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Jyväskylä, Finland9

ABSTRACT10

Realized dispersal ability of wind-dispersing fungi in natural conditions remains poorly understood. Here, we study how climate,
habitat type and long-distance dispersal jointly structure fungal communities and how their effects vary between species
that have different morphological and life history traits. We integrate global fungal (spores and other organismal material)
occurrence data collected in 2018-2021 with atmospheric dispersion projections that are used to define sample connectivity
and to assess land cover in the spore source areas. Connectivity and land cover similarity increase community similarity,
but the effects are small compared to the effect of climatic sorting. In contrast, connectivity is the main factor controlling the
occurrence pattern of relatively common species and higher for plant pathogens than for all other species. We present the
framework as a proof of concept -type of work to highlight the progress and future potential in studying dispersal of microbial
organisms at the global scale.
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1 INTRODUCTION11

Understanding global patterns of diversity of fungal species has lagged behind the respective understanding of animals and12

plants (Green et al., 2004). Similarly to other groups of microbial species, most fungi could be expected to be cosmopolitan13

and to have high dispersal abilities (Finlay, 2002). However, according to recent findings, fungal communities are spatially14

structured latitudinally and regionally (Tedersoo et al., 2014; Davison et al., 2015; Vetrovsky et al., 2019) with remarkable15

levels of endemism (Talbot et al., 2014). On a global scale, the patterns of fungal diversity and their community structure are16

driven by climate, especially the annual mean temperature (Vetrovsky et al., 2019; Abrego et al., 2024b) challenging the idea17

of fungi and their spores as homogeneously distributed propagules that reflect mainly stochastic processes (Vellend, 2010).18

Together, previous findings indicate a relatively high importance of climatic sorting and dispersal limitation compared to19

random fluctuations in the structure of the fungal community (Pellitier et al., 2025). Still, direct links between dispersal vectors,20

such as wind patterns, and fungal community structure remain poorly understood (Pellitier et al., 2025). Thus, a comprehensive21

quantification of the impacts of environmental sorting, dispersal limitation, and random factors for the community structure of22

fungi is needed.23

For most fungal species, wind is the main dispersal vector at large spatial scales (Chaudhary et al., 2022). However, species24

differ in terms of their physical properties and therefore their expected airborne dispersal ability (Norros et al., 2014; Wang25

et al., 2021). Although fungal dispersal traits and dispersal syndromes are still incompletely understood (Cuprewich et al.,26

2025), it is clear that spore size is one of the key traits influencing dispersal ability due to its strong effect on the velocity of27

deposition (Hussein et al., 2013). Smaller spores have longer potential dispersal distances Norros et al. (2014), while allowing28

a bet-hedging strategy through a larger number of spores Norros et al. (2023). There is a large and systematic variation in29

spore size across the fungal kingdom Calhim et al. (2018), with a general tendency to larger spores in symbiotic vs. free-living30

species Aguilar-Trigueros et al. (2023). At the same time, dispersal ability cannot be equated with spore size, as dispersal can31

be dramatically affected by other traits such as viability and release conditions that may also covary with spore size (Norros32

et al. (2015); Lagomarsino Oneto et al. (2020); Golan et al. (2023)).33

The effect of wind on spore dispersal has previously been studied in controlled experiments (Norros et al., 2012) and in34

long- and short-term observational studies (Pellitier et al., 2025; Naranjo-Orrico et al., 2025). These previous studies show35

that species differ in terms of their abilities for passive dispersal (Norros et al., 2014, 2012) and that dispersal limitation36

through wind conditions may structure the composition of the fungal community (Pellitier et al., 2025; Naranjo-Orrico et al.,37

2025). However, important knowledge gaps remain. Importantly, the importance of daily to seasonal dispersal events for the38

momentary community structure of fungi in the air is unknown. In addition, it is unclear how increasing the source area of39

spores increases their species richness and whether this species-area relationship varies between scales and bioclimatic regions40

(Veresoglou and Johnson, 2023), as has been shown, for example, for aquatic species (He et al., 2024; Soininen and Hillebrand,41

2007). The effects of short-term and inter-annual variability of meteorological parameters have been shown to be significant42

for other types of primary biogenic particles, such as pollen (Siljamo et al., 2008; Skjoth et al., 2008; Sofiev, 2017, 2019;43

Veriankaitė et al., 2009).44

The main objectives of our study are to quantify the importance of airborne dispersal for the taxonomic community45

composition and occurrence of fungi. We associate community composition and species distributions with climate and wind46

conditions in a short time frame, i.e., a few days, to assess the importance of realised dispersal limitation. We take advantage of47

novel data streams of airborne DNA-based spore data, predictions of atmospheric dispersion models, and Earth observation48

data to associate the species occurrence and community composition of fungal spores with the characteristics of the spore49

source areas. We characterise the similarity of sample source areas in two procedures: 1) through spatial overlap between50

sample footprints (potential source areas) and 2) through similarity in forest, agriculture, urban and sea coverage of sample51

footprints. We assume that forests, urban and agricultural areas have different fungal communities, which is supported by the52

findings of Verchot (2010); Delelegn et al. (2018); Abrego et al. (2020).53

We predict that dispersal source areas quantified by connectivity (procedure 1) or land cover (procedure 2) are an important54

factor for community composition and species occurrence patterns. We break these predictions into the following more specific55

hypotheses. We hypothesise that increasing the sum of the land area in the source area increases the richness of airborne species56

(H1.1), indicating a generally higher niche variety in larger areas and corresponding to a classic species-area relationship57

(Peay et al., 2007, 2016). We predict that the coverage of the forest, agricultural and urban areas modify the composition58

of the airborne fungal community composition (H1.2) and that samples that are connected through air dispersion are more59

similar than samples that are not connected (H1.3). The effect of connectivity depends on the temporal window in the definition60

of connectivity (H1.4). Due to the mechanistic dispersal information, we predict that connectivity is a better predictor of61

community dissimilarity than geographical distance (H1.5). We predict that connectivity and land cover of the source areas62

affect the probability of the presence of individual species (H2.1), but their importance varies in relation to the species’ trophic63

guild and spore size. We predict that due to the greater importance of dispersal limitation for species with large spores and64

resource specialists such as wood saprotrophs (Norros et al., 2012), these groups are more sensitive to connectivity and land65
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cover characteristics in the source area than other species groups (H2.2).66

2 MATERIALS AND METHODS67

Spore, trait and climate data extraction68

The spore data set, sampling methods, and bioinformatic workflow have been described in Ovaskainen et al. (2024b). Here we69

summarise the methods of the study. Ovaskainen et al. (2024b) collected airborne fungal particles from 47 globally distributed70

sites using cyclone air samplers over standardised 24-hour periods. The fungal DNA material is assumed to be from spores,71

although it could also represent other types of fungal dispersal propagules or fungal material. The samples captured particles72

larger than 1 µ m and included field blanks and negative controls to monitor contamination. From air samples, DNA was73

extracted, the fungal ITS2 region was amplified with PCR, and the resulting amplicons were sequenced on an Illumina MiSeq74

platform. Most of the negative controls did not produce fungal readings and the tests showed that low-level cross-contamination75

did not affect the main patterns in the data.76

Bioinformatic processing involved trimming, denoising, and chimera checking of reads, followed by alignment against77

the UNITE fungal reference database (Abarenkov et al., 2024) supplemented with synthetic spike-in controls. After quality78

filtering, the data set consisted of 65912 ASV × 2768 sample matrix of read abundance. The authors developed a taxonomically79

guided clustering approach to assign ASVs to species-level operational taxonomic units (OTUs) (Furneaux et al., 2025). First,80

ASVs were probabilistically assigned to taxa using Protax-fungi (Abarenkov et al., 2018). The unassigned ASVs were matched81

with the closest cluster with optimised similarity thresholds. As the last step, the unassigned ASVs were clustered using de novo82

single-linkage clustering. The final data set contained 27954 species-level fungal OTUs in 2768 samples (see Fig. 1: panel A).83

The data of the trophic guild and spore size were assembled in Aguilar-Trigueros et al. (2023). The spore size data for84

sexual and asexual cycles originate from species-level taxonomic descriptions in Mycobank (Robert et al., 2013a). The trophic85

guild data have been assembled from publicly available databases (see the full list in Aguilar-Trigueros et al. (2023)). We86

used species-level estimates of spore size and trophic guild assembled by Abrego et al. (2024b). Linking spore volume data to87

molecularly identified taxa is challenging because some organisms were not identified to the species level and existing spore88

volume databases are incomplete. When available, species-level spore volume estimates were used. If these were missing, the89

authors substituted genus-level averages, then family-level averages if needed. When no estimate was available at any of these90

taxonomic levels, the spore volume for that taxon was treated as missing data.91

Trophic guild assignments were limited to the most common guilds, with some categories grouped. OTUs reliably identified92

to the species-level were matched directly to an existing trophic guild database. When only genus- or family-level identifications93

were available, all guilds associated with species in that genus or family were assigned to the OTU. Consequently, some OTUs94

were linked to multiple possible trophic guilds and these assignments were treated as provisional, based on information from95

related taxa, rather than direct species-level evidence.96

As the mean annual temperature, we included the climatic mean over 1979-2018 from ERA5 hourly data on the single level97

dataset (Hersbach et al., 2020) (available at the Copernicus Climate Data Store https://cds.climate.copernicus.98

eu/datasets/reanalysis-era5-land-timeseries). The species occurrence and trait and the climate dataset99

were sourced from Abrego et al. (2024a). See code and data availability for data sources.100

Atmospheric dispersion modelling101

The SILAM (System for Integrated modeLling of Atmospheric coMposition, https://silam.fmi.fi (Sofiev et al.,102

2015)) atmospheric composition model developed by the Finnish Meteorological Institute (FMI) computes dispersion and103

inverse dispersion and can be used to assess atmospheric footprints as part of its capabilities (Verstraeten et al., 2025; Sofiev104

et al., 2023, 2024).105

A footprint in atmospheric modelling describes the geographical and temporal source areas for emission concentrations106

observed at a receptor (or vice-versa), showing which source areas contribute most to what is measured at a given location107

and time (Veriankaitė et al., 2009). High footprint values indicate regions where emissions would have the strongest impact108

on the receptor. An atmospheric footprint is produced using inverse (adjoint) dispersion modelling. Instead of simulating109

how emissions spread forward in time from sources to receptors, SILAM can run the transport equations backward in time110

from a receptor (e.g., a measurement site, population location or observation period) (Sofiev et al., 2006, 2015). The resulting111

footprint field quantifies the sensitivity of a receptor concentration to upwind emissions as a function of space, time, and altitude.112

Mathematically, it represents a transfer coefficient that links the emissions in each grid cell to the observed concentration at113

the receptor. In practice, SILAM footprints have been used to trace the long-range transport of aerosols (Meinander et al.,114

2020), pollen (Veriankaitė et al., 2009; Sofiev et al., 2022), and pollutants (Sofiev, 2000) back to their source regions, helping to115

identify the source areas that affect a receptor site during days of atmospheric transport.116
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Here, we applied SILAM to compute footprints in a 36 hour window preceding the day-long spore sampling. We used only117

the lowest layer (5 metres) of the SILAM calculations as that best corresponds to the sampling height of the spore samples.118

As a reference particle diameter in SILAM, we used 18 µm, which on average corresponds to fungal spores. The footprints119

have a spatial resolution of 0.5 ◦. We defined connectivity between two samples as the spatial overlap between their footprints.120

The spatial overlap was defined as the cosine similarity, where footprint concentration was considered as statistical probability121

distributions. Then122

cosinesim(u,v) =
∑

n
i=1 ui vi√

∑
n
i=1 u2

i

√
∑

n
i=1 v2

i

where u and v are footprint values and i is an index for spatial coordinate (here a cell in a global grid). Similarity is defined123

as the overlap of the footprint densities normalised with the total mass of the footprint. A high proportion of the footprint mass124

originates from relatively short distances. An example of a footprint and the area from which 100% and the top 99, 95, and 75%125

of the concentration originate are shown in Fig. 1.126

We tested the impact of different time windows by setting footprint similarity to zero if samples had not been sampled127

within a certain time window. We tested four different time windows, +/- day, month, three months, or a year. The time window128

is computed over the preceding and subsequent days, months, or years. The number of samples that are connected to any other129

sample depends on the width of the temporal window (Fig. 2: panels A and B and Fig. S3 and S4).130

We transformed the similarity index into a distance metric by applying the Floyd-Warshall algorithm. Similarity is not a131

valid distance metric as it does not fulfil the triangle inequality: a distance between two samples can decrease if it is calculated132

through a third sample. Floyd–Warshall algorithm computes the shortest path between two samples using all other samples133

as potential nodes along the path (Floyd, 1962). Thus, the distances correspond to the distances in a non-linear network.134

Non-linearity is caused by the non-stationary wind conditions during the sampling period. We tested only the month-long135

temporal window for defining the distance matrix of the sample connectivity. The distance in relation to footprint overlap was136

then used as a distance matrix of a random effect in the species distribution model to account for the sample covariance that is137

due to connectivity.138

Land cover data139

We characterised land cover using the Global Dynamic Land Cover of 2019 in 100 metre resolution from the Copernicus Global140

Land Service (information, 2020). These data provide a detailed view of land cover at three classification levels and achieves141

80% precision at class level 1 on each continent. Because these data do not extend north of 80◦N or south of 60◦S, we used142

ocean cover data from rnaturalearth R-package (Massicotte and South, 2026) to classify these areas into either Open sea or143

Unknown classes. For each spore sample, we calculated two types of land cover data. First, we weighted land cover with the144

footprint to derive the relative contribution of different land cover types as source areas, i.e. the relative particle concentration145

that would be predicted to originate from forest, agriculture, urban, and water areas. Second, we calculated the unweighted146

proportion of these land cover classes within a 500 km radius circle around the sampling site. We used 500 km as a crude prior147

estimate of the source area. However, we acknowledge that the 500 km radius clearly underestimates the average reach of148

footprints from focal sampling sites. See Fig. S1 for a comparison of footprint thresholds in relation to the distribution of their149

spatial radius.150

Statistical modelling of community turnover151

We estimated the effect of mean annual temperature, seasonality, sample connectivity, land cover around and at the sampling152

site, and sequencing depth on the community structure by associating sample-level pair-wise community turnover with the153

difference in explanatory variables and sample connectivity. We conducted this only for sample-pairs from different sites and154

thus the model estimates do not represent the stochasticity in within-site community turnover.155

We measured community turnover with Jaccard dissimilarity index and the difference in explanatory variables with156

Euclidean distance (see Fig. S2 for distribution of sample-pair community turnover). We measured seasonality with periodic157

functions sin(2 πd
365 and cos(2 πd

365 where d is the Julian day. The sin function captures the seasonality in the Northern Hemisphere158

whereas the cos-function captures the seasonality in the Southern Hemisphere. They are both weighted by latitude to capture the159

latitudinally increasing effect of seasonality (Abrego et al., 2024b). We computed the difference in land cover as the Euclidean160

distance in relation to two metrics: coverage of land cover classes within 500 km radius (non-weighted) or proportions of161

footprint weighted land cover classes under the footprint (footprint weighted). The distance is measured in four dimensional162

space whereas the difference for other variables is measured in one dimension for each variable separately. With this approach,163

we could capture the divergence jointly in all land cover dimensions. Lastly, the Jaccard dissimilarity index and explanatory164

variables were scaled by first adding one and taking the logarithm of the sum, and second by standardising the resulting variables.165
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Land cover at the sampling site reflects whether two sites are in the same land cover category (forest, agriculture, urban, water,166

or other land cover type) and was treated as a binary variable. We transformed similarity measures of footprint overlap by167

taking the logarithm of the non-zero values and standardizing them. The effects of the binary overlapping/non-overlapping168

variable and the continuous variable for the strength of the overlap are accounted for in the statistical model. We accounted for169

the statistical dependence between sample pairs by including two sample-level random effects representing the samples that170

were used for sample pairs, following the approach of Row et al. (2017). This relaxes the dependence between sample-pairs171

and returns valid credibility intervals for the model estimates.172

For computing community turnover, we discarded two samples that did not have a calculated footprint (n=2). In addition,173

samples with fewer than 10,000 sequence reads were excluded, and variation in sequencing depth was handled statistically174

rather than by rarefaction by including pairwise difference in sequencing depth as an explanatory variable in the model. This175

resulted in 2716 samples that contained in total 27935 species-level OTUs.176

We did a model comparison on two levels: weighting scheme of land cover (non-weighted and footprint weighted) and177

community turnover of a specific species group. To assess how community turnover varies between species groups, we fitted178

the linear model separately for all species (1), plant pathogens only (2) or wood saprotrophs only (3). To test the explanatory179

power of connectivity, we fitted models in which connectivity was replaced with a spatial distance between sample sites. We180

applied lme4 R-package (v. 1.1-38) for fitting linear mixed effect models.181

Finally, we measured the importance of the variable with variance partitioning. We computed the linear predictor with182

the fitted model while assigning original values for each variable at the time and fixing other variables to zero for continuous183

variables or to a certain class for random effects. We computed the variance of the linear predictors of each variable and divided184

each variance by the sum of the variances. This resulted as proportions with which each variable contributed to the full linear185

predictor (Schulz et al., 2025).186

Joint species distribution model187

To estimate the effects of connectivity and land cover on single species distributions, we fitted a joint species distribution188

model (JSDM) (Ovaskainen et al., 2017). We explained the presence-absence status of all species jointly with mean annual189

temperature, seasonality, land cover around and at the sampling site, and log-transformed sequencing depth. To model the190

presence-absences, we fitted a probit model. We included connectivity in the JSDM as the distance matrix of a random effect.191

We included the first- and second order polynomial effects of mean annual temperature and the first order effect of other192

explanatory variables in the model. For land cover, we used land cover at the sample site (categorical) and either non-weighted193

or footprint weighted land cover.194

To achieve enough statistical power in the JSDM, we kept species that had been observed in at least 50 samples and195

excluded samples that had no footprint (n=2). Similarly to community turnover, samples with fewer than 10,000 reads were196

excluded and variation in sequencing depth was handled statistically rather than by rarefaction by including sequencing depth197

as an explanatory variable in the model. This resulted in 2716 samples that contained in total 485 species.198

We accounted for phylogenetic relatedness in the species-level covariate effect estimates by estimating the magnitude of199

interspecific covariance in the covariate effects that is structured by the phylogenetic tree. We assumed equal branch lengths at200

the levels of phylum, class, order, family, genus, and species in the phylogenetic tree. We fitted the models with the Hmsc201

r-package (versions 3.1-2) (Tikhonov et al., 2020) in the R software (version 4.5.2; R Core Team (2021)) and applied the202

parallelized HPC-extension of Hmsc (Rahman et al., 2024). Hmsc allows a fully Bayesian model inference and a comprehensive203

uncertainty assessment through posterior samples. We conducted posterior sampling with five chains and per chain we drew204

100,000 samples of which we discarded the first 50000 and kept one per 50 remaining samples. This resulted in 1000 samples205

per chain and 5000 posterior samples in total. We checked the convergence of the model for each parameter with potential scale206

reduction factors (Gelman and Rubin, 1992).207

3 RESULTS208

Species-area relationship209

We found that species richness did not depend on the concentration of air particles that originate from land areas (footprint210

weighted model; Fig.3: panel A). When conditioning species-area relationship on the latitudinal zones (< 30 ◦ N/S, 30-60211

◦ N/S and > 60 ◦ N/S) and growing season (all year when < 30 ◦ N/S, days 275-60 when > 30 ◦ S and > 30 ◦ N), the212

footprint-weighted species-area relationship appeared in low latitudes (< 30 ◦ N/S), but not in mid to high-latitudes in either of213

the seasons. The non-weighted species-area relationship was positive and consistent across the latitudinal zones in the growing214

season, though slightly stronger in the low latitudes (Fig.3: panels B, C).215

Community turnover216
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The samples connected through footprints were on average more similar than non-connected samples. Community turnover217

was primarily explained by temperature followed by land cover, seasonality, and connectivity (Fig. 4: panels A and C). The218

effect of connectivity on community turnover varied in relation to the temporal window of connectivity (Fig. 4: panels B).219

Although the effect was the largest in a short temporal window (+/- day), the importance of connectivity in variance partitioning220

increased towards longer time windows (Fig. 4: panel D). The discrepancy between the effect size and the importance of the221

variable was due to the low levels of connectivity between the samples when connectivity was defined in strict temporal terms.222

Although connectivity increased similarity in community composition, its overall effect on global turnover was minor due to223

the low frequency of connectivity. There was no difference between the land cover variables that reflect the footprint source224

area or the area within a circle around the sampling sites (Fig. S5).225

Models with footprint informed connectivity predicted the rate of community turnover more accurately than models where226

connectivity was defined with spatial distance (Fig. 4: panel E).227

Connectivity had a relatively smaller effect on plant pathogen turnover than all species turnover, while land cover explained228

relatively less of the wood saprotroph turnover compared to all species and plant pathogens (Fig. 4: panel A).229

Species distribution modelling230

The occurrence patterns of 485 most prevalent species (>= 50 presence records) were mainly explained by a connectivity231

related sample-level random effect followed by mean annual temperature and either site-level random effect in the footprint232

weighted model and land cover of the surrounding area in the non-weighted model (Fig. 5: panel A). In the non-weighted233

model, land cover soaked up variation especially from the site-level random effect compared with the footprint weighted model.234

We tested how well models captured the expected association between land cover and spore occurrence: In the footprint235

weighted model, no species responded positively and 125 negatively to water areas, while the response was uncertain for 360236

species. In the non-weighted model, 18 species responded positively and 160 negatively to water areas, whereas the response237

was uncertain for 307 (Fig. 5: panel B).238

In both footprint-weighted and non-weighted models, the importance of land cover was higher for species with large spores239

(Fig. 5: panel C). The importance of connectivity did not vary in relation to the spore size (Fig. S6). Regarding trophic240

guilds, we found that land cover was more important for plant pathogens than other species groups, but only when land cover241

was weighted by footprints (Fig. S7). In contrast, we found a smaller importance of connectivity (random effect) for wood242

saprotrophs than for other species (Fig. S8). We found satisfying levels of model convergence for all model parameters (Fig.243

S9).244

4 DISCUSSION245

We developed and tested a framework that relates fungal spore observations with their expected source areas and quantifies246

the importance of environmental and seasonal sorting and dispersal limitation for community composition. The framework247

was enabled by a novel data stream from atmospheric dispersion models to approximate the connectivity of spore samples248

and source areas of fungal spores. We found that the occurrence of fungal spores depended on the connectivity between the249

samples and the land cover in source area. However, the importance of connectivity depended on the suitability of the dispersion250

events (time window for connectivity). In addition, we found that the species’ trophic guild and spore size contributed to the251

importance of connectivity in spore community structuring (see Table 1 for hypothesis and results). Next, we break down our252

findings and discuss their ecological and practical implications.253

Community turnover was primarily explained by temperature that refuted large scale community turnover between biomes254

and climatic regions (Abrego et al., 2024b; Tedersoo et al., 2014; Vetrovsky et al., 2019) and debunked the prediction that255

fungal spores are cosmopolitan and homogeneously distributed throughout space (Finlay, 2002). However, community256

turnover responded to connectivity and land cover in the particle source area reflecting short-term dispersion events. Although257

connectivity shaped community composition, sample connections were relatively rare in the dataset and thus the overall258

importance of connectivity stayed low. The connectivity measure could capture dispersal events and explain community259

turnover across spatial scales of a few 100 to 1000 km that correspond to the geographical extent of footprints. Accounting for a260

temporal window of a day to three months provided the highest effect sizes of connectivity (Fig. 4: panel B). This indicates that261

seasonal turnover (found in Abrego et al. (2024b)) in community composition constrains the time window that can be used to262

define the community composition of the source areas. In the joint species distribution model, connectivity explained on average263

half of the variation. This strong impact reflects that the occurrence of a species is controlled by atmospheric connectivity264

between samples and that the prevalence of species at a site over time depends on the consistency of the atmospheric source265

area.266

From a predictive perspective, connectivity is a better predictor of community turnover than spatial proximity indicating267

that spores and fungal particles do not distribute evenly across space but along wind corridors, as found previously by Pellitier268

et al. (2025). This finding was not consistent across temporal windows, as in the shortest and strictest time window (+/- day)269
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the model with spatial distance provided a higher predictive performance (Fig. 4: panel D). This indicates that such a short time270

window may not capture the temporal turnover of fungal communities and connectivity dynamics.271

The effect of connectivity and land cover on community turnover and species occurrence reflected the ecological differences272

in relation to trophic guilds and spore size. The community turnover of plant pathogens was less sensitive to sample connectivity273

than all species on average, whereas the occurrence pattern of wood saptrotrophs was slightly less controlled by connectivity274

than other species on average. These findings could reflect the fact that plant pathogens and wood spatrotrophs depend more on275

dispersal over short geographical distances than all species on average. Another possible explanation is that the communities of276

plant pathogens are more homogeneous over space and their community structure depends more on random processes. We277

did find a slightly lower average turnover rate for plant pathogens and wood saptrotrophs than for all species (Fig. S2). The278

importance of land cover in explaining species occurrence patterns increased along with spore size, reflecting the expectation279

that larger spores are on average more dispersal limited (Norros et al., 2014) and their community assembly thus more strongly280

structured by dispersal.281

The novel data stream of atmospheric dispersion allowed us also to study a fundamental ecological rule, the species-area282

relationship, universally and in relation to latitudinal regions and seasonality (Fig. 3). We found a positive relationship only in283

low latitudes (< 30 ◦ N/S) reflecting spatial turnover and high beta-diversity. In higher latitudes and especially outside of the284

growing season, a lack of species-area relationship reflects homogeneous communities and lower beta-diversity. These results285

align with expectations in Veresoglou and Johnson (2023) and have been previously shown to be a general rule for other species286

groups (Soininen et al., 2007).287

We suspect that non-weighted land cover within a fixed radius can be confounded by other bioclimatic factors that impact288

species prevalence (Fig. 1). This is reflected by a consistently positive species-area relationship when using non-weighted land289

cover and by positive response of a few species to water areas in joint species distribution models. Our results indicate that290

atmospheric dispersion predictions (i.e. footprints) can mitigate the confounding impact of omitted bioclimatic factors on the291

analysis of metacommunity processes.292

Despite the ecologically intuitive results, we have still applied atmospheric dispersion predictions in a solely statistical293

framework without a mechanistic understanding of spore deposition under natural conditions. For example, spore observations294

were collected in 1 m height under canopy layer. It is unclear how large a proportion of the spores that disperse above the295

canopy layer can descend to the ground level. We expect that integrating knowledge from more fine-grained mechanistic296

models and experiments on spore dispersion could alleviate these concerns. This would be an essential piece of information to297

further increase the accuracy of the effect of connectivity at distances of hundreds to thousands of kilometres.298

Our model framework and findings provide a novel understanding of how long-distance air dispersal constrains the299

community structure of fungal spores. This study presents a proof-of-concept on the relation of short-term atmospheric300

dispersion to momentary spore dispersal. In particular, our findings highlight the spatial and temporal scale of dispersal and its301

importance in comparison to environmental filtering and seasonality. Since air and wind are the main dispersal means for most302

fungi, quantifying the importance and scale of dispersal for community structuring represents a step change in understanding303

their metacommunity processes. Especially given the pressure of climate and land cover change on ecosystems, accurate304

predictions of how, where, and when species can disperse to find suitable habitats are valuable for environmental mitigation305

strategies.306
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Bondarchuk, S., Bonebrake, T., Brennan, G., Bret-Harte, S., Bässler, C., Cagnolo, L., Cameron, E., Chapurlat, E., Creer,321

S., D’Acqui, L., de Vere, N., Desprez-Loustau, M.-L., Dongmo, M., Dyrholm Jacobsen, I., Fisher, B., Flores de Jesus, M.,322

Gilbert, G., Griffith, G., Gritsuk, A., Gross, A., Grudd, H., Halme, P., Hanna, R., Hansen, J., Hansen, L. H., Hegbe, A.,323

7/17



Hill, S., Hogg, I., Hultman, J., Hyde, K., Hynson, N., Ivanova, N., Karisto, P., Kerdraon, D., Knorre, A., Krisai-Greilhuber,324

I., Kurhinen, J., Kuzmina, M., Lecomte, N., Lecomte, E., Loaiza, V., Lundin, E., Meier, A., Mešić, A., Miettinen, O.,325
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N., Rathnayaka, A., Raundrup, K., Rebriev, Y., Rikkinen, J., Rogers, H., Rogovsky, A., Rozhkov, Y., Runnel, K., Saarto,328

A., Savchenko, A., Schlegel, M., Schmidt, N. M., Seibold, S., Skjøth, C., Stengel, E., Sutyrina, S., Syvänperä, I., Tedersoo,329
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Davison, J., Moora, M., Öpik, M., Adholeya, A., Ainsaar, L., Bâ, A., Burla, S., Diedhiou, A., Hiiesalu, I., and Jairus, T. (2015).360

Global assessment of arbuscular mycorrhizal fungus diversity reveals very low endemism. Science, 349(6251):970–973.361

Delelegn, Y. T., Purahong, W., Sanden, H., Yitaferu, B., Godbold, D. L., and Wubet, T. (2018). Transition of ethiopian highland362

forests to agriculture-dominated landscapes shifts the soil microbial community composition. BMC Ecol, 18(1):58.363

Finlay, B. J. (2002). Global dispersal of free-living microbial eukaryote species. science, 296(5570):1061–1063.364

Floyd, R. W. (1962). Algorithm 97: shortest path. Communications of the ACM, 5(6):345–345.365

Furneaux, B., Anslan, S., Somervuo, P., Hultman, J., Abrego, N., Roslin, T., and Ovaskainen, O. (2025). Optimotu:366

Taxonomically aware otu clustering with optimized thresholds and a bioinformatics workflow for metabarcoding data. arXiv367

preprint arXiv:2502.10350.368

Gelman, A. and Rubin, D. B. (1992). Inference from iterative simulation using multiple sequences. Statistical science,369

7(4):457–472.370

Golan, J. J., Lagomarsino Oneto, D., Ding, S., Kessenich, R., Sandler, M., Rush, T. A., Levitis, D., Gevens, A., Seminara, A.,371

and Pringle, A. (2023). Differences in spore size and atmospheric survival shape stark contrasts in the dispersal dynamics of372

two closely related fungal pathogens. Fungal Ecology, 66.373

Green, J. L., Holmes, A. J., Westoby, M., Oliver, I., Briscoe, D., Dangerfield, M., Gillings, M., and Beattie, A. J. (2004). Spatial374

scaling of microbial eukaryote diversity. Nature, 432(7018):747–750.375

He, S., Wang, B., Chen, K., Li, N., and Soininen, J. (2024). Species–environment sorting explains latitudinal patterns in376

spatiotemporal -diversity for freshwater macroinvertebrates. Ecography, 2024(9).377

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Muñoz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., and378
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TABLES530

Table 1. Summary of hypothesis, parametric tests and results.

Hypothesis # Hypothesis explanation Parameter test Result

H1.1

Land area in spore source
area increases species
richness in spore sample
(species-area relationship).

Correlation between log-
transformed species richness
and log-transformed land
area.

Positive species-area rela-
tionship in low latitudes but
not in high latitudes.

H1.2

Community composition in
spore samples that are con-
nected through air dispersion
are more similar than sam-
ples which are not connected
and the strength of connectiv-
ity increases community sim-
ilarity.

Effect size estimates for the
connectivity status (0/1) and
the strength of connectiv-
ity in a linear mixed effect
model explaining the Jaccard
turnover index of the commu-
nity composition.

Relatively large negative
effect of connectivity on
turnover.

H1.3

Land cover characteristics in
the spore source area of sam-
pling sites modify spore com-
munity composition.

Effect size estimate for the
change in land cover in a lin-
ear model explaining the Jac-
card turnover index of the
community composition.

Land cover has a relatively
small effect on turnover.

H1.4

The effect of connectivity de-
pends on the definition of
connectivity in relation to
temporal window.

Comparison of models for
community turnover. Models
differ in relation to the defi-
nition of connectivity.

Connectivity has the largest
effect on turnover when tem-
poral window is smaller than
a year but the importance
of connectivity in variance
partitioning increases along
with longer time window.

H1.5

Connectivity is a better pre-
dictor than spatial distance
for predicting community
dissimilarity.

Comparison between linear
mixed effect models that ex-
plain Jaccard turnover index
of the community composi-
tion with connectivity (bi-
nary and continuous vari-
ables) or spatial distance.

Footprint model has a
smaller root mean squared
error of model predictions
in four-fold cross-validation
than a spatial model has.

H2.1

Land cover characteristics in
the spore source area and
connectivity affect the pres-
ence probability of single
species.

Effect size estimate and vari-
ance partitioning of land
cover variables and connec-
tivity related random effect
in a joint species distribution
model.

Land cover explains on aver-
age less than 10% whereas
connectivity related random
effect explains 50% of the oc-
currence patterns.

H2.2

Habitat specialists such
as wood saprotrophs and
species with large spores are
more sensitive to land cover
characteristics in the source
area and connectivity than
species on average.

Correlation between the im-
portance of land cover vari-
ables and connectivity in
variance partitioning and the
species trophic guild and
spore size.

Land cover explains larger
part of variation for plant
pathogens than other species
and species that have large
spores. Connectivity ex-
plains smaller part of vari-
ation for wood saprotrophs
than other species.
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FIGURES531

Figure 1. Panel A shows the number samples and the number of sampled sites per year. Panel B shows the geographical
locations of the sampling sites and a footprint related to one spore sample. Footprint concentration is shown on a log scale.
Panel C shows the spatial distribution of the discretized footprint, where the footprint is set to cover the top 75%, 95%, 99% or
100% of the total footprint mass.

Figure 2. Panels A and B show the number of sample level connections per each site-pair in a global and European extent.
Panel C shows the number of samples which are connected to any other sample given different temporal windows. Samples
from the same site are by default considered as non-connected.
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Figure 3. Panels A and B show the species-area relationship (SAR), where log-transformed species richness of fungal spores
is associated with log-transformed footprint concentration that originates from land area (panel A; weighted model) and
proportion of land cover within a 500 km radius around sampling site (B; non-weighted model). Panel C shows the respective
species-area relationship for scenarios, where the sampling sites are sub-sampled in relation to latitude and growing season.
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Figure 4. Covariate effect sizes in a linear model using connectivity among other explanatory variables explaining community
turnover between sample pairs. Panels A summarizes the effect sizes (dots) and the associated 95 % credibility intervals (error
bars) that are estimated with the linear models and Jaccard index of community turnover as the response variable. The effect
sizes are shown for all study species and for plant pathogens and wood saprotrophs. Panel B summarizes the estimated effect
sizes for the connectivity variables given different temporal constraints of the connectivity. Panel C shows the variable
importance of the covariates for different species groups. Note that the importance of binary and continuous connectivity
effects are summed together. Panel D shows the importance of connectivity for all species given different temporal constraints
of the connectivity. Panel E summarizes the difference in the predictive performance between models for which connectivity is
defined through footprint overlap or geographical distance. Negative values denote a smaller root mean squared error (higher
accuracy) for the footprint informed model.
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Figure 5. Results from the joint species distribution models, in which land cover from the surrounding area has been either
weighted or not weighted with a footprint. In panel A, boxplots show the importance of different variables in the model across
all species. In Panel B, histograms show the distribution of the species-specific responses to the coverage of water areas. Panel
C shows the association between sexual spore size (x-axis) and the relative importance of land cover (area) in explaining
species occurrence pattern. Blue line denotes a linear association and the grey shading denotes a 95 % credibility interval of the
association. The asterisk in the top right corner denotes whether the linear association is not zero with the 95% credibility.
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Supporting information: The role of long-distance
dispersal for community dynamics of fungi

Figure 1: Max. distance from sampling site to footprint edge.
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Figure 2: Empirical distribution of sample-to-sample community turnover. Asterisks
indicate whether distributions have statistically significantly different population mean
values (p < 0.05).

Figure 3: Connectivity in a global extent given different temporal constraints of the
connectivity.
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Figure 4: Connectivity in a European extent given different temporal constraints of the
connectivity.
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Figure 5: Effect sizes (bars) and the associated 95 % credibility intervals (error bars) for
two linear models, in which land cover from the surrounding area has been weighted or
not weighted with a footprint.
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Figure 6: Association between sexual spore size (x-axis) and the relative importance
of connectivity (random: sample) in explaining species occurrence pattern. Blue line
denotes a linear association and the grey shading denotes a 95 % credibility interval of
the association. The asterisk in the top right corner denotes whether the linear association
is not zero with the 95% credibility.

Figure 7: Association between trophic guild status (wood saptrotrophs in panel A and
plant pathogens in panel B) and the relative importance of land cover (area) in explaining
species occurrence pattern. An asterisk denotes that the group means are statistically
different with 95% credibility.
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Figure 8: Association between trophic guild status (wood saptrotrophs in panel A and
plant pathogens in panel B) and the relative importance of connectivity related random
effect (random: sample) in explaining species occurrence pattern. An asterisk denotes
that the group means are statistically different with 95% credibility.

Figure 9: Potential scale reduction factor and effective sample size for Beta and Omega
parameters in Hmsc.
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