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Abstract. Boreal forests constitute a major component of the global terrestrial carbon sink, yet how climate-driven permafrost

degradation alters their ecosystem carbon dynamics remains poorly constrained. Despite their importance, the persistence of

this carbon sink remains highly uncertain, partly due to limitations in Earth system model projections of future carbon dynamics

in permafrost-affected regions. Here, we improve the soil module of the LPJ-GUESS model by implementing a deep soil profile

(3 m) with refined vertical discretization (30 layers) and explicit ice-impedance effects. The enhanced model (LPJ-GUESS-5

Cryo) is then used to simulate carbon and hydrothermal dynamics in the climate-sensitive boreal forests of Northeast China.

Model evaluation shows that LPJ-GUESS-Cryo substantially improves the simulation of soil hydrothermal dynamics relative to

the default configuration. The correlation coefficient for deep soil temperature (1.0 m) increases from 0.818 to 0.894, while the

systematic overestimation of soil water content is effectively corrected, with the bias at 1.0 m reduced from 0.321 to −0.006.

These process-level improvements lead to a more realistic simulation of vegetation composition. The dominance of needleleaf10

forests is corrected from near-complete saturation to 24.1 %, consistent with observed vegetation patterns. Consequently, biases

in carbon estimates are reduced, with simulated net primary productivity decreasing from 583.5 to 560.1 g C m−2 yr−1 and

aboveground biomass from 112.9 to 99.0 t ha−1, resulting in better agreement with estimates from satellite-based observations.

Model sensitivity analysis indicates that vegetation composition is highly sensitive to changes in soil hydrothermal conditions

relative to the control simulation. Pronounced shifts in vegetation composition occur when soil temperature increases exceed15

0.6 ◦C and soil water deficits exceed 0.6 m3 m−3 compared to the default model configuration. Overall, this study highlights

that accurately representing permafrost processes in dynamic global vegetation models is critical for reducing uncertainties in

high-latitude climate-carbon feedbacks.
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1 Introduction

Boreal forest ecosystems are a vital component of the global carbon cycle and store one-third of the world’s forest carbon stocks20

(Pan et al., 2024). Approximately 80% of boreal forests are in permafrost zones, with most situated within the discontinuous

permafrost zone (Helbig et al., 2016). Due to Arctic amplification, boreal forest ecosystems are warming at rates three to four

times stronger than the global average (Rantanen et al., 2022). Permafrost degradation could expose substantial carbon stored

in permafrost soils to microbial decomposition and at the same time induce changes in soil hydrothermal conditions, which also

affect the active boreal forest carbon storage capabilities (Alfaro-Sánchez et al., 2024; Peng et al., 2022). However, it remains25

unclear how boreal forest growth and composition will respond to ongoing climate change, and whether these ecosystems will

continue to function as a net carbon sink (Pan et al., 2024; Walker et al., 2019; Bradshaw and Warkentin, 2015).

As these ecosystems are remote, characterized by complex interactions, and operate over long timescales, relying solely on

field observations and temporally limited remote-sensing data makes it challenging to predict future changes at regional or

global scales (Terrer et al., 2021). Dynamic Global Vegetation Models (DGVMs) have become essential tools for integrating30

existing knowledge, investigating feedback mechanisms, and projecting future ecosystem trajectories (Wei and Xia, 2024;

Todd-Brown et al., 2014; Zhu et al., 2025). However, under projected climate change scenarios, DGVMs show considerable

divergence in both the magnitude and direction of global carbon storage changes (O’Sullivan et al., 2022; Yang et al., 2020;

El Masri and Xiao, 2025). By comparing DGVM simulations of forest aboveground biomass (AGB) with spatially explicit

remote-sensing estimates, Yang et al. (2020) found that nine DGVMs predicted a global total forest AGB of 365 ± 66 Pg C,35

whereas remote-sensing observations yielded approximately 275 Pg C, with an uncertainty of about 13.5%. This discrepancy

underscores persistent and systematic biases in model-based estimates of vegetation carbon storage. Furthermore, particularly

large biases have been reported for high-latitude ecosystems: in boreal northwestern North America, Earth system models were

shown to overestimate AGB accumulation by up to a factor of three (Wang et al., 2021).

Driven by persistent uncertainties and expanding observational constraints, DGVMs have undergone continuous develop-40

ment in model structure and process representation to improve simulations of terrestrial carbon cycle dynamics (Horvath et al.,

2021; Martín Belda et al., 2022; Pongracz et al., 2021; Pascual et al., 2024; Quillet et al., 2010). Currently, DGVM simulations

form a core component of Global Carbon Budget (GCB) assessments (O’Sullivan et al., 2022). However, as the fundamental

basis for simulating terrestrial carbon cycles in DGVMs, the physical realism of soil modules in DGVMs remains limited. This

limitation is particularly evident in permafrost-affected boreal forests, especially in transitional permafrost regions, where most45

models have yet to adequately represent the feedbacks of freeze–thaw processes on coupled soil thermal, hydrological, and car-

bon dynamics (Wania et al., 2009a, b; Jiang et al., 2012). Although some DGVMs have attempted to incorporate thaw–freeze

effects through parameterization (Pongracz et al., 2021; Schaphoff et al., 2026; Matthes et al., 2025), such representations gen-

erally remain highly simplified and struggle to reproduce the integrated thermal–hydrological–carbon processes characteristic

of cold-region soils (Martín Belda et al., 2022; Guimberteau et al., 2018). This limitation has become a critical bottleneck50

constraining the improvement of DGVMs’ simulation accuracy for carbon cycles in cold ecosystems.
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To address these structural limitations, we refined the soil module of the widely used, permafrost-enabled LPJ-GUESS

(v4.1.1) by implementing a deeper and finer-scale soil discretization scheme designed to capture realistic freeze–thaw dynam-

ics. We focused our simulations on Northeast China (NEC), a region situated at the southern margin of the Eurasian permafrost

domain. Characterized by high climate sensitivity and extensive boreal forest cover, NEC serves as a critical testbed for eval-55

uating model performance in transitional permafrost zones. The primary objective of this study is to test whether enhancing

cryospheric hydrology, via structural improvements, can improve the simulation of soil thermal and moisture regimes and their

coupling with ecological processes. We systematically validate the model against observational data to quantify the direct im-

pacts on soil hydro-thermal properties and their cascading effects on vegetation composition and carbon fluxes. By establishing

a mechanistic link between frozen ground hydrology and biomass accumulation, this study provides a pathway to mitigate the60

widespread overestimation of boreal forest carbon stocks and offers a robust basis for projecting boreal ecosystem responses

to warming.

2 Materials and methods

2.1 study area

Figure 1. Location and land-use type of study area.

The NEC Permafrost Region (46◦48’–53◦32’ N, 115◦58’–130◦46’ E) is the second largest permafrost distribution area in65

China, with an area of about 3.87× 105 km2, spanning the northernmost part of Heilongjiang Province and the Inner Mongolia
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Autonomous Region (Fig. 1). According to the geographical and climatic conditions affecting the spatial distribution of per-

mafrost, the northeast permafrost area is divided into a continuous permafrost region (CPF, 7.6 × 104 km2), a discontinuous

permafrost region (DPF, 4.3 × 104 km2), and a sporadic permafrost region (SPF, 3.0 × 105 km2), based on data provided by

the National Cryosphere Desert Data Center dataset(http://www.ncdc.ac.cn) (Wu, 2021). Jin et al. (2007) showed that from70

the 1970s to 2000, the southern boundary of permafrost shifted northward, and the area where permafrost was completely

degraded to seasonally frozen ground was 1.4× 105 km2. The region is characterized by a cold-temperate continental climate.

Mean annual air temperature ranges from −6.2 to −2.4 ◦C, and mean annual precipitation varies between 274 to 675 mm.

Precipitation is strongly seasonal, with rainfall during June–August accounting for approximately 62–65% of the annual total.

Seasonal snow cover typically persists from October to the following May, with maximum snow depths of about 40–50 cm.75

The active layer thickness (ALT) ranges from 0 to 4 m. (Zhang et al., 2024; Li et al., 2024). The region has a high vegetation

cover and is an important cold-temperate coniferous forest area in China with rich vegetation resources. The main types of

vegetation are forests, with additional thickets, grasslands, pastures, swamps, and cultivated land (Fig. 1), and the main tree

species include Larix gmelinii, Pinus koraiensis, and Betula platyphylla.

2.2 The LPJ-GUESS dynamic global vegetation model80

We employed the process-based dynamic global vegetation model LPJ-GUESS v4.1 (Smith et al., 2014, 2001; Nord et al.,

2021), which is designed to simulate vegetation dynamics and terrestrial carbon cycling from regional to global scales. The

model is driven by gridded climate forcing, including air temperature, precipitation, and downward shortwave radiation, to-

gether with atmospheric CO2 concentrations and prescribed soil properties.

The model configuration used in this study incorporates parameterizations optimized for Arctic and high-latitude vegeta-85

tion and has been widely applied in previous studies addressing vegetation change, carbon cycling, and biomass dynamics

in cold-region ecosystems (Zhang et al., 2013; Rawlins et al., 2015; Pongracz et al., 2021). Comprehensive descriptions of

the LPJ-GUESS model framework are provided in Smith et al. (2014, 2001). Plant physiological processes follow the LPJ-

DGVM approach described by Sitch et al. (2003). Detailed representations of soil processes, including soil carbon and nitrogen

dynamics as well as soil hydrology, are documented in Smith et al. (2014), Sitch et al. (2003), and Gerten et al. (2004).90

In this study, we further refined the soil module of LPJ-GUESS v4.1 by implementing a cryosphere-oriented soil freeze–thaw

scheme to improve the representation of soil hydrothermal processes in permafrost-affected regions. To distinguish simulations

produced by the original and the modified model configurations, we hereafter refer to the default model as LPJ-GUESS and to

the modified version as LPJ-GUESS-Cryo.

2.3 Model modifications95

2.3.1 Structural reconstruction of the soil module for permafrost thermal–hydrological processes

In the permafrost zone of NEC, the shallow soil configuration of the original model (1.5 m) is insufficient to represent freeze–

thaw processes characteristic of permafrost-affected environments. To address this, we replaced the original two-layer, 1.5 m
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soil column with a 30-layer structure, each 0.1 m thick, extending the profile to 3 m. We also restructured the model’s soil

inputs to incorporate vertically stratified property files, thereby removing the assumption of homogeneous soil conditions. This100

modification enables a more realistic representation of vertical heterogeneity in soil characteristics, such as texture and organic

matter content, and substantially improves the accuracy of simulated soil thermal and hydrological processes.

2.3.2 Physical reconstruction of soil infiltration Incorporating Permafrost-Specific Hydrological Effects

The original soil hydrology scheme in LPJ-GUESS, as described by (Gerten et al., 2004), conceptualizes the soil column as two

distinct layers (0–50 and 50–150 cm) and simulates percolation as a bulk exchange between these two "boxes". This simplified105

approach lacks the vertical resolution to capture fine-scale hydrological dynamics, and neglects the influence of soil freezing

and thawing on water movement. To address these limitations, we implemented a new, physically motivated hydrological

module designed for our 30-layer soil structure.

The scheme replaces the "two-box" logic with a layer-cascade percolation mechanism. In this framework, water transport

is resolved sequentially from an upper layer to the one directly beneath it. The potential percolation volume from any given110

layer i is first calculated based on its current wcont,i (m3 m−3) and soil hydraulic properties, following the empirical relationship

Pi = kperc ·wβ
cont,i, (1)

where Pi is the potential percolation flux (mm day−1); kperc (mm day−1) and β (dimensionless) are texture-dependent param-

eters inherited from the original LPJ-GUESS hydrological formulation and applied here at the individual soil-layer level.

We incorporated a dynamic ice impedance function that explicitly couples soil thermal and hydrological states. Before water115

is transferred to the underlying layer i+1, the model evaluates its cryotic condition. The impedance factor (Ωice) is formulated

as the product of two continuous, dimensionless scaling functions, Iice and Itemp, as

Ωice = max(Ωmin, Iice · Itemp), (2)

with Ωmin representing a minimum residual hydraulic permeability factor (fixed at 0.01). The scaling functions depend on the

volumetric ice fraction (fice, dimensionless) and soil temperature (Tsoil, ◦C) of the receiving layer and are defined as120

Iice = exp(−α · fice), (3)

Itemp =
1

1 +exp(−γ · (Tsoil −Tfreeze))
, (4)

where α is a texture-dependent empirical decay parameter governing ice sensitivity (set to 2.0, 4.0, and 8.0 for sand, loam, and

clay, respectively), and γ is a shape parameter defining the steepness of the freezing transition (set to 2.0◦C−1), and Tfreeze is125

the freezing temperature (◦C).
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The resulting percolation flux is therefore calculated as

Pactual,i = Pi ·Ωice.

This formulation ensures a smoother and bounded transition of hydraulic conductivity across freeze–thaw conditions and

is consistent with commonly adopted parameterizations in permafrost hydrological modeling (Walvoord and Kurylyk, 2016;130

Shur and Jorgenson, 2007).

2.4 Model setup and simulations

All simulations were driven by the ERA5-Land meteorological dataset for the period 1980–2024 at a spatial resolution of

0.1◦ × 0.1◦, including daily air temperature, total precipitation, and surface shortwave radiation. These variables provided the

climatic forcing for soil thermal–hydrological processes and vegetation dynamics in both model configurations. Atmospheric135

CO2 concentrations were prescribed using the annual global mean CO2 dataset from the NOAA Global Monitoring Laboratory.

Soil physical properties required by the model were derived from the Harmonized World Soil Database (HWSD v2.0).

2.4.1 Site-scale comparison

To evaluate the capability of LPJ-GUESS-Cryo in simulating soil freeze–thaw processes, we conducted a comprehensive

comparison between model outputs and observational data from one flux-tower site (HuZhong) and four stations (MH, MG,140

AL, and GL) (Li et al., 2024).

At the HuZhong flux-tower site, long-term, continuous observations were used to assess the model’s ability to reproduce the

temporal dynamics and magnitude of soil temperature (ST, ◦C) and soil water content (SWC, m3 m−3) across multiple soil

layers. Additional validation was conducted using soil temperature and active layer thickness (ALT, m) observations from the

four sites to evaluate model performance under contrasting permafrost conditions.145

Simulated ST and SWC were compared with observations at depths of 0.1, 0.5, and 1.0 m at the HuZhong site for the period

2017–2018. Monthly ST at 1.05 m depth from 2017–2022 was compared with observations at the four sites. ALT observations

from the four sites were derived from daily soil temperature profiles as the annual maximum depth of the 0 ◦C isotherm, and

were used to validate model simulations on an annual basis. To ensure consistency with the original LPJ-GUESS output, which

provides SWC only for two soil layers, the observed SWC values from discrete depths at 0.1 m vertical intervals between 0.1150

and 1.5 m were averaged to the upper (0–50 cm) and lower (50–150 cm) soil layers for comparison in October 2016.

2.4.2 Regional-scale simulation

At the regional scale, LPJ-GUESS-Cryo was applied across the permafrost region of NEC to assess the impacts of the improved

soil thermal–hydrological scheme on regional soil hydrothermal conditions, vegetation characteristics, and carbon-cycle pro-

cesses. Mean deep soil temperature at 1.05 m depth was analysed for winter (December–February) and summer (June–August),155

together with mean lower-layer soil water content during the growing season (June–August), for the period 1980–2024.

6

https://doi.org/10.5194/egusphere-2026-870
Preprint. Discussion started: 10 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Regional model performance was further evaluated using remotely sensed estimates of net primary productivity (NPP,

gCm−2 yr−1) and aboveground biomass (AGB). As LPJ-GUESS simulates total vegetation carbon (Cveg, kg C m−2), includ-

ing both above- and belowground components, model outputs were converted to AGB following the empirical relationships

proposed by Wang et al. (2021). Total vegetation biomass was first derived assuming a carbon fraction of 0.5 (biomass =160

Cveg/0.5). AGB was then estimated by applying an empirically derived ratio between total vegetation biomass and above-

ground biomass (1.222) reported for boreal forest species. Finally, all values were converted from kg C m−2 to t ha−1 to

facilitate comparison with the remote-sensing-derived AGB dataset.

Outputs from LPJ-GUESS and LPJ-GUESS-Cryo were processed using identical workflows. Spatial differences were quan-

tified as the difference between LPJ-GUESS-Cryo and the original LPJ-GUESS, allowing direct attribution of regional differ-165

ences to the revised soil processes.

2.5 Remote sensing validation data

To evaluate the improved ability of the LPJ-GUESS model to simulate vegetation productivity and structural characteristics,

we used two remote sensing data sets, NPP and AGB, for comparative validation.

The NPP data were obtained from the MODIS annual net primary productivity product (MOD17A3HGF, Collection 6), a170

500 m resolution global dataset that serves as a key indicator of vegetation growth and carbon sink potential. We used the

period 2001–2024 for model data comparison, corresponding to the full temporal availability of the MOD17A3HGF product.

The product, accessed via the Google Earth Engine (GEE) platform, has been extensively validated in previous studies (Li et al.,

2022; Mao et al., 2015). For AGB, we developed a time series covering 1988–2024. Specifically, site-level AGB estimates were

first derived from ICESat-2 ATL08 canopy height observations (Version 5), obtained from NASA’s National Snow and Ice Data175

Center (NSIDC), in combination with established allometric growth models (Neuenschwander and Pitts, 2019; Huang et al.,

2019). The ATL08 product has been widely validated for terrain elevation and canopy height retrieval (Neuenschwander,

2020). These sample-based AGB estimates were then used to train a random forest regression model that integrated multi-

temporal Landsat spectral information from Landsat-5 TM, Landsat-7 ETM+, and Landsat-8 OLI together with Shuttle Radar

Topography Mission (SRTM) topographic variables, enabling the generation of spatially continuous, wall-to-wall AGB maps180

for the study region. The detailed workflow for constructing the AGB dataset is described in Yang et al. (2026).Similar machine-

learning-based frameworks have been widely applied to produce long-term AGB datasets at regional to continental scales

(Wang et al., 2021; Cai et al., 2025).

Together, the NPP and AGB datasets provide a robust foundation for assessing vegetation dynamics and structural change.

2.6 Data analysis185

2.6.1 Vegetation classification and dominant PFT definition

To quantify the effects of structural modifications made to the mode on the vegetation structure and the regional carbon

dynamics, we analyzed vegetation composition based on dominant plant functional types (PFTs). The dominant PFT in each
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grid cell was defined as the PFT featuring the highest leaf area index (LAI), and this definition was applied consistently

throughout all analyses (Pongracz et al., 2021).190

Because modeled PFT classifications are not directly comparable to observational land-cover datasets, vegetation types were

harmonized prior to analysis. Following the classification framework of Ran et al. (2012), all dominant vegetation types were

aggregated into needleleaf forest (NLF), broadleaf forest (BLF), and non-tree vegetation classes. The needleleaf forest category

includes boreal needleleaf evergreen (BNE), boreal needleleaf summergreen (BNS), and shade-intolerant boreal needleleaf

evergreen (BINE) PFTs. The broadleaf forest category includes shade-intolerant broadleaf summergreen (IBS) and temperate195

broadleaf summergreen (TeBS) PFTs, representing the dominant deciduous broadleaf component in Northeast China. All

remaining shrub and non-woody PFTs were grouped into a non-tree vegetation category.

This harmonized and reduced classification scheme provides the basis for subsequent analyses of vegetation composition,

biomass changes, and dominant PFT transitions between model configurations.

2.6.2 Evaluation of soil hydrothermal simulations200

Prior to attributing vegetation responses, we evaluated differences in simulated soil hydrothermal states between LPJ-GUESS-

Cryo and the original LPJ-GUESS using Taylor diagrams. Comparisons were conducted at the AL, MG, MH, and HuZhong

sites for soil temperature at depths of 0.5, 1.0, and 1.5 m, with GL excluded because it shares the same model grid cell and

identical simulated output with MH.

For soil water content, model outputs were aligned with observational depths. In the original LPJ-GUESS, soil water content205

at a given depth was derived by averaging the two corresponding soil layers. In contrast, LPJ-GUESS-Cryo provides layer-

resolved outputs at matching depths. To ensure methodological consistency, two-layer means were additionally computed for

LPJ-GUESS-Cryo using the same depth intervals. This evaluation establishes the degree to which the modified soil module

improves the representation of soil thermal and hydrological conditions relevant for vegetation dynamics.

2.6.3 Attribution of vegetation responses to hydrothermal perturbations210

To attribute changes in vegetation structure to hydrothermal modifications introduced by the improved permafrost representa-

tion, we conducted a bivariate conditional response analysis linking inter-model differences in soil temperature (∆ST) and soil

water content (∆SWT) to vegetation responses. Here, ∆ST and ∆SWT denote the differences between LPJ-GUESS-Cryo

and the original LPJ-GUESS, rather than absolute warming or drying. Larger absolute values therefore indicate grid cells where

permafrost-driven redistribution of energy and water generates stronger divergence between the two model configurations.215

Vegetation responses were quantified in two complementary ways. First, we analyzed changes in broadleaf forest biomass

(∆Cmass,BLF) as a continuous response to joint hydrothermal perturbations. Second, we assessed structural vegetation shifts

by defining a binary indicator of dominant PFT change at the grid-cell level. Grid cells in which the dominant PFT differed

between model versions were assigned a value of 1, whereas cells with unchanged dominant PFTs were assigned a value of 0.
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This binary indicator was subsequently used in conditional response analyses and logistic regression to identify hydrothermal220

thresholds associated with dominant PFT transitions and to quantify the sensitivity of vegetation composition to soil thermal

and hydrological perturbations.

3 Results

3.1 Performance of soil thermal and hydrological simulations

Validation at the HuZhong site indicates that LPJ-GUESS-Cryo reproduces the depth-dependent vertical structure of subsur-225

face hydrothermal dynamics across the soil profile (Fig. A1). Model performance was highest in the surface layer (0.1 m;

R2 = 0.88, Fig. A1a) and declines slightly with depth, partly reflecting increased uncertainty in deep soil temperature observa-

tions (Fig. A1c). While shallow-layer SWC was moderately overestimated, this bias decreased with depth, resulting in higher

model–observation correlation at 1 m (Fig. A1d).

To further assess spatial robustness, simulations were evaluated at four additional sites (MH, MG, AL, and GL). LPJ-230

GUESS-Cryo consistently captured the seasonal dynamics of soil temperature, with deep-layer (1.05 m) temperatures showing

strong agreement across sites. Correlation coefficients exceeded 0.75 at MH and MG, and reached 0.57 even at the weakest-

performing site (GL) (Fig. A2). Independent estimates of ALT further support the improved representation of freeze–thaw

dynamics in LPJ-GUESS-Cryo (Fig. A3).

Based on the Taylor diagram analysis (Fig. 2), both LPJ-GUESS and LPJ-GUESS-Cryo reproduced the seasonal variability235

of soil temperature and soil water content across all evaluated depths, with correlation coefficients generally exceeding 0.81

(Table B1). At depths shallower than 1.0 m, model–observation correlations typically ranged between 0.8 and 0.9 for both

models, indicating a robust representation of the seasonal timing associated with soil freeze–thaw transitions. At 1.0 m depth,

correlations declined for both models, reflecting the increasing difficulty of simulating subsurface hydrothermal dynamics.

Despite this depth-dependent decline, LPJ-GUESS-Cryo consistently outperformed the original LPJ-GUESS, with the im-240

provements most pronounced in deeper soil layers. At 1.0 m depth, the mean correlation coefficient for soil temperature

increased from 0.818 in LPJ-GUESS to 0.894 in LPJ-GUESS-Cryo At 1.0 m depth, the mean correlation coefficient for soil

temperature increased from 0.818 in LPJ-GUESS to 0.894 in LPJ-GUESS-Cryo (Table B1). In addition to improvements in

mean performance, LPJ-GUESS-Cryo also exhibited enhanced cross-site robustness for soil temperature, with the minimum

correlation across sites increasing from 0.646 to 0.811 at 1.0 m depth (Table B1). For soil water content, the mean correlation245

coefficient at the same depth increased from 0.046 to 0.387 (Table B2), indicating a substantial enhancement in cross-site

robustness following the model adaptations.

The representation of the variability amplitude was also improved. At 0.5 m depth, LPJ-GUESS-Cryo produced a normalized

standard deviation (SDnorm) of 1.042 for soil temperature, closely matching the observed variability, whereas the original LPJ-

GUESS underestimated the amplitude (SDnorm = 0.919). Error metrics further confirmed the systematic reduction in model250

bias and dispersion. For soil water content, the mean bias decreased from 0.166 to 0.064. For soil temperature at 1.5 m depth,
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Figure 2. Performance of LPJ-GUESS and LPJ-GUESS-Cryo in simulating soil hydrothermal dynamics. (a) Taylor diagrams summarizing

model–observation agreement for soil temperature at depths of 0.5, 1.0, and 1.5 m across all evaluation sites. (b) Model–observation com-

parisons of soil water content: the left panel shows depth-specific performance metrics, while the right panels summarize multi-site statistics

for the upper and lower soil layers.
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the mean absolute error (MAE) was reduced from 1.267 ◦C to 1.140 ◦C, and the normalized root-mean-square deviation

(RMSD) declined from 0.591 to 0.498, corresponding to a 15.7% relative improvement in overall accuracy.

A snapshot analysis for October 2016 revealed that the original LPJ-GUESS frequently reached the prescribed saturation

limit (1.0 m3 m−3) in the lower soil layer (50-150 cm), whereas this behavior was largely absent in LPJ-GUESS-Cryo. Al-255

though the soil water content observations at the four validation sites integrate both liquid and ice components, the multi-site

comparison provides a consistent diagnostic assessment of the improved hydrothermal behavior in the Cryo-enabled model.

Spatially, both models captured the heterogeneity of deep soil temperature (1.05 m), correctly identifying the lowest values

in the northwestern continuous-permafrost zone across seasons (Fig. A4a-f). In contrast, pronounced differences emerged in the

simulated lower-layer soil water content. The original LPJ-GUESS exhibited systematically wetter conditions with localized260

anomalies, whereas LPJ-GUESS-Cryo simulated a broadly reduced and more spatially coherent soil water distribution across

the region (Fig. A4g–i).

3.2 Regional vegetation structure and carbon dynamics

The model performance in simulating regional carbon dynamics was evaluated by comparing simulated AGB and NPP against

remote sensing benchmarks (Fig. 3c,d). For AGB, LPJ-GUESS-Cryo demonstrated a substantial reduction in the overestimation265

bias observed in the original model. The original LPJ-GUESS predicted a multi-year mean AGB of 112.9 t ha−1, whereas the

Cryo version yielded a mean of 99.0 t ha−1, aligning closely with the remotely sensed estimate of 93.3 t ha−1. This corresponds

to a reduction of the positive AGB bias by approximately 70%, decreasing the mean overestimation from 19.6 to 5.7 t ha−1.

Regarding NPP, the original model exhibited a high positive bias (583.5 g C m−2 yr−1). LPJ-GUESS-Cryo partially miti-

gated this bias, reducing the mean flux to 560.1 g C m−2 yr−1. Although this value remains higher than the remote sensing270

estimate (471.0 g C m−2 yr−1), the Cryo version reduced the regional mean positive bias by approximately 20% and captured

the interannual variability and long-term trends more accurately than LPJ-GUESS.

Beyond improvements in regional carbon magnitude, the revised model also reproduces the large-scale spatial organization

of vegetation across NEC (Fig. 3a). The region is primarily characterized by NLF in the northwestern Greater Khingan Moun-

tains and by BLF toward the southeastern part of the domain. This pattern closely mirrors the large-scale vegetation gradient275

derived from satellite-based observations (Ran et al., 2012).

While the simulated forest cover appears spatially more continuous compared to the fragmented patterns in the remote

sensing dataset, the model correctly captures the fundamental transition from coniferous to deciduous dominance across the

study domain.

3.3 Vegetation responses to hydrothermal differences between model configurations280

Fig. 4a illustrates the joint response of BLF biomass to inter-model differences in soil temperature and soil water content.

Substantial increases in BLF carbon mass are concentrated in regions characterized by warmer and drier soil conditions in

LPJ-GUESS-Cryo relative to the original model. The highest biomass gains (deep red hexagons) occur predominantly in the
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Figure 3. Vegetation composition and carbon stock comparisons between model simulations and satellite-derived observations. (a) Spatial

distribution of dominant plant functional types (PFTs) in 2001(Ran et al., 2012). (b) Model–observation comparisons of area fractions, net

primary productivity (NPP), and aboveground biomass (AGB) aggregated by vegetation type.

upper-left quadrant of the response space, indicating a strong sensitivity of BLF biomass to combined soil warming (positive

∆ST) and drying (negative ∆SWT).285

The marginal plots further quantify this steep response: the binned means of ∆Cmass,BLF increase sharply with intensifying

soil water content divergence and rising soil temperature differences. The largest biomass gains (exceeding 6–8 kg C m−2)

occur under the strongest combined hydrothermal shifts (∆SWT <−0.5 m3 m−3 and ∆ST > 0.5◦C).

The probability of dominant PFT transitions exhibits a strong dependence on the magnitude of hydrothermal divergence

between the two model versions. As shown in the joint probability distribution (Fig. 4b), PFT turnover likelihood increases290

monotonically with intensifying soil warming and drying. The highest probabilities (approaching 0.8–1.0; yellow hexagons) oc-

cur in areas experiencing the strongest hydrothermal decoupling, specifically where soils become substantially drier (∆SWT <

−0.6 m3 m−3) and warmer (∆ST > 0.6◦C). Conversely, in regions where the hydrothermal conditions simulated by the two
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models remain similar (center of the plot), ecosystems remain largely stable (dark purple). The marginal density plots further

confirm that PFT turnover probability is highly sensitive to both drivers, showing a steep increase with decreasing soil water295

content and increasing soil temperature.

Figure 4. Response-based attribution of vegetation dynamics to hydrothermal differences between LPJ-GUESS-Cryo and the original LPJ-

GUESS. (a) Joint response of broadleaf forest carbon mass (∆Cmass,BLF) to inter-model differences in soil water content (∆SWT) and

soil temperature (∆ST). (b) Probability of dominant plant functional type (PFT) transitions as a function of combined soil moisture and

temperature differences between the two model configurations.

4 Discussion

4.1 Performance and physical interpretation of soil hydrothermal simulations

Based on evaluations against site-level measurements and regional data products, LPJ-GUESS-Cryo exhibits moderate im-

provements in the representation of soil temperature amplitude and effective reductions in soil water content biases, resulting300

in simulations that are consistently closer to observations compared to the original LPJ-GUESS. While both model versions

successfully reproduce the seasonal phase of near-surface variability, indicating that large-scale climatic forcing remains the

primary control on the timing of shallow-soil freeze–thaw dynamics (Koven et al., 2013, 2015), LPJ-GUESS-Cryo exhibits

an advantage in cross-site robustness, with performance gains becoming more evident at greater depths. This depth-dependent

improvement suggests that as direct atmospheric control weakens with depth, simulated variability is increasingly governed by305

internal process representations (Walvoord and Kurylyk, 2016). Consequently, the higher vertical resolution and revised sub-
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surface parameterizations in LPJ-GUESS-Cryo facilitate a more realistic downward propagation of thermal and hydrological

signals, significantly improving performance at depths of 1.0–1.5 m.

The largest diagnostic improvement concerns deep-soil hydrological behavior. This behavior may be attributed to structural

limitations associated with a vertically coarse “bucket”-type hydrology under freeze–thaw conditions(Gerten et al., 2004). We310

attribute the improved performance of LPJ-GUESS-Cryo to the resolution of two interacting constraints. First, the shallow

lower boundary (1.5 m) of the standard model acts as an artificial drainage barrier, promoting unrealistic water accumulation

in the 50–150 cm layer when the active layer extends beyond this depth. Extending the soil profile to 3.0 m restores vertical

hydraulic connectivity, allowing percolating water to drain into deeper layers (1.5–3.0 m) and thereby alleviating non-physical

saturation in the overlying soil, particularly reducing moisture stress in the rooting zone. Second, the incorporation of phase-315

change-dependent impedance provides a physically motivated constraint on infiltration into frozen layers, consistent with the

reduced hydraulic conductivity typical of permafrost soils (Walvoord and Kurylyk, 2016). Together, these modifications yield

drier, more spatially coherent, and plausible patterns of deep soil water content.

Although some discrepancies persist—likely due to uncertainties in precipitation forcing or unrepresented lateral flow pro-

cesses, the structural refinements in LPJ-GUESS-Cryo provide a more reliable baseline for land surface modeling. Improving320

the realism of subsurface hydrothermal states is not merely a technical correction but a necessary prerequisite for interpreting

ecosystem-scale responses. Accurately simulating freeze–thaw status and moisture availability in the rooting zone is essential

for projecting vegetation phenology and soil carbon respiration in permafrost-affected boreal forests under a warming climate

(Kimball et al., 2006; Treat et al., 2022; Schaphoff et al., 2026).

4.2 Vegetation sensitivity to permafrost-driven hydrothermal changes and implications for regional carbon dynamics325

The enhanced representation of permafrost processes in LPJ-GUESS-Cryo modifies subsurface thermal and hydrological

states, with cascading effects on vegetation structure and regional carbon dynamics. At the regional scale, this leads to a

systematic reduction in simulated AGB and NPP relative to the original LPJ-GUESS, resulting in improved agreement with

remote sensing–based estimates. This convergence indicates that the productivity overestimation in the original model is more

plausibly attributable to structurally biased subsurface physical conditions than to deficiencies in vegetation physiological330

parameterizations.

Spatial comparisons of model outputs further indicate that the improvement in regional carbon estimates is closely linked

to a corrected representation of vegetation composition. In particular, LPJ-GUESS-Cryo more realistically reproduces the

large-scale transition from needleleaf-dominated forests in the northwestern part of the domain to broadleaf-dominated forests

toward the southeastern permafrost margin (Ran et al., 2012). This spatial reorganization of vegetation emerges as a primary335

mechanism underlying the improved agreement in carbon stocks, and is fundamentally driven by a more realistic simulation

of subsurface hydrothermal conditions.

By extending the soil profile, LPJ-GUESS-Cryo provides the necessary physical space for active layer deepening and asso-

ciated water redistribution. In regions of CPF, where active layer thickness varies only modestly, soil thermal and hydrological

states tend to remain relatively stable due to the sustained shallow active layer, and vegetation responses appear to be limited. In340
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contrast, in the SPF and DPF zones, the deeper soil column restores vertical hydrological connectivity, allowing thaw-generated

water to percolate downward (Shan et al., 2022). Compared to the original model, where an artificially shallow lower bound-

ary promotes water accumulation, this structural change effectively reduces excess soil water content in the rooting zone and

creates relatively warmer and drier conditions.

The altered subsurface hydrothermal regime amplifies vegetation responses through differences in rooting depth among345

PFTs, ultimately driving shifts in vegetation composition. Boreal needleleaf species are generally shallow-rooted; for example,

Larix gmelinii typically maintains a rooting depth of approximately 20–65 cm, depending on site moisture conditions (Canadell

et al., 1996). Consequently, these species rely strongly on near-surface soil water and have limited capacity to access moisture

released by permafrost thaw, making them particularly vulnerable to root-zone drying (Peng et al., 2022; Anderegg et al.,

2020). In contrast, boreal broadleaf species such as Betula platyphylla develop substantially deeper rooting systems, with350

roots extending to approximately 120 cm in 20-year-old individuals (Mauer and Palátová, 2003). These deeper rooting systems

enable access to subsurface water reservoirs and may further benefit from warming-induced increases in nutrient mineralization

(Peng et al., 2022). Consistent with such physiological differences, both the probability of broadleaf forest replacing needleleaf

forest and the associated net increase in broadleaf biomass are strongly concentrated within a relatively narrow “warm–dry”

domain of the response space. This clustering indicates a high sensitivity of regional vegetation to coupled soil thermal and355

hydrological gradients induced by permafrost processes and identifies root-zone drying as a key constraint shaping competitive

interactions among PFTs. By removing the non-physical over-wet conditions present in the original model, LPJ-GUESS-Cryo

alleviates the artificial suppression of broadleaf forests, allowing them to gain a competitive advantage under more realistic

hydrothermal conditions and facilitating community reorganization.

Although several studies have suggested that permafrost degradation may reduce vegetation growth through increasing360

drought stress (Yang et al., 2025; Wang et al., 2022), our results indicate that the observed decline in regional carbon stocks is

more plausibly driven by dominant PFT replacement rather than by growth limitation within a single vegetation type. Needle-

leaf species typically sustain higher standing biomass because they are associated with higher wood density and longer carbon

residence times than broadleaf species (Luo et al., 2020; Phillips et al., 2019). When broadleaf forests expand and replace

needleleaf forests in transitional permafrost zones, broadleaf productivity may locally increase under the revised hydrothermal365

regime; however, their long-term equilibrium biomass remains lower than that of needleleaf-dominated stands (Szwagrzyk

and Gazda, 2007; Billard et al., 2020). Consequently, a structural reorganization from a high-biomass PFT assemblage to a

comparatively lower-biomass assemblage can reduce regional aboveground carbon stocks even under conditions that are phys-

iologically more favorable for broadleaf growth. Rather than reflecting physiological stress or reduced productivity, the carbon

loss emerges as an ecosystem structural effect, driven by shifts in dominant vegetation composition induced by permafrost-370

mediated changes in soil hydrothermal regimes.

Overall, our results suggest that the commonly reported overestimation of boreal forest carbon stocks in existing DGVMs

cannot be attributed solely to the omission of physiological growth constraints associated with permafrost degradation. Instead,

a more fundamental limitation lies in the insufficient representation of the high sensitivity of boreal forest species to soil hy-

drothermal changes. Inadequate simulation of freeze–thaw dynamics leads to a mischaracterization of belowground conditions,375
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which in turn propagates into systematic biases in modeled vegetation composition. Our findings therefore highlight that con-

structing more physically realistic subsurface hydrothermal states is a prerequisite for accurately simulating both vegetation

structure and carbon balance in permafrost-affected boreal ecosystems.

4.3 Model limitations and future directions

Despite the improvements achieved in LPJ-GUESS-Cryo, two specific limitations regarding the vegetation–soil coupling war-380

rant close attention. First and foremost, our attribution of vegetation shifts relies on static vertical root distributions. While

defining PFTs with distinct rooting depths captures fundamental functional trade-offs, it neglects the phenotypic plasticity of

root architecture (Sakschewski et al., 2021). In reality, boreal needleleaf species may dynamically adjust their root vertical

profiles in response to active layer deepening to access receding moisture and nutrients (Blume-Werry et al., 2019). By main-

taining fixed rooting depths, the current model framework may overestimate the vulnerability of shallow-rooted conifers to385

surface drying, thereby potentially exaggerating the rate of broadleaf expansion (Drewniak, 2019). Explicitly coupling soil hy-

drothermal dynamics with dynamic root allocation schemes represents a critical priority for creating more resilient vegetation

models. Second, the model relies on a one-dimensional framework that neglects lateral water redistribution (Fan et al., 2019).

In complex permafrost terrains, thermokarst processes and lateral flow along topographic gradients often create a mosaic of

dry mounds and wet depressions, rather than the uniform drying trends simulated here (Jorgenson et al., 2001). The absence390

of lateral hydrological connectivity means the model may miss localized hydrological refugia—riparian zones or lowland wet-

lands—where moisture-dependent needleleaf species could persist despite regional warming. Incorporating lateral processes

is therefore essential to capture the sub-grid heterogeneity that buffers regional vegetation against climate-driven transitions.

More broadly, our results highlight the critical importance of resolving permafrost-related soil processes to reduce uncertainties

in high-latitude carbon cycle projections. The southern margin of the permafrost domain functions as a particularly sensitive395

transition zone where modest changes in subsurface thermal and hydrological conditions can trigger disproportionate shifts

in vegetation structure and carbon balance. Future model development should prioritize these transitional regions as sentinel

testbeds. By combining improved process representation with long-term observations, next-generation DGVMs will be better

positioned to assess the stability of boreal forest carbon sinks under continued climate warming.

5 Conclusion400

In this study, we developed and evaluated an extended version of the LPJ-GUESS dynamic global vegetation model (LPJ-

GUESS-Cryo) with the aim to improve the representation of soil hydrothermal processes in permafrost-affected boreal forests

of NEC. By integrating a deeper soil column and incorporating permafrost-specific physical parameterizations, the model

explicitly accounts for freeze–thaw effects on subsurface thermal and hydrological dynamics.

Validation against site-level observations and regional datasets shows that LPJ-GUESS-Cryo consistently achieves moderate405

improvements in the representation of soil temperature variability and effective reductions in soil water content biases, resulting

in closer agreement with observations compared to the original model. While both model versions capture the seasonal timing
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of near-surface freeze–thaw cycles dominated by climatic forcing, LPJ-GUESS-Cryo exhibits enhanced robustness across

sites and depths. Performance gains are most evident in deeper soil layers, where internal soil processes increasingly control

variability, underscoring the importance of vertical resolution and physically based subsurface representations.410

At the regional scale, these modifications lead to systematic changes in simulated vegetation structure and carbon dynam-

ics. LPJ-GUESS-Cryo reduces the overestimation of AGB and NPP, decreasing the regional mean AGB bias from 19.6 to

5.7 t ha−1 and the NPP bias from 112.5 to 89.1 g C m−2 yr−1, thereby yielding estimates that are substantially closer to remote

sensing–derived values. Crucially, the model reproduces the observed large-scale transition from needleleaf-dominated forests

in the northwestern permafrost zone to broadleaf-dominated forests toward the southeastern margin. Our analysis identifies that415

this structural reorganization, which is driven by the sensitivity of vegetation to soil warming and drying, is the primary mech-

anism improving the carbon bias. By resolving the competitive exclusion of shallow-rooted needleleaf species by broadleaf

species in transitional zones, the model eliminates the artificial retention of high-biomass conifers simulated by the original

configuration.

Overall, this study demonstrates that improving subsurface hydrothermal realism is a critical prerequisite for robust simu-420

lations of vegetation composition and carbon balance in permafrost-affected ecosystems. LPJ-GUESS-Cryo provides a more

physically consistent framework for assessing boreal forest carbon dynamics at the sensitive southern margin of the permafrost

region, offering a vital tool for reducing uncertainties in projections of ecosystem structural changes and carbon feedbacks

under ongoing climate warming.

Code availability. LPJ-GUESS is developed and maintained by an international research community, with code management coordinated by425

the Department of Physical Geography and Ecosystem Science, Lund University, Sweden. The original LPJ-GUESS model (version 4.1.1)

is publicly available from Zenodo at https://doi.org/10.5281/zenodo.8065737. The modified permafrost-enabled version developed in this

study (LPJ-GUESS-Cryo), including the implementation of the improved soil thermal and hydrological processes, is archived on Zenodo at

https://doi.org/10.5281/zenodo.18605313. Additional implementation details can be obtained from the corresponding author upon reasonable

request.430

Data availability. Meteorological forcing data were obtained from the ERA5-Land reanalysis dataset (1980–2024) at a spatial resolution

of 0.1◦× 0.1◦, available from the Copernicus Climate Data Store (https://cds.climate.copernicus.eu). Atmospheric CO2 concentration data

were obtained from the NOAA Global Monitoring Laboratory (https://gml.noaa.gov/ccgg/trends/). Soil physical parameters were derived

from the Harmonized World Soil Database (HWSD v2.0), available at https://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/

harmonized-world-soil-database-v20. Site-level soil hydrothermal observations and flux tower data used for model evaluation were obtained435

from previously published datasets (Li et al., 2024; Yan et al., 2023).
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Figure A1. Validation of simulated soil hydrothermal dynamics against observations at the HuZhong flux tower site (2017–2018). Panels (a–

c) show observed and simulated soil temperature at depths of 0.1, 0.5, and 1.0 m, respectively. Panel (d) shows the corresponding volumetric

soil water content.
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Figure A2. Multi-site comparison of observed and simulated deep soil temperature at 105 cm depth for LPJ-GUESS and LPJ-GUESS-Cryo

during 2017–2022.
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Figure A3. Comparison of simulated active layer thickness (ALT) from LPJ-GUESS and LPJ-GUESS-Cryo against observations at four

permafrost monitoring sites.

26

https://doi.org/10.5194/egusphere-2026-870
Preprint. Discussion started: 10 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A4. Spatial distribution of differences in deep soil temperature and soil water content between LPJ-GUESS-Cryo and the original

LPJ-GUESS across Northeast China. Panels (a–c) show winter (December–February) soil temperature at 105 cm depth for LPJ-GUESS,

LPJ-GUESS-Cryo, and their difference (Cryo minus original). Panels (d–f) show the corresponding summer (June–August) soil temperature.

Panels (g–i) show growing-season (June–August) soil water content and model differences.

27

https://doi.org/10.5194/egusphere-2026-870
Preprint. Discussion started: 10 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Appendix B: Additional tables
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Table B2. Statistical performance metrics for soil water content across soil depths based on single-site comparisons, including simulations

with different soil-layer configurations (2L and 30L).

Soil depth Model R SDnorm RMSDnorm Bias MAE

0.1 m

LPJ-GUESS 2L 0.872 2.564 1.761 0.120 0.155

LPJ-GUESS-Cryo 2L 0.857 2.097 1.342 0.055 0.104

LPJ-GUESS-Cryo 30L 0.788 2.047 1.402 0.024 0.093

0.2 m LPJ-GUESS 2L 0.888 3.001 2.162 0.134 0.166

0.2 m LPJ-GUESS-Cryo 2L 0.858 2.454 1.677 0.068 0.111

0.2 m LPJ-GUESS-Cryo 30L 0.836 2.731 1.972 0.074 0.125

0.3 m LPJ-GUESS 2L 0.885 3.439 2.596 0.143 0.175

0.3 m LPJ-GUESS-Cryo 2L 0.848 2.812 2.035 0.078 0.117

0.3 m LPJ-GUESS-Cryo 30L 0.846 3.431 2.640 0.120 0.159

0.5 m LPJ-GUESS 2L 0.882 2.792 1.967 0.113 0.155

0.5 m LPJ-GUESS-Cryo 2L 0.820 2.284 1.572 0.047 0.109

0.5 m LPJ-GUESS-Cryo 30L 0.793 3.013 2.302 0.107 0.171

1.0 m LPJ-GUESS 2L 0.046 3.160 3.270 0.321 0.382

1.0 m LPJ-GUESS-Cryo 2L 0.085 0.736 1.190 -0.011 0.103

1.0 m LPJ-GUESS-Cryo 30L 0.387 1.244 1.259 -0.006 0.103
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