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Abstract

Growing evidence has shown that, apart from local environmental factors, changes in landscape-
level factors by accelerated land-use change can also shape soil pathogenic fungal diversity.
However, the global representativeness of such patterns remains unclear. Here, we assess how
pathogenic fungal diversity in 511 soil samples worldwide responds to landscape factors,
including landscape complexity index based on eight landscape metrics and quantity of different
land cover types across six spatial scales (i.e., surrounding landscape, 250 m to 10,000 m radii
from the sampling coordinate). We find that while soil variables explain over half of the
variance, pathogenic fungal alpha diversity increases with landscape complexity and crop cover
proportion, but decreases with grass and tree cover proportion, together explaining 23.4% of the
total variance. Landscape factors have weaker impacts on beta diversity, explaining 13.0% of the
variance. Across spatial scales, grassland ecosystems exhibit increasingly stronger responses to
landscape variables compared to forest ecosystems. Landscape factors have a higher relative
contribution to root-associated fungi than leaf/fruit/seed-associated fungi. Our results emphasize
the importance of local factors and the complementary role of landscape patterns in shaping
global soil pathogenic fungal distributions, highlighting scale-dependent effects across

ecosystems and fungal functional groups.



Introduction

Soil pathogenic fungi are widespread in nature and important for species coexistence! 2, nutrient
cycling®, and ecosystem functioning®. As key drivers of ecosystem processes, soil pathogenic
fungi suppress the dense growth of conspecific host plants to maintain plant diversity', and drive
the accumulation of soil organic carbon (SOC) by mediating the inputs of plant roots into the
SOC pool°. Moreover, soil pathogenic fungi include some of the most devastating plant
pathogens®. Around 10-16% of the global harvest is lost to plant pathogens annually, equivalent
to a global economic loss of around US$220 billion’, threatening global food security® .
Therefore, understanding the biogeographic distribution and drivers of soil pathogenic fungal

diversity is key to regulating future disease occurrence under global change scenarios.

Soil pathogenic fungi exhibit higher richness and abundance at low latitudes'®!!, but the

underlying drivers are still not fully understood. Previous studies have primarily considered local

9,12 10, 13 14-15

environmental factors, such as climate™ '*, soil conditions , and vegetation structure , as
the main factors associated with soil pathogenic fungal diversity. However, predictions based
solely on local environmental factors may not fully capture large-scale drivers, given the long-
distance dispersal capacity of pathogenic fungi'®. Increasing evidence indicates that landscape-
level factors, which encompass spatial heterogeneity and patchiness at broader spatial scales, can
also shape soil pathogenic fungal diversity via metacommunity processes'’ 1%, although these
factors have rarely been considered®’. Hence, comprehensive research integrating both

landscape- and local-level factors is needed to better understand the drivers and underlying

mechanisms of soil pathogenic fungal diversity.



Landscape simplification caused by land-use change, such as agricultural intensification,
is driving biodiversity loss®!~ 22, It primarily reduces land cover heterogeneity®, limits species
dispersal through decreased connectivity, and amplifies edge-driven habitat degradation®*2°.
Landscape factors are typically categorized into two key dimensions: compositional
heterogeneity and configurational complexity?” 2. Compositional heterogeneity describes the
diversity and proportion of different land cover types within a landscape, typically quantified
using metrics such as Shannon diversity and evenness®°. In contrast, configurational complexity
characterizes the spatial arrangement, shape, and distribution patterns of these land cover types,
captured by metrics such as patch size, patch shape, and edge density*®. Despite growing
recognition of landscape effects on biodiversity, most existing studies assess these landscape
metrics independently®!: 2>27_ thereby overlooking the integrated influence of multiple landscape
attributes on ecological patterns and processes®®. To address this, we propose an integrated
landscape complexity index that simultaneously captures both the compositional and

configurational heterogeneity of landscapes®’, providing a comprehensive measure of overall

landscape effects on soil pathogenic fungal diversity.

23,30

The Habitat Heterogeneity Hypothesis=*", which posits that diverse land cover types

create a variety of microhabitats and resource availability supporting greater diversity>* %S,
suggests that landscape complexity can also influence soil pathogenic fungi diversity.
Meanwhile, landscape configuration influences fungal dispersal, as limited connectivity may
constrain the movement of spores and fungal propagules'® 2% 3!, Studies have found that
increased habitat type diversity and landscape connectivity can increase pathogenic fungal

richness'® 132, due to a higher number of niches that facilitate the spillover of fungal spores

between habitats®> 33, In addition, higher landscape complexity can increase plant species



diversity, mediate soil properties and microclimates, and influence soil pathogenic fungal
diversity indirectly**°. However, landscapes vary across biomes. For example, temperate
biomes like central-European grasslands have typically experienced long-term land-use changes

and more pronounced landscape simplification'®-?!

, which may result in a lower diversity of soil
pathogenic fungi'®. These patterns are likely further shaped by differences in the surrounding
landscape quantity, particularly the relative proportions of natural habitats and agricultural land
covers'?. Moreover, the scale-dependent effects of landscape-level factors on soil pathogenic
fungal diversity remain unclear®®, with inconsistent results calculated across spatial scales!8 %3¢,
Thus, current knowledge based on regional studies may be insufficient to predict soil pathogenic

fungal diversity, and a global assessment of landscape effects across spatial scales is urgently

required.

In our study, we address the following questions: (i) How do landscape factors, including
landscape complexity and quantity of different land cover types influence global soil pathogenic
fungal diversity? (i1)) How does spatial scale influence the effects of landscape variables on soil
pathogenic fungal diversity? (iii) What is the relative contribution of landscape variables
compared with other environmental variables? To answer these questions, we use 511 soil
samples collected across the globe and assessed taxon richness, Shannon diversity, relative
abundance, and Serensen beta dissimilarity of two soil-borne plant pathogenic fungal groups:
leaf/fruit/seed-associated (LFSA) fungi and root-associated (RA) fungi, based on soil eDNA
(Fig. 1). The landscape complexity index is calculated based on eight landscape metrics, i.e.,
landscape division index (Division), edge density (ED), patch density (PD), largest patch index
(LPI), landscape shape index (LSI), patch richness (PR), modified Simpson diversity index

(MSIDI), and Shannon diversity index (SHDI), which together describe variation in landscape



composition and configuration?® 2% 37, Landscape quantity variables are defined as the
percentages of grass, tree, and crop cover within the surrounding landscape of each sampling
site. All landscape-level variables are calculated at six spatial scales (i.e., surrounding landscape,
within 250, 500, 1,000, 2,000, 5,000, and 10,000 m radii from each sampling coordinate). Next,
we compare the relationships between soil pathogenic fungal diversities and landscape,
geographic, climatic, and soil variables with multivariate Generalized Additive Models for
Location, Scale, and Shape (GAMLSS), Generalized Dissimilarity Models (GDM) and Partial
Least Squares Path Models (PLSPM) to better predict global soil pathogenic fungal diversity

through multi-scale, multi-ecosystem assessments.

Results

Multi-variable comparisons on soil pathogenic fungal diversity

The results confirmed dominant effects of local variables on soil pathogenic fungal alpha (i.e.,
richness, Shannon diversity and relative abundance) and beta (i.e., Serensen beta dissimilarity)
diversity. Within the spatial radius of 500 m, soil variables (e.g., clay content, pH and organic
carbon/total nitrogen (C/N) ratio) were the dominant factors associated with soil pathogenic
fungal alpha diversity (Fig. 2a—f), which explained 52.9 + 2.1% (mean = s.e.) of the total
variance for all plots (Fig. 2g). Climatic variables (e.g., mean annual temperature (MAT) and
mean annual precipitation (MAP)) were also significantly associated with soil pathogenic fungal
alpha diversity (Fig. 2a—f), explained 12.7 £+ 1.0% of the total variance (Fig. 2g). Meanwhile,
MAT and soil pH were the top two predictors of leaf/fruit/seed-associated (LFSA) and root-
associated (RA) fungal beta diversity, with the fitted I-spline functions showing a marked

increase in community Serensen dissimilarity for all plots and forest ecosystems (Supplementary



Figs. 1-4). While for RA fungi in grassland ecosystems, spatial distance was the dominant
predictor affecting community Serensen dissimilarity, followed by elevation (Supplementary

Fig. 5).

We also detected significant effects of landscape factors on soil pathogenic fungal alpha
diversity (Fig 2). However, landscape variables, including landscape complexity, grass cover,
tree cover, and crop cover within the 500 m radius exhibited relatively weak effects on fungal
beta diversity (Supplementary Figs. 1-6). Higher landscape complexity significantly increased
the richness and relative abundance of LFSA fungi across all sampling plots (coefficient f =
0.037; p=0.001 for richness and f = 0.042; p = 0.001 for relative abundance) and in grassland
ecosystems (S = 0.062; p = 0.032 for richness and = 0.081; p = 0.009 for relative abundance),
but decreased the relative abundance of LFSA fungi in forest ecosystems (f =-0.037; p = 0.011)
(Fig. 2a—c and Supplementary Table 1). Shannon diversity of LFSA and RA fungi did not show
significant responses to landscape complexity (Fig. 2a—f). Specifically, the richness and relative
abundance of the genera Discosia and Neodevriesia (LFSA fungi) and Shannon diversity of
genus Entoloma (RA fungi) increased significantly with landscape complexity (Supplementary
Table 2). Moreover, the three alpha diversity indices of LFSA and RA fungi were all positively
correlated with landscape metrics of Division, ED, PD, LSI, PR, MSIDI, and SHDI separately,

but negatively correlated with LPI (Supplementary Table 3).

Higher crop cover within the spatial radius of 500 m significantly increased LFSA and
RA fungal alpha diversity in all plots and forest ecosystems, but decreased the richness (f = -
0.436; p <0.001), Shannon diversity (f =-0.333; p <0.001) of LFSA fungi and relative
abundance (f =-0.420; p = 0.011) of RA fungi in grassland ecosystems (Fig. 2a—f). Higher tree

cover significantly decreased the richness (f = -0.636; p <0.001) and Shannon diversity (8 = -



0.469; p <0.001) of LFSA fungi in grasslands, but increased the relative abundance (f = 0.268; p
=0.011) of RA fungi in all plots. Grass cover did not show significant correlations with soil

pathogenic fungal alpha diversity (Fig. 2a—f).

Landscape variables within the 500 m radius totally explained 24.4 + 2.7% of the total
variance in soil pathogenic fungal alpha diversity for all plots, with landscape complexity
explained 8.3 + 0.7%, grass cover 2.3 £ 0.6%, crop cover 5.3 = 1.9% and tree cover 5.8 + 1.8%,
respectively (Fig. 2g). Moreover, grassland ecosystems (30.2 + 3.27%) exhibited a greater
relative contribution of landscape variables than forest ecosystems (25.5 = 3.14%). Meanwhile,
landscape variables within the 500 m radius totally explained 15.7% of the total variance of
LFSA fungal Serensen beta diversity and 8.7% for RA fungi for all plots (Supplementary Figs. 1
and 2, Supplementary Table 4). Although the relative contribution of landscape factors was

lower than that of soil factors, it made a complementary explanation to the overall variance.

Scale-dependency of landscape variables

Landscape complexity showed stronger effects on soil pathogenic fungal alpha diversity at larger
spatial scales. For all plots, the regression coefficients of landscape complexity from 250 m to
2,000 m radii increased, then declined at larger scales (5,000-10,000 m), though all significant
coefficients remained positive (Fig. 3a, Supplementary Figs. 7-12). The pattern was similar in
forest ecosystems, except that the relative abundance of LFSA fungi showed significant negative
correlations with landscape complexity at 250 m (f =-0.039, p = 0.006), 500 m (f =-0.037, p =
0.011), and 1,000 m (8 =-0.031, p = 0.028) radii (Supplementary Fig. 13a). In grassland
ecosystems, the regression coefficients of landscape complexity showed an increased trend at

larger spatial scales, and were generally higher than those observed in forest ecosystems



(Supplementary Fig. 14a). Based on meta-analysis of parameter estimates across different fungal
groups (LFSA and RA fungi), diversity indices (richness, Shannon diversity, and relative
abundance), and spatial scales (250 m to 10,000 m radii), we confirmed the significant positive
effects of landscape complexity on soil pathogenic fungal alpha diversity for all plots (effect size
=0.030; p <0.001) and grassland ecosystems (effect size = 0.036; p < 0.001), but not forest

ecosystems (effect size = 0.009; p = 0.175) (Fig. 4a and Supplementary Fig. 15a).

The regression coefficients of grass cover showed a decreasing trend along spatial scales,
with a significant positive correlation with the relative abundance of RA fungi within the 250 m
radius (f = 0.183; p = 0.045), but negative correlations with the richness (5 =-0.127; p = 0.028),
Shannon diversity (f =-0.172; p = 0.005) and relative abundance (f = -0.129; p = 0.048) of
LFSA fungi within the 10,000 m radius for all plots (Fig. 3b, Supplementary Figs. 7-12). Forest
ecosystems also exhibited the similar pattern (Supplementary Fig. 13b). In grassland ecosystems,
the regression coefficients showed a contrary pattern to grass cover between fungal groups, with
LFSA fungi mainly showing positive regression coefficients, and RA fungi showing negative
regression coefficients (Supplementary Fig. 14b). Based on a meta-analysis of parameter
estimates, grass cover showed a significant negative correlation with soil pathogenic fungal
alpha diversity for all plots (effect size = -0.037; p = 0.035), but the pattern was non-significant
in forest (effect size = -0.041; p = 0.117) and grassland (effect size = -0.025; p = 0.470)

ecosystems (Fig. 4a and Supplementary Fig. 15b).

Crop cover showed significant positive correlations with soil pathogenic fungal alpha
diversity across spatial scales for all plots and forest ecosystems, but significant negative
correlations in grassland ecosystems (Fig. 3c, Supplementary Figs. 13c and 14c). The meta-

analysis also confirmed the significant positive effects of crop cover on soil pathogenic fungal



alpha diversity for all plots (effect size = 0.174; p <0.001) and forest ecosystems (effect size =
0.157; p <0.001), but a significant negative effect for grassland ecosystems (effect size =-0.311;

p <0.001) (Fig. 4a, b).

The regression coefficients of tree cover showed contrary patterns to LFSA and RA
fungal alpha diversity along spatial scales for all plots. LFSA fungal alpha diversity generally
decreased, while RA fungal alpha diversity increased with tree cover, especially within smaller
spatial radii from 250 m to 1,000 m (Fig. 3d, Supplementary Figs. 7—12). This may result in the
non-significant effect size of tree cover on soil pathogenic fungal alpha diversity for all plots
(effect size = 0.024; p = 0.314) (Fig. 4a). This contrasting pattern was not clearly observed in
forest and grassland ecosystems (Supplementary Figs. 13d and 14d). In grassland ecosystems,
stronger negative regression coefficients for soil pathogenic fungal alpha diversity were detected
across spatial scales, which also confirmed a significant negative effect size of tree cover (effect

size = -0.275; p <0.001) (Supplementary Fig. 15c¢).

Relative contribution of local and landscape variables across scales

For all plots, we found that soil factor consistently explained the largest proportion of variation
in both soil pathogenic fungal alpha and beta diversity (Fig. 5), with soil pH emerging as the

strongest predictor, explaining an average of 15.6 = 1.9% (mean + s.e.) and 29.7 + 1.5% of the

variance (Fig. S5a-b), respectively. Notably, landscape factor was the second most important
predictor explaining variation in alpha diversity, totally accounting for 23.4% + 1.5% of the
variance, with landscape complexity alone explaining 8.2 + 0.8% (Fig. 5a, c). However, its
contribution to beta diversity was comparatively minor (Fig. 5b, d), explaining 13.0 + 0.8% of

the variance. Climatic factor explained a relatively small proportion of the variation in alpha



diversity (Fig. 5a, c¢), but emerged as the second most important predictor group for beta
diversity, with MAT explaining the second-highest proportion of variance among all individual
predictors (26.5 + 1.3%) (Fig. 5b, d). A similar pattern was observed in forest ecosystems,
where alpha diversity was predominantly driven by soil and landscape factors, while beta
diversity was primarily shaped by soil and climatic variables (Supplementary Fig. 16a, c).
However, in grassland ecosystems, beta diversity was predominantly explained by spatial
distance, which explained 41.4 + 8.9% of the variance, followed by soil pH and MAT

(Supplementary Fig. 16b, d).

When considering the individual landscape variables across spatial scales, landscape
complexity showed the highest relative contribution of 25.0% within the 5,000 m radius for the
relative abundance of RA fungi in all plots (Supplementary Fig. 17). Grass cover showed the
highest relative contribution of 14.7% within the 250 m radius to the richness of RA fungi in
grassland ecosystems (Supplementary Fig. 18). Crop cover showed the highest relative
contribution of 25.5% within the 1,000 m radius for RA fungal relative abundance in forest
ecosystems (Supplementary Fig. 19). Tree cover explained the highest relative contribution of
15.4% within the 5,000 m radius variance in RA fungal richness in grasslands (Supplementary

Fig. 20).

Discussion

Exploring the landscape effects on soil pathogenic fungi is a novel frontier in microbiology.

Consistent with most previous studies'®!!

, we found that local environmental factors played a
dominant role in associating with soil pathogenic fungal diversity. However, the effects of

landscape-level factors are not negligible, accounting for 23.4% of the relative contribution to



soil pathogenic fungal alpha diversity and 13.0% on beta diversity worldwide. In general, soil
pathogenic fungal alpha diversity was positively correlated with landscape complexity and crop
cover, but negatively correlated with grass and tree cover, although the effects varied across
fungal groups, ecosystem types and spatial scales. This study provides a global assessment of
landscape effects on soil pathogenic fungal diversity and underscores the importance of selecting
appropriate spatial scales for predicting diversity across ecosystems and fungal groups, offering

practical guidance for landscape management and biodiversity conservation policy.

Numerous regional studies have verified that distribution patterns of mammals*®, birds??,
and soil pathogenic fungi can be affected by landscape factors'®. Meanwhile, several studies
have explored the global effects of landscape change on vertebrate species®*>°. Here, we
explored the relationship between pathogenic fungal diversity and landscape variables at the
global scale. As predicted by the cross-habitat spillover hypothesis, landscape variables can
regulate the flow of resources and energy across habitats, and influence community structure and
associated processes directly*®. For example, two studies have found that forest connectivity
contributes to the spillover of pathogens and results in similar community composition?” 3,
These findings suggest that analyses limited to local-scale environmental factors may be
insufficient to fully explain soil pathogenic fungal diversity, whose ability of long-distance
dispersal makes them more exposed to landscape-level variation®’. In our study, landscape-level
factor explained 23.4% of the variation in soil pathogenic fungal alpha diversity, ranking second
only to soil factor. In addition, landscape change can shape the diversity patterns of pathogenic
fungal diversity through their indirect effects on local vegetation diversity and soil conditions**-

35, As evidenced by Partial Least Squares Path Models, landscape factor exerted both direct and

indirect effects on soil pathogenic fungal alpha diversity by mediating soil conditions



(Supplementary Figs. 21 and 22). However, their influence on beta diversity was comparatively
limited, aligning with results from a New Zealand survey, which demonstrates that landscape
compositions are major determinants of plant pathogen alpha diversity, instead of beta
diversity*®. A possible explanation is that beta diversity reflects compositional dissimilarity
among sites, which is typically driven by spatial variation'!. In such cases, climatic and edaphic
factors become increasingly important determinants of fungal community turnover!'®!!. Future
studies are encouraged to explicitly explore the interactive effects of landscape structures and
climate gradients on soil pathogenic fungal diversity through targeted experimental and
observational designs*. It is also important to note, due to global sampling challenges, other
ecosystems such as deserts, wetlands, and alpine regions are underrepresented, limiting separate
analyses. Nonetheless, forest and grassland ecosystems together still cover a major portion of the
Earth's land surface, providing valuable insights into global patterns. Future research could
further explore these underrepresented ecosystems to enhance our understanding and test the

generality of our findings.

The positive correlation between soil pathogenic fungal diversity and landscape
complexity may be attributed to several reasons. First, higher landscape complexity implies more
complex landscape configurations with higher patch density and edge density®!:*”. High patch
density provides more space, like stepping-stones, for the survival and the spreading of
pathogenic fungi, leading to an increase in fungal diversity within the whole landscape®!.
Similarly, high edge density contributes to increased light, temperature and soil nutrients (e.g.,
soil carbon) at edges, which favors specific pathogenic fungal taxa®>. As shown in our results, the
diversity of the fungal genera of Discosia and Entoloma increased with landscape complexity,

and these fungi were often detected in forest edges****. Second, higher landscape complexity



indicates higher composition heterogeneity (i.e., land cover composition diversity), which is
considered to offer a wider range of habitats, niches, and potential refuges for soil pathogenic
fungi, particularly during seasons unfavourable for survival*!2*. Conversely, landscape
simplification by land-use change, such as reduced vegetation heterogeneity and soil
degradation, has been found to suppress soil pathogenic fungal diversity'® 32, Although our study
primarily focuses on natural ecosystems, non-natural habitats, such as croplands and plantations,
may be more vulnerable to landscape changes due to intensive landscape management and
simplified community composition'®, leading to reduced soil pathogenic fungal diversity. Given
the limited representation of non-natural habitats in our dataset, we call for future studies to

systematically assess their effects on soil pathogenic fungi across biomes and spatial scales.

Our results showed that increased proportion of natural habitats, such as tree and grass
cover within the landscape, tended to reduce soil pathogenic fungal diversity, whereas larger
crop cover increased it. Natural habitats typically support greater plant species richness, more
diverse microhabitats, and a higher proportion of non-host plants, which together may suppress
soil pathogenic fungi through dilution effects by reducing the availability and spatial continuity
of suitable hosts® **. In contrast, crop-covered landscapes are often dominated by monocultures
with high host density and homogeneous environments that facilitate the accumulation and
dispersal of soil pathogens to the surroundings®® *°. Additionally, practices such as fertilization
have been found to promote soil pathogenic fungal diversity, which may also result in the
positive correlation with crop cover®. Interestingly, this positive association reversed in
grassland ecosystems, where larger crop cover declined soil pathogenic fungal diversity. A
possible explanation is that cropland is often subject to intensive management practices,

including pesticide and fungicide application, crop rotation, and deep tillage, which can strongly



reduce pathogen diversity*®*’. Moreover, compared to forests, grassland ecosystems are
generally more accessible and frequently converted for agricultural land-use, amplifying the
negative effects of these management interventions on soil fungal diversity*®. Although we
suggested that differences in plant species diversity and composition within landscapes may
partly account for these contrasting responses, integrating this factor into global analyses is
challenging due to the limited availability of comprehensive, spatially explicit plant diversity
datasets®>. Moreover, a proportion of the model variance remains unexplained, indicating that
additional factors such as topography, extreme climatic events, and historic environment changes

may also contribute and warrant further investigation!3: 343>,

Similar to our results, Mennicken et al.'® detected the spatial scale-dependent effect of
landscape habitat amount on soil pathogenic fungal richness and Shannon/Simpson diversity in a
forest ecosystem, with the most significant effect occurring within the spatial radii of 1,500—
2,000 m. Additionally, as the spatial scale increased to the 5,000-10,000 m radii, we found that
the effect of landscape complexity and quantity on pathogenic fungal diversity became weaker in
forest ecosystems. This scale-dependent pattern in forests may reflect stronger dispersal
limitation of soil fungi, with limited spore movement constrain their responses to large-scale
landscape heterogeneity'® %°. The larger forest canopy usually provide a more stable
microclimate condition to buffer diversity changes®, and the dispersal of fungal spores as the
spatial distance increases*. Some studies have found that fluctuations in microclimate, instead of
macroclimatic disturbances, are key drivers of soil fungal diversity in forests’*>!. In addition,
spatially complex forest landscapes usually contain more natural enemies or competitors, such as
the presence of ectomycorrhizal fungi, considered to inhibit the diversity of pathogenic fungi’Z.

In contrast, we found that in grassland ecosystems, as the spatial scale increased to a 5,000—



10,000 m radii, the effect of landscape complexity and quantity on soil fungal diversity became
stronger (larger absolute coefficients), and the number of significant associations increased
accordingly. This observation may arise from the fact that grassland ecosystems have lower
buffering effects compared to forests, and harbor more long-distance dispersing fungal taxa, as
their open landscapes make communities more vulnerable to macroclimatic conditions and
landscape effects at larger spatial scales!. Grilli et al.?’ suggested that the long dispersal ability
of soil fungi may be underestimated, which could partly explain the stronger diversity-landscape
relationships in open grassland ecosystems. Differences in dispersal modes are also evident
between LFSA and RA fungi (Fig. 4 and Supplementary Fig. 15). While quantifying fungal
dispersal remains challenging, their distinct dispersal traits and fruiting morphologies, as
supported by fungal trait databases (e.g., FungalTraits)*, suggest differing capacities for long-
distance dispersal*’. Therefore, further investigations of how dispersal abilities among fungal
groups mediate landscape effects across large spatial scales are essential for a better
understanding of soil pathogenic fungal dynamics'®. Former experiments discovered either

t°® effects of landscape properties on the diversity of

positive®*, negative®®, or non-significan
pathogenic fungi, and the inconsistency may probably arise from the differences of scale effects
across ecosystems. Therefore, although spatially complex landscapes can contribute to

23-24

biodiversity maintenance™ ", we argue that such effects are context- and scale-dependent.

The inconsistent effects of landscape-level factors on pathogenic fungal diversity from
previous studies may also relate to different pathogenic fungal groups'? '°. For example, we
found that LFSA and RA fungal alpha diversity exhibited contrasting responses to tree cover for
all plots. Moreover, along spatial scales, the largest relative contributions of landscape

complexity and quantity were consistently observed for RA fungal diversity, rather than LFSA



fungi. RA fungi are closely associated with roots, and sensitive to landscape changes due to
nutrient transfer between neighboring roots®’, which may experience great diversity change.

Vannette et al.?’

reported that the diversity of root-associated fungi significantly increased with
landscape connectivity and forest area. In addition, unlike LFSA fungi, whose primary lifestyles
are predominantly as pathogens, RA fungi (e.g., Entoloma spp.) are primary classified as
saprotrophic or ectomycorrhizal fungi, and pathogenic effects on plant roots might be less
frequent than for LFSA®*>?. This suggests that the differences in primary lifestyles and the
complex trophic mode of RA fungi may contribute to their distinct responses!®. Last but not
least, the host specificity of LFSA fungi may restrict their dispersal ability, thereby reducing the
landscape effects. LFSA fungi are often more host-specific and rely on suitable plant hosts for
survival'* 1>, Makiola et al.'* found that the effects of plant community composition on foliar
plant pathogenic fungal diversity were greater than on root plant pathogenic fungal diversity.
Therefore, while the aboveground life stages of LFSA fungi are generally considered capable of

long-distance aerial dispersal and sensitive to landscape variables, their host specificity and

sensitivity to local environments likely constrain responses to landscape variation*.

There are several implications from our study for belowground biodiversity conservation
and ecosystem health maintenance. First, increasing landscape complexity is essential to mitigate
biodiversity loss, particularly in the face of ongoing landscape homogenization®. Landscape
mosaic model suggests that various land cover types and heterogeneity of patches promote
biodiversity>* ®. However, natural landscapes are now being simplified due to practices like
monoculture and logging®. Therefore, preserving the diversity and complex configuration of
21,61,

natural landscapes, such as increasing cover types and creating corridors among patches is

crucial for the maintenance of soil pathogenic fungal diversity and associated functions. Second,



conserving a sufficient quantity of natural habitats is critical for keeping the dynamic balance of
soil pathogens. Our findings show that increases in grass and tree cover tend to reduce
pathogenic fungal diversity, suggesting that greater natural habitat coverage can suppress
excessive pathogen proliferation. Empirical work in a grassland has shown that a high diversity
of plant pathogenic fungi may coincide with lower infection rates and negative effects on their
plant hosts®?. This suggests that increased natural landscape can enhance ecosystem resistance
and resilience, potentially by increasing dilution effects at the landscape scale® 2. Lastly, as the
spatial-scale effect of landscape can influence pathogenic fungal diversity across ecosystems, it
should be considered in devising policy, forest management plans, and monitoring activities

relevant to biodiversity targets>>.

Our global research highlights the complementary contribution of landscape-level factor
in shaping soil pathogenic fungal diversity, especially for alpha diversity, which generally
increased with higher landscape complexity and cover crop, but decreased with grass and tree
cover. Therefore, preserving the landscape heterogeneity and considering the quantity of
different cover types are vital for maintaining the dynamic balance of belowground soil
pathogenic fungi and their associated functions. Moreover, the effects of landscape factor on soil
pathogenic fungal diversity varied among ecosystems, spatial scales and fungal groups. Thus,
accounting for the ecosystem type and identifying appropriate spatial scales are essential for

accurately understanding large-scale patterns of belowground fungal diversity.

Methods

Sites and sampling



All research activities complied with relevant ethical regulations and were conducted under
permits MAE-DNB-CM-2016-0043 and 006-2021-EXP-CM-FAU-DBI/MAAE issued by the
Galapagos National Park Directorate and the Ecuadorian Ministry of Environment, Water and
Ecological Transition. Soil samples were collected from the International Soil Biogeography
Consortium (iSBio, https://home.uni-leipzig.de/idiv/isbio) across 290 sites with 511 plots (Fig.
l1a). These sites were located in 32 countries from six continents and within main biomes
covering most natural environmental conditions (Fig. 1b). Of the 290 sites, 145 were categorized
as forest ecosystems (dominated by trees or shrubs), 109 were grassland ecosystems (including
grasslands, meadows, or pastures), and 36 were other ecosystems (including tundra, desert,
plantation, salt marsh, or croplands). Soil samples were collected worldwide following a
standard sampling protocol. In general terms, each site was sampled during summer in 2018 (the
northern hemisphere), or 2019 (the southern hemisphere) and was composed of two
homogeneous plots to ensure representativeness. In each plot, four randomly distributed soil
samples were collected per plot (at 5 cm depth of the mineral soil), pooled into one composite
sample and treated separately. A subsample from each plot was taken, preserved in RNAlater
solution (Thermo Fisher Scientific, Darmstadt, Germany), and frozen at -20°C for molecular
analysis. Another subsample was stored at 4°C for physicochemical analyses. We collected 580
samples in total, of which three were lost during transportation and 66 samples were lost due to
sequencing quality control, resulting in a total of 511 soil samples. Further details can be found

in Heintz-Buschart et al.%>.

Soil fungi identification

For all the soil samples, the total genomic DNA was extracted using the DNeasy Power Soil kit

(Qiagen, Hilden, Germany). The soil fungi identification was conducted using the primer set



ITSIF (5'-CTTGGTCATTTAGAGGAAGTA-3") and ITS2 (5'-GCTGCGTTCTTCATCGATGC-
3"%4-65 with the PCR amplification process performed according to the ITS Illumina Amplicon
Sequencing Protocol (https://earthmicrobiome.org/protocols-and-standards/its). The sequencing
was performed on an Illumina MiSeq at the NGS Competence Center Tiibingen (NCCT,
Germany). Data were processed using the dadasnake pipeline (v0.5)%, which wraps current best-
practice tools for denoising and amplicon sequence variant (ASV) generation®’ and taxonomic
annotation®® against the UNITE database (v8.2)®. Parameters for quality-filtering (truncation at
17 and 15 PHRED score of the forward and reverse reads, total maximum expected error 1.5),
denoising, and taxonomic annotation (default mothur settings) were based on settings previously
established and optimized for datasets with known composition®. A total of 64,813,812
sequencing read pairs were generated from all sequencing samples, of which 35,325,442 read
pairs remained after quality control. Based on rarefaction curves, samples were rarefied to a
minimum of 10,000 reads before ASV construction. After applying quality control to both the
reads and metadata, 511 samples with more than 10,000 reads were retained, yielding a total of
4,069,715 reads assigned to 26,344 ASVs. We classified fungal phylotypes into pathogenic
fungi, including aboveground leaf/fruit/seed-associated (LFSA) fungi and below-ground root-
associated (RA) fungi, against the FungalTraits database according to the category 'plant
pathogenic capacity' that defines whether plant pathogens occur in this taxon and which organs

are infected (Fig. 1¢)*®. Among these, 11.1% of the reads were classified into 2,694

leaf/fruit/seed-associated fungal ASVs and 1.66% belonged to 302 root-associated fungal ASVs.

Landscape factor calculation

To quantify the complexity of landscape structures, we calculated landscape metrics using the

landscapemetrics package '°. We used a land cover map with 100 m resolution from Copernicus



Global Land Service’!, together with the geographic coordinates, converted to Cylindrical Equal
Area map projection’?. Landscape metrics are measured to quantify aspects of landscape
patterns, such as spatial heterogeneity and patchiness. Given the high correlations among these
metrics, we retained a parsimonious set of complementary variables that capture distinct and
representative dimensions of landscape complexity. Finally, we selected eight frequently used
landscape-level metrics that are representative of landscape complexity. The eight metrics belong
to three groups: area and edge metrics (edge density (ED), largest patch index (LPI));
aggregation metrics (landscape division index (Division), patch density (PD), landscape shape
index (LSI)), and diversity metrics (patch richness (PR), modified Simpson diversity index
(MSIDI) and Shannon diversity index (SHDI)) (see Supplementary Table 7 for more details)*® 2%
37_Generally, higher PR, MSIDI and SHDI values indicate higher landscape diversity
(compositional complexity), higher Division, ED, PD but lower LPI values indicate higher
configurational complexity, and a higher LSI value indicates higher landscape shape
complexity?! 237, The metrics were calculated at a spatial distance of 250, 500, 1,000, 2,000,
5,000, and 10,000 m radius around the sampling coordinate to detect the spatial scale effects of
landscape metrics on soil pathogenic fungi. The 250 m and 500 m radii are usually considered as
the small-scale spatial distances to affect pathogenic fungi'®, given the relatively limited spatial
dispersal capacity for some specific taxa, and the 500 m radius corresponds to the resolution of
the local environmental factors (see below). 1,000-2,000 m radii are the most commonly used
medium-scale spatial distances'®. In addition, larger spatial distances of 5,000-10,000 m radii
were also found to affect pathogenic fungi*®. Due to the high Spearman's rank correlation of
landscape metrics (Supplementary Fig. 23), we performed Principal Component Analysis (PCA)

to reveal the correlations of the metrics. The first PCA axis for six separate spatial scales



explained at least 75% of the variation, but had the opposite meaning with the original eight
metrics (Supplementary Fig. 24); so, we extracted the minus of this axis (for term correction) to
represent the landscape complexity of each plot, which has also commonly been used in
landscape analysis?® 2 . The landscape complexity factor was highly correlated with the
landscape metrics, with the higher value meaning higher Division, ED, PD, LSI, PR, MSIDI,
SHDI but lower LPI (Supplementary Table 8), i.e., more heterogeneous, irregular, divided and
diverse landscape patterns. The landscape quantity variables were calculated as the cover
percentage (%) of three main land cover types: grass, tree, and crop within concentric buffer

zones ranging from 250 m to 10,000 m radii surrounding each sampling coordinate.

Local environmental factors

The local environmental factors selected for the sampling plots included geography, climate, and
soil, which were commonly regarded as indicators of soil pathogenic fungal diversity®!%!4. The
geographic variables included elevation, longitude, and latitude. The longitude and latitude were
measured on site, and elevation was taken from WorldClim 2 with 1 km resolution’*. The
climatic variables included MAT and MAP that were extracted from a processed global layer
CHELSA with 1 km resolution’”. Available soil properties included soil texture (clay, silt and
sand content), pH, SOC, total nitrogen, and water percent. The soil properties were either
measured from the soil samples taken, or from another sample from the site. Missing data were

filled by extracting values from the global soil information database’®.

Statistical analysis

We calculated richness, Shannon diversity, relative abundance (i.e., relative number of reads

among all fungal reads), and Serensen beta dissimilarity (presence/absence data) of amplicon



ASVs assigned to the two pathogenic fungal groups (i.e., LFSA and RA fungi) for each plot
(Supplementary Fig. 25). Multivariate Generalized Additive Models for Location, Scale, and
Shape (GAMLSS) were fitted to assess the contribution of the landscape, geographic, climatic,
and soil variables on the soil pathogenic fungal alpha diversity (richness, Shannon diversity and
relative abundance) using the gamlss package’’. Because we visually checked the nonlinear
relationships in preliminary analysis, we set a maximum of 3 degrees of freedom of the smooth
functions for each predictor variable, which allows for nonlinear trends and avoids overfitting’®.
The multivariate GAMLSS contained only a set of non-correlated variables (i.e., Spearman's
correlation <0.65), so variables of soil sand content, SOC, and water percent were excluded in
the models because of high correlations in the models (Supplementary Fig. 26). We built six
competing models to test the effects of landscape complexity across six different spatial scales
on the diversity indices of LFSA and RA fungi, and compared forest and grassland ecosystems
separately. All predictor and response variables in the model were scaled (z-scored) to allow
comparison. To assess any potential spatial autocorrelation in the residuals of each GAMLSS
model, Moran's I tests were performed in the spdep package using the k-nearest neighbors
(KNN) method based on the geographic coordinates of the sampling sites’’, and only weak
effects were detected (Supplementary Table 9). Consequently, spatial terms were not included in
the final models. For all the multivariate GAMLSS models, we calculated the Akaike
information criterion (AIC), Pseudo-R?, and p-value as the goodness-of-fit of the model and
visually checked residual heterogeneity using quantile residual plots (Supplementary Figs. 27
and 28). To confirm the robustness of our findings, we additionally fitted mixed-effects
GAMLSS with 'site' as a random effect, and repeated the analysis of landscape complexity

effects on soil pathogenic fungal alpha diversity using the 300 m-resolution ESA CCI land cover



map (https://cds.climate.copernicus.eu/datasets/satellite-land-cover?tab=overview). Both
approaches produced highly consistent results with those from the original models

(Supplementary Figs. 29 and 30).

To detect the spatial scale effects of landscape variables on soil pathogenic fungal
diversity, standardized regression coefficients and standardized error of landscape complexity,
grass cover, crop cover and tree cover from each GAMLSS model were extracted and fitted
along spatial scales. To assess the overall effects of landscape variables on soil pathogenic fungal
diversity, we performed random-effects meta-analyses based on standardized regression
coefficients and standardized errors from models fitted separately for each combination of fungal
group (LFSA and RA fungi), diversity index (richness, Shannon diversity, and relative
abundance), and spatial scale (250 m to 10,000 m radii). The between-study variance (t*) was
estimated using Restricted Maximum Likelihood (REML) for the all plots (n = 511 plots), forest
(n =264 plots) and grassland (n = 183 plots) ecosystems independently. Effect size estimates,
95% confidence intervals, and associated p-values for each landscape variable were calculated
using the metafor package®. We also calculated the relative partial contributions of each
predictor variable and group of environmental factors of landscape, geography, climate, and soil

to the Pseudo-R23,

To disentangle the direct and indirect effects of multivariate environmental factors on soil
pathogenic fungal alpha diversity, we applied Partial Least Squares Path Models (PLSPM) using
the plspm package®!. PLSPM comprises a measurement model, linking latent variables with
observed indicators via principal component analysis, and a structural model, specifying
relationships among latent variables via ordinary least squares. For each latent variable, loadings

and path coefficients were estimated iteratively to maximize the explained variance. The loading



values represent the correlation between latent variables and their associated indicators.
Predictors were grouped into four latent variables: landscape (landscape complexity, grass cover,
crop cover, and tree cover), geography (elevation, latitude, and longitude), climate (MAT and
MAP), and soil (clay content, silt content, pH, total nitrogen content, and C/N ratio). The
structural model considered: (i) the direct effects of the four latent variables on soil pathogenic
fungal alpha diversity (richness, Shannon diversity, and relative abundance); and (i1) the indirect
effects of landscape, climate, and geography through their influence on soil variables. A
hypothetical conceptual model was constructed accordingly (Supplementary Fig. 31). The
goodness-of-fit (GoF) statistic was used to evaluate model performance. Variables with low

loadings or non-significant paths were sequentially removed to obtain the final optimal model.

We applied Generalized Dissimilarity Modelling (GDM) to quantify the beta diversity
pattern (i.e., Serensen beta dissimilarity) of soil pathogenic fungi using the gdm package®.
Compared to conventional linear matrix regression, GDM accommodates two major forms of
nonlinearity: (i) variation in the rate of community compositional turnover along environmental
gradients, and (i1) curvilinear relationships between compositional dissimilarity and both
environmental and geographic distances®. To incorporate spatial information, geographic
coordinates (longitude and latitude) were converted into pairwise geographic distance matrices
and included as spatial predictors. The final models incorporated environmental dissimilarity
matrices including landscape variables of landscape complexity, grass cover, crop cover, and tree
cover (across six spatial scales as competing models), geographic variables of elevation and
spatial distance, climatic variables of MAT and MAP, and soil variables of clay content, silt
content, pH, total nitrogen content and soil organic carbon/total nitrogen (C/N) ratio. Model

performance was evaluated by the percentage of deviance explained, and the relative importance



of each predictor was estimated using the maximum height of the fitted I-spline function. All the

calculations were conducted using R version 4.3.2%4.

Data Availability The raw sequencing data generated in this study have been deposited in the
NCBI Sequence Read Archive (SRA) under accession code PRINA1045969. The source data
underlying all figures are available on Figshare at

https://doi.org/10.6084/m9.figshare.26377660.v5. All other data supporting the findings of this

study are provided in the Supplementary Information.

Code Availability The code that support the findings of this study are openly available on

figshare at https://doi.org/10.6084/m9.figshare.26377660.v5.
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Figure legends

Figure 1. Sampling information of global 290 sites. (a) Sampling locations covering forest,
grassland and other ecosystems; (b) distribution of sampling sites within main biomes; and (c)
conceptual diagram of two groups of soil pathogenic fungi: leaf/fruit/seed-associated (LFSA)
fungi and root-associated (RA) fungi (created in BioRender. tyt, y. (2025)
https://BioRender.com/2yf7oyu), with the total number of Amplicon Sequence Variants (ASVs)

detected.

Figure 2. Predictors and their relative contributions to leaf/fruit/seed-associated (LFSA)
and root-associated (RA) fungal alpha diversity. Panels (a)—(f) show the parameter estimates
(standardized regression coefficients) from 511 overall plots, 264 forest plots and 183 grassland
plots. Data are presented as model-estimated standardized regression coefficients + 95%
confidence intervals (Cls) estimated from multivariate Generalized Additive Models for
Location, Scale, and Shape (GAMLSS). Red, blue and yellow bars represent the richness,
Shannon diversity and the relative abundance of the fungi, respectively. Predictors include
landscape variables of landscape complexity, grass cover, crop cover and tree cover (within the
500 m radius around the sampling coordinate), geographic variables of longitude, latitude, and
elevation, climatic variables of mean annual temperature (MAT) and mean annual precipitation
(MAP), and soil variables of soil clay content (clay), silt content (silt), pH, total nitrogen content
(nitrogen) and soil organic carbon/total nitrogen (C/N) ratio. Panel (g) summarizes the relative
contributions (proportion of variance explained, %) of each predictor variable to the overall
model performance, with Pseudo-R? values indicated in parentheses. Statistical significance of
predictors is tested by p-value as *** p <0.001; ** p <0.01; * p <0.05. See Supplementary

Table 1 for details and the exact p-values.



Figure 3. Landscape effects on leaf/fruit/seed-associated and root-associated fungal alpha
diversity across spatial scales. Leaf/fruit/seed-associated (LFSA) and root-associated (RA)
fungal alpha diversity as affected by (a) landscape complexity, (b) grass cover, (c¢) crop cover,
and (d) tree cover across six spatial scales (250 m, 500 m, 1,000 m, 2,000 m, 5,000 m, and
10,000 m radii) (n =511 plots in total). Data are presented as model-estimated standardized
regression coefficients = 95% confidence intervals (CIs) derived from multivariate Generalized
Additive Models for Location, Scale, and Shape (GAMLSS). Red lines from dark to light
indicate the richness, Shannon diversity and relative abundance of LFSA fungi, while blue lines
correspond to those of RA fungi. Statistical significance is determined using two-sided Wald
tests from multivariate GAMLSS without adjustment for multiple comparisons. Significance
levels are indicated as *** p < 0.001; ** p <0.01; * p <0.05. Partial regression results with exact
standardized regression coefficients and p-values of soil pathogenic fungal alpha diversity

responding to landscape variables are shown in Supplementary Figs. 7-12.

Figure 4. Overall landscape effects on soil pathogenic fungal alpha diversity. (a) Overall
effects of landscape complexity, grass cover, crop cover, and tree cover on soil pathogenic
fungal alpha diversity across all plots. (b) Overall effects of crop cover on soil pathogenic fungal
alpha diversity between forest and grassland ecosystems. Colored lines denote the 95%
confidence intervals (Cls) of model-estimated standardized regression coefficients across two
fungal groups (LFSA and RA fungi), three diversity indices (richness, Shannon diversity, and
relative abundance), and six spatial scales (250 m to 10,000 m radii) from multivariate
Generalized Additive Models for Location, Scale, and Shape (GAMLSS). Black triangles
represent the overall effect sizes. Effect sizes (£ 95% Cls) are estimated using random-effects

meta-analyses, and statistical significance is evaluated using two-sided z-tests without



adjustment for multiple comparisons (n = 36 biologically independent samples). Effect size

values and associated p-values are reported for each category.

Figure 5. Relative contributions of environmental predictors to soil pathogenic fungal

alpha and beta diversity. Average relative contribution (proportion of variance explained, %) of
each predictor variable on soil pathogenic fungal (a) alpha (n = 36 biologically independent
samples) and (b) beta (n = 12 biologically independent samples) diversity across all plots,
covering two fungal groups (LFSA and RA fungi), four diversity indices (richness, Shannon
diversity, and relative abundance for alpha diversity and Serensen dissimilarity for beta
diversity), and six spatial scales (250 m to 10,000 m radii); Panels (c) and (d) show the grouped
environmental factors contributing to soil pathogenic fungal alpha and beta diversity,
respectively, for all plots, forest, and grassland ecosystems. Data are shown as mean =+ s.e.

Grouped environmental factors are categorized into soil, landscape, climate, and geography.

Editorial summary:

How landscapes are arranged affects soil pathogenic fungi worldwide. The authors reveal the global
pattern and pronounced scale-dependency of landscape complexity and land-cover quantity on soil
pathogenic fungal diversity.

Peer review information: Nature Communications thanks the anonymous reviewers for their
contribution to the peer review of this work. A peer review file is available.
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Parameter estimates of pathogenic fungal diversity
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(a) alpha diversity (b) beta diversity
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