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Abstract 
Mycorrhizal fungi are essential to ecosystem functioning but have been overlooked in 
conservation agendas due to data limitations and a historical focus on plants and animals. We 
present the first global, species-level assessment of the area-based conservation of mycorrhizal 
fungi. Using 16.5 million site-by-taxon presence–absence records, we created high-resolution 
range maps for 189 arbuscular mycorrhizal and 2,669 ectomycorrhizal species hypotheses. By 
intersecting these range maps with protected areas, we show that arbuscular mycorrhizal fungi 
are less protected than expected by random chance, and both guilds are less protected than 
terrestrial mammals. We explored the Species Protection Index (SPI) as another conservation 
metric and found it sensitive to predicted range size. Nonetheless, the SPI framework can be 
used with our maps to monitor and inform mycorrhizal fungal habitat protection. Our findings 
highlight the value of species-level spatial data in fungal conservation planning to mitigate 
extinction risks associated with habitat loss. 
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Introduction 
The Kunming-Montreal Global Biodiversity Framework aims to conserve 30% of Earth’s surface 
for biodiversity protection (CBD 2022). In contrast to this area-based approach, many 
conservation frameworks take a species-based approach, including the International Union for 
Conservation of Nature (IUCN) Red List and the US Endangered Species Act. Because species 
are distributed unevenly across the Earth’s surface, the effectiveness of area-based 
conservation depends on both the amount and location of protected areas. To maximize the 
benefits of current and proposed protected areas in conserving the habitat of threatened or 
endemic species, it is important to incorporate species information into area-based planning 1. 
However, nearly all terrestrial species range mapping and subsequent conservation planning 
are focused on aboveground organisms, whose biodiversity patterns do not serve as reliable 
proxies for those belowground 2–5. 

Soils host 59% of the Earth’s species 6, including 2-4 million species of fungi 7. Among 
these are mycorrhizal fungi, which form nutrient exchange symbioses with >80% of plant 
species and receive over 3.5 billion tonnes of carbon from their plant hosts each year 8. Recent 
efforts to elucidate the drivers of mycorrhizal fungal biodiversity have revealed distinct 
community-level spatial patterns that can be used to inform area-based conservation planning 
3,4,9–13. In contrast, species-level spatial modeling of mycorrhizal fungi is still in its infancy: most 
studies are unable to combine niche predictions with key range-defining mechanisms like 
dispersal limitation 14–16, leaving many open questions about how climate change and habitat 
loss translate into species extinction risks. As a result, global conservation status assessments 
exists for only 805 of the >20,000 described species of ectomycorrhizal fungi 17 and for no 



 

 

species of arbuscular mycorrhizal fungi 18, even though fungal species face the same primary 
threats of land use change and climate stress as plants and animals 7. 

Our objective was to evaluate the protection of mycorrhizal fungi using two contrasting 
area-based metrics and in comparison to mammals, which represent a macroscopic and 
relatively well-studied taxonomic group. We focused our analysis on the two principal guilds of 
mycorrhizal fungi – arbuscular mycorrhizal (AM) fungi and ectomycorrhizal (EcM) fungi – which 
differ in their morphology, nutrient acquisition strategy, and host and habitat preferences 19. We 
fit species distribution models to the largest databases of fungal environmental DNA (eDNA) 
sequences ever compiled (Figure 1a), producing the most comprehensive documentation of the 
geographic distributions of mycorrhizal fungal species to date. Using 2,858 novel mycorrhizal 
fungal range maps, we conducted the first global-scale estimation of the mycorrhizal fungal 
Species Protection Index (SPI), which measures the adequacy of the spatial overlap between 
species ranges and protected area networks 20 (Figure 1b). To complement the SPI, we also 
implemented a novel statistical test for biases in the location of protected areas relative to 
mycorrhizal fungal ranges. Because conservation efforts have historically focused on plant and 
animal diversity 3,21, we hypothesized that mycorrhizal fungal species ranges have a negative 
protection bias (i.e., have less overlap with current terrestrial protected areas than with a 
random reshuffling of terrestrial protected areas; Figure 1c). The high-resolution (~1 km2) range 
maps resulting from our analyses will allow conservationists to monitor progress in the 
protection of these critical fungal symbionts, identify priority areas for their protection at sub-
national levels, and build a base of knowledge for evaluating species extinction risks associated 
with habitat loss. 
 

Methods 
Species occurrence data 

We sourced our species presence–absence records for EcM fungi from GlobalFungi 
Release 5.0 (https://globalfungi.com/) 22. These data are a compilation of publicly available ITS 
amplicon sequences clustered at 97% similarity into operational taxonomic units. Taxonomy 
was assigned via BLAST against the UNITE 10.0 database 23, and EcM fungal sequences were 
identified based on genera-level assignments using the FungalTraits database 24. For AM fungal 
data, SSU amplicon sequence data from the GlobalAMFungi database was used 25. Taxonomy 
was assigned to SSU amplicons via BLAST against MaarjAM database virtual taxa 26. These 
databases represent the largest collection of fungal eDNA sequence data to date. Because the 
minimum resolution of our covariate rasters was 30 arc-seconds (~1 km2 at the equator) in the 
World Geodetic System 1984 (WGS84) projection, we spatially aggregated soil samples in each 
database into a grid cell of this resolution to produce new observational units hereafter referred 
to as “sites.” 
 
Species range maps 

We modeled the distribution of each AM fungal virtual taxon and EcM fungal operational 
taxonomic unit (hereafter referred to generically as “species hypotheses”) present in at least 31 
sites using Hierarchical Modelling of Species Communities (HMSC) 27 via the Hmsc R package 



 

 

28 and the Hmsc-hpc Python package 29. Briefly, HMSC is a Bayesian framework for species 
distribution modeling that uses spatial latent factors to account for the influence of processes 
not captured by the covariates (e.g., dispersal limitation, missing environmental variables, and 
species interactions). These latent factors are modeled to be spatially autocorrelated, so that 
closer sites are more similar 27. Our covariates included climate 30,31, soil 32,33, vegetation 
34(Running and Zhao, 2019), and technical variables outlined in Table S1. All spatial covariate 
layers were reprojected and resampled to a unified grid in WGS84 at 30 arc-second resolution. 
Finally, using Google Earth Engine 35 via the rgee R package 36, we predicted each species 
hypothesis’ probability of presence at each grid cell on Earth’s terrestrial surface for which raster 
layer data were available for all predictors (Figure 1d).  

We modeled the distributions of AM fungi jointly, using the spatial latent factors in HMSC 
to capture co-occurrence patterns between AM fungal virtual taxa. By contrast, we modeled the 
relatively endemic distributions of EcM fungi independently of each other, as capturing the co-
occurrence patterns of such highly endemic taxa would require more latent factors than memory 
constraints allow. (See Supplementary Text S1 for more details on model fitting, evaluation, and 
prediction.) For both guilds, we defined the range as the collection of grid cells in which the 
probability of presence exceeds 1%. This threshold, while low, is intended to reduce the number 
of zero-range-size species hypotheses that would be excluded from our analysis, and 
increasing the threshold does not qualitatively change our key metrics (Table S2). We also 
downloaded preexisting specimen-based range maps for all 6,226 terrestrial mammal species 37 
(Map of Life 2021).  
 
Species Protection Index 
Given a collection of species, the SPI is calculated as an endemism-weighted mean of 
individual species-level metrics called Species Protection Scores. These range from 0 to 100 in 
a linear relationship with the proportion protected of the species’ total range, where a score of 
100 represents a proportion equal to or greater than the species’ representation target. These 
representation targets are determined based on the reasoning that, due to the increased risk of 
extinction for smaller populations, rare and endemic species should require a greater proportion 
of their range to be protected than cosmopolitan species (Figure 1b). The SPI attempts to 
quantify conservation progress based on this heuristic, rather than using precise extinction–area 
curves for each species, which can be difficult to define. We calculated the SPI following the 
methods of Jetz et al. (2021) except that representation targets were not capped at an upper 
limit. We utilized all polygons in the World Database of Protected Areas (UNEP-WCMC and 
IUCN 2025). 
 
Protection bias 
To assess bias in the location of protected areas relative to species ranges, which we call 
“protection bias,” we compared the proportion of species ranges overlapping with protected 
areas to the proportion expected under null expectations (Figure 1c). Namely, after a random 
reshuffling of total terrestrial protected area, the proportion protected of a species range is 
expected to be equal to the proportion protected of Earth’s terrestrial surface 38. Furthermore, as 
the species’ geographic range size increases, the difference between the proportions protected 
in the observed and null cases is expected to scale by the inverse of the square root of the 



 

 

range size. We developed a protection bias statistic Bi to measure and standardize this 
difference across species with variable range sizes: 

Bi = sqrt(ai) * (pi – mu) 
where ai is the range size of species i in km2, pi is the proportion protected of the range of 
species i, and mu is the proportion protected of Earth’s land surface excluding Antarctica 
(~0.173). 

By ignoring potential phylogenetic autocorrelation in the geographic distributions of 
species, we assumed that Bi are independently and identically distributed with a zero-centered 
probability distribution under null expectations. With the central limit theorem, it is 
straightforward to calculate the mean Bi and its standard error for each taxonomic group. This 
makes it possible to test whether the mean observed protection bias within each taxonomic 
group is lower or higher than expected (zero). The test is equivalent to comparing the weighted 
mean pi to mu, so pi are reported instead of Bi for the global-scale analysis. 

We also calculated the biome-level protection biases for AM and EcM fungi 
(Supplementary Text S2). We conducted the biome-level analysis for all biomes in the 
RESOLVE dataset 39 except for mangroves due to their relatively small area. Because 
Antarctica is excluded from our analysis, we also ignored Antarctic tundra. 
 

Results 
We created range maps for 189 of roughly 332 formally described AMF virtual taxa 

40(Schüßler and Walker 2024) and 2,669 EcM fungal operational taxonomic units spanning 226 
of all 308 defined EcM fungal genera 17. The presence–absence data for these AM and EcM 
fungal species come from 512 and 6,158 sites, respectively, forming a dataset of 16,532,470 
site-by-species-hypothesis presence–absence records. Across AM and EcM fungal models, 
cross-validation error did not vary with predicted range protection (Figure S1). This suggests 
that our results are robust to model performance. Estimates of cross-validation error are 
reported in Table S3. 
 
Species Protection Index 
We found that at the global level, the SPI is highest for AM fungi, intermediate for EcM fungi, 
and lowest for terrestrial mammals (Table 1). At the country level, the SPI for AM and EcM fungi 
are positively correlated (r = 0.84) but not strictly coupled, differing by more than 40 points in at 
least 12 countries (Table S4). At the subnational level, we demonstrate how an SPI analysis 
using mycorrhizal fungal species range maps can inform future protected area locations (Box 1). 
As an index, however, the SPI is sensitive to the assumptions used to define a species’ 
representation target as a function of its total range size (Table 1). Therefore, it may not be well-
suited for AM fungi given ongoing questions about species delimitations that impact species-
level endemism patterns 41–43. 
 
Protection bias 
Relative to the random-chance expectation that species ranges are protected in equal 
proportion to Earth’s terrestrial surface (~0.173; UNEP-WCMC and IUCN 2025), we found AM 



 

 

fungi have a negative protection bias (weighted mean proportion protected ± weighted SE: 
0.147 ± 1.6*10-4). In contrast, EcM fungi (0.180 ± 3.9*10-5) and mammals (0.206 ± 2.0*10-5) 
have a positive protection bias (Figure 2, Table S5). Biome-level analyses of protection bias 
provide insight into the drivers of global protection biases (Figure 3).  

For AM fungi, the relative shares of species ranges across biomes (Figure 3a) and the 
proportions protected of each biome’s total land area (Figure 3b) lead temperate grasslands to 
have the strongest negative contribution to the global protection bias (Figure 3c). While this is 
likely driven by the biome’s strong representation of croplands, which typically deter protected 
areas 44, AM fungi have a negative protection bias at the global level even when croplands are 
removed from the analysis (Table S5).  

For EcM fungi, boreal forests contribute the strongest negative bias (Figure 3f), due to 
the large shares of EcM fungal species ranges within this biome (Figure 3d) and the under-
protection of this biome relative to the global terrestrial baseline (Figure 3e). However, this is 
outweighed by the strong positive contribution from temperate broadleaf forests (Figure 3f), 
where EcM fungi are both highly concentrated (Figure 3d) and receive above-average 
protection at both the global and biome level (Figure 3e). 
 

Discussion 
 We developed a novel set of global high-resolution range maps spanning 2,858 species 
hypotheses of AM and EcM fungi to establish a baseline for their area-based protection. Using 
these range maps, we quantified the SPI and the protection bias for mycorrhizal fungi at multiple 
spatial scales to demonstrate their utility for conservation planning in diverse decision-making 
contexts 45. 

The SPI and protection bias analyses yielded contrasting results. The SPI suggests that 
AM fungi are well protected, while EcM fungi and terrestrial mammals are only moderately 
protected. In contrast, our protection bias analysis indicates that AM fungi are less protected 
than expected by random chance, while EcM fungi and terrestrial mammals are more protected 
than expected. While these methods complement one another, we argue that the protection 
bias is a more appropriate metric for the area-based protection of mycorrhizal fungi given the 
current state of knowledge. The SPI assumes a relationship between range size and extinction 
risk that is not yet validated for fungi 46. Additionally, the SPI systematically favors taxa with 
large range sizes: as range size increases, the representation target required under default 
assumptions decreases from 100% to 15% of the species’ total range size, while the proportion 
protected of the species’ total range tends towards the global terrestrial baseline (~17.3%, 
excluding Antarctica). Thus, the higher SPI of AM fungi is mostly driven by their large range 
sizes rather than their association with protected areas. Although our range size estimates for 
AM fungi are in line with previous estimates 47, the virtual taxa used in these estimates have 
been criticized for relying on a conservative species delimitation that may inflate range sizes 42. 
A finer-scale delimitation may better accommodate the complexities of AM fungal genetics, 
including their coenocytic nature. This would enable a closer examination of endemism in this 
guild 43 and a more robust foundation for calculating the SPI. 



 

 

Consistent with prior findings 38, we show that terrestrial mammals are better protected 
than expected by random chance. In this context, the worse-than-random protection of AM 
fungal ranges adds to a growing body of evidence that fungal biodiversity patterns do not 
necessarily align with those used to delineate ecoregions 2,48 or inform protected area planning 
4,5, with the possible exception of EcM fungi 49. EcM fungal ranges are better protected than by 
random chance, but less well protected than terrestrial mammal ranges. While EcM fungal 
protection is higher in temperate broadleaf forests, it falls short in two critical biomes: boreal 
forests and tropical moist forests. The lower-than-random protection of EcM fungal ranges in 
tropical moist forests is striking, given the greater-than-random share of protected area in this 
biome. It also contrasts with recent predictions that community-level rarity hotspots of tropical 
EcM fungi have strong overlaps with protected areas 4. One potential explanation for this 
discrepancy is that it results from the exclusion of tropical rare species from our range maps due 
to insufficient presences in the occurrence records; however, this explanation would also require 
a negative relationship between the number of presences and protection, which is not apparent 
in our data (Figure S2). Thus, this finding supports the view that community-level metrics may 
obscure species-level patterns important for conservation planning. 

The IUCN Red List, the global authority on species conservation statuses, assesses 
fungi by inferring their geographic ranges and population trends from sporocarp observations 46. 
For the many species that do not produce sporocarps, including all AM fungi, our range maps 
offer one of the few sources of information on these species’ distributions. For species that 
produce sporocarps, however, we acknowledge that there remain some obstacles to using our 
range maps for red-listing. First, the probability of presence of a species is not coupled to its 
population size 50, so our range maps primarily inform those IUCN criteria related to geographic 
distribution. Second, the short-read sequencing technologies commonly used in fungal eDNA 
surveys, including those compiled in the GlobalFungi databases, may be unable to differentiate 
closely related species. The resulting ambiguity prevents eDNA records from being readily 
combined with sporocarp records for conservation assessments. These obstacles may be 
partially overcome by carefully cross-validating eDNA-based and sporocarp-based data. In 
particular, the increased taxonomic resolution offered by long-read sequencing technologies 
may enable more confident taxonomic assignments 51, which can then be validated against 
sporocarp presence and abundance in well-sampled regions. 

Species-level modeling of mycorrhizal fungal biodiversity has begun to fill a critical gap 
left by community-level modeling: the translation of habitat loss into extinction risk. While 
extinction outcomes ultimately depend on many factors, our range maps serve as an initial base 
of knowledge, enabling quantitative tools like the Species Protection Index to estimate fungal 
species’ conservation statuses and evaluate competing protected area arrangements. Future 
research should examine mycorrhizal plant–fungal range dynamics to better understand the 
reciprocal impacts of plant and fungal protections, especially in the face of climate change. We 
contend that conservation strategies should direct more attention to mycorrhizal fungal 
distributions to address species protection biases, and we believe that range mapping efforts 
such as the one initiated here represent an important step towards achieving this goal. 



 

 

Boxes 
 

Box 1. Using ectomycorrhizal fungal species range maps for conservation monitoring and 
decision support. 
 
Because little was known about the spatial distribution of belowground biodiversity until 
recently, area-based conservation planning has necessarily been more informed by the 
distribution of aboveground biodiversity. Our high-resolution range maps for mycorrhizal 
fungal species provide a knowledge base to steer conservation towards equitable 
consideration of belowground biodiversity. This makes it possible to monitor progress towards 
species conservation targets and to support decision-making about the location of future 
protected areas.  
 
Monitoring. We can overlay our mycorrhizal fungal species range maps with historical data on 
the spatial distribution of protected areas to compare country-level changes in the EcM fungal 
SPI across time. For example, Chile and Finland had similar amounts of protected land area 
by percentage of their total land areas in 2020 (Chile: 27.9%; Finland: 20.5%) and increased 
their protected area networks by a similar proportion of their respective land areas between 
2020 and 2025 (Chile: +0.8%; Finland: +0.7%). Nonetheless, Chile saw a much smaller 
increase in its EcM fungal SPI than did Finland (Chile: +0.5; Finland +4.4).  
 
Decision support. We can use species range maps to reveal the optimal locations of future 
protected areas for EcM fungal conservation. Figure X displays heatmaps of the potential SPI 
gains associated with the hypothetical addition of protected areas in Chile and Finland as of 
January 2020. Hotspots are areas with a high concentration of endemic species. These 
heatmaps are juxtaposed against the actual distribution of protected areas established 
between January 2020 and January 2025. While Chile’s recent protected areas were 
concentrated in coldspots, culminating in minimal gains in SPI, Finland’s recent protected 
areas were distributed relatively evenly across its landmass, culminating in intermediate gains 
in SPI. Moving forward, heatmaps of potential SPI gains can be consulted alongside other 
pragmatic considerations to determine the best locations for new protected areas. 
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Tables 
Table 1. Range sizes and global Species Protection Indices (SPI) of mycorrhizal fungi and 
terrestrial mammals at various representation target levels †. 

Taxonomic 
group 

No. taxa 
analyzed 

Range size 
(thousands of 
km2), median 
(5th – 95th 
percentiles) 

Global SPI, mean ± SE, assuming representation 
target declines to percentage p of total range size 
as range size increases 

p = 15% 
(default) 

p = 30% p = 100% 

Arbuscular 
mycorrhizal 
fungi 

189 40,378 (14,205 
– 77,975) 

88.49 ± 1.16 48.10 ± 0.88 14.43 ± 0.26 

Ectomycorr
hizal fungi 

2,669 256 (<1 – 
5,081) 

69.26 ± 0.65 49.39 ± 0.53 21.88 ± 0.31 

Terrestrial 
mammals 

6,226 168 (3 – 6,567) 61.09 ± 0.45 47.02 ± 0.39 22.68 ± 0.23 

† When species with large range sizes are assumed to require a protected area equivalent to 
30% instead of 15% of their total range size, holding all other assumptions constant, the global 
SPI declines across all taxonomic groups to similar values. When the representation target for 
large range-sized species is further increased to 100%, the SPI further declines across all 
taxonomic groups and becomes highest for terrestrial mammals, intermediate for 
ectomycorrhizal fungi, and lowest for arbuscular mycorrhizal fungi. 
 
 

 



 

 

Figures 

 
Figure 1. Conceptual overview of the analysis and examples of model predictions. (a) To 
generate mycorrhizal fungal species range maps, we compiled georeferenced fungal genomic 
data from the GlobalFungi and GlobalAMFungi databases and environmental data from a 
collection of 1 km2-scale global raster layers. We ingested this data in a Bayesian spatial latent 
factor model and used the fitted model with the raster layers to make predictions of each 
species’ probability of presence across Earth’s terrestrial surface excluding Antarctica. (b) 
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Predicted distributions for four example EcM fungal species hypotheses, represented by 
sequences with > 99% match to the corresponding species’ UNITE reference sequences. Each 
inset map displays a heatmap of the probability of presence (blue to yellow, 0% to 100%) across 
an area of approximately 500 km by 400 km. Made with Natural Earth using the rnaturalearth R 
package 52. Photo credits: A. pseudofritillaria, modified from 53; D. antarctica, M. E. Smith, 
https://redlist.info/iucn/species_view/296578; L. fulvissimus, CC BY-SA 3.0 amadej trnkoczy on 
Mushroom Observer, https://mushroomobserver.org/images/107090?q=25oLo. (c) We 
calculated the Species Protection Index (SPI) for arbuscular mycorrhizal (AM) fungi, 
ectomycorrhizal (EcM) fungi, and terrestrial mammals at the global level. Briefly, this entails 
calculating the representation target for each species based on a function of its range size; 
calculating each species’ area of overlap with protected areas to quantify, using the Species 
Protection Score (SPS), its progress towards its representation target; and taking the mean 
across species in the taxonomic group. Here, hypothetical species ranges are displayed as 
examples. (d) Species protection biases can be negative or positive depending on whether the 
proportion of the species range (yellow ellipse) intersecting with protected areas (green single-
hatched region) is less than or greater than the proportion protected of total land area.  
 
 
 

 
Figure 2. Proportions protected of species ranges across taxonomic groups at the global level. 
The global protection bias is quantified by comparing the weighted mean (diamonds) 
proportions protected of species’ ranges (circles) to the expected proportion protected under 
random chance (dotted line), where weights are given by the square root of the range size (size 
of circles). Error bars are not displayed because the upper and lower bars visually overlap even 
at 99.9% confidence. Antarctica is excluded from this analysis. Abbreviations: AM, arbuscular 
mycorrhizal; EcM, ectomycorrhizal. 
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Figure 3. Protection biases of mycorrhizal fungal species ranges across terrestrial biomes. (a,d) 
Proportions of species ranges (circles) falling within each biome. Boxplots summarize the 
proportions weighted by the square roots of the corresponding species’ global range sizes 
(circle sizes). The “range-size weight” is the proportion of the species’ range within each biome 
multiplied by the square root of the species’ global range size. (b,e) Range-size-weighted mean 
proportions protected of within-biome species ranges (error-barred ends of colored bars), 
relative to the global-level proportion protected (vertical dotted line) and the biome-level 
proportions protected (white bars). (c,f) The unitless contribution of a biome’s protected area 
network to a taxonomic group’s global protection bias (colored bars) is quantified by the range-
size-weighted sum of the differences between the proportions protected of species ranges and 
the proportion protected of global land area (i.e. the dot product of the left-hand column with the 
middle column). More-positive (versus more-negative) values denote that the spatial distribution 
of protected areas within the biome contributes more positively (versus more negatively) to the 
corresponding taxonomic group’s global protection bias. Values of zero denote a net-zero 
contribution within the biome to the global protection bias. White bars represent the hypothetical 
biome-level contributions had all species been protected at parity with the biome in which they 
were found. Differences between biomes in the proportion of area protected explain 51–87% of 
the global protection bias of AM fungi and only 19–20% of the global protection bias of EcM 



 

 

fungi. In the two right-hand columns, error bars represent 99.9% confidence intervals. Antarctica 
is excluded from this analysis. 
 
 

 
(Box 1) Figure X. Comparison of the changes in Species Protection Index (SPI) for 
ectomycorrhizal (EcM) fungi associated with new protected areas across a selection of 
countries. The arrow plot displays the change in SPI and the change in the proportion of land 
area protected for each country (labeled by ISO 3166 standard codes) between January 2020 
and January 2025. The maps highlight changes in Chile (CHL) versus Finland (FIN) over this 
period. This version of the SPI assumes default parameters, i.e. that the representation target 
declines to 15% with increasing range size. Made with Natural Earth using the rnaturalearth R 
package 52. 
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Supplementary Information 

Supplementary Text S1: Species distribution modeling, model 
evaluation, and prediction 

We sourced AM fungal sequence data from GlobalAMFungi 1 and EcM fungal sequence 
data from GlobalFungi Release 5.0 (https://globalfungi.com/) 2.  

The full GlobalAMFungi database contains 3,253 samples from 45 studies. These 
comprise sequences for 332 unique AM virtual taxa. We aggregated samples into “sites” 
according to their location within the same 30 arc-second (~1 km2) grid cell and filtered to virtual 
taxa found in at least 31 sites. Our final AM fungal dataset contained 189 virtual taxa across 512 
sites. 

The full GlobalFungi Release 5.0 database contains 84,972 samples from 846 studies. 
When its sequences are clustered into operational taxonomic units (OTUs) at 97% similarity, 
classified according to the closest species hypothesis in UNITE version 10.0 3, and filtered to 
known EcM genera according to FungalTraits 4, there remain 41,003 samples from 437 studies 
containing EcM fungi. We removed 2 Australian studies 5,6 previously identified as potentially 
problematic due to their unusually high number of unique OTUs 7. We also removed all non-soil 
samples. This resulted in 27,740 soil samples from 435 studies, containing 92,458 unique EcM 
fungal OTUs. After aggregating samples into “sites” according to their location within the same 
30 arc-second grid cell and filtering to OTUs found in at least 31 sites, we produced our final 
EcM fungal dataset containing 2,669 OTUs across 6,158 sites. 

We used Hierarchical Modelling of Species Communities (HMSC) as implemented in the 
Hmsc R package 8 to model the distributions of AM fungal virtual taxa and EcM fungal OTUs. To 
describe our modeling choices, we provide an overview of the model structure here; more 
details are provided in HMSC reference material 9. HMSC is a Bayesian species distribution 
modeling (SDM) framework based on generalized linear mixed models. For presence–absence 
data, the presence (yij = 1) or absence (yij = 0) of species j at site i is modeled as the response 
variable in a probit regression model with linear predictor Lij. 

yij ~ Bernoulli(Φ(Lij)) 
where Φ is the standard normal cumulative distribution function, also known in this 

context as the probit link function. 
Given n sites and ns species, we may write the n × ns matrix containing elements Lij as 

L. L is modeled as the sum of fixed effects and random effects. The fixed-effect component LF 
models the influence of the nc environmental covariates on the probability of presence. nc 
environmental covariates, denoted by the n × nc matrix X (Table S1), on the probability of 
presence.  

L = LF + LR 
LF = XB 

where B is the nc × ns matrix of coefficients describing species responses to 
environmental covariates and X is the n × nc matrix of environmental covariates.  



The random-effect component LR models the influence of other processes not explicitly 
measured (e.g. dispersal limitation, missing environmental variables, and species interactions) 
on the probability of presence.  

LR = HΛ 
The nf latent factors, denoted by the n × nf matrix H, are unobserved variables that 

attempt to capture spatial patterns in the data. (While HMSC accommodates hierarchical spatial 
designs, we use only one spatial scale; thus, our notation here differs somewhat from 9.) By 
default, the latent factors are modeled with a Gaussian process prior with an exponential 
covariance function f(d) = exp(-d/α), where d is the distance between a given pair of sampling 
units and α is the spatial scale of autocorrelation inferred from the data. To overcome the high 
computational complexity associated with sampling-based inference of the Gaussian process 
for large datasets, 10 developed a computationally efficient approximation based on the 
Gaussian predictive process algorithm, which we employ in our models via the Hmsc-hpc 
Python package 11. The species loadings, denoted by the nf x ns matrix Λ, capture species-
specific associations with each latent factor. This capability of borrowing information between 
species makes HMSC a form of joint species distribution modeling (JSDM) 12. 

To model the distributions of AM fungal virtual taxa, we fitted one HMSC model for the 
full set of taxa, creating a JSDM. We limited the maximum number of latent factors nf to 10 to 
stay within memory constraints. For the Gaussian predictive process approximation, we 
constructed spatial knots at 20-degree increments in Euclidean coordinate space. We modified 
the prior distribution for α such that it retained a point density of 0.5 at its minimum value, α = 0, 
and the remainder of its density declined linearly to zero at its maximum value, α = 15,000 km. 
For the environmental covariates X, we extracted the mean values at each 30 arc-second grid 
cell in the World Geodetic System 1984 (WGS84) projection from the set of rasters described in 
Table S1 at each site location. We modified the prior distributions of the coefficients B as 
described in Table S1. We retained default priors for all other parameters. Based on inspection 
of Markov chain Monte Carlo (MCMC) chains judged to have adequate convergence, we ran the 
model with 2 chains, 100,000 burn-in iterations, and 100 samples with a thinning interval of 300 
iterations. 

To model the distributions of EcM fungal OTUs, we fitted one HMSC model for each 
taxon, creating a collection of independent SDMs rather than a JSDM. This was done after 
concluding that memory constraints prevented us from fitting a JSDM with sufficient latent 
factors to outperform independent SDMs, owing perhaps to the high degree of endemism in 
many EcM fungal taxa. The number of latent factors nf in each SDM was thus limited to 1. For 
the Gaussian predictive process approximation, we constructed spatial knots at 15-degree 
increments in Euclidean coordinate space. We modified the prior distribution for α such that it 
retained a point density of 0.5 at its minimum value, α = 0, and the remainder of its density was 
uniformly distributed between its minimum value and its maximum value, α = 10,000 km. For the 
environmental covariates X and the coefficients B, we made the same modeling decisions 
described for AM fungi (Table S1). We retained default priors for all other parameters. Based on 
inspection of Markov chain Monte Carlo (MCMC) chains judged to have adequate convergence 
across a random sample of taxa, we ran each model with 2 chains, 100,000 burn-in iterations, 
and 100 samples with a thinning interval of 300 iterations. 



To evaluate our models, we conducted nonspatial cross-validation across 5 folds of each 
guild’s dataset. Due to computational limitations, cross-validation error is estimated using fewer 
Markov Chain Monte Carlo iterations than the full model (500 versus 1000) and may therefore 
underestimate performance. For EcM fungi, we conduct cross-validation using a randomly 
chosen subset of 20 OTUs to reduce computational demands, whereas we use the full set of 
AM fungal virtual taxa. In addition to a conventional error statistic, the area under the receiver–
operator curve (AUC), we also report Tjur’s R2 (i.e., the coefficient of discrimination), as this 
metric is insensitive to the class imbalances characterizing sparse presence–absence datasets 
(Table S3). 

While the Hmsc R package offers a function for making spatial predictions with fitted 
models, we encountered computational constraints when attempting to use it to create global 
kilometer-scale maps due to the complexity of calculating spatial latent factors. We then 
discovered that its spatial prediction algorithm is mathematically equivalent to kriging, and that 
Google Earth Engine offers an efficient kriging algorithm 13. Thus, we translated Hmsc’s 
prediction algorithm into Google Earth Engine API calls via the rgee R package 14. To further 
reduce the computational demand of kriging, we thinned the number of sites used as kriging 
points in the AM and EcM datasets such that at most one randomly selected site was included 
in each 200-km or 500-km Equal-Earth grid cell, respectively. We also limited the resolution of 
kriging to 50 km and the maximum kriging distance to 5,000 km. We used the same set of 
environmental rasters for prediction that we used for model fitting (Table S1), except that for 
each guild, we assumed constant sampling densities at the 86th percentile across sites. With 
these assumptions, we produced maps of the mean probability of presence at 1-km resolution 
for all AM and EcM fungal taxa.  
  

Supplementary Text S2: Biome-level protection biases 
 

To calculate the contribution of each biome’s protected area network to each mycorrhizal 
fungal guild’s global protection bias, we first propose that Bi can be decomposed into biome-
level contributions Bij such that 

Bi = sumj (Bij) 
We define the range size weight Wij as  

Wij = (aij / ai) * sqrt(ai) = aij / sqrt(ai) 
where aij is the range size of species i in biome j, in km2. 

We then assert that the decomposition is satisfied by 
Bij = Wij * (pij – mu) 

where pij is the proportion of the range of species i in biome j that is protected. 
We note that given a biome j, Bij are independently and identically distributed, ignoring 

phylogenetic dependence. We define the total cumulative contribution of biome j’s protected 
area network to a guild’s global protection bias as  

Bj = sumi (Bij) 
Since each guild contains many species, Bj is approximately normally distributed with a 

standard error given by 



sqrt(sumi (Wij) * Var(pij)) 
These statistics make it possible to test whether each biome’s protected area network 

contributes positively or negatively to a given guild’s global protection bias. 
To quantify the proportion of bias explained by between-biome disparities in the 

proportion of area protected, we first define the following quantities: 
TSSmu = sum( (Wij * (pij – mu))2 ) 

ESSmu = sum( (Wij * (muj – mu))2 ) 
RSSmu = sum( (Wij * (pij – muj))2 ) 

where muj is the proportion protected of biome j.  
These quantities are akin to total sum of squares, explained sum of squares, and 

residual sum of squares used in a regression context to calculate the proportion of total variance 
in the independent variable explained by the model. We modify that equation to calculate lower 
and upper bounds on the proportion of bias explained by between-biome disparities as: 

R2
lower = ESSmu / (ESSmu + RSSmu) 

R2
upper = ESSmu / TSSmu 

 

Supplementary Tables 
Table S1. Covariates used in the species distribution models. 
Covariate Data source Reference(s) Squared 

covariate 
included 

Standardized mean of 
prior distribution of 
coefficient* 
For linear 
covariate 

For squared 
covariate, if 
included 

Mean annual 
temperature, 
1981-2010 

CHELSA 
Bioclim Version 
2.1 

15,16 Yes 0 -4 

Temperature 
range, 1981-
2010 

No 0 NA 

Annual 
precipitation, 
1981-2010 

Yes 0 -4 

Precipitation 
seasonality, 
1981-2010 

No 0 NA 

Net primary 
production, 
2022 

NASA Land 
Processes 
DAAC 
MODIS/Terra 
Net Primary 
Production 
Version 6 

(Running 
and Zhao 
2019) 

Yes 0 -4 

Soil pH, 0-15 
cm† 

ISRIC 
SoilGrids 2.0 

17 Yes 0 -4 



Soil organic 
carbon 
content, 0-15 
cm† 

Yes 0 -4 

Soil nitrogen 
content, 0-15 
cm† 

Yes 0 -4 

Topsoil Olsen 
phosphorus 
content 

See reference 18 Yes 0 -4 

Aboveground 
biomass 
density, 2019-
2021 

ORNL DAAC 
GEDI L4B 
Gridded 
Aboveground 
Biomass 
Density, 
Version 2 

19 Yes 0 -4 

Natural log of 
sampling 
density‡ 

GlobalAMFungi 
/ GlobalFungi 
Release 5 

1,2 No 4 NA 

* As a Bayesian modeling framework, Hierarchical Modelling of Species Communities requires 
prior distributions to be defined for each parameter. The values in this column show the means 
assumed for the prior distributions of the coefficients associated with each (centered and 
scaled) environmental covariate. Additionally, all prior distributions for the coefficients are 
assumed to have a standard deviation of 2. 
† To estimate soil variables at 0-15 cm depth, we took the mean of the original data at 0-5 cm 
and 5-15 cm, weighted by thickness. Appropriate transformations were used to calculate the 
weighted mean pH. 
‡ Sampling density is not given by raster data; it is operationalized at the site level as the total 
number of soil subsamples for AM fungi and the pooled number of amplicon reads for EcM 
fungi. 
 
Table S2. Changes in key metrics as the probability cutoff defining the range of a species 
hypothesis increases. 
Mycorrhizal 
fungal guild 

Probabili
ty cutoff 

Mean 
range 
size 
(km2) 

No. 
species 
hypothes
es with 
zero 
range 
size 

Naïve* 
mean 
proporti
on 
protecte
d across 
ranges 

Naïve* 
SD of 
proporti
on 
protecte
d across 
ranges 

Mean 
Species 
Protecti
on 
Score 

SD of 
Species 
Protecti
on 
Score 

Arbuscular 
mycorrhizal 
fungi 

1% 56,884,9
52 

0 0.160 0.020 97.9 3.59 

5% 40,127,3
23 

0 0.157 0.026 95.5 6.61 



10% 31,381,4
26 

0 0.155 0.027 94.5 7.86 

25% 19,257,6
81 

0 0.151 0.034 90.7 11.1 

Ectomycorrhi
zal fungi 

1% 1,494,89
3 

3 0.234 0.154 71.6 30.8 

5% 1,074,72
6 

7 0.256 0.194 66.2 32.1 

10% 909,897 9 0.260 0.199 63.5 33.1 
25% 735,027 11 0.257 0.207 55.1 33.6 

* The means and standard deviations (SD) are considered naïve because they are unweighted, 
whereas the means and SDs reported in the main text are weighted by the range-size weight, 
described in the Methods. 
 
Table S3. Cross-validation summary statistics for species distribution models.  
Mycorrhizal fungal guild Area under the receiver 

operating characteristic curve 
(AUC), mean ± 1 SE 

Tjur’s R2 (i.e., coefficient of 
discrimination), mean ± 1 SE 

Arbuscular mycorrhizal fungi 0.839 ± 0.076 0.207 ± 0.083 
Ectomycorrhizal fungi 0.755 ± 0.094 0.087 ± 0.051 

 
Table S4. Species Protection Index (SPI) at the national level. ‘NA’ indicates that no predicted 
species ranges were contained within the country’s borders so the SPI could not be calculated. 
Here, the SPI is calculated using the default curve, i.e. assuming that species with large range 
sizes require a 15% representation target. 
Country ISO 3166 

country 
code 

SPI 
Arbuscular 
mycorrhizal 
fungi 

Ectomycorrhizal 
fungi 

Afghanistan AFG 31.7 31.6 
Angola AGO 67.0 74.5 
Albania ALB 97.8 82.6 
Andorra AND 100.0 65.8 
United Arab Emirates ARE 85.4 81.7 
Argentina ARG 45.1 62.4 
Armenia ARM 100.0 86.2 
Antigua and Barbuda ATG 96.1 38.8 
Australia AUS 99.4 80.9 
Austria AUT 100.0 89.5 
Azerbaijan AZE 99.8 75.5 
Burundi BDI 43.1 15.3 
Belgium BEL 100.0 95.3 
Benin BEN 98.9 98.7 



Burkina Faso BFA 99.2 90.6 
Bangladesh BGD 8.7 10.0 
Bulgaria BGR 100.0 93.2 
Bahrain BHR 0.0 0.0 
Bahamas BHS 100.0 80.2 
Bosnia and Herzegovina BIH 76.6 49.1 
Belarus BLR 63.2 67.1 
Belize BLZ 99.5 95.9 
Bolivia (Plurinational State of) BOL 97.3 85.3 
Brazil BRA 94.8 73.9 
Barbados BRB 43.2 31.2 
Brunei Darussalam BRN 98.8 91.4 
Bhutan BTN 100.0 85.9 
Botswana BWA 97.5 91.5 
Central African Republic CAF 98.2 39.9 
Canada CAN 86.0 73.9 
Chile CHL 84.1 55.4 
People's Republic of China CHN 10.1 12.1 
Côte d'Ivoire CIV 100.0 99.9 
Cameroon CMR 73.6 33.0 
Democratic Republic of the 
Congo 

COD 
94.2 69.7 

Congo COG 99.9 66.3 
Colombia COL 87.3 66.7 
Comoros COM 98.5 100.0 
Cabo Verde CPV 100.0 100.0 
Costa Rica CRI 100.0 92.3 
Cuba CUB 81.0 53.7 
Cyprus CYP 99.9 97.1 
Czech Republic CZE 99.5 86.6 
Germany DEU 100.0 96.3 
Djibouti DJI 14.1 15.3 
Dominica DMA 98.9 100.0 
Denmark DNK 100.0 94.1 
Dominican Republic DOM 99.9 99.5 
Algeria DZA 47.9 43.6 
Ecuador ECU 88.7 39.9 
Egypt EGY 28.3 13.5 
Eritrea ERI 88.3 45.2 



Spain ESP 100.0 90.2 
Estonia EST 99.9 68.4 
Ethiopia ETH 99.4 85.9 
Finland FIN 95.1 75.9 
Fiji FJI 21.7 33.0 
France FRA 100.0 84.0 
Federated States of Micronesia FSM 0.0 0.0 
Gabon GAB 99.9 65.5 
United Kingdom GBR 100.0 67.9 
Georgia GEO 97.2 66.3 
Ghana GHA 98.3 85.9 
Guinea GIN 99.1 100.0 
Gambia GMB 53.8 71.6 
Guinea-Bissau GNB 100.0 97.0 
Equatorial Guinea GNQ 97.0 57.8 
Grenada GRD 100.0 99.6 
Greece GRE 100.0 81.8 
Greenland GRL NA NA 
Guatemala GTM 99.2 63.2 
Guyana GUY 58.5 23.6 
Honduras HND 96.7 83.4 
Croatia HRV 100.0 87.8 
Haiti HTI 67.5 83.2 
Hungary HUN 100.0 98.1 
Indonesia IDN 66.4 67.4 
India IND 2.5 9.2 
Ireland IRL 98.9 52.7 
Iran IRN 34.8 32.9 
Iraq IRQ 37.1 67.5 
Iceland ISL 53.7 54.0 
Israel ISR 100.0 40.9 
Italy ITA 99.5 82.1 
Jamaica JAM 99.7 91.1 
Jordan JOR 60.9 42.3 
Japan JPN 99.8 73.3 
Kazakhstan KAZ 68.1 44.6 
Kenya KEN 99.6 93.2 
Kyrgyzstan KGZ 25.7 18.1 
Cambodia KHM 99.9 97.1 



Kiribati KIR NA NA 
Saint Kitts and Nevis KNA NA NA 
Korea (Republic of) KOR 100.0 87.6 
Kuwait KWT 99.7 100.0 
Lao People's Democratic 
Republic 

LAO 
97.1 84.0 

Lebanon LBN 60.1 40.9 
Liberia LBR 71.5 43.8 
Libya LBY 0.0 0.0 
Saint Lucia LCA 100.0 100.0 
Liechtenstein LIE 100.0 93.6 
Sri Lanka LKA 100.0 78.9 
Lesotho LSO 97.2 85.6 
Lithuania LTU 99.2 71.1 
Luxembourg LUX 100.0 87.9 
Latvia LVA 99.3 57.3 
Morocco MAR 99.7 87.7 
Monaco MCO NA NA 
Moldova MDA 91.7 95.6 
Madagascar MDG 80.4 50.9 
Maldives MDV NA NA 
Mexico MEX 94.2 71.8 
Marshall Islands MHL NA NA 
Republic of Macedonia MKD 98.8 89.0 
Mali MLI 96.1 88.9 
Malta MLT NA NA 
Myanmar MMR 33.4 59.8 
Montenegro MNE 100.0 69.8 
Mongolia MNG 86.3 75.2 
Mozambique MOZ 99.8 97.5 
Mauritania MRT 1.8 12.6 
Mauritius MUS 68.7 76.3 
Malawi MWI 99.1 100.0 
Malaysia MYS 79.4 81.7 
Namibia NAM 97.8 99.6 
Niger NER 46.8 75.8 
Nigeria NGA 98.6 99.0 
Nicaragua NIC 99.9 99.2 
Netherlands NLD 100.0 82.8 



Norway NOR 98.9 51.2 
Federal Democratic Republic of 
Nepal 

NPL 
93.6 51.5 

Nauru NRU NA NA 
New Zealand NZL 93.7 64.4 
Oman OMN 100.0 22.6 
Pakistan PAK 48.0 16.9 
Panama PAN 95.9 67.5 
Peru PER 91.8 50.4 
Philippines PHL 84.2 74.0 
Palau PLW NA NA 
Papua New Guinea PNG 35.2 8.2 
Poland POL 100.0 95.3 
Korea (Democratic People's 
Republic of) 

PRK 
0.3 0.2 

Portugal PRT 100.0 76.0 
Paraguay PRY 92.7 69.6 
Qatar QAT 98.1 92.9 
Romania ROU 100.0 88.2 
Russian Federation RUS 66.0 63.0 
Rwanda RWA 52.2 49.6 
Saudi Arabia SAU 99.8 98.8 
Sudan SDN 9.2 8.3 
Senegal SEN 99.9 64.3 
Singapore SGP 84.6 55.0 
Solomon Islands SLB 7.5 6.3 
Sierra Leone SLE 96.9 86.8 
El Salvador SLV 99.8 95.4 
San Marino SMR 0.0 0.0 
Somalia SOM 0.1 1.5 
Serbia SRB 86.3 87.3 
South Sudan SSD 99.2 77.9 
Sao Tome and Principe STP 100.0 99.9 
Suriname SUR 99.5 80.8 
Slovakia SVK 100.0 97.7 
Slovenia SVN 100.0 94.0 
Sweden SWE 99.9 62.0 
Swaziland SWZ 98.2 57.7 
Seychelles SYC 100.0 100.0 
Syrian Arab Republic SYR 0.0 0.3 



Chad TCD 96.1 73.1 
Togo TGO 97.1 97.0 
Thailand THA 94.1 82.2 
Tajikistan TJK 56.0 52.8 
Turkmenistan TKM 30.9 38.0 
Timor-Leste TLS 93.2 87.4 
Tonga TON 30.5 23.1 
Trinidad and Tobago TTO 98.3 78.8 
Tunisia TUN 24.2 38.0 
Turkey TUR 1.2 1.2 
Tuvalu TUV NA NA 
Taiwan, Province of China TWN 67.2 68.0 
Tanzania, United Republic of TZA 100.0 95.5 
Uganda UGA 99.3 86.5 
Ukraine UKR 100.0 94.4 
Uruguay URY 51.2 67.0 
United States USA 66.5 69.5 
Uzbekistan UZB 46.6 47.8 
Vatican City VAT NA NA 
Saint Vincent and Grenadines VCT 99.3 100.0 
Venezuela (Bolivarian Republic 
of) 

VEN 
100.0 97.4 

Viet Nam VNM 90.1 67.7 
Vanuatu VUT 23.0 17.4 
Samoa WSM 66.4 81.6 
Yemen YEM 30.7 6.3 
South Africa ZAF 79.5 58.2 
Zambia ZMB 100.0 92.1 
Zimbabwe ZWE 97.4 44.0 
Kosovo None 93.6 93.1 

 
Table S5. Global protection biases of mycorrhizal fungi, including versus excluding croplands 
from the analysis. 
Taxonomic 
group 

Number of 
taxa 
analyzed 

Croplands 
included in 
analysis? 

Range- size-
weighted 
mean (±1 SD) 
proportion 
protected 

z † P ‡ 

Arbuscular 
mycorrhizal 
fungi 

189 Included 0.147 ± 0.033 -145 <0.001 
Excluded 0.168 ± 0.033 -27 <0.001 

2588 Included 0.180 ± 0.100 198 <0.001 



Ectomycorrhizal 
fungi 

Excluded 0.186 ± 0.103 338 <0.001 

†,‡ These are the z-value and P-value, respectively, associated with the null hypothesis that the 
range- size-weighted mean is equal to the proportion protected of Earth’s terrestrial surface 
(approximately 0.173), excluding Antarctica. 

Supplementary Figures 

 
Figure S1. Performance of 20 randomly selected ectomycorrhizal fungal species distribution 
models versus the proportion protected of the predicted species range. Tjur’s R2 (i.e., the 
coefficient of discrimination) is derived from 5-fold cross-validation on the full set of presence–
absence records for the 20 species. 
 

 



Figure S2. Number of presences of each species in the dataset versus the proportion protected 
of the predicted species range.  
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