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Abstract. Fine root plays a critical role in ecosystem biogeochemical cycles, serving as the primary organs for water and 

nutrient uptake and exhibiting rapid turnover. However, a spatially explicit dataset of fine root biomass (FRB) across soil 

profiles and vegetation types remains lacking. To address this knowledge gap, we compiled 2,311 in-situ measurements of 10 

woody FRB and 3,580 measurements of herbaceous FRB from peer-reviewed studies across China. Using these observations, 

we developed random forest models to estimate surface-layer (0–20 cm) FRB and the vertical attenuation coefficient (k) of 

FRB for woody and herbaceous ecosystems, respectively. By integrating the predicted surface-layer FRB and vertical 

distribution functions, we finally generated a gridded dataset of FRB across 0–2 m soil depth (at 20 cm intervals) at 1 km 

spatial resolution for all woody and herbaceous ecosystems in China for 2005–2025. Model evaluation showed that our models 15 

explain approximately 86% and 81% of the observed variations in surface FRB across woody and herbaceous ecosystems, 

respectively, and reasonablely capture the interannual dynamics of observed FRB. Model predictions reveal substantial spatial 

and vertical variations in both woody and herbaceous FRB across China. Woody FRB density was generally higher in southern 

China than in central and northern China, whereas herbaceous FRB density was highest on the Qinghai–Tibet Plateau. Woody 

plants exhibit deeper root distributions in arid regions, whereas herbaceous species show consistently surface-concentrated 20 

rooting patterns across climate zones. The environmental controls of FRB also differed between vegetation types, with woody 

FRB being more strongly influenced by root traits and nutrient availability, whereas herbaceous FRB was more closely 

associated with climatic conditions. This dataset provides an observation-constrained, spatially explicit benchmark for 

quantifying belowground carbon stocks and dynamics, and it is archived and publicly available at 

https://doi.org/10.6084/m9.figshare.32353257 (Zheng et al., 2026). 25 

1 Introduction 

Plant roots constitute a critical interface linking biological communities with soil, water, and the atmosphere, mediating the 

exchange of matter and energy in terrestrial ecosystem (Brunner et al., 2013). They play a central role in water and nutrient 

acquisition, thereby exerting profound influences on terrestrial biogeochemical cycles and ecosystem sustainability (Bardgett 

et al., 2014). While many studies have focused on aboveground litterfall, fine roots—typically defined as roots with a diameter 30 
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≤ 2 mm—also contribute substantial inputs of labile carbon to soils through continuous growth, turnover, and rhizodeposition 

(Helfenstein, 2010; Nurse et al., 2013). Annual fine root production and turnover are estimated to account for approximately 

14–27% of global net primary productivity (NPP) (Iversen et al., 2017; Jackson et al., 1997; McCormack et al., 2015; Mitchell 

et al., 2010). These processes stimulate rhizosphere microbial activity, thereby regulating the formation and decomposition of 

soil organic carbon (Kuzyakov and Blagodatskaya, 2015; Sokol and Bradford, 2019). Consequently, an accurate and spatially 35 

explicit database of fine root biomass (FRB) is essential for benchmarking terrestrial carbon cycle models and improving 

predictions of ecosystem responses to climate change (Hayashi et al., 2023; Kuzyakov and Blagodatskaya, 2015; Ma et al., 

2025; Malhotra et al., 2025; Pausch and Kuzyakov, 2018). 

In addition to the total FRB, a reliable database of its vertical distribution is crucial for explicitly representing terrestrial 

biogeochemical cycles. The vertical profile of FRB determines the depth at which carbon inputs enter the soil, thereby 40 

influencing carbon residence time and stabilization processes (Jobbágy and Jackson, 2000; Rasse et al., 2005). Compared with 

surface inputs, debris derived from deeper roots is more likely to be stabilized through mineral associations or physical 

protection from microbial protection, highlighting the importance of deep fine roots in long-term carbon sequestration 

(Freschet et al., 2021; Lorenz and Lal, 2005; Rumpel and Kögel-Knabner, 2011). Moreover, vertical FRB profiles also reflect 

plant adaptive strategies to gradients in water and nutrient availability, particularly in arid and semi-arid regions (Canadell et 45 

al., 1996; Fan et al., 2017; Maeght et al., 2013). Datasets describing vertical FRB profiles are thus essential for improving our 

understanding of vegetation adaptation to environmental conditions and for more accurately simulating the terrestrial carbon 

cycle. However, the large-scale spatial variation in FRB vertical distribution remains poorly constrained (Finér et al., 2011; 

Iversen et al., 2017; Schenk and Jackson, 2002b). 

Furthermore, a comprehensive understanding in the environmental controls of FRB and its vertical profile is critical for 50 

accurately projecting the responses of vegetation growth and the soil carbon cycle to future climate change. Many studies have 

investigated the controlling factors of FRB and its vertical profile (Chen et al., 2019; Finér et al., 2011; Saha et al., 2023). 

Among all environmental factors, climate is widely recognized as a primary control. Warming experiments show that fine root 

production and turnover are generally higher in warmer than in colder regions (Gill and Jackson, 2000; Yuan and Chen, 2010). 

Precipitation further regulates FRB by controlling water availability. Increased precipitation can enhance FRB and its turnover 55 

(Cordeiro et al., 2020; Wang et al., 2020). Hydrological processes also play an important role. Evapotranspiration influences 

the vertical distribution of FRB by regulating subsurface water dynamics (Desborough, 1997; Zeng, 2001). Drought stress 

typically alters root traits, accelerates root mortality, and reduces root biomass (Xiao et al., 2020; Zhou et al., 2018), although 

some drought-tolerant species may increase root investment to cope with water limitation (Shan et al., 2015). Topographic 

factors indirectly regulate FRB through their effects on hydrothermal conditions and soil development (Davis et al., 2004; 60 

Karki et al., 2021; Ma et al., 2010; Moser et al., 2010). Biological factors and soil properties further modulate both FRB and 

its profile. Plant diversity generally promotes FRB, although their effects depend on environmental context and soil depth 

(Barry et al., 2019; Peng and Chen, 2021). Soil texture and nutrient availability, particularly nitrogen and phosphorus, strongly 

influence FRB and its turnover and profile across ecosystems (Chang et al., 2012; Geng et al., 2021; Huang et al., 2019; 
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Kulmatiski et al., 2017; Yuan and Chen, 2012). For example, nitrogen addition may promote FRB in deeper soil layers while 65 

suppressing it in surface soils (Geng et al., 2021). Overall, FRB and its vertical distribution are jointly regulated by multiple 

environmental factors, often exhibiting strong nonlinear responses. Differences in resource acquisition and adaptive strategies 

between herbaceous and woody plants further lead to contrasting responses of FRB to climate change. However, existing 

studies have largely focused on single factors or local scales. A systematic investigation on the controlling factors of FRB and 

its vertical distribution patterns remains lacking, particularly with respect to differences between woody and herbaceous 70 

vegetation. 

In this study, we aimed to develop a reliable, high-resolution dataset of FRB across soil profiles and vegetation types in China, 

and to identify the key environmental controls on FRB and its vertical distribution in woody and herbaceous ecosystems. Using 

in-situ observation data of FRB across soil layers, we fitted an exponential function describing the decline of FRB with soil 

depth for each site and extracted the vertical attenuation coefficient (k) to characterize root distribution profiles (see Materials 75 

and Methods). We then developed random forest models to predict surface-layer (0–20 cm) FRB and the corresponding k 

values for woody and herbaceous ecosystems. By integrating these models, we generated a gridded dataset of FRB across 0–

2 m soil depth (at 20 cm intervals) at 1 km spatial resolution for the period 2005–2025. In addition, we applied SHapley 

Additive exPlanations (SHAP) to quantify the relative importance of environmental drivers controlling FRB and its vertical 

distribution. This dataset fills a critical gap in large-scale datasets of FRB and its vertical structure and provides an 80 

observationally constrained basis for understanding belowground carbon allocation across vegetation types and their responses 

to environmental change. It also offers valuable constraints for improving terrestrial ecosystem model parameterization and 

carbon cycle assessments. 

2 Materials and Methods 

2.1 Study area 85 

China spans a vast geographic extent across multiple climatic zones and ecological regions, characterized by pronounced 

climatic gradients and complex topography (Fig. 1). Mean annual temperature across different regions of China ranges from 

−5 °C to 25 °C, while annual precipitation increases from less than 100 mm in the northwestern inland regions to over 2000 

mm in the southeastern coastal areas (Piao et al., 2010). These environmental gradients support a wide range of vegetation 

formations (Ni, 2000), which in this study are categorized into two functional types: woody and herbaceous vegetation. The 90 

interaction between climatic gradients and topographic complexity generates substantial heterogeneity in vegetation types and 

soil properties, which strongly influence FRB and vertical distribution (Shangguan et al., 2014). This environmental diversity 

provides an ideal natural setting for investigating FRB and its vertical distribution across woody and herbaceous ecosystems. 
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Figure 1. Spatial distribution of sampling sites for woody and herbaceous fine roots across China. 95 

2.2 Collection of FRB profile data 

We compiled a comprehensive root biomass database from 109 peer-reviewed studies retrieved from the Web of Science, 

Google Scholar, and China National Knowledge Infrastructure. The literature search was conducted using the keywords “root 

biomass”, “fine root”, “root depth”, “root depth distribution”, and “maximum rooting depth”. Because of inconsistencies in 

fine root classification criteria across studies, only studies reporting measurements of live roots (diameter ≤ 5 mm) were 100 

included, while those containing dead root data were excluded. After removing duplicate records and studies that reported only 

total FRB across the entire soil profile without depth-resolved measurements, the final database comprised 5,419 root biomass 

observations from 256 sites across China (Fig. 1), spanning a wide range of topographic, climatic, and soil conditions. Of these, 

2,311 samples from 98 sites corresponded to woody plants, while 3,580 samples from 177 sites represented herbaceous plants. 

Some sampling sites included both woody and herbaceous vegetation samples. The dataset covers measurements collected 105 

during 1989–2023, with most FRB measurements confined to the upper 2 m of the soil profile. 

To evaluate the environmental representativeness the ground-based observations  across  forests and grasslands in China, we 

analyzed the ranges and distributions of annual total precipitation (ATP), mean annual temperature (MAT), elevation (DEM), 

and enhanced vegetation index (EVI) across all observation sites. These variables represent the most important conditions of 

local climate, topography, and vegetation. We then assessed the extent to which the observations represented environmental 110 

conditions across forests and grasslands in China. A grid cell was considered environmentally represented by the observations 
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when its values of all four variables fell within the corresponding observed ranges. Our analysis shows that the observational 

samples broadly captured the major environmental gradients across China, with substantial overlap between the sampled and 

national distributions of ATP, MAT, DEM, and EVI (Figs. 2b & d). Overall, 87.5% of the national prediction domain was 

environmentally represented by the woody observations, compared with 71.3% for herbaceous observations (Figs. 2a & c). 115 

Areas not represented by the observations were mainly concentrated in high-elevation, extremely arid, and sparsely vegetated 

regions, particularly for herbaceous vegetation. These results indicate broad environmental coverage of the observations for 

national-scale FRB modelling. 

 

Figure 2. Environmental representativeness of ground-based FRB observations across China. Spatial distributions of representative 120 
and non-representative areas for (a) woody and (c) herbaceous vegetation, together with comparisons between the distributions of ATP, 

MAT, DEM, and EVI across China and at the sampling locations. 

2.3 Quantifying the vertical attenuation coefficient of FRB  

To characterize the vertical profile of FRB, field measurements of FRB at each site for each plant community were normalized 

by setting the biomass of the topsoil layer to unity and expressing the biomass of deeper layers as ratios relative to the top 125 

layer. This normalization facilitates cross-site comparisons of vertical root distribution patterns independent of absolute 

biomass differences. The FRB mostly decreases exponentially with increasing soil depth (Jackson et al., 1996; Schenk and 

Jackson, 2002b; Vogt et al., 1998). In this study, a negative exponential equation of soil depth (Eq. 1) was fitted to each 

normalized FRB profile, from which a key parameter—the vertical attenuation coefficient (k)—was derived to quantify the 

rate at which root biomass declines with depth. The equation is expressed as follows: 130 
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𝑓𝐹𝑅𝐵_𝑖 = 1 − 𝑒−𝑘×𝑑𝑖 (1) 

where fFRB_i (0–1, dimensionless) represents the ratio of FRB (g m-2) in soil layer i to FRB in the surface soil layers. di (cm) 

denotes the depth to middle of soil layer i. A higher k value indicates that root biomass is more concentrated near the soil 

surface, whereas a lower k value reflects a deeper root distribution. 

2.4 Machine-learning modelling of surface FRB and vertical FRB profiles 135 

To generate a spatially explicit dataset of FRB across soil profiles in China, we developed separate Random Forest (RF) models 

to predict surface-layer (0–20 cm) FRB and the vertical attenuation coefficient (k), respectively. RF uses bootstrap resampling 

to build multiple decision trees, which effectively reduces variance and minimizes overfitting. In addition, RF can capture 

complex nonlinear relationships and interactions among predictors without requiring strict assumptions about data distribution, 

a feature that is particularly important for ecological systems driven by multiple interacting factors. It is also robust to noise 140 

and outliers, as the ensemble structure reduces the influence of individual observations. Compared with boosting algorithms 

(e.g., eXtreme Gradient Boosting and Light Gradient Boosting Machine), RF is less sensitive to parameter tuning and less 

prone to overfitting under limited sample sizes and relatively high feature dimensionality. Consequently, RF provides a more 

reliable framework for characterizing the relationships between environmental factors and both the FRB decay parameter (k) 

and surface FRB. 145 

We selected 27 potential environmental factors as predictors for the RF model based on a comprehensive review of potential 

factors known to influence surface-layer (0–20 cm) FRB and the vertical attenuation coefficient (k). These predictors 

encompass climatic, topographical, and soil physicochemical properties (Table 1). For factors not reported in the original 

publications, we extracted corresponding values from global gridded datasets based on the geographic coordinates of each 

sampling site. In specific, these potential predictors includes six climatic variables—annual total precipitation (ATP), mean 150 

annual temperature (MAT), minimum temperature (Tmin), maximum temperature (Tmax), evapotranspiration (ET), and 

aridity index (AI); two topographic variables—elevation (DEM) and slope (Slope); four vegetation variables—leaf area index 

(LAI), enhanced vegetation index (EVI), species richness (SRich), and root diameter (RDiam); and fifteen soil variables—

total nitrogen (TN), total phosphorus (TP), total potassium (TK), available nitrogen (AN), available phosphorus (AP), available 

potassium (AK), silt content (Silt), clay content (Clay), sand content (Sand), gravel content (Gravel), soil pH, soil moisture 155 

(SM), bulk density (BD), soil organic matter (SOM) and soil depth (LDep). Detailed descriptions of the environmental 

variables and their sources are provided in Table 1. 

Prior to model training, we first conducted an initial multicollinearity screening using the Pearson correlation coefficients and 

the variance inflation factors (VIF). Recursive feature elimination (Guyon et al., 2002) was then applied separately to each 

response variable to identify the optimal subset of predictors, resulting in distinct sets of explanatory variables for the RF 160 

models of surface-layer (0–20 cm) FRB and the vertical attenuation coefficient (k) (Figs. 4 & 6). This process helps reduce 

model complexity, improve computational efficiency, optimize model fitting, and eliminate redundant variables that may 

negatively affect model performance. Recursive feature elimination is a model-based backward feature selection method that 
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iteratively trains a model, ranks variables according to their importance, and progressively removes features with low 

contributions, thereby identifying the optimal subset of predictors.  165 

Because the vertical distribution and controlling factors of woody plant roots differ substantially from those of herbaceous 

plants (Freschet et al., 2021; Mokany et al., 2006), separate RF models were developed for woody and herbaceous ecosystems. 

Ultimately, nine key variables were retained for woody vegetation, while eight key variables were retained for herbaceous 

vegetation (Fig. 4a). 

Consistent with the prediction of surface (0–20 cm) FRB, a total of 27 candidate variables encompassing climate, topography, 170 

vegetation, and soil properties were initially considered for modeling the attenuation coefficient (k) of FRB. Through 

multicollinearity screening and recursive feature elimination, redundant variables exhibiting high collinearity and low 

contribution were removed, resulting in optimal factor subsets for predicting the vertical attenuation coefficients of woody and 

herbaceous plants, respectively (Fig. 6a). 

Bayesian optimization was applied to determine the optimal model parameter values, resulting in a modeling framework that 175 

balances high predictive accuracy with strong interpretability. Model performance was evaluated using ten-fold cross-

validation. In each fold, 90% of the samples were used for training, while the remaining 10% for testing. Hyperparameters 

were optimized via Bayesian optimization. Model performance was assessed using the root mean square error (RMSE) and 

the coefficient of determination (R²) between observed and predicted values.  

The trained RF models against all observational data were then applied at a national scale to generate annual spatially-resolved 180 

maps of k values and surface-layer (0–20 cm) FRB at a spatial resolution of 1 km for the period 2005–2025. Based on the 

predicted k-values, we further derived the vertical FRB profile for each 1 km ×1 km grid cell across China (Eq. 1). By 

integrating the surface-layer FRB with the vertical profiles, we produced a gridded dataset of FBD across 0–2 m soil depth (at 

20 cm intervals) at 1 km spatial resolution for both woody and herbaceous ecosystems in China over the period 2005–2025.  

Note that, in arid regions where FRB does not decrease exponentially with soil depth (Fig. 1), the RF models for k were not 185 

applied. Instead, vertical FRB distributions in these regions were calculated directly as the ratio of FRB in subsurface soil 

layers to that in the surface layer. 

To quantify the prediction uncertainty, we used the 10 independent models generated during the 10-fold cross-validation 

(Kohavi, 1995). The complete observational dataset was divided into 10 mutually exclusive subsets, with nine subsets (90% 

of the observations) used for model training, and the remaining subset (10%) withheld for validation in each fold. This 190 

procedure produced 10 independently trained models for surface RFB density and 10 models for the vertical attenuation 

coefficient (k) for each vegetation type. 

Each model was applied to the same spatial predictor datasets for 2005–2025 to predict surface-layer FRB (0–20 cm) and the 

vertical attenuation coefficient (k). These predictions were then combined using the negative exponential relationship to 

reconstruct FRB throughout the 0–200 cm soil profile at 20 cm intervals. For each year, soil-depth interval, and grid cell, the 195 

standard deviation of predictions from different models generated during the 10-fold cross-validation were calculated as 
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absolute prediction uncertainty, respectively. Relative uncertainty was expressed as the ratio of the standard deviation to the 

ensemble mean. The annual, depth-resolved ensemble predictions of FRB and associated uncertainty estimates were archived 

and made available through Figshare. 

Table 1. Selected potential environmental variables controlling fine-root biomass and vertical distribution profiles.  200 

Category Variable Description Unit Period Reference 

Soil property 

pH Soil pH \ \ 

(Shangguan et al., 2013) 

Silt Silt content % \ 

Sand Sand content % \ 

Clay Clay content % \ 

Gravel Gravel content % \ 

TN Total soil nitrogen content g kg-1 \ 

TK Total soil potassium content g kg-1 \ 

TP Total soil phosphorus content g kg-1 \ 

AN Available soil nitrogen content mg kg-1 \ 

AK Available soil potassium content mg kg-1 \ 

AP Available soil phosphorus content mg kg-1 \ 

SOM Soil organic matter % \ 

BD Soil bulk density g cm-3 \ 

LDep Soil layer depth cm \ 

SM Soil Moisture m3 m-3 2005–2025 
(Muñoz-Sabater et al., 

2021) 

Climate 

MAT Mean annual temperature ℃ 2005–2025 

(Muñoz-Sabater et al., 

2021) 

Tmax 
Annual maximum monthly mean 

temperature 
℃ 2005–2025 

Tmin 
Annual minimum monthly mean 

temperature 
℃ 2005–2025 

ATP Annual total precipitation mm yr-1 2005–2025 

AI Aridity Index \ 2005–2025 

ET Evapotranspiration mm 2005–2025 ( Running et al., 2021) 

Topography 
DEM Elevation m \ 

(Farr et al., 2007) 
Slope Slope % \ 

Vegetation LAI Leaf area index m2 m-2 2005–2025 (Myneni et al., 2021) 
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EVI Enhanced vegetation index \ 2005–2025 (Didan, K., 2021)  

SRich Species Richness n \ Corresponding 

references RDiam Root Diameter mm \ 

2.5 Temporal validation and leave-one-year-out cross-validation 

To assess whether the model captures temporal variability in FRB, we conducted a temporal validation using field observations 

with recorded sampling years. This provides an complementary assessment to spatial cross-validation by evaluating whether 

the learned relationships in trained models can capture the interannual FRB dynamics. In this temporal valiadation, observed 

and predicted FRB were grouped into consecutive temporal intervals, and mean values were calculated for each interval. 205 

Uncertainty in the observed means was quantified from within-group variability and sample size, with confidence intervals 

used to represent the uncertainty of the temporal means. Observed and predicted trajectories were then compared in terms of 

their overall direction, magnitude, and temporal changes. Years without field observations were excluded rather than assigned 

zero values; therefore, the resulting trajectories represent only periods with available observations and do not imply continuous 

annual observations. 210 

In addition, we also performed a Leave-One-Year-Out (LOYO) cross-validation to explicitly assess temporal transferability 

and generalization of the trained models (Filippelli et al., 2024; Tredennick et al., 2021). In each LOYO iteration, all 

observations collected in a given year were completely withheld as an independent temporal test set, while observations from 

all other available years were used exclusively for model training. 

2.6 Identifying Key Environmental Factors 215 

We employed an advanced machine learning interpretability framework, SHapley Additive exPlanations (SHAP) (Lundberg 

et al., 2020), in combination with Recursive Feature Elimination (Guyon et al., 2002) to identify the key controlling factors of 

variability in FRB density. SHAP is grounded in cooperative game theory and quantifies the marginal contribution of each 

feature to model predictions by evaluating different combinations of feature subsets, thereby generating feature attribution 

values for each variable. The relative importance of environmental variables in predicting surface-layer (0–20 cm) FRB and 220 

the vertical attenuation coefficient (k) of FRB was quantified using the SHAP analysis, respectively. Furthermore, by 

leveraging the local interpretability of SHAP values, we analyzed the nonlinear response of surface-layer FRB and its vertical 

attenuation rate to major environmental drivers. 

3 Results and Discussion 

3.1 Vertical profiles of FRB density 225 

The FRB of woody vegetation generally decreased markedly from surface to deeper soil layers, with attenuation rates 

increasing from arid to humid zones (Fig. 3). In arid and semi-arid regions, a relatively larger proportion (36%–68%) of fine 

roots is distributed in deeper soil layers compared with humid regions (22%–25%), indicating a shift toward deeper rooting 
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strategies under water-limited conditions. Previous studies have shown that woody plants allocate more biomass to deeper 

roots to access more stable subsurface water resources, thereby enhancing drought resistance (Fan et al., 2017; Schenk and 230 

Jackson, 2002a).  

In contrast, in humid and semi-humid regions, FRB of woody vegetation is predominantly concentrated in the upper soil layers, 

with a reduced contribution from deeper layers. This shallow distribution reflects sufficient water availability near the surface 

and higher nutrient concentrations in topsoil, which reduce the need for deep rooting. Root distribution patterns are strongly 

influenced by the vertical distribution of soil resources, with nutrient-rich surface layers generally favoring shallow root 235 

systems (Jobbágy and Jackson, 2000; Ma et al., 2021). Overall, woody vegetation exhibits considerable plasticity in root 

distribution across aridity zones, shifting from shallow to deeper rooting strategies with increasing aridity (Fan et al., 2017).  

 

Figure 3. Vertical distribution of FRB in woody ecosystems across different aridity zones (AI is aridity index. Arid: AI < 0.2; Semi-

arid: 0.2 ≤ AI < 0.5; Semi-humid: 0.5 ≤ AI < 0.65; Humid: AI ≥ 0.65). k denotes the vertical FRB attenuation rate. 240 

Compared with woody plants, herbaceous plants exhibit a more rapid decline in FRB with increasing soil depth, indicating a 

stronger concentration of roots in shallow soil layers. Across all aridity zones, most (63%–90%) fine roots of herbaceous plants 

are confined to the upper soil layers (e.g., 0–20 cm), with relatively limited distribution in deeper soils. This pattern reflects a 

greater reliance on surface soil moisture and is consistent with the typically shallow rooting systems and rapid resource 

acquisition strategies of herbaceous plants (Freschet et al., 2021; He et al., 2023). In arid and semi-arid regions, the proportion 245 

of roots in deeper soil layers increases slightly, suggesting some degree of adaptive response to water limitation. However, 

this increase is much less pronounced than that observed in woody vegetation, indicating a more limited capacity for deep root 

development. In humid and semi-humid regions, herbaceous roots are almost entirely restricted to surface soils, reflecting the 
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abundant availability of water and nutrients in the upper soil layers. Overall, herbaceous vegetation shows relatively consistent 

shallow rooting patterns across aridity zones, with only modest adjustments under increasing aridity (Fan et al., 2017; Freschet 250 

et al., 2021; Jobbágy and Jackson, 2001; Lyu et al., 2025). 

 

Figure 4. Vertical distribution of fine root biomass in herbaceous ecosystems across different aridity zones (AI is aridity index. Arid: 

AI < 0.2; Semi-arid: 0.2 ≤ AI < 0.5; Semi-humid: 0.5 ≤ AI < 0.65; Humid: AI ≥ 0.65). k denotes the vertical FRB attenuation rate. 

3.2 Environmental controls of surface-layer FRB density 255 

The trained RF models in this study largely explain the variation in surface-layer (0–20 cm) FRB (Figs. 5a & c). For woody 

plants, the model achieved a R2 of 0.86, indicating that it explains most of the spatial variation in woody FRB. For herbaceous 

plants, the trained RF model explains 81% of the spatial FRB variation, also demonstrating high predictive accuracy. The 

trained RF model can also well capture the interannual variability in FRB across observation sites included in this study (Figs. 

6a & b). Moreover, Leave-One-Year-Out (LOYO) cross-validation showed that the models maintained predictive skill across 260 

the tested years for both vegetation types, demonstrating their temporal transferability and generalization across sampling years 

(Figs. 6c & d). 

Analysis using SHapley Additive exPlanations (SHAP) reveals marked differences in the key controlling factors of surface-

layer FRB between woody and herbaceous plants (Figs. 6a & c). In woody systems, root diameter (RDiam) is the most 

important predictor, with larger root diameters promoting higher FRB (Figs. 6a & b), particularly when RDiam is larger than 265 

2 mm (Fig. 6a). Following root diameter, soil total nitrogen (TN) and potassium (TK) also strongly regulate FRB density. FRB 

decreases sharply with increasing soil total nitrogen content when TN is lower than 0.25%, and then remains relatively stable 
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as TN continues to increase (Fig. 6b). This pattern suggests that under extremely nutrient-poor conditions, woody plants may 

substantially increase FRB to enhance nutrient acquisition. 

FRB shows a nonlinear relationship with local temperature (Fig. 6c), with relatively lower FRB observed in temperate regions 270 

where mean annual temperature (MAT) ranged from 5 to 18 °C. In cooler regions (MAT<5°C), plants tend to develop 

substantial fine roots to rapidly acquire water and nutrients during the relatively short growing season (Finér et al., 2011; Yuan 

and Chen, 2010). In warmer regions (MAT>18°C), plants also tend to allocate more biomass belowground to enhance nutrient 

acquisition, while higher biodiversity may further contribute to increased FRB (Niu et al., 2010; Tilman et al., 2001). 

Additionally, soil gravel content (Gravel) and bulk (BD) are also key controls on FRB, reflecting the constraining effects of 275 

soil physical properties on root growth and resource acquisition. High gravel content and soil compaction may restrict root 

penetration and reduce access to water and nutrients, thereby strongly influencing fine-root biomass distribution. 

 

Figure 5. Key environmental controls of the FRB in the 0–20 cm surface layer for woody and herbaceous vegetation. Panels (a) and 

(c) present the importance rankings of environmental factors controlling woody and herbaceous surface-layer FRB densities, respectively. 280 
In the inserted bar plots, blue bar denotes the coefficient of determination (R2) of regression function between observed and simulated 

surface-layer FRB densities, and orange bar represents the root mean square error (RMSE) of the simulated surface-layer FRB densities. 

Panels (b) and (d) show the corresponding SHAP beeswarm plots. Explanations of the environmental variables are provided in Table 1. 
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Figure 6. Comparison of observed and predicted interannual dynamics of fine root biomass (FRB) and leave-one-year-out (LOYO) 285 
cross-validation of the trained models. Panels (a) and (b) Observed and predicted temporal trajectories for woody and herbaceous 

vegetation, respectively. Panels (c) and (d) LOYO validation for woody and herbaceous vegetation, respectively. Shaded areas in panels (a) 

and (b) indicate uncertainty bands calculated as standard deviation. Dashed gray lines in panels (c) and (d) indicate 1:1 relationships. 

In contrast, herbaceous FRB is most strongly influenced by mean annual temperature (MAT), with higher mean annual 

temperature promoting higher FRB (Figs. 6d & 7d). This finding highlights the high sensitivity of herbaceous fine roots to 290 

cold stress. Elevation (DEM) and available soil phosphorus content (AP) ranked next in feature importance, indicating that 

nutrient availability and topographic conditions jointly regulate herbaceous FRB in surface soils (Figs. 6d, 7e & 7f).  
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Figure 7. Relationships between surface-layer (0–20 cm) FRB and key environmental controls based on SHAP interaction analysis. 

RDiam is root diameter; TN is total soil nitrogen content; MAT is mean annual temperature; DEM is elevation; AP is available soil 295 
phosphorus content. Orange represents woody vegetation, and blue represents herbaceous vegetation. Darker colors indicate higher point 

density, reflecting a greater concentration of samples in the corresponding value range. 

3.3 Environmental controls of vertical fine root profile 

In this study, the trained RF model effectively explained variations in the k coefficient describing the vertical FRB distribution 

(Figs. 8a & c). For woody vegetation, the trained RF model explains 57% of the spatial variation in its coefficient k, while  for 300 

herbaceous vegetation, the trained model explains 55%. 

SHapley Additive exPlanations (SHAP) analysis further revealed substantial differences in the key predictors of vertical FRB 

distribution between woody and herbaceous systems (Figs. 8a & c). For woody vegetation, species richness (SRich) emerged 

as the most important predictor. The vertical attenuation coefficient (k) increases initially when SRich was below 5 and then 

decreases gradually with further increases in species richness, indicating that the shallowest FRB distribution occurred when 305 

species richness was around 5 (Figs. 8b & 9a). Higher species richness likely promotes fine root concentration in surface soils 

through intensified competition for nutrient-rich topsoil resources and enhanced interspecific niche complementarity(Ma and 

Chen, 2017). Following species richness, both the aridity index (AI) and soil total nitrogen (TN) strongly regulated vertical 

FRB distribution. The k value increased continuously with increasing AI (Fig. 9b), suggesting that wetter conditions are 

associated with greater root concentration in surface soils. In addition, TN exerted a negative effect on k when TN was below 310 

0.14%, whereas a relatively stable positive effect was observed when TN exceeded 0.15% (Fig. 9c). This pattern suggests that 
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under combined water and nutrient limitations, woody plants may allocate more roots to deeper soil layers to enhance water 

and nutrient acquisition (Finér et al., 2011; Niu et al., 2010; Yuan and Chen, 2010). 

 

Figure 8. Key environmental controls of the vertical fine-root distribution pattern (k) for woody and herbaceous vegetation. Panels 315 
(a) and (c) present the importance rankings of environmental factors controlling woody and herbaceous surface-layer FRB densities, 

respectively. In the inserted bar plots, blue bars denote the coefficient of determination (R2) of regression function between observed and 

simulated k-values, and orange bars represent the root mean square error (RMSE) of the simulated k-values. Panels (b) and (d) show the 

corresponding SHAP beeswarm plots. Explanations of the environmental variables are provided in Table 1.  

Conversely, the vertical distribution of FRB in herbaceous vegetation is most strongly influenced by soil gravel content 320 

(Gravel), elevation (DEM), and annual maximum monthly mean temperature (Tmax). With increasing soil gravel content, the 

vertical attenuation coefficient (k) of herbaceous FRB declines continuously, particularly when Gravel is lower than 30% (Figs. 

8d & 9d). This indicates that FRB is more strongly concentrated in surface soils under conditions of lower gravel content, 

whereas higher gravel content promoted deeper root distribution. DEM shows the second strongest influence on herbaceous 

FRB profile (Fig. 8d). In regions with elevations lower than 1,800 m, k declines linearly with increasing elevation (Fig. 9e), 325 

whereas k remained relatively stable when elevation exceeds 1,800 m. This pattern indicates that herbaceous FRB is more 

strongly concentrated in surface soils in low-elevation regions than in middle and high-elevation regions, while the vertical 

FRB profiles in areas above 1,800 m were generally similar. 
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Tmax does not exert a strong influence on herbaceous FRB profiles when it is lower than 20 °C. However, when Tmax exceeds 

20°C, increasing temperature promotes greater FRB concentration in surface soil layers (Figs. 8d & 9f). Moreover, 330 

evapotranspiration (ET) and aridity index (AI) rank next in feature importance, suggesting that moisture availability also plays 

an important regulatory role in shaping the vertical distribution of herbaceous FRB (Fig. 8d).  

 

Figure 9. Relationships between vertical FRB attenuation coefficients (k) and key environmental controls based on SHAP interaction 

analysis. SRich is species richness; AI is aridity index; TN is total soil nitrogen content; Gravel is soil gravel content; DEM is elevation; 335 
Tmax is annual maximum monthly mean temperature. Orange represents woody vegetation, and blue represents herbaceous vegetation. 

Darker colors indicate higher point density, reflecting a greater concentration of samples in the corresponding value range. 

3.5 Spatial variation in FRB and profile across China 

Application of the RF models developed in this study across China indicates that the total FRB within the 0–2 m soil profile 

amounts to 3.0 Pg C for herbaceous vegetation and 1.4 Pg C for woody vegetation (Fig. 10). Both woody and herbaceous FRB 340 

exhibit substantial spatial variation across China. High woody FRB is primarily distributed in the mountainous regions of 

northeastern and southern China, where forest cover is extensive and ecosystems are strongly influenced by the monsoon 

climate. These regions generally provide favourable hydrothermal conditions and high productivity, which support greater 

belowground fine root growth. In contrast, herbaceous vegetation is mainly distributed in northwestern China, with particularly 

high FRB concentrated on the Qinghai-Tibet Plateau, followed by the Loess Plateau and Inner Mongolia Plateau. This spatial 345 

pattern highlights the dominant role of elevation in regulating herbaceous FRB, likely through its combined effects on 

temperature, moisture availability, and vegetation communities (Kattge et al., 2020; Pan et al., 2025). Moreover, comparison 

of the FRB predictions generated by the trained models during 10-fold cross-validation showed that the relative uncertainty in 
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simulated woody FRB was generally below 20%, with higher uncertainties mainly concentrated in southern China. In contrast, 

the relative uncertainty in simulated herbaceous FRB was overall higher than that of woody FRB, with high uncertainties 350 

primarily distributed across northern China. The mean relative uncertainty was approximately 11 ± 0.5% for woody FRB and 

15 ± 0.5% for herbaceous FRB (Figs. 10c & d ).  

 

Figure 10. Spatial patterns of FRB within 0–2 m soil profile for woody and herbaceous vegetation across China during 2005–2025. 

SUM is the total FRB within 0–2 m soil profile (FRB2m) across China. 355 

Pronounced differences are also observed in the vertical FRB profiles of woody and herbaceous plants (Figs. 11a & c). For 

woody vegetation, FRB declines relatively gradually with soil depth, with the surface 0–20 cm soil layer accounting for 49 ± 

6% of the total FRB within the 0–2 m soil profile. In contrast, herbaceous vegetation exhibits a more surface-concentrated 

distribution pattern, with FRB in the surface 0–20 cm soil layer accounting for 77 ± 7% of the total FRB.  
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In addition, the proportion of surface-layer (0–20 cm) FRB relative to total FRB (F value) varied substantially across China 360 

for both woody and herbaceous vegetation (Figs. 11b & d). For woody vegetation, FRB is more strongly concentrated in the 

surface soil layers in the mountainous regions of northeastern, central, and southwestern China, as well as in Taiwan Province 

(Fig. 11b). These regions generally have shallower soil profiles than other parts of China due to carbonate bedrock in 

southwestern China, slower rock weathering rates caused by low temperatures in northeastern China, and high soil erosion 

associated with steep slopes and intense rainfall in central and southern China. The spatial pattern of surface-layer FRB 365 

proportion in herbaceous vegetation differed notably from that of woody vegetation. Herbaceous fine roots were less 

concentrated in the surface soil layers of the Qinghai-Tibet Plateau than in other regions of China. This indicates a relatively 

deeper vertical distribution of herbaceous roots in alpine regions, likely reflecting an adaptive strategy to access more stable 

soil moisture and nutrients under cold, dry, and high-altitude environmental conditions. 

 370 

Figure 11. Total fine-root biomass (FRB) in different soil layers across China (a, c) and the spatial patterns of the ratios of surface-

layer (0–20 cm) FRB to total FRB within the 0–2 m soil profile (b, d). The insets in panels (b) and (d) present frequency distribution 

histograms of FRB for woody and herbaceous vegetation types, respectively. Mean and SD in panels (b) and (d) represent the mean value 

and standard deviation across different grid cells, respectively. F2005-2025 is the proportion of FRB in the surface layer (0–20 cm) relative to 

the total FRB of the whole soil profile during 2005-2025. 375 
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3.6 Historical changes in FRB and profile across China 

Application of the trained RF models indicates that the total FRB (0–2 m) for both woody and herbaceous vegetation across 

China declined significantly (p < 0.01) over the period 2005–2025 (Figs. 12a & c). From 2005 to 2025, total woody FRB 

declined by approximately 20%, which is substantially greater than the decrease in in total herbaceous FRB (approximately 

2%).  380 

The changes in FRB from 2005 to 2025 for both woody and herbaceous vegetation varied substantially across China. Although 

woody FRB increased across most regions of China during this period, numerous mountainous regions in southern, central, 

and northeastern China—where FRB were generally higher than in other regions (Fig. 12a)—experienced notable declines in 

woody FRB (Fig. 12b). In contrast to woody vegetation, herbaceous FRB decreased markedly across the Qinghai-Tibet Plateau, 

while increasing across the semi-arid belt extending from northeastern to southwestern China (Fig. 12d). Because FRB 385 

declined in regions with initially high FRB while increasing in regions with relatively low FRB, the overall spatial 

heterogeneity of FRB for both woody and herbaceous vegetation decreased over the past two decades. 

 

Figure 12. Spatiotemporal dynamics of fine-root biomass (FRB) in China during 2005–2025.  Panel (a), (c) temporal variation in total 

mean fine-root biomass (FRB) in China from 2005 to 2025. Panel (b), (d) spatial distribution of changes in mean FRB between 2020–2025 390 
and 2005–2010. Mean and SD in panels (b) and (d) represent the mean value and standard deviation across different grid cells, respectively. 

Our simulation results further reveal that environmental change over the past two decades significantly (p < 0.01) increased 

the proportion of FRB in the surface (0–20 cm) soil layer relative to FRB (F value) within the 0–2 m soil profile (Fig. 13). For 
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woody vegetation, the mean proportion of surface-layer to whole-profile FRB increased from less than 48% in 2005 to more 

than 49% in 2025 (Fig. 13a), while for herbaceous vegetation, the proportion increased from approximately 76.5% to more 395 

than 78% (Fig. 13c). The proportion of surface-layer to whole-profile FRB in woody vegetation increased across most regions 

of China over the past two decades, with decreases mainly occurring in southwestern China. For herbaceous vegetation, this 

proportion also increased across most regions of China, except for limited areas of the Qinghai-Tibet Plateau. These changes 

in vertical FRB distribution patterns may further influence soil biogeochemical cycling and alter vegetation responses to future 

climate change. 400 

 

Figure 13. Spatiotemporal changes in the proportion of fine-root biomass (FRB) in the surface soil layer (0–20 cm) relative to total 

FRB (0–2 m) in China during 2005–2025. Panels (a) and (c) temporal variations in F (the surface (0–20 cm) soil layer relative to FRB 

within the 0–2 m soil profile). Panels (b) and (d) spatial changes in F between 2005–2010 and 2020–2025. Mean and SD in panels (b) and 

(d) represent the mean value and standard deviation across different grid cells, respectively. 405 

4 Conclusions 

Based on 2,311 in-situ measurements of woody FRB and 3,580 measurements of herbaceous FRB collected from peer-

reviewed studies across China, we established separate RF models to estimate surface-layer (0–20 cm) FRB and the vertical 

attenuation coefficient (k) for woody and herbaceous ecosystems. Model validation showed strong predictive performance, 

explaining approximately 86% and 81% of the variation in surface-layer FRB for woody and herbaceous vegetation, 410 

respectively. Temporal validation further indicated that the models were able to reproduce the observed temporal variability 
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in FRB, while leave-one-year-out validation demonstrated that the models retained predictive skill when applied to years 

excluded from model training. Together, these complementary validation results provide evidence that the models captured 

not only spatial variation but also part of the temporal variability in observed FRB. The drivers of FRB differed substantially 

between vegetation types. Surface-layer FRB in woody vegetation was mainly regulated by root morphological traits and soil 415 

nutrient availability, whereas herbaceous FRB was more strongly constrained by climatic factors, particularly temperature. For 

vertical root distribution, woody vegetation was primarily influenced by species richness and aridity, while herbaceous 

vegetation was more sensitive to soil texture, elevation, and thermal conditions. These results highlight distinct belowground 

resource allocation strategies between woody and herbaceous plant communities. 

By integrating the trained RF models, we produced a gridded dataset of FRB across 0–2 m soil depth (at 20 cm intervals) at 1 420 

km spatial resolution for woody and herbaceous ecosystems across China during 2005–2025. The results showed that total 

FRB within the 0–2 m soil profile reached 1.4 Pg C for woody vegetation and 3.0 Pg C for herbaceous vegetation. Uncertainty 

analysis showed that the mean relative uncertainty in simulated woody and herbaceous FRB across China are 11 ± 0.5% and 

15 ± 0.5%, respectively. Higher uncertainties in simulated woody FRB mainly concentrated in southern China, whereas high 

uncertainties in simulated herbaceous FRB primarily distributed across northern China. Both FRB and vertical distribution 425 

exhibited pronounced spatial heterogeneity across climate zones and vegetation types. Over the past two decades, total FRB 

in the 0–2 m soil profile declined significantly (p<0.01) for both woody and herbaceous vegetation, while fine roots of both 

vegetation types showed an increasing tendency to concentrate in surface soil layers. This upward shift in root distribution 

may have important implications for soil carbon cycling, nutrient turnover, and ecosystem responses to future climate change. 

Overall, the dataset developed in this study provides a valuable national-scale benchmark for investigating belowground carbon 430 

dynamics, improving the parameterization and validation of terrestrial ecosystem models, and enhancing predictions of 

vegetation responses to ongoing environmental change. 

Code and data availability 

The gridded dataset of FRB across 0–2 m soil depth (at 20 cm intervals) at 1 km spatial resolution for all woody and herbaceous 

ecosystems in China over the period 2005–2025 is available at https://doi.org/10.6084/m9.figshare.32353257 (Zheng et al., 435 

2026). 
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