
S1 Supplementary text

S1.1 General preprocessing

All spatially explicit datasets are rasterized and regridded to a spatial resolution of 0.0083° or 0.25°, depending on their pur-
pose (see Fig. 1). Environmental predictors are regridded to a spatial resolution of 0.0083° using the Climate Data Operators
software (CDO; Schulzweida, 2023). A land mask derived from (Buchhorn et al., 2020) is applied to exclude areas with perma-5
nent water and snow cover. Datasets required for the reclassification of the global predictions to plant functional types (PFTs)
are regridded to a spatial resolution of 0.25° likewise using CDO (Schulzweida, 2023), with two exceptions: annual global
land cover maps produced by the European Space Agency Climate Change Initiative – Land Cover (referred to as ESA CCI
LC) (Copernicus Climate Change Service, 2019) are processed and regridded using the CCI-LC User Tool (European Space
Agency, 2019), while modeled C4 grass fractions from Luo et al. (2024) are regridded via nearest-neighbor interpolation using10
the Python package xarray (Hoyer and Hamman, 2017). In line with the other input datasets used in the BLUE model (Hansis
et al., 2015), the LUH2 land area is adopted as the target grid for all datasets regridded to 0.25° resolution.

Annual maps of the global PFT dataset by Harper et al. (2023a) based on ESA CCI data (referred to as CCI PFTs; time
period: 1992–2020) and the modeled C4 grass fractions by Luo et al. (2024) (time period: 2001–2019) are aggregated by av-15
eraging across the respective time steps to condense their information into single maps that approximate the long-term surface
cover, factoring out patterns caused by climate variability and disturbances. To reduce computational demands, only the CCI
PFT maps for the years 1992, 1995, 2000, 2005, 2010, 2015, and 2020 are regridded and included in the temporal averaging.
The resulting CCI PFT dataset encompasses spatially explicit maps of the percentage cover of 14 different PFTs: three abiotic
PFTs [(1) permanent inland water bodies, (2) permanent snow and ice cover, (3) bare soil], two anthropogenic PFTs [(4) man-20
aged grasses, (5) built-up area], and nine non-anthropogenic vegetation PFTs [(6) natural grass, (7) broadleaf deciduous shrubs,
(8) broadleaf evergreen shrubs, (9) needleleaf deciduous shrubs, (10) needleleaf evergreen shrubs, (11) broadleaf deciduous
trees, (12) broadleaf evergreen trees, (13) needleleaf deciduous trees, (14) needleleaf evergreen trees].

The ESA CCI LC time series (Copernicus Climate Change Service, 2019) is used to exclude grid cells that do not support25
vegetation under current environmental conditions from the 25 environmental predictors and global PNV predictions. All grid
cells consistently classified as non-vegetated land cover (bare areas, consolidated bare areas, unconsolidated bare areas, water
bodies, or permanent snow and ice) over the period 1992–2020 are removed and assigned to the final PFT maps as 100% abiotic.

Three external PNV classification schemes are incorporated into the workflow: the Holdridge life zones (HLZs; Holdridge,30
1967), the 2010 update of the global ecological zones for FAO forest reporting (GEZ2010; FAO, 2012), and the terrestrial
biomes (TB2017; Dinerstein et al., 2017). Spatially explicit HLZ maps for the period 1979–2013 are obtained from (Elsen
et al., 2022). The HLZs are further aggregated across the precipitation and potential evapotranspiration ratio gradients into
six life zones: tropical, subtropical/warm temperate, cool temperate, boreal, subpolar, and polar. The ecological zones of the
GEZ2010 map are aggregated according to their Level 1 domain (FAO, 2012) into five categories: tropical, subtropical, tem-35
perate, boreal, and polar.

S1.2 Biome datasets: Removal of faulty tundra data points

As pollen from intensively managed agricultural land may be misclassified as tundra (Binney et al., 2017), we discard all
“Tundra” data points during the processing and harmonization of the biome datasets unless their location meets at least one40
of the following criteria: (1) HLZ = polar or subpolar, (2) GEZ2010 = polar, or (3) terrestrial biome of TB2017 = tundra or
montane grasslands and shrublands.
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S1.3 Reclassification scheme: Preparation of the spatially explicit datasets

The preparation of spatially explicit data used to reclassify the 30 global PNV maps into PFT maps compatible with BLUE
involves multiple processing steps (see Table S7 for the reclassification scheme).45

Global grid cell fractions of plant form, as well as leaf type and phenology of tree fractions, are derived from the averaged
and regridded CCI PFTs (Harper et al., 2023a). For each grid cell, plant form fractions are determined as relative proportions of
trees (sum of the four tree CCI PFTs), shrubs (sum of the four shrub CCI PFTs), and grasses (values for the CCI PFT “natural
grasses”) relative to the sum of all nine non-anthropogenic vegetation CCI PFTs. Tree cover is further divided into broadleaf50
evergreen (BE), broadleaf deciduous (BD), needleleaf evergreen (NE), and needleleaf deciduous (ND) trees to obtain the frac-
tional coverage of leaf type and phenology in each grid cell. Approximately 3% of the grid cells with mixed biome classes
lack the CCI PFT values required for their allocation. In these cases, values are estimated through inverse distance weighted
interpolation from neighboring grid cells.

55
The extent and proportion of tropical vegetation (Fig. S1a) are primarily derived from the aggregated HLZs (Elsen et al.,

2022). Tropical HLZs are classified as tropical vegetation. Subtropical HLZs are split according to the Level 1 domain of the
GEZ2010 map (FAO, 2012): the area of tropical ecological zones is classified as tropical vegetation, while the area of all other
ecological zones is classified as non-tropical, in accordance with the equivalent climate regions of the Intergovernmental Panel
on Climate Change (IPCC) (FAO, 2012). The remaining HLZs are classified as non-tropical vegetation.60

The two shrub PFTs in BLUE are based on the ecosystems “Tropical woodland and shrubland” (“Raingreen shrubs” in
BLUE) and “Temperate woodland and shrubland” (“Summergreen shrubs” in BLUE) from Houghton et al. (1983). Accord-
ingly, depending on the tropical vegetation fraction shown in Fig. S1a, the shrub fraction of each grid cell is classified as
“Raingreen shrubs” or “Summergreen shrubs”.65

All grass fractions are allocated to the BLUE PFTs “C3 natural grasses” and “C4 natural grasses” according to the grid
cell fractions of C4 grasses shown in Fig. S1b. The map in Fig. S1b is primarily derived from the temporally averaged C4
grass fractions by Luo et al. (2024). Data gaps caused by the restriction of the modeling extent to observed natural grasses
are filled with C4 grass fractions obtained through the cross-over temperature approach proposed by Griffith et al. (2015),70
which calculates the fraction of C4 grass as the fraction of months in a calendar year with a maximum monthly temperature
(wclim_tmax) ≥ 27 °C and monthly precipitation (wclim_prec) ≥ 25mm (see Table S3 for the datasets). A spatial 3×3 median
filter is applied to the resulting composite map to minimize the influence of outliers in individual grid cells.
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S2 Supplementary figures75

Figure S1. Global grid cell fractions of (a) tropical vegetation used to define the climate region of trees and shrubs during the reclassification
of the PNV biomes to BLUE PFTs, and (b) C4 grasses used to define the photosynthetic pathway of grasses during the reclassification of the
PNV biomes to BLUE PFTs.
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Figure S2. Individual predictive performance for all 150 trained random forest classifiers of each class and overall, quantified through
Matthews correlation coefficient (MCC). The 30 models selected for the PNV predictions (best overall MCC values) are highlighted in light
coral.
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Figure S3. Spatial distribution of the percentage cover of each plant functional type (PFT) of the best-guess PFT map (PFTML). Grid cells
with zero percentage cover are colored gray. Subplot numbers correspond to the IDs in Table S8, which includes the full names of PFTs.
Refer to Fig. 4 in the main text for the spatial distribution of the percentage cover of aggregated categories of the best-guess PFT map.
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Figure S4. Spatial distribution of the percentage cover of each plant functional type (PFT) of the default PFT map (PFTHansis). Grid cells
with zero percentage cover are colored gray. Subplot numbers correspond to the IDs in Table S8, which includes the full names of PFTs.
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