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Abstract. Accurately representing permafrost thaw processes in Earth System Models (ESMs) is critical for predicting 

future climate-carbon feedbacks. While gradual top-down thaw schemes are standard in most of the CMIP6 models, large-

scale land surface models increasingly incorporate excess ground ice physics to capture abrupt thaw and subsequent land 

subsidence. These parameterizations, however, are typically developed and evaluated within single-model frameworks 

making it difficult to understand how underlying model structure influences the model performance. This study integrates an 20 

identical excess-ice ground ice physics into the Common Land Model (CoLM, version 2014) and evaluates it against the 

Community Land Model (CLM, version 5.1). Using paired historical sensitivity experiments (1901−2014) with and without 

excess ice across the pan-Arctic, we investigate the effects of excess ice on physical and biogeochemical properties. In this 

study, we evaluate three configurations: CLM, standard CoLM, and CoLM coupled with a dynamic global vegetation model 

(CoLM-DV). Our results show that while all configurations capture key physical processes of excess ice such as subsurface 25 

latent heat buffering and progressive ice loss under warming, the magnitude and spatial distribution of these responses 

diverge substantially. The CoLM simulates a much higher sensitivity to warming than CLM, undergoing widespread excess 

ice loss than the CLM. Biogeochemical responses diverge even more i.e. excess ice melt suppresses regional GPP in CLM 

(by −40 to −70 TgC yr−1) and standard CoLM (by −5 to −20 TgC yr−1) due to warming anomalies maintained by latent heat 

absorption. On the other hand, CoLM-DV simulates a positive GPP response (+15 to +25 TgC yr−1) driven by localized 30 

warming and wettening that stimulates shrub and grass expansion over bare soil. This inter-model divergence demonstrates 

that identical physical parameterizations create significantly different climate-carbon feedback trajectories depending on 
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host-model structure and vegetation feedbacks. This work highlights cross-model benchmarking as a vital tool for robust 

parameterization development across the permafrost modeling community. 

1 Introduction 35 

Permafrost is a critical component of Earth’s climate system, covering approximately 15−24% of the Northern Hemisphere's 

land surface (Obu et al., 2019; Ran et al., 2022). In particular, permafrost soils are estimated to store 1,300−1,700 Pg of 

carbon (Schuur et al., 2015; Hugelius et al., 2014). Under the current projections of global scale warming, widespread 

permafrost degradation is expected, with the potential to release large amounts of greenhouse gases and potentially 

amplifying climate warming through a positive feedback loop (Koven et al., 2011; Schuur et al., 2022). Consequently, 40 

accurately representing permafrost processes in Earth System Models (ESMs) is essential for understanding future climate 

change and carbon-climate feedbacks. 

Despite considerable progress over the past couple of decades to better represent permafrost thaw processes, there still 

remains a critical gap in ESMs to represent abrupt thaw processes (Burke et al., 2020). Abrupt thaw, driven primarily by 

melting excess ground ice and subsequent land surface subsidence, results in physical and biogeochemical changes that 45 

gradual thaw schemes cannot capture. Land surface subsidence in the lowlands can lead to waterlogged environments 

forming thermokarst lakes, degrading ice-wedge polygons, and collapsing peat plateaus (Jorgenson et al., 2006; Liljedahl et 

al., 2016; Turetsky et al., 2020). This subsidence-driven inundation alters local hydrology by raising the water table and 

extending the duration and spatial extent of saturated soil conditions (Grosse et al., 2011; Olefeldt et al., 2016). However, 

these changes to hydrology can go both ways depending on topographic and subsurface characteristics; while ice melt 50 

frequently induces localized waterlogging in poorly drained lowlands, it can also breach structural barriers and open up new 

vertical or lateral drainage pathways, leading to a general drying of the local environment. The shift in hydrological 

environments affect balance between aerobic and anaerobic decomposition pathways: well-drained, aerobic conditions may 

result in emissions dominated by CO2 production, whereas waterlogged, anaerotic conditions may result in emissions 

dominated by CH4 with 30 times greater global warming potential (Turetsky et al., 2020; Schuur et al., 2022). Therefore, the 55 

absence of abrupt thaw processes in ESMs may lead to a systematic underestimation in projecting permafrost-carbon climate 

feedbacks.  

Recent efforts to address this gap have incorporated excess ground ice physics into large-scale models. The presence of 

excess ice exerts a strong control on the rate and characteristics of permafrost thaw, in part because of the substantial latent 

heat required to melt it (Lee et al., 2014). Additionally, excess ice melt triggers abrupt, nonlinear thawing processes such as 60 

abrupt thawing and ground subsidence (Jorgenson et al., 2006; Liljedahl et al., 2016; Turetsky et al., 2020). These processes 

are fundamentally distinct from the gradual top-down thaw that current ESMs simulate, and lack of such process likely leads 

to a systematic underestimation of permafrost carbon feedbacks (Schädel et al., 2024; Webb et al., 2025). Since the first 

global-scale representation of excess ice in the Community Land Model (CLM4.5, Lee et al. 2014), incorporating excess 
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ground ice into large-scale land surface models has been an area of active development over the past decade. 65 

Notwithstanding this progress, most of these developments have been evaluated in offline or single-model configurations, 

leaving the question of how excess ice influences permafrost simulations across different ESMs largely unaddressed. 

The importance and benefit of cross-model comparison and coordinated model development has been emphasized by several 

synthesis efforts. Targeted investment in ESM co-development such as sharing process parameterizations, evaluation 

frameworks, and code developments across modeling groups will be essential to accelerate the incorporation of key 70 

permafrost processes (Schädel et al., 2024). Such collaborative approaches can help identify how the same physical process 

responds differently depending on the broader model architecture, soil column depth, timestep, and coupling configuration in 

which it is embedded, thereby offering insights that are transferable across the modeling community. This type of co-

development is particularly valuable given that different ESMs share land components or common physical structure. 

This study aims to incorporate excess ground ice into the Common Land Model (hereafter CoLM) by integrating the excess-75 

ice physics scheme based on Lee et al. (2014). By conducting paired sensitivity experiments with and without excess ice, we 

quantify and compare the physical responses of pan-Arctic permafrost affected land surface to excess ice across two 

structurally distinct land surface models. Specifically, our experimental design evaluates three model configurations i.e. 

CLM, standard CoLM, and CoLM coupled with a dynamic global vegetation model (hereafter CoLM-DV). This allows us to 

isolate how differences in host model architecture and vegetation representation modulate the impacts of excess ice melt. 80 

Through this multi-model setup, we track the downstream consequences of sub-surface ice degradation on active layer 

dynamics, soil thermal and hydrological regimes, and regional gross primary production (GPP). This comparison 

demonstrates how choices in model structure and parameterization shape the simulated response to excess ground ice. In 

doing so, we expect to provide diagnostic insights for further co-development across the modeling community. 

2 Model description and simulation setup 85 

2.1 Community Land Model (CLM) 

The CLM serves as the land component of several earth system models, including NorESM (Seland et al., 2020) and CESM 

(Danabasoglu et al., 2020). In this study, we use version 5.1, which is an updated version of CLM5 described by Lawrence et 

al. (2019). It includes up to 20 hydrologically active soil layers on top of 5 bedrock layers going down to a total depth of 

about 50 m. The depth to bedrock is spatially varying, between 0.4 (5 layers) and 8.5 m (20 layers). The model includes up 90 

to 12 snow layers, with explicit representation of many snow related processes like fractional snow cover (Swenson and 

Lawrence, 2012), wind and temperature dependent fresh snow density and compaction of snow due to destructive 

metamorphism, overburden pressure and snow drift (van Kamenhout et al., 2017). The model is run with fixed vegetation 

distribution represented by default 17 natural plant functional types including bare ground, and includes representation of 

snow and rain interception by canopy. Heat and moisture transport is fully coupled in the hydrologically active layers, where 95 

thermal and hydrological properties are influenced by liquid and frozen water. Excess ground ice is represented in 
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permafrost regions as described by Lee et al. (2014) allowing ground subsidence, changing soil structure and release of soil 

water as the excess ground ice melts. Other aspects of the model are described in Lawrence et al. (2019) and the 

continuously updated online documentation (CLM tech node: https://escomp.github.io/CTSM/).    

2.2 Common Land Model (CoLM) 100 

The Common Land Model (CoLM; Dai et al., 2003) is the land component of CAS-ESM2.0, which originated from the 

synthesis of three earlier land surface schemes: BATS (Dickinson et al., 1993), IAP94 (Dai and Zeng, 1997), and the NCAR 

LSM (Bonan, 1996; 1998). The initial version of CoLM served as the land component of BNU-ESM (Ji et al., 2014). Since 

its inception, CoLM has undergone substantial restructuring, and the current version differs fundamentally from its initial 

release. In this study, we use version CoLM2014. 105 

Several developments are particularly relevant to cold-region processes addressed in this study. The vertical discretization 

employs 15 soil layers extending to a depth of 42.1 m, with up to five snow layers. This deep soil column, combined with 

thermal insulation by soil organic matter, is essential for realistically simulating permafrost extent and active layer thickness 

at northern high latitudes (Lawrence and Slater, 2008). A frozen soil parameterization based on the supercooled soil water 

concept (Niu and Yang, 2006) allows liquid water to coexist with ice across a wide subzero temperature range via the 110 

freezing-point depression equation; vertical water fluxes account for fractional permeable area within each model layer, with 

total soil moisture used to compute matric potential and hydraulic conductivity. Frost and thaw front dynamics are explicitly 

represented through a dedicated front-tracking scheme (Gao et al., 2016; 2019). A multilayer soil organic carbon scheme 

captures cryoturbation and bioturbation effects, enabling surface-derived carbon to be mixed into deeper, colder soil 

horizons (Koven et al., 2009). Additional developments include an improved two-stream canopy radiation transfer model 115 

with separate treatment of sunlit and shaded leaf fractions, a photosynthesis-stomatal conductance scheme resolving CO2 and 

water vapor exchange for sunlit and shaded leaves (Dai et al., 2004), and a carbon-nitrogen interaction scheme based on LPJ-

DyN (Xu and Prentice, 2008). CoLM is coupled with the IAP-DGVM dynamic global vegetation model (Zhu et al., 2018), 

which classifies natural vegetation into 12 plant functional types and includes a shrub submodel (Zeng et al., 2008; Zeng, 

2010), a process-based fire parameterization (Li et al., 2012), and an establishment scheme enabling realistic reproduction of 120 

major terrestrial ecosystem distributions (Song et al., 2016). 

2.3 Simulation set up  

Simulations with CLM has been performed following the setup in (Lawrence et al., 2019) with BGC and GSWPv3 

atmospheric forcing. Model was initialized from a spun-up state with the two key differences. First, the simulation was 

performed in the resolution on a 1.9° latitude by 2.5° longitude grid. Second, starting from equilibrium 1850 conditions, we 125 

perform an additional 300 year spinup (same procedure as “normal mode” spinup in Lawrence et al., 2019) for both EXICE 

and DEFAULT simulations until the EXICE simulation reaches a new equilibrium state. At the start of the additional spinup 

in EXICE simulation we add excess ground ice concentration bilinearly interpolated from Brown et al. (1997). If 
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interpolated concentration is greater than zero for a given gridcell, it is applied to every soil layer deeper than previous year’s 

maximum active layer depth and up to the shallowest bedrock layer if soil temperature for that layer is lower than freezing 130 

temperature of water. We consider EXICE simulation to reach a thermal equilibrium state when global maximum difference 

between two consecutive 20 year rolling mean excess ice volume less than 1% and same global maximum difference for soil 

temperature at 3 m depth is less than 0.1°C. After this additional spinup we continue simulation as historical with transient 

1850−2014 forcing.  

The CoLM conducted similar simulations as the CLM. Two sets of CoLM simulations were conducted to assess the 135 

influence of dynamic vegetation and excess ground ice. The first set enabled the dynamic vegetation module (CoLM-DV), 

whereas the second set used prescribed vegetation without dynamic vegetation processes (CoLM). Within each set, paired 

experiments were performed with and without excess ground ice, resulting in a total of four simulations. 

For model spin-up, the excess-ground-ice experiments were first driven by a repeated cycle of the 1901–1920 GSWPv3 

meteorological forcing for 100 years to allow the land surface and permafrost states to reach equilibrium. Following the 140 

spin-up, all simulations were integrated using transient GSWPv3 forcing from 1901 to 2014. 

3 Results and discussion 

3.1 Physical properties 

Over the simulation period, all three model configurations (CLM, CoLM, and CoLM-DV) exhibit 1.7−2.1 × 106 km2 

decline in pan-Arctic permafrost area, ranging from approximately 29−30 × 106 km2 in the early twentieth century to around 145 

27−28 × 106 km2 by 2014. Among the three configurations, CoLM simulates the smallest area, declining from roughly 28 × 

106 km2 to below 25 × 106 km2 (Figure 1). The representation of present day permafrost area is within acceptable range 

compared to other LSMs used in CMIP6 simulations (Steinert et al., 2024) and observations (Obu et al., 2019, Brown et al., 

1997). There is an overall 0.01−0.08 m deepening of the active layer thickness (ALT) for CLM. This is consistent with the 

long-term warming trend in the historical forcing. But CoLM shows no significant increase in ALT. The difference in ALT 150 

is more pronounced when Exice is turned on because the two host models differ structurally in soil layer discretization and 

thermal conductivity, which control how much the latent heat of excess ice melt buffers subsurface warming. This difference 

is dampened once excess ice and its buffering effect is removed. 
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Figure 1. Annual evolution of the permafrost area (a, c) and spatially averaged active layer thickness (ALT; b, d) across the pan-155 
Arctic region from 1920 to 2014 for three configurations . Panels (a) and (b) show the results from the 'Excess Ice On' simulation, 

while panels (c) and (d) show the 'Excess Ice Off' simulation.  

By 2014, all three model configurations show deepening of the active layer across the domain, with the southern boundaries 

undergoing the most change (Figure 2). Both CoLM and CoLM-DV show particularly strong deepening in northeastern 

Siberia and Alaska, with active layer values in these regions increasing by 0.5−1.0 m or more over the simulation period, 160 

while CLM shows a more heterogeneous change, but still a larger area in the continuous permafrost zone with shallower 

ALT.  
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Figure 2. Annual mean active layer thickness (ALT) in the pan-Arctic region (≥ 50°N) at the beginning (1920) and end (2014) of 

the 'Excess Ice Off' simulation. 165 

In the model, excess ice is initialized as a fixed proportion of the soil thickness and operates as a melt-only tracer (Lee et al., 

2014). This creates some discrepancies between its absolute and relative volume changes. Regardless of the metric used, 

excess ice melts the least in CLM and the most in CoLM, with the latter showing a sharp decline in the last 20 years of the 

simulation period (Figure 3). Excess ice loss in CoLM-DV falls directly between CLM and CoLM, which is likely due to the 

insulating feedback of expanding surface vegetation during the late-century warming phase. Despite sharing an identical 170 

initialization based on the Brown et al. (1997) dataset, the three model configurations simulate drastically different pan-

Arctic excess ground ice between 1920 and 2014 (Figure 4). While CLM holds a nearly unchanged spatial distribution of 

excess ice, CoLM undergoes widespread excess ice melting up to 50 kg m−2 across northeastern Siberia, Alaska, and 

northwest Canada. Ultimately, these differences expose a significant structural gap: although the underlying excess ice 

physics scheme is identical, host-model choices regarding vertical layer discretization, thermal conductivity, and static 175 

versus dynamic vegetation parameters fundamentally dictate the thermal threshold and sensitivity of the permafrost state. 
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Figure 3. Temporal evolution of column-integrated excess ice within the upper 1.04 m from 1920 to 2014. (a) Absolute change in 

excess ice volume (m3) for CLM (yellow), CoLM (navy), and CoLM-DV (light blue). (b) Relative change in excess ice (%) 

compared to the initial state in 1901. 180 
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Figure 4. Simulated spatiotemporal changes in column-integrated excess ice within the top 1.04 m. The first two columns display 

the spatial maps for 1920 and 2014, while panels (c, f, i) show the absolute change from 1920 to 2014.  

The presence of excess ground ice exerts a pronounced warming effect on soil temperatures due to the substantial latent heat 

required for ice melting, which effectively buffers subsurface temperatures during the thaw (Figure 5a, c). The CLM exhibits 185 

a much stronger regional soil temperature response to excess ice, with differences remaining close to 0.1 K at both depths, 
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indicating that excess ice has a more distinct thermal influence within its soil column compared to CoLM. The spatial 

patterns of this subsurface thermal signal confirm these model contrasts (Figure 6). The CLM shows widespread and locally 

intense warming anomalies, whereas CoLM and CoLM-DV show weaker and more scattered thermal shifts. This large inter-

model divergence exposes a key structural gap: identical physical ice schemes will yield entirely different thermal 190 

protections depending on the host model's soil column depth, vertical layer discretization, thermal conductivity 

parameterization, and the vertical placement of excess ice within the soil profile.  

 

Figure 5. Temporal evolution of the simulated differences ('Excess Ice On' minus 'Off') in soil temperature (K) and soil liquid 

water (m3/m3) from 1920 to 2014. The values represent the spatial mean across all grid cells containing excess ice, shown 195 
specifically for the 0.21 m and 1.04 m soil depths. 

https://doi.org/10.5194/egusphere-2026-4332
Preprint. Discussion started: 7 October 2026
c© Author(s) 2026. CC BY 4.0 License.



11 

 

 

Figure 6. Spatial distribution of the simulated mean soil temperature differences ('Excess Ice On' minus 'Off') from 1920 to 2014. 

The soil liquid water response to excess ice appears more complex and depth dependent (Figure 7). In all three 

configurations the dominant pattern is that the upper soil layers (here showing 0.21 m) show mostly a wettening trend when 200 

excess ice is turned on, while the somewhat deeper soil (here showing 1.04 m) is mainly dryer in the excess ice runs. In both 

cases the absolute numbers are small, but reveals an interesting vertical dynamics. The increased soil liquid water near the 

surface in excess ice runs likely comes from a combination of water coming from the melting excess ice and a reduced 

infiltration to deeper soil layers when excess ice is present. The reduced infiltration when there is more ground ice can also 

explain why the lower layers (and the upper layers in some of the coldest regions in CLM) show reduced soil liquid water. 205 

However, it is worth noting that the annual mean soil liquid numbers presented here will also be affected by the timing of the 

spring thaw in the different layers, and the change in total soil water could therefore deviate somewhat from this.   
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Figure 7. Spatial distribution of the simulated mean soil liquid water differences ('Excess Ice On' minus 'Off') from 1920 to 2014. 

3.2 Biogeochemical properties 210 

We first evaluated the baseline performance of the three model configurations without excess ice against observational 

products (Figure 8). The climatological mean seasonal cycle of pan-Arctic GPP over 2001−2014 shows that CLM 

substantially overestimates summertime productivity relative to both the GOSIF and FluxSat datasets. CoLM performs 

within the range of observational products, while CoLM-DV simulates a substantially lower peak of around 35 PgC yr−1. 

Spatially, CLM produces high GPP values across much of the boreal and sub-Arctic domain, while CoLM shows a spatially 215 

smoother and more moderate GPP field that compares more favorably in spatial pattern to GOSIF and FluxSat (Figure 9). 

The CoLM-DV, on the other hand, shows systematically lower GPP across the pan-Arctic domain, suggesting that the 

dynamic vegetation configuration may be suppressing plant cover and productivity in these regions relative to reality. 
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Figure 8. Climatological mean seasonal cycle of Gross Primary Production (GPP) averaged over the pan-Arctic region (≥ 50°N) for 220 
the period 2001–2014.  
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Figure 9. Spatial distribution of the climatological mean summer (JJA) Gross Primary Production (GPP) for the period 2001–2014.  

The effect of excess ice on GPP differs in sign and magnitude across the three models (Figure 10). In CLM, excess ice leads 

to a persistent and large negative GPP anomaly throughout the simulation. There are annual mean differences around −40 to 225 

−70 TgC yr−1 across ice-rich grid cells (Figure 10d). This strong suppression of productivity in CLM is consistent with the 

soil warming effect imposed by excess ice melt, where the large latent heat consumption associated with ice thaw keeps soil 

temperatures lower in the 'Excess Ice On' simulation, potentially limiting photosynthesis.  In CoLM, excess ice also produces 

a negative GPP anomaly, but of considerably smaller magnitude, with annual differences generally between −5 and −20 TgC 

yr−1. The CoLM-DV, on the other hand, shows a positive GPP response to excess ice, with annual differences of 230 

approximately +15 to +25 TgC yr−1 (Figure 10d). This response reflects the role of the dynamic vegetation module in CoLM. 

The thaw of excess ground ice generates warmer and wetter environmental conditions in surface level (Figure 5), which 

favor plant growth and lead to increased shrub and grass cover (Figure 11). The resulting vegetation expansion enhances 

photosynthetic activity and consequently increases GPP.  Spatially, CLM shows widespread negative GPP differences across 
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much of the boreal and sub-Arctic permafrost region (Figure 10a), while CoLM shows predominantly negative but spatially 235 

limited anomalies concentrated in northern Siberia and Alaska (Figure 10b). Additionally, CoLM-DV shows a more 

geographically widespread pattern of positive GPP differences particularly across the Canadian Arctic and northern Eurasia 

(Figure 10c) due to increased shrub and grass fraction over bare soil (Figure 11). Together, these vegetation shifts suggest 

that the dynamic coupling between excess ice, soil temperature and moisture, and plant community composition introduces 

an important addition in the biogeochemical response to permafrost thaw that static vegetation models cannot capture. 240 

 

Figure 10. Simulated GPP differences induced by excess ice ('On' minus 'Off') over the 1920–2014 period. (a–c) Spatial 

distribution of the mean GPP differences in the boreal region. (d) Interannual evolution of the regionally averaged GPP 

differences across all grid cells containing excess ice for CLM, CoLM, and CoLM-DV. (e) Mean seasonal cycle of these GPP 

differences over the same ice-rich grid cells.  245 
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Figure 11. Long-term trends (from 1920 to 2014) in the fractional cover differences ('Excess Ice On' minus 'Off') for four major 

land cover types (tree, shrub, grass, and bare soil) simulated by CoLM-DV.  

4 Conclusions 

In this study, we incorporated excess ground ice physics into CoLM and conducted paired sensitivity experiments to 250 

compare the simulated response of pan-Arctic permafrost to excess ice across two structurally distinct land surface models 

(CLM, CoLM, and CoLM-DGVM) over the historical period. Our results demonstrate that both models capture the expected 

physical signatures of excess ice, including latent heat buffering of soil temperatures and progressive ice volume loss under 

historical warming, but differ substantially in the magnitude and spatial extent of these responses. The CoLM simulates a 

considerably stronger thermal and excess ice melt response than CLM, likely reflecting differences in soil column 255 

configuration, thermal parameterization, snow scheme, and the vertical placement of excess ice. The biogeochemical 
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responses diverge even more as a result. Excess ice suppresses GPP in both CLM and CoLM, while CoLM-DV shows the 

opposite response as dynamic vegetation expands shrub cover in response to the altered soil conditions, highlighting how the 

representation of vegetation dynamics can alter the direction of the carbon cycle response to permafrost thaw. 

These contrasting responses underscore a central challenge in permafrost modeling that motivated this study, i.e. what 260 

happens to the same physical process, when embedded in different model architectures? We consider this not a failure of 

either model, but rather an inevitable consequence of the different structure present in different models. These include soil 

discretization, hydrological schemes, and vegetation representation. For this reason, cross-model comparison could be a 

valuable and necessary part of model development. When implementing a new process parameterization such as excess 

ground ice, benchmarking against both observational products and an established model that has already incorporated the 265 

same scheme provides an interesting avenue for quality control. It allows us to distinguish responses that are physically 

robust and transferable across models from those that are artifacts of a particular model structure. This further identifies 

process understanding or necessity for parameterization refinement. 

This work is part of a broader collaborative effort between the NorESM-CTSM and CAS-ESM modeling groups, and 

reflects the kind of targeted co-development that has been called for by the permafrost modeling community to accelerate 270 

progress on representing abrupt thaw processes in ESMs (Schädel et al., 2024). As emphasized in the introduction, the 

absence of excess ice and abrupt thaw from most ESMs likely leads to a systematic underestimation of permafrost-carbon 

feedbacks under future warming. While we did not directly quantify feedbacks, our study demonstrates that incorporating 

excess ground ice produces physically meaningful and biogeochemically significant responses in both models. In addition, 

the two models respond in ways that are broadly consistent in direction even where they vary in magnitude. This consistency 275 

provides confidence that the excess ice scheme is functioning as intended in the newly implemented CoLM framework, and 

that the cross-model differences reflect genuine structural sensitivities rather than implementation errors. Therefore, future 

work should extend this comparison to fully coupled ESM simulations and future climate scenarios, where the accelerating 

pace of Arctic warming is expected to make the role of excess ice and abrupt thaw increasingly consequential for the global 

carbon budget. 280 

Code and data availability 

The code repository (https://doi.org/10.5281/zenodo.23077934, Guo, 2025) contains the Jupyter notebooks necessary to 

reproduce all figures in this study. The CoLM and CoLM-DV simulation output data used in this study are available at: 

https://doi.org/10.5281/zenodo.20809122 (Zhu and Guo, 2026). CLM source code for performed simulations is accessible 

from Zenodo at https://doi.org/10.5281/zenodo.21098981 (Debolskiy, 2026a) and the simulations output as well as setup to 285 

reproduce the simulations are available at https://doi.org/10.5281/zenodo.21026350 (Debolskiy, 2026b). The records and 

files are publicly accessible.  
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