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ABSTRACT 

Background 

Vegetation structure is increasingly recognized as a key variable to explain ecosystems states and 

dynamics. New Remote Sensing tools are available to complement labor intensive field investigations and 

consider the global biogeography of this parameter. 

Objectives 

We propose to model the processes explaining the interaction between vegetation structure and animal 

community assembly globally, while requiring minimal computing power, based on the most 

fundamentals assumptions. 

Methods 

We integrate spaceborne (GEDI: Global Ecosystem Dynamics Investigation) and ground based (TLS: 

Terrestrial Laser Scanning) Lidar data in the Madingley general ecosystem model. We compare the 

outcome of this integration to previous version and to the TetraDensity estimate of animal biomass and 

Elton traits database for arboreality. 

Results 

Animal biomass density simulated by Madingley is closer to global estimates when integrating vegetation 

structure. The strength of this effect increases with higher cohort body mass and varies with local 

environmental conditions and stochastic processes. Simulated proportion of arboreality across cohorts is 
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consistently higher than observations. This is consistent with the divergence of biases between model and 

database.  

Conclusions 

Our results concur with our hypotheses about the role of vegetation structure on animal community 

assembly, as it reduces total animal biomass abundance. However, assessing the accuracy of its relative 

weight is challenging. While we have global products about arboreality and animal biomass density, they 

represent modern day ecosystem state, including anthropogenic activity, while Madingley simulates 

potential ecosystem optimum. Therefore, we call for further research in this field and for challenging 

modelling attempts to compare with. 
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INTRODUCTION 

Pressures on biodiversity are increasing at an alarming rate due to the combined effects of climate 

change and land use intensification (Newbold et al., 2016). These factors pose a significant threat not only 

to the future of life on Earth (Mace et al., 2014) but also to the stability and resilience of our societies 

(Rockström et al., 2009). To effectively address these challenges and develop appropriate strategies, models 

that can accurately assess and predict future scenarios are crucial, providing valuable insights to inform 

decision-making processes. Earth System Models (ESMs), Land-Surface Models (LSMs) and Dynamic 

Global Vegetation Models (DGVMs) have become key tools for ecological research and conservation 

(Collier et al., 2018; Eyring et al., 2016; Prentice et al., 2007, 2015). These models enable scientists to 

investigate complex ecological processes, such as carbon cycling, nutrient dynamics, and plant 

biogeography. While ESMs, LSMs and DGVMs have been widely adopted, it is crucial to acknowledge 

the pressing need for ecological models that also mechanistically simulate fauna. The ongoing sixth mass 

species extinction event, fueled by anthropogenic activities, highlights the urgency to understand and 

predict the fate of animal populations and their interactions within ecosystems (Barnosky et al., 2011; 

Ceballos et al., 2017; Cowie et al., 2022). In this context, the Madingley model stands out as a unique 

ecological model capable of simulating fauna in a mechanistic manner, allowing for the exploration of 

unprecedented future scenarios and response to the biodiversity crisis (Harfoot et al., 2014; Purves et al., 

2013). However, it is currently limited by its inability to explicitly represent vegetation structure. This 

means that it represents vegetation as a flat ground layer, which is a relatively correct approximation across 

grasslands, but challenging when simulating forests. Thanks to advancements in technology and new on-

the-ground observations and remote sensing products, we have new opportunities to solve this limitation. 

By incorporating these emerging data sources into model development, we can improve simulations 

accuracy and enhance our ability to investigate the complex interactions between animal communities and 

vegetation structure, factoring biodiversity, climate change, and land use.  

The role of vegetation structure in ecological processes is increasingly studied and acknowledged. 

It has been identified as the main driver of overall ecosystem productivity (Migliavacca et al., 2021), and 

linked to numerous ecological dynamics. It has been linked to biophysical processes, such as fire regime 

(Just et al., 2016; Veenendaal et al., 2018) or hydrology (Wu et al., 2022; Zhu et al., 2012), as well as 

ecosystem functional traits and energetics (Campos-Silva & Piratelli, 2020; Migliavacca et al., 2021; 



Russo et al., 2023; Stark et al., 2015; West et al., 2009), and particularly shaping biodiversity through 

biotic dynamics (Srivastava, 2006; Tilman et al., 2014), from plant interactions (Dohn et al., 2017; Franklin 

et al., 2020; Martínez Cano et al., 2020) to habitat and niche partitioning for animal species (Gámez & 
Harris, 2022; MacArthur & MacArthur, 1961; Salas-López et al., 2022; Ye et al., 2021). Yet, there is no 

comprehensive consensus about the overall importance of vegetation structure in ecosystem states and 

dynamics, as its role is complex (Coverdale & Davies, 2023; Russo et al., 2023). Landscape complexity, 

including vegetation structure, would benefit from additional investigations to explain animal biogeography 

(e.g.: range dynamics (Heit et al., 2021)). Obtaining precise observations about this relation is challenging 

at global scale (Killion et al., 2023a). We propose to advance this field by integrating 3-dimensional 

vegetation structure in a mechanistic global ecological model, to simulate its influence on animals’ 

biogeography. Such research has been limited until recently by data scarcity. Obtaining observations about 

vegetation structure at large scale, and tree architecture in particular, has been historically challenging. 

However, new methodologies and tools are bridging this gap (Atkins et al., 2022; Ishii et al., 2004; 

McElhinny et al., 2005). The precise branching of individual trees can now be captured thanks to ground-

based TLS (Terrestrial Laser Scanning) (Lau et al., 2019a; Verbeeck et al., 2019). Such new data informs 

our understanding of vegetation structure in regard to tree mechanical architecture (Jackson et al., 2019; 

Verbeeck et al., 2019). A global measurement of vegetation structure, at the 25m resolution is also available 

thanks to the NASA Global Ecosystem Dynamics Investigation (GEDI) mission. Insights on the relation 

between tree height, branch radius, branch strength, and weight carrying capacity allow us to integrate key 

vegetation structure parameters in mechanistic models and simulate their influence on arboreal 

communities. 

Understanding the global biogeography of the interplay between diverse species, and particularly 

between autotrophs (typically plants) and heterotrophs (herbivores, carnivores, mixed feeders) is at the 

heart of ecology. It is also critical to understand the consequence of anthropogenic activity and mitigate its 

negative impacts.  

In this study, to enhance our ability to investigate the interaction between vegetation structure and 

animal community assembly, we combine new on-the-ground observation and remote sensing products, 

with the capabilities of Madingley. Our approach enhances understandings of vegetation structure influence 

on animal community assembly, biogeography and ecosystem functioning. We test how integrating 

vegetation structure into the Madingley model can shape its ability to simulate animal communities’ 

biogeography. We question how landscape complexity, driven by plant architecture, can influence the 

availability of resources and shelter, thereby shaping animal populations distribution.  

The more forested a region, the more relevant this work is. This expands the range of future 

scenarios we can investigate and provide crucial insights into the potential impacts of climate change and 

land use intensification on biodiversity, enabling policymakers and conservation practitioners to make 

informed decisions for the preservation and sustainable management of our planet's ecosystems.  

 

METHODS 

MADINGLEY 

The Madingley model is a process-based model simulating cohorts (i.e. group of individuals) 

representing an ensemble of fauna “species” sharing the same characteristics (Harfoot et al., 2014). Each 



cohort has a unique set of traits (e.g.: diet) and state parameters (e.g.: age) assigned to it, such as predation 

rate, body mass, and metabolic rate. These cohorts interact with each other either directly via predator-prey 

interaction, or indirectly, by competing for resources. They are also driven by environmental parameters, 

the first among them being resource availability, which is calculated in Madingley according to climatic 

data (M. J. Smith et al., 2013) processed internally according to the Miami model (Lieth, 1973). Other 

environmental parameters impact these cohorts either directly, e.g.: temperature impacts metabolic rate, or 

indirectly, e.g.: Mean Annual Precipitation (MAP) drives primary productivity. The model simulates 

community assembly processes according to these mechanisms and parameters and produce an assemblage 

adapted to prevailing environmental conditions and biotic interactions. 

The Madingley model was first developed assuming an unstructured vegetation, which implies 

being spatially explicit only on a two-dimensional space. It was made to represent a common pool of 

biomass available to all cohorts equally. This bias is particularly concerning in forests where it leads to a 

simulated overabundance of large animals and a relative imbalance in community assembly. We improve 

community assemblages simulated by Madingley in forests by integrating vegetation structure according 

to Figure 1. 

 

Figure 1: A) Previous master version of Madingley. The entirety of the simulated NPP is available to all 

cohorts equally. B) Updated 3D version of Madingley. Simulated biomass is partitioned per 5m height bin 

according to observations (GEDI and TLS) and made accessible to cohorts depending on vegetation 

structure (i.e. mechanical carrying capacity) and on cohorts’ body mass. 

 

3D VEGETATION STRUCTURE DATA 

We integrate 3D vegetation structure into Madingley, at a global scale, based on TLS and GEDI 

data sets presented below. These data have varying spatial resolution, which we scale to our simulation’s 

resolution. They also have varying time scopes, assumed to have minimal impact on our methodology. We 

consider variables from TLS assumed to be invariant with time, representing fundamentals of forest 



structure. GEDI data are aggregated over 3 years of observation (the instrument started collected data from 

March 2019 until January 2023), which could have an impact locally due to land use change, deforestation 

and afforestation, which we assume can be disregarded at the 0.5° resolution. GEDI data represent 

vegetation 3D structure at present and will likely require updates in the future with land cover change.  

 

TLS DATA 

We gathered TLS data from 12 sites across the tropics each capturing several trees of varying size, 

but all with Diameter at Breast Height (DBH) larger than 15cm (Table1). For each of these trees, a cylinder 

model was fitted, representing the individual stem and branches position in space. These data were 

processed according to established methodology (Jackson et al., 2019; Lau et al., 2019b; Verbeeck et al., 

2019), with the TLS cloud point being converted to cylinder models and branches being considered as a 

sum of each series of cylinders starting at the stem. 

Table 1: Sites where TLS data was obtained (Jackson et al., 2019; Lau et al., 2019b; Verbeeck et al., 

2019). 

Site name Country Latitude Longitude Year Area (ha) 

Lope Gabon -0.1770 11.5730 2016 1 

Sepilok Malaysia 5.8698 117.9363 2017 1 

 

The cylinder model computed from the measured TLS data gives us the maximum branch radius relative 

to branch height. This relation varies across sites and sampled individuals, but an aggregated regression 

gives significant statistical robustness (Figure 2). The data has been aggregated into 5m bins to match with 

GEDI 5m bins. We obtained branch length from tapering function deriving branch length from branch 

radius (Dahle & Grabosky, 2010). 



 

Figure 2: Relation between maximum branch radius and branch height relative to tree height. 

 

GEDI DATA 

The Global Ecosystem Dynamics Investigation (GEDI) is a NASA mission that makes use of a 

light detection and ranging (lidar) instrument mounted on the International Space Station (ISS). The mission 

produces measurements of vegetation structure and topography within the orbital domain of the ISS, 

between approximately 52° North and South latitude (Dubayah et al., 2020). Individual lidar returns have 

a 25 m diameter geolocated footprint, and for every orbit returns are spaced by 60 m along-track and 600 

m across-track. We downloaded the entire GEDI L2A (Dubayah, Hofton, et al., 2021) and L2B (Dubayah, 

Tang, et al., 2021) dataset from the LPDAAC and used a quality-filtering recipe similar to the recipe used 

for the GEDI L4B product (Dubayah et al., 2022) which yielded 7.7 billion quality shots from April 2019 

to March 2023. From the L2A dataset, we extracted the relative height of 98th percentile of returned energy 

which is a proxy for vegetation height. We use the L2B estimates of Plant Area Volume Density (PAVD) 

which are derived from the L1B waveform and have a vertical resolution of 5 m. PAVD represents the 

amount of vegetation material in each height bin; notably, it includes woody material like branches and 

trunks. 

We processed RH98 (overall vegetation height) and the vertical PAVD profile from 0 to 60 m to 

fit our specific needs by aggregating them to a spatial resolution of 0.5 decimal degrees. To do this, we first 

computed a 1 km resolution (~ 0.009° ) raster corresponding to the mean value of all quality GEDI shot 

metric values. For each metric, we then averaged all of the 1 km pixel values within each 0.5° grid cell. 

Finally, we transformed the PAVD profile to relative fraction of PAVD per height bin. Collating GEDI data 

at the 0.5° spatial resolution is necessary for computationally tractable simulations at the regional to global 



extent and it improves the statistical validity of the measured PAVD profile, compared to disparities 

between the native 1 km GEDI grid cells (Figure 3). This relates to a well-known issue of sampling density. 

For example, Béland et al. (2014) show that LIDAR data displays varying values of Leaf Area Density 

depending on spatial resolution and sampling volume; and this depends on leaf size and branch architecture, 

thus varying regionally and per species. 

 

 Figure 3: Number of GEDI returns per 0.5° from April 17th, 2019, to March 17th, 2023. 

 

3D VEGETATION STRUCTURE INTEGRATION IN MADINGLEY 

To integrate vegetation structure in Madingley, we need to align the complexity of vegetation 

structure with the architecture of Madingley. This implies to make reasonable assumptions to simplify the 

representation of vegetation structure and its interaction with animal population in computationally 

tractable framework. 

 

SINGLE LARGEST TREE 

The first assumption we make to integrate vegetation structure into Madingley is to assume a single 

largest tree approach. In each simulated grid-cell, forest structure is represented by an archetypal tree 

corresponding to the tallest tree measured. This assumption follows general quantitative theory of forest 

structure and dynamics (West et al., 2009), which states that properties of trees (geometric and dynamic) 

scale linearly, allowing us to represent a forest stand as a scaled version of the tallest tree. This also follows 

measurements showing that largest trees disproportionately contribute to leaf area and forest functioning 

(Enquist & Niklas, 2001; Taubert et al., 2021). Finally, this is a necessary assumption considering that 

GEDI provides a canopy height map and not a measure of each individual tree height. This archetypal 



largest tree is integrated into Madingley based on GEDI and TLS data and according to structural equations 

of plant physics following Figure 5. Similarly to the largest tree assumption, we consider only the largest 

branches. For three reasons. First, as we consider the largest tree, we have to consider the largest branch 

for consistency. Second, this is a proxy for arboreality adaptation. As animals adapted to navigating 

complex 3D environments, they developed traits allowing them to minimize its challenges and to take 

advantage of it (e.g.: spreading their weight across multiple points or branches, or reaching thinner branches 

from the safety of a larger one). Third, Madingley runs with a timestep resolution of 1 month, during which 

we can assume that cohorts experience branches of different sizes. This is reinforced by the fact that each 

simulated cohort represents a number of individuals. This point implies that simulated cohorts, at the 1-

month time scale, can sample the whole landscape and maximize their access to its resources.  

This single largest tree approach implies a higher resource availability for each simulated cohort 

vs. what would be available considering the full spectrum of tree and branch sizes. This approach is also 

motivated by the lack of completeness in information availability about forest structure. GEDI PAVD is 

useful to allocated vegetation through the height column and measure the highest point, but it does not 

directly inform about the mixture of trees of different sizes. Similarly, the TLS data available is usually 

constrained to trees with a DBH>10-15cm typically.  

 The height of this simulated archetypal largest tree in a grid-cell is informed by the GEDI RH98 

height map (Dubayah, Hofton, et al., 2021). We aggregate multiple signal points at the scale at which we 

run our simulations by averaging the maximum GEDI RH 98 across the grid-cell, representing top of the 

canopy. As every 0.5 ° grid-cell encompasses a different number of GEDI point, each has a different 

statistical validity (Figure 3). Branch sizes at each 5m height bin are informed by TLS data presented above. 

 

 

Figure 4:  Schematic representation of the simulated archetypal tree and associated variables. 

 

STRUCTURAL EQUATIONS 

 We calculate the canopy space each cohort can access according to their body mass and structural 

equations determining branch load bearing capacity. Following plant physics and biomechanics (Niklas & 
Spatz, 2012), we calculate the maximum weight a branch can carry depending on its dimensions, according 

to the following equations. A branch breaks when load equals or exceeds its breaking point. A branch load 

is calculated as follows:  



𝑀𝑙𝑜𝑎𝑑 = 𝑚𝑎𝑛𝑖𝑚𝑎𝑙 ∙ 𝑙 ∙ 𝑔 ∙ cos(𝜃) (1) 

Where 𝑀𝑙𝑜𝑎𝑑  is the moment at the base of the branch, 𝑙 is the distance along a branch where an animal of 

mass 𝑚𝑎𝑛𝑖𝑚𝑎𝑙 sits, 𝑔 is the acceleration due to gravity, 9.81 , and 𝜃 the angle of the branch from the 

horizontal. Here, we assume branch angle to be constant for all branches, globally, assuming straight 

branches without further bends. The breaking point of a branch, or branch strength is calculated as follows:  

𝑀𝑏𝑟𝑒𝑎𝑘 =
𝜋

32
𝑓𝑘𝑛𝑜𝑡 ∙ 𝑀𝑂𝑅 ∙ 𝑑3 (2) 

Where d is the branch diameter, 𝑀𝑂𝑅 is the modulus of rupture and 𝑓𝑘𝑛𝑜𝑡 is a factor accounting for 

measurements limitations. 𝑀𝑂𝑅 is typically measured on undamaged wood, whereas real branches contain 

defects. Here, we use a value of 0.8 for 𝑓𝑘𝑛𝑜𝑡, as it is commonly used (Moore et al., 2009). Thus, a branch 

breaks if 𝑀𝑙𝑜𝑎𝑑=𝑀𝑏𝑟𝑒𝑎𝑘, giving us the maximum weight of any animal individual trying to access any given 

point along any given branch. It can be calculated as follows: 

𝑚𝑎𝑛𝑖𝑚𝑎𝑙 =
𝜋𝑓𝑘𝑛𝑜𝑡

32𝑔
∙
𝑑3𝑀𝑂𝑅

𝑙 cos(𝜃)
 (3) 

In these relations, we do not account for branch self-weight. We also assume branches to be cylindrical to 

simplify calculations, as it is a common assumption (Hackenberg et al., 2015; Raumonen et al., 2013). 

Finally, we do not consider sub-branching, as it would add further unnecessary and unwieldy uncertainties. 

Thus, implicitly assuming that sub-branches are split evenly sized. We sum up the branch length accessible 

to a cohort at each height bin to obtain the total branch space it can access, in proportion of the total branch 

space available. 

 

PRODUCTIVITY PARTITIONING 

Madingley simulates plant productivity (or autotroph biomass) according to environmental 

variables. We partition this productivity across the height column divided in 5m bins proportionally 

according to the GEDI PAVD profile. We further spread this autotroph biomass along branch length 

according to a linear relation relative to branch length. 

 

INTEGRATION FRAMEWORK 

A comprehensive overview of integration of the above presented points is given in Figure 5, and 

as follows. GEDI data is read in Madingley to inform two points. 1. One, for each simulated grid-cell, in 

each 5m height bin, the PAVD fraction is read in Madingley (R. Dubayah, Tang, et al., 2021). 2. This 

PAVD fraction is converted in the fraction of simulated net primary productivity (NPP) allocated to each 

height bin. NPP is simulated in Madingley according to the Miami model (Lieth, 1973). 3. Two, GEDI tree 

height is read similarly, but as a unique value, for each grid cell. 4. TLS data inform us about the 5. relation 

between maximum branch diameter and branch height. Tree height is used to determine the number of 5m 

vertical bins and, in conjunction with TLS data, to calculate branch sizes: 6. Maximum diameter at each 

height bin and 7. Associated length in each bin according to empirically derived relation from available 

TLS data (see Table 1 and Figure 2) and considering the archetypal largest tree simplification. 5. & 6. Given 

tree height, we can calculate branch radius (considering the largest branch) at each height bin. 7. Branch 

length is derived from the maximum branch radius (at the base of the branch), according to a tapering 

function (Figure 4). 8. The branch strength equations ((1) (2) & (3)), are used to calculate for each cohort, 



9. based on its individual body mass, 10. the branch space it can access. 11. NPP is distributed along branch 

length and 12. accessible to each cohort according to the branch space it can access. 

 

 

Figure 5:  Schematic representation of our methodology to integrate data. The boxes right of the 

Madingley interface line are calculated in the model at each time step for each cohort, while boxes left of 

this line are pre-processed. 

 

FEEDING BEHAVIOUR & PREDATION 

We assume that each cohort feeds evenly across all the space it can access, depending on the 

relation between its body size and branches architecture. Concomitantly, we assume it spends its time where 

it feeds. This assumption discounts other activities, which could drive where animals spend their time, such 

as nesting and travelling between feeding sites. This simplification is however necessary as there is 

currently no complete picture of animal behavior, and time spending specifically, which could 

mechanistically be linked to traits and variables. 

Similarly, we calculate the preys a predator cohort can access according to its individual body mass 

by determining the branch space it can access and the percentage of overlap it has with the branch space 

accessible for each of its preys. Again, we assume that each cohort occupies indiscriminately all the branch 

space it can access. Biomass taken by predator cohorts from prey cohorts is then removed from the overall 

prey cohort biomass, as in previous Madingley version, albeit adjusted by the vegetation structure factor 

(Figure 6).  

In details, we sum the branch space accessible 1. for a prey and 2. for its predator and 3. the 

percentage of overlap is calculated and 4. used to reduce proportionally the prey biomass available to a 



predator. Considering 5. predator feeding needs and 4. adjusted prey availability, 6. target prey cohort 

biomass is removed. 

 

 

Figure 6: Schematic representation of our methodology to simulate arboreal predation while considering 

vegetation structure. 

 

SIMULATIONS & ASSESSMENT 

 To evaluate the relevance of our modelling approach we compare simulation results obtained with 

our new updated version of Madingley (hereafter 3D version), integrating vegetation structure to simulation 

results obtained with the original version of Madingley (Harfoot et al., 2014) (hereafter 2D version). We 

also compare them to relevant external datasets and reanalyses. First, against animal density data from the 

TetraDENSITY database (Santini et al., 2018). Second, against arboreality biogeography from the Elton 

trait database (Wilman et al., 2014) as analyzed in Jantz et al., (2024). We performed simulations, with both 

3D and 2D versions (for Amazon, Congo and Borneo sites, Table 2) to test simulated animal biomass 

against TetraDensity. We performed simulations with the 3D version for forested and for open landscapes 

(African Forest and African Savanna, Table2) to test arboreality against Elton traits database. Simulations 

were conducted at the 0.5° resolution. These site-specific simulations are to test the effect of vegetation 

structure specifically. We ran each simulation for 100 years to allow for simulations to reach a dynamic 

equilibrium. We made 3 replicates of each simulation to account for stochasticity. 

 



 

Table 2: Sites for which simulations were conducted. 

Site ID Longitude Latitude 

Amazon -51 -2 

Congo 13 1 

Borneo 112 0 

Africa Forest 11 to 14 0 to 3 

Africa Savanna 32 to 35 -3 to -6 

 

 We have three key targets to assess the performance of our approach. First, we consider the 

distribution of cohort body mass classes and total simulated cohorts’ biomass. Including vegetation 3D 

structure should increasingly reduce the abundance of cohorts with increasing individual body mass. 

Second, we consider how simulated animal population densities compare to observations and processed 

data by benchmarking our results against the TetraDENSITY database (Santini et al., 2018). Third, we 

assess how simulated distribution of arboreal animals matches with biogeography of the arboreality trait 

from the ELTON trait database, as highlighted by Jantz et al. (n.d.). 

 

DATASETS 

TetraDENSITY 

As an independent validation of the global biomass pattern that emerges from the Madingley, we 

estimated biomass for endotherms globally using population density predictions combined with IUCN Red 

List range polygons (IUCN, 2022). We obtained population density predictions for 4925 species of 

mammals and 9108 species of birds from Santini et al. (2022) and Santini et al. (2023), respectively. We 

generated a parse matrix of species presence based on IUCN range polygons at 50km resolution in 

Mollweide equal area projection. For migratory birds, we used the breeding and resident range only. We 

then multiplied the area per cell with the average density of each species present to obtain an estimate of 

species abundance per cell. Subsequently, to obtain biomass we multiplied the abundance by the respective 

species body mass derived from EltonTraits (Wilman et al., 2014). Since the Madingley models endotherms 

with no distinction between birds and mammals, we summed up the biomass of all bird and mammal species 

per cell to obtain a first approximation of total endotherm biomass per cell. Clearly, this is a coarse 

approximation that does not consider available habitat per species within cells, but it is acceptable for 

comparisons of geographic patterns with the Madingley which models organisms' biomass at a low 

resolution with no consideration of habitat within cells. Further, we are not interested in the absolute values 

but rather in the relative differences. For example, we expect to see greater gaps between Madingley and 

modern world estimates, in regions where large mammals have suffered important range contractions (e.g. 

Elephants in Africa). We did not model biomass of amphibians and reptiles as population density estimates 

available (Santini et al., 2018) are more scarce and biased toward few regions.  

Arboreality 

The Elton traits database contains information about arboreality as a trait (Wilman et al., 2014). 

Jantz et al. (n.d.) shows the global distribution of this trait per animal group and relatively to other traits. 

We compare this trait distribution to the number of cohorts and the proportion of cohorts simulated by 



Madingley as arboreal. We categorize a cohort as arboreal if its residency time (based on where it feeds) is 

entirely spent above the 0-5m bin, as scansorial if it shares its time between ground (0-5m bin) and arboreal 

locations (disregarding relative time spent in each). Arboreality is defined by time spent foraging in trees 

in the Elton trait database, i.e. a species is arboreal if it forages mainly in trees. We also compare how 

arboreality varies with individual body size, as simulated by Madingley and as observed in the Elton trait 

database.  

 

RESULTS 

Simulation results obtained with the 3D version of madingley, for three sites across tropical forests, show 

lower total animal cohort biomass, across individual body mass range, compared to the 2D version of 

Madingley (Figure 7). This brings Madingley simulations outputs closer to global modern day estimates 

according to TetraDensity data (Santini et al., 2022, 2023). While this effect is overall true across tested 

sites, its strength varies and can even in some cases bring simulated biomass below modern-day estimates. 

We categorized cohorts in individual body size classes (i.e.: each class can contain multiple cohorts). Doing 

so shows that the reduction of cohorts’ biomass induced by incorporating vegetation structure in 

Madingley’s simulations is greater for larger bodied cohorts (Figure 7). This is in line with literature, 

showing preferential extirpation of larger animals by anthropogenic activity (e.g.: Hill et al., 2020). We 

expect Madingley’s outputs not to be identical to TetraDENSITY estimates, as they represent present day 

animal biomass density, while Madingley simulates potential optimal animal biomass density based on 

climatic variables. However, we do not have sufficient information to accurately assess the relative weight 

of this effect across sites and individual body sizes. 

Simulations results produced with the 3D version of Madingley display a higher variability in terms of total 

cohorts’ biomass, across body size classes and sites, compared to results obtained with the 2D version. This 

reflects the greater stochasticity potential due to cohorts distribution through the vertical column. 



 

 

A 
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Figure 7: Distribution of total biomass abundance of endotherm cohorts in function of cohort individual 

body masses (in kg), for three forest sites across the tropics according to TetraDensity estimates (Blue) 

and as simulated by Madingley previous 2D version (Red) and by Madingley newer 3D version (Green). 

A): Amazon, B): Borneo, C): Congo 

 

While the 3D version of Madingley simulates a percentage of arboreal cohorts in range with the percentage 

of arboreal species, as listed by the Elton traits database (Jantz et al., 2024), it is consistently higher (Figure 

8). This is sensitive to the categorization of arboreal species we use to analyze Madingley’s outputs (results 

not shown). The Elton traits database provides arboreality in function of time spent in the canopy, counting 

every activity, including travelling and sheltering. While this includes foraging, Madingley can only 

consider foraging at the moment to compute residence time. The direction of this bias is challenging to 

evaluate. Moreover, Madingley simulates cohorts, which can represent multiple species sharing a similar 

combination of traits, thus altering its ability to represent biodiversity metrics commensurate with field 

observations. 

Another mismatch in calculating percentage of arboreality between the Elton traits database and madingley 

is that the database is skewed towards larger animals, while Madingley simulates equally cohorts of any 

body size. This implies an increasingly large disconnection for increasingly smaller species. Typically, 

insects are less restricted in their arboreality by Madingley, due to their small individual bodymass, and are 

less represented in the database. This concurs with Madingley simulating higher percentages of arboreality 

compared to database.  
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Figure 8: Percentage of arboreal cohorts, and species as simulated by Madingley 3D, and as provided by 

the Elton traits database (Jantz et al., 2024), respectively. 

 

DISCUSSION 

Direct results discussion:  

The 3D version of Madingley produces outputs more closely aligned with observations from 

TetraDENSITY. This means that Madingley is now able to produce more realistic abundance density thanks 

to its integration of vegetation structure, specifically for smaller species. Thus, the 3D version of Madingley 

is more accurate than the previous 2D versions for simulations targeting forested areas and smaller species. 

Madingley simulates consistently higher biomass than what the TetraDENSITY shows, across 

body size classes, but difference is decreased with decreasing body size. This pattern is reinforced when 

grouping birds with mammals from TetraDENSITY. This is likely explained by the human impact on 

animal populations, which has historically affected larger species disproportionately more than smaller ones 

(Bergman et al., 2023; Lemoine et al., 2023; Sandom et al., 2014), but this trend is still debated (Stewart et 

al., 2021). According to this hypothesis, as Madingley simulates potential optimal community assembly 

based on environmental conditions and energetics it should display an overall increasing gap with 

observations for increasing species body sizes. The strength of this effect could be greater than shown in 

this study, as it has been shown that the Miami model, as embedded in the Madingley model, leads to an 

underestimation of productivity, and biomass in tropical forests relatively to savanna. 

 

Data integration & Future scenarios of vegetation structure 

Some of the spatial discrepancy between observed (or derived) and simulated animal communities 

could be explained by Madingley simulation of potential optimum or natural ecosystems. It simulates NPP 

in each grid cell based on prevailing environmental conditions, ignoring land use and land use change 

(Harfoot et al., 2014). This allow for simulating future climatic scenarios, but, depending on site specific 

conditions, it can produce higher NPP to feed animal populations than what is available considering human 



impact. Anthropic appropriation and modification of NPP indirectly modify animal community assembly, 

which is further directly impacted by human activity (e.g. hunting, trapping). To circumvent this issue, 

indices of human impact or anthropization, such as (Haberl et al., 2007; Krausmann et al., 2013; Newbold 

et al., 2020), can be included in Madingley’s simulations. However, they do not directly inform processes 

simulated by Madingley, but only adjust them. They typically lack precision to be mechanistically 

considered. For example, the Human Footprint or Human Influence index (Hill et al., 2020; Leu et al., 
2008; Lu et al., 2023; Watson & Venter, 2019; Woolmer et al., 2008) represents human footprint, but 

does not discriminate between deforestation and forest plantation. As we integrate vegetation structure 

based on present day measurements, we could consider constraining simulated biomass by present days 

observations to avoid simulating forest level biomass in grid cell where no forest is observed anymore at 

present. This could be more precise than the human footprint index. However, this would imply assuming 

a relation between GEDI PAI (Plant Area Index) or total PAVD and NPP, which we have no certainty of 

at present. As we currently lack a correlation between vegetation structure and vegetation productivity, we 

are unable to mechanistically integrate it in Madingley and adjust simulated NPP according to PAVD 

profiles. 

Further research on this question is required to advance our understanding of the mechanistic 

relation between vegetation structure and productivity. Investigating the impact of seasonality and inter-

annual variations on GEDI PAVD pattern could provide relevant insights into this. Going further, we could 

also envision discriminating GEDI PAVD between leaves and branches and thus adjusting NPP per height 

bin based on the ratio between branches and leaves and adjusting leaves productivity based on their 

locations in the canopy. Studies informing about this pattern exist but they are not global or mechanistic  

(Nelson et al., 2014). This last point could integrate knowledge from external sources, consider the light 

extinction coefficient (Vose et al., 1995), but also going further and considering precise 3D leaves 

distribution and sun flecks (W. K. Smith & Berry, 2013; Way & Pearcy, 2012). However, for such 

understanding to allow for simulating future scenarios would require to be able to simulate how PAVD 

profile will be impacted by climate change and land use change. The first point is still far from being 

resolved, while the second point is investigated by an increasing number of studies, particularly regarding 

logging, forest management, bioregions or biotic interactions (Atikah et al., 2021; Decuyper et al., 2018; 

Doughty et al., 2023; Felton et al., 2006; Keany et al., 2023; Moorthy et al., 2018). 

 

Architecture 

To integrate vegetation structure in our simulations, we had to make assumptions to simplify trees 

and forests architecture. These simplifications are also necessary from an ecological perspective as data are 

lacking to provide a comprehensive picture of every parameter of vegetation structure globally. While 

GEDI is a near global product, but does not provide a continuous ground cover, due to its resolution and 

cloud cover. We limit the impact of this precision by aggregating it at higher scale. Its vertical resolution is 

sufficient to distribute PAVD vertically, but it is not sufficient to explore precise branching architecture. 

We bridge this gap by bringing in TLS data. However, these data are only available for a limited number 

of trees across a handful of sites We pool these data together to increase our confidence in their 

representativity. The relations between branch and tree sizes displayed by the TLS data we obtained appear 

to be context dependent (result not shown), but the importance of this effect remains to be determined. 

Further studies, considering more sites, will be required to assess the accuracy of our integration of 

vegetation structure in Madingley in this regard. 

We identify the following parameters as the most directly relevant in this perspective: branching 

angle, branch dimensions, modulus of rupture and tree size classes distribution. The first two items require 



the precision of TLS measurements, which implies to multiply field studies. The third item has been 

measured in several studies(Antony et al., 2011; Baar et al., 2015; Høibø & Vestøl, 2010; Rahardjo Daryl 
Lee Tsen-Tieng, 2014), but its global biogeography remains to be determined. This could be informed by 

relations with vegetation structure and tree architecture. The fourth item can be derived from airborne or 

spaceborne LIDAR signal, as it has been demonstrated for selected sites (Taubert et al., 2021). However, 

scaling such study globally could prove challenging as relations might be context dependent.  

Integrating the variability of these parameters (e.g., branches of different sizes) at the coarser 

simulation scale typical of Madingley could prove conceptually and computationally challenging. For 

instance, it could require switching from a monthly timestep to a daily or sub daily timestep, or switching 

from cohorts to individuals, to better account for animal interaction with the complexity of vegetation 

structure. Further studies could also inform about how species interact with plants architecture based on 

their specific traits (e.g.: body plan, mobility type, size, behavior), allowing for finer discrimination of 

animal strategies (Hao et al., 2021; Johnston & Smith, 2018; Killion et al., 2023b; Randlkofer et al., 
2010; Russo et al., 2023). 

 

Scale simplification 

Because of the one-month time step, the grid cell resolution and the cohort approach of Madingley, 

we had to simplify the representation of vegetation structure and its interaction with animal population. 

This simplification is ecologically relevant, as we can, for instance, consider that over a one-month period, 

an individual will encounter branches of all sizes. Similarly, a cohort of N individuals (with a unique set of 

traits) can interact with N times more branches than a single individual. Thus, we can assume that the 

diversity of vegetation dimensions is fully sampled by each cohort, according to its mobility ability, at each 

time step, in each homogeneous grid cell. Computing the diversity of tree and branch sizes would either 

require intractable computation or produce odd patterns. Thus, we consider a unique architecture, based on 

the largest tree. This leads to animal use of vegetation structure to be both evened and maximized. Not 

doing so would reduce the supported animal biomass of simulated forested areas, bringing Madingley’s 

output closer in range with TetraDENSITY’s data. This could appear as a positive outcome; however, as 

we did not simulate human impact (but is inherently present in observations), we aim for higher simulated 

animal biomass than observed. There is a growing literature, and yet no consensus as to how much higher 

animal populations could be without human influence (de Thoisy et al., 2010; Hill et al., 2020; Pedersen et 

al., 2023; F. A. Smith et al., 2018, 2019; Toews et al., 2018). This effect is most likely context dependent 

and needs to be examined in the light of Madingley’s inner geographic biases. 

Our representation of animal populations interacting with vegetation structure focuses on the plant 

scale, but at the landscape scale other factors could be considered. For instance, habitat fragmentation and 

complexity likely shape assemblages of species. This represents an interaction between species specific 

traits (e.g. types of movement, metabolic rate, body size and body plan), and parameters of habitat 

fragmentation (gap size, gap complexity, type of habitat/activity impacted). Simulating all these factors is 

challenging and observations which could support such integration are still sparse. However, recent studies 

(Killion et al., 2023b; Russo et al., 2023) are informing us about such ecological processes and works such 

as Hansen et al., (2024) are paving the way forward. Integration in a mechanistic ecological model do not 

exist yet, to our knowledge, but should be achievable in the near future.  

 

 



NPP organs partitioning 

In Madingley, NPP is not distributed to different plant organs, thus, it overestimates what is 

available for herbivory as “leaves”. This could be considered as representing other feeding strategies, such 

as ability to feed on sap, nectar, fruits, seeds, root exudates or dead plant matter. However, this is not 

partitioned in Madingley and is available to every cohort regardless of their body mass or any other trait. 

Further research would be required to design a comprehensive feeding module, considering each strategy 

individually. Mechanistic attempts at modelling feeding strategies, and their feedback on plant populations 

(Pachzelt et al., 2015; Pfeiffer et al., 2019), are existing, but none, to our knowledge, consider all the 

strategies simultaneously so far. This would represent a major step forward, but would require careful 

designing, to minimize the high computation cost it could require. 

 

Largest tree, NPP pooling and feeding order 

The largest tree approach, all other parameters being equal for each cohort, can be understood as 

each animal cohort having access to as much plant biomass as it can, and thus, as having optimized feeding 

order. This does not explicitly and directly modify competition and community assembly. Yet the more a 

cohort is successful, the more this approximation might favor it, given that it benefits all cohort 

proportionately. Simultaneously, this maximized NPP available is still impacted by actual computed 

feeding order, which is random, changing at each time step. Thus, depending on the number of cohorts 

simulated in a grid cell and the “life expectancy” of each given cohort, they are more or less statistically 

favored or disfavored. We have little information about feeding order to parameterize or benchmark this 

process. There is evidence about larger animal tending to feed first (Remis, 1995; Schoener, 2003), but we 

could not identify a comprehensive understanding of the magnitude of this effect. Without a mathematical 

explanation of this mechanism, considering its geographic patterns or explanation by traits or landscape 

features, we cannot integrate it in Madingley. 

We approximate NPP distribution through the height column by allocating it to each height bin 

according to GEDI PAVD profile and along branches according to assumptions. For computation 

tractability, we did not split NPP into multiple pools, per height bin, and across branch length. The 

distribution of NPP is applied separately to each cohort when it feeds. Thus, while each cohort can access 

and feed on only a fraction of total NPP, it depletes the total NPP, which is ultimately available to every 

cohort. Predation functions on the same principle, but NPP is replaced by prey abundance density. 

Therefore, when feeding, order can be unrealistically important for the last feeding cohort, particularly if 

they are of the smaller arboreal type, as they get access to a much smaller fraction of available resources as 

they should, if considered in a vacuum. It might be possible to account for this effect by creating a pool of 

resources available per cohort (i.e.: a number of pool equal to the number of cohorts). This would require 

keeping track of each pool, as feeding order would impact them sequentially. While this solution is logically 

simple, it is computationally expensive and inefficient (e.g. causing memory issues). Another option, 

avoiding the computing issue could be to order feeding of cohorts based on their body size. Here we would 

have two options, both with a downfall. First, we could assume that larger animals feed first, as they have 

access to less resources in the canopy, due to their body size limitation, and thus they should not deplete 

the total pool. In the model, each large-bodied cohort would be unable to significantly deplete the total pool 

by itself, but, if there are too many large-bodied cohort, they could, altogether deplete the total pool. 

Additionally, this would reduce the advantage of smaller bodied cohorts, which while having access to the 

entire pool, would be left feeding on a smaller pool, as it would have been depleted by larger bodied cohorts 

feeding first. This would lead to the removal of the smallest cohorts in forest environment. Second, we 

could assume that smaller bodied cohorts would feed first, thus having access to has much resource as their 



small bodies allow them too. This would be logical, and congruent with the assumption that being smaller 

in the canopy is favored over being larger, in order to maximize access to resources. However, this would 

imply that larger bodied cohorts would have access to an even smaller pool of resources, likely too small 

to support them. Both options, despite being computationally efficient, are not satisfactory as they rule out 

the end members of the body size spectrum. 

 

Species behaviors  

 We assume that animals feed non-discriminatively across all the height bins they have access to. 

However, in real life, they are likely to access preferentially some layers, according to their movement 

capacity, behavioral habits and feeding preferences interaction with food distribution (De Guinea et al., 
2019; Delciellos & Vieira, 2006; Dunbar & Badam, 2000; Hopkins, 2011; Mattingly & Jayne, 2004; 
McClearn, 1992; Milliken et al., 2005; Parker et al., 2022; Schaefer et al., 2002). Animal species traits 

interact with vertical plant traits differentiation; for example, leaves traits have been shown to vary 

vertically (Hagemeier & Leuschner, 2019), which could impact palatability and nutritional value. 

Evidence exists for feeding order favoring larger animals on the ground (Schoener, 2003), but this has not 

been implemented and evaluated in Madingley previously and we do not have observations on this 

mechanism for arboreal interactions. Additionally, animals able to access only the lowest non-ground layer 

might focus on ground available food and only marginally access branches (Emmons, 1987). Again, we are 

not able to integrate such behaviors at present, as data supporting it are still insufficient. Moreover, 

diverging strategies among cohorts and competition mechanisms (e.g.: an animal might access resource 

more efficiently than another by being faster, or avoiding competitors or scaring them away) are likely to 

interact with body mass feeding ordering as previously discussed, further obscuring our understanding of 

this mechanism.  

 

Benchmarking Tetradensity 

Assessing the validity and accuracy of our approach is challenging. Our implementation of 

vegetation structure in community assembly processes brings model results closer to observations, 

indicating that our approach is going in the right direction. However, a precise measure of this effect is 

challenging. We have note that the data we use as “observations” to benchmark our results, while being the 

best we could obtain, are having their own limitations. First, they are derived from site specific field studies 

and extrapolated at global scale to fill the gaps. Second, we did not consider species other than mammals 

and birds, as we have lower confidence in their abundance density estimates globally. Third, even for 

considered species, there are inherent limitations. For instance, the bird matrix is built considering only 

resident ranges and the breeding plus resident part of the range of migratory species. They do not include 

the non-breeding range. Thus, biomass map is seasonal. Considering both ranges would over-estimate 

biomass. Further refinement of these biomass abundance density estimates could solve that. However, this 

is of secondary concern here as biomass of birds is much smaller than biomass of mammals, and global 

endotherm biomass considered is mostly a reflection of the global biomass of mammals. 

 

 

 



Predation 

Integrating vegetation structure in Madingley modifies predation dynamics. Predators need to have 

their accessible branch space overlapping with their prey’s accessible branch space. Predator space is 

typically smaller than prey space, as predators are coded to have higher body mass compared to their prey 

in Madingley. This implies a reduction of available prey for predators in 3D structured environment. As 

predators are typically larger than their prey, they do not have access to the entirety of the prey pool. The 

rationale for branch space availability in terms of predation is the same as for herbivory. Considering 

predation specificities, when considering predator body mass to calculate the branch space overlap between 

prey and predator, we do not add the prey body mass to the predator body mass to calculate breaking point. 

This follows the logic we use for herbivory, even though during a predation event, both individuals can be 

intuitively understood as standing at the same point along branch length. We assume that we can ignore 

this body mass addition during predation event as adaptation to predation across canopy space should limit 

the impact of this addition instead of increasing it. Further, we could assume that the added momentum 

implied by the predation behavior could further strain branches. We did not include this mechanism as any 

movement would add momentum to animal weight, but this is mediated by movement type and body plan, 

for which we have little data (van Casteren et al., 2013). We assume that these relations are negligible at 

the broad scale at which we performed our simulations.  

 

CONCLUSION 

Vegetation structure is increasingly recognized as a key variable explaining whole ecosystem state 

parameters, in particular biomass and NPP (R. Dubayah et al., 2022; Hawbaker et al., 2009; Muumbe et al., 

2024; Ni-Meister et al., 2010), and dynamics (Bondeau et al., 1999; Hurtt et al., 2010; Plöchl & Cramer, 
1995). We present here the first study to mechanistically model its cascading impact on animal community 

assembly. Our findings align with studies emphasizing the role of vegetation structure in habitat quality 

and trophic interactions, revealing its cascading effects on animal communities. We demonstrate that 

considering the most conservative assumptions and simplification to integrate vegetation structure in animal 

community assembly is sufficient to improve our ability to model this crucial ecological question. Recent 

works stress the urgency of improving forecasting amid accelerating climate and land use change as 

biogeographic patterns are re-shaped (Cui et al., 2021; Liao et al., 2021; Sousa-Guedes et al., 2020; 
Thompson et al., 2023; Trew & Maclean, 2021). Our study, emphasizing the need for vegetation structure 

integration, contributes to more accurate simulations of the cascading and interacting consequences of land 

cover change and community assembly. contributing to will be necessary. Thus, we provide an important 

contribution to our ability to inform our understanding of anthropogenic and climatic impacts on 

ecosystems globally, providing improved capabilities to inform decision making. 
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