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Supplementary Figure 1. Predicted distribution of community weighted mean (CWM) leaf area (AreaL). (A) Shows the 
predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 2. Predicted distribution of community weighted mean (CWM) leaf dry mass (DML). (A) Shows the 
predicted spatial distribution of this tree trait. (B) Shows boxplots for the CWM trait distribution values for tropical American (Am), 
African (Af) and Asian (As) forests extracted from the spatial predictions in (A). (C) Shows boxplots for the CWM trait distribution 
values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, African and Asian forests classified and 
extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset (ecoregions.appspot.com). (D) Shows the 
predicted versus observed CWM trait values with lighter colours depicting a higher count of pixels or area. (E) Shows the variable 
importance values, ranging from 0 (no importance) to 1 (high importance), of the covariates used in the Random Forest model for 
predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral bands, yellow for vegetation indices, green for 
texture metrics, maroon for climate and terrain variables and brown for soil related variables. In (A) red to orange show areas with 
low to intermediate trait values, while light to dark blue depict areas with intermediate to high trait values. In (B) and (C) the 
horizontal black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait 
value or not further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. 
The map of prediction uncertainty (standard error) is shown in Supplementary Figure 15. For the significance of differences between 
CWM trait mean values in (B) and (C), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 3. Predicted distribution of community weighted mean (CWM) leaf fresh mass (FML). (A) Shows the 
predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 4. Predicted distribution of community weighted mean (CWM) specific leaf area (SLA). (A) Shows 
the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 5. Predicted distribution of community weighted mean (CWM) leaf thickness (ThicknessL). (A) Shows 
the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5.
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Supplementary Figure 6. Predicted distribution of community weighted mean (CWM) leaf water content (WCL). (A) Shows 
the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 7. Predicted distribution of community weighted mean (CWM) wood density (WD). (A) Shows the 
predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots for the 
CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 8. Predicted distribution of community weighted mean (CWM) leaf carbon concentration (CL). (A) 
Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots 
for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 9. Predicted distribution of community weighted mean (CWM) leaf calcium concentration (CaL). (A) 
Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows boxplots 
for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). (D) Shows 
boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical American, 
African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions dataset 
(ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher count 
of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5.
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Supplementary Figure 10. Predicted distribution of community weighted mean (CWM) leaf potassium concentration (KL). 
(A) Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows 
boxplots for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). 
(D) Shows boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical 
American, African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions 
dataset (ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher 
count of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Supplementary Figure 11. Predicted distribution of community weighted mean (CWM) leaf magnesium concentration 
(MgL). (A) Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) 
Shows boxplots for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions 
in (A). (D) Shows boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the 
tropical American, African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE 
Ecoregions dataset (ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours 
depicting a higher count of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high 
importance), of the covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance 
for Senitnel-2 spectral bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and 
brown for soil related variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard 
error respectively, while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions 
respectively. For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the 
horizontal black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait 
value or not further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. 
For statistical model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean 
values in (C) and (D), obtained using a T-test, see Supplementary Tables 4 and 5.
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Supplementary Figure 12. Predicted distribution of community weighted mean (CWM) leaf nitrogen concentration (NL). 
(A) Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows 
boxplots for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). 
(D) Shows boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical 
American, African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions 
dataset (ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher 
count of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5.
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Supplementary Figure 13. Predicted distribution of community weighted mean (CWM) leaf phosphorus concentration (PL). 
(A) Shows the predicted spatial distribution of this tree trait. (B) Standard Error of predicted distribution of CWM. (C) Shows 
boxplots for the CWM trait distribution values for tropical America, Africa and Asia extracted from the spatial predictions in (A). 
(D) Shows boxplots for the CWM trait distribution values for tropical dry (Dry) and tropical wet (Wet) forests across the tropical 
American, African and Asian forests classified and extracted from the spatial predictions in (A) using the RESOLVE Ecoregions 
dataset (ecoregions.appspot.com). (E) Shows the predicted versus observed CWM trait values with lighter colours depicting a higher 
count of pixels (i.e. area). (F) Shows the variable importance values, ranging from 0 (no importance) to 1 (high importance), of the 
covariates used in the Random Forest model for predicting CWM traits, with blue colour showing importance for Senitnel-2 spectral 
bands, yellow for vegetation indices, green for texture metrics, maroon for climate and terrain variables and brown for soil related 
variables. In (A) and (B) red to orange show areas with low to intermediate trait CWM or prediction standard error respectively, 
while light to dark blue depicts areas with intermediate to high CWM trait values or standard error trait predictions respectively. 
For visualisation purposes we excluded the extreme lowest and highest 1% of values in the maps. In (C) and (D) the horizontal 
black line depicts the median CWM trait value and vertical lines show the whiskers extending to the largest CWM trait value or not 
further than 1.5 times the interquartile range and filled circles above and below the vertical line depict outlier values. For statistical 
model results of (A) and (B) see Supplementary Table 3. For the significance of differences between CWM trait mean values in (C) 
and (D), obtained using a T-test, see Supplementary Tables 4 and 5. 
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Table S1. Model accuracy results for each of the traits modelled using the spatial 
block cross-validation approach. R2: variance explained, RMSE: root mean 
squared error, MSE: mean squared error, MAE: mean absolute error. Area: leaf 
area, C: leaf carbon concentration, Ca: leaf calcium concentration, DM: leaf dry 
mass, FM: leaf fresh mass, K: leaf potasium concentration, Mg: leaf magnesium 
concentration, N: leaf nitrogen concentration, P: leaf phosphorus concentration, 
SLA: specific leaf area, Thickness: leaf thickness, WC: leaf water content, WD: wood 
density. 

Trait Statistic Value Method Continent 

WD 

R2 0.48 

Spatial plot out Cross-Validation ALL 

RMSE 0.07 
MSE 0.01 
MAE 0.05 

C 

R2 0.40 
RMSE 1.42 
MSE 2.03 
MAE 1.09 

N 

R2 0.53 
RMSE 0.29 
MSE 0.09 
MAE 0.23 

P 

R2 0.50 
RMSE 0.02 
MSE 0.00 
MAE 0.02 

Area 

R2 0.22 
RMSE 66.15 
MSE 4375.24 
MAE 50.18 

Ca 

R2 0.64 
RMSE 0.22 
MSE 0.05 
MAE 0.15 

K 

R2 0.46 
RMSE 0.17 
MSE 0.03 
MAE 0.13 

DM 

R2 0.32 
RMSE 0.58 
MSE 0.33 
MAE 0.43 

Mg R2 0.27 
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RMSE 0.06 
MSE 0.00 
MAE 0.05 

SLA 

R2 0.32 
RMSE 19.95 
MSE 398.03 
MAE 15.52 

Thickness 

R2 0.17 
RMSE 0.79 
MSE 0.62 
MAE 0.52 

FM 

R2 0.31 
RMSE 2.24 
MSE 5.02 
MAE 1.66 

WC 

R2 0.18 
RMSE 3.92 
MSE 15.37 
MAE 3.03 

WD 

R2 0.23 

Spatial plot out Cross-Validation Africa 

RMSE 0.10 
MSE 0.01 
MAE 0.08 

C 

R2 0.62 
RMSE 1.42 
MSE 2.02 
MAE 1.08 

N 

R2 0.57 
RMSE 0.32 
MSE 0.10 
MAE 0.26 

P 

R2 0.44 
RMSE 0.03 
MSE 0.00 
MAE 0.02 

Area 

R2 0.14 
RMSE 72.72 
MSE 5287.85 
MAE 59.08 

Ca 

R2 0.80 
RMSE 0.21 
MSE 0.04 
MAE 0.14 

K R2 0.33 
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RMSE 0.14 
MSE 0.02 
MAE 0.10 

DM 

R2 0.14 
RMSE 0.86 
MSE 0.74 
MAE 0.73 

Mg 

R2 0.10 
RMSE 0.07 
MSE 0.00 
MAE 0.06 

SLA 

R2 0.26 
RMSE 20.80 
MSE 432.55 
MAE 17.10 

Thickness 

R2 0.18 
RMSE 0.31 
MSE 0.10 
MAE 0.15 

FM 

R2 0.13 
RMSE 2.79 
MSE 7.76 
MAE 2.33 

WC 

R2 0.13 
RMSE 4.60 
MSE 21.14 
MAE 3.47 

WD 

R2 0.22 

Spatial plot out Cross-Validation Asia 

RMSE 0.09 
MSE 0.01 
MAE 0.07 

C 

R2 0.00 
RMSE 1.66 
MSE 2.76 
MAE 1.34 

N 

R2 0.28 
RMSE 0.34 
MSE 0.11 
MAE 0.27 

P 

R2 0.32 
RMSE 0.03 
MSE 0.00 
MAE 0.02 

Area R2 0.28 
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RMSE 66.41 
MSE 4410.25 
MAE 51.88 

Ca 

R2 0.01 
RMSE 0.37 
MSE 0.14 
MAE 0.30 

K 

R2 0.11 
RMSE 0.21 
MSE 0.05 
MAE 0.17 

DM 

R2 0.01 
RMSE 0.67 
MSE 0.45 
MAE 0.53 

Mg 

R2 0.02 
RMSE 0.08 
MSE 0.01 
MAE 0.07 

SLA 

R2 0.26 
RMSE 20.86 
MSE 435.21 
MAE 16.24 

Thickness 

R2 0.02 
RMSE 0.18 
MSE 0.03 
MAE 0.13 

FM 

R2 0.003 
RMSE 2.99 
MSE 8.94 
MAE 2.25 

WC 

R2 0.002 
RMSE 4.52 
MSE 20.47 
MAE 3.56 
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Table S2. Results of the t-test analysis, with Bonferroni correction, testing for significance of differences between the community level trait values among 
continents. Area: leaf area, C: leaf carbon concentration, Ca: leaf calcium concentration, FM: leaf fresh mass, DM: leaf dry mass, K: leaf potassium 
concentration, Mg: leaf magnesium concentration, N: leaf nitrogen concentration, P: leaf phosphorus concentration, SLA: specific leaf area, Thickness: leaf 
thickness, WC: leaf water content, WD: wood density. The dataset specifies if the full (Full) number of pixels from the predictions were used or a random 
10% or 1% of them to test the effect of sample size on the t-test results. Group: continent being compared, Mean value: average community weight trait 
value, value difference: difference between average community weighted mean trait value from group 1 and group 2. Conf-low: lower confidence interval, 
Conf-High: highest confidence interval, Statistic: t-test statistic value, n1= sample size for group 1, n2=sample size for group 2, P-val adj.: adjusted P-value. 
Non statistically significant comparisons are highlighted in grey. 

Dataset Trait Group 1 Group 2 
Mean 
value 1 

Mean 
value 2 

Value 
difference 

Conf-
low 

Conf-
High Statistic n1 n2 P-val adj. 

Full 

Area Africa Americas 101.41 114.39 -12.98 -13.01 -12.95 -969.75 9.1E+05 3.2E+06 < 0.0001 
Area Africa Asia 101.41 119.30 -17.88 -17.92 -17.85 -1045.72 9.1E+05 1.4E+06 < 0.0001 
Area Americas Asia 114.39 119.30 -4.90 -4.94 -4.87 -310.71 3.2E+06 1.4E+06 < 0.0001 
C Africa Americas 47.45 47.48 -0.03 -0.04 -0.03 -43.58 9.1E+05 3.2E+06 < 0.0001 
C Africa Asia 47.45 47.26 0.19 0.18 0.19 223.63 9.1E+05 1.4E+06 < 0.0001 
C Americas Asia 47.48 47.26 0.22 0.22 0.22 398.89 3.2E+06 1.4E+06 < 0.0001 
Ca Africa Americas 0.85 0.81 0.04 0.04 0.04 256.53 9.0E+05 3.2E+06 < 0.0001 
Ca Africa Asia 0.85 0.88 -0.04 -0.04 -0.04 -243.14 9.0E+05 1.5E+06 < 0.0001 
Ca Americas Asia 0.81 0.88 -0.08 -0.08 -0.08 -766.55 3.2E+06 1.5E+06 < 0.0001 
DM Africa Americas 0.94 0.99 -0.05 -0.05 -0.05 -396.03 9.2E+05 3.2E+06 < 0.0001 
DM Africa Asia 0.94 1.06 -0.12 -0.12 -0.12 -800.83 9.2E+05 1.4E+06 < 0.0001 
DM Americas Asia 0.99 1.06 -0.07 -0.07 -0.07 -599.23 3.2E+06 1.4E+06 < 0.0001 
FM Africa Americas 3.20 3.40 -0.21 -0.21 -0.21 -453.91 9.0E+05 3.2E+06 < 0.0001 
FM Africa Asia 3.20 3.90 -0.70 -0.70 -0.70 -1317.34 9.0E+05 1.4E+06 < 0.0001 
FM Americas Asia 3.40 3.90 -0.49 -0.49 -0.49 -1263.15 3.2E+06 1.4E+06 < 0.0001 
K Africa Americas 0.76 0.73 0.03 0.03 0.03 306.59 9.0E+05 3.2E+06 < 0.0001 
K Africa Asia 0.76 0.79 -0.04 -0.04 -0.04 -394.40 9.0E+05 1.5E+06 < 0.0001 
K Americas Asia 0.73 0.79 -0.06 -0.06 -0.06 -1083.03 3.2E+06 1.5E+06 < 0.0001 
Mg Africa Americas 0.27 0.27 0.01 0.01 0.01 265.64 9.0E+05 3.2E+06 < 0.0001 
Mg Africa Asia 0.27 0.28 -0.01 -0.01 -0.01 -265.95 9.0E+05 1.4E+06 < 0.0001 
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Mg Americas Asia 0.27 0.28 -0.01 -0.01 -0.01 -617.76 3.2E+06 1.4E+06 < 0.0001 
N Africa Americas 2.16 2.15 0.01 0.01 0.01 64.64 9.1E+05 3.2E+06 < 0.0001 
N Africa Asia 2.16 2.15 0.01 0.01 0.01 52.82 9.1E+05 1.4E+06 < 0.0001 
N Americas Asia 2.15 2.15 0.00 0.00 0.00 -6.68 3.2E+06 1.4E+06 7.32E-11 
P Africa Americas 0.11 0.10 0.00 0.00 0.00 90.93 8.8E+05 3.2E+06 < 0.0001 
P Africa Asia 0.11 0.11 -0.01 -0.01 -0.01 -412.87 8.8E+05 1.4E+06 < 0.0001 
P Americas Asia 0.10 0.11 -0.01 -0.01 -0.01 -831.01 3.2E+06 1.4E+06 < 0.0001 
SLA Africa Americas 133.96 131.98 1.98 1.97 1.99 345.15 9.1E+05 3.2E+06 < 0.0001 
SLA Africa Asia 133.96 130.53 3.43 3.42 3.44 503.37 9.1E+05 1.4E+06 < 0.0001 
SLA Americas Asia 131.98 130.53 1.45 1.44 1.46 266.34 3.2E+06 1.4E+06 < 0.0001 
Thickness Africa Americas 0.85 0.82 0.04 0.04 0.04 278.68 9.0E+05 3.2E+06 < 0.0001 
Thickness Africa Asia 0.85 0.80 0.06 0.06 0.06 420.88 9.0E+05 1.4E+06 < 0.0001 
Thickness Americas Asia 0.82 0.80 0.02 0.02 0.02 218.25 3.2E+06 1.4E+06 < 0.0001 
WC Africa Americas 53.64 54.04 -0.40 -0.41 -0.40 -359.63 9.0E+05 3.2E+06 < 0.0001 
WC Africa Asia 53.64 54.80 -1.17 -1.17 -1.16 -972.10 9.0E+05 1.5E+06 < 0.0001 
WC Americas Asia 54.04 54.80 -0.76 -0.76 -0.76 -852.02 3.2E+06 1.5E+06 < 0.0001 
WD Africa Americas 0.60 0.60 0.00 0.00 0.00 78.55 9.0E+05 3.2E+06 < 0.0001 
WD Africa Asia 0.60 0.58 0.03 0.03 0.03 1027.35 9.0E+05 1.4E+06 < 0.0001 
WD Americas Asia 0.60 0.58 0.03 0.03 0.03 1394.24 3.2E+06 1.4E+06 < 0.0001 

10% 

Area Africa Americas 101.41 114.45 -13.04 -13.12 -12.96 -307.67 9.1E+04 3.2E+05 < 0.0001 
Area Africa Asia 101.41 119.26 -17.84 -17.95 -17.74 -329.63 9.1E+04 1.4E+05 < 0.0001 
Area Americas Asia 114.45 119.26 -4.81 -4.90 -4.71 -96.32 3.2E+05 1.4E+05 < 0.0001 
C Africa Americas 47.44 47.48 -0.04 -0.04 -0.03 -14.78 9.1E+04 3.2E+05 7E-49 
C Africa Asia 47.44 47.26 0.18 0.18 0.19 70.05 9.1E+04 1.4E+05 < 0.0001 
C Americas Asia 47.48 47.26 0.22 0.22 0.22 126.75 3.2E+05 1.4E+05 < 0.0001 
Ca Africa Americas 0.85 0.81 0.04 0.04 0.04 82.26 9.0E+04 3.2E+05 < 0.0001 
Ca Africa Asia 0.85 0.88 -0.04 -0.04 -0.04 -75.58 9.0E+04 1.5E+05 < 0.0001 
Ca Americas Asia 0.81 0.88 -0.08 -0.08 -0.07 -242.77 3.2E+05 1.5E+05 < 0.0001 
DM Africa Americas 0.94 0.99 -0.05 -0.05 -0.05 -124.33 9.2E+04 3.2E+05 < 0.0001 
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DM Africa Asia 0.94 1.06 -0.12 -0.12 -0.12 -253.28 9.2E+04 1.4E+05 < 0.0001 
DM Americas Asia 0.99 1.06 -0.07 -0.07 -0.07 -190.32 3.2E+05 1.4E+05 < 0.0001 
FM Africa Americas 3.20 3.41 -0.21 -0.21 -0.21 -144.89 9.0E+04 3.2E+05 < 0.0001 
FM Africa Asia 3.20 3.90 -0.70 -0.70 -0.69 -416.78 9.0E+04 1.4E+05 < 0.0001 
FM Americas Asia 3.41 3.90 -0.49 -0.49 -0.49 -397.57 3.2E+05 1.4E+05 < 0.0001 
K Africa Americas 0.76 0.73 0.03 0.03 0.03 97.28 9.0E+04 3.2E+05 < 0.0001 
K Africa Asia 0.76 0.79 -0.04 -0.04 -0.04 -125.94 9.0E+04 1.5E+05 < 0.0001 
K Americas Asia 0.73 0.79 -0.06 -0.06 -0.06 -344.41 3.2E+05 1.5E+05 < 0.0001 
Mg Africa Americas 0.27 0.27 0.01 0.01 0.01 84.91 9.0E+04 3.2E+05 < 0.0001 
Mg Africa Asia 0.27 0.28 -0.01 -0.01 -0.01 -85.29 9.0E+04 1.4E+05 < 0.0001 
Mg Americas Asia 0.27 0.28 -0.01 -0.01 -0.01 -197.75 3.2E+05 1.4E+05 < 0.0001 
N Africa Americas 2.16 2.15 0.01 0.01 0.01 20.23 9.1E+04 3.2E+05 2E-90 
N Africa Asia 2.16 2.15 0.01 0.01 0.01 17.47 9.1E+04 1.4E+05 8E-68 
N Americas Asia 2.15 2.15 0.00 0.00 0.00 -0.77 3.2E+05 1.4E+05 1 
P Africa Americas 0.11 0.10 0.00 0.00 0.00 27.70 8.8E+04 3.2E+05 6E-168 
P Africa Asia 0.11 0.11 -0.01 -0.01 0.00 -131.57 8.8E+04 1.4E+05 < 0.0001 
P Americas Asia 0.10 0.11 -0.01 -0.01 -0.01 -262.79 3.2E+05 1.4E+05 < 0.0001 
SLA Africa Americas 133.95 131.97 1.98 1.95 2.02 109.06 9.1E+04 3.2E+05 < 0.0001 
SLA Africa Asia 133.95 130.54 3.41 3.37 3.45 158.14 9.1E+04 1.4E+05 < 0.0001 
SLA Americas Asia 131.97 130.54 1.42 1.39 1.46 82.83 3.2E+05 1.4E+05 < 0.0001 
Thickness Africa Americas 0.85 0.82 0.04 0.03 0.04 88.58 9.0E+04 3.2E+05 < 0.0001 
Thickness Africa Asia 0.85 0.80 0.06 0.06 0.06 132.53 9.0E+04 1.4E+05 < 0.0001 
Thickness Americas Asia 0.82 0.80 0.02 0.02 0.02 67.85 3.2E+05 1.4E+05 < 0.0001 
WC Africa Americas 53.64 54.04 -0.40 -0.41 -0.40 -114.00 9.0E+04 3.2E+05 < 0.0001 
WC Africa Asia 53.64 54.80 -1.17 -1.18 -1.16 -308.00 9.0E+04 1.5E+05 < 0.0001 
WC Americas Asia 54.04 54.80 -0.76 -0.77 -0.76 -270.03 3.2E+05 1.5E+05 < 0.0001 
WD Africa Americas 0.60 0.60 0.00 0.00 0.00 24.48 9.0E+04 3.2E+05 1E-131 
WD Africa Asia 0.60 0.58 0.03 0.03 0.03 324.41 9.0E+04 1.4E+05 < 0.0001 
WD Americas Asia 0.60 0.58 0.03 0.03 0.03 440.23 3.2E+05 1.4E+05 < 0.0001 
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1% 

Area Africa Americas 101.21 114.35 -13.14 -13.40 -12.87 -98.13 9.1E+03 3.2E+04 < 0.0001 
Area Africa Asia 101.21 119.13 -17.92 -18.26 -17.59 -105.39 9.1E+03 1.4E+04 < 0.0001 
Area Americas Asia 114.35 119.13 -4.79 -5.10 -4.48 -30.52 3.2E+04 1.4E+04 2E-200 
C Africa Americas 47.44 47.48 -0.04 -0.05 -0.02 -4.72 9.1E+03 3.2E+04 7E-06 
C Africa Asia 47.44 47.26 0.19 0.17 0.20 22.45 9.1E+03 1.4E+04 2E-109 
C Americas Asia 47.48 47.26 0.22 0.21 0.23 40.62 3.2E+04 1.4E+04 < 0.0001 
Ca Africa Americas 0.85 0.81 0.04 0.04 0.04 25.45 9.0E+03 3.2E+04 3E-139 
Ca Africa Asia 0.85 0.88 -0.04 -0.04 -0.03 -23.89 9.0E+03 1.5E+04 3E-123 
Ca Americas Asia 0.81 0.88 -0.07 -0.08 -0.07 -75.53 3.2E+04 1.5E+04 < 0.0001 
DM Africa Americas 0.94 0.99 -0.05 -0.05 -0.05 -39.13 9.2E+03 3.2E+04 2.31e-318 
DM Africa Asia 0.94 1.06 -0.12 -0.12 -0.12 -78.92 9.2E+03 1.4E+04 < 0.0001 
DM Americas Asia 0.99 1.06 -0.07 -0.07 -0.07 -58.91 3.2E+04 1.4E+04 < 0.0001 
FM Africa Americas 3.20 3.40 -0.20 -0.21 -0.19 -44.00 9.0E+03 3.2E+04 < 0.0001 
FM Africa Asia 3.20 3.90 -0.70 -0.71 -0.69 -131.94 9.0E+03 1.4E+04 < 0.0001 
FM Americas Asia 3.40 3.90 -0.50 -0.51 -0.49 -128.37 3.2E+04 1.4E+04 < 0.0001 
K Africa Americas 0.76 0.73 0.03 0.03 0.03 32.91 9.0E+03 3.2E+04 7E-229 
K Africa Asia 0.76 0.79 -0.03 -0.04 -0.03 -39.21 9.0E+03 1.5E+04 1.11e-317 
K Americas Asia 0.73 0.79 -0.07 -0.07 -0.06 -110.78 3.2E+04 1.5E+04 < 0.0001 
Mg Africa Americas 0.27 0.27 0.01 0.01 0.01 25.66 9.0E+03 3.2E+04 8E-142 
Mg Africa Asia 0.27 0.28 -0.01 -0.01 -0.01 -27.34 9.0E+03 1.4E+04 3E-161 
Mg Americas Asia 0.27 0.28 -0.01 -0.01 -0.01 -61.33 3.2E+04 1.4E+04 < 0.0001 
N Africa Americas 2.15 2.15 0.01 0.00 0.01 5.92 9.1E+03 3.2E+04 1E-08 
N Africa Asia 2.15 2.15 0.00 0.00 0.01 4.32 9.1E+03 1.4E+04 5E-05 
N Americas Asia 2.15 2.15 0.00 0.00 0.00 -1.35 3.2E+04 1.4E+04 0.534 
P Africa Americas 0.11 0.10 0.00 0.00 0.00 11.29 8.8E+03 3.2E+04 6E-29 
P Africa Asia 0.11 0.11 0.00 -0.01 0.00 -39.74 8.8E+03 1.4E+04 < 0.0001 
P Americas Asia 0.10 0.11 -0.01 -0.01 -0.01 -84.42 3.2E+04 1.4E+04 < 0.0001 
SLA Africa Americas 133.94 132.01 1.93 1.82 2.04 33.64 9.1E+03 3.2E+04 5E-239 
SLA Africa Asia 133.94 130.61 3.33 3.19 3.46 48.92 9.1E+03 1.4E+04 < 0.0001 
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SLA Americas Asia 132.01 130.61 1.40 1.29 1.50 25.75 3.2E+04 1.4E+04 6E-144 
Thickness Africa Americas 0.86 0.82 0.04 0.03 0.04 29.21 9.0E+03 3.2E+04 3E-182 
Thickness Africa Asia 0.86 0.80 0.06 0.06 0.06 43.43 9.0E+03 1.4E+04 < 0.0001 
Thickness Americas Asia 0.82 0.80 0.02 0.02 0.03 22.10 3.2E+04 1.4E+04 7E-107 
WC Africa Americas 53.62 54.05 -0.42 -0.45 -0.40 -37.86 9.0E+03 3.2E+04 1E-299 
WC Africa Asia 53.62 54.80 -1.18 -1.21 -1.16 -98.64 9.0E+03 1.5E+04 < 0.0001 
WC Americas Asia 54.05 54.80 -0.76 -0.78 -0.74 -84.23 3.2E+04 1.5E+04 < 0.0001 
WD Africa Americas 0.60 0.60 0.00 0.00 0.00 6.77 9.0E+03 3.2E+04 4E-11 
WD Africa Asia 0.60 0.58 0.03 0.03 0.03 102.97 9.0E+03 1.4E+04 < 0.0001 
WD Americas Asia 0.60 0.58 0.03 0.03 0.03 141.41 3.2E+04 1.4E+04 < 0.0001 
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Table S3. Results of the t-test analysis, with Bonferroni correction, testing for significance of differences between the community level trait values 
between tropical broadleaf wet and dry forest as classified by the RESOLVE Ecoregions dataset (ecoregions.appspot.com). Area: leaf area, C: leaf 
carbon concentration, Ca: leaf calcium concentration, FM: leaf fresh mass, DM: leaf dry mass, K: leaf potassium concentration, Mg: leaf magnesium 
concentration, N: leaf nitrogen concentration, P: leaf phosphorus concentration, SLA: specific leaf area, Thickness: leaf thickness, WC: leaf water 
content, WD: wood density. The dataset specifies if the full (Full) number of pixels from the predictions were used or a random 10% or 1% of them to 
test the effect of sample size on the t-test results. Group: wet or dry forest group being compared, Mean value: average community weight trait value, 
value difference: difference between average community weighted mean trait value from group 1 and group 2. Conf-low: lower confidence interval, 
Conf-High: highest confidence interval, Statistic: t-test statistic value, n1= sample size for group 1, n2=sample size for group 2, P-val adj.: adjusted P-
value. 

Dataset Trait Group 
1 

Group 
2 

Mean 
value 1 

Mean 
value 2 

Value 
difference Conf-low Conf-High Statistic n1 n2 P-val adj. 

Full 

Area Dry Wet -15.9926 99.5384 115.5310 -16.0278 -15.9574 -890.3044 717237 4828806 < 0.0001 
C Dry Wet -0.8939 46.6359 47.5298 -0.8950 -0.8928 -1598.1569 717237 4828806 < 0.0001 

Ca Dry Wet 0.1892 0.9991 0.8099 0.1889 0.1895 1437.1710 717237 4828805 < 0.0001 
DM Dry Wet -0.0270 0.9764 1.0034 -0.0273 -0.0267 -163.2954 717237 4828805 < 0.0001 
FM Dry Wet 0.0396 3.5309 3.4913 0.0384 0.0408 64.5406 717237 4828805 < 0.0001 
K Dry Wet 0.1094 0.8465 0.7371 0.1093 0.1096 1378.7608 717237 4828805 < 0.0001 

Mg Dry Wet 0.0235 0.2915 0.2679 0.0235 0.0236 1085.8950 717237 4828805 < 0.0001 
N Dry Wet 0.0694 2.2109 2.1415 0.0692 0.0696 821.8391 717237 4828805 < 0.0001 
P Dry Wet 0.0125 0.1175 0.1049 0.0125 0.0126 1486.2069 717237 4828805 < 0.0001 

SLA Dry Wet 3.4040 134.9167 131.5127 3.3924 3.4156 575.9264 717237 4828805 < 0.0001 
Thickness Dry Wet 0.0123 0.8296 0.8173 0.0120 0.0126 80.4628 717237 4828805 < 0.0001 

WD Dry Wet -0.0067 0.5886 0.5954 -0.0068 -0.0067 -276.7966 717237 4828805 < 0.0001 
WC Dry Wet 0.0517 54.2217 54.1701 0.0492 0.0541 41.4167 717237 4828805 < 0.0001 

10% 

Area Dry Wet -15.9380 99.6284 115.5663 -16.0495 -15.8264 -279.9214 71724 482881 < 0.0001 
C Dry Wet -0.8924 46.6369 47.5292 -0.8958 -0.8889 -504.7866 71724 482881 < 0.0001 

Ca Dry Wet 0.1898 0.9996 0.8099 0.1890 0.1906 457.0041 71724 482880 < 0.0001 
DM Dry Wet -0.0277 0.9755 1.0032 -0.0287 -0.0267 -52.9301 71724 482880 < 0.0001 
FM Dry Wet 0.0359 3.5277 3.4918 0.0321 0.0397 18.5182 71724 482880 2.05E-76 
K Dry Wet 0.1095 0.8465 0.7370 0.1090 0.1100 436.3606 71724 482880 < 0.0001 
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Mg Dry Wet 0.0235 0.2915 0.2679 0.0234 0.0237 343.2956 71724 482880 < 0.0001 
N Dry Wet 0.0694 2.2110 2.1416 0.0688 0.0699 260.0841 71724 482880 < 0.0001 
P Dry Wet 0.0126 0.1175 0.1049 0.0125 0.0126 471.4666 71724 482880 < 0.0001 

SLA Dry Wet 3.3809 134.8945 131.5135 3.3443 3.4175 181.0268 71724 482880 < 0.0001 
Thickness Dry Wet 0.0129 0.8303 0.8173 0.0120 0.0139 26.7980 71724 482880 1.4E-157 

WD Dry Wet -0.0068 0.5886 0.5954 -0.0069 -0.0066 -88.4168 71724 482880 < 0.0001 
WC Dry Wet 0.0503 54.2200 54.1697 0.0426 0.0581 12.7505 71724 482880 3.32E-37 

1% 

Area Dry Wet -15.8223 99.6509 115.4732 -16.1778 -15.4667 -87.2251 7172 48288 < 0.0001 
C Dry Wet -0.8957 46.6333 47.5290 -0.9067 -0.8848 -160.0554 7172 48288 < 0.0001 

Ca Dry Wet 0.1886 0.9981 0.8095 0.1860 0.1911 145.3307 7172 48288 < 0.0001 
DM Dry Wet -0.0265 0.9770 1.0035 -0.0298 -0.0233 -16.0318 7172 48288 4.73E-57 
FM Dry Wet 0.0473 3.5345 3.4872 0.0351 0.0594 7.6195 7172 48288 2.81E-14 
K Dry Wet 0.1089 0.8460 0.7372 0.1073 0.1104 135.5608 7172 48288 < 0.0001 

Mg Dry Wet 0.0237 0.2917 0.2681 0.0233 0.0241 110.1227 7172 48288 < 0.0001 
N Dry Wet 0.0706 2.2119 2.1413 0.0690 0.0723 84.2816 7172 48288 < 0.0001 
P Dry Wet 0.0126 0.1175 0.1049 0.0124 0.0127 149.2620 7172 48288 < 0.0001 

SLA Dry Wet 3.4282 134.9368 131.5086 3.3121 3.5444 57.8361 7172 48288 < 0.0001 
Thickness Dry Wet 0.0109 0.8283 0.8174 0.0079 0.0139 7.0841 7172 48288 1.51E-12 

WD Dry Wet -0.0065 0.5888 0.5953 -0.0070 -0.0060 -26.6720 7172 48288 5.7E-152 
WC Dry Wet 0.0728 54.2358 54.1630 0.0483 0.0973 5.8193 7172 48288 6.10E-09 
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Table S4. Principal component analysis of the functional trait space found across the tropical American, 
African and Asian forests. Values in each column for each principal component show the loadings of the 
traits for each given PC. PC: principal component, Area: leaf area, C: leaf carbon concentration, Ca: leaf 
calcium concentration, FM: leaf fresh mass, DM: leaf dry mass, K: leaf potassium concentration, Mg: leaf 
magnesium concentration, N: leaf nitrogen concentration, P: leaf phosphorus concentration, SLA: specific 
leaf area, Thickness: leaf thickness, WC: leaf water content, WD: wood density. 

Trait PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 PC12 PC13 
Area 0.10 0.47 0.38 0.05 0.22 0.16 0.04 0.09 0.22 0.17 0.35 0.58 0.07 

C 0.35 0.13 
-

0.12 0.06 0.28 
-

0.49 0.09 0.39 0.42 -0.38 -0.11 -0.11 -0.10 

Ca 
-

0.40 
-

0.06 
-

0.02 
-

0.08 
-

0.20 
-

0.14 
-

0.03 0.09 0.10 -0.15 0.64 -0.07 -0.57 

DM 
-

0.03 0.53 0.19 
-

0.15 
-

0.29 
-

0.36 0.29 0.21 
-

0.54 0.08 -0.11 -0.13 -0.03 

FM 
-

0.21 0.44 0.22 0.09 
-

0.13 0.42 0.07 
-

0.21 0.31 -0.41 -0.23 -0.37 -0.07 

K 
-

0.39 0.01 
-

0.12 
-

0.01 
-

0.23 
-

0.18 
-

0.05 0.16 0.14 -0.24 0.23 0.04 0.77 

Mg 
-

0.38 
-

0.07 
-

0.09 0.00 0.07 
-

0.18 0.63 
-

0.14 0.39 0.44 -0.20 0.03 -0.03 

N 
-

0.26 
-

0.16 0.49 0.01 0.17 0.04 
-

0.32 0.53 0.10 0.33 -0.14 -0.33 0.02 

P 
-

0.39 0.01 
-

0.12 0.02 
-

0.10 
-

0.01 
-

0.22 0.22 
-

0.05 -0.22 -0.52 0.59 -0.25 

SLA 
-

0.17 
-

0.32 0.45 
-

0.15 0.46 
-

0.07 0.32 
-

0.14 
-

0.29 -0.45 0.02 0.09 0.06 

Thickness 0.01 0.12 
-

0.10 
-

0.95 0.11 0.04 
-

0.16 
-

0.07 0.16 0.04 -0.06 -0.01 0.02 

WC 
-

0.19 0.20 
-

0.51 0.04 0.47 0.41 0.19 0.37 
-

0.27 0.00 0.12 -0.13 0.02 

WD 0.28 
-

0.31 0.09 
-

0.18 
-

0.44 0.41 0.43 0.46 0.08 -0.11 0.01 0.11 0.00 
Standard 
deviation 2.39 1.63 1.32 1.01 0.7 0.58 0.47 0.45 0.41 0.38 0.31 0.27 0.2 

Proportion of 
Variance  0.43 0.2 0.13 0.07 0.03 0.02 0.01 0.01 0.01 0.01 0.007 0.005 0.003 

Cumulative 
Proportion 0.43 0.64 0.78 0.86 0.89 0.92 0.94 0.95 0.97 0.98 0.99 0.99 1 
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Table	S5.	An	example	of	the	EarthEngine	code	used	to	obtained	the	satellite	Senitnel-2	raw	spectral	raw	bands,	calculate		
the	vegetation	indices,	grey	level	co-occurrence	matrix	indices	and	extract	the	climatic,	soil	and	terrain	variables.	The	code	has	been		
simplified	assuming	all	the	assets	needed	are	already	in	the	workspace.	

function maskS2clouds(image) { 
  var qa = image.select('QA60'); 

 
  // Bits 10 and 11 are clouds and cirrus, respectively. 
  var cloudBitMask = 1 << 10; 
  var cirrusBitMask = 1 << 11; 

 
  // Both flags should be set to zero, indicating clear conditions. 
  var mask = qa.bitwiseAnd(cloudBitMask).eq(0) 
      .and(qa.bitwiseAnd(cirrusBitMask).eq(0)); 

 
  return image.updateMask(mask).divide(10000); 
} 

 
function maskEdges(s2_img) { 
  return s2_img.updateMask( 
      s2_img.select('B8A').mask().updateMask(s2_img.select('B9').mask())); 
} 

 
 
var MAX_CLOUD_PROBABILITY = 25; 
function maskClouds(img) { 
  var clouds = ee.Image(img.get('cloud_mask')).select('probability'); 
  var isNotCloud = clouds.lt(MAX_CLOUD_PROBABILITY); 
  return img.updateMask(isNotCloud); 
} 
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////////////////////////////////////////////////////////////// Study area sample 
var polygon = Gabon 
///////////////////////////////////////////////////////////// 
////////////// OBTAIN THE SENTINEL-2 ///////////////////// 
///////////////////////////////////////////////////////////// 
 
 
// Map the function over the years of data and take the median. 
// Load Sentinel-2 BOA reflectance data. 
// ================================================================================================================ 
// CHANGE THE MONTHS TO GET DATA FROM DEPENDING ON THE AREA OF INTEREST STATED ABOVE 
var collection = ee.ImageCollection('COPERNICUS/S2_SR') 
                  .filterDate('2019-01-01', '2022-12-30') 
                  .filter(ee.Filter.calendarRange(5,11,'month')) 
                  .filter(ee.Filter.lt('CLOUDY_PIXEL_PERCENTAGE',25)) 
                  .map(maskS2clouds) 
                  .map(maskEdges) 
                  .filterBounds(polygon); 

 
 
var s2Clouds = ee.ImageCollection('COPERNICUS/S2_CLOUD_PROBABILITY') 
.filterDate('2019-01-01', '2022-12-30') 
.filter(ee.Filter.calendarRange(5,11,'month')) 
.filterBounds(polygon); 

 
// Join S2 SR with cloud probability dataset to add cloud mask. 
var s2SrWithCloudMask = ee.Join.saveFirst('cloud_mask').apply({ 
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  primary: collection, 
  secondary: s2Clouds, 
  condition: 
      ee.Filter.equals({leftField: 'system:index', rightField: 'system:index'}) 
}); 
 
 
function clp(img) { 
  return img.clip(polygon) 
} 

 
var Sen_AllBandsMedian =ee.ImageCollection(s2SrWithCloudMask).map(maskClouds).map(clp).median(); 
var Sen_AllBandsMedian = Sen_AllBandsMedian.select('B1', 'B2', 'B3', 'B4', 'B5', 'B6', 'B7', 'B8', 'B8A', 'B9', 'B11', 'B12');//selected bands 
var visualization = {min: 0.0,max: 0.3,bands: ['B4', 'B3', 'B2'],}; 
Map.addLayer(Sen_AllBandsMedian,visualization,'Median1' ) 

 
 
////////////////////////////////////////////////// 
// VEGETATION INDICES                                   ///// 
////////////////////////////////////////////////// 
 
// MCARI -This function gets Modified Chlorophyll Absorption in Reflectance Index -MCARI 
var image_MCARI = Sen_AllBandsMedian.expression( 
    '((B5 - B4) - 0.2 * (B5 - B3)) * (B5 / B4)', { 
      'B4': Sen_AllBandsMedian.select('B4'), 
      'B3': Sen_AllBandsMedian.select('B3'), 
      'B5': Sen_AllBandsMedian.select('B5') 
    }); 
var image_MCARI = image_MCARI.select(['B5'],['MCARI']); 
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//MSAVI 2 https://wiki.landscapetoolbox.org/doku.php/remote_sensing_methods:modified_soil-adjusted_vegetation_index 
var image_MSAVI2 = Sen_AllBandsMedian.expression( 
    '(2 * B8 + 1 - sqrt (pow((2 * B8 + 1),2) - 8 * (B8 - B4)))/2', { 
      'B4': Sen_AllBandsMedian.select('B4'), 
      'B8': Sen_AllBandsMedian.select('B8') 
    }); 
var image_MSAVI2 = image_MSAVI2.select(['constant'],['MSAVI2']); 

 
// NDRE -This function gets Normalized Difference Red edge Index 
var image_NDRE = Sen_AllBandsMedian.expression( 
    '((B8 - B5)/(B8 + B5))', { 
      'B8': Sen_AllBandsMedian.select('B8'), 
      'B5': Sen_AllBandsMedian.select('B5') 
    }); 
var image_NDRE = image_NDRE.select(['B8'],['NDRE']); 

 
 
//////////////////////////////////////////////////////// 
// GRAY LEVEL CO-OCCURRENCE MATRIX of indices///// 
//////////////////////////////////////////////////////// 
// GLCM MCARI 
var image_MCARI_32=image_MCARI.multiply(100).int32() 
var glcm_MCARI = image_MCARI_32.glcmTexture({size: 9}); 
var corr_MCARI = glcm_MCARI.select('MCARI_corr'); 
var ent_MCARI = glcm_MCARI.select('MCARI_ent'); 

 
// GLCM MSAVI 
var image_MSAVI_32=image_MSAVI2.multiply(100).int32() 
var glcm_MSAVI = image_MSAVI_32.glcmTexture({size: 9}); 
var corr_MSAVI = glcm_MSAVI.select('MSAVI2_corr'); 
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var ent_MSAVI = glcm_MSAVI.select('MSAVI2_ent'); 

 
// GLCM NDRE 
var image_NDRE_32=image_NDRE.multiply(100).int32() 
var glcm_NDRE = image_NDRE_32.glcmTexture({size: 9}); 
var corr_NDRE = glcm_NDRE.select('NDRE_corr'); 
var ent_NDRE = glcm_NDRE.select('NDRE_ent'); 

 
 
////////////////////////////////////////////////////// 
// ADD BANDS TO CREATE ONE SINGLE RASTER STACK 
////////////////////////////////////////////////////// 

 
var  indices=image_MCARI.addBands(image_MSAVI2).addBands(image_NDRE).addBands(ent_NDRE).addBands(corr_MCARI).addBands(corr_MSAVI) 
.addBands(corr_NDRE).addBands(ent_MCARI).addBands(ent_MSAVI).float(); 

 
/////////////////////////////////////////////////////////// 
////// CLIMATIC DATA ---- TERRA CLIMATE                            
/////////////////////////////////////////////////////////// 
////////////////////////////////////////////////////////// 
 
////////////////////// 
//SRAD  
var months = ee.List.sequence(1,12); 
var dataset = ee.ImageCollection('IDAHO_EPSCOR/TERRACLIMATE') 
                  .filter(ee.Filter.date('1989-01-01', '2018-12-31')); 
var byMonth_srad = ee.ImageCollection.fromImages( 
      months.map(function(m) { 
        return dataset.filter(ee.Filter.calendarRange(m, m, 'month')) 
                    .select('srad').mean() 
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                    .set('month', m); 
})); 
var byYear_srad_mean = byMonth_srad.reduce(ee.Reducer.mean()).multiply(.1).mask(cwd_1k).select( 
    ['srad_mean'],['b1_2']); 

 
////////////////////// 
//MCWD  
var months = ee.List.sequence(1,12); 
var dataset = ee.ImageCollection('IDAHO_EPSCOR/TERRACLIMATE') 
                  .filter(ee.Filter.date('1989-01-01', '2017-12-31')); 

 
var byMonth_cwd = ee.ImageCollection.fromImages( 
      months.map(function(m) { 
        return dataset.filter(ee.Filter.calendarRange(m, m, 'month')) 
                    .select('def').max() 
                    .set('month', m); 
})); 
 
var byYear_cwd_mean = byMonth_cwd.reduce(ee.Reducer.mean()).multiply(.1) 
.mask(cwd_1k).select( 
    ['def_mean'],['b1']); 

 
////////////////////// 
 
var byYear_def_mean =   cwd_1k 
var byYear_tmax_mean=   tmax_1k 
var byYear_srad_mean=   byYear_srad_mean 
var byYear_smoist_mean= smoist_1k 
var climate = byYear_def_mean.addBands(byYear_tmax_mean).addBands(byYear_srad_mean).addBands(byYear_smoist_mean); 
var climate = climate.select(['b1','b1_1','b1_2','b1_3'], ['def_mean','tmmx_mean','srad_mean','soil_mean']); 
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///////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////// 
////// SOIL and SLOPE 
///////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////// 
///////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////////// 
 
// Calculate slope 
var Slope = ee.Terrain.slope(elevation) 
 
//FROM SOIL GRIDS directly 
var ph_sg1 = ee.Image("projects/soilgrids-isric/phh2o_mean").select('phh2o_0-5cm_mean','phh2o_5-15cm_mean','phh2o_15-30cm_mean') 
.reduce(ee.Reducer.mean()) 
var cec_sg1 = ee.Image("projects/soilgrids-isric/cec_mean").select('cec_0-5cm_mean','cec_5-15cm_mean','cec_15-30cm_mean') 
.reduce(ee.Reducer.mean()).divide(10); 
var clay_sg1 = ee.Image("projects/soilgrids-isric/clay_mean").select('clay_0-5cm_mean','clay_5-15cm_mean','clay_15-30cm_mean') 
.reduce(ee.Reducer.mean()).divide(10); 
var sand_sg1 = ee.Image("projects/soilgrids-isric/sand_mean").select('sand_0-5cm_mean','sand_5-15cm_mean','sand_15-30cm_mean') 
.reduce(ee.Reducer.mean()).divide(10); 
var soil = ph_sg1.addBands(sand_sg1).addBands(clay_sg1).addBands(cec_sg1) 
var soil = soil.select(['mean', 'mean_1','mean_2','mean_3'], ['ph','sand','clay','cec']); 

 
 
/////////////////////////////////////////////////////////// 
//Add climate, slope, soil layers to Sentinel-2 stack ///// 
/////////////////////////////////////////////////////////// 
var abiotic = climate.addBands(Slope).addBands(soil).float() 
 
 
////////////////////////////////////////////////////////////////////// 
// CLIP AND MASKS LAYERS TO POLYGON 
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//////////////////////////////////////////////////////////////////// 
var Sen_AllBandsMedian = Sen_AllBandsMedian.addBands(indices).addBands(abiotic) 
print(Sen_AllBandsMedian) 

 
///////////////////////////////////////////////////////////////////////////////////////////////// 
// CLIP AND MASKS LAYERS TO POLYGON, ECOREGION AND HANSEN tree cover///////////// 
// Create vegetation mask and limit the products to it /////////////////////////////////////// 
//////////////////////////////////////////////////////////////////////////////////////////////// 
var ecoregions1 = ecoregions.filterMetadata('BIOME_NUM','equals', 1)//Tropical & Subtropical Moist Broadleaf Forests 
var ecoregions2 = ecoregions.filterMetadata('BIOME_NUM','equals', 2)//Tropical & Subtropical Dry Broadleaf Forests 
var ecoregions4 = ecoregions1.merge(ecoregions2); 
var ecoregions4 = ecoregions4.filterBounds(polygon) 

 
var treeCover = hansen.select(['treecover2000']).gte(25).clip(polygon).clip(ecoregions4)//At least 25% tree cover in the pixel 
 
// Create vegetation mask and limit the products to it 
var ESA2021_1 = ESA2021.filterMetadata('MAP','equals', 10) 
var ESA2021_2 = ESA2021.filterMetadata('MAP','equals', 20) 
var ESA2021_3 = ESA2021_1.merge(ESA2021_2).filterBounds(polygon).filterBounds(ecoregions4); 

 
//////////////////////////////////////////////////////////////////////////////////////////////// 
/////////////////////    Clip the original layers ////////////////////////////////////////////////// 
///////////////////////////////////////////////////////////////////////////////////////////////// 
var Sen_AllBandsMedian = Sen_AllBandsMedian.clip(polygon).clip(ecoregions4)//.clip(ESA2021_3) 

 
Map.addLayer(Sen_AllBandsMedian.select('B8A')) 
Map.addLayer(Sen_AllBandsMedian) 

 
Export.image.toDrive({ 
    image: Sen_AllBandsMedian, 
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    description: 'Gabon_10m', 
    folder: 'S2_FP_2023', 
    fileNamePrefix: 'NONE', 
    //region: polygon.geometry().bounds(), 
    scale: 10, 
    maxPixels:1e13,  
    skipEmptyTiles:true,  
    fileFormat:'GeoTIFF' 
  }) 
//End of code 

 
 




