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Cross-continental soil prokaryotic traits
driven by precipitation regime and
land cover
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Trade-offs among traits determine microbial community dynamics and affect soil carbon-cycling
feedback to climate change.Here,wedetermined soil prokaryotic traits basedonanovelmarker gene-
based workflow using cross-continental temperature and aridity gradients. Genome streamlining and
high 16S rRNA gene copy numbers per genome (RRN) conferred high maximal growth rates, possibly
by allowing for smaller cells with higher surface to volume ratio. Small genomes and high maximal
growth rates were found under high precipitation seasonality and in barren soils. Large genomes and
low maximal growth rates were found in forests, characterized by high water availability and by
abundant and complex organic resources. Our findings suggest that large genomes confer versatility
to cope with resource fluctuations and moderate climatic fluctuations while extreme climatic
fluctuations and scarcity of resources promote genome streamlining. Seasonal fluctuations in water
availability were associated with the ability to form spores and with rapid resuscitation, promoted by
high RRN. Moreover, Prokaryotes were less dispersal limited compared to Fungi, presumably due to
their smaller size, but within Prokaryotes, small taxa were not more ubiquitous. Our trait-based
framework highlights that particularly changes in precipitation patterns and vegetation typewill cause
changes in microbial processes under future climate.

Soil microorganisms are key players in carbon (C) and nitrogen (N) cycling
and mediate feedback to climate change through changes in their activity
and community dynamics1. Trade-offs among microbial traits determine
the outcome of competitive dynamics and consequently C- and nutrient
cycling at the ecosystem level2,3. Ecological concepts have been employed to
describe life history strategies in microbial communities, such as the
copiotroph-oligotroph framework4, the “competitor”-“stress tolerator”-
“ruderal” (CSR) framework5,6 and its microbial adaptation, the “yield”-
“acquisition”-“stress resistance” (YAS) framework2.

Important traits reflecting prokaryotic life histories include growth
rate, cell size, genome size, 16S rRNA gene copy numbers per genome
(RRN) and traits enabling survival under harsh conditions, such as spore
formation and tolerance to high salinity. High growth rates enhance fitness
and are promoted by high RRN, enabling rapid ribosome production7,8.

Diverse and complex organic resources and/or fluctuating environments
require versatility and therefore a high number of genes and a large
genome9–12. Due to the costs of genome maintenance and gene expression,
large genomes are associated with resource- and water-rich
environments13–15 and with an aerobic lifestyle16. A trade-off between gen-
ome size and growth rates has been suggested because replication of large
genomes requires more N and phosphorus, which thus is not available for
biosynthesis17. However, this is not unambiguously supported by empirical
data7,18–20. Moreover, growth yield changes with growth rate both within
single species and between taxa, but both decreasing and increasing rela-
tionships have been reported8,21. Lipson22 reconciled these contrasting
relationships by suggesting a hump-shaped relationshipwhere growth yield
increases with rate in the lower range of growth rates when growth rates are
limited by nutrients, low substrate quality, and physiological stress.
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Conversely, a rate-yield trade-off was suggested to manifest in the higher
range of growth rates in resource-rich environments. A high-yield strategy
was proposed as a cooperative strategy among clonal populations isolated in
spatially structured environments to economize resources, while in spatially
mixed environments, the presence of competitors would favor taxa that
maximize growth rate even at the expense of yield22–24.

Cell size is another key trait that affects multiple fitness-relevant
properties, including resource uptake, dispersal, attachment to surfaces and
susceptibility to predation (reviewed by Young25). A cell needs to fit its
genome and biosynthetic machinery, suggesting that cell size scales with
metabolic complexity and genome size26–28. Moreover, large cells may store
greater amounts of resources to outlast periods of scarcity29. Because the
surface quadratically scales with the radius while the volume scales with its
cube, processes related to the surface, such as nutrient uptake and cell wall
synthesis, are enhanced in smaller cells30–32. It remains a matter of debate,
however, how metabolic rates and growth rates scale with cell size in
microorganisms20,26,27,33–39. Due to its importance for organic matter turn-
over, cell size has been implemented in microbial trait-based biogeochem-
ical models40.

Empirical evidence for trade-offs in microbial life history strategies
mainly comes fromculturedmicroorganisms7,8,16,20, owing to thedifficultyof
measuring traits in the environment. Genomic traits, such as genome size
and RRN, have repeatedly been studied in environmental microbial
communities13,14,28,41. Yet, microbial strategies can only be fully understood
from the combination of multiple traits and therefore, the ecological stra-
tegies of environmental microorganisms remain elusive. Recent metage-
nomic studies inferred life history strategies based on functional categories
from genomic databases as well as from genes and genomic traits associated
withCSR andYAS strategies15,42. For instance, Piton et al.15 revealed genome
size and thus metabolic complexity as well as investment into nutrient
recycling versus environmental responsiveness asmajor dimensions of trait
variation in soils, which was driven by precipitation patterns and pH.
However, the findings were based on broad gene categories that do not
necessarily capture ecologically relevant and interpretable traits or on very
specific genes from CSR and YAS frameworks. Thus, beyond these theory-
based frameworks, the trait combinations and trade-offs enabling micro-
organisms to thrive in a particular environment remain poorly understood.
In addition, in these previous studies, trait-based strategies have been
inferred from community weighted trait means (CWM), calculated as
abundance-weighted average of traits/genes across community members15,
or from metagenome-assembled genomes (MAGs)42. Because CWMs do
not necessarily represent combinations of traits occurring in the same
individual, using CWMs does not allow for assessing trade-offs. TheMAG-
approach, conversely, allows to infer trade-offs, but a limitation is the small
number ofMAGs obtained43. Hence, a comprehensive assessment of trade-
offswithin individualmicroorganisms beyond a limited numberof themost
abundant taxa remains lacking.

Besides environmental selection, the biogeographical distribution of
prokaryotic and fungal communities is affected by dispersal limitation.
Consequently, the turnover of community composition depends on the
geographical distance44. In ecology, dispersal is often considered to be a
stochastic process45, but the probability of an organism to disperse and
colonize a remote site depends on its size and capacity to survive
transport46,47.

Distance-decay relationships have mostly been assessed within the
same continent and within a range of <5000 km48 and depend on the
taxonomic domain (Archaea, Bacteria, Microeukaryotes), the spatial scale
and the habitat type49. Due to their small size, microorganisms are easily
dispersed50–53 and biodiversity at the local scale shows considerable overlap
with biodiversity at the global scale, particularly for Prokaryotes54. Conse-
quently, environmental variables typically explain more variation than
geographical distance49.

Here, we use a cross-continental dataset comprising multiple tem-
perature and precipitation gradients to investigate soil microbial commu-
nity assembly and adaptation to different climatic and edaphic conditions.

We assess the contribution of dispersal limitation and environmental fil-
tering to the formation of soil prokaryotic and fungal communities and
identify their environmental drivers as well as traits affecting dispersal. We
furthermore assess environmental selection on prokaryotic traits and
identify within-organism trade-offs using a novel approach to infer pro-
karyotic genomic and physiological traits from marker gene sequences43.
Finally, we elucidate prokaryotic strategies based onmultiple traits enabling
occupation of a particular niche. Thereby, we include previously uncon-
sidered traits, such as cell size and reveal ecological strategies beyond
established frameworks, such as the CSR and YAS frameworks. We hypo-
thesize that (i) Fungi are more limited by dispersal than Prokaryotes, (ii)
small Prokaryotes are more easily dispersed and therefore found in a wider
range of samples compared to large Prokaryotes, and (iii) harsh climatic
conditions and scarcity of resources select for slow growing Prokaryotes
with small genomes.

Results
Influence of geographical distance and environmental selection
on prokaryotic and fungal community structures
Our dataset included temperature gradients related to latitude (Greenlandic
and European gradients), altitude (Alpine gradient) and aridity gradients
(Spanish and South African gradients; Fig. S1, https://doi.org/10.6084/m9.
figshare.30010576. Bray-Curtis dissimilarities between fungal community
structures increased faster than between prokaryotic community structures
(decay constant b = 0.00040 and 0.00022 for Fungi and Prokaryotes,
respectively) and approached saturation with geographical distance faster
than for prokaryotic communities. Thus, 95% dissimilarity was reached at
929 and 5186 km for Fungi and Prokaryotes, respectively (Fig. 1A). Fungal
community structures also changed fasterwith environmental distance than
bacterial community structures, but the difference in decay rate was smaller
than for geographical distances (b = 8.0 and 6.2 for Fungi and Prokaryotes,
respectively; Fig. S2A). Conversely, weighted UniFrac distances increased
faster for Prokaryotes than for Fungi (b = 9.6 × 10-6 and 3.8 × 10-6 for Pro-
karyotes and Fungi, respectively; Fig. S2B).

We tested the contribution of dispersal limitation (i.e., geographical
distance) and environmental selection to the assembly of microbial
community structures. For both prokaryotic and fungal community
structures, the greatest part of constrained variation was explained by
environmental parameters alone (Table 1). While the total explained
variation was higher for Prokaryotes than for Fungi (53.1 and 44.5%,
respectively), the relative importance of environmental variables and
geographical distances to the constrained ordination was similar for both
groups. For both Prokaryotes and Fungi, the most important parameters
structuring communities were bioclimatic variable 15 (BIO15; pre-
cipitation seasonality, measured as the coefficient of variation of monthly
precipitation), in situ soil temperature at the time of sampling (Tsoil), land
cover, soil pH and C:N (Fig. 1B, Tables S1, S2). Prokaryotic communities
were, in addition, influenced by mean annual precipitation (MAP) and
soil silt content, while fungal communities were influenced by the amount
of plant litter. pH had a stronger influence on prokaryotic than on fungal
communities. Interestingly, in contrast to prokaryotic communities,
fungal communities showed distinct clusters associated with deciduous
broadleaf and mixed forests versus evergreen needleleaf forests. For both
Prokaryotes and Fungi, South African samples were clearly distinct from
all the European and the Greenlandic samples, which was mostly driven
by Tsoil and precipitation seasonality.

We hypothesized that smaller prokaryotic cells would be more easily
dispersed and therefore found in a wider range of sites. However, we only
found a weak positive correlation between cell size (diameter and length)
and the number of samples, as well as between cell size and the maximum
geographical distance an ASV occurred in (all Spearman’s ρ < 0.1; Table 2).
A larger genome should confer versatility, allowing microorganisms to
colonize a wider range of environments9,12. Nevertheless, we only found a
weak positive correlation between genome size and sample number, max-
imum geographical distance as well as maximum difference in
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Fig. 1 | Influence of environmental constraints and geographical distances on
prokaryotic and fungal communities. A Distance decay for prokaryotic (left) and
fungal community structures (right) based on Bray-Curtis dissimilarities. Curves
were fitted with an exponential model, f(x) denotes the fitted decay function 1 - ae-bx.
Fill and edge color indicate the gradients from which samples were compared.
Dashed vertical lines indicate the distance where community structures between
sites reach 95% dissimilarity according to the model. B Ordinations of prokaryotic
(left) and fungal (right) community structures constrained with environmental

parameters based on Bray-Curtis dissimilarities of relative abundances. Non-
colinear environmental variables were selected stepwise with adjusted R2 as addi-
tional stopping criterium. Numbers in brackets indicate the variation explained by
each axis. Vectors indicate loadings of environmental parameters on ordination
axes. Dashed arrows and light text indicate non-significant land cover classes. AL =
Alpine, EU = Europe, GL = Greenland, SA = South Africa, SP = Spain, BIO15 =
precipitation seasonality, MAP = mean annual precipitation, Tsoil = in situ soil
temperature at the time of sampling.

Table 1 | Variation partitioning

Environmental
variables

Shared Geographical distance Residuals

Prokaryotes Variation explained (%) 22.6 16.1 14.4 46.9

P 0.0001*** - 0.0004 *** -

Fungi Variation explained (%) 21.5 7.52 15.5 55.5

P 0.0001 *** - 0.0001 *** -

Variation in prokaryotic and fungal community structures explained by environmental variables and geographical distance alone as well as shared variation.
Constrained ordinations were calculated based on Bray-Curtis dissimilarities of relative abundances (n = 70). P-values indicate significance of environmental variables after controlling for geographical
distance and vice versa, assessed by PERMANOVA with 9999 permutations.
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environmental conditions (Spearman’s ρ = 0.065, 0.063 and 0.062, respec-
tively; Table 2).

Environmental selection on prokaryotic traits
We identified environmental drivers of multiple prokaryotic traits (cell
diameter and length, minimal doubling time, genome size, RRN, opti-
mum pH, optimum temperature, salinity preference, oxygen preference,
motility and sporulation [endospores, exospores and myxospores]). An
analogousmethod to classify fungal traits is currently not available; hence,
we focused on Prokaryotes. The trait classification method uses a boot-
strap procedure to assess the confidence of the trait classifications based
on which we determined if an ASV was considered classified using
stringent quality criteria43. Thus, we were able to classify 49 to 93% of the
sequences and 6965 to 17491 out of 20892 ASVs for these traits with high
confidence, but with considerable variation across samples (Fig. S3).
Optimum pH showed the lowest fraction of classified sequences
(49 ± 16%) while sporulation showed the highest (93 ± 4.8%). We com-
bined two types of models (random forest model [RF] and stepwise
generalized linear model [GLM]) to link CWMs (abundance-weighted
average of traits across communitymembers)with environmental drivers.
Figure S4 shows the distribution of the data for the relationships between
predictors andCWMs. In a previous,method-focused studywith the same
dataset, we used this approach to identify environmental drivers of gen-
ome size43. Here, we expand on our previous study identifying key pre-
dictors of CWMs for multiple traits, which were parameters associated
with water availability (BIO15, soil water-holding capacity [WHC], water
activity [aw],MAP), Tsoil, vegetationproperties (land cover, litter content),
texture (silt content) and pH (Fig. 2, Fig. S5). The two models mostly
agreed on the selection of themost important predictors but showed some
differences in the ranking and the relationship between predictors and
CWMs. For the stepwise GLM, the five most important predictors were
part of the model for most cross validation runs with stepwise selection,
confirming their robustness (Fig. 2).

BIO15 (high BIO15 values indicate unevenly distributed precipitation
throughout the year) was positively related to sporulation, salinity pre-
ference, optimum pH, oxygen preference, RRN, motility, cell length as well
as optimum temperature and negatively related to minimal doubling time,
cell diameter and genome size. Barren soils were associated with low
sporulation, lowminimal doubling time, high optimumpH, small genomes,
small cell diameter, high optimum temperature and preference for oxic
environments. Litter content was positively related with minimal doubling
time, cell diameter and genome size and negatively relatedwith sporulation,
salinity preference and optimum pH. Notably, pH and SOM were less
important predictors than climatic conditions and vegetation related
properties (Fig. 2). Some land cover classes were related to BIO15, where
evergreen needleleaf, mixed and deciduous broadleaf forests encompassed
low BIO15 values, while woody savannas encompassed high BIO15 values
(Fig. S6). Thus, precipitation seasonality may also mediate effects on soil
prokaryotic traits via vegetation properties.

We then cross validated the models’ predictive accuracy. For the RF,
Pearson correlations between observed and predicted CWMs ranged from
0.45 to 0.83 and for the stepwise GLM from 0.52 to 0.79. (Table 3). Cell
length and salinity preference showed the lowest accuracy for theRF and the
GLM, respectively,while oxygenpreference showed the highest accuracy for
both models. A weighted ensemble performed slightly better than the

individual models for cell diameter, minimal doubling time, RRN and
salinity preference (Table 3).

Prokaryotic strategies to adapt to their environment
To pinpoint ecological strategies and identify trade-offs, we evaluated co-
occurrence patterns among traits across ASVs. We found significant posi-
tive correlations (Padj. <0.05 and Spearman’s ρ ≥ 0.2) between optimum
pH, optimum temperature andmotility, as well as between sporulation, cell
length and RRN (Fig. 3). Genome size was positively related with oxygen
preference, cell diameter and minimal doubling time, all of which were
negatively related with optimum temperature and pH, except oxygen pre-
ferencewith optimumpH. Further, RRNwas negatively associated with cell
diameter andminimal doubling time and positively associatedwithmotility
and sporulation. In addition, cell length was positively correlated with
oxygen preference and motility, and negatively correlated with minimal
doubling time, salinity preference, and optimum temperature.

Cluster analysis revealed tenmajor prokaryotic strategies characterized
by different combinations of traits (Fig. 4) ofwhichClusters 3, 10 and 6were
the most abundant (Fig. S7). Cluster 10 was particularly found in South
African grasslands and woody savannas with high precipitation seasonality
and harbored cells with small diameter and intermediate length, relatively
small genomes, extremely high RRN and short minimal doubling time,
motility, ability to form spores and high salinity preference (Fig. 4, Fig. S8).
Clusters 4, 6 and7were associatedwithdifferent types of forests and lowpH.
Cluster 3 occurred in vegetated soils with high clay content and was char-
acterized by short, non-motile cells unable to form sporeswith lowminimal
doubling time, pH optimum and salinity preference. Clusters 4 and 7 were
also associatedwithhigh clay content and both encompassed large cellswith
highminimal doubling time, high salinity preference and low optimum pH
(Fig. 4, Fig. S8). In contrast to Cluster 7, Cluster 4 had a very high RRN and
high oxygen preference. Cluster 6 correlated positively with aw and showed
motility and low oxygen preference as well as small cells and genomes with
short minimal doubling times. Clusters 1, 2, 5 were associated with barren
soils and/or open shrublands with coarse texture and high pH. Clusters 1, 2
and 5 had in common small genomes, low RRN, relatively small cells and
inability to form spores. Cluster 1 was motile and had a high salinity pre-
ference and a higher minimal doubling time compared to Clusters 2 and 5.
Cluster 5 displayed a particularly high temperature optimum. Cluster 9 was
positively associatedwithopen shrublands andprecipitation seasonality and
showed very distinct features and was characterized by spore formation,
motility, extremely long cells and a large genome. Cluster 8 was not asso-
ciated with a particular environment and was characterized by large gen-
ome, shortminimal doubling time, spore formation, highoxygenpreference
and high optimum pH.

Some associations between trait clusters and environmental variables
were also found within individual gradients, while others manifested only
between gradients (i.e., in the full dataset) or showed different relationships
indifferent gradients and compared to the full dataset (Fig. S9). For instance,
positive associations with pH for Clusters 2 and 5 and a negative association
forCluster 7were found in the Spanish andAlpine gradients aswell as in the
full dataset. Conversely, relationships with BIO15 within gradients mostly
differed frompatterns in the global dataset. This is because a strong contrast
in BIO15 was found between the South African gradient and the other
gradients, while the range of BIO15 within each gradient was relatively
small (Fig. S1).

Table 2 | Relationship between genome size, cell size and the range of environments an ASV can inhabit

Genome size (n = 9084) Cell diameter (n = 9815) Cell length (n = 9388)

Maximum geographical distance 0.063 *** 0.059 *** 0.028 *

Maximum difference in environmental conditions (Gower distance) 0.062 *** 0.058 *** 0.031 *

Number of samples in which ASV occurred 0.065 *** 0.061 *** 0.029 *

Maximum difference in environmental conditions was the maximum Gower distance (based on non-colinear environmental variables) where an ASV was found. Spearman correlation coefficients are
shown. * P < 0.05 ** P < 0.01 *** P < 0.001. ASV = amplicon sequence variant.
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Fig. 2 | Importance of environmental predictors of prokaryotic CWMs for RF
and stepwise GLMmodels. The five most important predictors are shown for each
trait. Small panels next to each bar indicate the response of the trait to each predictor.
Larger response plots for land cover are shown in Fig. S5. Black areas of rectangles
show the fraction of 200 repeated split sampling cross validation runs where a
variable was selected in the stepwise GLM indicating the robustness of the variables
to different subsets of the data. Variable importance was determined as% increase in

mean squared errors when permuting the variable of interest (mean of 100 per-
mutations). aw = water activity, BIO5 = maximum temperature warmest month,
BIO15 = precipitation seasonality, LC = land cover, MAP = mean annual pre-
cipitation, SOM = soil organic matter, TC = total carbon, TOC = total organic
carbon, Tsoil = in situ soil temperature at the time of sampling,WHC=water holding
capacity.
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Discussion
Overlapping prokaryotic and fungal communities across the globe55,56

suggest that dispersal rates are high relative to diversification rates for both
groups. In line with this, prokaryotic community structures displayed <0.95
dissimilarity up to >5000 km distance and biogeographical patterns were
more driven by selection than by dispersal limitation. Conversely, fungal
communities displayed >0.95 dissimilarity at <1000 km distance, with an
abrupt increase in dissimilarity between samples from different continents.
This suggests that Fungi are more dispersal-limited than Prokaryotes,
particularly across oceans. However, for both groups, a similar fraction of
variation was explained by geographical distance alone. The higher fraction
of unexplained variation for Fungi may be explained by greater dispersal
limitation as community dissimilarity becomes independent of geo-
graphical distance when reaching complete dissimilarity. In addition,
unmeasured environmental variables that affect Fungi more strongly than
Prokaryotes could explain the higher fraction of unexplained variation. For
instance, plant diversity has been shown to be an important driver of fungal
diversity57 which was not considered in our study. Fungal communities also
exhibited stronger distance decay with environmental distances than pro-
karyotic communities, but the difference was smaller than that observed
with geographical distances. Thus, in addition to being more dispersal-
limited, fungal communities may be more sensitive to environmental fil-
tering compared to prokaryotic communities. In contrast to prokaryotic
communities, fungal communities differed strongly between evergreen
needleleaf forests compared to deciduous and mixed forests. These differ-
ences may be driven by plant-fungus interactions, such as mycorrhizal
symbiosis58 and by different litter quantity and quality as Fungi are primary
decomposers of lignocellulose59. In contrast to taxonomic turnover based on
Bray-Curtis distances, prokaryotic communities exhibited stronger phylo-
genetic turnover than fungal communities based on weighted Unifrac dis-
tances. This could be explained by a faster pace of evolution relative to
dispersal limitation in Prokaryotes compared to Fungi, which could be a
consequence of shorter generation times and thus higher mutation rates60.

In a simulation study, the range of aerial dispersal for microorganisms
with sizes between 9 and 60 µm decreased with size51, which may explain
differences in dispersal capacities between Prokaryotes and Fungi in our
study. For Prokaryotes, however, we found a weak positive relationship
between ubiquity and size. Wilkinson et al.51 showed that microorganisms
<9 µmwere passively dispersed across global distances, indicating thatmost

Prokaryotes theoretically could traverse the globe by aerial dispersal. In the
size rangeofProkaryotes, smaller particleswouldbe subject to a longer aerial
time61, which may negatively affect survival and thus (viable) dispersal
capacities, explaining the lack of relationship between size and ubiquity.
Alternatively, dispersal followed by successful colonization of a wide range
of environments may be facilitated by large, versatile genomes, which
require larger cells26,28, overriding the effect of increased aerial dispersal of
small cells.

We established several universal trait trade-offs across all ASVs in the
dataset, e.g., thepositive relationshipbetween cell diameter, genome sizeand
minimal doubling time. Larger genomes confer versatility and more com-
plex metabolic networks62 but require larger cells to fit the genome and the
metabolic machinery26. As energy-generating processes are located in the
membrane, the decreasing surface-to-volume ratio with increasing size
limits the energy available per nucleotide andmay slowdowngrowth rates31.
Accordingly, we and others16 found that genome size was correlated with
high oxygen preference, suggesting that aerobic metabolism is needed to
provide sufficient energy to express and replicate a large genome. RRNwas
negatively correlated with minimal doubling time7,8,20 substantiating their
growth-promoting role through enhanced protein synthesis in soil Pro-
karyotes.Notably, RRNcorrelatedwith the ability to formspores, indicating
that high rates of protein synthesis and rapid growth are particularly rele-
vant during spore resuscitation, as they enable quick cellular restructuring
and metabolic changes, thereby maximizing the benefit from periods of
favorable conditions. It is noteworthy that although we found universal
relationships among traits, in accordance withWestoby et al.20, correlations
were relatively weak, highlighting the importance of more complex rela-
tionships than bivariate trade-offs, such as environment-dependent rela-
tionships and trade-offs among multiple traits37,63.

We revealed precipitation seasonality and land cover as key drivers of
prokaryotic traits at the community level, in agreementwith ametagenome-
based study15. Figure 5 and Table 4 summarize trait-environment rela-
tionships. High precipitation seasonality favored traits that suggest drought
resistance, such as high salinity preference. Importantly, increased spore

Table 3 | Cross validation of RFs and stepwise GLMs for
prokaryotic CWMs by repeated split sampling

Random forest Stepwise GLM Ensemble

Cell diameter 0.65 ± 0.11 0.70 ± 0.11 0.72 ± 0.10

Cell length 0.45 ± 0.15 0.60 ± 0.10 0.58 ± 0.12

Minimal
doubling time

0.79 ± 0.068 0.78 ± 0.097 0.80 ± 0.067

Genome size 0.66 ± 0.12 0.70 ± 0.10 0.70 ± 0.10

RRN 0.70 ± 0.10 0.67 ± 0.10 0.74 ± 0.082

Optimum pH 0.61 ± 0.15 0.68 ± 0.12 0.67 ± 0.12

Optimum
temperature

0.72 ± 0.092 0.76 ± 0.13 0.76 ± 0.11

Oxygen
preference

0.83 ± 0.066 0.79 ± 0.080 0.82 ± 0.066

Sporulation 0.75 ± 0.089 0.69 ± 0.13 0.75 ± 0.10

Motility 0.74 ± 0.10 0.68 ± 0.11 0.73 ± 0.089

Salinity
preference

0.57 ± 0.12 0.52 ± 0.16 0.58 ± 0.12

Pearson correlation coefficients between observed and predicted CWMs (mean ± standard
deviationof 200 split sampling runs). For each run thedatasetwassplit into a traininganda test set at
a ratio of 70:30% of the data. Ensemble indicates a combined model including the stepwise GLM
and theRFmodelwithpredictionsweightedby thecross-validation results for the individualmodels.

Fig. 3 | Spearman correlations of traits across ASVs. Significant correlations (Padj.
<0.05) with ρ ≥ 0.2 are shown (n = 20 892). ASV = amplicon sequence variant.
Unclassified ASVs were omitted for each pairwise comparison. P-values were
adjusted for multiple comparisons using the Benjamini-Hochberg procedure. The
circle size indicates the strength of the correlation.
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formation together with short minimal doubling times, small genomes and
high RRN under high precipitation seasonality indicate that alternations
between drought and abundant water select for outlasting stressful periods
in a resting stage and maximizing growth rates under favorable conditions.
Community-level traits under high precipitation seasonality corresponded
tohigh abundancesofCluster10,whichunited the above-namedproperties.

These trait combinationsmaybecomemoredominant in the future, asmore
variable precipitation is predicted in many regions of the world64.

In contrast to seasonally fluctuating environments, barren soils and
open shrublands represent continuously harsh environments due to low
and rapidly fluctuating water availability, enhanced exposure to UV
radiation, and scarcity of organicC andnutrients, the availability of which is

Fig. 4 | Environmental drivers of prokaryotic trait clusters. A Heatmap of trait
values for each cluster. Trait values were scaled and centered. Darker colors indicate
higher values. For oxygen preference, higher values indicate a higher preference for
presence of oxygen. For salinity preference, higher values indicate more halophilic
preferences. B Constrained ordination of community structures based on Bray-
Curtis dissimilarities of relative abundances of clusters. Points represent community
structures based on clusters. Vectors represent loadings of environmental variables
on the ordination axes, numbers in squares indicate loadings for clusters. Non-
colinear environmental variables were selected stepwise with adjusted R2 as

additional stopping criterium. Dashed gray arrows and text indicate non-significant
land cover classes. Numbers in brackets indicate variation explained by each axis.
C Spearman correlations between abundances of trait clusters and environmental
variables (n = 70). Significant correlations (Padj. <0.05) with ρ ≥ 0.2 are shown. Only
variables with at least one significant correlation are shown. P-values were adjusted
for multiple comparisons using the Benjamini-Hochberg procedure. The landcover
categories Forests, Barren / shrublands and Savannas / Grasslands represent com-
bined variables for the land cover classes indicated in the figure legend. aw = water
activity, BIO15 = precipitation seasonality.
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further limited by the slow transport across disconnected water films. Trait
profiles in these environments (Clusters 1, 2 and 5) sharedwith Cluster 10 a
small cell diameter, short minimal doubling time and small genomes, but
were unable to form spores. For these clusters, small cells and genomesmay
represent a mechanism to sustain constitutive growth under low resource
availability and to compensate for energydedicated to elevatedmaintenance
costs under extreme environmental conditions28,65. Moreover, small cells
maybe anadaptation toprevent lysis due to changes inosmotic pressures, as
tensile forces are smaller in smaller cells66. Properties of Clusters 1, 2 and 5
are consistent with CWMs found in barren soils. It should be noted that the
doubling times in this study are potential doubling times, which are unlikely
to occur under natural conditions most of the time, due to energy and/or
nutrient limitations. Accordingly, based on stable isotope probing, smaller
genomes have been associatedwithhigher growth rates in glucose-amended
soils where energy limitation was alleviated, but not in unamended soils19.

Our findings highlight that the amplitude and duration of favorable
versus unfavorable conditions, aswell as their predictability, affectmicrobial
strategies. For instance, fluctuations in microclimatic conditions in barren
soils are likely too rapid and unpredictable formicroorganisms to survive in
a resting stage. In contrast, seasonal fluctuations, which include benign
conditions of sufficient length, promote spore formation and resuscitation.
Similarly, in phytoplankton, the timing and magnitude of resource fluc-
tuations determined if continuously growing resource storage specialists or
species with high nutrient uptake that maximize growth under resource
pulses were the better competitors29,67.

We found slow-growing cells and large genomes (clusters 3, 4, 6 and 7)
in resource-rich environments with high litter input and with diverse and
recalcitrant SOM from woody vegetation, such as forest soils. We propose
that these traits confer high metabolic versatility, enabling Prokaryotes to
degradediverseC sources obtained fromplant litter ormicrobialnecromass,
in line with large genomes found in environments with fluctuating and
complex resources9. Interestingly, despite a high minimal doubling time,
Cluster 4 exhibited relatively high RRN. We suggest that multiple RRN
support the expression of complexmetabolic and regulatory networks from
a large genome. Hence, the same trait can serve different functions
depending on the environmental context. The energy-demanding lifestyle
of Cluster 4 is supported by its high oxygen preference16. High salinity

preference and extremely low optimum pH in Cluster 4, moreover, suggest
the presence of mechanisms to deal with osmotic imbalances that require
additional energy. Conversely, Cluster 6 exhibited traits to thrive under low
oxygen conditions and its abundance correlated with high aw, which may
cause anoxic conditions. A lower energy yield from anoxicmetabolismmay
explain smaller genomes and cells compared to Clusters 4 and 7. Lastly,
Cluster 3 exhibited relatively large genomes and cells, but rather short
minimal doubling time while traits related to thriving under adverse con-
ditions, such as sporulation and high salinity preference were absent. An
explanation for highermaximal growth rates relative to the genome size for
Cluster 3 compared to Clusters 4 and 7 could be a lower investment into
stress response and maintenance. Moreover, the broader association of
Cluster 3 with vegetated soils in general but not forest soils in particular
points towards the usage of diverse but less recalcitrant C sources and may
explain the higher maximal growth rates compared to Clusters 4 and 7.
While some cluster abundance-environment relationships were consistent
across gradients and the full dataset, many relationships were specific to
individual gradients or manifested only in the global dataset, contrasting
different gradients. These results indicate that the range of values considered
for each environmental factor, aswell as the combinationwith other factors,
affects its importance as a driver of microbial trait variation in each study
area and highlight the difficulty in generalizing trait environment rela-
tionships across studies.

Previous studies reported ambiguous relationships between genome
size and growth rates7,18–20. Beier et al.68 found a positive relationship for
genomes <4Mbp and a negative relationship for genomes >5 Mbp and
suggested different environment-dependent mechanisms for these two
ranges. In agreement with our study, the authors found a trade-off between
genome size and growth rate in soils, while they found no relationship in
aquatic and digestive tract metagenomes68. In contrast to our study, Leff
et al.69 found decreasing genome sizes and a tendency for increasing growth
rates under nutrient addition. We predominantly found large genomes in
environments with high litter input, high vegetation biomass and woody
vegetation. Although resources in these environments are abundant on
average, availability is expected to fluctuate depending on plant inputs and
water availability. Thus, we suggest that a versatile strategy enabling growth
on various substrates, including complex ones such as lignocellulosic

Fig. 5 | Major environmental constraints on pro-
karyotic traits and trait variations between
environments. Corners of the triangle represent
environments. The vertical double arrow specifies
an additional axis of trait variation within the high
resource environment, possibly related to a trade-off
between maximizing growth and stress response
traits. Clusters were placed close to the environment
with which they were associated. Low resource
environments promote genome streamlining, high
maximal growth rate and either extremely small cells
or very long (filamentous) cells allowing for efficient
nutrient uptake. Conversely, environments with
high amounts of resources as well as complex
resources favor large, versatile genomes associated
with slow growth. Seasonal fluctuations drive spore
formation with rapid resuscitation and growth
during favorable periods through high RRN.Within
the high resource environments, clusters separate by
stress response traits, such as halophilic preference,
which are associated with larger cells and genomes
as well as higher minimal doubling time. For Clus-
ters 8 and 9 association with dominant environ-
ments was less clear and they displayed trait features
found in different environments. aw = water activity,
RRN = 16S rRNA gene copy numbers per genome.
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material, is most successful in these environments. In an environment with
more stable and less complex resources, conversely, we would expect a
strategy that maximizes growth rates at the expense of versatility to dom-
inate. Experimental nutrient addition as in Leff et al.69 may represent such
constant resource supply where streamlining is not penalized and higher
growthrates are promoted. Inour study, however, genome streamliningwas
driven by fluctuations in climatic conditions and periods of severe resource
limitations, underscoring the importance of environmental context in
understanding ecological strategies in microorganisms. In scarce environ-
ments, a growth rate-yield trade-off has been suggested to promote slow
growth with high efficiency8,70 and thus, it seems surprising to find high
maximal growth rates in such environments as barren soils. However, the
rate-yield trade-off may manifest only under resource-rich conditions and
high growth rates22. Thus, the potentially fast-growing taxa in barren soils
will not be subjected to a rate-yield trade-off when realized growth rates are
limited by resource supply and physiological stress rather than their
inherent maximum. Moreover, maximizing growth yield at the cost of low
growth rates is only a viable strategy under limited competition23,24. In soil
environments, rather than being inherently linked with growth rates, we
expectgrowthyield tovarywith the capacity towithstand stress and respond
to environmental change.

Large genomes have been associated with versatility to thrive in a wide
range of conditions varying across space and time as well as with high
substrate complexity9–12,71. In contrast to previous studies11,12, genome size
correlatedpoorlywith the rangeof environments a taxon could inhabit.One
possible explanation is a trade-off in cell size owing to dispersal capacity as
outlined above. In addition, the geographical scale and the habitats differed
from these previous studies and our study encompassed a large fraction of
desert-like environments favoring small genomes, which tended to be
located at each end of the geographical range (Greenland and SouthAfrica),
blurring genome size-ubiquity relationships.

Compared to metagenome-based trait inference, the amplicon-based
approach used here has both strengths and weaknesses. Amplicon-based
trait inference depends on the phylogenetic conservation of traits and
assumes that closely related taxa share similar traits. In a previous study, we
confirmed this relationship by cross-validating trait predictions across a
range of phylogenetic distances between query and reference sequences43.
This setup allowed us to evaluate realistic scenarios for environmental
sequenceswith no closely related reference sequence available. A strength of
ourmethod is that it allows us to quantify the uncertainty of trait predictions
and thus the relationship between phylogenetic relatedness and trait con-
servation for environmental sequences by bootstrapping.Trait conservation
may vary across different microbial phyla, resulting in lower accuracies of
trait predictions and a higher fraction of unclassified sequences for phyla
with less conserved traits. From a microbial point of view, soils are highly
diverse environments72, and the availability of trait informationvaries across
taxonomic groups. Hence, groups with fewer reference sequences are
expected to encompass a higher fraction of unclassified environmental
sequences. It shouldbenoted that similar limitations apply to the annotation
of functional genes frommetagenomes, which assumes that geneswith high
sequence identity have the same function, where conservation of genesmay
vary across taxonomic groups and where the availability of reference gen-
omes is not equal across taxonomic groups. Both approaches will greatly
benefit from increasing the coverage of genome databases, particularly for
currently underrepresented taxa. While it is relatively straightforward to
estimate the uncertainty of amplicon-based trait predictions, it remains
difficult to evaluate the uncertainty of trait predictions from environmental
metagenomes that encompass multiple, complex bioinformatic processes,
such as assembly, gene annotation and binning, each of which could
introduce errors.

A main disadvantage of the amplicon-based trait inference approach
compared to metagenome-based trait inference is that it may not resolve
trait variation between closely related taxa. We accounted for this problem
by assessing the confidence of the trait classification with the bootstrap
procedure, thus excluding unreliable trait classifications due to limited

resolution which would result in low bootstrap confidence. On the other
hand, we were able to classify traits for > 5000 ASVs, which is much higher
than the number of MAGs typically obtained from metagenomic datasets,
and we were able to include several traits, such as cell size that are not
available from metagenomes. Moreover, the same trait classification
approach could be applied to full-length 16S rRNA gene sequences
extracted frommetagenomes to improve resolution as well as to partial 16S
rRNA gene sequences, given that full-length genes often cannot be recov-
ered from metagenomes. Overall, our results align well with metagenomic
studies (e.g., ref. 15), and although we acknowledge that amplicon-based
trait classification, as any method, may suffer from some biases, in some
aspects it can outperform metagenomics, for instance by recovering trait
information for rare taxawith great ecological importance, such asnitrifying
bacteria and archaea.

Conclusion
Our study provides novel insights into microbial traits shaping ecological
strategies and their interactionswith the environment. Bydirectly predicting
a unique combination of traits for environmental microorganisms, we
extend our knowledge beyond studies in isolates16,20, studies focusing on
single traits, such as genome size14 as well as studies using broad gene
categories as a surrogate for traits or focusing on specific ecological
frameworks15. For instance, our data indicates that both cell width and
length constitute adaptations to specific environments and are linked with
key fitness traits, such as maximal growth rates and metabolic complexity,
through trade-offs. Importantly, our study revealed distinct strategies to
adapt to seasonally dry environments with intermittent periods of rainfall
and to barren soils, constituting constantly harsh environments, with pre-
cipitation seasonality and land cover as key drivers of these strategies. These
results underscore that the frequency, magnitude and predictability of dis-
turbances, such as drought events under climate change should be con-
sidered to evaluate soil microbial resistance and resilience and thus
ecosystem functioning. Besides increasing temperatures, climate change
imposes changes in precipitation patterns and vegetation cover, such as
treeline shifts and desertification64,73,74. Our findings highlight that these
global change components will lead to profound changes in key prokaryotic
traits including maximal growth rates and genome size with possible
feedback on global biogeochemical cycles.

Material and methods
Site description and sampling
In 2021, we sampled 70 sites along five temperature or aridity gradients
following standardized protocols, which cover a wide range of climatic
conditions, land cover types and soil properties. The sites include latitudinal
gradients across Greenland (5 sites; GL) and Europe (13 sites; EU), an
altitudinal gradient across Switzerland (13 sites; denoted as Alpine gradient,
AL) as well as aridity gradients across Spain (12 sites; SP) and South Africa
(28 sites; SA; https://doi.org/10.6084/m9.figshare.30010576). Across all
gradients, mean annual temperatures (MAT) ranged from−18 °C to 22 °C
andmean annual precipitation (MAP) from 45 to 1635mm (Fig. S1). Land
cover classes included “Barren” (5 sites), “Grasslands” (15 sites), “Open
Shrublands” (5 sites), “Closed shrublands” (1 site), “Savannas” (9 sites),
“Woody Savannas” (6 sites), “Evergreen Broadleaf Forests” (3 sites),
“Deciduous Broadleaf Forests” (11 sites), “Mixed Forests” (4 sites) and
“Evergreen Needleleaf Forests” (11 sites). Soil organic matter (SOM) con-
tent ranged from0.34 to 59.1%of dryweight andpH from2.6 to 8.1.Within
an area of 20 × 20m, we took five replicate soil cores with height and
diameter of 10 cm. We sieved the soils through a 4-mmmesh and stored a
subsample for DNA extraction at −20 °C75,76.

Climatic, soil and vegetation properties
WedeterminedpH in a soil extractwith 0.01MCaCl2 (extractant - soil ratio
2:1 v/w) with a pH meter. Total organic C (TOC) content was measured
after HCl-fumigation using an elemental analyzer77. We quantified soil and
litter total C (TC) and nitrogen (TN) with an elemental analyzer (NC-2500;
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CE Instruments, Wigan, United Kingdom) after drying at 60 °C and
grinding thematerial. Soil organicmatter (SOM)wasmeasured by loss-on-
ignition, where we combusted the samples at 450 °C for 4 h78. We used the
hydrometermethodaccording toGeeandBauder79 todetermine soil texture
(sand, silt and clay content). Water activity (aw), which represents the
microbe available water80, was measured with an aw-meter (LabSwift-aw;
Novasina AG, Lachen, Switzerland). Further environmental variables were
obtained from georeferenced databases as described previously43. We
extracted the bioclimatic variables BIO1 (mean annual temperature), BIO5
(maximum temperature warmest month), BIO7 (temperature, annual
range; maximum temperature of warmest month minus minimum tem-
perature of coldest month), BIO12 (mean annual precipitation) and BIO15
(precipitation seasonality; ratio of the standard deviation of the monthly
total precipitation to the mean of the monthly total precipitation) from the
worldclim database81 at 30 arc-seconds resolution. Further, land cover
classifications following the International Geosphere-Biosphere Program
classification were extracted using the MODIS product MCD12Q1_LC182

for the year 2020 at 500m resolution and revised manually with the help
of photos from the actual sites. Water holding capacity was obtained from
the ISRIC-WISE30sec data set83 at a resolution of 30 arc-seconds.

DNA extraction, amplicon sequencing and bioinformatics
Weused theDNeasyPowerSoil ProKit (Qiagen,Hilden,Germany) to isolate
DNA from 250mg of soil according to the manufacturer’s instructions and
determined DNA concentrations using PicoGreen (Molecular Probes,
Eugene, OR, USA). We amplified the V3-V4 region of the prokaryotic16S
rRNA gene and fungal ITS2 region with primers and PCR conditions as
described previously84. Amplicon barcoding using the Fluidigm Access
Array technology (Fluidigm) and paired end sequencing on the Illumina
MiSeq v3 platform (Illumina Inc., San Diego, CA, USA) were conducted at
theGenomeQuebec InnovationCenter (Montreal, Canada). Raw sequences
werequalityfiltered anddenoisedusingDADA285 implemented inQiime286.
We removed primers with cutadapt87 with default settings and then quality
filtered and denoised sequences with DADA2 (--p-trunc-len-f 270, --p-
trunc-len-r 220, --p-max-ee 5 for 16S rRNA gene fragment amplicons and
--p-trunc-len-f 270, --p-trunc-len-r 230, --p-max-ee 4 for ITS2 amplicons).
Prokaryotic and fungal ASVs were classified against the SILVA v13888 and
UNITE v989 databases, respectively, using the scikit-learnmultinomial naive
Bayes classifier in qiime290,91 (feature-classifier classify-sklearn) with default
parameters.Contaminant sequenceswere removedusing the isContaminant
function (method= “prevalence”) in theRpackagedecontam92.Weobtained
3,920,603 high-quality prokaryotic sequences (11,234 ± 3577 per sample)
and 5,309,207 fungal sequences (15,213 ± 3741 per sample) that formed
20,892 (147 ± 46 per sample) and 19 066 ASVs (117 ± 49 per sample),
respectively. Rarefaction curves reached a plateau for all samples, confirming
sufficient sequencing depth (Fig. S10). Rarefaction curves were calculated
with the function rarecurve from the R package vegan93. For Prokaryotes,
0.96% of the ASVs (1.17% of the reads) were of archaeal origin, while the
remainingASVswere of bacterial origin. Themost abundant bacterial phyla
were Proteobacteria, Firmicutes and Planctomycetota and the most abun-
dant archaeal phyla were Crenarchaeaota, Euryarchaeota and Nanoarch-
aeota. For Fungi, themost abundant phylawereAscomycota, Basidiomycota
and Mortierellomycota. Raw sequences were deposited in the NCBI
Sequence Read Archive under the accession numbers PRJNA1073882 for
16S rRNA gene fragments and PRJNA1161578 for fungal ITS2 fragments.

Data analysis
All plots and statistical analyses were produced in R version 4.3.394. All code
and data are available on figshare (https://doi.org/10.6084/m9.figshare.
30010576). All analyses were conducted using the mean of five replicates.

Community structures across space and environments. To assess
relationships between microbial community structure and geographical
distance we calculated distance matrices for prokaryotic and fungal
community structures based on Bray-Curtis dissimilarities and weighted

UniFrac distances of relative abundances as well as a distance matrix of
geographical distances based on great circle distances between the
coordinates.We fitted an exponential relationship (Eq. 1) for Bray-Curtis
dissimilarities or weighted UniFrac distances as a function of geo-
graphical distances using the function decay.model in the package
betapart95.

f xð Þ ¼ 1� ae�bx ð1Þ

a denotes the community dissimilarity when x = 0 and b denotes the decay
rate constant where greater b indicates faster increase in dissimilarity. To
assess the influence of environmental filtering on microbial communities,
we calculated a constrained ordination of microbial community structures
with stepwise selection of environmental variables in forward directionwith
adjustedR2 as an additional stopping criterionusing the function ordiR2step
in theRpackage vegan93.Onlynon-colinear variableswith variance inflation
factor <10 were included in this analysis96. To assess the influence of
geographical distance on microbial community structures, we calculated
principal coordinates of geographical distances based on a neighborhood
matrix (function pcnm in vegan), whichwe used as independent variables in
a constrained ordination ofmicrobial community structures. Subsequently,
we used variation partitioning to assess the contribution of environmental
variables and geographical distance in structuring prokaryotic and fungal
community structures (function varpart in vegan). We moreover tested if
the environmental variables significantly explained variation in microbial
community structures after conditioning for geographical distance and vice
versa using the adonis2 function in vegan. In addition, we fitted curves for
thedecay of Bray-Curtis dissimilaritieswith environmental distances,which
were determined as Gower distances of non-colinear environmental
variables.

Classificationof prokaryotic traits.We used the trait sequence database
ampliconTraits43,97 and the SINAPS algorithm98 to classify genomic and
physiological traits for prokaryotic ASVs. ampliconTraits combines a
trait database99 with sequences from the SILVA small ribosomal subunit
database88. Moreover, we determined the sequence identity with the best
hit in the database and considered ASVs with a bootstrap value > 70 and
sequence identity with the top hit >80% as classified. To enable classifi-
cation of continuous traits, ampliconTraits bins them into intervals and
offers versions with different numbers of intervals across the range of
values for each trait, the choice of which affects the resolution but also the
fraction of classified ASVs. Intervals were set according to Donhauser
et al.43 to balance between resolution and a sufficiently high fraction of
classified sequences: cell diameter: 20; cell length: 30; minimal doubling
time: 30; genome size: 10; optimum pH: 20; optimum temperature: 20;
16S rRNA gene copy numbers: exact numbers. To assess the influence of
environmental drivers on prokaryotic traits, we calculated CWMs
(abundance weighted average of trait values across all classified ASVs in a
sample), based on the mean of the interval for continuous traits. The
levels of the traits oxygen preference and salinity preference were ranked
as follows and then treated as continuous variables: oxygen preference:
obligate_anaerobic = 1, anaerobic = 2, facultative = 3, microaerophilic =
4, aerobic = 5, obligate aerobic = 6; salinity preference: non-halo-
philic = 1; stenohaline and halotolerant = 2, moderate-halophilic = 3,
halophilic = 4, extreme-halophilic = 5. We summarized different forms
of motility as motile and transformed motility in a binary variable with
motile = 1 and non-motile = 0. Similarly, spore-forming was recoded as 1
and non-spore-forming as 0.

Modeling trait-environment relationships. We used the set of 16 non-
colinear variables as predictors of prokaryotic CWMs, which we then
modeled with RFs (function randomForest from the package
randomForest100) and stepwise GLMs with the Akaike information cri-
terion (AIC) as stopping criterion and selection in both directions
(function stepAIC from the package MASS101). The distribution of the
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response variables were determined with the function fitdist from the
package fitdistrplus102 based on the AIC and diagnostic plots. Variable
importance was evaluated for the RF model as part of the randomForest
function and for the GLM with the function VarImp.glm in the
MicEnvMod package43,103 and response plots were generated using the
function respMono inMicEnvMod. Model accuracy was assessed for both
model types by repeated split sampling with the function crossVal in
MicEnvMod with default parameters based on Pearson correlations
between observed and predicted values. Stability of parameter selection
across datasets for the stepwise GLM was assessed with the function
crossVal.step (MicEnvMod) as the fraction of cross-validation runs where
the variable appeared in the model. Accuracy of an ensemble model
between RF and stepwise GLM, weighted by the Pearson correlation
coefficients of the models, was assessed with the function cross-
Val.ensemble (MicEnvMod). To reduce overfitting with the RF model, in
addition to the model with all predictors, we also created a model using
the same numbers of the most important predictors as defined by the
stepwise GLM. For the ensemble model, we used the RF that performed
the best (RF with all parameters or RF with most important parameters),
i.e. the model with only the most important parameters for all traits
except RRN.

Identifying ASV level trait trade-offs and strategies. To identify trait
trade-offs at the ASV levels, we calculated a correlation matrix of
Spearman correlations for the ASVs in the dataset using the function
rcorr from the Hmisc package104, which we plotted with the corrplot
function from the corrplot package105. P-values adjusted for multiple
comparisons were calculated using the p.adjust function using the
Benjamini-Hochberg method. We conducted a cluster analysis for the
trait combinations across ASVs, including complete cases, i.e., ASVs
where all traits were classified, using a bootstrap cutoff of 50 and a
sequence of identity with the top hit >70% for classification. This
allowed us to include 24.7% of the ASVs. We used the function pam in
the R package cluster106 based on a Gower distance matrix enabling the
use of mixed data types. Oxygen preference and salinity preference
were implemented as ordinal variables, motility and sporulation as
binary variables and all other variables as numeric. We compared
clustering with 2 to 100 clusters to determine the optimal number of
clusters based on silhouette widths. 10 clusters had a silhouette width of
0.52 which was the highest value for cluster numbers between 2 and 20.
50 and 100 clusters had higher silhouette widths than 10 clusters (0.63
and 0.71) but would be difficult to interpret. Therefore, we chose to
represent a clustering analysis with 10 clusters using heatmaps based
on scaled and centered cluster means. Analogously to the analyses for
ASV abundances, we performed a constrained ordination of cluster
abundances, producing ordination plots with both environmental
variables and species scores overlayed as vectors. Moreover, we cal-
culated Spearman correlations between trait cluster abundances using
the function rcorr from the Hmisc package104. To this end, the levels of
land cover were converted to binary variables using the function
model.matrix. We also created combined groups for land cover classes
that showed similar relationships with trait cluster abundances, e.g.,
different types of forests. P-values adjusted for multiple comparisons
were calculated using the p.adjust function using the Benjamini-
Hochberg method.

Relationships between prokaryotic traits and ubiquity. To evaluate
whether the ubiquity of prokaryotes was linked with traits that either
facilitate dispersal (cell size) or confer versatility (genome size), we cal-
culated Spearman correlations between the trait values of each ASV and
the number of sites, the maximum geographical distance, and the max-
imum difference in environmental conditions that each ASV inhabited.
Difference in environmental conditions was calculated as Gower dis-
tances between sites based on environmental variables, including non-
colinear variables as in previous analyses.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Sequences were deposited in the NCBI Sequence Read Archive under the
accession numbers PRJNA1073882 for 16S rRNA gene fragments and
PRJNA1161578 for fungal ITS2. All other data is available on figshare:
https://doi.org/10.6084/m9.figshare.30010576.

Code availability
Code for statistical analyses is available on figshare: https://doi.org/10.6084/
m9.figshare.30010576.
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