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Host-associated microbiomes are predicted
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Abstract

Background: Host-associated microbiomes, the microorganisms occurring inside and on host surfaces,
influence evolutionary, immunological, and ecological processes. Interactions between host and microbiome
affect metabolism and contribute to host adaptation to changing environments. Meta-analyses of host-
associated bacterial communities have the potential to elucidate global-scale patterns of microbial community
structure and function. It is possible that host surface-associated (external) microbiomes respond more
strongly to variations in environmental factors, whereas internal microbiomes are more tightly linked to host

factors.

Results: Here, we use the dataset from the Earth Microbiome Project and accumulate data from 50 additional
studies totaling 654 host species and over 15000 samples to examine global-scale patterns of bacterial
diversity and function. We analyze microbiomes from non-captive hosts sampled from natural habitats and
find patterns with bioclimate and geophysical factors, as well as land use, host phylogeny, and trophic level/
diet. Specifically, external microbiomes are best explained by variations in mean daily temperature range and
precipitation seasonality. In contrast, internal microbiomes are best explained by host factors such as
phylogeny/immune complexity and trophic level/diet, plus climate.

Conclusions: Internal microbiomes are predominantly associated with top-down effects, while climatic factors
are stronger determinants of microbiomes on host external surfaces. Host immunity may act on microbiome
diversity through top-down regulation analogous to predators in non-microbial ecosystems. Noting gaps in

geographic and host sampling, this combined dataset represents a global baseline available for interrogation

by future microbial ecology studies.
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Background
“A memory-based immune system may have evolved in
vertebrates because of the need to recognize and manage
complex communities of beneficial microbes.”—McFall-
Ngai 2007 [1].
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While global patterns of diversity and biogeography
have been extensively studied in animals and plants, they
are much less understood in microbes. In soil micro-
biomes, pH has been found to be a strong driver of eco-
system type [2], while in another study, environmental
microbiomes were primarily driven by salinity [3]. The
recent Earth Microbiome Project found that host micro-
biomes were distinct from environmental microbiomes,
and for hosts, ecosystem type was an important driver.
Microbiomes of plants and animals differed strongly,
and host surfaces were different from digestive-
associated microbiomes [4]. A large study examining
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skin surface microbiomes across 205 amphibian species
found strong correlations with bioclimatic factors [5],
while digestive microbiomes of mammals were influenced
by diet and gut morphology, and indeed distinct from en-
vironmental microbiomes [6]. A substantial role of biotic
interactions in shaping microbial communities was also
obvious from a strong bacterial-fungal antagonism re-
vealed by global patterns in topsoil and ocean micro-
biomes [7], a pattern also revealed on hosts [8—11].

These studies are foundational for understanding
large-scale microbial ecology patterns. Here, we use
data of host-associated bacterial communities from the
Earth Microbiome Project and 50 additional studies
that meet our criteria for inclusion to produce a large
dataset for analysis through a standardized pipeline
(Fig. 1a). We examine 654 non-captive host species in-
cluding plants, and invertebrate and vertebrate animals
and perform separate analyses for digestive-associated
(internal) and surface-associated (external) micro-
biomes from marine or terrestrial/aquatic habitats.
With an increasing diversity of hosts examined for sym-
biosis with microbes, mechanisms driving these host-
microbe interactions will become clear [12]. We hy-
pothesized that external host-associated microbiomes
would most strongly correlate with global bioclimate or
other abiotic factors, while internal microbiomes would
be more strongly associated with host factors such as
phylogeny, and trophic level or diet.

Diverse microbial communities can assemble and
coevolve with hosts and contribute important or even
essential functions for host development, physiology,
and health [13, 14]. Detrimental alterations in the
host’s microbiome, or "dysbiosis", can lead to disease;
thus, baseline descriptions of functional microbiomes
are essential [15, 16]. In the future, personalized medi-
cine may utilize the microbiome for biomarkers for
conditions of disease or health [17], and disease pro-
gression may be more readily predicted and described
by changes in microbiota than by clinical symptoms or
the presence of certain pathogenic agents [18, 19].
Functional characterization may be more meaningful
than identity in microbial community profiles due to
functional redundancy among microbes [20, 21]. How-
ever, characterizing core (prevalent among individuals)
microbial communities may also be utilized to develop
screening tools for host health or to understand eco-
evolutionary dynamics [22, 23]. Here, we hypothesized
that internal microbiomes may represent an extension
of host phenotype; rather than functioning to reduce
microbial diversity, complexity in host immune sys-
tems may be correlated with microbiome diversity
across taxa. Furthermore, host microbiomes may be
more strongly differentiated by predicted community
function than by community composition given a
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multitude of species with overlapping functional
capacities.

Meta-analysis of microbiomes through the growing
body of next-generation sequencing data represents a
new tool for ecologists and is a systematic approach to
combining the results of multiple studies and synthesiz-
ing relevant data to gain new insights [4, 24]. This tech-
nique allows the synthesis of regional- and local-scale
data to elucidate global-scale patterns of microbial com-
munity structure, function, and interaction, with indica-
tions for public health and extending to environmental
policy [25]. Meta-analysis has been increasingly recog-
nized as an important scientific approach, with many
prominent researchers proposing standards for, and en-
couraging, its continued widespread use [25-27]. Hu-
man microbiomes have been the target of several meta-
analyses, revealing insights that indicate microbial in-
volvement in health as well as disease [28], and deter-
mining core microbiota associated with body sites [29].
Some meta-analyses have synthesized data in order to
investigate disease, physiologic, and developmental states
with large effect sizes [30, 31]. Meta-analyses of non-
human host taxa have found a potential link of conver-
gent microbial symbioses between fish and mammals
with salinity and trophic level being important drivers of
fish gut microbiomes [32]. While diet also impacts mam-
mal gut microbiomes [6], a study of 18 wild non-human
primates indicated that the influence of host physiology
and phylogeny was much stronger than diet [33]. Host
selection also was found to be more important than diet
or captivity status in avian guts [34]. Some key questions
for microbiome meta-analyses are featured in Table 1,
and while host-microbiome datasets are accumulating
with time (Fig. 2), knowledge gaps are identified includ-
ing gaps in regions sampled (Fig. 1b) and host groups
with unstudied microbiomes (Fig. 3). Importantly, the
eukaryotic and viral components of the microbiome re-
main a research frontier. The bacterial microbiome data-
set and metadata accumulated here is a public resource
and may provide future eco-evolutionary, veterinary, or
medical insights. As an example, we investigate the bio-
climatic correlates of the abundance of an arthropod
symbiont that is increasingly important for disease vec-
tor control (Wolbachia [59, 60]) across the global dataset
we assembled.

Results

After combining microbiome datasets targeting the V4
region of 16S rRNA gene obtained from Illumina plat-
forms and using a standard analysis pipeline (Fig. 1a)
[61] to identify sub-Operational Taxonomic Units
(sOTUS), or unique sequence variants [27], we were able
to compare data from 654 host species distributed glo-
bally. Samples ranged from 46 countries in 7 biomes and
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Fig. 1 Method schematic and geographic distribution of samples analyzed. a Method schematic for data attainment and compilation, data
processing, and data splitting into three distinct subsets for subsequent analyses. b Map of the coverage of samples included in this study. Three
types of host microbiome samples are represented: internal (squares), external (triangles), and marine external (circles). Sampling points are color-
scaled by sub-Operational Taxonomic Unit (sOTU) richness. Areas with small territory size (such as Central America and Hawaiian Archipelago) and
many sampling points with different types of samples (Madagascar) are shown zoomed-in in separate boxes. Map created with QGIS (Quantum
GIS Development Team 2013) using a base global map from Natural Earth (naturalearthdata.com) with all geographic coordinates standardized to

from hosts including marine sponges 490 m below the
sea surface to bar-headed geese at 3955 m elevation in
the Himalayas. While representing a global sampling of
hosts, visual inspection of the map of global distribution
of samples suggests that hosts from much of Africa and
Asia are underrepresented (Fig. 1b), and many
eukaryotic clades have not been sampled, thus providing
ample opportunities for future research (Fig. 3). We sub-
set the 15,790 samples into 3 non-overlapping groups

for separate analyses: internal (N =741 samples), exter-
nal (N=1193), and marine external microbiomes (N =
266; Table 2, Fig. 1a). Given what has already been de-
scribed by the Earth Microbiome Project, separate ana-
lyses are warranted based on host ecosystem type
(marine as distinct from terrestrial/aquatic) and host in-
ternal or external body site [3].

For marine organisms, our analysis was limited to avail-
able external samples. For terrestrial/aquatic organisms,


http://naturalearthdata.com

Woodhams et al. Genome Biology (2020) 21:23

Table 1 Outstanding questions in host-microbiome research.
Host-microbiome research is an emerging field. Knowledge gaps
include the eukaryotic and viral components of the microbiome
[35-37], novel bacterial clades and uncultured microbes [38-40],
and large gaps in the geography and host taxa sampled for
microbiome studies. Most studies to date have focused on
human or other mammalian gut microbiomes, agricultural plants,
and fish studies focused on aquaculture, leaving other vertebrate
and invertebrate hosts underrepresented. Wild samples are
needed to overcome alterations due to captivity [41, 42]. Recent
efforts to place microbiomes within a macroecology context
described patterns across scales [43], or metacommunity or
community ecology contexts to learn about microbial migration
[44, 45], community assembly and succession [46], and functions
for host health [12, 47-49]

Frontiers in host-microbiome research

1) Are there dormant and active microbiome subsets of the host
microbiome, and how do these subsets change with environmental
conditions [50]? How does microbial antagonism and interaction protect
hosts or facilitate host invasion [11]?

2) What are the effects of environmental change on colonization,
dysbiosis, or adaptive microbiomes? Do abiotic conditions have stronger
effects on ectotherms compared with endothermic hosts? Are microbial
therapies effective [17, 51-53]?

3) What is the significance of core (stable through time and prevalent
among individuals) vs peripheral (transitory or rare) microbiomes or
gene functions including metabolic pathways in host populations, and
is there a trade-off or shift in core microbiome with host immunity,
anatomy, life stage, or environmental conditions? Are core microbiomes
likely to be of use in personalized medicine or disease diagnostics? Are
core microbiomes, particularly of non-human hosts, lost with
industrialization [31, 54, 5517

4) Metabolomics and functional analyses are a research frontier; do they
require a renewed focus on culture-based research and genome se-
quencing [56-58]7

we divided analyses between internal and external sam-
ples. Internal microbiomes were primarily associated with
the digestive system or whole organism samples in the
case of insects. While the microbial communities in in-
sects can differ with surface or organ sampled, for the sake
of our analysis, we classified whole organism tissues as in-
ternal (Fig. 1a). This is consistent with descriptions of gut
microbiomes driving the community structure of whole-
organism samples [62], and the lower quantity of bacterial
cells on human skin vs. large intestine, for example [63].
External microbiomes were sampled from host surfaces
including the skin, gill, or leaves, and analyzed separately.
We assembled an extensive collection of metadata for
each sampled host, including host taxonomy, life stage,
trophic level, and body site sampled, as well as environ-
mental factors for each sampling location such as
macroclimate metrics of temperature and precipitation,
land cover, and elevation. We then visualized the domin-
ant microbial taxa from each host class separately by
host habitat and body region (internal, external; Fig. 4,
Additional file 1: Figure S3), and performed analyses of
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alpha and beta diversity metrics. Results of all analyses
can be reproduced with the data included in Add-
itional files 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, and 12 (see the
“Methods” section and Additional file 1 for a description
of the data files provided), or re-analyzed in the future
as bioinformatics techniques continue to improve.

To analyze alpha diversity, including richness (num-
ber of sOTUs) and phylogenetic diversity of sOTUs,
we carried out model selection (Additional file 1:
Table S1), resulting in a reduced set of variables for
inclusion in downstream path analyses: a temperature
metric and a precipitation metric, normalized differ-
ence vegetation index (NDVI), and host phylogeny
and trophic diet. Path analysis was used to test for
the magnitude and significance of hypothesized causal
connections and to determine direct vs. indirect influ-
ences on alpha diversity. Separate path models were
run to examine how variables interacted to impact
microbiome phylogenetic diversity or richness and
were performed separately for internal and external
microbiomes (Fig. 5). Latitude was excluded from
path analyses because of multicollinearity with cli-
matic variables (analyzed separately in Additional file 1:
Figure S2).

Patterns of beta-diversity were analyzed by permuta-
tional analysis of variance (PERMANOVA) to deter-
mine variables of greatest importance in structuring
the microbial communities (Additional file 1: Table
S2). Internal microbiomes were most significantly
structured by host class (explaining 14% of the vari-
ation), as well as trophic diet, several bioclimatic fac-
tors, latitude, elevation, and NDVI (Additional file 1:
Table S2). A principal coordinates analysis illustrates
clustering of internal microbiome by host class and
depicts the higher microbial diversity found in sam-
ples of mammals, amphibians, birds, and non-avian
reptiles (crocodile and iguana) as compared to insects
and carnivorous plants (Fig. 6a; Additional file 1: Ta-
bles S2, S3). External microbiomes were structured
most strongly by bioclimatic factors (bioclim2 and
bioclim15 explaining 60% and 7% of variation, re-
spectively), as well as external habitat type (5%) as
compared to host class (not significant; Add-
itional file 1: Table S2). Bioclim2 is a measure of
mean diurnal temperature range and most signifi-
cantly structured the external microbiome (Fig. 6b,
Additional file 1: Figure S3). Because our dataset was
heavily filtered to standardize sampling among host
species and locales, we verified that we retained
power to detect previously described patterns. For ex-
ample, four human populations included in the data-
set recapitulated previously described patterns
including greater gut microbiome diversity in develop-
ing countries ([64]; Additional file 1: Figure S4).
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Because host class had the strongest association with
the internal microbiome structure, we examined this re-
lationship in greater detail, hypothesizing that predicted
function may provide further discrimination. We used
PICRUSt (Phylogenetic Investigation of Communities by
Reconstruction of Unobserved States) to examine func-
tional properties of the internal microbiome [21]. We
characterized the accuracy of this tool by comparing the
weighted Nearest Sequenced Taxon Index (weighted
NSTI) score across host classes and filtering samples
above the cutoff score of 0.06 (Additional file 1: Figure
S5). The major functional categories across host taxa in-
cluded membrane transport, amino acid metabolism,
and carbohydrate metabolism (Additional file 1: Figure
S6). Functional capacities of the internal microbiomes
were structured by similar variables as the microbial
communities including host class (explaining 13% of
variation) as well as trophic diet, bioclimate variables,
latitude, elevation, and NDVI (each explaining less than
5% of variation; Additional file 1: Table S2). Trophic diet
was a significant factor of ecological interest, though
explaining little variation. Some host taxa including Am-
phibia and Teleostei demonstrate developmental shifts
in both trophic level and microbiome [46, 65-67]. A
phylogenetic tree of internal microbiome phyla illus-
trated potential trends by host trophic level/diet in
abundance of major groups such as decreasing Proteo-
bacteria and increasing Firmicutes at higher trophic
levels (Fig. 7). Profiles of carnivorous plants were distinct
from animal carnivores. Shifts in major classes with four
bacterial phyla are illustrated in Fig. 7b.

Eco-evolutionary patterns in immune complexity were
examined to test a mechanistic hypothesis explaining
trends in host microbiome diversity. Hosts with adaptive
immune systems had significantly greater microbiome
richness and phylogenetic diversity than hosts with only
innate immunity (Wilcoxon, P<0.001; Fig. 8a). Com-
plexity of host immune systems at a broad level was cor-
related with microbiome diversity (Fig. 8b). While
strongly correlated with host phylogeny, the complexity
of adaptive immune systems across hosts based on a re-
view by Flajnik [68] was developed into a matrix and
score for each host class (Additional file 1: Table S3). In-
clusion of the scale of adaptive immune system com-
plexity in the path model for internal microbiomes
indicated a significant direct association with microbial
phylogenetic diversity (Fig. 9).

The role and maintenance of core members of host
microbiomes remains a research frontier, and we
hypothesize a trade-off between immune complexity
and abundance of core microbes defined specifically
at the strain level (Table 1). A preliminary analysis
based on a permissive definition of core bacteria (80%
prevalence among samples) is presented in Add-
itional file 1: Table S3.

The dataset we assembled provides a broad overview
of factors driving host microbiome structure, function,
and diversity (Figs. 4, 5, and 6). It also provides a re-
source for comparative microbial ecology. As an ex-
ample of its utility, we scrutinized the dataset for global
trends in the distribution of Wolbachia, a genus of com-
mon Gram-negative bacteria known to be reproductive
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parasites and serving as mosquito disease vector control
agents; our data confirm these bacteria being mainly
present in insects (Table 3) and find them most abun-
dant in cool environments of the globe (Fig. 10). At a
global scale, we thus describe novel patterns and lay the
groundwork for future mechanistic studies on host-
microbiome interactions.

Discussion

The assembly and composition of host-associated micro-
biomes are attendant with forces of ecology, evolution,
host physiology, and immune function. Here, we exam-
ine microbiomes from 654 host species and begin where
our current understanding trails off. That is, at the
broadest scale, microbiomes can be differentiated first by
free-living or host-association according to the Earth

Microbiome Project Ontology ([4]; Additional file 1: Fig-
ure S1), likely driven by both biotic and abiotic pres-
sures. Salinity has a large effect on free-living
microbiomes [4], and here, we analyze microbiomes on
external host surfaces of marine organisms separately
from those of terrestrial and aquatic hosts. Many other
factors influence or interact with host microbiomes, and
here, we examine whether these factors differ depending
on whether the microbiome is from external host sur-
faces such as leaves, gill, or skin, or is internal to the
host, including communities in the digestive and repro-
ductive systems. Host immune complexity, though
strongly correlated with host phylogeny, appears to in-
fluence both internal and external microbiomes in terms
of diversity and community structure (Figs. 8 and 9). In-
deed, internal microbiome phylogenetic diversity had a
weak direct path from host phylogeny, but a strong
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Table 2 Summary statistics and metadata fields for the full dataset, partitioned for analyses by internal or external microbiomes of
terrestrial and freshwater host organisms

Metadata field Description Full dataset Internal External Marine_
external

Samples sample runs included in this study 15,790 741 1193 266

sOTU exact sequence variants (sub-operational taxonomic units) 175,709 17,5447 284107 5077°

Publications (by doi)  digital object identifier accession number of published studies 51 23 13 6

Host Kingdom https://www.itis.gov or http://www.eol.org 2 2 2 2

Host Phyllum https://www.itis.gov or http://www.eol.org 8 3 2 4

Host Class https.//www.itis.gov or http://www.eol.org 16 7 5 8

Host Order https://www.itis.gov or http://www.eol.org 80 26 23 27

Host Family https.//www.itis.gov or http://www.eol.org 177 65 52 45

Host Genus https.//www.itis.gov or http://www.eol.org 427 171 106 58

Host species name full scientific name of host organism 654 204 239 78

Host taxid taxa id number for the host species from NCBI Taxonomy 640 197 236 78
Browser

Collection timestamp  date of sampling in DD/MM/YYYY format 1069 143 173 108

Countries country from which samples were collected 46 26 18 20

Latitude range (deg) latitude in decimal degrees -4353 to -37.94 t0 60.17 -39.84 to -43.14 to

60.17 5228 5173

Longitude range longitude in decimal degrees -157.79t0  -121.79 to 152.31 -122.83 to -157.79 to

(deg) 174.83 13894 174.83

Elevation range (m) GPS coordinates used to estimate elevation if not stated in -490 to -3 to 3955 17 to 3837 -490 to 25
study 3955

microbial_habitat_ internal, external, and whole organism 3 internal and whole external external

type organism

internal_habitat_type digestive-associated, oral, nasal, lung, reproductive, leaf 8 1 n/a n/a
internal, root internal, and n/a

digestive_habitat_ foregut, fecal, cloacal, intestine, stomach, other and n/a 7 5 n/a n/a

type

external_habitat_type leaf surface, root surface, animal surface, gill, and n/a 5 n/a 4 3

surrounding_habitat  freshwater, marine, terrestrial 3 freshwater, freshwater, marine

terrestrial terrestrial

lifestage adult, juvenile/pupae, larvae, and infant 4 4 3 2

sampling_month month when the samples were collected 12 12 12 12

trophic_diet scaled O=primary producers, 1=herbivore, 2=omnivore, 3= 5 5 n/a n/a
carnivore, 4=detritivore/scavenger

preservation_method sample storage by direct freeze, ethanol, RNA-later, or other 4 4 3 2

extraction_method name of DNA extraction kit 15 5 6 2

biogeo_realm https://en.wikipedia.org/wiki/Biogeographic_realm 7 6 5 4

Worldclim2 http://worldclim.org/version2; Fick et al 2017 n/a 8 8 n/a

bioclimatic variables

Marine geophysical http://marspec.weebly.com/abouthtml; Sbrocco et al 2013 n/a n/a n/a 11

variables

Immune Complexity inferred from host class information n/a 2 2 n/a

(binary)

Immune Complexity  scale based on Flajnik et al 2018; n/a 1-9 1-9 n/a

(ordinal)

#sOTUs after rarefaction at 1000 reads per sample
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indirect path from host phylogeny through immune
complexity (Fig. 9).

Our analysis revealed that internal (digestive-associated)
microbiome diversity was predominantly shaped by host
factors, while external (surface-associated) microbiome di-
versity was strongly associated with normalized difference
vegetation index (NDVI) and some climatic factors such

as precipitation of the warmest quarter (Bioclim18; Fig. 5).
Similarly, a recent study of amphibian skin microbiomes
found higher diversity on hosts in environments with
colder winters and less stable thermal conditions (i.e.,
temperate regions [5];). Thus, increasing climatic variabil-
ity appears to promote coexistence and diversity of exter-
nal microbiomes, perhaps through ecological succession
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or dormancy mechanisms [5]. Nottingham et al. [69]
found that both plant diversity and soil microbiome diver-
sity follow temperature (and elevation) gradients at a re-
gional scale with more species under warmer conditions.
At a global scale, the external plant microbiome richness
was also negatively correlated with elevation (Pearson’s
correlation, N =85, r=-0.324, P=0.002), but mean an-
nual temperature was not significantly correlated with
these plant microbiomes (r = - 0.174, P =0.111). Path ana-
lysis of our external microbiome dataset containing 33
plant host species did not show a significant effect of
temperature on microbiome richness, but rather greater
diversity with lower NDVI (Fig. 5). While host factors did
not play a significant role in external microbiomes at the
global scale, they can be important divers of host micro-
biomes locally (e.g., [70]).

Internal microbiome diversity was most strongly driven
by host factors including host phylogeny and, to a weaker
extent, diet or trophic level (Figs. 4, 5, and 6). Similarly, a
study focused on non-human primates found that host
phylogeny had a larger impact than dietary niche on gut
microbiomes [33]. This finding is also supported by stud-
ies in other taxa including larval amphibians and aquatic
invertebrates [71]. Previous studies found a more promin-
ent role of host diet in shaping the gut microbiome [72,
73], particularly within clades such as lizards [74], fish [32,
67, 75], birds [76, 77], or mammals [78]. Captivity may
produce bottom-up effects on microbiomes by altering
environmental conditions and diets from field conditions
[41]. Our data mirror macroecological patterns (e.g.,
Paine’s keystone predation [79];) and suggest that bottom-
up processes of nutrient conditions shaped by host diet
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