addressed in detail in our
responses to the previous comments and corresponding revisions in the manuscript,
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i.e., (1) see reply to major comment 1, point 3, (2) see reply to major comment 2, and
(3) see reply to major comment 1, point 1.

In addition to the previous points, we further noticed that the pixel selection strategy for
RF model training was insufficiently described in the original manuscript. We have
therefore added an explicit description of the pixel selection algorithm in the Methods
section. In brief, pixels are selected using a stratified random sampling approach based
on vegetation classes to ensure a reproducible and balanced representation of
vegetation types across sampling fractions. This is now described in the Methods
section (line 160), which reads as follows:

“The covariates used as predictors include......and vegetation type (forest or
grassland). A stratified random sampling approach based on vegetation classes was
used for pixels selection, meaning that grid cells were first grouped according to
vegetation type (in this case grassland and forest) and, within each group, pixels were
randomly sampled without replacement according to a prescribed sampling fraction
(10%, 20%, 40%, 60%, and 80%). The steady-state pools predicted...... ”

5. Novelty needs to be more clearly defined. The approach of using a RF for spinup of
biogeochemical cycles in a land surface model has been proposed, applied and tested
before in Sun, Yan, et al. "Machine learning for accelerating process-based computation
of land biogeochemical cycles." Global Change Biology 29.11 (2023): 3221-3234.

Reply: Thank you for this suggestion. We agree that the novelty of the study should be
more explicitly defined in relation to previous work applying machine learning to
accelerate land biogeochemical model spin-up, including the work of Sun et al. (2023),
which is now explicitly mentioned in our manuscript.

While Sun et al. (2023) addressed spin-up challenges in grid-cell-based land surface
modeling frameworks, typically applied at regional to global scales (typical spatial
resolution ranging from 0.5° to 2° in latitude-longitude grids) without accounting for
lateral transfer fluxes, the novelty of our work lies in extending the RF-based spin-up
concept to fully spatially distributed, catchment-scale ecohydrological-soil
biogeochemical models. Here, spatial heterogeneity emerges not only from soil and
vegetation properties, but also from topography-driven microclimate variability (e.g.,
lapse-rate-controlled temperature gradients and terrain-induced radiation shading) and
explicit lateral water and solute transport between cells.

The revised Introduction now explicitly highlights this distinction at several points:

Line 26: “In contrast, soil biogeochemical models often require much longer spin-up
periods, sometimes up to thousands of years (Randerson et al., 2009; Qu et al., 2018;
Sun et al., 2020),......

Line 52-54: “Recent advances in artificial intelligence and machine learning (ML) have
provided new opportunities for environmental modeling, including applications in
hydrology, ecology, and soil science (e.g., Peters et al., 2007; Mahdavi et al., 2018;
Tyralis et al., 2019; Carranza et al., 2021; Gupta et al., 2021; Sun et al., 2023; Pawusch
et al., 2025)”

We further clarified in the text that that the novelty of this study lies in addressing model

initialization in a spatially distributed ecohydrological—soil biogeochemical model with
explicit lateral connectivity among grid cells:
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Line 81: “To our knowledge, this is the first study to address initialization in a catchment-
scale, fully distributed coupled ecohydrological-soil biogeochemical model, which
mechanistically simulates coupled water, vegetation, and soil biogeochemical
dynamics and explicitly accounts for water and solute lateral transport as well as
topography-controlled variations in microclimatic conditions.”

Minor comments:

1. Two plot-scale simulations were performed for the vegetation-soil combinations. It is
unclear how they can capture the variation in SOC from climate. Fig 2 b) suggests that
only two combinations were performed for a single location. This neither variation in
climate (e.g. temperature/elevation), nor soil texture are accounted for therefore
additional sensitivity simulations are performed aiming to disentangle the respective
effects. This is an approximation as drivers interact, the discussion falls short to fully
reflect this,

Reply: Thank you for this comment. We fully agree on this point regarding the
simplification of vegetation-soil combinations. In the current study, two plot-scale
simulations (for the vegetation-soil combinations available at Erlenbach) were
performed. This design does not explicitly span climatic variability (e.g.,
temperature/elevation gradients) or strong contrasts in soil texture. We emphasize that
this simplification is motivated by the characteristics of the Erlenbach catchment, where
vegetation cover is relatively simple and soil texture (based on currently available
information) is comparatively uniform at the scale relevant for this application. More
generally, for larger or more heterogeneous catchments, plot-scale initialization would
ideally be performed at multiple representative locations that capture major gradients
in climate and soil properties. These location-specific steady-state pools could then be
used as initial conditions across the corresponding subregions of the domain. However,
this is often not possible due to a lack of information in most applications at the small
to medium catchment scales.

Although the plot-scale initialization (step a in Fig. 2) is simplified, the subsequent
spatially distributed simulations (step c in Fig. 2) explicitly account for spatial variability
in climatic drivers and soil texture combinations across the catchment. Therefore, the
effects of climate and soil heterogeneity in soil biogeochemical pools is still considered
during the spin-up (Fig. 2d) and is reflected in the resulting steady-state patterns (Fig.
2f).

Combined with major comment 1 and specific comment 20, we have extended the
discussion (after line 405) about the site-specific limitations of our application:

“Conversely, in drier regions, soil texture could become a major constraint and separate
spin-ups for each soil type may be required instead of using an average soil texture.
Apart from soil texture, we did not include elevation-based clusters in step (a) of the
initialization procedure (Fig. 2), which is potentially necessary if the catchment
elevation range is high. Furthermore, soil-vegetation coupling is inherently site-
specific, and the decoupled spin-up here relies on a 9-year average of plant and soil
dynamics. While this assumption is reasonable for the Erlenbach site, it may introduce
biases in more extreme ecosystems (e.g., nutrient limited environments, more variable
climate), where long-term average plant-soil biogeochemical dynamics cannot be
adequately captured within a 9-year period.”

Also, in the work here we considered different scenarios design as a first test to

evaluate how, in this catchment configuration, different soil distributions, vegetation,
and topography could affect the spin up procedure. A comprehensive evaluation across
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a broad range of catchment types or biomes would be required to fully disentangle
these effects. Such an analysis, however, is beyond the scope of the present study and
is left for future work. We have therefore expanded the discussion to explicitly
acknowledge this limitation and to clarify the site-specific nature of the presented
results. In addition, SHAP-based analyses were introduced to improve the
interpretability of the random forest models and to quantify predictor contributions
within the RF extrapolation framework, rather than to replace process-based sensitivity
analyses. We have revised the manuscript accordingly (see also our response to major
comment 1 and 2).

Between line 388 and line 395:

“A sensitivity analysis of predictor importance in the RF model indicates that the type
of vegetation is the most influential variable (Fig. S10 ), followed by elevation.
This statement is further confirmed by the Shapley values reported in Tables S2 and
S3. These findings align with previous studies showing that
vegetation strongly influences...... , and that elevation is a dominant control, at least in
pronounced topographies such as Erlenbach, due to the elevation-related lapse rate
control on air temperature (Stahli et al., 2021; Lian et al., 2025b). However, simulations
from the Random Soil scenario (Section 3.2) highlight the essential role of including
soil information among the RF predictors, particularly in areas characterized by high
soil spatial variability. Shapley values in Table S5 show that clay content is the most
important predictor (after vegetation type) for soil carbon prediction, suggesting that
clay content should be explicitly considered in generalized RF modelling frameworks.”

2. The conservation of mass is of critical importance in the field of hydrological and
biogeochemical modelling. | didn’t find any statement concerning mass conservation
in the literature on T&C-BG. The authors should indicate the basic principles underlying
the model.

Reply: Thank you for this comment - we agree that mass conservation is a fundamental
requirement in hydrological and biogeochemical modelling applications. Tethys—
Chloris (T&C) and its biogeochemical extension (T&C-BG) are process-based models
formulated using mass-balance principles. For each grid cell, the temporal evolution of
water, carbon, and nutrient pools is computed as the balance between incoming and
outgoing fluxes. Vertical and lateral water fluxes, plant carbon assimilation and
allocation, soil organic matter turnover, and biogeochemical transformations are all
represented explicitly through conservation equations. For the spatially distributed
version, lateral water and solute transport between grid cells is treated conservatively,
such that fluxes leaving one cell enter neighboring cells or the channel network. Details
for the mass balance can be found in cited early works on the model (e.g., Fatichi et
al., 2012). As such, mass conservation is always checked in model simulations - an
example is shown in Fig. R3, presenting the mass balance of water (left) and a carbon
pool (right) for a 9-year 2D simulation without applying any spin-up.
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Fig. R3. Examples of water and carbon mass balance from a 9-years 2D simulation (without spin-up).

3. The steady state criterion of ‘trends of [...] pools changed by less than 1%’ (Line 218)
makes no sense to me. Did you mean pools changed by less than 1% ? Steady state is
not reached when the trends are stabilised ( changes less than 1%) but when they are
negligible . Usually we compute the linear trend over the given period and use a
threshold of eg 1% per year to detect a steady state.

Reply: Thank you for this comment. This point is addressed in detail in our response
to the first major comment. Briefly, the steady-state criterion is based on the magnitude
of the long-term linear trend of each pool, evaluated over the 9-year period, rather than
on short-term dynamic changes.

4. The investigation of the number of pixels required for RF training (section 3.2) is not
very informative. It is not clear how pixels were selected nor what motivates this
analysis of the different scenarios. Approaches like k-means clustering are available in
order to guide the sampling.

Reply: We agree that the motivation and criteria for the choice of pixels for RF training
should be better clarified.

The objective of investigating different fractions of tracked pixels (10%, 20%, 40%,
60%, and 80%) is to evaluate how the performance of the RF-based extrapolation and
the resulting steady-state biogeochemical pools reproduce the benchmark results
across applications with different levels of complexity. This analysis therefore aims to
determine a minimum sufficient fraction of tracked pixels that provides an acceptable
approximation of the benchmark case (i.e., reproduces more than 90% of the
SOC/SON spatial variability), which is central to the goal of reducing computational
cost while maintaining accuracy.

The purpose of designing different scenarios was to test whether the required number
of tracked cells and predictors changed considerably under different levels of spatial
complexities. We clarified this point in the revised manuscript (line 195) which now
reads:

“In addition to the original simulation scenario (hereafter Original), a set of modified
simulation setups was designed to evaluate the generality of the proposed initialization
method, Deleted:and to assess its performance, and evaluate variations in the required
number of tracked cells and predictors under different Deleted: varying levels of
landscape complexity.”
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Regarding pixel selection, as clarified in the reply to major comment 4, pixels are
selected using a stratified random sampling approach based on vegetation classes.
We acknowledge that other sampling strategies, such as clustering-based approaches
(e.g., k-means), can be used to explicitly structure sampling in the predictor space. In
this study, given that predictor distributions are known and that the focus is on
robustness across different sampling fractions rather than on optimal sampling design,
we apply the transparent and reproducible stratified random approach.

5. The labelling and the design of the different catchment scenarios can be improved,
e.g. the random soil texture case is not only random but spans a much wider predictor
space.

Reply: Thank you for this comment. The Reviewer is correct. We have revised the
scenario labels and descriptions accordingly to better reflect the wider range of
predictor space compared to the reference case. Specifically, the full name of the
scenario is now “randomized and extended soil texture distribution”. However, for
conciseness throughout the text, we still refer to it as “Random Soil”.

Line 186: “Soil texture (Fig. 1c): the original soil texture map is replaced either with a
randomized and extended spatial distribution (Random Soil, gray points in Fig. 1c) or
with a uniform soil texture across the domain (Homog. Soil, red point in Fig. 1c). Note
that the Random Soil scenario introduces a much wider soil texture predictor space.”

Specific comments:

1. Line 7-8: provide quantification of the degree to which variability and pattern are
captured

Reply: Thank you for your suggestion. We revised the sentence which now
reads: “Applied to T&C-BG-2D, a fully coupled distributed ecohydrological-soil
biogeochemical model, the scheme reconstructs over 90% of the spatial variability in

soil carbon and nutrient patterns in terms of probability distribution

similarity...... .

2. Line 11: ‘easily applied’ this is too vague. Better would be to list which conditions
need to be met (e.g model characteristics) in order for the spinup approach to be
applicable.

Reply: We revised the sentence to replace the term “easily applied” with an explicit
mention of the fact that the proposed approach is intended for spatially distributed
ecohydrological-soil biogeochemical models. The sentence now reads:

“The framework developed here can be applied to other spatially
distributed models that explicitly account for lateral transfer fluxes

, enabling large-scale distributed ecohydrological-biogeochemical
model initializations under constrained computational budgets.”

In the discussion (lines 369-373), we also listed a few models that could potentially
employ our spin-up technique, such as RHESSys (Tague and Band, 2004) and Flux-
PIHM-BGC (Shi et al., 2018).

3. Line 52-54: there is at least one study which actually deployed RF for model spinup
in this context which could be added: Sun, Yan, et al. "Machine learning for accelerating
process-based computation of land biogeochemical cycles." Global Change Biology
29.11 (2023): 3221-3234.
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Reply: Thank you for pointing us to this relevant work, which is now cited in the revised
manuscript along with other relevant papers (line 26, lines 52-54).

4. Line 74: The H1 is trivial, not sure it is needed.

Reply: Thank you for this comment. We agree that, conceptually, H1 may appear
straightforward. However, while spatially explicit processes are generally expected to
influence soil carbon and nutrient patterns, to our knowledge no previous study has
explicitly examined this requirement in the context of model spin-up at the catchment
scale, where spatial variability arises not only from heterogeneous inputs but also from
topography-controlled microclimate and explicit lateral transport between grid cells.
Therefore, we believe it remains important to explicitly state and test this hypothesis in
the context of catchment-scale, spatially distributed ecohydrological-soil
biogeochemical model spinup.

To clarify the focus of this research, we revised hypothesis 1 as:

Line 73 “H1: Spatially explicit spin-up is required to capture spatial variability in soil
carbon and nutrient pools at the catchment scale, where
grid-cell hydrological connectivity and topography-driven heterogeneity in water and
energy states concurrently act to shape soil biogeochemical spatial patterns;”

5. Line 81: ‘this is the first study to address initialization in a fully distributed coupled
ecohydrological-soil biogeochemical model that mechanistically simulates coupled
water, vegetation, and soil biogeochemical dynamics’ that sentence does not make it
clear whether the model’s pixels are interdependent. Thus the claim is invalid ( see Sun
et al 2023).

Reply: Thank you for pointing this out. In this study, the term “fully distributed” refers
to a modelling framework in which grid cells are explicitly interdependent through lateral
transport, and where spatial heterogeneity emerges dynamically from topography-
controlled fluxes and microclimate variability. This goes beyond grid-based land
surface models that neglect lateral transfers. We revised this sentence to clarify the
novelty of this study line 81:

“To our knowledge, this is the first study to address initialization in a catchment-scale,
fully distributed coupled ecohydrological-soil biogeochemical model, which
mechanistically simulates coupled water, vegetation, and soil biogeochemical
dynamics and explicitly accounts for water and solute lateral transport as well as
topography-controlled variations in microclimatic conditions.”

6. Line 100: what about soil P and K: How do they affect / are affected by vegetation?
E.g. Does soil fertility control plant growth?

Reply: Thank you for this comment. In T&C-BG, vegetation growth is indeed influenced
by soil fertility, including nitrogen (N), phosphorus (P), and potassium (K). Changes in
plant nutrient content depend on the dynamics of carbon pools (e.g., leaves, living
sapwood, fine roots, carbohydrate reserves, flower and fruits, and heartwood). For
each plant carbon pool, a target stoichiometry is defined to describe the quantity of
nutrients required for a given amount of carbon, and this stoichiometry is flexible and
responds to nutrient availability. Nutrients can also be temporarily stored in plant
reserves. This flexibility is represented through a two-step scheme: nutrient reserves
can first buffer imbalances between uptake and demand without altering tissue
concentrations, and, if reserve limits are exceeded, nutrient concentrations in
nonstructural tissues adjust accordingly. Under nutrient limitation, insufficient nutrient
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availability may prevent the construction of plant tissues, thereby constraining plant
growth. More details of the plant nutrient dynamics can be found in Fatichi et al. (2019).

7. Line 131 continued: Soil texture variation was not accounted for as you state later (L
137/138). | would suggest revising this section to be frank about this from the start.

Reply: Thank you for your helpful suggestion. We moved the sentence in lines 137-
138 to line 131, to clearly state that the soil texture variation is not included in the soil—
vegetation combination plot-scale simulation. Now the paragraph reads:

“The scheme follows several steps, as shown in Fig. 2. First, a plot-scale simulation
using T&C model is run for each soil-vegetation combination to obtain climatologically
driven, nutrient-unstressed water and vegetation fluxes (dashed box in Fig. 2a). Ideally,
one should perform this step for each major vegetation and soil type combination. For
the application here, given the limited variability in soil texture across the catchment,
an averaged soil texture was considered. Then, we run the T&C-BG biogeochemistry

”

module...... .

8. Line 144: ‘may not fully equilibrate’ this is misleading. Given the slow turnover of soil
organic matter it’s certain they won’t fully equilibrated within 9 years.

Reply: Thank you for your suggestion. Indeed, it is highly unlikely the soil
biogeochemistry pool can reach a steady state in 9 years. We revised line 144 as:

“..., although we should note that soil carbon and nutrient pools respond slowly to
spatial gradients and are unlikely to fully equilibrate within a short
simulation period”

9. Line 145 continued: ‘In the 2D simulation in Fig. 2c, ideally, the entire available forcing
period should be used’ which is what you did as you wrote earlier. There is no need to
demonstrate that one can do worse than one did.

Reply: Thank you for raising this point. We agree and have revised the sentence by
removing the wording “ideally” to reflect the fact that the full available forcing period
should be used. Now it reads:

“In the 2D simulation in Fig. 2c, the entire available forcing period
should be used to capture representative vegetation dynamics and to track
biogeochemical fluxes as accurately as possible”

10. Lines 160: how were categorical variables treated in the RF? Isn’t clay content
besides sand accounted for?

Reply: Thank you for this comment. In all the scenarios excluding the randomized and
extended soil texture range scenario (random soil scenario), only sand content was
used as a predictor. This choice reflects the relatively homogeneous soil texture in the
Erlenbach catchment, where preliminary analyses indicated a limited explanatory
power of soil texture variability compared to topographic and hydrological predictors.
Consequently, clay content was not included in the initial RF configuration.

In contrast, for the random soil scenario, both sand and clay contents were included as
predictors. In this scenario, we found that excluding clay content led to a noticeable
decline of the RF performance, whereas including both sand and clay substantially
improved the prediction accuracy (Table 1, values in parentheses). This result
highlights the increased importance of soil texture information when it is more spatially
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heterogeneous. In the manuscript, we also highlighted the importance of including clay
content in RF in the discussion section, lines 388-395:

“A sensitivity analysis of predictor importance in the RF model indicates that the type
of vegetation is the most influential variable (Fig. S10 ), followed by elevation.
This statement is further confirmed by the Shapley values reported in Tables S2 and
S3. These findings align with previous studies showing that
vegetation strongly influences...... , and that elevation is a dominant control, at least in
pronounced topographies such as Erlenbach, due to the elevation-related lapse rate
control on air temperature (Stahli et al., 2021, Lian et al., 2025b). However, simulations
from the Random Soil scenario (Section 3.2) highlight the essential role of including
soil information among the RF predictors, particularly in areas characterized by high
soil spatial variability. Shapley values in Table S5 show that clay content is the most
important predictor (after vegetation type) for soil carbon prediction, suggesting that
clay content should be explicitly considered in generalized RF modelling frameworks.”

We have revised the Methods section (line 160) to explicitly mention that sand was
used in the original scenario and clay was added in the random soil scenario. Now the
paragraph reads:

“The covariates used as predictors include topographic features (elevation, slope,
drainage area, and profile curvature), soil properties ( sand
content; clay content is additionally included in the random soil texture scenario
described in the following section), and vegetation type (forest or grassland). ”

11. Lines 161: be more clear on the approach of selecting representative pixels. Did you
use a formalized approach like k-mean clustering?

Reply: Thank you for your constructive comment. The pixel selection strategy is
clarified in detail in our response to major comment 4 and minor comment 9, where we
elaborate on the stratified random sampling approach used for selecting representative
pixels.

12. Line 171: The sequence of removing predictors matters. There are formalized
approaches to account for this like recursive feature elimination and predictor
importance ranking. | would suggest using partial dependence plots or Shapley values
in order to investigate the relationship between pools and predictors. RF is prone to
overparameterization and assessment of these relationships can help to provide trust
into the black box RF.

Reply: Thank you for this constructive comment. In the original manuscript, our
sensitivity analysis consisted of removing one predictor at a time. The primary purpose
of this analysis was pragmatic: to evaluate which predictors provide essential
information for reproducing spatial variability, and which variables could potentially be
omitted when reliable spatial data are unavailable. Because predictors were removed
independently and not sequentially, the analysis does not rely on or assume any
specific order of predictor removal.

Following the Reviewer’s suggestion, we have extended this analysis by incorporating
Shapley values to quantify predictor contributions in a formal way. This additional
analysis increases the interpretability and transparency of the RF-based extrapolation.
This comment is closely related to major comment 2 and minor comment 6, where we
present the Shapley analysis and the corresponding manuscript revisions, and where
we also address the robustness of the RF through k-fold cross-validation. To avoid
repetition, we refer the reader to those responses for further details.
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13. Figure 2: is not very clear.fd (g and f) indicates RF was used but there is a
pathway from (d) to (f) so there is no RF involved. Do not use ‘model’ without specifying
which model is meant.

Reply: Thank you for these useful suggestions. We have revised Fig. 2 (same as Fig.
R4) to distinguish the pathway with and without RF and specify the term ‘model’ in
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Fig. R4 (same as Fig. 2 in the manuscript). Workflow of the model initialization procedure. (a) For
each soil-vegetation combination, perform T&C model to get averaged water and plant fluxes, which
are used in a 1D spin-up via the T&C-BG biogeochemistry module using long-term average
meteorological inputs. The resulting steady-state pools are then assigned to all cells with the same soil-
vegetation combination (b). (c) A 2D simulation (T&C-BG-2D) is run with these initial conditions, tracking
fluxes for a given percentage n of all grid cells. (d) For these cells, T&C-BG biogeochemistry module 1D
spin-up with dynamic meteorology and imposed lateral fluxes is run to achieve a dynamic steady state
in all tracked cells. (e) A random forest (RF) model is trained on results from different percentages of
the subset of these cells (n) using topographic, soil, and vegetation attributes as predictors to reconstruct
the initial conditions for the entire catchment domain (f), which are then used to initialize the final
simulations (g). For each simulation scenario, steps (e) to (g) are repeated for different percentages of
tracked cells n to investigate the optimal number of cells for the RF algorithm. (h) Additional plot-scale
simulations are performed for 10 representative cells (5 forest, 5 grassland) to obtain a reference steady
state using the fully coupled T&C-BG model (i.e., also considering dynamic vegetation fluxes), which is
compared to the initial states generated in step (a).

14. Line 200: specify the criteria for ‘satisfactory performance’ (e.g. % variance
explained)

Reply: We have now specified the meaning of satisfactory performance and revised
the sentence as follows:

“For the soil texture and topography scenarios, results for n equal to 60% and 80% are
omitted, as a satisfactory performance (i.e., more than 90% of SOC and SON spatial
variability captured) was already achieved with n = 40% of tracked cells .”
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15. Line 211: the decoupling approach of Krinner et al 2025 was developed for model
components which are coupled one-way, i.e. there is no feedback of the state of
component 2 (soil) on the state component 1 (vegetation). Is this the case in T&C-BG
which has nutrient cycles (and thus soil fertility affects vegetation processes which in
return affect soil fertility)?

Reply: Thank you for your comment. In T&C-BG the vegetation and soil components
are two-way coupled. Soil biogeochemical processes influence vegetation growth
through nutrient availability (as detailed in our previous reply to specific comment 6),
while vegetation dynamics affect soil carbon and nutrient pools through litter inputs,
root turnover, and plant exports to belowground compartments. As described in Section
2.4, the decoupled spin-up is intentionally an approximation to save computation time
to avoid simulating long-term coupled plant-soil dynamics. We evaluated this
approximation by comparing the resulting decoupled steady state with the fully coupled
steady state (Section 3.4), and showed that the resulting bias remains within an
acceptable range for typical applications (details in our reply to major comment 1).

16. Figure 4: It is not clear why time series (of coefficient of variances) are analyzed.
Does one expect large variations in SOC over the course of 9 years? Why not aggregate
over time?

Reply: Thank you for this comment. We emphasize that the coefficient of variation (CV)
analysed in Fig. 4 refers to the spatial coefficient of variation of SOC across the
catchment at each time step, rather than to temporal variations of SOC. The aim of this
analysis is to examine how spatial variability develops and stabilizes during the spin-
up process. In simulations without RF initialization, the spatial SOC distribution starts
from a homogeneous state (CV=0) and increases over time as spatial patterns
gradually emerge. In contrast, simulations initialized using the RF-based approach
exhibit a relatively stable spatial CV from the beginning, with only short-term
fluctuations reflecting climate-driven responses rather than a systematic temporal trend
(similar to the benchmark). The time series of the spatial CV is used as a diagnostic of
spatial pattern stabilization rather than of temporal SOC variability. To avoid
misinterpretations, we revised the caption of Fig. 4, to clarify this as follows:

“Figure 4. Temporal evolution of the coefficient of variation (CV) of spatial soil organic
carbon (SOC) distribution over a 9-year simulation period...... 7

17. Figure 4: The discussion of the underlying reason for the much higher CV of random
texture (but also much wider parameter space) compared to other experiments (and the
implications) is not very clear.

Reply: The Reviewer is correct that the wider parameter space leads to a higher
magnitude of CV in the random soil scenario in Fig.4. Specifically, this effect is largely
driven by the wider range of clay and silt contents across the study area, as carbon
associated with these fine particles contributes to a large proportion of SOC.

We expanded our discussion of the random soil scenario in the sentences
between lines 274-279, which now read:

“However, in the Random Soil scenario, where soil texture is highly heterogeneous,
adding supplementary predictors such as the percentage of clay significantly improves
the model’s ability to reproduce benchmark SOC spatial patterns (Table 1). This
highlights the importance of including sufficient soil information when simulating spatial
variability under heterogeneous soil conditions. Notably, the spatial CV is also higher
in this scenario relative to the others, reflecting higher spatial variability of SOC. This is
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due to the expanded soil texture parameter space, especially variations in silt and clay
contents, as these fine-particle-associated carbon contributes substantially to SOC
(Six, et al., 2002; Feng et al., 2013; Matus 2021) (see also Table S5). These findings
are consistent with previous studies showing that soil properties are among the most
influential predictors in digital soil mapping of SOC (e.g., Meersmans et al., 2008;
Zeraatpisheh et al., 2022; Martin-Lopez et al., 2023).”

18. Line 278: This is speculation. To provide evidence that your RF captures the
relationship between SOC and texture you should show their relationship using
interpretable machine learning techniques like partial dependence plots.

Reply: We agree that an improvement in RF performance alone does not fully
demonstrate that the learned relationship between SOC and soil texture is physically
meaningful. Motivated by the Reviewer's comment, we therefore complemented the
analysis with Shapley values for the random soil scenario, where clay content is
included as one of the predictors (see Table R3). This analysis confirms that soil texture
variables play a substantial role (the most important after vegetation type) in explaining
SOC spatial variability, supporting the interpretation of the RF results.

We revised the sentences between lines 274 and 279 (as shown above in the reply to
specific comment 17), and we extended the paragraph between lines 388 and 395 as
follows:

“A sensitivity analysis of predictor importance in the RF model indicates that the type
of vegetation is the most influential variable (Fig. S10 ), followed by elevation.
This statement is further confirmed by the Shapley values reported in Tables S2 and
S3. These findings align with previous studies showing that
vegetation strongly influences...... , and that elevation is a dominant control, at least in
pronounced topographies such as Erlenbach, due to the elevation-related lapse rate
control on air temperature (Stahli et al., 2021, Lian et al., 2025b). However, simulations
from the Random Soil scenario (Section 3.2) highlight the essential role of including
soil information among the RF predictors, particularly in areas characterized by high
soil spatial variability. Shapley values in Table S5 show that clay content is the most
important predictor (after vegetation type) for soil carbon prediction, suggesting that
clay content should be explicitly considered in generalized RF modelling frameworks.”

19. Line 300-320, Figure 5F: Is it relevant to analyse the bias in the 0% simulations? |
would assume it is common sense in the spatial modelling community (which is the
prime audience for this article). | would prefer to see more discussion about the effect
of the number of training data on the relationships in figure 5&6.

Reply: Thank you for this helpful comment. We agree that a systematic bias in the 0%
simulation may appear intuitive to the spatial modelling community. We thought that
the analysis of the no cell track case (n=0%) could be informative for clarifying the
physical origin of these biases in a fully distributed ecohydrological model.

In particular, the analysis of the 0% scenario in Fig. 5 is not intended to demonstrate
that the approach fails when no spatial information is used, but rather to diagnose how
biases emerge in the absence of spatially explicit spin-up. We show that SOC is
systematically underestimated in the n=0% simulation, and that this underestimation
decreases with increasing topographic wetness index (TWI). This behaviour reflects
the role of topography-controlled lateral water and carbon redistribution in shaping SOC
patterns. Examining the bias along a topographic gradient therefore provides
mechanistic insight that may be relevant for other distributed modelling studies.
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Moreover, a key characteristic of our spin-up framework is the explicit, topography-
driven connectivity between grid cells. As shown in Fig. 6 ¢ and d (same as Fig. R5
below), even the n=0% simulation reproduces the qualitative relationships between fast
fluxes and topography (e.g., soil respiration). In contrast, spatial patterns in
slow changing pools (such as SOC) cannot be captured without a spatially explicit
initialization (Fig. 6 a and b). This contrast highlights the different sensitivities of
different fluxes and pools to the spin-up strategy.

We fully agree that a more in-depth discussion on the choice of the number of training
data is relevant here. Following the Reviewer’s suggestion, we included results for the
10% and 40% RF-based initialization simulations in Fig. 6. These additional results
demonstrate that tracking a limited fraction of grid cells is sufficient to recover the
benchmark SOC and soil respiration variations with TWI, together with the increasingly
better performance for higher track numbers. We have revised the discussion as
follows to better elaborate on these points (line 312):

“However, the benchmark simulation shows a decreasing SOC trend with increasing
TWI for TWI < 11, reflecting a long-term steady-state pattern shaped by soil respiration
processes during spin-up. Simulations with n = 10% and n = 40% successfully capture
the SOC-TWI relationship, with results from n = 40% being closer to the benchmark
simulation. This relationship is consistent with previous findings that....... However,
under excessively wet conditions (such as, TWI > 11), this relationship reverses due to
oxygen limitation (Moyano et al., 2013; Ruiz et al., 2015). Fig. 6c¢,d further show that
while the n=0% case reproduces the correct qualitative relationship between
fast carbon fluxes (e.g., soil respiration) and TWI, correct flux magnitudes are only
captured when n = 10% of the cells are tracked, and the performance is further
improved for n = 40%. Because the SOC distribution...... Using only n=10% of the cells
for RF training already eliminates most of the systematic bias (Fig. 5b), while n= 20
(Fig. 5¢) and n= 40 (Fig. 5d) eliminates it almost entirely. The analysis here clearly
highlights that the bias between plot-scale initialization and spatially-informed ones is
strongly linked to grid-cell interactions via topography-controlled lateral transport.”
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Fig. R5 (same as Fig. 6 in the revised manuscript). Relationship between the topographic wetness
index (TWI) and (a, b) soil organic carbon (SOC) and (c, d) soil respiration in the Original simulation
scenario, shown separately for forest (left) and grassland (right). Red points and lines represent results
from n=0% simulations; blue squares and lines show results from n= 100% simulations. Filled circles
indicate the median values within TWI bins of width 1, with vertical bars showing the £25% range within
each bin. Dashed red lines and dotted green lines present results from n=10% and n=40%, respectively.

20. Section 3.4: The direction of the soil - vegetation coupling is expected to be strongly
site dependent. It is not very informative as it is likely very case specific.

Reply: Thank you for this comment. We agree that soil-vegetation coupling is strongly
site-dependent. The purpose of this section is therefore to illustrate, for the present
case study, how vegetation dynamics influence the initialization of soil biogeochemical
pools in a one-dimensional spin-up framework, and whether the bias from the
uncoupled simplification is acceptable. Importantly, site dependence is already
accounted for in our methodology. During the spin-up procedure (Fig. 2d), the soil
biogeochemical module is driven by vegetation dynamics obtained from step c in Fig.2.
These vegetation states and fluxes (e.g., litter inputs, nutrient constraints) reflect site-
specific controls such as climate, soil properties, and topography. In turn, soil
constraints on vegetation are consistent with the vegetation states derived in step c. As
a result, the vegetation inputs used to initialize the soil biogeochemistry differ across
scenarios and sites.

We note that, in our framework, we only consider the soil-vegetation coupling for 9
years, and use the average state and fluxes over this period to approximate the long-
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term steady-state conditions. We have expanded the discussion to acknowledge the
site-specific nature of this assumption, and the comparison between coupled and
uncoupled approaches. We have clarified this at line 405 (same as reply to major
comment 1):

“Conversely, in drier regions, soil texture could become a major constraint and separate
spin-ups for each soil type may be required instead of using an average soil texture.
Apart from soil texture, we did not include elevation-based clusters in step (a) of the
initialization procedure (Fig. 2), which is potentially necessary if the catchment
elevation range is high. Furthermore, soil-vegetation coupling is inherently site-
specific, and the decoupled spin-up here relies on a 9-year average of plant and soil
dynamics. While this assumption is reasonable for the Erlenbach site, it may introduce
biases in more extreme ecosystems (e.qg., nutrient limited environments, more variable
climate), where long-term average plant-soil biogeochemical dynamics cannot be
adequately captured within a 9-year period.”

21. Figure 7: what is the purpose of 3 x 9 year long simulations? One cannot expect that
27 years are sufficient to equilibrate a coupled soil - forest model. Can one rule out that
the steady-state is independent of the initial state? If not, it is speculated that if one
would continue the 3 x 9 year long simulation reaches the same state as the coupled-
spin-up (T&C BG).

Reply: Thank you for your comment. Indeed 27 years are not sufficient to fully
equilibrate a coupled soil-vegetation system. The purpose of the 3x9-year simulations
is to illustrate the convergence behavior of SOC under successive coupled simulations.
After enough simulation time the system will reach the coupled steady state. We have
clarified this intention in the revised text.

In line 327, now it reads:

“The next three columns show SOC values after 9, 18, and 27 years of simulation using
the full T&C-BG model (i.e., with coupled soil biogeochemical and vegetation
dynamics). These three columns are used to exemplify the gradual convergence of
SOC toward steady state conditions. The gray box in the middle shows the SOC state
obtained using the biogeochemistry-only spin-up with 9-year average vegetation fluxes
after 1000 years...... 7

22. Line 344: | cannot follow the logic here. A 10-20 % bias in average ‘steady-state’ SOC
stocks when using the mixed uncoupled - coupled spinup strategy can - depending on
the composition of SOC among pools - lead to C fluxes which are potentially larger than
the impact on C fluxes from changing environmental conditions. The authors should
demonstrate that such biases lead to C fluxes which are negligible compared to the
typical C cycle response investigated with this type of model.

Reply: Thank you for this important comment. We conducted an additional test
comparing the transient ecosystem carbon and water flux responses using initial
conditions from uncoupled and coupled steady states. The results show that the
resulting transient responses of key carbon and water fluxes are very similar between
the two initialization strategies (Fig. R2). Please refer to our detailed reply to major
comment 1.

23. Line 361: Where is the computation time reduction shown, how was it estimated (I
would assume it depends on the machine (e.g # or processors used, etc).

25



Reply: Thank you for this instructive comment. We have revised the paragraph and
reported the wall time of different components of the spin-up procedure in Table R1.
You can find our detailed reply to the major comment 1. The revised paragraph in lines
347-352 now reads:

“In summary, the domain used here contains 1859 cells in total. Tracking lateral fluxes
in all cells increases computational cost significantly (e.g., by approximately 50%
compared to a simulation without tracking any fluxes when n=20%), whereas tracking
only n = 10% of the cells has less than 10% impact on its overall spin up procedure
(Table S6) . In Erlenbach, SOC requires over 300 years of
simulation to reach steady state (Fig. S9 ) even without coupled vegetation-
soil biogeochemical dynamics. The proposed initialization framework reduces this
demand by collapsing the full 300-year 2D spin-up into two 9-year simulations
(corresponding to Figs. 2b and 2f), combined with a 1D plot-scale spin-up. Ideally, the
hybrid spin-up procedure requires two 9-year 2D simulations instead of 300 years, (i.e.,
18 years in total, corresponding to approximately 6% of the original simulation length).
Wall-clock times of different components of the spin-up procedure are reported in Table
S6. While these times are expected to change based on the specific computational
platform used, for the case here the hybrid spin-up procedure resulted

in a computational saving of approximately 90% using the recommended
n=40% configuration.”

References

Even, R. J., Machmuller, M. B., Lavallee, J. M., Zelikova, T. J., & Cotrufo, M. F. (2025). Large
errors in soil carbon measurements attributed to inconsistent sample processing. Soil, 11(1),
17-34.

Fatichi, S., lvanov, V. Y., & Caporali, E. (2012). A mechanistic ecohydrological model to
investigate complex interactions in cold and warm water-controlled environments: 1.
Theoretical framework and plot-scale analysis. Journal of Advances in Modeling Earth
Systems, 4(2).

Fatichi, S., Manzoni, S., Or, D., & Paschalis, A. (2019). A mechanistic model of microbially
mediated soil biogeochemical processes: A reality check. Global Biogeochemical Cycles,
33(6), 620-648.

Feng, W., Plante, A. F., & Six, J. (2013). Improving estimates of maximal organic carbon
stabilization by fine soil particles. Biogeochemistry, 112(1), 81-93.

Fowler, A. F., Basso, B., Millar, N., & Brinton, W. F. (2023). A simple soil mass correction for
a more accurate determination of soil carbon stock changes. Scientific Reports, 13(1), 2242.

Lian, T., Fatichi, S., Stahli, M., & Bonetti, S. (2025). Assessing spatial patterns of carbon and
nutrient dynamics in catchments of complex topography. Water Resources Research, 61(10),
€2025WR040260.

Matus, F. J. (2021). Fine silt and clay content is the main factor defining maximal C and N
accumulations in soils: a meta-analysis. Scientific Reports, 11(1), 6438.

Pawusch, L., Scheurer, S., Nowak, W., & Maxwell, R. (2025). HydroStartML: A combined

machine learning and physics-based approach to reduce hydrological model spin-up time.
arXiv preprint arXiv:2504.17420.

26



Shi, Y., Eissenstat, D. M., He, Y., & Davis, K. J. (2018). Using a spatially-distributed hydrologic
biogeochemistry model with a nitrogen transport module to study the spatial variation of carbon
processes in a Critical Zone Observatory. Ecological Modelling, 380, 8-21.

Six, J., Conant, R. T., Paul, E. A., & Paustian, K. (2002). Stabilization mechanisms of soil
organic matter: implications for C-saturation of soils. Plant and soil, 241(2), 155-176.

Stone, M. (1974). Cross-validatory choice and assessment of statistical predictions. Journal of
the royal statistical society: Series B (Methodological), 36(2), 111-133.

Sun, Y., Goll, D. S., Chang, J., Ciais, P., Guenet, B., Helfenstein, J., ... & Zhang, H. (2020).
Global evaluation of nutrient enabled version land surface model ORCHIDEE-CNP v1. 2
(r5986). Geoscientific Model Development Discussions, 2020, 1-65.

Sun, Y., Goll, D. S., Huang, Y., Ciais, P., Wang, Y. P., Bastrikov, V., & Wang, Y. (2023).
Machine learning for accelerating process-based computation of land biogeochemical cycles.
Global Change Biology, 29(11), 3221-3234.

Tague, C. L., & Band, L. E. (2004). RHESSys: Regional Hydro-Ecologic Simulation System—
An object-oriented approach to spatially distributed modeling of carbon, water, and nutrient
cycling. Earth interactions, 8(19), 1-42.

Zhou, W., Guan, K., Peng, B., Margenot, A., Lee, D., Tang, J., ... & Wang, S. (2023). How does
uncertainty of soil organic carbon stock affect the calculation of carbon budgets and soil carbon
credits for croplands in the US Midwest?. Geoderma, 429, 116254.

27



