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Abstract. Many global vegetation and biome models represent plant diversity through plant functional types (PFTs)
and physiological processes. To map biomes, established models rely on fixed PFT definitions and established biome
attribution schemes, which limit their adaptability to investigate new questions. Increased availability of high-
15 resolution climate and species distribution datasets, as well as advanced computational power, now enable regional
parameterization and conceptual extension of biome models, but this potential remains underutilized. Here, we present
Biome.jl, a framework that unifies climate-based biome classification and mechanistic simulations of biological
processes within a single, modular engine. The Biome.jl framework introduces a generalized dominance-based
competition scheme in which the attribution of model pixels to a biome is determined by environmental suitability,
20 potential productivity of PFTs, rules to translate PFTs to biomes, and biome dominance hierarchies. We evaluate
Biome.jl against independent datasets, demonstrating that improved flexibility does not come at the cost of predictive
power. We then illustrate the framework's customizability through two case studies: a regional parameterization of
PFTs using multi-parametric grid search inference based on empirical data, and an extension of the base model with
a novel stem succulent PFT and biome definition, achieved without modifying model components. By facilitating the
25 comparison of biome concepts, offering flexible functional parameterization, and supporting multi-resolution
implementation, Biome.jl redefines equilibrium biome modeling as a modular, hypothesis- and data-driven endeavor.
It provides a foundation for testing climate-vegetation relationships and exploring uncertainty in biome projections

under past, current, and future environmental conditions.

30  Shortsummary
Predicting how vegetation distribution responds to climate requires models that can be adapted to different regions
and ecological questions. We present Biome.jl, a mechanistic modeling framework that allows customizing vegetation
types, simulating their distribution, testing alternative biome concepts, and parameterizing the model using
observational data. We demonstrate its capacity with case studies, predicting tree lines in the Swiss Alps and

35 reproducing the global distribution of stem succulents.
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1 Introduction

Understanding how vegetation responds to climate change is facilitated by biome models that link climate forcing to
vegetation patterns through physiological processes. Since the introduction of the term "biome" in the early twentieth
40 century (Clements, 1917), a wide range of modeling tools and classification schemes have been developed to map
Earth's major vegetation zones (e.g., Box, 1995; Holt et al., 2013; Kdppen, 1936; Olson et al., 2001; Fischer et al.,
2022). These tools are particularly valuable for future vegetation projections and the study of climate-vegetation
feedbacks across evolutionary timescales, which span centuries to millions of years. Yet, many current vegetation
models were developed before high-resolution climatic datasets and globally consistent vegetation distribution maps
45  became available, and their design usually limits their capacity to fully exploit the richness of the observational record
that is now available (Wiiest et al., 2020). Additionally, quantifying uncertainty in vegetation projections and testing
how predictions depend on the chosen biome concept or the climate inputs used to force the model places new demands
on existing frameworks. Meeting these demands requires tools that can flexibly represent competing biome concepts
and vary the climatic inputs driving them within a single, unified platform, a combination that current models do not

50  provide.

Climate is the primary factor driving plant ecological differentiation across space and time (Gonzalez et al., 2010;
Kreft & Jetz, 2007; Woodward et al., 2004; Woodward & Williams, 1987), a relationship recognized since the early
days of plant geography (Grisebach, 1872; Humboldt, 1806; Schimper, 1908). Different climatic and environmental
conditions have led to the evolution of specific plant traits at the individual level and mediate dominance hierarchies
55 among growth forms and species at the community level (Delcourt et al., 1982; Hordijk et al., 2025; Joswig et al.,
2022). The current, unprecedented pace of climate change is expected to drive more than a third of the planet's surface
toward novel ecosystems (Loarie et al., 2009; Ordonez et al., 2024) and poses significant challenges to all biota to
track their spatially shifting ecological niches. Understanding these challenges by reliably simulating climate-
vegetation interactions across a range of conditions, including non-analogous climates, demands novel and flexible

60  model frameworks.

Because biome distributions have shifted repeatedly through evolutionary time, present-day biome patterns cannot be
treated as fixed reflections of current climate alone (Mucina, 2019), and observed biomes may differ from climatic
expectations even under stable conditions (Maiorano et al., 2013). Mechanistic biome models address this by
simulating biome distribution through physiological, demographic, and ecosystem-level processes operating under
65 climatic and edaphic constraints (Quillet et al., 2010). They represent vegetation as species-agnostic plant functional
types (PFTs) rather than relying on species’ realized distributions used by climate-envelope approaches (Champreux
et al., 2024; Pilowsky et al., 2022; Smith et al., 1993). Since their introduction in vegetation modeling (Prentice et al.,
1992; Smith & Huston, 1989; Smith et al., 1993; Solomon & Shugart, 1993), PFTs have become central to mechanistic
approaches, encoding variation in growth form, phenology, and photosynthetic pathway when linking climate

70 conditions to biome-level patterns (Anderegg et al., 2022; Box, 1995; Defries & Townshend, 1999).
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Mechanistic vegetation models fall into two broad families: equilibrium models and dynamic global vegetation models
(DGVMs). Equilibrium models (e.g., MAPSS, BIOME4) simulate the stable PFT configuration expected under a
given climate (Kaplan, 2001; Neilson, 1995), while DGVMs (e.g., MC1, LPJ, CLM, ORCHIDEE) resolve high-
frequency processes and feedbacks and are primarily designed for contemporary ecosystem dynamics rather than long-
75 term or evolutionary questions (Bachelet et al., 2001; Fisher et al., 2015; Krinner et al., 2005; Lawrence et al., 2019;
Li et al., 2024; B. Smith et al., 2014). The coarse temporal structure and computational efficiency of equilibrium
models make them well-suited for global, high-resolution, long-term, and non-analogous climate contexts (Li et al.,

2024) while still maintaining a high level of detail about vegetation structure.

However, the architecture of this type of model is often rigid. Most global models still represent terrestrial plant
80 diversity with fewer than 20 (often only six) PFTs, oversimplifying important functional variation (Anderegg et al.,
2022). Fixed PFT definitions and hard-coded rule sets prevent users from adjusting physiological thresholds to account
for regional evolutionary histories (Gerber et al., 2004), from testing alternative functional classifications, or from
extending models with novel PFTs where required. At the biome level, although numerous competing classification
schemes exist (Beierkuhnlein & Fischer, 2021; Fischer et al., 2022; Whittaker, 1970), most mechanistic models
85 implement only a single scheme for classifying PFT presence and productivity into biomes (Champreux et al., 2024),
making it difficult to assess how the chosen conceptual framework influences predictions or to compare biome

concepts under the same climatic forcing.

To help overcome these challenges, we developed Biome.jl, a flexible framework for mechanistic biome modeling
that unifies climate-based biome classification and mechanistic process modeling within a single, modular engine. It
90 is a platform designed for formulating, mapping, and comparing biome concepts under selected climate, soil, and CO;
conditions. Biome.jl (1) runs at and scales to any spatial resolution, (2) supports parameter inference to parameterize
PFT definitions against observational data, and (3) accommodates multiple biome classification schemes, which can
be interchanged or compared without modifying the underlying physiological engine. By separating core processes
(physiological filters, productivity, competition) from user-defined PFTs and biome attributions, Biome.jl provides a
95 transparent platform to test hypotheses and generate data-driven predictions about climate-vegetation relationships. In
this paper, we describe the structure and assumptions of Biome.jl, explain how it was parameterized and validated,

and explore its performance across two case studies.

2 Methods

2.1 Framework overview
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Figure 1. Biome.jl architecture. Rectangles represent model choices and processes, and capsules represent simulated
objects. Dark green objects represent model outputs. PFT stands for plant functional type, which is represented in
blue, as a data object, which holds parameters. The schematic illustrates the mechanistic simulation pathway in
105 Biome.jl for a set of PFTs given climate and soil variables. This core spans environmental filtering of adapted PFTs,
productivity estimation, competition outcomes, and the generation of output variables.
The model can (1) run climate-envelope schemes to generate biome maps based on established climatic niches (Fig.
1). These include the commonly used classifications of Koppen-Geiger (Koppen, 1936), Wissmann (Wissmann,
110 1939), Thornthwaite (Thornthwaite, 1931, 1948), and Troll-Paffen (Troll & Paffen, 1964). It can also (2) perform
mechanistic simulations at the PFT level using the widely used BIOME4 model or a user-defined modification of this
model that shares its core assumptions. The main output is a biome map in all cases, but mechanistic simulations
additionally provide PFT-level productivity and the dominant biome vegetation within each grid cell (Fig. 1). In the
mechanistic case, biome distributions are assumed to depend on climate, soil, and CO» constraints: the engine
115 simulates the distribution of a set of PFTs, their net primary productivity (NPP), and competition amongst them. It
then uses these variables to predict biomes over a region of interest. In the model, the abiotic environment is
represented by a set of environmental input variables and internally computed characteristics. The PFTs and their

competitive interactions represent the biotic environment.

120 Biome.jl operates on a gridded landscape and simulates equilibrium conditions. At equilibrium, a neighboring cell’s

identity is independent of the focal pixel’s type, including at ecotones, which are transition zones between biomes.
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This allows pixels to be processed in parallel to optimize runtime. The resolution of the Biome.jl outputs therefore

solely depends on the resolution of the input dataset.

125 The modeling framework is openly available to the research community as a software package and written in the Julia
language (Bezanson et al., 2012). An R-language wrapper, named biomeR, is available to safeguard the benefits of
Julia while allowing its execution in R (R Core Team, 2025), a language mostly used by ecologists and Earth systems
scientists. Both are made available on GitHub to promote community-driven development. Below, we explain the

Biome.jl inputs, its parameterization, configurations, and the different simulation modes.

130 2.2 Model inputs
2.2.1 Environmental data

The Biome.jl framework is designed to run using gridded climatologies, typically 30-year monthly or daily averages
of the variable of interest, imported as Rasters.jl objects. Environmental input is expected to be provided by grids of
identical scale, alignment, and projection, as the engine works pixel-wise on stacked environmental input. At a
135 minimum, Biome.jl expects information on climatological monthly mean temperature and total precipitation. These
inputs are sufficient to run simulations with all available climate-envelope schemes in the modeling framework. For
the mechanistic schemes, additional climate and soil rasters are required as inputs, along with a single global
atmospheric CO; concentration (Table 1). Several climatic indices used by the mechanistic models are derived
internally from these inputs unless explicitly provided by the user (Table 1). A useful resource for approximating the
140 soil variables required in the mechanistic schemes is the makesoil repository from ARVE Research, available at
https://github.com/ARVE-Research/makesoil.git. It uses SoilGrids soil properties (Poggio et al., 2021) and

pedotransfer functions to estimate the soil hydraulic properties of water holding capacity and saturated conductivity.

Additional optional inputs can be passed to the model if they are provided on the same grid. They can help delineate
145 user-defined niche limits of PFTs by introducing additional physiological constraints. They can also replace internal
calculations with observational data, for example, by replacing the interpolation of daily variables from monthly
values. The internally calculated climatic variables that can be overwritten are presented in Table 1 as mechanistic
optional variables (Table 1). Careful comparison of additional inputs to internally calculated variables should be
performed ahead of productive model runs to ensure that the model remains physically consistent. Additional
150 constraints may be introduced for any variable, provided they are also supplied as inputs with corresponding units.
For example, vapor pressure deficit, usually expressed in Pa, could be added as a constraint, as it is known to increase

the risk of hydraulic failure and potentially limits the establishment of species (Grossiord et al., 2020).

Table 1: Required inputs and derived climate variables, which can be provided as optional inputs used by the Biome.jl
155 engine and its outputs. Only air temperature and precipitation rates are required in all schemes, while the additional
variables cloud cover, soil saturated conductivity, soil water holding capacity, and CO, are required in the mechanistic
schemes (Fig. 1, Mechanistic required). Mechanistic optional variables can be supplied as additional inputs, which
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160

Variable
Inputs

All schemes
Monthly temperature

Monthly precipitation
Mechanistic required

Total Cloud Cover
Percentage

Water holding
capacity

Soil saturated
conductivity

CO2
Mechanistic optional
Daily temperature

Daily precipitation
Daily cloud cover
Snow melt

Potential
evapotranspiration

Daily day length

Monthly day length

Solar radiation

Absolute minimum
temperature

Solar radiation

Temperature of the
coldest month

Temperature of the
warmest month

Growing degree days
above 0°C

Growing degree days
above 5°C

Total precipitation

Abbreviation

tas

whe

ksat

co2

dtas
dpr
dclou
dmelt
dpet
ddayl
dayl

sun

tmin

rad0

tcm
twm
gddo

gddS

tpr

Unit

°C

kg m? month"!

%

kg m? month!
layer!

kg m?h!
layer™!

ppm

°C

kg m? day!
%
kg m? day!

kg m? day!
hours
hours

Jm?2 day!

°C

GIm?2 yr!

°C
°C
°C day"!

°C day"!

kg m™ year!

Frequency

monthly

monthly

monthly

depth level

depth level

single value

daily

daily
daily
daily

daily
daily
monthly

monthly

single value

single value

single value
single value
single value

single value

single value

EGUsphere

automatically override model calculations for that variable, without changes to the code. Any other additional input
variables would not override internal computations and are therefore not listed here. All time-relative resolution is
expected to be provided as a climatological average.

Description

monthly mean near-surface (2 m)
air temperature

precipitation rate

monthly mean cloudiness

plant-available water storage
capacity

effective saturated
conductivity/percolation
parameter.

single global atmospheric value of
carbon dioxide

daily mean near-surface (2 m) air
temperature

daily precipitation rate
daily average cloud cover
meltwater released from snowpack

combined loss of water through
plant transpiration and soil surface
evaporation

daily illumination hours
mid-month daily illumination
hours

total incoming shortwave radiation
for a representative day of the
month

minimal temperature reached
within a climatological year

total annual photosynthetically
active radiation (PAR)
accumulated over months with
mean temperature > 0 °C

coldest temperature in monthly
averages

warmest temperature in monthly
averages

cumulated daily degrees above a 0
°C temperature threshold

cumulated daily degrees above a 5
°C temperature threshold

annual precipitation rate
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Maximum snow maxdenth em sinele value maximum snowpack depth
depth P g accumulated over the year

Outputs
All schemes

koppen_class,
thornthwaite_temperature_zone

and . . . .

Biome classification  thornthwaite moisture zone, single value biome classification according to
the chosen scheme

troll_zone,

wissmann_climate zone,

biome
Mechanistic schemes
Dominant PFT optpft single value ]C\gﬁSt competitive PFT in the pixel
NPP npp g Cm?yr! per PFT Expected PFT-level productivity

2.2.2 Configurations

In addition to environmental data, mechanistic simulation schemes require a specification of PFTs, their associated
165 parameterization, and a mapping of PFTs to biome classes. These inputs are ignored by climate-envelope schemes.
Within Biome.jl, the BIOME4 configuration is available, including the original PFTs (Kaplan, 2001) and a PFT-to-
biome mapping. Alternatively, users may supply custom PFT definitions and biome translation schemes when using
the customizable base, presented later. These custom configurations are intended to support more or less granular or
alternative biome concepts. Users configure simulations through a model setup orchestrator, which combines the
170 supplied inputs with the chosen climatic or mechanistic scheme. We provide users with a comprehensive tutorial for

model customization in the package documentation.

2.3 Model outputs

The different modeling approaches produce distinct types of outputs. All schemes return a Rasters.jl object that can
be saved into a NetCDF file with explicit X/Y-coordinates taken from the input grids and their projections. Uniform
175 outputs allow climatic and mechanistic outputs to be compared on the same grid as the input variables. Climatic
schemes return single-layer categorical biome maps, with each grid cell assigned an integer class representing the
biome according to the selected conceptual classification. Mechanistic schemes also produce a categorical biome map
derived from the specified PFT-to-biome translation scheme. They also return layers of net primary productivity (NPP)
in g C m?2 yr! for each PFT, and of the dominant PFT per grid cell (Table 1). For all provided schemes, the
180 correspondence between integer values and biome classes is provided through a class key in the model documentation,
ensuring that map legends are unambiguous and reproducible (see Fig A1 for an example of biome classification maps

and legends).
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2.4 Climate envelope schemes

The climate-envelope schemes were reimplemented in Julia by directly transcribing the classification logic from the
185 SAGA-GIS tool Climate Classification (Conrad et al., 2015).They provide a basic climate zone classification based
on minimal climatological input and are thus applicable in many contexts and are rapidly calculated. They have no

mechanistic basis or explicit link to PFTs or dominant plant traits (see below)

Koppen-Geiger: The Koppen-Geiger scheme groups climate into five major categories (A-E) based on thresholds for
190  monthly temperature and precipitation, as well as the seasonal timing of wet and dry periods (K&ppen, 1936, Kottek
et al., 2006). Its logic is vegetation-driven without explicitly assigning PFTs or dominant plant traits to the final
classes. This scheme relies on the premise that, generally, monthly means and seasonal contrasts better capture

ecological constraints than annual averages (Fig. Ala).

Thornthwaite: The Thornthwaite system classifies climates based on how well precipitation meets evaporative demand
195 and on the overall thermal energy available (Thornthwaite, 1931, 1948). Using monthly temperature and precipitation,
it assigns every location to one of five moisture zones and six temperature zones. Its structure links moisture balance

and heat availability to ecological potentials (Fig. A1b), partly assigning dominant plant traits to the resulting classes.

Troll-Paffen: The Troll-Paffen classification defines 38 climate types by examining how three seasonal regimes:
radiation, temperature, and moisture interact through the year (Troll & Paffen, 1964). It captures the interference
200 between “seasonal climates” in temperature and precipitation to distinguish patterns from polar ice deserts to tropical

rainforests (Troll & Paffen, 1964) (Fig. Alc), thus assigning dominant PFTs or plant traits to the resulting classes.

Wissmann: The Wissmann scheme organizes global climates into six broad thermal groups, then differentiates them
using moisture thresholds that separate rainforest, monsoonal, steppe, and desert environments (Wissmann, 1939). It
considers summarized monthly temperature and precipitation values and uses a dynamic precipitation limit that is
205 linearly related to mean annual temperature and adjusted depending on whether summer or winter is wetter. This
approach directly ties climatic moisture availability to thermal conditions and the seasonality of climatic conditions

(Fig. A1d) and implicitly assigns classical biomes to the resulting classes.

2.5 Mechanistic schemes

The mechanistic engine of Biome.jl is built around a customizable physiological core derived from the BIOME4
210 model (Haxeltine & Prentice, 1996; Kaplan, 2001), which handles environmental filtering, productivity estimation,
and the representation physiological limits to PFTs (Fig. 1). The primary contribution of Biome.jl is a generalized and
fully customizable mechanistic framework, hereafter referred to as the "customizable base", which builds on the
physiological computation routines of BIOME4 but allows users to define new PFTs, modify the competition logic,
and specify flexible PFT-to-biome mapping schemes. To ensure continuity with the existing literature and enable
215 direct benchmarking, Biome.jl additionally provides a reference implementation of the original BIOME4 model that

retains its original logic without modification (Fig. Al.e). The two schemes share the same representation of
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physiological processes and differ only in how competition among PFTs is formulated and how dominant PFTs are
attributed to biome classes. The shared components are described in Sect. 2.5.1-2.5.3; departures specific to the
customizable base are noted explicitly where they occur.
220
Customizable base: The customizable base inherits the BIOME4 physiological routines for computing PFT growth
and productivity but replaces the fixed competition logic and biome translation framework with a generalized, user-
configurable alternative. It accepts any PFT definition within the required set of parameters and provided constraints
and allows flexible PFT-to-biome mapping based on user-defined rules, making it Biome.jI’s primary interface for
225  hypothesis testing or regional parameterization. This mode is initialized with six PFTs intended to represent a basis
for differentiation into more specific types (Fig. 2); it can accept new PFT definitions as well as the original BIOME4

PFTs, with or without modification.

BIOME4: Building on previous versions of BIOME models, the model simulates daily canopy conductance,
230 photosynthesis, respiration, hydrology, phenology, and fire days for 13 PFTs (Kaplan, 2001). It then calculates the
maximum leaf area index (LAI) and net primary productivity (NPP) that each PFT can sustain, given the local
environmental conditions. Next, it uses these estimates to simulate competition among the co-occurring PFTs. Finally,
based on the dominant PFTs within the cell, the model derives the pixel’s potential biome identity (Kaplan, 2001). In
Biome.jl, this scheme is implemented without modification to reproduce the behavior and outputs of the original
235 BIOME4 model (Fig. Al.e). The following mechanistic components are shared by both the BIOME4 scheme and the

customizable base, unless stated otherwise.

2.5.1 Defining PFTs

Each PFT is initialized with a list of 17 parameters (Table A1) influencing three main processes: photosynthesis,
evapotranspiration, and root distribution. Biome.jl provides maximum flexibility in PFT definitions across all its
240  mechanistic models: all parameters of individual PFTs can be adjusted through helper functions provided by the
package, and new PFTs with user-defined parameters can be created. In the customizable base of Biome.jl, two
parameters were added: the dominance class value D, which represents the PFT’s potential dominance rank within its
range, and the minimum sustainable LAI for the PFT to survive, both of which are defined in the original instances of
the BIOME model (Box, 1995; Prentice et al., 1992). PFTs with low dominance class values (e.g., one, indicating the
245 highest dominance rank) can dominate even at the edge of their ecological range, as is the case for tropical evergreen
forest types, which dominate across their ecological gradient. PFTs with high values (e.g., eight, indicating a low
dominance rank), such as cold herbaceous types, might be easily outcompeted even at the center of their niche if PFTs
with higher dominance potential are present; their physiological potential is usually broader, but their ecological

dominance is usually restricted to narrower climatic domains where conditions exclude more competitive PFTs.

250 Individual PFTs are additionally initialized with physiological constraints that delineate their fundamental ecological

niche (Hallgren & Pitman, 2000; Haxeltine & Prentice, 1996). Constraints are defined based on variables derived

10
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internally from the model inputs, including upper and lower climatic limits for the warmest and coldest months,
absolute minimum temperature tolerance, growing degree days at 5 °C and 0 °C, snow depth (Table S1). The
customizable base optionally takes site water balance as an additional constraint, expressed as a percentage of field
255 capacity (see Sect. 2.5.2). As mentioned above, additional constraints of the fundamental niche can be parameterized
for PFTs, provided the corresponding environmental variable is supplied as input. Ecophysiological thresholds can be

derived from the literature or inferred from species or PFT observations (Beigaite et al., 2022).

2.5.2 Environmental filtering of PFTs

The engine applies bioclimatic limits by comparing each PFT's physiological constraint thresholds against the grid
260 cell's computed climatological characteristics (Kaplan, 2001). To limit assumptions about the fundamental distribution
of each PFT, not all PFTs are defined with all possible limits; only the most representative ones can be specified,
while the tolerance limits that are not relevant to the PFT distribution can remain undefined. Each defined
environmental variable has its own PFT-specific minimum and/or maximum tolerated values, and a PFT is viable only

if all its thresholds are satisfied independently.

265 Soil moisture is not used as a constraint to PFT growth in BIOME4. Because it strongly limits tree growth (Harrison
& Prentice, 2003), the customizable base model applies an additional filtering step based on comparing potential water
availability to each PFT’s evapotranspirative demand. This limits PFT growth according to their humidity constraints
and removes them from the pool of potentially present PFTs if the constraints are exceeded. In the model, soil moisture
available to each PFT is derived from the site water balance calculation developed in earlier BIOME models (Haxeltine

270 & Prentice, 1996; Kaplan et al., 2003). It is a variable that depends on soil parameters and climate, and has been
proven to correlate with PFT distribution (Brun et al., 2022; Neilson, 1995; Woodward, 1987). Site water balance is
driven by daily equilibrium evapotranspiration (Prentice et al., 1993), where equilibrium evapotranspiration is
obtained from latitude, temperature, and cloud cover via the net-radiation balance. Actual evapotranspiration is then
scaled from this equilibrium demand and limited by root-zone supply. Adding daily precipitation and snowmelt allows

275 calculation of the water content of upper and lower soil layers while considering the effects of percolation, drainage,
and runoff. We then extract, for each month, the mean water content of the upper soil layer expressed as a percentage
of field capacity (0—100 %) and average these twelve monthly values into a single annual soil-moisture value per PFT.
This value is compared against each PFT's site water balance constraint, and as for other constraints, a PFT is
considered potentially present only if the pixel value falls within these bounds and is otherwise removed. Finally, the

280 model imposes an LAI screen: for each pixel, the PFT’s LAI is computed and, if it falls below the PFT’s minimum
sustainable threshold (Haxeltine & Prentice, 1996, Table 5), it is discarded from the candidate pool. As previously

noted, users can provide additional environmental variables as inputs to refine fundamental niche constraints to PFTs.

11
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2.5.3 Dominance-based competition for assigning biomes

Competition is handled differently in the BIOME4 scheme and in the customizable base, reflecting their distinct
285 assumptions about PFT definition and biome attribution. The competition frameworks defined in the BIOME3 and
BIOME4 model versions identify dominance by comparing the NPP of predefined grass and woody PFTs to determine
the single dominant PFT (Haxeltine & Prentice, 1996; Kaplan, 2001), then apply a complex set of relationships that
simulate inter-PFT competition and partly override the NPP-defined dominance. In the customizable base of Biome.jl,
the competition logic accommodates a flexible PFT definition. It simplifies the competitive relationships and does not
290 depend on known relationships between pre-defined PFTs. The estimates of competitive ability are calculated from
each PFT’s environmental suitability in a climatic envelope defined by its fundamental niche dimensions, its potential
NPP, and the dominance parameter. All PFTs present in the evaluated cell are ranked based on this competitive score,
and the PFT with the highest value is chosen as the dominant PFT (see Appendix B for a detailed description of the

calculations).

295 2.5.4 Parameterization

Unlike legacy BIOME4 implementations in which physiological parameters are hard-coded in compiled Fortran and
cannot be modified without rewriting the source, Biome.jl exposes all PFT parameters as native Julia variables. This
makes the model directly compatible with inference approaches without requiring wrappers or custom gradient
definitions. Given the low dimensionality of the parameter space and the Julia implementation's computational
300 efficiency, grid search-based sampling can be performed across multiple parameters simultaneously. Exposing PFT
parameters directly allows new PFTs to be parameterized against observational data. Given that no globally agreed
PFT scheme currently exists, and therefore there are no definitive PFT distribution or trait maps (Harrison et al., 2010),
parameterization allows for formulating and validating new PFT definitions (see Case study 2). Parameterization
further allows PFTs to be tuned regionally: although the aggregation of taxa into PFTs assumes generalizable
305 environmental responses (Smith et al., 1993), regional tuning makes it possible to address specific research questions
without resorting to species-level modeling. An example of the parameterization workflow used in Case study 1 is

available in the package's GitHub repository (see Code and Data availability).

The original BIOME4 PFTs (Kaplan, 2001) are included with default configurations but can also be modified and
used in the customizable base. The PFTs of the customizable base are intended to be modified by users depending on
310  their research interest; the simple starting set includes a needleleaf evergreen, a broadleaf evergreen, a needleleaf
deciduous, a broadleaf deciduous type, a C3 and a C4 grass type. Their physiological constraints were estimated from
simulated maps of forest types derived from empirical inventory data as binary response variables (Ma et al., 2023)

and matched to the distribution of model variables (Fig. 2).
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Figure 2. (a) Reference maps from Ma et al. (2023) of the distribution of the tree PFTs provided in the customizable
base of the engine. (b) Modeled distribution of the PFT according to Biome.jl and the distributional constraints as
estimated from the upper panel maps. (c) Comparison between the Ma et al. (2023) simulated maps and the maps
computed with the customizable base. Colors highlight: in green, the agreement between the two maps (TP, true
positives); in orange and blue, overprediction (FP, false positives) and underprediction (FN, false negatives),
respectively. Gray represents true negatives (TN), where the PFT is never predicted.

2.6 Evaluation

Modifying the competition logic was necessary to allow the model to work with any new PFT. As we previously
noted, several biome classifications exist, and their implementation differs across available datasets, making them
difficult to rationalize and to evaluate. We compared the original BIOME4 competition scheme against the new
dominance-based subroutine implemented in Biome.jl over broad vegetation categories that can be differentiated from
satellite products (Aziz et al., 2024; Bai et al., 2023; Ma et al., 2023) using two reference datasets: the RESOLVE
ecoregions dataset (Dinerstein et al., 2017), which is based on based on the widely employed 2001 Ecoregion concept
(Olson et al., 2001), and the Global Land Cover by National Mapping Organizations (GLCNMO) raster (Kobayashi
et al.,, 2017), a MODIS-based land cover classification dataset. We selected these two datasets because they
complement each other along the axis of potential versus observed vegetation. RESOLVE represents potential natural
vegetation consistent with the target of our biome models, and provides globally smooth coverage. GLCNMO is
derived from satellite products and thus reflects observed vegetation but includes land-use classes whose pixels cannot
be compared to our modeling outputs. We aggregated RESOLVE ecoregions across two classification levels: (1) a
coarse tree vs. grass distinction, and (2) six broad biome types (tropical forest, temperate and boreal forest, savanna
and tropical grassland, temperate grassland and shrubland, tundra, and desert). We also aggregated the GLCNMO
dataset into (1) a coarse tree vs. grass distinction, and (2) broad biome types (broadleaf evergreen, broadleaf deciduous,
needleleaf evergreen, needleleaf deciduous, mixed forest, grass). Analyses were conducted at the global scale with

0.5° resolution and at the continental scale (Europe) with 30 arc-second resolution (30, about 1 km at the equator).
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Results were evaluated using micro-averaged and per-class F1 scores, which represent the harmonic mean of the
model's precision and recall, computed from contingency matrices. Because some biome types were not represented
in the evaluation datasets over the European landscape (i.e., broadleaf evergreen, savanna and tropical grassland, and
tropical forest), they were not tested at 30 (Table 2).
345
The climate-based schemes implemented in Biome.jl have been previously evaluated against observational and
benchmark datasets and extensively employed across studies (e.g., Ahti et al., 1968; Cui et al., 2020; Marti et al.,
2023; Navarro et al., 2025; Koppen-Geiger concept: Beck et al., 2023; Klinges et al., 2025.; Willmes et al., 2017,
Thornthwaite concept: Whittaker, 1956, Troll-Paffen concept: Portmann et al., 2010, Wissmann concept: Ohsawa,
350 1991). Additionally, the BIOME4 model has been evaluated against multiple observational and benchmark datasets
(e.g., Harrison & Prentice, 2003; Kaplan et al., 2003; Salzmann et al., 2008; Wanner et al., 2008). Consequently, we
focused on evaluating the impact of the newly introduced competition subroutine on prediction accuracy rather than

reassessing the climatic inputs or the core BIOME4 formulation.

Table 2. MicroF1 and F-Score per vegetation class for a 0.5° global and 30” regional (Europe) comparison of the two
355 competition schemes, BIOME4, the original model logic, and BIOME4 with the new dominance-based competition,
with the GLCNMO and RESOLVE bioregion datasets.

0.5° global 30" continental
BIOME4 BIOME4
Ground with with
tru t;: Grouping  Class Metric Dominance BIOME4 Dominance BIOME4
based based
competition competition
Tree/Grass microF'1 0.90 0.89 0.72 0.73
Tree Per- 0.69 0.68 0.66 0.68
Grass/shrub class F1 0.48 039 0.28 028
tFy‘"::t microFl 090 0.89 0.72 0.69
GLCNMO _
Broadleaf evergreen 0.59 0.59 Not tested Not tested
Broadleaf deciduous 0.18 0.17 0.14 0.13
Needleleaf evergreen 15 f;’F . 0.18 0.13 0.35 0.29
Needleleaf deciduous 0.16 0.26 0.04 0.02
Mixed forest 0.14 0.19 0.24 0.25
Tree/Grass microF'] 0.80 0.80 0.89 0.90
Tree Per- 0.75 0.75 0.87 0.90
RESOLVE Grass/Shrub class F1 0.33 0.37 0.65 0.67
f;;:sle microF1 0.66 0.64 0.74 0.80
Temperate/Broadleaf Per- 073 0.77 0.88 0.91

forest class F1
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0.5° global 30" continental
BIOME4 BIOME4
Ground with with
ou Grouping  Class Metric Dominance BIOME4 Dominance BIOME4
truth
based based
competition competition
Temperate grassland
and shrubland 0.31 0.30 0.52 0.55
Savanna and tropical 0.52 0.42 Not tested ~ Not tested
grassland
Tropical forest 0.72 0.71 Not tested Not tested
Desert 0.72 0.73 0.09 0.28
Tundra 0.75 0.64 0.28 0.29

Results were similar between the two competition schemes (Table 2, Fig. A2). Both achieved high Micro-F1 scores
for the tree-grass distinction (GLCNMO: 0.90-0.89 globally, 0.72-0.73 regionally; RESOLVE: 0.80 globally, 0.89-
360  0.90 regionally), with the dominance-based scheme performing comparably or slightly below or above BIOME4 for
grass/shrub classification depending on the evaluation dataset. For the finer classifications, the dominance-based
scheme matched or marginally exceeded BIOME4 at 0.5° against both references (RESOLVE biome types, Micro-
F1: 0.66 vs. 0.64; GLCNMO forest types: 0.90 vs. 0.89), with per-class gains for grass/shrub (F = 0.48 vs. 0.39) and
needleleaf evergreen forests (F = 0.18 vs. 0.13) under GLCNMO. At 307, the two references diverged: BIOME4
365 matched more closely RESOLVE ecoregions (Micro-F1: 0.80 vs. 0.74), whereas the dominance-based scheme
performed comparably or better against GLCNMO, for forest types overall (0.72 vs. 0.69) and for needleleaf evergreen
forests (F = 0.35 vs. 0.29). Both models struggled most with grasslands and shrublands, consistent with known
challenges in classifying transition zones (Haxeltine & Prentice, 1996; Kaplan, 2001), and performed poorly in desert
and tundra at 307, likely due to their low representation in the European domain. The two comparisons are
370 complementary. Continental European plains are strongly affected by land use and poorly represented in the
GLCNMO raster. However, mountainous regions, less modified by human activity, are better resolved by GLCNMO
at this resolution, allowing altitudinal vegetation gradients and overall model performance to be evaluated more

reliably (Fig. A2).

These results demonstrate that generalizing the competition logic by defining competitive ability based on
375 environmental suitability, potential NPP, and dominance class does not degrade performance while allowing greater
flexibility, at least for distinguishing broad biome classes. This confirms that the new scheme is a biologically coherent
and ecologically relevant alternative for the PFT-specific competition rules of BIOME4, which were originally
manually tuned to a specific input dataset and do not generalize to new PFTs or alternative climate or soil input fields.
The differences in outputs between the original BIOME4 framework and the dominance-based competition

380  subroutine, tested both using BIOME4 PFTs, are shown in panels (¢) and (f) of Fig. Al.
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3 Case studies

We present two case studies to highlight the potential applications of Biome.jl and the features of our package. The
first case study illustrates the flexibility of Biome.jl in implementing mechanistic biome predictions at the regional
scale, showcasing high-resolution outputs and parameter tuning to treeline vegetation. The second case study
385 illustrates how Biome.jl can be extended to new PFTs and biome concepts and possible research outcomes. Both case
studies are evaluated against modeling and observational data, underscoring the practical relevance of the modeling

framework.

3.1 Case study 1. Treeline simulation in the Swiss Alps at 90 m resolution

In this first example, we use Biome.jl to simulate the climate-driven treeline position at the regional scale based on
390 30-year averages from 1981 to 2010 in the Swiss Alps. We use the forest mixture proportion data sampled at 90 m
resolution from the Swiss National Forest Inventory (NFI) (Fischer & Traub, 2019) as a ground-truth dataset for
estimating the physiological parameters influencing treeline position. We parameterize boreal evergreen and boreal
deciduous PFTs across Switzerland using the CHELSA climatologies of temperature, precipitation, and cloud cover
from 1981 to 2010 at a 90 m resolution (Zilker & Karger, 2025). While the position of the treeline in the Swiss Alps
395 is highly influenced by land use (Gehrig-Fasel et al., 2007), the primary natural limit to treeline expansion at high
elevation is temperature (Korner & Paulsen, 2004), and it is hypothesized that the treeline is mediated by the tree’s
annual growth and respiration requirements (Cooper, 1975; Prentice et al., 1992). We therefore focus on the model's
primary temperature constraint on PFT growth, represented by growing degree days, the cumulative daily temperature
excess above a 5 °C base threshold for trees (Prentice et al., 1992). Although BIOME4 also conditions PFT
400 establishment on the mean temperature of the coldest month (Tcwm) and the absolute minimum temperature (Tmin),
these constraints are not calibrated here. In the Swiss Alps, the cold-season temperature signal is strongly collinear
with the growing-season signal along the elevation gradient used for parameterization, making their individual
contributions non-identifiable from a single regional dataset. We therefore calibrate only the GDDs bounds, retaining
Tem and Tiin at their BIOME4 default values, since exceeding thresholds in a single variable is sufficient to exclude a
405 PFT from a pixel. Additionally, in alpine treeline conditions, establishment failure is driven by the minimum length
of the growing season rather than by an upper warm-season constraint. We therefore only estimate the lower bound

of the GDDs parameter, GDDs 1,

We estimated GD Dy ;,,, via a grid search over 100 values spanning [100, 1800] degree-days, with a search resolution
of approximately 17 degree-days that sets a lower bound on the precision of reported confidence intervals. At each
410 grid point, BIOME4 was evaluated over an elevation-stratified subsample of pixels drawn from the NFI ground truth.
We evaluated model fit using a soft binary log-likelihood, assigning 1log(0.85) to each pixel if its predicted, originally
binary, presence or absence matched the observed ground truth, and log(0.15) otherwise. This assigns a fixed 85 %
reliability to BIOME4's deterministic classification, converting the discrete presence/absence match into a Bernoulli

likelihood suitable for confidence-interval estimation. We identified the maximum-likelihood estimate as the grid
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415  point maximizing the resulting log-likelihood surface L(GDDs ), and we derived 95 % profile confidence intervals.
GDDys 1, estimations converged into a well-resolved peak for both relevant PFTs (Fig. 3). We therefore calibrate
GDDs 1o rounded values of 443 degree-days (95 % CI below the grid search resolution) for boreal evergreen and

873 degree-days (95 % CI: [856, 890]) for boreal deciduous trees.

Boreal Evergreen Boreal Deciduous
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420 Figure 3. Results of parameter estimation using a grid search approach for GDDs parameters as profile log likelihood
(Profile log. lik.) and normalized likelihood (Norm. lik.) for the lower bound of the GDDs limits, GDDs o\ for boreal
evergreen trees and boreal deciduous trees. Vertical bars indicate the selected parameter value, where MAP stands for
maximum a posteriori estimate, the parameter value that maximizes the posterior distribution, and its 95 % confidence
interval. Acc stands for accuracy, the fraction of sampled pixels whose predicted presence/absence matched the ground

425  truth at the MAP parameter value.
We then ran Biome.jl on 90 m resolution climate data (Zilker & Karger, 2025), between longitudes 9.0 and 9.5 and
latitudes 46.5 to 47.0 for the period 19802010, using the BIOME4 configuration with the new parameterization,
and compared it with results from the globally parameterized mode, which we refer to as unparameterized in the

following analysis. To do so, we aggregated relevant BIOME4 biome classes into below- and above-treeline

430  categories.

We evaluated modeled treeline positions (1981-2010) against Copernicus Tree Cover Density (2012) (Tree Cover
Density 2012 (Raster 20m), Europe, 3-Yearly, Mar. 2018, n.d.), masking pixels with < 70 % cover to define the
reference treeline as forest-nonforest boundaries. Then, we applied a moving-window approach (20 x 20 pixels,
stride 8) to the boundary, selecting within each window the highest-elevation boundary pixel above 1600 m. This

435 produced a point-based treeline proxy that excluded most human influence. We compared modeled treeline masks to
the horizontally nearest observation-based treeline proxy point. For each match, we computed vertical distances

between modeled and proxy point based on the SRTM elevation raster at 90 m resolution (NASA JPL, 2013).
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3.1.1 Results

Regarding treeline position, the regionally parameterized model predicted a mean treeline elevation of 1857 m against
440 2175 m for its unparameterized version (Fig. 4). When we computed the vertical difference between the modeled and
the horizontally nearest treeline proxy points: the parameterized model showed negligible vertical bias (+ 22 m), with
points distributed almost symmetrically above and below the proxy (57 % above), whereas the unparameterized model
predicted systematically higher (bias + 228 m; 95 % of points above). Because the selected highest treeline points
approximate the realized treeline and might remain affected by land use (Gehrig-Fasel et al., 2007), the parameterized
445 model is in close agreement with the observed forest limit, while the large positive bias of the unparameterized model
is consistent with the original BIOME4 parameterization approximating the potential climatic treeline at a global scale
(Korner & Paulsen, 2004). Regional parameterization in Biome.jl improves agreement with the observed treeline
without altering core model structure. This step makes the framework scalable to regional mechanistic mapping and
readily transferable to new regions or mountain systems. We estimate that further considering slope, aspect, and soil
450 characteristics would complement downscaled climatic data in accurately representing the heterogeneous terrain of
the Swiss Alps. Those methodological developments would improve the model’s ability to resolve biome boundaries

at very high resolutions.

Parameterized Unparameterized
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455 Figure 4. Vertical distance between predicted and nearest observed treeline points between parameterized model and
unparameterized model predictions based on 1981-2010 climate normals at 90 m resolution for longitude 9.0-9.5,
and latitude 46.5-47.0. In green: Copernicus tree cover points selected with a 70 % tree cover mask. In orange:
representatives of the natural treeline from the Copernicus tree cover mask, representing the highest recorded tree
presence within a 20 x 20 pixel moving window with a stride of 8 and expected to better approximate the natural
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460 treeline position despite land use. In gray: predicted tree-covered area with the corresponding BIOME4 model instance
representing the potential natural forest area.

3.2 Case study 2. Modeling a new succulent biome

Succulence is a morphological adaptation that enables plants to cope with chronic water scarcity (Gibson, 2012; Grace,
2019; Willert, 1992). The origin and diversification of succulents is thought to be associated with a global expansion
465  ofaridity during the late Miocene/Pliocene, about 10—5 Ma (Arakaki et al., 2011; Hernandez-Hernéndez et al., 2014).
We define the succulent biome as frost-free, fire-intolerant, and characterized by strongly seasonal rainfall deficit with
long-lasting drought periods, and with vegetation characterized by a high cover proportion of tall (> 1 m) stem
succulents, often deciduous, displaying reduced leaf area (Avila-Lovera & Ezcurra, 2016; Gagnon et al., 2019). The
succulent biome is expected to dominate across the dry tropics (Avila-Lovera & Ezcurra, 2016). Despite their
470 adaptation to chronic water limitation and their role in shaping dry-tropical ecosystems, succulent lineages remain
underrepresented in mechanistic vegetation models, constraining assessments of biome-climate interactions in arid

environments (Grace, 2019; Midgley & Bond, 2015).

We integrate functional traits into the definitions of a stem succulent PFT and a succulent biome in Biome.jl, and we
model them together with the BIOME4 PFTs using the new competition logic. We parameterized the stem succulent
475 PFT with a long leaf longevity to mimic the photosynthetic stem, extremely shallow rooting depth, tight stomatal
control, and CAM-like respiration, reflecting slow tissue turnover, rapid uptake after intermittent rainfall, and high
water-use efficiency (Avila-Lovera & Ezcurra, 2016; Bobich & North, 2009). Climate tolerance limits were set to
enforce strong frost intolerance and preference for semi-arid conditions, restricting establishment to warm, dry
environments and excluding both hyper-arid and cold-desert regions. All parameters for the succulent PFT are given
480 in Table A1. These limits were confirmed by a grid search parameter estimation using the GBIF-based stem succulent
occurrence map modelled by Ringelberg et al. (2020a) and based on more than 1,000 species primarily from the family
Burseraceae and the genera Bourreria, Caesalpinia, Gambelia, Leucaena, Parkinsonia, Pictetia, Prosopis,
Sideroxylon, and Thamnosma (GBIF, 2026) (Fig. A3). Most of the parameterization was done manually, building
upon traits and constraints from the desert woody PFT of the BIOME4 model and basing the logic on established
485 knowledge of succulent traits (Haxeltine & Prentice, 1996; Kaplan, 2001). We also introduced a “succulent biome”
and implemented a custom biome-assignment rule that attributes this biome when competition does not suppress stem

succulent dominance.

We then calculated recall, precision, and true skill score (TSS) of our model against a raster of the modelled stem-
succulent (< 1 m) biome distribution map from Ringelberg et al. (2020a) in predicting the range of stem succulents.
490  We selected only cells where all ensemble members agreed on presence, a stricter criterion than the original study,
which classified a cell as suitable when at least one-third of models predicted the stem-succulent biome (Ringelberg
et al., 2020b). We calculated these metrics only over regions where succulents have evolved, removing Australia and

Asia from the score computation.
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3.2.1 Results
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Figure 5. Predicted stem succulence presence overlaid with modelled distribution of the main stem-succulent genera

and families as collected by Ringelberg and colleagues (2020a). Colors highlight: in green, the agreement between

the two maps (TP, true positives); in orange and blue, overprediction of the extent of the stem-succulent biome
500 modelled with Biome.jl (FP, false positives) and underprediction (FN, false negatives), respectively. Gray represents

true negatives (TN), where the PFT is never predicted.

Biome.jl simulations effectively depict the highly fragmented, pantropical distribution of the succulent biome across

the Neotropics, Africa, Arabia, and Madagascar, with a near absence from most of Asia except for Pakistan and north-

western India (Hernandez-Hernandez et al., 2014; Lavin et al., 2004; Ringelberg et al., 2020b). Model agreement was
505 strongest in core succulent regions such as the Caatinga and Chaco in South America, southern African drylands, the

Sonoran Desert, and Madagascar, where predicted presence closely overlaps with dense occurrence clusters. The

model also predicted succulent occurrence in Australia. There, stem succulents are naturally absent, yet the spread of

invasive stem succulents from various genera has been recorded (Novoa et al., 2015).

Within a 1-pixel tolerance radius, to account for pixel heterogeneity and edge effects, our model achieved 0.54 recall,
510  0.32 precision, and 0.48 TSS when compared to the Ringelberg ensemble map. The model was efficient at predicting
correct distribution but remained too conservative, omitting parts of the succulent range in hyper-dry areas and
subtropical regions. Prediction errors were concentrated along ecotones and in regions with mixed fire regimes, mostly
mixing up savanna and succulent biomes. Because the succulent biome is known to be fire-intolerant, incorporating a
fire regime map as a model input could better constrain its predicted extent and reduce these errors. We consider this
515 a successful proof-of-concept that illustrates how a new PFT and biome can be added in Biome.jl, and it could be
significantly improved with targeted parameterization efforts based on observed, rather than modelled, distribution

maps.

4 Discussion

Capturing the processes that drive biome distributions requires considering climatic constraints, ecophysiological
520  process simulations and tolerances definitions, and competitive interactions across different spatial and temporal

scales (Mucina, 2019). We introduced Biome.jl, a Julia-based modeling framework for developing, comparing, and
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testing alternative biome definitions, and have shown that it can do so efficiently. Biome.jl is built around a fully
customizable mechanistic framework that separates the physiological core from user-defined PFT definitions,
competition logic, and biome attribution rules, with a reimplementation of BIOME4 provided as a reference
525 configuration, alongside climate-envelope biome classifications. Validation against the RESOLVE ecoregions and
GLCNMO reference datasets confirms that this flexibility does not compromise predictive performance: the new
competition logic performs similarly to, and in some cases slightly better than, the original BIOME4 scheme (Table
2). The case studies demonstrate that the modeling framework can be parameterized to account for continental
differences in PFT distributions and extended to incorporate new PFTs and biome concepts, such as the stem-succulent
530  PFT and biome, with minimal structural changes. With this added flexibility, Biomejl offers a modular platform,
created to explore competing biome ideas, run predictions under different climate scenarios, and integrate biome

simulations with palaeoecological and evolutionary research.

Comparing multiple biome distributions helps identify which processes are key to shaping global vegetation patterns
(Grimm & Railsback, 2012). Biome.jl enables this comparison by running the same climatic inputs through multiple
535 schemes, so differences in predicted biomes can be directly linked to model assumptions. We suggest extending the
framework by incorporating the global biome catalog synthesized by Fischer et al. (2022) alongside more classical
biome schemes (e.g., Olson et al., 2001; Whittaker, 1970). This extension would enable even more biome definitions
to be represented within a single, internally consistent modeling environment rather than as independent static maps.
Because the framework is open-source and PFT definitions are modular, community-contributed PFT and biome
540 configurations could be shared and versioned collaboratively, expanding the catalog of testable biome concepts and

fostering community-driven model development.

Thanks to Julia’s high computational efficiency, Biome.jl enables ensemble simulations of biome responses to climate
change, similar to ensemble approaches used in climate and species distribution models. Variation in the spatial
representation of biomes or PFTs as input to Earth system models can strongly influence climate simulation results,
545 especially in arid regions (Poulter et al., 2011). It can therefore be meaningful to run different PFT or biome schemes
as input into simulations of climate models through time. Running Biome.jl with different climate model data and
creating ensemble simulations would allow mapping and explicitly quantifying uncertainties in projected biome shifts.
At the same time, as an equilibrium framework, Biome.jl shares limitations common to the BIOME suite (Prentice et
al., 1992; Kaplan et al., 2003): it does not explicitly resolve transient vegetation dynamics, short-term responses to
550 disturbance, or physiological acclimation (Haywood et al., 2002). It does not represent the saturation of plant
photosynthesis to rising atmospheric CO; nor include nitrogen and phosphorus cycles. Applications of Biome.jl to
future-climate scenarios therefore show strong signs of CO: fertilization unconstrained by the model, representing
increasing uncertainty in projected biome shifts. These limitations contrast with those of dynamic global vegetation
models like the LPJ-GUESS suite (Smith et al., 2014), which resolve short time steps, carbon and nitrogen cycling,
555 and disturbance regimes, but at significant computational expense. Biome.jl fills a complementary niche: because it
does not require as much computational overhead, it supports more detailed PFT and biome definitions and can be

adjusted more flexibly. Its simplicity and speed make it a practical platform for exploratory hypothesis testing and
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scenario planning, while short-term projections may still require coupling with or comparison to dynamic models.
Future development could address some of these gaps by adding CO: response functions calibrated against FACE
560 experiment data (Norby & Zak, 2011) or by incorporating precipitation seasonality, nutrient limitation, and
disturbance regimes (fire, grazing) as additional processes and constraints to the Biome.jl framework (Beigaité et al.,
2022; Hernandez-Hernandez et al., 2014). In addition, biome identity is evaluated independently of historical and
dispersal processes in Biome.jl. This is illustrated by the succulent case study, in which we use Biome.jl to identify
regions where climate and soil conditions support stem-succulent dominance, but where native succulent lineages are
565 absent. Previous work has shown that the climates of invaded regions closely match those of cacti's native ranges
(Novoa et al., 2015), supporting the interpretation that this mismatch reflects the availability of lineages rather than
climatic limitations. Converting potential biomes into historically informed biome distributions, therefore, requires
additional information on lineage presence, dispersal pathways, and connectivity, as commonly applied in range-shift
and connectivity modeling (Koen et al., 2014; Alagador et al., 2016). If considered accordingly, the biome
570  distributions generated by Biome.jl can be integrated with evolutionary models (e.g., Hagen et al., 2021; Keppel et
al., 2012; L. Ma et al., 2022), connectivity analyses (e.g., (Ding et al., 2025; Koen et al., 2014), or approaches to
consider migration pathways (e.g., Alagador et al., 2016; Nobis & Normand, 2014) to distinguish where a biome could
occur climatically from where specific PFTs and their representative lineages were able to disperse to and where
biomes themselves could act as corridors for other species. Palacoecological applications of Biome.jl rely on the
575 assumption that PFT tolerances are conserved, and that past vegetation responded to climate similarly to modern
vegetation (Haywood et al., 2002). Rather than treating this solely as a limitation, paleorecords could be used to inform
PFT definitions representing vegetation types that no longer exist, extending the framework beyond modern analogs.
The parameter estimation framework developed here provides a tool for this: calibrating PFT tolerances against
paleorecords across time slices could allow tracking how individual functional types spread and adapted to different
580  niches over geological time, providing a link between biome modeling and macroevolutionary analyses. Taken
together, these extensions position Biome.jl as a tool suitable for testing biome theories, conducting comparative
analyses of different biome and PFT classifications, and answering broader questions about convergence,
diversification, and the distribution of global vegetation.
Using illustrative case studies, we have demonstrated the flexibility of Biome.jl, validated its predictions, and
585 showcased the use of the engine to extend biome concepts. The case studies are not intended to represent thorough
ecological analyses, but rather to demonstrate how mechanistic assumptions can be modified and evaluated against
independent data using Biome.jl. Case study 1 demonstrates the value of parameterizing Biome.jl for comparing
species pools, with implications for biogeography and evolutionary studies (Moncrieff et al., 2016). While the
parameterization focused on plant functional types that are primarily limited by climate, extending this approach to
590 PFTs influenced by both environmental filtering and competition will require careful treatment to avoid overfitting.
Case study 2 shows how Biome.jl can be extended to represent new biome concepts with minimal structural overhead.
New PFTs can be defined using empirical information and combined to derive biomes tailored to specific research
questions. In this study, the stem succulent biome (Ringelberg et al. 2020b) was introduced as a deliberately simplified

example to demonstrate how a new PFT and associated biome can be added to the framework without much effort. In
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595  this context, Biome.jl identifies regions of climatic suitability relevant to interpreting biome evolution and assessing
environments susceptible to invasion. By keeping biome extensions modular, Biome.jl shifts the main effort from

model modification to ecological interpretation and hypothesis testing.

5 Conclusions

600 Biome.jl introduces a new philosophy to biome modeling. We demonstrated the ease and success of generating and
applying quantitative new parameterization in Biome.jl for a case study on optimizing the simulation of treeline
location in the Swiss Alps, and in modeling the global distribution of a new desert succulent plant functional type and
biome. As a modular platform for comparing alternative biome classifications and identifying patterns that persist
across models, datasets, and assumptions, Biome.jl thus represents a testbed for hypothesis testing and constitutes an

605  important step towards the development of a unified biome concept.

23



https://doi.org/10.5194/egusphere-2026-4919

Preprint. Discussion started: 17 September 2026 EG U h .

© Author(s) 2026. CC BY 4.0 License. spnere
Preprint repository

Appendix A
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(b) Thornthwaite
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(c) Troll-Paffen
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(d) Wissmann
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() BIOME4 with modified competition

90

60

30

—-30

—60 -

=100 0 100

n Temperate sclerophyll

M Tropical evergreen forest M Cool conifer forest woodland Steppe tundra
u Tropical semi-deciduous B Cold mixed forest Temperate broadleaved Shrub tundra

forest savanna

Tropical deciduous Evergreen taiga/montane .
] forestiwoodiand [ ] forest Open conifer woodland [l Dwarf shrub tundra
B Temperate deciduous forest 'lﬁ:gucus taiga/montane W Boreal parkland Prostrate shrub tundra
Il Temperate conifer forest Tropical savanna Tropical grassland gt‘;ss:mn-forbs, lichen and

. Tropical xerophytic
W Warm mixed forest shrubland Temperate grassland Barren
. Temperate xerophytic )
Cool mixed forest shrubland Desert Land ice

615

29



https://doi.org/10.5194/egusphere-2026-4919
Preprint. Discussion started: 17 September 2026
(© Author(s) 2026. CC BY 4.0 License.

(g) Customizable base
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Figure Al. Possible model outputs from the Biome.jl engine. From top to bottom: (a) Koppen-Geiger scheme, (b)
Thornthwaite scheme, (c) Troll-Paffen scheme, (d) Wissmann scheme, (¢) BIOME4, (f) BIOME4 with generalized

competition, (g) Customizable base.
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Figure A2. Comparison of observed and modeled biome distributions at two spatial resolutions. (a) Vegetation
distribution maps aggregated from the GLCNMO and RESOLVE ecoregions datasets. (b) Vegetation distribution
simulated with the original BIOME4 competition scheme. (¢) Vegetation distribution simulated with BIOME4 using
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the modified dominance-based competition subroutine implemented in Biome.jl. Results are shown globally at 0.5°

625 resolution (left panels) and for Europe at 30” resolution (right panels). Colors indicate major vegetation classes into
which GLCNMO, RESOLVE ecoregions, and BIOME4 were aggregated for comparison. For GLCNMO: broadleaf
evergreen, broadleaf deciduous, needleleaf evergreen, needleleaf deciduous, mixed forest, and grass, and for
RESOLVE: tropical forest, temperate and boreal forest, savanna and tropical grassland, temperate grassland and
shrubland, tundra, and desert.

630  Table Al. Functional traits and parameter values defining the Succulent PFT
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EGUsphere

q Value for Description / Biological motivation
Parameter Name in model q
succulents for value in succulent case study
. . deciduous phenology, consistent with
Phenological type phenological_type 2 many stem succulents
. . very tight stomatal regulation; high
Maximum canopy conductance max_min_canopy_conductance 0.05 water-use efficiency (CAM-like)
. . Lo kept from woody desert defaults in
Maximum daily transpiration Emax 8 BIOME4
Fraction of roots in top soil root_fraction_top_soil 0.9 extreme]y shgl]ow, opportum.stlc roots
- - = enabling rapid uptake after rain
. . long-lived tissues; slow turnover
Leaf Longevity leaf longevity 30 typical of succulents
Sapwood_respiration sapwood_respiration 2 no true sapwood
Optimal Ci/Ca ratio for . kept from woody desert defaults in
photosynthesis optratioa 0.7 BIOME4
Stomatal Sensitivity kk 0.3 stomatal sensitivity parameter
C4 Photosynthesis c4 FALSE succuler}ts use CAM or Cs
metabolism
Fire resistance threshold threshold 0.25 low fire t_oler.ance; maintains
suppression in fire-prone savannas
Reference temperature for
A t0 10
growth initiation
Temperature response curve teurve 1
Sapwood maintenance elevated respiration reflecting CAM
A respfact 1.6 .
respiration energetics
Allocation factor for leaf vs
. allocfact 1
litter mass
Grass grass FALSE stem-st_lcculent growth form, not
grass-like
Dominance Factor dominance_factor 2
Minimum LAT minimum_lai 2 sparse canopy typical of tall
- succulents
Climate constraints
Temperature of the coldest requires mild winter cold-month
tecm [5, +o0]
month temperatures
Absolute minimum temperature  tmin [-5, +oo] strong intolerance to freezing
GDDs gdd5 [0, +o0] no constraint
GDDo gddo [—o0, 10000]
Temperature of the warmest twm [—o0, +o0] no warm-month constraint
month
Maximum snow depth maxdepth [0, +o0] no snow depth constraint (not
relevant)
semi-arid environments, excludes
Site water balance swb [5, 44] hyper-arid deserts (< 5 % of field
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Figure A3. Results of parameter estimation using a grid search approach for climatic constraint parameters as profile
log likelihood (Profile log. lik.) and normalized likelihood (Norm. lik.) for the lower bound of the Temperature of the
coldest month (Tcwm, min), absolute minimum temperature (Tmin, min), the upper and lower bounds of the site water
balance as percentage of the field capacity (swbiow and swbnign ), the upper and lower bounds of the total yearly
precipitation (tprmin and tprmax, and bounds of growing degree days above 0°C (GDDy, min and GDDo max) the stem-
succulent PFT based on modelled distribution data from Ringelberg and colleagues (2020a). Vertical bars indicate the
selected parameter value, where MAP stands for maximum a posteriori estimate, the parameter value that maximizes
the posterior distribution, and its 95 % confidence interval. Acc stands for accuracy, the fraction of sampled pixels
whose predicted presence/absence matched the ground truth at the MAP parameter value.

Appendix B. Calculations of the competitive dominance score

For each PFT, noted p in the following equations, the fundamental niche N, is defined as a set of admissible intervals

with a lower bound l,; and an upper bound u,; for each predictor j.

Ny = {[lp,i’ up.i]} | j € {tem tmin) GDDs, GD D, .y, maxdepth} (B1)

These bounds may be open, i.e. l,, ; = —oo, and/or u,; = +oo or set to a specific value.

The potential fitness of each PFT in the grid cell is normalized by its distance from its optimal conditions. Indeed,

each grid cell  is represented by a vector of the same environmental predictors (Table 1)

X = (tems tmin, GDDg, GD Dy, tyym, maxdepth) (B2)
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The distance of a pixel value ¥ to the admissible interval of a predictor 7 is defined as:
dy (%) = bpj = % if % < Ly
dyj(x) = 0if bpj < % < W (B3)

dp,j(%7) = 25— Wy if ;> up

655 Each distance is normalized by a predictor-specific tolerance parameter sp; which depends on the natural range of the
parameter. For example, absolute minimum temperature would naturally range between -60 and 20 °C, while
maximum snow depth would range between 0 and 20m, and this would affect the value of the tolerance parameter.
When both lower and upper bounds of the predictor are defined, tolerance is set proportional to the width of the
admissible interval, such that wider niches correspond to broader tolerance. This value is constrained within predictor-

660 specific minimum and maximum limits to avoid unrealistically sharp responses. When one or both bounds are
unbounded, tolerance range is assigned a fixed default value (tem: 4.0 °C, tmin: 4.0 °C, GDDs: 800 °C day™', GDD,: 800
°C day’!, twm: 2.5 °C, maxdepth: 7.5 cm) reflecting the typical scale of variation of the predictor.

The squared standardized distance of a pixel x to the fundamental niche of the PFT is
dp,j(xj)
Di(x) = %; (ﬁ)2 (B4)
665 The fitness level of the PFT in this environmental cell is then computed using a Gaussian-shaped kernel.

$,(x) = o(3800) (BS)

The competitive ability of the PFT in each pixel C(x) is then computed by multiplying this fitness level by the

calculated maximum sustainable NPP and its dominance class value D
C(x) = S,(x) - NPP - % (B6)

670  Code availability
The current version of Biome.jl is openly available at https://github.com/clechartre/Biome.jl under the GPLv3 license.
The R interface biomeR is available at https://github.com/clechartre/biomeR, also under the GPLv3 license. The
original BIOME4 Fortran source code is available at https://zenodo.org/records/11270258 (Kaplan, 2024).
The exact version v0.1.0 of the model used to produce the results used in this paper is archived on Zenodo at

675  https://doi.org/10.5281/zenodo.21921098  (Lechartre et al., 2026a), and biomeR is archived at
https://doi.org/10.5281/zen0do.22658759 (Lechartre et al., 2026b).
Simulation  scripts  for the case studies presented in  this paper are available at

https://github.com/clechartre/Biome.jl/examples/case_studies and within the Zenodo archive of the Biome.jl model.
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680  Data availability
The global biome maps from Ma et al. (2023) used for model evaluation are available at
https://zenodo.org/records/15102025. The Swiss case study uses 90 m resolution climate data that are publicly
available on the CHELSA website under https://www.chelsa-climate.org/datasets/chelsach-highres-climatologies and
https://www.doi.org/10.16904/envidat.689. Swiss National Forest Inventory leaf type mixture proportion data are

685  archived under the DOI https://doi.org/10.16904/1000001.6 (Waser et al., 2025). CHELSA V2 climatologies (1980~
2010) used as climate inputs for the succulent case study are available at https://www.chelsa-
climate.org/datasets/chelsa_climatologies and https://www.doi.org/10.16904/envidat.228. Stem succulent distribution
maps used as ground truth are provided in the supplementary data of Ringelberg et al. (2020b) at
https://doi.org/10.5061/dryad.08kprrdzs (Ringelberg et al., 2020a).
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