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Microbes are found in nearly every habitat and organism on the planet, where they are
critical to host health, ﬁtness, and metabolism. In most organisms, few microbes are
inherited at birth; instead, acquiring microbiomes generally involves complicated interactions between the environment, hosts, and symbionts. Despite the criticality of
microbiome acquisition, we know little about where hosts’ microbes reside when not in
or on hosts of interest. Because microbes span a continuum ranging from generalists
associating with multiple hosts and habitats to specialists with narrower host ranges,
identifying potential sources of microbial diversity that can contribute to the microbiomes of unrelated hosts is a gap in our understanding of microbiome assembly.
Microbial dispersal attenuates with distance, so identifying sources and sinks requires
data from microbiomes that are contemporary and near enough for potential microbial
transmission. Here, we characterize microbiomes across adjacent terrestrial and aquatic
hosts and habitats throughout an entire watershed, showing that the most species-poor
microbiomes are partial subsets of the most species-rich and that microbiomes of plants
and animals are nested within those of their environments. Furthermore, we show that
the host and habitat range of a microbe within a single ecosystem predicts its global distribution, a relationship with implications for global microbial assembly processes.
Thus, the tendency for microbes to occupy multiple habitats and unrelated hosts
enables persistent microbiomes, even when host populations are disjunct. Our wholewatershed census demonstrates how a nested distribution of microbes, following the
trophic hierarchies of hosts, can shape microbial acquisition.
landscape microbial ecology j ridge-to-reef connectivity j biogeography j nestedness j
watershed microbiome

Microbial partners metabolize our food, ﬁght off disease, and run the machinery that
sustains the air we breathe, water we drink, and soil under our feet. Despite their
importance, most host-associated microbes are generally not present at birth and are
instead acquired (1). Because microbial symbionts can inﬂuence host health and ﬁtness,
the processes that determine how different microbiomes assemble within different hosts
is a matter of active and urgent inquiry. Microbial ecologists have made great progress
in determining how factors such as abiotic conditions (2–4), host evolution (5, 6), and
microbial traits (7–9) shape environmental microbiomes, but considerably less is
known about how surrounding environments or different guilds of host organisms contribute to host-associated microbiome composition. Longitudinal studies show that
microbial richness accumulates and community composition changes over time across a
wide diversity of hosts and habitats (1), but we know comparatively little about from
where these microbes originate. To better understand microbial transmission and its
role in community composition, we propose a framework that relies on theory from
foodweb and landscape ecology.
The concept of a foodweb has had a place in the ecological lexicon since at least the
time of Elton (1927; (10)), and others such as Lindeman (11) and Odum (12) signiﬁcantly expanded upon this notion to include how macroorganisms interact within their
environments, in addition to their feeding relationships. The units of study for foodwebs are ecosystems, which are spatially explicit and include all organisms along with
their abiotic environments and their interactions within its bounds (13). This deﬁnition was born from the efforts of the founders of the Hubbard Brook Ecosystem Study
(HBES; 1963), who recognized that a watershed naturally delineates the boundaries of
an ecosystem, an idea that parallels the Hawaiian ahupuaʻa concept. Since then, the
HBES and its framework have led to numerous milestones in our understanding of
processes such as the effects of long-term changes in acidiﬁcation (14) and ecosystem
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Signiﬁcance
Because microbiome research
generally focuses on a single host
or habitat, we know comparatively
little about the diversity and
distribution of microbiomes at a
landscape scale. Our study
demonstrates that most of the
microbial diversity present within
a watershed is maintained within
environmental substrates like soil
or stream water, and microbiomes
of organisms are generally
subsets of those that are lower on
the food chain. This result
challenges the notion that sources
of microbial inoculum are likeliest
derived from close relatives. By
identifying sources of shared
microbial diversity within the
landscape, we can better
understand the origins and
assembly processes of symbiotic
microbes and how this might abet
global conservation, restoration,
or bio-engineering goals, such as
preserving biodiversity and
ecosystem services.
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impacts of global warming (15). Here, we adopt the notion of
the watershed as an entire discrete ecosystem to better understand the landscape ecology of microbes. Landscape ecology is a
means to understand how spatial processes affect biodiversity
(16). In classic landscape ecology theory, the structure (heterogeneity) and fragmentation of habitats (or patches) within a
matrix of otherwise inhospitable areas affect species’ dispersal
ability and establishment. This ultimately shapes species’ abundance and distributions across the landscape (17). Contemporary landscape ecology theory extends this idea to include the
concept of a landscape continuum, where continuous environmental variables, as opposed to discrete habitat patches surrounded by a matrix, better describe species’ distributions.
Connecting these concepts, foodwebs are embedded in landscapes, and watersheds constitute a useful unit of measure to
better understand their interactions.
To expand concepts from foodweb and landscape ecology to
be inclusive of microbes, we must ﬁrst consider the following: a
landscape for microbes can be both structural (e.g., different
land covers or hydrology) and biotic (e.g., variation in the distribution of host populations). Also, microbes might better ﬁt a
continuous landscape model rather than a patch model if their
distributions are not governed merely by the presence of a compatible host or habitat, but rather, if they exist among multiple
hosts across a gradient of environmental conditions. This
requires microbes to be generalists to some degree and/or a
matrix that is at least partially hospitable (18). These considerations are important because while microbial transmission
among related hosts is one obvious means of microbiome
assembly, this model, in and of itself, is insufﬁcient to sustain
microbiomes (deﬁned here as communities of bacteria and
archaea) across a dynamic landscape. For example, many plants
and animals are either sparse, seasonal, or ephemeral, requiring
that their symbiotic microbes be capable of residing, at times,
in alternate nearby hosts or environments. This potential for a
microbe to persist in, and disperse among, hosts of different
kingdoms and guilds, or even between liquid and land, is a trait
with the potential to add an additional dimension to microbiome assembly theory (19). Where, then, might a host’s
microbes reside when not inside that host? In addition, what
factors might predict microbiome distributions among potentially interacting hosts and environments?
Variability in matrix suitability and host specialization may
result in differing microbial communities reﬂected in one of
three nonmutually exclusive patterns, each of which leaves a
diagnostic imprint on microbiome structure. If any host or
environment has an equal likelihood of harboring microbes
that are present in any other host or environment, we might
expect host–microbe interaction networks that are randomly
structured. Alternatively, if microbes are more likely to
co-occur among related hosts or guilds, we might expect these
to contain unique and speciﬁc consortia of microbes (modules)
that are not found elsewhere in the interaction network.
Finally, host–microbe interactions might be best characterized
as stratiﬁed, resulting in a network topology in which microbial
diversity is nested such that taxa-poor microbiomes are subsets
of those that are taxa-rich. In this scenario, nonhost environmental matrices (e.g., soil, sediment, water) serve as reservoirs
of broad microbial diversity that is subsequently, and hierarchically, partitioned into simpler microbiomes. While this concept
is fairly intuitive, there are actually few, if any, studies that
demonstrate transmission among environmental microbiomes
and multiple hosts at ecosystem scales. Instead, many of the
insights gleaned into assembly processes of microbiomes are
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owed to studies of single hosts, tractable model systems, or
global syntheses (20). We address this gap by sampling microbiomes from aquatic, marine, and terrestrial foodwebs within a
single watershed to examine the dynamics of sources and sinks
of microbial diversity.
Here, we present a microbial census of a model ecosystem
metacommunity in which continental-scale environmental heterogeneity is recapitulated within a comparatively small watershed. Because of this, we can surmise the distribution limits of
microbiomes across land, stream, and sea, a feat that would not
be plausible in most other landscapes of similar size or environmental variability. From ridge to reef, our compact watershed
spans a roughly 3.5 m rainfall differential, ∼27 times that
encountered along the Mississippi, the largest watershed in continental North America. Also, our model ecosystem is located
on the most isolated archipelago on the planet, making exogenous microbial inputs infrequent, if not unlikely. Furthermore,
owing to parallels in environmental heterogeneity and foodweb
structure across this compact watershed compared to others,
our ﬁndings are potentially relevant for highly connected ecosystems that span substantially larger geographic areas.
For example, a long-standing question in biogeography is the
relationship between organisms’ local distributions and those at
larger scales. Many factors inﬂuence the distributions of microbes,
including their physiology, size, population density, and dispersal
abilities (21–23). A common assumption is that niche breadth
should also predict the range size of an organism, since the ability
to survive in broader environments, and to use a greater array of
resources, should indicate the ability to occupy more habitats that
occur over greater distances (24, 25). This is an important component of source and sink dynamics, because it suggests that local
occupancy should predict global distributions. This relationship
is seldom tested empirically, however, because small areas rarely
contain, or are sampled for, broad climatic variability and host
diversity. In the absence of phenotypic, genomic, or even wellresolved taxonomic information about the majority of the earth’s
microbial biodiversity, geographic range is one of the few traits
that can be directly inferred from short environmental DNA
sequence reads. By examining our ecosystem-wide microbiome
census within the context of the global survey of the Earth
Microbiome Project (26), we assess the relationship between
global and local microbial distributions.
A Model Microbial Mesocosm Containing
Continental-Scale Gradients
We characterize microbiomes within Oʻahu’s Waimea watershed,
selected for its contiguity, isolation, and environmental heterogeneity. In fewer than 12 km, the main rivers of Waimea Valley
plunge from a high elevation bog, through a rainforest, into a
protected estuary, and out over sand ﬂats to a coral reef. This
short distance spans steep gradients in elevation (0–682 m)
and precipitation, (1.1–4.6 m rainfall/y; Fig. 1A). Many abiotic
variables within the gradient are highly colinear, such that is
impossible to disentangle their individual effects (i.e., rainfall,
temperature, solar irradiance) on microbiomes. Instead, the main
advantage of the gradient is that conditions diverge rapidly
among four K€oppen climate types as a function of distance
between locations. Furthermore, within this watershed exists a
wide diversity of terrestrial, stream, and marine habitats adjacent
to each other. In essence, biome diversity at a continental scale is
represented within a small spatial area, enabling us to measure
whether and how the environment constrains microbial distributions and microbiome structure within foodwebs.
pnas.org
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Fig. 1. Sampling within the Waimea watershed on Oʻahu Island. (A) Terrestrial and stream samples were paired and spanned the entirety of the catchment.
Plot positions (n = 21) along elevation and rainfall gradient are indicated with triangles (blue triangles are marine, red triangles are terrestrial/stream).
“m.a.s.l.” indicates meters above sea level. (B) Distribution of n = 1,562 samples. Samples are classiﬁed at level 3 of the EMP metadata ontology. Stacked
barchart colors indicate habitat of origin. Histogram colors indicate environmental/trophic status of sample; “ns” indicates nonsaline, “s” indicates saline. (C)
Violin plots indicate distributions of ASV richness organized by trophic level (outline) and habitat (ﬁll). Microbial richness tracks environmental/trophic position of the sample. Circles are median, vertical lines indicate the interquartile range, and horizontal lines indicate the mean. Mean richness of environmental/trophic levels differ signiﬁcantly (ANOVA, F = 173.9, P < 0.0001).

Along the entirety of the watershed, we assessed microbiome
diversity and microbial distributions among habitats. We sampled
seven pairs of stream and terrestrial plots (20 m diameter) as well
as seven plots in the near-shore sand ﬂats and coral reefs of
the bay (21 plots total; Fig. 1A). Within each plot, we collected
113 + 54.5 (SD) biological samples from both host organisms
and environmental substrates (Fig. 1B and SI Appendix, Fig. S5
and Dataset S1, Table S1). Sampling among plots was roughly
balanced by the number of samples collected, as well as the position of those samples on the environmental/trophic hierarchy
(derived from host-independent environmental substrates, primary producers, or consumers).
Samples were circumscribed within an ontology devised by the
Earth Microbiome Project (26) that discriminates at its most granular level by sample origin (e.g., saline, nonsaline), substrate type
(e.g., soil, water, sediment), host, and location in or on a host
(e.g., plant rhizosphere, plant corpus, sediment, aerosol; EMPO
(Earth Microbiome Project ontology) level 3; Fig. 1B). We sampled a total of 15 out of the 17 EMPO 3 categories across the
PNAS
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entire watershed. Samples were categorized by location, habitat
(stream, marine, or terrestrial), and position within their respective
foodweb. Within each habitat type, we sampled the same number
of replicates within each EMPO level 3 category, although host
species identity varied across the watershed within habitats. Unless
otherwise speciﬁed, sample type refers to EMPO level 3 category.
From these samples, we enumerated microbiomes to test the
following four predictions. 1) Independent of whether from land,
sea, or stream, environmental samples contain the majority of
microbial diversity within the watershed and asymmetrically contribute to the microbiome composition of hosts. 2) Continuous
landscape variables such as elevation and precipitation would best
predict microbiome compositions among stream and terrestrial
habitats. 3) Microbiome composition, regardless of habitat type,
would be nested such that environmental microbiomes serve as
sources for primary producers followed by consumer microbiomes. We posited that high nestedness values are predictive of
a more hospitable matrix where nonhost environments contribute
to host patches. In contrast, lower nestedness values and higher
https://doi.org/10.1073/pnas.2204146119
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modularity would indicate stronger patch effects consistent with
high host speciﬁcity and a less hospitable matrix. Patch and
matrix dynamics are not mutually exclusive, and we predicted
that each may act simultaneously to shape microbiome distributions within an entire ecosystem, but their relative contribution
to microbiome structure may vary over the landscape, depending
upon site-speciﬁc environmental conditions. 4) Microbes that
inhabit the widest range of habitats, environments, and hosts
within our tropical watershed should also be those with the widest geographical distributions globally.
Results and Discussion
Within
foodwebs, energy is transferred among trophic levels from producers to apex predators in a largely unidirectional and energyinefﬁcient manner, such that ∼90% of available energy is lost to
entropy between any two levels (27). Analogously, and in support
of our ﬁrst prediction, we ﬁnd that independent of habitat type,
microbial richness decreases predictably from environmental substrates up the trophic hierarchy (Fig. 1C). It bears mentioning
that microbes are not strictly passed up the food chain via consumption; rather, this is only one of many possible modes of
microbial transmission among hosts, including other types of
biotic interactions and/or dispersal. Nevertheless, our data demonstrate a strong pattern, tied to foodwebs, that offers a vehicle
for understanding microbiome complexity and linkages at the
landscape scale.

Abiotic Substrates as Microbial Diversity Reservoirs.
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Richness gradients, however, in and of themselves, are minimally predictive of source sink dynamics since they do not indicate the extent to which microbial composition is shared among
sample types or trophic levels. To assess the second portion of
our ﬁrst prediction, that environmental microbiomes contribute
to those of hosts, we ranked sample types by their contribution
to unique richness of amplicon sequence variants (ASV; an operational taxonomic unit circumscribed at 100% sequence identity),
which better indicates their potential as sources for landscape
diversity. In other words, this analysis demonstrates which sample
types contain the most complete set of ASVs found across all
sample types combined. We established a downsampling procedure where each sample type in every habitat was equally represented by the same number of samples and the same number of
sequences within each sample. This procedure eliminates artifactual hierarchies resulting from sampling asymmetries. Conglomerate categories of sample type by habitat were then ranked by
their contribution to cumulative ASV richness.
Our hierarchical analysis demonstrates that at the watershed
level, nonhost environmental microbiomes ranked the highest
in their contribution to ecosystem microbial richness, comprising seven of the top eight sample types (Fig. 2A). Rhizosphere
microbiomes, the single high-ranking host-associated category,
may themselves be considered partially nonhost since rhizospheres combine components of both the plant-surface and the
soil environment (28). Combined, environmental microbiomes
contained more than 55% of total watershed ASV richness
(Fig. 2 A and B). This suggests that ever-present environments

C

B

Fig. 2. Environmental samples contribute the most to novel diversity of the watershed microbiome. (A) Accumulation curve of ASV richness maximized for
n sample type:habitat categories. For a given n, black dots represent the average ASV richness for the optimized collection of n categories, given 1,000 randomizations (gray lines). Labels indicate the rankings of categories by their contribution to maximized richness. Colored box indicates environment/trophic level. “ns”
indicates nonsaline, “s” indicates saline. (B) Boxplots show median, interquartile range, and data extent of ASV richness across randomizations. (C) Euler diagrams
that depict the overlap of environmental and host-associated ASV diversity in cases where the ASVs are weighted by their numerical abundance in the dataset
and not.
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like water or sediments might provide environmental “waiting
rooms” for microbes to colonize hosts when available. Microbial richness is particularly concentrated in subsurface samples
in each of the three habitats: the combination of marine sediment, stream sediment, and soil contains more than 34% of
the overall ASV diversity, indicating their potential as
“universal donors” to ecosystem-wide microbial diversity. Hostassociated microbiomes, in contrast, are comparatively ASV
poor (Fig. 1C), and their contributions to unique microbial
richness are generally those microbes that are detected in low
abundance. When we account for an ASV’s abundance in the
sequence dataset, more than 77% of weighted microbial richness is contained in environmental host-independent samples
(Fig. 2C). In other words, environmental samples contain both
the highest microbial richness and the fraction of microbes
detected most frequently. What is less clear is whether the functional traits of these microbes are similar regardless of where
within the ecosystem they reside, as we expect that a microbe’s
ecological role is at least partially dependent on context.
However, encountering a microbial DNA molecule in a host
or habitat does not indicate reproductive or metabolic activity
there, and we might attribute some of the richness detected
among samples to microbes that arrive via dispersal from suitable habitats, but remain quiescent. (24, 25). For example,
among both plant and animal samples, surface samples are
richer than those collected from inside a host organism, presumably due to transient microbial associates. This dispersaldriven fraction of microbial richness is, nevertheless, a critical
component of metacommunity dynamics where less desirable
environments provide potential stepping-stones to hosts (19), a
phenomenon with relevance for microbial distributions at both
large and small scales.
Continuous Environmental Variables Shape Microbiome
Composition and Distributions. Location along the environ-

mental gradient within the watershed was a signiﬁcant determinant of microbial composition for stream and terrestrial samples
(PERMANOVA;
R2 = 0.029, P < 0.001), partially supporting our second prediction. However, the interaction between location and sample type
was more predictive (R2 = 0.082, P < 0.001). This indicates
that the distribution of microbes among patches (i.e., speciﬁc
hosts or substrates) matters more or less depending on the environmental conditions in which they interact.
We also found that environmental and primary producer
microbiomes differ from those of consumers across the environmental gradient (Fig. 3E). Terrestrial and stream microbiomes
of environmental substrates and primary producers, though not
consumers, became more similar to each other as a function of
distance from the ocean, a cline that corresponds to an increase
in elevation and rainfall (Fig. 3E; generalized additive model
[GAM], degrees of freedom (DF) = 8,727, R2 = 0.23, P <
0.002). In other words, the wetter, cooler, and higher sites had
more similar stream and terrestrial microbiomes. This result
indicates that even at the broad circumscription of microbiomes
as either environmental, primary producer, or consumerassociated, environmental context affects the degree to which
there is transmission between habitats.
Rainfall, which comprises a particularly steep gradient (Fig.
1A), might be the mechanism by which stream and terrestrial
samples become more similar as a function of distance from the
ocean. Rainfall both increases the hydraulic connectivity (e.g.,
runoff) between stream and terrestrial microbiomes and also
increases the water content of absorptive substrates like soil and
PNAS
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moss. Elsewhere, headwater streams exhibit increased similarity
to the surrounding soils among both biogeochemical parameters (29, 30) and microbial community composition (31–33).
This pattern did not hold for consumers, among which there
was no correlation between stream/terrestrial microbial compositional overlap and location along the transect (Fig. 3E). The
stability of consumer microbiomes might be attributable to animal physiology or behavior, since association with an animal
host might provide a greater degree of insulation from external
environments. For example, microbes inside rodent gastrointestinal tracts are more inﬂuenced by host identities than by diet
or geography (34). In addition, some highly mobile animals
(such as birds or rats) likely interact with a greater geographic
area which could result in more uniform microbiomes across
the gradient compared to those of sessile plants.
The habitat origin of a sample—stream, marine, or terrestrial—
is a robust predictor of microbiome composition (Fig. 3A), regardless
of sample type. Marine microbiomes were compositionally distinct
from terrestrial and stream samples (Fig. 3A and SI Appendix, Fig.
S2), supporting previous results that found salinity was the second
most discriminatory variable of global microbiomes (26). Microbiomes were further discriminated by environmental substrate/
trophic level (PERMANOVA [permutational multivariate ANOVA],
R2 = 0.036, P ≤ 0.001) and to a greater extent by sample type
(PERMANOVA, R2 = 0.13, all P = 0 < 001).
Microbiomes Are Compositionally Nested and Follow Foodweb
Hierarchies. In line with our third prediction, we found that

regardless of habitat type, microbiomes were nested such that
consumer microbiomes were subsets of primary producers,
which were subsets of their environmental microbiomes (Fig. 3
B–D and G). Despite the fact that the majority of ASVs were
unique to single sample types (Fig. 2A), this is largely driven by
ASVs found in low relative abundance, as is typical (7). Nestedness values also increased as rare microbes were sequentiallyculled from the dataset (SI Appendix, Fig. S8B), indicating
stronger overlap among the more abundant fraction of microbial diversity. High-abundance microbes also have the highest
co-occurrence values and therefore the greatest probability of
transmitting from environment to host and vice versa. Nestedness patterns occur among microbiomes at both large and small
scales (26, 35), but our results demonstrate a correlation
between this nestedness topology and the organization of foodwebs that is consistent, to some degree, across habitats (Fig. 3
B–D and SI Appendix, Fig. S8).
Despite this robust and constant pattern, the degree of specialization varied among habitats (Fig. 3 F and G). Terrestrial microbiomes were more specialized (Fig. 3F) and less nested than those
of stream or marine habitats (Fig. 3G). We suspect that the liquid
matrix of aquatic habitats is more hospitable and results in higher
rates of dispersal and mixture of microbes, leading to signiﬁcantly
lower speciﬁcity and higher nestedness compared to dry land. An
alternative, and nonexclusive, hypothesis is that liquid may
diminish some of the physicochemical differences among sample
types (such as pH or temperature) that would otherwise result in
more speciﬁc, structured microbiomes within a foodweb. This
convergence among aquatic microbiome network properties
stands in contrast to the fact that stream microbiomes are more
compositionally similar to terrestrial microbiomes (Fig. 3A and SI
Appendix, Fig. S2), an indication that differences in network-level
microbial speciﬁcity between liquid and land might be the result
of abiotic forces affecting dispersal in addition to (or instead of)
innate microbial traits conferring specialization (33). Measured
differences between liquid and land network topologies raise an
https://doi.org/10.1073/pnas.2204146119
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Fig. 3. Microbial community differentiation across habitats and trophic levels. (A) NMDS plots of the reduced dataset containing n = 1,410 samples, colored
fungus, ~ salt water, 䊉 fresh water). (B–D) Nestedness of matrices subsetted to contain
by habitat; shapes indicate EMPO 2 ontology (“ animal, | plant,
equal numbers of samples and sequences. Columns are ordered by richness (in all cases, environmental samples [Env] > primary producers [Prod] > consumers [Con]); rows (ASVs) are ordered by occurrence across the environmental/trophic categories. WNODFc values: B = 44.3, C = 53.04, D = 47.29. (E) BrayCurtis dissimilarity between paired stream and terrestrial site samples decreased along the transect, but consumer microbiomes did not. Mean Bray-Curtis
dissimilarity between stream and terrestrial microbiomes within sites are shown as points, colored by environmental/trophic level. Bray-Curtis values are
shown as logit-transformed values. Fit lines are predictions from the GAM used to model these data. (F) Distributions of (n = 21) plot-level bipartite network
speciﬁcity with samples grouped by habitat. Boxplots are as in Fig. 2. Pairwise P values are shown between habitats (Tukey honestly signiﬁcant difference).
Cartoon diagrams along the y axis demonstrate extremes of network topologies ranging from H2 = 0–1. “Mar” indicates marine, “Str” indicates stream, “Terr”
indicates terrestrial. (G) Distributions of plot-level nestedness (WNODFc) grouped by habitat; cartoon Euler diagrams demonstrate extremes of nestedness
ranging from 0 to 100.

important point about the extent to which our results might
extend to less connected ecosystems (e.g., deserts or glaciers).
Understanding these constraints requires higher replication than
what a single model watershed might provide.
The largest deviation from a perfectly nested topology is
attributable to unique microbial diversity among primary producers, particularly in terrestrial habitats (Fig. 3D). Plant
microbiomes are partitioned by their location above- or belowground, and leaves, in particular, demonstrate high variability
(although low within-sample richness) compared with other
plant parts (35). This, combined with self-inoculation via litter
fall (36), vertical transmission (37), and obligate-coevolved
symbioses (38), might all contribute to a signiﬁcant fraction of
the plant microbiome that is unique from other hosts and environments. Although consumers may possess some of these same
mechanisms, they appear to contain lower modularity overall.
Local Distributions of Microbes Predict Their Global Distributions.

We found strong support for our fourth prediction, that a
microbe’s local niche breadth can predict its global distribution.
Although modeling the degree of microbial overlap among
guilds or habitats is useful for identifying microbiome sources,
it does little to predict the composition of microbes they contain. Because of the high host, habitat, and environmental
diversity of our model ecosystem, our study affords a unique
6 of 9
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opportunity to measure niche breadth (deﬁned here as either
the number of sample types occupied by a microbe [Fig. 4A]
or a microbe’s elevational range within the watershed; SI
Appendix, Fig. S3). Using the Earth Microbiome Project database as a reference, we found that local occurrence is a useful
predictor of global microbial distributions. The global distribution of a microbe (measured as latitudinal range) that occurs
among all sample types in our study system, was, on average,
more than twice that of a microbe occurring in a single sample
type (Fig. 4A). This relationship indicates an important opportunity, and constraint, for microbiome engineering since the
most generalist microbes within a given location are also the
most transportable around the world. The relationship also
illustrates the interplay between host/environmental specialization, patch dynamics, and microbial distributions. For example,
globally distributed microbes (in our dataset, dominated by
members of the Gammaproteobacteria and Alphaproteobacteria) (SI Appendix, Figs. S2 and S11) might use a wide variety of
hosts and substrates as stepping-stones to enable stepwise dispersal over large distances and across disjunct habitats.
We also found signiﬁcant differences between the mean latitudinal range of microbial ASVs in different habitats in the Waimea
watershed. The average latitudinal range of a microbe was comparable between terrestrial and stream habitats; however, the average
range size of microbes in marine systems was signiﬁcantly smaller.
pnas.org
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Fig. 4. Local sample breadth predicts global distributions of microbes. (A) Violin contour densities of latitudinal range in the EMP dataset, binned by
the number of EMPO 3 categories in which ASVs occur in Hawaiʻi. Data depicts all ASVs found in both the Hawaiʻi and EMP datasets (n = 116,507). Quantile
box plots are overlaid as in Fig. 2) The line tracks the mean. (B) Histograms indicate the proportion of ASVs from the combined dataset (n = 1,911,880)
unique to the Hawaiʻi dataset (local) as a function of EMPO 3 category breadth. (C) Latitudinal ranges of ASVs differed signiﬁcantly by habitat (ANOVA F =
1,279, P > 0.0001, Tukey post hoc all pairs P < 0.0001). (D) Marine samples contained the highest percentage of local ASVs.

While this might indicate a fundamental difference between dispersal ability or niche breadth of microbes among these habitats,
other factors might account for this difference. First, the geographic ranges of marine hosts might be more limited than those
sampled on land or in streams. Second, the fact that terrestrial
and stream microbiomes were sampled along a strong elevation
gradient might have contributed to their increased range size
overall. The positive relationship between a site’s elevation at
Waimea and the global range size of microbes it contains (SI
Appendix, Fig. S3B) is congruent with an extension of Rapoport’s
rule (39) that suggests because residents of higher elevations are
subject to a greater seasonal and diurnal breadth of climatic conditions than those at sea level, they should occur over greater latitudinal extents. In contrast, marine microbes were sampled at a
single, tropical location with comparatively little diurnal or seasonal variance. Studies show that pelagic marine bacteria from
the tropics have the smallest ranges (3, 40), and we might expect
that samples collected from higher latitudes would have larger
range sizes.
Our study highlights
the interconnectedness of hosts and environments that is overlooked when microbiomes of ecosystem components are examined in isolation. Our landscape-scale study demonstrates that
across major habitat divides and steep abiotic gradients, environmental microbiomes are taxonomically rich relative to those
associated with hosts, and are potentially a signiﬁcant source
pool for microbiomes throughout foodwebs, particularly in
aquatic habitats. We anticipate that these linkages are important in similarly connected landscapes at much broader geographic scales. Our results provide a useful and important
framework to understand microbiome dynamics from individual hosts to entire ecosystems as structured within their respective foodwebs. We provide evidence for the contribution of
the environment to microbiome compositional stability and

A Watershed as a Microbial Mesocosm.

PNAS

2022

Vol. 119

No. 33

e2204146119

stepwise dispersal, which might hold the key to harnessing
microbiomes for beneﬁcial engineering and restoration efforts.
Materials and Methods
Sample Collection and Library Preparation. Plots were selected along the
gradient for their accessibility, spacing, and adjacency of suitable stream and terrestrial habitat. Plots were delineated as 20-m-diameter circles in terrestrial and
marine habitats, and 100 m stretches along the perennial Kamananui stream.
Biological samples were collected using a stratiﬁed random design balancing
sample types and approximating trophic web abundance distributions (SI
Appendix, Methods and https://www.protocols.io/view/waimea-ﬁeld-samplingcadbsa2n). DNA was extracted using sample-speciﬁc protocols, and negative
controls were included at random positions in every PCR and extraction plate
(19 PCR negatives, 21 extraction negatives, 2 sterile ﬁlter negatives). Samples
were sequenced across three lanes of a HiSEq. 2500 at GENEWIZ (South Plainﬁeld, NJ, USA) using 2 × 250 bp reads (SI Appendix, Methods).
Data Processing. Sequences were demultiplexed and processed using the
MetaFlowjmics analysis pipeline (41), which uses DADA2 (42) to ﬁlter lowquality reads, denoise the data, and merge forward and reverse reads. ASVs generated by DADA2 were subsequently processed using mothur (43) along with
the Silva database v138 to ﬁlter and annotate sequences. We removed potential
chimeras with VSEARCH (44). Finally, we used the LULU algorithm (45) with
default settings to collapse putative within-genome ribotype variants into a single ASV. Samples with <10,000 reads were discarded. The complete dataset
contained 1,562 samples consisting of 355,693 ASVs and a mean sequencing
depth of 96,906 +/ 89,508 (SD). Sequencing depth comprises >99% of
hypothesized ASV diversity within samples across all sample types (SI Appendix,
Fig. S1). This method does not distinguish between DNA in viable and nonviable
cells, and occurrence counts reﬂect both, potentially inﬂating the frequency of
occurrence of some ASVs (46). Mean ASV richness in negative controls (44.3)
was two orders of magnitude lower than in biological samples (1,040.8) and
represented 0.4% of the overall diversity detected in the study (1,391 ASVs out
of 355,693). A reduced version of the dataset was generated for analyses that
relied on distance matrices of entire microbial communities (ordinations, clustered heatmaps, and PERMANOVAs) to reduce computational time.

https://doi.org/10.1073/pnas.2204146119

7 of 9

Downloaded from https://www.pnas.org by 76.88.169.105 on August 15, 2022 from IP address 76.88.169.105.

Statistical Analyses. To assess adequacy of sequencing depth we calculated
rarefaction curves. Extrapolations indicated that sequencing likely captured
>99% of estimated microbial diversity, and for this reason, no normalization or
downsampling steps were undertaken on the complete dataset to account for
differential sequencing effort, and observed richness was deemed appropriate.
To rank sample type categories by their contributions to cumulative maximized ecosystem richness, each sample was downsampled to 6,000 sequences
and ten samples were randomly selected from each sample type. Sample types
were then ordered by their contribution to cumulative richness. This process was
repeated over 1,000 bootstraps to achieve a hierarchy and distribution of microbial richness.
Non metric multidimensional scaling ordinations were performed in Vegan
(47) on Bray-Curtis distances of the reduced dataset using relative abundancetransformed data. PERMANOVA analyses were calculated using type II sum of
squares on the reduced dataset using the R package RVAideMemoire (48). To
evaluate the effects of the environmental gradient, a second PERMANOVA was
used on the same distance matrix in which marine samples were excluded.
To evaluate how compositional overlap of stream and terrestrial communities
varied across the transect, we computed Bray-Curtis dissimilarity between all
pairs of stream and terrestrial samples within a site (i.e., each “Beach” stream
microbiome compared to each “Beach” terrestrial microbiome). These values
were analyzed using GAM beta regression, parameterized for 1-inﬂated data,
using both geographic position and trophic guild as predictors (SI Appendix,
Methods).
To evaluate patterns of nestedness, we created a series of matrices in which
samples were summed by sample types and separated by site location and habitat. These contingency tables were used to create bipartite networks in order to
calculate network indices WNODF (an implementation of nestedness metric
based on overlap and decreasing ﬁll that is weighted by sequence abundance)
and H2. The WNODF (49) indicates the average proportion of a lower richness
subset that is contained in a higher richness subset, weighted by abundance,
when all pairwise combinations of subsets in a network are considered. The analysis can be partitioned into “columns” (a measure of compositional overlap of
samples, rows (a measure of overlap of incidence of ASVs), or a combination of
the two. Because we were most interested in compositional redundancies among
microbiomes and sample types, we chose to restrict the analysis to columns. Values for WNODFc range from 0 (no nestedness) to 100 (perfect nestedness). To
evaluate specialization of the same networks, we calculated the H2’ index (50),
which is a network-wide measure of interaction specialization among hosts and
symbionts. The index calculates the extent to which species interaction deviates
from random association with potential network members. The index ranges
from 0 (no specialization) to 1 (perfect specialization). WNODFc and H2 values
were compared among habitats using a one-way ANOVA.
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To evaluate how EMPO 3 occupancy in Waimea predicts global distributions,
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