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The extent and distribution of carbon storage in plants is central 
to our understanding of the structure and function of the ter-
restrial biosphere1,2. At present, our understanding of global 

plant biomass stems primarily from satellite and inventory data 
that characterize the aboveground components of ecosystems1,3–6. 
However, a major component of plant biomass cannot be detected 
by satellites or direct aboveground observations because it exists 
belowground as roots, which are central to the functioning of ter-
restrial ecosystems7 and greatly affect ecosystem nutrient, water and 
carbon cycling8–11. Plant investment in root biomass has generally 
been explored using local-scale observations12,13, such that variation 
at regional and global scales remains unknown. Without empirical, 
spatially explicit models of the relative proportion of plant biomass 
distributed to roots (root-mass fraction, RMF), aboveground bio-
mass cannot be adequately scaled to total plant biomass6,14,15.

At the global scale, patterns of biomass fractions in roots, wood 
and leaves are expected to reflect a functional balance between the 
distribution of resources that exist above (light, CO2) and below 
(water, nutrient) the soil surface16,17. Indeed, plants tend to show 
proportionally higher biomass allocation to roots when below-
ground resources are scarce16–20. Because belowground limitations 
should be most pronounced in cold regions (where nutrient sup-
ply is low) and in dry environments13,21–23, RMFs are expected to 
increase with latitude24 and in arid regions with low water availabil-
ity13,22. Given such relationships, changing climate and associated 
shifts in above- versus belowground resource availability may alter 
relative plant investments in root biomass. Due to large variations 
in the longevity of different plant tissues, such shifts drive feedbacks 
between climate and the terrestrial carbon cycle25. Yet, despite the 
central role of biomass allocation in shaping vegetation responses to 
altered environmental conditions, we lack a quantitative, spatially 
explicit understanding of the factors driving RMF13,19,26, which is 

essential for improving confidence in future carbon cycle projec-
tions25. Characterizing the environmental drivers of the variation 
in RMF across the globe is thus critical for projecting plant biomass 
accumulation23, productivity27 and nutrient cycling11 under current 
or future climate change scenarios6.

Here we use a large dataset of plant RMFs to generate a spatially 
explicit understanding of the proportional plant biomass that exists 
in roots and upscale these predictions to the globe to quantify total 
belowground plant biomass. First, we constructed a database of 
17,814 plot-level RMF measurements, aggregated to 6,803 spatially 
distinct samples from forest (n = 5,170), grassland (n = 1,293), and 
shrubland (n = 340) vegetation (Fig. 1). Using 63 global layers of cli-
mate, topography, soil and vegetation features (Extended Data Fig. 1),  
we then trained random forest models to characterize the envi-
ronmental factors that drive geographic variations in RMFs within 
each vegetation type and interpolate these relationships across the 
globe. To comprehend the interactive mechanisms that have ulti-
mately shaped variations in biomass partitioning within and across 
regions, we additionally use recursive partitioning and regression 
methods accounting for spatial autocorrelation. Finally, we compare 
our empirical RMF data with vegetation model simulations to pin-
point important deviations in model predictions versus observed 
biomass fractions.

Global mapping of RMFs and model performance
There was considerable variation in RMF within each vegetation 
type (Fig. 2a–c), which can rival the amount of variation observed 
across types. Within forests, the highest RMFs are found in boreal 
regions and seasonally dry tropical and subtropical regions, such 
as the Mediterranean region, east Brazil, California, and Southern 
Africa (Fig. 3a). Within grasslands, RMFs in tropical areas are, 
on average, ~50% lower than in temperate environments, and the  
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highest RMFs are found in montane and temperate steppe regions 
with low temperature and soil moisture, such as the Qinghai-Tibetan 
and Mongolian plateaus (Fig. 3c). In shrublands, RMFs are highest 
in the boreal and arid biomes (Fig. 3e), while low RMFs occur in 
flooded savannas and tropical and subtropical ecosystems.

Based on a spatial validation procedure (spatially buffered 
leave-one-out cross-validation, LOO-CV), our random forest 
models explained 16–39% of the spatial variation in RMFs within 
vegetation types (LOO-CV R2 = 0.16, 0.34 and 0.39 for forests, 
shrublands and grasslands, respectively; Fig. 2d–f; Extended Data 
Fig. 2a–c shows random tenfold cross-validation results). We used 
LOO-CV to account for the potential effects of spatial autocorre-
lation on model validation statistics28, with buffer radii of 250 km 
in forests and shrublands and 500 km in grasslands. These buffer 
ranges were based on the extent of autocorrelation in the model 
residuals (Extended Data Fig. 2g–i shows residual semivariograms 
and Fig. 2g–i shows LOO-CV R2s for buffer radii from 1 to 500 km).

We then used these predictive relationships to spatially upscale 
observed RMFs over existing forest, shrubland and grassland areas 
across the globe to reveal the global distribution of RMFs for each 
vegetation type and combined across all existing vegetation (exclud-
ing cropland) (Fig. 3). Given the considerable variability in these 
pixel-level RMF estimates, the predictive uncertainty is relatively 
high at the single-pixel level. As such, although our map is projected 
at 30 arcsec (~1 km2 at the Equator) resolution, high-precision pre-
dictions require distances larger than 10 km (Extended Data Fig. 
2d–f). Yet, it is worth noting that, even at these distances, systemic 
bias could potentially cause these predictions to deviate from the 
true mean. We attempted to minimize this possibility by collecting 
data from a wide number of sources that would be unlikely to rep-
resent the same systematic bias, but the risk remains, particularly in 
areas with low sampling density. For example, due to the low sam-
pling density (Fig. 1), our models had high prediction uncertainty 
in African grasslands (Fig. 3d).

The environmental controls of RMFs
To generate a mechanistic understanding of the environmental fac-
tors driving the global variation in RMFs, we explored the direc-
tional effects of eight environmental features that have previously 
been shown to influence RMFs, including annual mean tempera-
ture and water availability (annual mean soil moisture and aridity 
index)21–23 (Fig. 4 and Extended Data Figs. 3–6). Our analyses show 
that, across all vegetation types, temperature and water availability 
are the dominant drivers of RMFs at the global scale (Fig. 4a–c), 
supporting the idea that belowground biomass increases when 
belowground resources are scarce18,19,29,30. However, we also identify 
important interactions among these main drivers that can obscure 
the simple directional effects at a global scale (Figs. 4d–l and 5).

In forests, previous meta-analyses21 and intraspecific com-
parisons13,31 showed an effect of soil water availability on RMFs. 
However, a recent global study on forest biomass distribution did 
not detect an effect of water availability and instead indicated mean 
annual temperature as the main driver of RMF variation23. Our 
global analyses can now reconcile this discrepancy, revealing strong 
interactions between temperature and soil moisture (Figs. 4d,g,j and 
5 and Extended Data Fig. 4a,b) that probably result from geographic 
variation in the interplay between water, temperature and nutrient 
limitation19,29,32. In dry areas, temperature exhibited a positive effect 
on RMFs (Figs. 4d,j and 5a and Extended Data Fig. 4a), probably 
because the extent of water limitation there is exacerbated by hot 
temperatures, leading to an increased investment into building 
roots. In contrast, in wet areas, nutrient limitation should be the 
driving force of above- versus belowground biomass investment, 
explaining why we see increasing RMFs toward cold areas where 
nutrients are at low supply and are less mobile. The normalized dif-
ference vegetation index (NDVI), an indicator of photosynthetic 
activity and canopy cover33, was negatively correlated with RMFs 
(Extended Data Fig. 3), suggesting reduced allocation to roots in 
dense forests where aboveground competition for light is high.

Shrublands follow similar trends to forests. The geographic gra-
dients of RMFs are systematically affected by the interplay between 
temperature and water availability (Fig. 4e,h and Extended Data 
Fig. 5). As in forests, we find that the negative effect of tempera-
ture on RMFs strongly increases toward moist regions (Fig. 4e and 
Extended Data Fig. 5a). In grasslands, soil moisture and tempera-
ture also represent dominant controls of RMFs. In contrast to for-
ests and shrublands, the negative effect of soil moisture on RMFs is 
most pronounced at intermediate temperature levels and the nega-
tive effect of temperature is most pronounced at dry locations (Fig. 
4f,i and Extended Data Fig. 6), probably reflecting functional differ-
ences between woody and herbaceous species (grasses), as grasses 
might be more tolerant to low temperature and drought.

Despite the general impacts of water availability and tempera-
ture on RMFs, soil characteristics, such as sand content, depth to 
bedrock and soil organic carbon-to-nitrogen (C:N) ratio, also play 
an important role in the geographic RMF gradient across all vegeta-
tion types (Extended Data Figs. 3–6). For instance, RMFs in forests 
are higher in regions with sandy and deep soil (Extended Data Figs. 
3 and 4d). High RMFs in sandy soils can probably be explained by 
reduced soil moisture due to the low water-holding capacity and an 
increased need for root stability, while lack of space belowground 
probably explains why shallow soils correlate with low RMFs. The 
C:N ratio of soil organic matter, a proxy for plant N availability34,35, 
was positively correlated with RMFs in shrublands, but showed no 
correlation in forests and a negative correlation with RMFs in grass-
lands (Extended Data Fig. 3). Despite usually being nutrient poor, 
arid regions typically have very low soil C:N ratios as a result of a 
small organic C pool36, explaining the negative correlation between 
soil C:N ratio and RMFs in grasslands and emphasizing the need for 
a direct characterization of nitrogen availability to represent global 
variations in plant-available nutrients.

Comparison with existing biomass models
To examine the possible utility of these spatial models, we explored 
the extent to which the observed variation in forest root-mass frac-
tions is reflected in existing biomass models. We assessed the abil-
ity of four dynamic global vegetation models that contribute to the 
dynamic global vegetation model project TRENDY (version 8)37 as 
well as the latest static global biomass prediction6 to replicate the 
observed RMFs in forest systems. The selected dynamic vegetation 
models do not currently simulate the spatial variation in RMFs that 
is reflected in our data (Extended Data Fig. 7; all R2 values < 0). The 
most recent static model of global above- and belowground plant 
carbon6 also failed to explain the observed spatial variation in RMFs 

Forest
Grassland
Shrubland

Fig. 1 | RMF sample locations in forests, shrublands and grasslands. A 
total of 17,814 RMF records (13,620 forest, 2,468 grassland and 1,726 
shrubland) were collected and aggregated into 6,893 spatially unique data 
points used for geospatial modelling (5,170 forest, 1,293 grassland and 340 
shrubland records; Methods).
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(Extended Data Fig. 7b, R2 < 0) and overpredicted RMFs by, on 
average, ~9.8%. As such, consideration of these new, emerging pat-
terns in belowground biomass may be useful for enhancing the per-
formance of global dynamic vegetation models. By capturing some 
of this unexplained variation in RMF across the globe, we hope that 
our predictive models can be used to benchmark and parameterize 
process-based models to represent the meaningful variation in plant 
belowground biomass investment across time and space.

Discussion
By reflecting the morphological adaptations of plants in different 
ecosystem types to varying resource availability, our global models 
of RMF are directly relevant for building a thorough understanding  

of the plant carbon sink, and associated plant trait variation over 
time and space. For instance, roots often have a lower litter qual-
ity (high C:N ratio) relative to leaves and aboveground wood38,39. 
Various studies additionally point towards a trade-off between 
plant growth rate and RMF, with high RMFs being associated with 
lower growth rates and higher stress tolerance38,40. Given the sig-
nificance of RMFs for ecosystem functioning on multiple levels7,27, 
our study provides a baseline for future research allowing for 
upscaling these feedbacks to the global scale. Moreover, this study 
represents a critical step toward assessing the impacts of climate 
change on terrestrial carbon distributions. The strong interactive 
effects of temperature and water availability on RMFs observed 
here indicate that warmer and drier climates in the future might 
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reshape the relative biomass allocation to root systems to main-
tain the functional balance of aboveground versus belowground 
resources and sinks.

The systematic variation in global plant RMFs that we detect 
now offers the opportunity to derive quantitative, spatially explicit 
estimates of total belowground biomass from existing aboveground 
biomass products. To exemplify this, we combined existing maps 
of aboveground plant biomass with land-cover maps41 and our 
vegetation-type-specific RMF estimates to approximate the varia-
tion in root biomass across the globe15 (Fig. 6 and Extended Data 
Fig. 8). We estimate a total belowground biomass of 93.9 (minimum 
to maximum = 77.5–113.8), 11.5 (9.1–14.4) and 5.2 (3.7–7.0) GtC 
for forests, shrublands and grasslands, respectively. As such, the 
contribution of belowground biomass to the total terrestrial plant 
biomass ranges around 24% (20–28%), highlighting the impor-
tance of belowground plant carbon pools for global biogeochemical 
cycling. This estimation of the total proportion of belowground bio-
mass largely agrees with previous estimates that ranged from 20% to 
30% at the global scale6,15,26,29,42,43.

While our model predictions well reflect the observed varia-
tion in RMFs across large spatial gradients, there are still lim-
its regarding our ability to accurately predict at finer spatial 
scales. First, although our observations support much of the 
mechanistic and experimental research in plant biomass invest-
ment, we must highlight that the correlations observed here are 
not necessarily indicative of causal relationships. In addition,  

a considerable proportion of the variation in root allocation 
remains unexplained, underscoring the need for further research 
and data collection to improve predictions of plant biomass par-
titioning. All RMF uncertainty estimates in this study reflect the 
bootstrap prediction uncertainty (Fig. 3b,d,f) or the intermodel 
consistency (Extended Data Fig. 9) and thus cannot represent 
other potentially important sources of uncertainty, such as mea-
surement error and sampling bias. Identifying ways to incorporate 
these other sources of uncertainty is a key outstanding challenge 
and will be critical to improving future modelling efforts. Some 
of the unexplained variation in our models is probably due to 
missing meta-information about the sites where the RMFs were 
observed. Because plot-level metadata is neither available nor 
could it be used for global extrapolation, our models had to rely on 
interpolated global layers of environmental conditions. These lay-
ers might accurately describe plot-level variations in aboveground 
parameters, such as mean annual temperature, but are probably 
introducing considerable uncertainties with respect to soil infor-
mation, in particular nutrient content. Yet, despite these covariate 
uncertainties, the out-of-sample model fit of 16–39% (obtained 
from spatial LOO-CV; Fig. 2d–i) demonstrates the important role 
that climate and soil characteristics play in shaping plant biomass 
distributions above- and belowground.

In conclusion, our analysis reveals the spatial distribu-
tion of plant root allocation at a global scale that can inform 
our understanding of vegetation carbon storage and dynamics.  
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The geographic gradients in above- versus belowground biomass 
distribution contribute to our understanding of limiting factors 
to plant growth and offer a new fine-scale framework to esti-
mate the total belowground carbon stocks of plants. We estimate 
that approximately one quarter of the total plant carbon is stored 
belowground, stressing the importance of root systems for the ter-
restrial carbon sink. These estimates of root biomass are directly 

determined by existing estimates of aboveground biomass, which 
are characterized by considerable uncertainty. As we continue to 
expand our understanding of global aboveground biomass, these 
predictive models of proportional belowground biomass contribu-
tions will be valuable for improving our predictions of total plant 
biomass and ecosystem functioning under current and future  
climate scenarios.
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Methods
Data collection. Collection of plot-level RMFs. To collect data on the biomass 
ratio between roots and shoots (root–shoot ratio, RSR) from the literature, we 
set ubiquitous criteria for all three vegetation types (forests, shrublands and 
grasslands) and specific criteria for some of the vegetation types. Data was only 
used if all of the following four criteria were met: (1) RSR values were available 
at the plot level (and not only for selected individuals); (2) data came from field 
measurements (allometry-derived RSRs were excluded). If the study consisted 
of multiple treatments, only data from the control treatment was selected; (3) 
coordinate information was given; and (4) measurements were taken after 
1960. For datasets that included information on more than one vegetation type, 
the abovementioned criteria were evaluated separately for the subset of trees, 
grasses and shrubs within the dataset. Furthermore, to minimize the influence 
of ontogenetic drift on RSRs in forests (higher root-to-shoot biomass ratios in 
seedlings than in adults44), we (1) excluded studies that focused on tree seedlings 
and (2) excluded seedlings or tree individuals within studies with a diameter at 
breast height (DBH) smaller than 10 cm. This selection process resulted in a total of 
17,814 plot-level RSR records, with 13,620 forest records from refs. 12,21,45–95, 2,468 
grassland records from refs. 26,63,81,82,96–113 and 1,726 shrubland records from  
refs. 58,63,81,82,91,96,99,105,114–184. For each vegetation type, we aggregated records from 
the same location by calculating the mean and removed obvious outliers by visual 
inspection (0.7%, 2.0% and 4.9% of the forest, grassland and shrubland data, 
respectively), resulting in spatially distinct data for a total of 5,170 forest, 1,293 
grassland and 340 shrubland records (Fig. 1). These aggregated measurements 
thus reflect the ratio of living plant biomass existing below- versus aboveground 
in a given location. We then converted all root–shoot ratio records to root-mass 
fractions (RMFs), restricting the data to values from 0 to 100%:

RMF =
RSR

RSR + 1 × 100%. (1)

Environmental covariates. In total, 63 environmental layers, including climate, soil, 
anthropogenic, vegetation and topographic variables, were used as covariates in 

our analyses (Extended Data Fig. 1 and ref. 185 provide covariate layer details). All 
layers were standardized to 30 arcsec resolution (~1 km2 at the Equator).

Geospatial modelling of root-mass fractions. Random forest models. To train 
global models of RMFs for each vegetation type, we ran a series of random forest 
machine learning models using the R package h2o186. We used a grid-search 
procedure to iteratively explore the results of a suite of random forest models 
trained on the 63 covariates. A list of hyperparameters was selected, varying in (1) 
the number of trees (50, 100 or 150), (2) the number of variables sampled at each 
split (2 to 10) and (3) the minimum observations per leaf (2 to 5), resulting in a 
total of 108 models for each vegetation type. During the grid-search procedure, we 
assessed the performance of each model using random tenfold cross validation. 
Coefficient-of-determination values (R2) for each fold were used to compute mean 
and standard deviation values for the cross-validated model. We selected the best 
ten models for each vegetation type based on the highest mean R2 values.

All R2 values reported throughout the manuscript represent the coefficient of 
determination relative to the 1:1 line of observed versus predicted values. This is 
equivalent to a standardized mean squared error:

R2
= 1 −

RSS
TSS = 1 −

n × MSE
TSS = 1 −

∑n
i=1(Oi − Pi)2

∑n
i=1(Oi − Ō)2

(2)

where RSS refers to the residual sum of squares, TSS the total sum of squares, MSE 
the mean squared error, Oi the observations, Pi the predictions and n the number of 
observations. This metric reflects systematic deviation between model predictions 
and observed values. Negative values indicate that the model performs worse than 
using the mean across observations.

To create the final maps, we used an ensemble approach, whereby, for each 
vegetation type, we averaged the global predictions from the best ten random 
forest models. The final R2 values (based on the ensemble of the cross-validated 
predictions) for RMFs in forests, shrublands and grasslands were 0.33, 0.47 and 
0.58, respectively (Extended Data Fig. 2a–c). By taking the average prediction 
across multiple models, ensemble methods minimize the influence of any single 
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Fig. 5 | Spatial variations in the environmental correlates of RMFs. a–f, Maps show the relationships between RMFs and annual mean temperature (left 
panels) or soil moisture (right panels) in forests (a,b), shrublands (c,d) and grasslands (e,f). Effect sizes (standardized coefficients) for each region are 
based on recursive partitioning trees (Extended Data Figs. 4–6). Red colours represent a positive effect of annual mean temperature or soil moisture on 
RMFs and blue colours represent a negative effect.
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prediction, thereby stabilizing variation and minimizing bias that can otherwise 
arise from extrapolation or in-fit overfitting when using a single machine learning 
model187. Moreover, by quantifying the variation across these ensemble predictions 
(intermodel consistency), we can identify areas that have low consensus across 
multiple models (Extended Data Fig. 9).

To implement this ensemble approach, the mean predicted value across the 
ten best-fitting models was used as the final model prediction for each vegetation 
type for each pixel, and the coefficient of variation across these ten models was 
used to characterize intermodel consistency (see “Evaluating model uncertainties”). 
All predictions were masked by the global distribution of forests, shrublands and 
grasslands (≥10% coverage), based on a 30 arcsec (1 km2) consensus land-cover 
map41, representing the percentage of area covered by each vegetation type per pixel.

We also generated a unified RMF map, reflecting a weighted RMF average 
across vegetation types (Fig. 6c). To do so, we accounted for the relative 
aboveground biomass contribution of each vegetation type to the pixel-level total 
biomass (see “Belowground biomass estimation”).

To test for the potential effect of spatial autocorrelation in the model residuals, 
which can cause overestimation of model predictive power28, we ran spatially 
buffered LOO-CV for a series of buffer radii from 1 to 500 km. In this procedure, 
each data point is predicted by a model that uses all data outside the buffer radius 
of the respective data point as training data, resulting in 5,170, 1,293 and 340 
independent model runs for forests, grasslands and shrublands, respectively. For 
each vegetation type, we used the hyperparameter settings of the best-performing 
random forest model (based on random tenfold cross validation, see above). 
As in the other models, model performance was evaluated by the coefficient of 
determination relative to the 1:1 line (equation (2)) of observed versus predicted 
values (Fig. 2d–i).

To assess the range of autocorrelation, we created semivariograms of model 
residuals (Extended Data Fig. 2g–i). The residual semivariograms of our random 
cross-validation and leave-one-out cross-validation models show autocorrelation 
ranges on the order of ~150 to 500 km. Based on these results, we chose buffer radii 
of 250 km for forests and shrublands and 500 km for grasslands, which represent 
the range of autocorrelation of RMF residuals.

All models were run in R version 3.5.1 (ref. 188). Geospatial mapping was 
performed in Google Earth Engine189.

Evaluating model uncertainties. To represent the confidence of our estimates for 
each pixel based on sampling uncertainty, we performed a stratified bootstrapping 
procedure using all data within each vegetation type. We set the number of 
bootstrap iterations to 100, that is, all pixels of the raster layer data (93,693,855 
in forests, 60,977,011 in shrublands and 49,464,610 in grasslands) were classified 
100 times. Each of the three datasets (forest, shrubland and grassland) were 
sampled with replacement, using biome as stratification category to proportionally 
represent the major bioclimatic zones in each of the 100 bootstrap samples. The 
size of each bootstrap sample was equal to the size of the original datasets. Each of 
the 100 bootstrap samples were then used to classify the composite image. Finally, 
these 100 images were used to calculate per-pixel coefficient-of-variation values 
(standard deviation divided by the mean predicted value) as a measure of sampling 
uncertainty (hereafter referred to as bootstrap prediction uncertainty; Fig. 3b,d,f).

To identify pixel-level uncertainties in the unified RMF map, combining 
all three vegetation types, we first calculated the difference between the upper 
(97.5% quantile) and lower (2.5% quantile) RMF prediction for each pixel and 
vegetation type, based on the bootstrapping procedure. We then obtained the lower 
and upper RMFs within each pixel, based on the lower and upper RMFs in each 
vegetation type, accounting for the relative aboveground biomass contribution of 
each vegetation type to the pixel-level total biomass (Fig. 6d and see “Belowground 
biomass estimation”).

We additionally created a spatially explicit visualization of the variation 
in predictions across the ten best random forest models, hereafter referred to 
as intermodel consistency, by calculating the per-pixel coefficient of variation 
(standard deviation divided by the average) across the ten best random forest 
models (Extended Data Fig. 9).

To assess the extent of extrapolation in our models, that is, how well our 
training data represents the full multivariate environmental covariate space, we 
performed a principal-component-analysis–based approach following van den 
Hoogen et al.185. We projected the covariates composite into the same space using 
the centring values, scaling values and eigenvectors from the principal component 
analysis of the training data. Then, we created convex hulls for each of the bivariate 
combinations from the top principal components (which collectively covered more 
than 90% of the sample space variation), and classified whether each pixel falls 
within or outside each of these convex hulls. We used 17 principal components 
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Fig. 6 | The global distribution of belowground plant biomass. a, Average belowground plant biomass per area (tonnes of carbon per hectare) scaled 
by the relative biomass contribution of each vegetation type (Methods). b, Relative prediction uncertainty calculated as the difference between the 
highest and lowest belowground carbon estimates per pixel (based on the minimum and maximum estimates for each vegetation type) divided by the 
mean carbon estimate in the respective pixel. c,d, Average pixel-level RMF distribution (c) and associated uncertainty (d) integrating forest, grassland 
and shrubland RMFs. To obtain pixel-level averages, RMFs of the three functional types were weighted by the relative contribution of each type to 
the aboveground biomass in the respective pixel (Methods). With this map, pixel-level estimates of aboveground biomass can be directly scaled to 
belowground biomass. The uncertainty map shows the difference between maximum and minimum RMFs divided by averaged RMFs. All maps are 
projected at 30 arcsec (~1 km2) resolution.
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(PCs) with 136 combinations for all covariates for the forest dataset, 15 PCs with 
105 combinations for all covariates for the shrubland dataset, and 16 PCs with 120 
combination for all covariates for the grassland dataset. This analysis revealed that 
94%, 70% and 78% of land pixels falling in the extent of the respective vegetation 
type are covering at least 90% of the environmental conditions present in our 
training data locations in forest, shrubland and grassland, respectively (Extended 
Data Fig. 10).

The maps are available online at: https://code.earthengine.google.com/2b17d68
44f6077ea25021988cbc9b4c7.

Environmental drivers of geographic variation in root-mass fractions. 
Variable selection. To explore the effect of magnitude and direction of the main 
environmental drivers of RMFs within forests, shrublands and grasslands, 
we selected 8 uncorrelated environmental factors among our 63 covariates, 
representing climate, vegetation and soil features that are of high ecological 
importance and that have shown significant relationships with RMF in previous 
studies21–23,82: annual mean temperature, aridity index, NDVI, tree density, soil 
organic C:N ratio, soil depth to bedrock, soil-moisture profile (the available water 
for the plant divided by the total water-holding capacity of the soil) and soil sand 
content. To test for multicollinearity among covariates, we calculated variance 
inflation factors using the R package HH190. For all vegetation types, variance 
inflation factors were less than three, indicating sufficient independence among 
predictor variables.

Variable importance testing. We then ran a random forest model, implemented 
in the h2o R package186, and quantified the relative importance of each of the 
eight variables, as determined by calculating whether that variable was selected 
to split on during the tree-building process, and how much the squared error 
(over all trees) improved as a result. To test whether our subset of 8 variables is 
representative of the main drivers of RMFs across our full random forest model 
including all 63 covariates, we compared the R2 values (from random tenfold cross 
validation) of the reduced 8-covariate model with the full 63-covariate model. The 
results show that the reduced model captures 78%, 79% and 83% of the variation 
explained by our full model for forests, grasslands and shrublands, respectively, 
indicating that our subset of 8 independent variables represents the main drivers of 
our full model.

To further explore how the effects of environmental variables on RMFs vary 
depending on the magnitude of other environmental drivers, we ran recursive 
partitioning analyses using the packages partykit191 and ggparty192. Using a machine 
learning (that is, decision tree) algorithm, we explored the context dependency of 
the slope and intercept of a univariate linear model for the effect of any of the top 
four predictor variables (Fig. 4a–c) on RMFs, while the three remaining variables 
were evaluated as potential split points (Extended Data Figs. 4–6 and Fig. 5). 
The minimum node size (minimum number of observations contained in each 
terminal node) was set to ~10% of the total data, that is, 500 for forests, 120 for 
grasslands, and 30 for shrublands. These analyses demonstrate that the effects of 
one variable are highly dependent on other variables; the slope of the regression 
even changed from negative to positive depending on other explanatory variables 
(for example, Extended Data Fig. 4a). To exemplify the strong interactive effects 
of temperature and water availability, we additionally characterized the effects of 
mean annual temperature on RMFs within different soil-moisture classes and vice 
versa (Fig. 4d–l).

Partial-regression analysis. We also tested for consistent global trends of the eight 
variables on RMFs by univariate partial-linear-regression models. For forests, 
we ran bootstrapped partial-linear-regression models to remove the spatial 
autocorrelation present in our full dataset (see below) by randomly subsampling 
1,700 points (33%) with replacement out of a total of 5,170 points 1,000 times. For 
each subsample, we fit a partial-regression model for each covariate of interest 
and calculated the corresponding slope. The results were then aggregated by 
calculating the mean coefficient (slope) across all model runs. For grasslands and 
shrublands, we used the whole dataset for our univariate partial-linear models. 
These partial-regression models show the overall effect of one variable when 
controlling for the global variation in all other variables. We tested for spatial 
autocorrelation in the residuals that could potentially bias significance tests and 
parameter estimates193 by performing Moran’s I tests. We detected significant 
spatial autocorrelation in the full forest data (I = 0.27, P < 0.001), and our 
bootstrapping procedure successfully removed this spatial autocorrelation (Moran’s 
I P value > 0.05) for 98% of the subsampled datasets. There was no significant 
spatial autocorrelation in grasslands (I = 0.04, P = 0.36) and shrublands (I = 0.15, 
P = 0.13).

As illustrated by the strong interaction between soil moisture and annual 
mean temperature (Fig. 4), a non-significant effect in these global linear models 
(Extended Data Fig. 3) does not mean that the respective variable does not affect 
RMFs; it rather indicates that there is no globally coherent trend detectable for this 
variable. For example, in shrublands, soil moisture had a positive effect on RMFs 
in cold regions and a negative effect on RMFs in warm regions (Fig. 4h). This 
dependency on other variables therefore explains why our global partial-regression 
models show no consistent general trend for this variable (Extended Data Fig. 3).

Belowground biomass estimation. Belowground biomass was estimated by 
integrating global estimates of aboveground biomass (Intergovernmental Panel 
on Climate Change (IPCC) tier 1)15 with our high-resolution maps of RMFs. To 
account for the occurrence of different vegetation types within pixels, we divided 
the aboveground biomass of each pixel into the relative proportion comprising 
different vegetation forms, derived from a high-resolution land-cover map41. 
Generally, total aboveground biomass of each pixel (AGBi) can be partitioned by 
the following formula:

AGBi = AGBf + AGBg + AGBs (3)

where AGBf, AGBg and AGBs refer to the aboveground biomass of forests, grasses 
and shrubs for each pixel. For each vegetation type, the aboveground biomass can 
be rewritten as the product of aboveground biomass density (ABD; biomass per 
unit area), focal vegetation coverage (C), and pixel area (Ai). As such, aboveground 
biomass for each vegetation type can be expressed as:

AGBf = ABDf × Cf × Ai (4)

AGBg = ABDg × Cg × Ai (5)

AGBs = ABDs × Cs × Ai (6)

and we can therefore rewrite equation (3) to:

AGBi = (ABDf × Cf + ABDg × Cg + ABDs × Cs) × Ai. (7)

Because the IPCC tier 1 biomass layer does not account for different vegetation 
types within pixels15, we estimated the biomass that each vegetation type 
contributes within each pixel by using fixed biomass ratios per unit area for each 
ecofloristic zone15:

α =
ABDf
ABDg

, (8)

β =
ABDs

ABDg
(9)

where α is the biomass ratio between forests and grasslands and β is the biomass 
ratio between shrublands and grasslands. To obtain the biomass ratios α and β, 
we used aboveground biomass values for each vegetation type and ecofloristic 
zone published in the IPCC report15. By combining these ratios with the spatial 
coverage of each vegetation type within pixels41, we were able to allocate the 
total aboveground biomass of each pixel known from equation (7) to the three 
vegetation forms as:

AGBi = (Cf × α × ABDg + ABDg × Cg + Cs × β × ABDg) × Ai (10)

where Ai is the area of the pixel and Cg, Cf and Cs refer to the relative grassland, 
forest and shrubland coverage.

Because all parameters in equation (10) are known besides ABDg, we can solve 
this equation for each pixel to estimate ABDg. We then used this value to obtain 
the corresponding aboveground densities for forest and shrubland using equations 
(8) and (9). Finally, we used these density values to obtain the total aboveground 
biomass for each vegetation type for each pixel, using equations (3–6)13,15.

Using these pixel-level estimates of aboveground biomass for each vegetation 
type, we then calculated belowground biomass (BGB) per pixel by scaling these 
values by our RMF estimates using equation (1) (Extended Data Fig. 8a,c,e).

BGBf = AGBf × RSRf (11)

BGBg = AGBg × RSRg (12)

BGBs = AGBs × RSRs (13)

BGB uncertainty within vegetation types was based on the upper and lower 
biomass estimates in each pixel and vegetation type, which were calculated from 
the upper and lower RMFs based on the bootstrapping procedure (Extended Data 
Fig. 8b,d,f).

To compute the total BGB in each pixel (Fig. 6a), BGB values of each vegetation 
type were aggregated via:

BGBi = BGBf + BGBg + BGBs. (14)

Total BGB uncertainty in each pixel was then derived from the sum of the 
upper or lower biomass estimates for each vegetation type (Fig. 6b).

To compute total belowground biomass at the global scale, we summed 
pixel-level BGBs:
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Total BGB =
∑

BGBi . (15)

Similarly, belowground biomass of each vegetation type was summed by:

Total BGBf =
∑

BGBf, (16)

Total BGBg =
∑

BGBg, (17)

Total BGBs =
∑

BGBs. (18)

To obtain a pixel-level RMF map that accounts for all three vegetation types 
(Fig. 6c), the belowground biomass of each pixel was divided by the total (below- 
and aboveground) biomass of each pixel:

RMFi =
BGBi

AGBi + BGBi
. (19)

Comparison of observed RMFs with dynamic global vegetation model outputs. We 
derived root-mass fractions as root biomass divided by total vegetation biomass 
and averaged (mean) over the years 1986–2015 from outputs of TRENDY 
(version 8) global vegetation model simulations following the S2 setup (that is, 
forced with observed climate and CO2, while land use and land-use change were 
held constant at year 1700 state). The resulting maps represent ‘ecosystem-level’ 
root-mass fractions, aggregated across all plant functional types (PFT) by grid 
cell. To represent forest RMFs, we used only simulated RMFs of grid cells with 
a forest-cover fraction (determined by model outputs of total fractional plant 
coverage of all tree PFTs) of >50% (Extended Data Fig. 7). We tested the robustness 
of model–data comparison using an alternative threshold of >90% forest cover. 
Both thresholds yielded the same results, with R2s of observed versus predicted 
RMFs consistently <0. Models were selected for our analysis if outputs were 
provided for all required variables (root biomass, total vegetation biomass and PFT 
cover fraction).

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The root–shoot ratio data underlying this study are available at https://github.com/
haozhima95/Global_mapping_root_shoot_ratio/tree/master/RSR_data. Citations 
for the root–shoot ratio data are provided in the methods.

Code availability
The code used for this study is available at https://github.com/haozhima95/Global_
mapping_root_shoot_ratio.git.
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Extended Data Fig. 1 | Information on the 63 selected covariate layers used to model root mass fractions194–205.
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Extended Data Fig. 2 | Random 10-fold cross-validation (RCV) of the spatial root-mass fraction models and spatial autocorrelation of model residuals. 
a–c, Heat plots showing the relationships between predicted and observed RMFs in forests (a), shrublands (b), and grasslands (c) based on RCV. Solid 
lines indicate fitted relationships based on ordinary least squares regression [coefficient of determination values relative to the 1:1 line (equation 2) shown 
in the bottom right corner], dashed diagonal lines indicate a 1:1 relationship between observed and predicted points. d–f, The standard errors of the 
observed (black) and predicted (grey) mean values of root mass fractions decrease with increasing sample size. The operation was repeated with 1,000 
random seeds for the observed and predicted mean values, and the calculated standard errors of the mean are shown. Note, ‘sample size’ in D–F refers 
to the number of pixels, and thus denotes square kilometres. g–i, Semivariograms illustrating spatial autocorrelation of model residuals in forests (g), 
shrublands (h) and grasslands (i). Semivariances of residuals were computed based on random 10-fold cross validation (blue) and spatial leave-one-out 
cross-validation (LOO-CV) with buffer radii of 150km (dark green), 250km (green) and 500km (light green). Dashed vertical lines indicate the buffer radii 
of the final validation model reported throughout the text.
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Extended Data Fig. 3 | Partial regression coefficients for the effects of 8 environmental covariates from linear multiple regression models. To reduce the 
influence of spatial autocorrelation, a bootstrapping procedure was applied for the forest data (see Methods). Red dots indicate positive effects on RMFs, 
blue dots indicate negative effects. Error bars reflect two standard errors either side of the mean partial regression coefficient.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Recursive partitioning trees for the univariate effects of annual mean temperature (a), soil moisture (b), NDVI (c), and sand 
content (d) on RMFs in forests. These four variables were chosen on basis of the random forest variable importance metric (Fig. 3a) and, for each model, 
the remaining three variables were evaluated as potential split points. The number of independent observations contained in each terminal node was 
constrained to ≥10% of the total data (500 observations). Regression plots show slopes and 95% confidence intervals.
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Extended Data Fig. 5 | See next page for caption.
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Extended Data Fig. 5 | Recursive partitioning trees for the univariate effects of annual mean temperature (a), soil moisture (b), aridity index (c), and 
NDVI (d) on RMFs in shrublands. These four variables were chosen on basis of the random forest variable importance metric (Fig. 3b) and, for each 
model, the remaining three variables were evaluated as potential split points. The number of independent observations contained in each terminal node 
was constrained to ≥10% of the total data (30 observations). Regression plots show slopes and 95% confidence intervals.
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Recursive partitioning trees for the univariate effects of annual mean temperature (a), soil moisture (b), aridity index (c), and 
NDVI (d) on RMFs in grasslands. These four variables were chosen on basis of the random forest variable importance metric (Fig. 3c) and, for each model, 
the remaining three variables were evaluated as potential split points. The number of independent observations contained in each terminal node was 
constrained to ≥10% of the total data (120 observations). Regression plots show slopes and 95% confidence intervals.
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Extended Data Fig. 7 | Comparison of observed forest RMFs with predicted RMFs from dynamic global vegetation models and a current-generation 
biomass map. The blue bars represent histograms of predicted RMF values based on our LOO-CV procedure (a), current-generation biomass estimates6 
(b), and the vegetation models CABLE-POP (c), CLASS-CTEM (d), ISAM (e) and ORCHIDEE (f). Yellow bars represent observed values. Insets show 
scatter plots of predicted versus observed RMFs with solid lines indicating fitted relationships, dashed diagonal lines indicating a 1:1 relationship between 
observed and predicted points. For the vegetation models, forest was defined as pixels with a tree cover fraction higher than 50%.
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Extended Data Fig. 8 | The global distribution of belowground plant biomass and associated uncertainties in forests (a, b), grasslands (c, d), and 
shrublands (e, f). a, c, e, Belowground plant biomass (in tons carbon per hectare). b, d, f Associated uncertainties in belowground carbon, calculated 
as the predicted biomass range (based on 2.5% and 97.5% RMF quantiles derived from the bootstrapped RMF models) divided by the mean predicted 
biomass in each pixel. Maps are projected at 30 arc-seconds (~1 km2) resolution.
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Extended Data Fig. 9 | See next page for caption.

Nature Ecology & Evolution | www.nature.com/natecolevol

http://www.nature.com/natecolevol


ArticlesNAtuRE EcOlOGy & EvOlutiOn ArticlesNAtuRE EcOlOGy & EvOlutiOn

Extended Data Fig. 9 | Root mass fraction inter-model consistency in forests (a), grasslands (b) and shrublands (c). Inter-model consistency was 
calculated as the coefficient of variation (standard deviation divided by mean, in %) of the predictions of the 10 best models. Maps are projected at 30 
arc-seconds (~1 km2) resolution.
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Extended Data Fig. 10 | See next page for caption.
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Extended Data Fig. 10 | The extent of interpolation and extrapolation across all terrestrial pixels in which the respective vegetation type, forest (a), 
grassland (b) and shrubland (c) occurs. Values represent the percentage of interpolation based on principal component analysis, that is, the percentage 
of bands that fall into the convex hull space.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
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Software and code
Policy information about availability of computer code

Data collection Data was collected manually by searching the literature. Citations for the root-shoot ratio data are provided in the methods.

Data analysis The analyses were run in R [R Core Team (2021) R: a language and environment for statistical 
computing. R Foundation for Statistical Computing, Vienna, 
Austria. http://www.R-proje ct.org. Accessed 17 Jan 2021] and Google Earth Engine (https://earthengine.google.com). 
The code used for this study is available at https://github.com/haozhima95/Global_mapping_root_shoot_ratio.git. 

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The root-shoot ratio data underlying this study are available at https://github.com/haozhima95/Global_mapping_root_shoot_ratio/tree/master/RSR_data. Citations 
for the root-shoot ratio data are provided in the methods.
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Ecological, evolutionary & environmental sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description We use a global dataset of plant root mass fractions to generate a spatially explicit understanding of the proportional plant biomass 
that exists in roots and upscale these predictions to the globe to quantify total belowground plant biomass. Our database consists of 
17,814 plot-level root mass fraction measurements, aggregated to 6,803 spatially distinct samples from forest (N = 5170, from 52 
studies), grassland (N = 1293, from 22 studies), and shrubland (N = 340, from 82 studies) biomes. Using 63 global layers of climate, 
topography, soil, and vegetation features, we trained random forest models to characterize the environmental factors that drive 
geographic variations in RMFs within each vegetation type and interpolate these relationships across the globe. We additionally use 
recursive partitioning and regression methods accounting for spatial autocorrelation and compare our empirical root mass fraction  
data against vegetation model simulations.

Research sample Plot-level root-shoot biomass ratios in trees, grasses and shrubs.

Sampling strategy No statistical methods were used to predetermine sample size. 

Data collection Data was collected through literature search. Citations for the root-shoot ratio data are provided in the methods.

Timing and spatial scale Root-shoot ratio data from all continents except Antarctica, collected after the year 1960 were used in this study. 

Data exclusions Data was only used if all of the following four criteria were met: 1) RSR values were available at the plot level (and not only for 
selected individuals); 2) data came from field measurements (allometry-derived RSRs were excluded). If the study consisted of 
multiple treatments, only data from the control treatment was selected; 3) coordinate information was given; and 4) measurements 
were taken after 1960. For datasets that included information on more than one vegetation type, the abovementioned criteria were 
evaluated separately for the subset of trees, grasses and shrubs within the dataset. Furthermore, to minimize the influence of 
ontogenetic drift on RSRs in forests (higher root-to-shoot biomass ratios in seedlings than in adults45), we 1) excluded studies that 
only focused on seedlings of trees and 2) excluded seedlings or tree individuals with a DBH smaller than 10cm within studies. 

Reproducibility n/a

Randomization n/a

Blinding n/a

Did the study involve field work? Yes No

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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