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Abstract. The net carbon dioxide (CO2) flux from land use and land-use change (Fryc) is a major driver of anthropogenic
climate change and central to mitigation strategies for achieving global emission reduction targets. Despite its importance, esti-
mates of Fy yc are characterized by large uncertainties. In models quantifying Fy yc, the spatial distribution of potential natural
vegetation (PNV) is a key component, but its influence on Fpyc estimates has not been systematically quantified. Here, we
address this gap by combining pollen-based biome reconstructions and observation-based datasets of environmental conditions
with machine learning to derive global PNV maps. Compared to existing PNV maps, our approach improves the representation
of biome-specific spatial heterogeneity and provides sensitivity maps for quantifying how assumptions about potential forest
and grassland distribution propagate into Fyyc estimates. Implementing the PNV maps as Plant Functional Types (PFTs) in
the bookkeeping model BLUE, we find global cumulative Fyyc for the period 1850-2023 to be 16% (6—27%) higher than the
default estimate. Differences at the regional scale are often even larger. Our results demonstrate that uncertainties in PNV dis-
tribution represent a substantial and previously overlooked source of uncertainty in F yc estimates, comparable in magnitude to
other key sources. Accurate PNV mapping is therefore essential for robust Fy yc estimates, particularly at regional scales, which
are required for understanding the global carbon cycle, improving Fy yc modeling, and informing effective climate mitigation

policies.

1 Introduction

The net carbon dioxide (CO3) flux from land use and land-use change (Fruyc) is a key component of the global carbon cycle and
substantially contributes to global climate warming (IPCC, 2019). Since 1850, it has accounted for approximately one-third
of global anthropogenic CO4 emissions (Friedlingstein et al., 2025). FLyc encompasses both CO, emissions from terrestrial
ecosystems to the atmosphere (gross sources) and the uptake and storage of carbon from the atmosphere in vegetation and
soils (gross sinks), resulting from anthropogenic land-use activities such as deforestation, agricultural expansion and abandon-
ment, afforestation, and forest management (Pongratz et al., 2021). Limiting global warming to well-below 2 °C, aligned with
the climate targets of the Paris Agreement, requires a decrease in land-use emissions and an increase in land-use removals,

transforming the global net Fy yc from a carbon source into a sink (Harper et al., 2018; Smith et al., 2024). However, Fyc
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estimates remain one of the most uncertain components of the global carbon cycle, with a relative uncertainty of about 64% for
the period 2014-2023 (Friedlingstein et al., 2025). Therefore, improvements in the accuracy of Fyyc quantification are crucial
for understanding the global carbon cycle, projecting future climate change, informing climate policy, and supporting effective

climate mitigation efforts (Smith et al., 2024).

Although major progress has been made in recent years in understanding and reducing uncertainties in Fyyc estimates, cru-
cial sources of uncertainty remain unaddressed. Fyyc estimates are typically derived from bookkeeping models and Dynamic
Global Vegetation Models (DGVMs) (Obermeier et al., 2025) and are used, for example, in the Global Carbon Budget (GCB;
Friedlingstein et al., 2025) and reports of the Intergovernmental Panel on Climate Change (IPCC) (IPCC, 2019). Semi-empirical
bookkeeping models combine land-use change data with predefined equilibrium carbon densities and carbon response curves
to track carbon stock changes in vegetation and soils caused by direct anthropogenic impacts (Hansis et al., 2015; Gasser et al.,
2020; Houghton and Castanho, 2023; Qin et al., 2024). In contrast, process-based DGVMs simulate ecosystem responses and
estimate Fpyc as the difference in net biome productivity between simulations with constant pre-industrial and transient land
use, thereby accounting for direct and indirect anthropogenic effects (Sitch et al., 2024; Pongratz et al., 2014). Beyond termi-
nological inconsistencies between the model types, large uncertainties associated with Fy yc arise from limitations in input data
and modeling assumptions (Pongratz et al., 2021; Obermeier et al., 2025). These include uncertainties in underlying land use
and land-use change forcing data (Ganzenmiiller et al., 2022; Hartung et al., 2021; Gasser et al., 2020; Houghton and Nassikas,
2017; Houghton and Castanho, 2023), vegetation and soil carbon densities (Bastos et al., 2021; Hansis et al., 2015), model
initialization and complexity (Ganzenmiiller et al., 2022; Hartung et al., 2021; Arneth et al., 2017; Bastos et al., 2021), climate
forcing (Loughran et al., 2021), and other modeling assumptions (Dorgeist et al., 2024; Houghton and Castanho, 2023; Bastos
et al., 2021). Despite this extensive literature, uncertainties related to the spatial distribution and classification quality of vege-
tation types undergoing land-use change remain almost entirely overlooked, even though these are central in both bookkeeping

models and DGVMs.

Multiple approaches have been developed to determine the spatial distribution of vegetation for global modeling. In both
bookkeeping models and DGVMs, vegetation types are typically defined based on the concept of Potential Natural Vegetation
(PNV). Initially introduced by Tiixen (1956), PNV describes the hypothetical equilibrium state of mature vegetation under pre-
vailing environmental conditions in the absence of direct anthropogenic disturbances. As such, PNV represents the vegetation
that would occur under the current climate without any human land use (Chiarucci et al., 2010; Hengl et al., 2018; Champreux
et al., 2024). To meet the diverse requirements of different research fields and applications, various classification schemes
have been proposed to map global PNV. Widely used examples include the Holdridge life zones (Holdridge, 1967), the global
potential vegetation types by Ramankutty and Foley (1999), the global ecoregions and terrestrial biomes (Olson et al., 2001;
Dinerstein et al., 2017), and the global ecological zones used for FAO forest reporting (FAO, 2001, 2012).
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Existing PNV maps differ in their underlying assumptions, definitions, and class boundaries, limiting their applicability for
Fruc assessments. Expert-based PNV mapping approaches (e.g., Olson et al., 2001; Dinerstein et al., 2017; FAO, 2001) are
inherently subjective and often combine different regional classifications, which limits consistency, reproducibility, and trans-
parency (Chiarucci et al., 2010; Conradi et al., 2020; Fischer et al., 2022). Remote sensing-based estimates are reproducible but
reflect current land cover, which is heavily influenced by anthropogenic activities in many regions. As a result, remote sensing-
based PNV maps either depict actual vegetation cover rather than PNV (e.g., Friedl et al., 2010; Higgins et al., 2016) or require
additional PNV maps to mask areas affected by land-use change (e.g., Ramankutty and Foley, 1999). Model-based approaches
constitute a third major family of PNV mapping methods. These include: correlative models that predict PNV distribution
using a limited number of generally climate-focused environmental drivers (e.g., Holdridge, 1967; Whittaker, 1975); process-
based models that simulate the ecological or physiological processes governing vegetation distribution (e.g., Arneth et al.,
2017; Smith et al., 2014; Kaplan et al., 2003); and data-driven approaches that use vegetation data and environmental variables
to derive PNV distribution by training statistical models (e.g., Levavasseur et al., 2012; Hengl et al., 2018; Bonannella et al.,
2023b; Beigaité et al., 2022a). However, model-based approaches simplify the relationship between potential vegetation and
environmental drivers and therefore do not fully capture the heterogeneous ecological and historical processes shaping PNV
distribution (Champreux et al., 2024). Moreover, correlative and process-based models often deviate from observed vegetation
patterns due to insufficient incorporation of empirical data (Bonannella et al., 2023b), and individual models produce highly
divergent results because of differences in model structure, complexity, parameterization, input data, and vegetation class defi-
nitions (Dallmeyer et al., 2019; Moncrieff et al., 2016). Beyond these approach-specific limitations, most existing PNV maps
do not provide a quantification of associated uncertainties, thereby limiting their reliability and applicability (Dietze, 2017;
Meyer and Pebesma, 2021). Thus, deriving PNV at high resolution, including associated uncertainty, requires a reproducible
framework that integrates representative and robust data on vegetation unaltered by anthropogenic influence while minimizing

subjective, expert-based judgments.

Recent developments in PNV mapping increasingly rely on data-driven approaches using machine learning algorithms com-
bined with pollen-based biome reconstructions (Levavasseur et al., 2012; Hengl et al., 2018; Lindgren et al., 2021; Bonannella
et al., 2023b) or remote sensing observations (Beigaité et al., 2022a, b). Within these approaches, the application of machine
learning reduces the influence of subjective decisions, enables the integration of a wide range of environmental variables
influencing vegetation growth, and is computationally efficient in producing high-resolution maps. Pollen-based biome re-
constructions are particularly well suited for predicting PNV, as they provide representative information beyond the actual
sampling location, allowing for the reconstruction of biomes from remaining vegetation fragments in landscapes strongly al-
tered by land-use activities (Hengl et al., 2018). In contrast, data-driven approaches based on remote sensing observations
depend on training data from areas outside direct human influence. Nevertheless, previous studies using pollen-based biome

reconstructions for PNV predictions remain constrained by the limited availability and spatial biases of training data.
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Within bookkeeping models and DGVMs, PNV maps play a fundamental role for quantifying Fy yc. In these models, PNV
is typically represented through so-called Plant Functional Types (PFTs), which are classes of plant species with similar func-
tional traits that respond uniformly to environmental drivers (Moncrieff et al., 2016; Poulter et al., 2015; Wullschleger et al.,
2014). In bookkeeping models, PFTs determine key parameters, including the spatial distribution of vegetation and soil carbon
densities, the allocation of carbon to different pools, and the residence times of carbon within those pools (Hansis et al., 2015).
In DGVMs, changes in PFT distribution alter surface and vegetation properties, thereby influencing simulated water, energy,
and carbon fluxes (Harper et al., 2023). Most existing PNV maps are not directly compatible with model requirements, due to
different class definitions, degrees of complexity, and spatial resolution, and instead need to be translated into model-specific
PFTs. Uncertainties in PNV inputs and processing steps thus propagate directly into derived PFT maps and subsequently affect
Fruc estimates. In ecotonal regions, where ecosystems transition between vegetation types such as forests and grasslands, the
assumed distribution of PFTs becomes particularly important as Fy yc estimates can differ substantially depending on whether
abandoned land is assumed to return to grassland or forest. Consequently, analyzing the influence of underlying PFT distribu-
tions and associated uncertainties on Fyc estimates is crucial for identifying drivers of F yc uncertainty and informing future

model development.

Here, we assess the sensitivity of Fyyc estimates to underlying PNV information by deriving new PFT maps and imple-
menting them in the widely used bookkeeping model BLUE (Bookkeeping of Land Use Emissions; Hansis et al., 2015). The
objectives of this study are to (1) develop improved high-resolution PNV maps and quantify associated uncertainties, and (2)
assess how variations in PFT distributions propagate into Fy yc estimates. Our approach involves compiling an enhanced dataset
of pollen-based biome reconstructions and combining it with data on climate, soil, and geomorphology to train an ensemble
of random forest classifiers predicting global PNV distributions. The resulting PNV maps are subsequently translated to PFT
maps. We derive one best-guess and two sensitivity PFT maps and integrate them into the spatially explicit BLUE model. Fy y¢
estimates from these simulations are compared with estimates based on the default PFT map of BLUE to quantify the sensitiv-
ity of FLyc to PN'V-related uncertainty. Overall, our approach provides a practical framework for predicting PNV distributions

and translating them into PFT maps and is applicable to other bookkeeping models and DGVMs that rely on such data.

2 Data and methods

The following chapter first describes the preparation of the pollen-based biome reconstructions used as training data and the
machine learning approach for predicting global PNV maps. It subsequently introduces the BLUE model, the reclassification
framework linking the PNV predictions to PFTs, and the simulation set-up. A schematic overview of the workflow is provided
in Fig. 1. An overview of the input datasets is given in the Supplement: Table S1 lists the biome datasets, Table S2 lists the
environmental predictors used for machine learning, and Table S3 lists additional datasets used to prepare the training data,
define the spatial extent of PNV predictions, and reclassify the PNV classes into PFTs. The preparation of environmental

predictors and additional datasets is described in Supplementary Text S1.1.
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Figure 1. Schematic workflow illustrating the main input data, processing steps, and outputs of our approach. The processing steps include

the generation of potential natural vegetation (PNV) maps

from pollen-based biome reconstructions, their reclassification into PFT maps,

and the implementation of these PFT maps in the bookkeeping model BLUE for estimating the net carbon dioxide (COz2) flux from land use

and land-use change (FLuc). Comprehensive lists of input datasets are provided in Tables S1-S3.
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2.1 Compilation of pollen-based biome reconstructions

We compile training data for the global PNV predictions from present-day pollen-based biome reconstructions. Our primary
source is the BIOME 6000 database (Harrison, 2017), which harmonizes data from 17 regional studies into a single classifi-
cation scheme with 32 biome classes. The biomes of individual data points are reconstructed based on pollen samples found
in sediments, moss polsters, soil, and other deposits according to the approach described by Prentice et al. (1996). In addition
to the BIOME 6000 database, we adopt expansions by Hengl et al. (2018) (also used in Bonannella et al., 2023b), adding data
for the Eastern Mediterranean, Black Sea, and Caspian Sea regions (Marinova et al., 2018) and Brazil (Veloso et al., 1992).
We further include regional datasets for Eurasia (Binney et al., 2017), China (Sun et al., 2020), the Tibetan Plateau (Qin et al.,
2022), and South America (Flantua et al., 2015).

Individual biome datasets are processed, verified for plausibility, and harmonized to create a consistent training dataset, i.e.,
for multiple pollen samples at the same location, only the most frequent biome is selected. As pollen from intensively man-
aged agricultural land may be misclassified as tundra (Binney et al., 2017), tundra data points are only retained at ecologically
plausible locations (see Supplementary Text S1.2 for details). The regional biome reconstructions by Sun et al. (2020) and Qin
et al. (2022) use a different biome classification scheme with 18 biome classes and are therefore converted to the 32 biome
classes used by the BIOME 6000 database (Table S4). At overlapping sites, BIOME 6000 data points are discarded in favor of

regional datasets.

We aggregate the 32 BIOME 6000 classes into 16 biome classes, as the original classes are too location-specific and detailed,
resulting in insufficient class observations for global modeling tasks (Bonannella et al., 2023b). The aggregation to 16 classes
supports (1) the definition of biome classes suitable for machine learning, with classes that are large enough for training and
distinguishable by environmental characteristics, and (2) achieving a balance between generalization and ecological detail for
global modeling. The 16 biome classes are defined based on matching plant form (grasses, shrubs, trees), leaf type (broadleaf,

needleleaf), phenology (evergreen, deciduous), and climate region (tropical, warm-temperate, temperate/boreal) (Table S5).

The final biome data for the global PNV predictions consist of 12 785 data points from 12 404 unique locations, classified into
16 biomes (compare Fig. 2a). The number of unique biome locations represents an increase of 86% compared to Levavasseur
et al. (2012) (6 691 locations) and 54% compared to Hengl et al. (2018) and Bonannella et al. (2023b) (8 057 locations). The
mismatch between the number of data points and unique locations arises because we retain all corresponding biomes when
multiple biomes are equally common at a location. Despite our efforts to increase the number of data points, the sampling
points are spatially clustered and large areas, especially in Africa and Australia, remain sparsely sampled. Additionally, biome
class sizes remain imbalanced, ranging from 152 observations for “Sclerophyll woodland and shrubland” to 2 277 observations

for “Temperate/boreal mixed forest” (Table 1).
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2.2 Global PNV prediction with random forest classifiers

We employ random forest classifiers to predict the global PNV distribution at 0.0083° spatial resolution (commonly referred
to as 1 km resolution). For this multiclass classification task, we utilize the prepared pollen-based biome data as the response
variable and a stack of 25 environmental variables as predictors. Random forest classifiers are well-suited for spatial prediction
tasks, such as ecological modeling and land cover classification, due to their computational efficiency, robustness to outliers and
noise, minimal preprocessing needs, and ability to handle complex, unbalanced data (Meyer et al., 2019; Rodriguez-Galiano
et al., 2012; Wulder et al., 2018; Yang and Huang, 2021; Beigaité et al., 2022a; Sidumo et al., 2022). They outperform other
classification algorithms in regional species modeling (Bonannella et al., 2022) and pollen-based biome reconstructions at con-
tinental to global scales (Sobol and Finkelstein, 2018; Hengl et al., 2018). The predictors comprise data on climate, soil, and
topography, and thus encompass typical environmental drivers that govern vegetation appearance and composition. The final
predictors are chosen based on their relevance for vegetation growth, the absence of direct anthropogenic influences, and the
public availability of global data at a spatial resolution equal to or higher than 0.0083° to provide high-resolution PNV maps
(Ganzenmiiller et al., 2025).

We implement a nested cross-validation to ensure an unbiased assessment of model performance and generalization to new
observations (Bischl et al., 2023). This involves an inner stratified 5-fold cross-validation dedicated to hyperparameter tuning,
for which we use a grid search approach to optimize hyperparameter values (see Table S6 for the hyperparameter space and
values). An outer stratified 5-fold cross-validation with 30 repeats then provides an unbiased evaluation on unseen data. The
stratified sampling is crucial to ensure proportional representation of biome classes across all folds, which is particularly impor-
tant for imbalanced datasets (Lyons et al., 2018; Kohavi, 1995). The model-building procedure results in 150 trained models,
of which we select the 30 top-performing models (20% of all trained models) to create 30 global PNV maps, which are then
used in all subsequent processing steps. The cutoff point at 20% is chosen as a compromise to ensure reliable predictions while

maintaining computational efficiency.

As a primary metric to assess the overall and per-class predictive performance of the trained models, we use the Matthews
correlation coefficient (MCC; Pedregosa et al., 2011). It directly evaluates the predicted class values of the hard classifier (i.e.,
the biome classes), considers all entries in the confusion matrix (which indicates the performance of the machine learning clas-
sification), and is well-suited for the evaluation of imbalanced datasets with different class sizes (Bekkar et al., 2013; Chicco
and Jurman, 2020; Jurman et al., 2012). The MCC values range from -1 to +1, where +1 indicates perfect classification, 0
random predictions, and -1 perfect misclassification (Jurman et al., 2012). Additionally, the overall MCC is chosen as the op-
timization criterion during hyperparameter tuning and for the selection of the 30 top-performing models. We further compute
the Rl20gloss (Bonannella et al., 2022) and other commonly used classification metrics, such as the overall accuracy as well as

per-class precision and recall (Pedregosa et al., 2011).
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The spatially explicit uncertainty associated with the global PNV predictions is provided through two metrics: (1) model
agreement, calculated as the proportion of models that assign the biome class predicted by the majority of models (henceforth
referred to as “majority class”), (2) model certainty, calculated as the average predicted probability of the majority class across
all models. Model agreement represents the uncertainty caused through the different training data subsets, whereas model

certainty refers to the internal model uncertainty, based on the confidence of the random forest classifiers.
2.3 The bookkeeping model BLUE

The spatially explicit bookkeeping model BLUE estimates Fy yc by tracking carbon stock changes in vegetation, soil, harvested
wood products, and the atmosphere following land-use change events (Hansis et al., 2015). BLUE distinguishes four land cover
types (primary land, secondary land, cropland, and pasture) and 11 PFTs representing the PNV that constitutes primary and
secondary land. The model further considers the following land-use activities: abandonment (change from cropland or pasture
to secondary land), clearing (change from primary land or secondary land to cropland or pasture), wood harvest (change from
primary to secondary land or land management on secondary land), and transitions between cropland and pasture. Following
a land-use activity, BLUE tracks changes in carbon pools (i.e., vegetation, soil, harvested wood products, and atmosphere)
based on response curves specific to each PFT and land cover type. In BLUE, Fyyc is derived as the annual change in the
atmospheric carbon pool. The default PFT map used in BLUE is created by aggregating the 15 classes from the PNV map by
Ramankutty and Foley (1999) into the 11 BLUE PFT classes using fixed allocation rules based on predefined bioclimatic and
geographical thresholds, followed by regridding to a spatial resolution of 0.5° (Pongratz et al., 2008). The underlying PNV
map of Ramankutty and Foley (1999) is largely based on remote sensing observations, with areas dominated by anthropogenic

land use masked by an expert-based PNV map composite published in Haxeltine and Prentice (1996).
2.4 Reclassification to BLUE PFTs

For implementation in the BLUE model, the 30 global PNV maps are first regridded to a spatial resolution of 0.25° to match the
resolution of other input datasets used in BLUE. These regridded maps are then reclassified into the 11 BLUE PFTs (six forest
PFTs, two shrub PFTs, two grass PFTs, and one tundra PFT). We apply a spatially explicit reclassification scheme to translate
each of the 30 global PNV maps into PFT maps (Table S7). Some biome classes (ID 1, 3, 5, 6, 7, 16; see Table S7) are directly
assigned to specific BLUE PFTs, whereas mixed biome classes are fractionally allocated among relevant BLUE PFTs because
they cannot be represented by a single PFT. This fractional allocation relies on additional spatially explicit datasets that quantify
the grid-cell fractions of important vegetation traits, including plant form (grasses, shrubs, trees), leaf type (broadleaf, needle-
leaf), phenology (evergreen, deciduous), and climate region (tropical, temperate) (see Supplementary Text S1.3 for details).
Global grid-cell fractions of plant form, leaf type, and phenology are obtained from the PFT dataset by Harper et al. (2023)
(henceforth referred to as CCI PFTs), which is based on ESA CCI land cover dataset (Copernicus Climate Change Service,
2019). Following Beigaité et al. (2022b) and Dallmeyer et al. (2019), anthropogenic land-use change is assumed to replace
vegetation types proportionally. Accordingly, the relative proportions of the tree, shrub, and natural grass CCI PFTs are used

as proxies for vegetation traits under PNV conditions. For mixed biome classes without explicitly defined climate regions, tree
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and shrub fractions are allocated to tropical or temperate BLUE PFTs according to the grid-cell fractions of tropical vegetation
in the Holdridge life zones (Elsen et al., 2022) and the 2010 update of the global ecological zones (FAO, 2012) (Fig. S1a).
Grass fractions are split into the BLUE PFTs “C3 natural grasses” and “C4 natural grasses” using grid-cell-specific C4 grass
fractions (Fig. S1b), primarily derived from Luo et al. (2024) and complemented by the cross-over temperature approach of
Griffith et al. (2015). Grid-cell fractions of non-vegetated surface cover are estimated by summing all abiotic grid-cell fractions
from the CCI PFTs (Harper et al., 2023), which include permanent inland water bodies, permanent snow and ice cover, and
bare soil. Grid cells classified as completely non-vegetated according to the ESA CCI land cover dataset (Copernicus Climate
Change Service, 2019) are treated as fully abiotic (see Supplementary Text S1.1). As the PFT classes used in BLUE are similar
to those employed in other bookkeeping models and DGVMs, our PFT maps can be translated through cross-walking tables or

the reclassification approach itself can be adapted to accommodate alternative PFT classifications.

Using the reclassification scheme, we translate the 30 PNV maps into 30 PFT maps consistent with the BLUE PFT defini-
tions. The ensemble mean of these 30 PFT maps is used as best-guess estimate (PFTyy ). To assess the PNV-related uncertainty
in FLyc estimates, we derive two sensitivity maps (PFTwpforest and PFTvgrass). To create PRI forest and PFTwvpgrass, PFT
values are assigned for each grid cell based on the maximum predicted forest fraction (sum of the six forest PFTs) and grass
fraction (sum of the two grass PFTs), respectively, across the 30 PFT maps. Because forests and grasses often represent oppo-
site ends of the parameter ranges in BLUE (e.g., for vegetation carbon densities), maximizing these PFT categories provides
plausible upper and lower bounds of the predicted values. The two sensitivity maps are therefore used to approximate the

maximum spread of simulated Fy yc and to quantify how uncertainties in PNV maps propagate into Fy yc estimates.
2.5 BLUE simulations

We run four BLUE simulations using different PNV maps: (1) PFThansis, (2) PFTye, (3) PFTMiforests and (4) PFTygrass-
PFThansis refers to the default PFT map of BLUE, whereas the other three labels refer to the respective PFT maps created
in this study. All simulations are initialized in 1700 and follow the land-use trajectories from the LUH2-GCB2024 dataset
(Friedlingstein et al., 2025; Chini et al., 2021).

3 Results
3.1 Global PNV predictions

The global PNV distribution of the 16 biome classes, derived from the ensemble mean of the 30 random forest classifiers,
reflects expected large-scale biome patterns (Fig. 2). These patterns largely follow the spatial distribution of the underlying
training data: “Tropical evergreen rainforest” along the equator transitioning into “Tropical savannas”, and “Deserts” and “Xe-
rophytic woods/shrubs” dominating arid regions. The mid-latitudes are characterized by a mix of temperate forest types and the

“Steppe” biome. Boreal climate zones, in contrast, contain large areas of ‘“Temperate/boreal evergreen conifers”. Some biome
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classes, such as “Temperate/boreal evergreen conifers” and “Steppe”, are widespread, whereas others, including “Sclerophyll

woodland and shrubland” and “Evergreen needleleaf open woodland”, are restricted to smaller areas.
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Figure 2. Global maps of (a) biome data points used as training data and (b) predicted distribution of potential natural vegetation (PNV)
biome classes. Grid cells in (b) show the majority vote of the 30 top-performing models on the biome class with the highest fractional

coverage across the regridded global PNV maps at 0.25° spatial resolution.
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The random forest classifiers generally demonstrate robust performance in predicting the global PNV distribution (Table 1),

2

on average achieving an overall MCC of 0.67, a classification accuracy of 0.71, and an R,

of 0.65. Average predictive per-
formance varies among the 16 biome classes, with the highest MCC observed for “Warm-temperate evergreen broadleaf forest”
(0.82) and “Tundra” (0.77), whereas “Tropical mixed forest” (0.41) and “Xerophytic woods/shrubs” (0.42) exhibit the lowest
MCC values. Predictions for larger biome classes have a lower variance in their predictive performance (Fig. S2), however,
class size alone is not the sole determinant of model performance. Smaller biome classes such as “Sclerophyll woodland and
shrubland” (n=152) and “Tropical evergreen rainforest” (n=402) have comparatively high MCC values (0.76 and 0.75, respec-
tively), likely reflecting a combination of distinct environmental characteristics associated with these biomes and a positive bias
due to spatial autocorrelation. Precision and recall estimates provide insight into potential misclassifications of biome classes
(Table 1). For example, “Cold deciduous forest” and “Evergreen needleleaf open woodland” show higher precision (0.65 and
0.64, respectively) than recall (0.46 and 0.46, respectively), suggesting an under-representation of those biome classes in the
predictions due to misclassifications into other biome classes. In contrast, biome classes with higher recall than precision,
such as “Tropical savanna”, are likely overrepresented in the prediction. In this case, the random forest classifiers correctly
predict a larger proportion of true instances, resulting in a higher recall (0.72) but at the cost of lower precision (0.62) due to
increased misclassifications. The four largest biome classes (“Temperate/boreal mixed forest”, “Temperate/boreal evergreen
conifers”, “Temperate/boreal deciduous broadleaf forest”, and “Steppe”) exhibit lower Rﬁ)g]oss values relative to their MCC,
precision, and recall values, indicating that random forest classifiers have lower confidence in the underlying class probabilities
than their class predictions suggest. We assume that this effect is driven by a combination of the large geographical extent of
these widespread biomes and the imbalanced dataset. The broad extent increases heterogeneity in environmental characteris-
tics, lowering the predicted probability, whereas class imbalance leads to comparatively higher performance for discrete class

predictions of large biome classes.

Maps for model agreement and certainty among the 30 models provide an overview of prediction reliability (Fig. 3). Model
agreement, reflecting uncertainty arising from the use of different data subsets during model training, is high (> 80%) across
89% of the vegetated land surface (Fig. 2a). This suggests that variations in the training data subsets exert only limited influence
on the predicted biome distribution. However, model agreement drops notably in transitional zones between biome classes,
such as the interface between ‘“Temperate/boreal mixed forest” and “Temperate/boreal evergreen conifers” in eastern Europe.
In contrast, model certainty, reflecting the internal model uncertainty based on the confidence of the random forest classifiers
in their class predictions, is considerably lower, with only 21% of the vegetated land surface showing a model certainty > 80%
(Fig. 3b). This indicates that consistent predictions across models do not necessarily imply strong confidence in the predicted
biome class. Areas with low model certainty (< 40%) often occur in transitional zones, but also coincide with regions sparsely
represented in the training dataset. These include extensive areas in Australia, Africa, Mexico and Central America, southern
Brazil, and Bangladesh, where complex environmental conditions, such as mountainous terrain, subtropical moist climates, or

arid zones, additionally limit model generalization. Conversely, regions such as lowland Sumatra and Borneo show relatively
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Table 1. Average predictive performance of the 30 best-performing random forest classifiers for each biome class and overall, quantified
using the Matthews correlation coefficient (MCC), precision, and recall. In addition, the table reports the number of observations (N. obs)
for each biome class and the training dataset. Overall metrics are calculated by micro-averaging, giving each sampling location the same

contribution to the overall score.

Biome class N.obs MCC Precision Recall Rlzogloss
Tropical evergreen forest 402 0.75 0.73 0.79 0.74
Tropical mixed forest 193 0.41 0.48 0.37 0.52
Tropical deciduous forest 216 0.46 0.54 0.42 0.54
Warm-temperate mixed forest 792 0.54 0.57 0.57 0.51
Warm-temperate evergreen broadleaf forest 664 0.82 0.81 0.85 0.77
Temperate/boreal deciduous broadleaf forest 1456 0.63 0.65 0.71 0.52
Temperate/boreal evergreen conifers 2110 0.74 0.78 0.78 0.60
Temperate/boreal mixed forest 22717 0.71 0.76 0.75 0.56
Cold deciduous forest 227 0.53 0.65 0.46 0.52
Evergreen needleleaf open woodland 275 0.53 0.64 0.46 0.54
Sclerophyll woodland and shrubland 152 0.76 0.75 0.78 0.70
Tropical savanna 291 0.66 0.62 0.72 0.66
Steppe 1356 0.59 0.62 0.65 0.45
Xerophytic woods/shrubs 389 0.42 0.47 0.41 0.47
Desert 644 0.70 0.76 0.66 0.63
Tundra 1341 0.77 0.77 0.82 0.69
Overall 12785 0.67 0.71 0.71 0.65

high certainty despite a lack of training data, likely due to similar environmental conditions well-represented elsewhere in the

training data.
3.2 Differences in PFT distributions

According to the best-guess PFT map (PFTyy), the PNV of the global vegetated land surface consists of 59% forest PFTs,
32% grass PFTs, 5% tundra PFT, and 4% shrub PFTs (Table S8). The PFT “Temperate/boreal evergreen conifers” covers the
largest area, accounting for about 20% of the vegetated land surface, followed by the two grass PFTs (C4: 18%; C3: 14%) and
“Tropical evergreen forest” (14%). “Summergreen shrubs” have the lowest extent, covering less than 1% of the vegetated land
surface, mainly in semi-arid regions. Besides vegetated land, the abiotic surface cover comprises approximately one-third of

the global land surface, mostly in Antarctica, Greenland, and desert regions.
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Figure 3. Spatial distribution of (a) model agreement and (b) model certainty for the global potential natural vegetation (PNV) predictions.
Model agreement is calculated as the proportion of the 30 best-performing models that predict the majority biome class for each grid cell.
Model certainty (b) is derived as the average predicted probability of the majority class for each grid cell across the model ensemble. Lower
values of model agreement and certainty indicate higher uncertainty in the PNV classification, and vice-versa. Both model agreement and

model certainty are regridded to 0.25° spatial resolution for visualization.

The spatial patterns of the best-guess PFT map (Fig. 4; Fig. S3 for individual PFTs) generally follow the distribution of the

global PNV predictions (Fig. 2b). The reclassification scheme used to translate the 16 biome classes of the PNV predictions

305 into the 11 PFTs of BLUE effectively captures ecological differences within mixed biome classes, leading to different PFT

proportions in areas with the same biome class. For example, the allocation of the biome class “Tropical savanna” to PFTs

results in a comparatively high share of forest PFTs in the central African savanna, which diminishes with increasing distance

from the equator. In contrast, “Tropical savanna” in eastern Brazil is characterized by a large proportion of the PFT “Raingreen
shrubs”, whereas in Madagascar it is predominantly assigned to grass PFTs.
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Figure 4. Spatial distribution of the percentage cover of plant functional type (PFT) categories of the best-guess PFT map (PFTwmy). The PFT
categories are: (a) forest PFTs (sum of IDs 1-6), (b) shrub PFTs (sum of IDs 7-8), (c) grass PFTs (sum of IDs 9-10), (d) tundra (ID 11), and
(e) abiotic surface cover. PFT names and corresponding IDs are provided in Table S8. Grid cells with zero percentage cover are colored grey.

The spatial distribution of the percentage cover of the individual PFTs of the best-guess PFT map is displayed in Fig. S3.

The best-guess PFT map and the default PFT map of BLUE (Fig. S4) show substantial differences in both spatial distribution
and total PFT areas (Fig. S5, Table S8). In the best-guess PFT map, forest PFTs cover 20% more area than in the default PFT
map, primarily at the expense of shrub PFTs, whose total area is reduced by 74%. In contrast, the total area covered by grass
PFTs remains similar between the two PFT maps. The largest discrepancy for an individual PFT is observed for “Raingreen
shrubs”, whose area is 79% smaller in the best-guess PFT map. Even where total area estimates are similar, spatial distribu-
tions of individual PFTs can differ substantially between the two maps, as is particularly evident for the grass PFTs “C3 natural
grasses” and “C4 natural grasses” (Fig. S5). Similarly, despite comparable global extents, the spatial distribution of abiotic
surface cover varies in many areas. The best-guess PFT map assigns larger abiotic surface cover fractions across many arid to

semi-arid regions, including Australia, Central Asia, and the Middle East, whereas the default PFT map shows greater abiotic
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surface cover in boreal latitudes and the American Cordillera.

We further analyze the potential variability in PFTs by constructing two sensitivity maps: one with maximum forest ex-
tent (PFTwforest) and one with maximum grass extent (PFTyipgrass). Due to the construction method, PFT i forest has higher
forest and a lower grass fraction compared to the best-guess PFT map (PFTyy ), whereas the opposite pattern is observed for
PFTMrgrass- The largest spatial differences between PFT v forest and PFTygrass OCcur in transitional zones between forest- and
grass-dominated biome classes, such as the border regions of “Steppe” in Eurasia and North America and “Tropical savanna”

in northern Australia and southern Brazil (Fig. S6).
3.3 FLyc estimates based on varying PFT maps

Global net Fy y¢ estimates derived with the bookkeeping model BLUE reveal substantial differences between simulations using
the PFT maps from this study (PFTmr, PFTMLforests PFTMLgrass) @and the simulation based on the default PFT map of BLUE
(PFTHansis)- Using the best-guess PFT map, cumulative net Fy yc estimates for the period 1850-2023 amount to 292 PgC, which
is 16% higher than the 252 PgC estimated with the default PFT map. Simulations using the sensitivity maps from this study
estimate cumulative Fyyc of 319 PgC under maximum forest extent (PFTy forest) and 266 PgC under maximum grass extent
(PFTMLgrass)» corresponding to increases of 27% and 6%, respectively, compared to the default simulation. The resulting spread
of 53 PgC between the simulations of the two sensitivity maps exceeds the 40 PgC difference observed between the simula-
tions using the best-guess PFT map and the default PFT map. Over time, global net Fy yc estimates exhibit similar temporal
trajectories across all four simulations (Fig. S5a), as they are driven by the same land-use data. In all simulations, global Fy yc
peaks in 1959, followed by a decline and convergence after 2000. However, the F yc time series derived from the best-guess

PFT map consistently shows higher estimates than those based on the default PFT map.

Similar to global net Fyyc, the temporal evolution of the individual Fyyc component fluxes is largely consistent across
the four simulations using different PFT maps (Fig. 5b). In line with previous Fpyc estimates (Friedlingstein et al., 2025),
emissions from deforestation, including permanent deforestation for agricultural expansion and deforestation associated with
shifting cultivation, are the dominant carbon source in all four simulations and most pronounced during the mid-20th century.
Larger forest fractions in the best-guess and PFTy forest maps lead to amplified deforestation emissions relative to the sim-
ulation using the default PFT map. By contrast, forest regrowth following agricultural abandonment and as part of shifting
cultivation cycles represents the primary carbon sink. Differences in forest regrowth fluxes between the simulations emerge in
the 1940s and increase over time, reflecting differences in post-abandonment recovery linked to PFT allocation. As a result,
carbon uptake from forest regrowth is higher in the simulations with greater forest PFT cover (PFTy, and PFT g forest). Fluxes
from wood harvest (e.g., decay of slash and wood products, regrowth following harvest) and from other land-use transitions
(e.g., conversions between crop and pasture) are comparatively similar across the four simulations. Wood harvest fluxes in-
crease slightly over time, whereas fluxes from other land-use transitions remain relatively stable. Overall, the higher net Fy yc

estimates under the best-guess PFT map compared to the default PFT map largely stem from increased deforestation emissions,
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Figure 5. Estimates of the global net carbon dioxide (CO2) flux from land use and land-use change (FrLuc) for the period 18502023 derived
from the bookkeeping model BLUE. Simulation names refer to the underlying plant functional type (PFT) maps: PFTHansis (default PFT map
of BLUE), PFTm. (best-guess PFT map from this study), and the sensitivity maps from this study PFTmrforest and PFTmpgrass, representing

Cumulative CO, flux 1850-2023 (PgC yr™1)

maximum forest and grassland extent, respectively (see Sect. 2). (a) Annual Fy yc estimates (PgC yr™). (b) Annual Fyyc estimates (PgC yr™")

split into component fluxes: (i) carbon emissions from deforestation (red), (ii) carbon removals from forest (re-)growth (green), (iii) carbon
fluxes from wood harvest and other forest management (orange), and (iv) carbon fluxes from other land-use transitions (blue). (c) Cumulative

(1850-2023) estimates (PgC) of FLuc and component fluxes. (d) Cumulative (1850-2023) F yc estimates (PgC) attributed to the individual

PFTs.

which are only partly offset by higher removals from forest regrowth (Fig. 5c).
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Although the broad spatial patterns of Fyc are similar across the four simulations, various regions show major differences
(Fig. 6, Figs. S7-S11). Across all simulations, cumulative Fy yc between 1850 and 2023 is highest in tropical regions, partic-
ularly in Brazil, Central America, West Africa, Ethiopia, and Southeast Asia, as well as in the central United States (Fig. S7).
In the more recent period (2000-2023), net emission hotspots are concentrated primarily in the tropics, whereas large areas
of temperate regions exhibit net carbon removals (Fig. S8). Between the simulations using the best-guess PFT map and the
default PFT map, pronounced discrepancies in Fyyc are located in regions with divergent PFT allocations and intense land-use
activities (Fig. 6a, Fig. S9a). These differences are particularly evident where the PFT maps disagree on the relative distribution

of grass and forest PFTs (Fig. S6).
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Figure 6. Differences between cumulative (1850-2023) net land use and land-use change flux (Fryc) estimates (tC ha!) derived from the
bookkeeping model BLUE using the plant functional type (PFT) maps PFTHansis and PFTmr. PFThansis refers to the default PFT map of BLUE,
whereas PFTw. refers to the best-guess PFT map from this study. Panel (a) shows the global distribution of cumulative Fryc differences,
whereas panels (b)—(d) provide insets for IPCC regions with large cumulative differences discussed in the main text: (b) Southeastern South

America (SES), (c) Western Africa (WAF), and (d) Central North America (CNA).
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One region with remarkable grid-cell-level differences is Southeastern South America (IPCC region SES; Fig. 6b; IPCC re-
gions are shown in Fig. S12), where Fy yc estimates vary considerably between BLUE simulations using the best-guess and the
default PFT map. In the northern part of this region, Fyc estimates based on the best-guess PFT map are substantially lower
than those based on the default PFT map (blue colors in Fig. 6b). These areas of lower Fy¢ coincide with grid cells classified as
“Tropical savanna” in the PNV predictions and are subsequently assigned predominantly to “C4 grasses” in the best-guess PFT
map, whereas they are designated as “Tropical deciduous forest” in the default PFT map. Conversely, in the central part of the
SES region the best-guess PFT map assigns a greater fraction of forest PFTs than the default PFT map, leading to higher Fy y¢
in the simulation using the best-guess PFT map. This spatial disagreement in Fy yc patterns is also reflected in the temporal
evolution of annual estimates in the region, with the simulation using the best-guess PFT map resulting in lower F yc values in

the period 1950-1990, but higher values in all other years compared to the simulation based on the default PFT map (Fig. S13).

Similar spatially complex patterns in the altered Fy yc estimates under the best-guess PFT map also emerge in other regions.
In central parts of Western Africa (IPCC region: WAF), FLyc based on the best-guess PFT map is lower due to the assignment
of “C4 natural grasses” in areas where the default PFT map is characterized by “Tropical evergreen forest” (Fig. 6¢). In con-
trast, coastal and northern parts of Western Africa exhibit higher Fy yc in the simulation using the best-guess PFT map due to
the assignment of forest PFTs in areas dominated by “C4 natural grasses” and “Raingreen shrubs” in the default PFT map. In
Central North America (IPCC region: CNA), large areas with forest PFTs in the best-guess PFT map are classified as grass
PFTs in the default PFT map, resulting in considerably higher cumulative Fy yc in the simulation based on the best-guess PFT
map (Fig. 6d).

The spatial patterns in cumulative net Fy yc are also reflected in the contributions of individual PFTs (Fig. 5d). Across all four
simulations, the PFT “Tropical evergreen forest” consistently exhibits the largest contribution to Fy yc, although estimates based
on the best-guess PFT map are about 15% lower than those derived from the default PFT map. In contrast, Fy ¢ estimates for
“Tropical deciduous forest” are nearly identical across the simulations. Cumulative F yc is higher for most other forest PFTs
in the simulation using the best-guess PFT map. The strongest relative increase is observed for “Temperate evergreen broadleaf
forest”, where Fyyc is nearly five times larger than in the default simulation. Contributions from “Temperate/boreal decidu-
ous broadleaf forest” and “Temperate/boreal evergreen conifers” are also substantially higher, by 60% and 40%, respectively.
Differences in shrub and grass PFTs have a mixed influence on their contributions to net Fy yc. Similar to “Tropical evergreen
forest”, FLyc estimates from “Raingreen shrubs” are substantially lower under the best-guess PFT map due to the smaller
global extent of this PFT in that map. For “C3 natural grasses”, Fy yc is slightly higher in simulations using the best-guess PFT
map than when based on the default PFT map, whereas the estimates from “C4 natural grasses” remain similar across both
simulations despite the pronounced regional differences (Fig. S5). Contributions from “Summergreen shrubs” and “Tundra”

are negligible.
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4 Discussion
4.1 Novel aspects and strengths of our approach

The global PNV maps developed in this study offer several advances over existing PNV maps. First, we use an expanded train-
ing dataset (12 785 data points from 12 404 unique locations), which substantially increases both the size of biome classes and
the spatial coverage of sampling points compared to previous studies with a pollen-based PNV mapping approach (e.g., Hengl
et al., 2018; Bonannella et al., 2023b) (8 959 data points from 8 057 locations). The preparation of the biome data, including
harmonization and aggregation of various regional pollen-based biome reconstructions and removal of duplicate data points,
reduces modeling bias and prevents inflated performance metrics. The enhanced compilation of pollen-based biome recon-
structions leads to more accurate PNV predictions in certain regions, such as the “Steppe” biome in the southern Patagonian
Steppe, which is partly misclassified as forest in previous studies (Hengl et al., 2018; Lindgren et al., 2021; Bonannella et al.,
2023b). Second, our approach reduces the subjective bias of traditional expert-based PNV maps (e.g., Olson et al., 2001; Din-
erstein et al., 2017; FAO, 2001), as advocated by Champreux et al. (2024), by relating pollen-based biome reconstructions to
environmental characteristics for a more objective and data-driven delineation of biome classes. By deliberately selecting envi-
ronmental predictors that avoid replicating human land-use patterns, our approach prevents the propagation of anthropogenic
signals into PNV predictions, which is the central limitation of satellite-based PNV mapping methods (Higgins et al., 2016).
Third, deriving a best-guess and two sensitivity PNV maps that return the maximal forest and grass PFT fractions predicted
by the ensemble enables the estimation of the uncertainty in the extent of forest and grasses and their impacts on subsequent

modeling tasks.

The combined use of two spatial uncertainty metrics (model agreement and model certainty) improves the understanding
of ecological and data-driven uncertainties in PNV predictions and helps to identify regions where additional sampling is
required. Regions with the highest uncertainty (Fig. 3) predominantly coincide with areas that are underrepresented in the
training data and characterized by biome transitions. These transitional zones in the PNV maps often correspond to known
ecotones, where gradual ecological shifts between biomes make PNV predictions challenging and uncertain, resulting in lower
model agreement. We address such uncertainties by averaging across 30 PFT maps, which returns PFT fractions that partially
capture the ecological gradients and account for prediction uncertainty. This is, for instance, illustrated in mountainous regions
of Borneo and Sumatra (Fig. S3), where vegetation shifts from lowland tropical rainforest to less dense vegetation with in-
creasing altitude are reflected by decreasing fractions of “Tropical evergreen forests” and increasing fractions of “Temperate
evergreen broadleaf forests”. However, high model agreement alone does not necessarily imply reliable predictions, as areas
that are poorly represented in the training data may show consistent PNV predictions across the 30 PFT maps despite low
model certainty (e.g., Bangladesh, southern and western Australia). Areas with low model certainty highlight locations where
additional biome data collection is needed to better link the prevalent biomes to environmental conditions and thereby improve

the reliability of PNV predictions globally.
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The differences between the three PFT maps from this study and the default PFT map of BLUE stem from methodological
advances in both the underlying biome maps and the reclassification framework, encompassing improved spatial resolution,
updated data sources with longer temporal coverage, and observation-driven PFT allocations. Specifically, our reclassification
framework offers a more accurate and spatially explicit representation of ecological gradients compared to the one used to
create the default PFT map. By incorporating state-of-the-art datasets, which cover multiple decades and offer a high spatial
resolution, our approach reduces the susceptibility of the PFT classifications to short-term climate variability and disturbances.
It further minimizes the reliance on uncertain bioclimatic parameter thresholds and predefined allocation fractions during
reclassification, which are used in the construction of the default PFT map. The 0.0083° spatial resolution of our PNV pre-
dictions, and of most datasets used for the reclassification into PFTs, offers an unprecedented level of detail for PFT maps
used in bookkeeping models and DGVMs. This resolution is approximately ten times finer than the PNV map of Ramankutty
and Foley (1999), which serves as the basis for the default PFT map. The improved spatial accuracy reduces unrealistic PFT
borders visible in the default PFT map (Fig. S4), such as artificially straight boundaries and abrupt transitions along grid cells
for “Tropical deciduous forest” in southern Brazil or “Raingreen shrubs” on the Iberian Peninsula. Spatial discrepancies in the
abiotic surface cover fractions (Fig. S5) between the best-guess PFT map and the default PFT map stem from the updated data
source, with Harper et al. (2023) being used instead of Hagemann (2002), but translate into differences in PFT fractions. For
instance, the lower “C3 natural grassland” shares in the best-guess PFT map in southern Patagonia result from considerably
higher shares of abiotic surface cover in that region. In contrast, the lower areal extent of “Raingreen shrub” in the PFT maps
from this study results from improvements in both the underlying biome data and the updated reclassification framework.
Shrub PFTs are more abundant in the default PFT map where larger areas allow the occurrence of shrubs and higher allocation
fractions (40% or 80%) for shrub PFTs are predefined for the reclassification of mixed vegetation classes into BLUE PFTs.
By contrast, our approach utilizes observation-based allocation fractions from Harper et al. (2023) to determine the share of
shrub PFTs in a grid cell, which rarely exceeds 40%, leading to a more constrained and spatially variable representation of
shrub-dominated systems. In addition to these advancements in the reclassification framework, the higher operational spatial
resolution (0.25° in the PFT maps from this study compared to 0.5° in the default PFT map) contributes to a more nuanced and

observation-driven representation of PNV.

4.2 Differences and uncertainties in Fy yc estimates related to PNV

Differences and uncertainties in PNV distribution substantially affect both global and regional Fyc estimates. In particular,
cumulative global Fyyc for the period 1850-2023 is 16% higher in the simulation using the best-guess PFT map from this
study than in the default simulation. This increase is notable because BLUE simulations based on the default PFT map already
have the highest global Fyc among the four bookkeeping-model estimates that contribute to the GCB 2024 (Friedlingstein
et al., 2025). In contrast, previous studies examining the influence of alternative allocation fractions or land-use change forcing

datasets report lower global Fy y¢ estimates relative to the default BLUE configuration (Bastos et al., 2021; Ganzenmiiller et al.,
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2022).

Transitional biome zones are identified as important areas of uncertainty in the PNV distribution. The influence of this un-
certainty on Fpyc estimates is quantified by comparing BLUE simulations based on two sensitivity maps maximizing forest
and grassland extent. Accordingly, cumulative Fyyc for 1850-2023 derived from these sensitivity maps exceeds the default
BLUE estimate by 27% and 6%, respectively, illustrating the substantial influence of uncertainty in PNV on Fyyc estimates.
The resulting range in Fy yc estimates is comparable in magnitude to other key sources of model uncertainty previously quan-
tified with BLUE, including uncertainties from land-use change forcing data, model parameterization, and model complexity
and setup (Table 2). This indicates that uncertainty in PNV distribution represents a major contributor to the overall uncertainty

in Fyc estimates and should be considered alongside these other sources of model uncertainty.

The impact of PNV-related differences and uncertainties on Fy yc estimates, particularly in areas where PFT maps differ in
the distribution of forest and non-forest PFTs, becomes even more evident on a regional scale. In Southeastern South America,
cumulative historical Fy ¢ differences exceeding 100tCha’!' (Fig. 6) occur where the best-guess PFT map from this study
and the default PFT map show opposing forest patterns: in the center of the IPCC region the best-guess PFT map depicts
extensive forest that is absent in the default PFT map, whereas the default PFT map assigns higher forest fractions along its
northern boundary (Fig. S14). Expert-based PNV maps show similar inconsistencies, with Dinerstein et al. (2017) delineating
comparatively lower forest extent, FAO (2012) classifying almost the entire [PCC region as forest, and IBGE (2012) defining
broad ecotonal zones with varying transitional states between forests and savannas. The high uncertainties in our underlying
PNV predictions, with large areas where multiple biomes have similar probabilities resulting in the low model certainty seen in
Fig. 3, contribute to the difficulty of classifying the transitional zones in Southeastern South America. This interpretation is sup-
ported by other PNV predictions based on machine learning, such as Bonannella et al. (2023a)(version 2, with biome classes)
who predicted substantially smaller forest areas than previous estimates by Hengl (2019) and Bonannella et al. (2023a)(version

2, with IUCN classes), despite using the same biome training data.

Other IPCC regions with pronounced impacts of PNV-related uncertainties on Fyyc estimates are Western Africa and Cen-
tral North America. In Western Africa, estimates based on the best-guess PFT map are probably overestimated in the northern
part of the region due to forest artifacts introduced by the reclassification scheme (Fig. S15). Vegetation patterns in these dry-
lands are difficult to assess, with satellite-based maps and DGVM simulations revealing strong disagreement on the spatial
distribution of trees and aboveground carbon densities (Tucker et al., 2023). Along the coastline, the forest distribution in the
best-guess PFT map aligns well with Dinerstein et al. (2017) but extends further north along the western coast in agreement
with the higher tropical tree cover fractions reported by Brandt et al. (2023). Inland, high forest PFT fractions along 10°N
in the default PFT map are not present in other PNV maps apart from FAO (2012), which classifies nearly the entire IPCC
region as forest due to the absence of a distinct savanna category. In Central North America, higher Fy yc estimates under the

best-guess PFT map are attributed to the forest-grassland boundary being located further west compared to the default PFT
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Table 2. Factors influencing estimates of the global net CO; flux from land use and land-use change (FrLuc) quantified with the bookkeeping
model BLUE (Hansis et al., 2015). Reported values show the relative change in Fryc estimates for each factor, expressed as percentage of
the respective default simulation used in each study. The comparison expands on Tab. 1 of Pongratz et al. (2021) but is limited to studies
using the bookkeeping model BLUE. Differences in simulated time periods, land-use change (LUC) forcings, and the inconsistent treatment

of emissions from peat burning and peat drainage affect the comparability across studies.

Uncertainty category

Quantified uncertainty

This study Cumulative Fryc (1850-2023)

PNV distribution 16% Increase using the best-guess PFT map (PFTwmi)

PNV distribution 21% Difference attributed to maximum biome value ranges (spread between PF T forest and
PFTMLgrass)

Ganzenmiiller et al. (2022)

Mean annual Fyyc (1960-2019)

LUC dataset

Spatial resolution

35% Decrease under the LUC dataset HILDA+" compared to LUH2
4% Difference attributed to the spatial resolution (LUC forcing with HILDA+" at 0.25° and
0.01°)

Bastos et al. (2021)

Cumulative Fyyc (1850-2015)"

Model complexity
Parameterization
Parameterization

Parameterization

14% Increase attributed to the implementation of gross land cover transitions
25% Decrease using the carbon densities of HN2017¢

34% Decrease using the allocation fractions of HN2017¢

3% Increase using the decay times of HN2017°¢

Hartung et al. (2021)

Cumulative Fryc (1850-2015)

Model setup 15% Difference attributed to the initialization year

Model complexity 13% Difference attributed to the implementation of land cover transitions (gross vs. net
transitions)

LUC dataset 22% Difference attributed to the LUC dataset

Model complexity 28% Decrease from neglecting wood harvest

Dorgeist et al. (2024) Fruc (1850-2021)

Parameterization 11% Increase under transient carbon densities (carbon densities responding to changes in

environmental conditions)

4 HILDA+ refers to the land-use change dataset HIstoric Land Dynamics Assessment + (Winkler et al., 2021).

b Percentage difference compared to the BLUE simulation with net land cover transitions. The default setup of BLUE uses gross land cover transitions.
€ HN2017 refers to the bookkeeping model of Houghton and Nassikas (2017).
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map (Fig. S16), which is also observed in other PNV maps based on machine learning (Bonannella et al., 2023a; Hengl, 2019).
This westward expansion of forest PFTs at the expense of grass PFTs could be explained by the absence of fire and grazing
effects in our training data, which are relevant drivers of natural vegetation cover (Bastin et al., 2025) and constrain tree estab-
lishment in the eastern Great Plains despite suitable climatic conditions (Sankaran et al., 2004; Anderson, 2006; CEC, 1997).
The discrepancies across all three IPCC regions (Southeastern South America, Western Africa, and Central North America)
further illustrate how PNV maps, independent of their classification approach, struggle to represent vegetation through discrete

classes in transitional landscapes that are ecologically complex and characterized by mixed physiognomies.

Overall, the comparison of different PNV maps reveals major inconsistencies across regions, which arise from different
mapping approaches, the difficulty of representing complex vegetation mosaics through discrete classes, and extensive an-
thropogenic land-use change resulting in a lack of continuous ground-truth data required to assess which PNV map is more
realistic. The suitability of regional vegetation maps to represent PNV is limited, as they are partly (U.S. EPA, 2010), largely
(IBGE, 2012), or entirely (Brandt et al., 2023) derived from satellite observations. In contrast, global PNV maps, particularly
the global ecological zones for FAO forest reporting (FAO, 2012), lack the ecological and spatial resolution necessary to obtain
detailed and spatially explicit Fyyc estimates and fail to adequately represent mixed vegetation classes, such as savannas, which

encompass varying proportions of trees, shrubs, and grasses.
4.3 Limitations

Although the PFT maps developed in this study advance data-driven estimates of global PNV, our approach has several limi-
tations. First, the training dataset is imbalanced across biomes and spatially biased. The samples disproportionately represent
productive ecosystems and temperate regions (Fig. 2a) and spatial autocorrelation among clustered samples likely results in
an overestimated model performance (Roberts et al., 2017; Schratz et al., 2019). Additionally, the large amount of pollen pro-
duced by woody taxa can mask vegetation producing less pollen (Binney et al., 2017), leading to overrepresentation of forests
in pollen-based biome reconstructions (approximately 65% of the 12 785 samples are forest biomes). Forest extent is thus likely
overestimated in the global PNV predictions, particularly if the real biome of a location is not represented in the input data or
environmental conditions lie outside those covered by the predictor space of the training data. Second, the discrete structure
of the random forest classifiers, which assign only one biome class per grid cell, prevents the representation of gradual biome
transitions and mosaics of vegetation types that characterize many landscapes on a sub-grid scale. We address this limitation
by using a high spatial resolution (0.0083°), the ensemble mean of 30 PNV maps, and the fractional allocation of mixed biome
classes to individual PFTs, which allows our PFT maps to depict transitional ecozones more effectively than alternative PNV
mapping approaches (Figs. S14-S16). Third, the use of the satellite-based CCI PFT data (Harper et al., 2023) for allocating
PNV predictions to BLUE PFTs potentially introduces anthropogenic land-use patterns into the PFT maps of this study. Since
the CCI PFT dataset only defines two anthropogenic PFTs (“managed grasses”, which include croplands, and “built-up area”),
all other forms of anthropogenic land-use elements, such as planted forests, plantations, or large-scale mining operations, may

be partly integrated into the PFT maps. However, apart from anthropogenic changes to the abiotic surface cover fraction, this
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issue only affects the allocation of mixed biome classes and cannot be avoided, as the plant functional traits of such areas
under PNV are unknown and cannot be determined. Moreover, the assumption of proportional replacement, in which it is as-
sumed that changes in land use replace vegetation types proportionally, simplifies actual dynamics of land use and may affect
the estimates of Fy yc. For example, Reick et al. (2013) show that preferential establishment of pastures on grasslands leads
to lower deforestation than under proportional allocation. Lastly, insufficient ground-truth data for PNV in many regions and
difficulties in comparing PNV maps due to different conceptual approaches, classification criteria, and vegetation classes limit

the independent evaluation of our PNV and PFT maps (Conradi et al., 2020).

Beyond these general constraints in the construction of our PNV and PFT maps, their implementation in BLUE introduces
limitations specific to the modeled Fy y¢ estimates. First, our approach to constructing PNV maps does not account for transient
effects on the spatial distribution of PFTs (e.g., due to climate change or tipping points), as we rely on present-day vegeta-
tion observations and environmental conditions to generate PNV maps, a procedure in line with the definition of potential
natural vegetation (Tiixen, 1956). It is an ongoing discussion whether environmental changes that influence Fyc estimates
(e.g., by altering standing carbon stocks or regrowth behavior) should or should not be considered in estimates of carbon
emissions and removals of land-use change (Houghton, 2013; Pongratz et al., 2014; Dorgeist et al., 2024; Obermeier et al.,
2021). Most recent estimates of the Global Carbon Budget have adopted the approach of using transient carbon densities,
which respond to environmental changes, instead of fixed carbon densities based on present-day observations (Friedlingstein
et al., 2026). Following the logic of reflecting transient carbon densities, natural changes to the PFT distribution should also
be considered in models simulating Fyyc. However, it is typically assumed that the dynamics in the natural biogeographic
distribution of vegetation occur slowly due to slow plant migration rates (Svenning and Sandel, 2013) and limiting factors such
as slow soil formation and nutrient limitations in cold regions, which become favorable for vegetation growth under global
warming (Huang et al., 2017). As a result, these dynamics are less relevant for estimates of the 20th century carbon cycle but

have increased importance for multi-century studies of land-use impacts on climate (Pongratz et al., 2009; Stocker et al., 2011).

Furthermore, the use of PNV maps in current bookkeeping models ignores that a considerable share of global forest area
consists of planted forests and forests influenced by other human management (Lesiv et al., 2022; Schulze et al., 2019; Winkler
et al., 2021), which can result in differences between observed PFTs and those represented in PNV maps. While bookkeeping
models typically account for wood harvesting, they do not include other management activities such as tree species selection.
The resulting mismatches affect Fpyc estimates, as parameter values for carbon densities, allocation fractions, and residence
times refer to potential PFTs instead of actual PFTs (e.g., using mixed broadleaf forests that would grow naturally in a certain
location instead of the actual spruce monoculture planted by humans). Consequently, simulated Fy yc is overestimated if the
assigned PFT has higher carbon densities than the actual vegetation and underestimated if the opposite is true. For example, we
estimate higher Fp yc emissions during 2000-2023 in parts of south-western China under the best-guess PFT map than under
the default PFT map of BLUE. This difference stems from the assignment of the PFT “Temperate evergreen broadleaf forests”

in the best-guess PFT map, which has higher carbon densities than the PFT “Temperate/boreal evergreen conifers” assigned in
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the default PFT map and thus results in higher Fy yc estimates upon deforestation and wood harvest. Despite the relevance of
this mismatch, the PNV of this region cannot be determined with certainty due to the long history of anthropogenic land-use
activities. Here, our results as well as Dinerstein et al. (2017), Zhang et al. (2024), or Haxeltine and Prentice (1996) indicate
evergreen broadleaf forests, whereas Ramankutty and Foley (1999), using satellite observation, indicate needleleaf forests due

to the substantial fraction of planted forests dominated by coniferous trees (Yu et al., 2022; Abbasi et al., 2023).

4.4 Relevance for carbon cycle research and climate mitigation

Quantifying the previously unexplored influence of PNV on Fy y¢ estimates has important implications for carbon cycle re-
search and climate change mitigation. The level of uncertainty in Fyyc associated with the global PNV distribution is compa-
rable to that from other key sources, such as land-use change forcing and model parameterization. Providing enhanced PFT
maps as input to FLyc models, including specifically developed sensitivity maps, therefore represents an important step to-
wards more robust estimates of global and regional Fy yc. The temporal evolution of the component fluxes indicates that Fy ¢
estimates remain sensitive to differences in underlying PNV distributions in both historical periods and recent years. At re-
gional scales, pronounced differences between BLUE simulations using different PFT maps, particularly in transitional zones
between biomes, highlight the importance of empirically grounded, high-resolution PNV reconstructions for capturing the
spatial heterogeneity of Fy yc linked to small-scale vegetation characteristics. The substantially larger forest PFT area (+20%)
and smaller shrub PFT area (—-73%) in the best-guess PFT map relative to the default PFT map of BLUE suggest an increased
potential for carbon dioxide removal (CDR) due to the larger area suitable for afforestation and reforestation. Overall, these
results highlight the value of refined PNV representation in models and of explicitly accounting for PNV-related uncertainties
when quantifying Fyyc. The remaining uncertainties in the mapped PNV distributions, particularly in transitional zones and
sparsely sampled regions, emphasize the need for improved sample coverage to enhance the reliability of future PNV mapping
approaches. A more comprehensive sample coverage could further enable the inclusion of additional biome classes, leading
to a more nuanced representation of heterogeneous landscapes in models quantifying Fy yc. Ultimately, the data-driven frame-
work presented here provides a foundation for more reliable Fy yc estimates and reinforces the central role of accurate PNV

maps in compiling robust carbon budgets and developing effective climate change mitigation strategies.
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