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How the microbiome interacts with hosts across evolutionary time is poorly under-
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stood. Data sets including many host species are required to conduct comparative
analyses. Here, we analyzed 142 intestinal microbiome samples from 92 birds belonging to 74 species from Equatorial Guinea, using the 16S rRNA gene. Using four
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definitions for microbial taxonomic units (97%OTU, 99%OTU, 99%OTU with single-
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between the microbiome as a trait of a host species and the underlying bird phy-

tons removed, ASV), we conducted alpha and beta diversity analyses. We found that
were largely consistent across data sets. Host taxonomy, diet and locality were significantly associated with microbiomes, at generally similar levels using three distance
metrics. Phylogenetic comparative methods assessed the evolutionary relationship
logeny. Using multiple ways of defining “microbiome traits”, we found that a neutral
Brownian motion model did not explain variation in microbiomes. Instead, we found
a White Noise model (indicating little phylogenetic signal), was most likely. There was
some support for the Ornstein-Uhlenbeck model (that invokes selection), but the
level of support was similar to that of a White Noise simulation, further supporting
the White Noise model as the best explanation for the evolution of the microbiome
as a trait of avian hosts. Our study demonstrated that both environment and evolution play a role in the gut microbiome and the relationship does not follow a neutral
model; these biological results are qualitatively robust to analytical choices.
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1 | I NTRO D U C TI O N

While we are beginning to appreciate the importance of the microbiome in a diversity of host taxa (Engel & Moran, 2013; Givens,

A microbiome is the collection of microorganisms that live in a par-

Ransom, Bano, & Hollibaugh, 2015; Hird, Sánchez, Carstens, &

ticular environment (Whipps, Lewis, & Cooke, 1988). The vertebrate

Brumfield, 2015; Spor, Koren, & Ley, 2011; Wang, Brelsfoard, Wu, &

gut microbiome can be involved in host health, physiology, develop-

Aksoy, 2013), we lack microbiome information for the vast majority

ment, and adaptation (e.g., Al-Asmakh et al., 2014; Alberdi, Aizpurua,

of host species and have a poor understanding of the evolutionary

Bohmann, Zepeda-Mendoza, & Gilbert, 2016; Cho & Blaser, 2012;

and ecological processes relevant to microbiome composition and

Diaz Heijtz et al., 2011; Kohl, Varner, Wilkening, & Dearing, 2018).

function, especially in wild organisms and non-model taxa.

Capunitan and Hird contributed equally to the work.

on mammals (Colston & Jackson, 2016). However, mammals have

Most of our knowledge of gut microbiomes comes from studies

Molecular Ecology. 2020;00:1–19.

wileyonlinelibrary.com/journal/mec
© 2020 John Wiley & Sons Ltd

|

1

2

|

CAPUNITAN et al.

adaptations that affect their microbiomes, specifically live birth

microbiome could be defined as a host trait in many ways, as this is

through the vagina (except for Monotremes) and milk (Cho & Blaser,

a complex community that can be summarized using many diversity

2012; Dominguez-Bello et al., 2010). Birds are a globally distributed

and compositional measures (e.g., relative or absolute abundance

class of organisms that comprise ~15% of vertebrate species, yet in

of bacterial taxa, alpha diversity metrics, relative or absolute abun-

2015 wild birds comprised only 0.6% of the vertebrate microbiome

dance of functional gene pathways). For this study, we used nine

literature (Colston & Jackson, 2016). Birds have their own set of ad-

microbiome traits: the average relative abundance of the six most

aptations that could affect and/or be affected by the microbiome.

abundant bacterial phyla, one measure of alpha diversity, and two

For example, all birds lay eggs that hatch in nests; nests range from

measures of beta diversity. Importantly, many traits are not inde-

minimalistic (e.g., slight depressions on the ground, bare rocks) to

pendent of phylogeny and this relationship must be accounted for

elaborate (e.g., the bowers of bowerbirds, communal nests of weav-

to understand trait evolution (Felsenstein, 1985). Since Felsenstein

ers). The nest, eggs, nestlings and parents form a complex and unique

published the phylogenetic comparative method (PCM), many mod-

microbial network: nest building influences parental feather micro-

els have been proposed for the evolution of traits on phylogenies.

biome (Kilgas, Saag, Mägi, Tilgar, & Mänd, 2012) and nest materials

Comparison of the fit of these different models of evolution for

influence eggshell microbiomes and nestling development (Jacob

different traits (Pennell & Harmon, 2013) can allow for statistical

et al., 2015). Cross-fostering experiments show that the nest can

comparison of phylogenetically nonindependent traits, as well as

significantly affect nestling microbiome (Teyssier, Lens, Matthysen,

give insight into the patterns of evolution of traits. Trait values at

& White, 2018). Parental care by birds also regulates microbes: egg

the tips of a phylogeny are used to infer the state of the most recent

incubation influences bacterial pathogen load on eggs (Brandl et al.,

common ancestor. Models of evolution are then applied to that ini-

2014); nestling faecal sacs are coated in a mucus that allows parents

tial trait value across the length of the tree to predict trait values at

to easily remove nestling faeces and prevents contamination of the

the tips under different models. Comparison between the expected

nest with harmful bacteria (Ibáñez-Álamo, Ruiz-Rodríguez, & Soler,

values and the actual values provides support for a model, thereby

2014) and parental saliva (during feeding) can vertically transmit es-

indicating which evolutionary processes may be responsible for the

sential microbes to offspring (Kyle & Kyle, 2004). Many notable bird

observed patterns.

adaptations are also related to the microbiome. The low diversity of

The major evolutionary processes we were interested in dis-

vultures' gut microbiomes may allow them to competitively exclude

tinguishing were neutrality and selection. We tested four differ-

pathogens residing on their carrion-based diet (Roggenbuck et al.,

ent models to study host-microbiome evolution: Brownian motion,

2014). The folivorous diet of the hoatzin is facilitated by an enlarged

Ornstein-Uhlenbeck, Early Burst, and White Noise. Brownian mo-

crop that houses bacterial communities that digest leaves in a man-

tion models are frequently used as neutral models of trait evolu-

ner that is convergent to a cow's rumen (Godoy-Vitorino et al., 2012,

tion; conceptually, they are a “random walk” that allows a trait to

2008). Birds exhibit immense diversity in their diets, behaviours,

be influenced by many small, random forces. A neutral model will

and ecologies. Unsurprisingly, they also exhibit diversity in their

explain a trait's contemporary values on a phylogenetic tree when

microbiomes. Bird microbiomes appear to be dominated by a small

it has diverged at a rate consistent with random mutations and

number of bacterial phyla, namely Proteobacteria, Firmicutes, and

drift only; for example, body size within many clades of birds fits a

Bacteroidetes (Grond, Sandercock, Jumpponen, & Zeglin, 2018; Hird

neutral model best (Harmon et al., 2010). The Ornstein-Uhlenbeck

et al., 2015; Waite & Taylor, 2014) and are influenced by environ-

model (Uhlenbeck & Ornstein, 1930) is also a “random walk” model

ment (Wienemann et al., 2011), geographic location (Hird, Carstens,

but with some degree of pull towards a local optimum or multiple

Cardiff, Dittmann, & Brumfield, 2014), diet (Rubio et al., 1998), age

optima (i.e., selection). This model has found support in the study

(Grond, Lanctot, Jumpponen, & Sandercock, 2017; Teyssier et al.,

of quantitative traits and gene expression because it incorporates

2018; Van Dongen et al., 2013), and host genetics (Kropáčková et al.,

both drift and selection (Rohlfs, Harrigan, & Nielsen, 2014). Early

2017). Despite this, little is known about the role of the microbiome

Burst models test for an early burst of rapid evolution that slows

in avian evolution.

over the length of a tree as niches become filled, akin to adaptive

Understanding the role of the microbiome across host evolution

radiation (Harmon et al., 2010). This model may be supported by

is a difficult task. Phylosymbiosis has been proposed as an ecoevo-

microbiome data, as microbial taxa within gut microbiomes dis-

lutionary test for congruence between host species and microbiome

play phylogenetic patterns consistent with adaptive radiations

divergence (Brooks, Kohl, Brucker, van Opstal, & Bordenstein, 2016).

(Ley, Peterson, & Gordon, 2006). The last model we tested was

However, phylosymbiosis is agnostic to mechanism. Additional

the White Noise model wherein the contemporary values of a trait

methods exist for determining the relationship between host phy-

appear to be a random draw of trait values with no relationship

logeny and the microbiome (e.g., using simulations in Mazel et al.,

to phylogeny. This could be the case when a trait evolves very

2018; Mantel tests in Pollock et al., 2018; multiple regression tests

quickly (i.e., along the branches of the phylogeny) or when a trait is

in Youngblut et al., 2019); however, the evolutionary processes that

influenced strongly by the environment. Model fit can be assessed

generate the microbiome have been relatively unexplored. Here, we

using the Akaike information criterion, or AIC (Akaike, 1974), a

proposed utilizing the microbiome as a trait of a host (Benson, 2016;

statistical means of model selection. We also calculated Pagel's

Benson et al., 2010), and extrapolating that trait to host species. The

lambda (λ) (Pagel, 1999) as a measure of how well the trait values

|
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adhere to the neutral expectation of evolution along a given phy-

correlate to host taxonomy and ecology (e.g., Hird et al., 2015). Our

logeny. A λ of 0 means the phylogeny has to be reduced to a star

null hypothesis was that microbiomes would fit a neutral model of

phylogeny to fit the distribution of traits (because the data con-

evolution (i.e., the Brownian motion model).

tain no phylogenetic signal). A λ of 1 means the phylogeny fits the
trait data perfectly (because the data have been neutrally evolving
along the phylogeny).
Describing the microbiome of wild species is a basic biodiversity
goal in itself and can provide essential information for evolutionary

2 | M ATE R I A L S A N D M E TH O DS
2.1 | Sample collection

biology (Hird, 2017). Equatorial Guinea is comprised of two distinct
Afrotropical biomes; the mainland is part of the biodiverse Lower

Birds were collected from eight sites in Equatorial Guinea from 5

Guinean Forest and is contiguous with adjacent Congolese Basin

January 2016 to 2 February 2016 as part of a general collecting

forests, while Bioko Island is a continental island of the Cameroon

trip with the Louisiana State University Museum of Natural Science

Mountain Chain (Borrow & Demey, 2014). The avifauna of the coun-

(LSUMNS, n = 92, Figure 1; Table 1). Intestinal samples ranged from

try was documented by early European explorers of western Africa

~2 cm to ~8 cm. The 92 individuals belonged to 74 species, 55 gen-

(Alexander, 1903; Strickland, 1844), but subsequently received

era, 30 families and seven orders. Mist nets were used to catch birds,

little attention until recently (Cooper, Thomas, Venditti, Meade, &

which were then euthanized by rapid cardiac compression (Engilis,

Freckleton, 2016; Cooper et al., 2017; Pérez del Val, Fa, Castroviejo,

Engilis, & Paul-Murphy, 2018) and immediately prepared as museum

& Purroy, 1994). The lowland avifauna of Bioko Island is broadly sim-

specimens; fieldwork was conducted under an LSU IACUC protocol

ilar to that of mainland Equatorial Guinea though less diverse, while

15–036. Intestinal tracts were tied off, removed and stored in 95%

the montane avifauna is more closely allied to that of the mainland

ethanol within approximately 15 min of death. Specimens were col-

Cameroon Mountains (Borrow & Demey, 2014). The isolated nature

lected and transported under permits provided by the The Dirección

of the Bioko highlands has resulted in a high level of endemism that is

General de Protección y Guardería Forestal and the Universidad

less than that of more distant islands such as São Tomé and Príncipe

Nacional de Guinea Ecuatorial. Samples were stored in −20°C freez-

(Borrow & Demey, 2014). The relatively recent isolation means that

ers upon arrival at LSUMNS and remained frozen until they were

much of the population divergence is at the subspecies level. The en-

thawed for extraction.

demism, combined with the small size of Bioko Island means that the
few endemic species, such as Bioko Speirops (Zosterops brunneus),
are highly range-restricted and thus vulnerable to extinction (IUCN,

2.2 | DNA extraction and sequencing

2018). Focusing on diverse, tropical communities of birds allows us
to add microbiome data to both widespread and range-restricted

DNA was extracted from the luminal contents of the intestinal tract

branches on the avian tree of life.

using Qiagen Power Faecal kits (Qiagen) following manufacturer's

Here, we characterized the gut microbiome of 92 individuals

protocols. Negative controls were included with every set of extrac-

from 74 Equatoguinean bird species using 16S rRNA gene sequenc-

tions. When a sample allowed (i.e., was large enough and in good

ing. We defined the bacterial taxonomic units in the data set in four

enough condition to subdivide), the contiguous intestine was physi-

different ways to determine the impact of these methods on biolog-

cally divided into adjacent subsamples; those samples were labelled

ical conclusions. The first two ways used a genetic similarity cutoff

with the suffixes A, B, C, D, representative of their physical relation-

to define operational taxonomic units (OTUs) at 97% and 99% sim-

ship to one another (i.e., A was the first piece, B second, C third, D

ilarity; the third way was the 99% OTU data set with all singletons

fourth).

removed (hereafter “99% OTU (NS)” for No Singletons). The fourth

Microbial communities from 142 samples were sequenced at

way used unique sequences as the OTUs, a technique also known as

the Microbial Analysis, Resources and Services (MARS) facility at

Amplicon Sequence Variants (ASVs) (Callahan, McMurdie, & Holmes,

the University of Connecticut. Quant-iT PicoGreen kit was used to

2017). We then estimated and compared patterns in bacterial alpha

quantify DNA concentrations. Amplification of the V4 region of the

and beta diversity. To investigate the evolution of microbiomes as a

16S rRNA gene was done using 30 ng of extracted DNA as template.

species-level trait across avian species, we used phylogenetic com-

The V4 region was amplified using 515F and 806R with Illumina

parative methods. We assessed the phylogenetic signal of various

adapters and dual barcodes (Caporaso et al., 2011; Kozich, Westcott,

microbiome traits (e.g., relative abundance of common bacterial

Baxter, Highlander, & Schloss, 2013). The PCR reaction consisted of

phyla, alpha diversity estimates) and assessed the fit of four distinct

95˚C for 3.5 min, 30 cycles of 30 s at 95.0°C, 30 s at 50.0°C and

evolutionary models on the microbiome as a trait of the hosts. Based

90 s at 72.0°C, followed by final extension at 72.0°C for 10 min. PCR

on the results of previous avian microbiome work, we expected to

products were normalized based on the concentration of DNA from

see both high intraspecific (e.g., Ganz et al., 2017; Hird et al., 2014;

250–400 bp then pooled. The pooled PCR products were cleaned

Hird, Ganz, Eisen, & Boyce, 2018) and high interspecific variation

using the Mag-Bind RxnPure Plus (Omega Bio-tek) according to the

(e.g., Hird et al., 2015; Waite & Taylor, 2014) in the microbiomes. We

manufacturer's protocol. The cleaned pool was sequenced on the

further expected that microbiome community composition would

MiSeq using v2 2 × 250 base pair kit (Illumina, Inc). PCR replicates

4
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were sequenced at random for a subset of the samples to assess

(up to the genus-level) was assigned according to current taxonomy

sequencing variation; those samples were labelled with the suffixes

(Silva v128), using the classify.seqs command and the default set-

X, Y. Negative extraction and PCR controls were sequenced with the

tings (using a k-nearest neighbour consensus and the wang method).

samples.

Chimeric sequences were detected using the VSEARCH algorithm
and removed from the data set based on abundance of unique sequences within each sample. Sequences that were not identified as

2.3 | Sequence analyses: Mothur

bacteria and those that were identified as mitochondria and chloroplasts were removed from analysis. Additional analyses (described

Raw sequences were processed and analyzed in Mothur version

below) were conducted in R (R Core Team, 2013) using the pack-

1.39.5 (Schloss et al., 2009) according to the standard MiSeq proto-

ages

col (available at http://www.mothur.org/wiki/MiSeq_SOP). Quality

Oksanen et al., 2010).

phyloseq

(McMurdie & Holmes, 2013) and

vegan

(Dixon, 2003;

control, trimming and denoising were performed following (Kozich
et al., 2013). All sequences were aligned to the Silva reference alignment database version 128 (Quast et al., 2013), using the align.seqs

2.4 | Sequence analyses: DADA2

command and the default settings (kmer searching and NeedlemanWunsch pairwise alignment). Database choice can influence results

Raw sequences were processed through DADA2 according to the

(Balvočiūtė & Huson, 2017) and Silva was chosen because it is up-

DADA2 tutorial 1.2 in R (Callahan et al., 2016). DADA2 is an r package

dated regularly, manually curated and is predominantly based on ri-

that estimates ASVs from sequence data and is error aware because it

bosomal RNA sequence data. Sequences were filtered so that they

includes quality data when deciding whether to include each sequence

overlapped with no overhangs and were clustered into OTUs at 97%

in the data set. Filtering was completed according to the DADA2 pro-

or 99% sequence similarity using the opticlust algorithm (Westcott

tocol based on the number of ambiguous bases, a minimum quality

& Schloss, 2017). The 99% OTU(NS) data set was the 99%OTU data

score, and the expected errors in a read. The filtered fastq files were

set with all singletons removed. Taxonomic identification of all OTUs

dereplicated and output as unique sequences with their corresponding
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Chamaetylas
(Alethe)

Alethe

Alethe

Terpsiphone

Terpsiphone

Terpsiphone

Tchagra

Laniarius

Sylvietta

Psalidoprocne

Psalidoprocne

Hirundo

Hirundo

Hirundo

Cecropis (Hirundo)

Linurgus

Smithornis

Genus

batesi

seimundi

collaris

erythrothorax

erythrothorax

cyornithopsis

bocagei

sethsmithi

infuscata

roberti

poliocephala

poliocephala

castanea (diademata)

castanea (diademata)

viridis

viridis

rufiventer

australis

poensis

virens

nitens

fuliginosa

nigrita

nigrita

aethiopica

abyssinica

olivaceus

rufolateralis

Species

UA de GE

Moka

UA de GE

Ureka

UA de GE

UA de GE

Moka

UA de GE

UA de GE

Moka

Moka

UA de GE

Ureka

UA de GE

UA de GE

UA de GE

Moka

UA de GE

Moka

UA de GE

UA de GE

Moka

UA de GE

UA de GE

UA de GE

UA de GE

Pico Basile

UA de GE

Locality1

Wele-Nzas

Bioko

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Bioko

Bioko

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Province

O

p.m.

p.m.

a.m.

a.m.

a.m.

a.m.

a.m.

O

O

a.m.

a.m.

a.m.

a.m.

O

O

a.m.

a.m.

a.m.

a.m.

a.m.

p.m.

a.m.

a.m.

a.m.

O

p.m.

a.m.

Diet 2

F

F

F

M

F

M

F

F

F

M

M

M

F

F

M

F

M

M

F

F

F

F

M

M

F

M

M

F

Sex
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7.9
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15.6
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SampleID

Cinrei524

Cyaoli443

Cyaoli440

Cyaoli466

Cyaori548

Nicchl482

Illful448

Phyher625

Placas419

Placas599

Placha530

Ploalb656

Plonig575

Aritep580

Blenot404

Blenot640

Blesyn457

Crical458

Crichl492

Crindu461

Eurlat403

Eurlat534

Eurvir409

Eurvir564

Phypoe523

98

99

100

101

102

103

104

107

108

109

111

112

113

114

115

116

118

119

121

123

125

126

128

130

131

(Continued)
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1

1

1

1

1

1

Sample
Reps

PCR
Reps

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Passer.

Order

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Pycnonotidae

Ploceidae

Ploceidae

Platysteiridae

Platysteiridae

Platysteiridae

Phylloscopidae

Pellorneidae

Nicatoridae

Nectariniidae

Nectariniidae

Nectariniidae

Nectariniidae

Nectariniidae

Family

Phyllastrephus

Eurillas
(Andropadus)

Eurillas
(Andropadus)

Eurillas
(Andropadus)

Eurillas
(Andropadus)

Criniger

Criniger

Criniger

Bleda

Bleda

Bleda

Arizelocichla
(Andropadus)

Ploceus

Ploceus

Platysteira

Platysteira

Platysteira

Phylloscopus

Illadopsis

Nicator

Cyanomitra
(Nectarinia)

Cyanomitra
(Nectarinia)

Cyanomitra
(Nectarinia)

Cyanomitra
(Nectarinia)

Cinnyris (Nectarinia)

Genus

poensis

virens

virens

latirostris

latirostris

ndussumensis

chloronotus

calurus

syndactyla

notatus

notatus

tephrolaema (-us)

nigricollis

albinucha

chalybea

castanea

castanea

herberti

fulvescens

chloris

oritis

olivacea

olivacea

olivacea

reichenowi

Species

Moka

Moka

UA de GE

Moka

UA de GE

UA de GE

UA de GE

UA de GE

UA de GE

Ureka

UA de GE

Moka

Moka

Ureka

Moka

Moka

UA de GE

Moka

UA de GE

UA de GE

Moka

UA de GE

UA de GE

UA de GE

Pico Basile

Locality1

Bioko

Bioko

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Wele-Nzas

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Bioko

Bioko

Bioko

Bioko

Bioko

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Bioko

Wele-Nzas

Wele-Nzas

Wele-Nzas

Bioko

Province

O

O

O

O

O

a.m.

O

a.m.

a.m.

a.m.

a.m.

O

a.m.

O

a.m.

O

O

a.m.

a.m.

O

O

O

O

O

O

Diet 2

M

M

F

F

M

M

F

M

F

F

F

M

M

M

M
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M

M

F

M

F

M
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M
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abundance. Denoising and merging were completed according to the
DADA2 pipeline tutorial, while error parameters removed sequencing
errors (Callahan et al., 2016). The command removeBimeraDenovo,
using the "consensus" method, detected chimeric sequences, which
were then removed. All sequences were aligned to the current Silva
reference alignment database (Silva v128), the same as was used for
the Mothur analysis. R packages decipher (Wright, 2016) and phangorn
(Schliep, 2011) were used to create an alignment and a phylogenetic
tree of the ASVs. Sequences that were identified as mitochondria
or chloroplasts were removed from analysis. Additional analyses
(described below) were conducted in r, using the packages
(McMurdie & Holmes, 2013) and

vegan

phyloseq

(Dixon, 2003; Oksanen et al.,

2010). To assess the genera present in the samples, we used the ASV
data set and the tax_glom function in
Abbreviations: a.m., animal material; NR, not recorded; O, omnivorous; p.m., plant material; UA de GE, Universidad Americana de Guinea Ecuatorial

1
Zossen561
142

1

1
Vidmac411

Zosbru658
141

140

1

2
Neoruf454

2
Neopoe643

Turpel554
139

137

1
Neopoe446

135

134

1
Sylaby539
133

1
Elmalb557
132

Note: Figure 2 refers to the sample placement on Figure 2 in the manuscript. SampleID is the unique name given the sample, which is a combination of the first three letters of the genus, the first three letters
of the species and the last three digits of the five digit LSUMNS B-number given upon deposition to the museum (the full B-number for each specimen is 90XXX). The number of sample replicates (Sample
Reps) and PCR replicates (PCR Reps) indicates which individuals had more than one sample taken. Other data are bird order (-iformes has been removed from each name), family, genus, species, sampling
locality (see Figure 1), sampling province, diet and mass (g). Bird taxonomy follows current eBird taxonomy. Genus/species names in parentheses refer to names on Figure 5 that come from birdtree.org

9.9
F
a.m.
Bioko
Moka
senegalensis
Zosterops
Zosteropidae
Passer.

15.8

12.9
M

M
O

O
Wele-Nzas

Bioko
Pico Basile
brunneus
Zosterops (Speirops)

UA de GE
macroura
Vidua
Viduidae

Zosteropidae
Passer.

Passer.

55.8

59
M

M
O

a.m.
Wele-Nzas

Bioko
Moka

UA de GE
rufus

pelios
Turdus

Neocossyphus
Turdidae

Turdidae
Passer.

Passer.

50

45
M

F
a.m.

a.m.
Wele-Nzas

Bioko
Ureka

UA de GE
poensis

poensis
Neocossyphus

Neocossyphus
Turdidae

Turdidae
Passer.

Passer.

17.2
M
O
Bioko
Pico Basile
abyssinica
Sylvia
(Pseudoalcippe)
Sylviidae
Passer.

M
a.m.
Bioko
Moka
albiventris
Elminia
Stenostiridae
Passer.

Sex
Diet 2
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Locality1
Species
Genus
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phyloseq

to merge all ASVs as-

signed to the same genus.

2.5 | Identifying contaminants
The R package

decontam

(Davis, Proctor, Holmes, Relman, &

Callahan, 2018) was run on all four data sets to remove likely contaminant sequences. Decontam uses a statistical model and the
negative controls of a data set to identify potential contaminants.
Decontam conducted prevalence-based contaminant identification on the phyloseq objects created for each data set according to
a stringent threshold set at 0.5, which identifies as contaminants
all sequences that are more prevalent in the negative controls than
in the samples. The number of OTUs that fell below the threshold were 83 of 9,249 (97% OTU), 117 of 22,737 (99% OTU), 86 of
12,126 OTUs (99% OTU [NS]), and 12 of 4,233 (ASV). The OTUs/
ASVs identified as contaminants were removed from the data set
and subsequent analyses.

2.6 | Alpha diversity
After rarefying all samples to 2,000 reads, we estimated the number
of bacterial taxa found in the samples using phyloseq (Callahan et al.,
2016) in R. We calculated three metrics: raw richness (Observed
OTUs/ASVs), Shannon diversity, and the Simpson index. Shannon
diversity takes abundance and evenness into account while the
Simpson index uses richness and evenness.

2.7 | Beta diversity
To maximize the number of samples retained in this analysis, samples were rarefied to 1,550 sequences/sample. This kept 135 of the
142 samples in the 97% OTU, 99% OTU and 99% OTU(NS) data sets
and 132 samples from the ASV data set. Pairwise distance matrices
using the phylogenetic distance metric UniFrac (Lozupone & Knight,
2005) were created in Mothur for the 97% OTU, 99% OTU and
99% OTU(NS) data sets using the unifrac.unweighted and unifrac.

|
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Columbiformes
Cuculiformes
Apodiformes
Charadriiformes
Coraciiformes
Piciformes
97% OTU

(b)

99% OTU

Relative abundance

(a)

(c )

99% OTU (NS)

(d )

ASVs

1

10

(e)

20

30

50

60

70

80

Common microbiota

7 Common
Mothur Phyla

1

Microgenomates

7

1

90

100

110

120

130

140

19 Common phyla (All datasets)

99% OTU 99%OTU (NS)
ASV
97% OTU

Acidobacteria
Aquificae
Bacteria_unclassified
candidate_division_WPS-1
candidate_division_WPS-2
Candidatus_Saccharibacteria
SR1

Bacterial phyla
Actinobacteria
Proteobacteria
Bacteroidetes
Tenericutes
Firmicutes
Unclassified
Verrucomicrobia

Passeriformes

40

9

Cyanobacteria

19

Actinobacteria
Armatimonadetes
Bacteroidetes
Chlamydiae
Chloroflexi
Deferribacteres
Deinococcus-Thermus
Elusimicrobia
Firmicutes
Fusobacteria

Gemmatimonadetes
Lentisphaerae
Nitrospirae
Planctomycetes
Proteobacteria
Spirochaetes
Synergistetes
Tenericutes
Verrucomicrobia

F I G U R E 2 Relative abundance of bacterial phyla in all samples across the four data sets, (a) 97% OTUs, (b) 99% OTUs, (d) 99% OTU NS
(no singletons), (d) ASVs. (e) The overlap of microbiota found in the data sets
weighted commands. We then conducted nonmetric multidimen-

diet. The variables were tested in all data sets using three dis-

sional scaling (NMDS) on the distance matrices in

tance metrics (Bray-Curtis, weighted UniFrac, and unweighted

vegan

using the

metaMDS function. For the ASV data set, we calculated the UniFrac
distance matrix and conducted the NMDS ordination in

UniFrac).

phyloseq,

using ordinate. Distance matrices using the nonphylogenetic BrayCurtis distance metric were also calculated and NMDS was con-

2.8 | Sample versus PCR replicates

ducted for all four data sets in phyloseq.
To determine the significance of metadata associated with

To compare the consistency of sample replicates to the consistency

each sample, PERMANOVA (Adonis) tests were performed using

of PCR replicates, we calculated (pairwise) Jaccard Index of bacte-

the

package in r . We tested bird order, bird genus, sam-

rial phyla between adjacent sample replicates and PCR replicates.

pling locality, a larger geographic sampling area (province), and

Jaccard Index is a presence/absence metric that calculates the

vegan

10
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intersection of a set over the union. A Jaccard Index of 1 indicates
perfect coincidence between two sets and 0 means no taxa were

All statistical analyses were conducted in R version 1.1.423 (R
Core Team, 2013). The code used for all analyses is in Appendix S1.

shared. A Wilcoxon test was used to assess significance.

2.9 | Phylogenetic comparative methods

3 | R E S U LT S
3.1 | Microbiome composition

To test the evolutionary signal of the microbiome, we used a specieslevel phylogeny from birdtree.org using the "all species" tree on the

Firmicutes (average relative abundance 57%) and Proteobacteria

Ericson backbone (Ericson et al., 2006; Jetz, Thomas, Joy, Hartmann,

(average relative abundance 23%) were the most abundant phyla

& Mooers, 2012; Jetz et al., 2014). Some taxonomic names have

among samples and all data sets (Figure 2). A common microbi-

recently changed and these changes are included in Table 1, with

ome of 19 phyla was shared among all four data sets; an additional

birdtree.org names in parentheses behind current taxonomic clas-

seven phyla were found in the three OTU-based data sets and one

sifications. Microbiome traits were averaged across individuals and

phylum was unique to ASVs (Figure 2). Four phyla were found in

replicates belonging to the same species. Although this meant some

>50% of all samples: Proteobacteria, Firmicutes, Actinobacteria and

species included more data than others, it made use of all available

Bacteroidetes. Seven genera were found in more than one quarter

data and avoided the bias introduced should we randomly prune all

of all samples (Table 2). Escherichia/Shigella was found in the great-

species to a single individual. The host traits we tested were the rela-

est number of samples (121/142) and Catellicoccus had the greatest

tive abundances of the five most abundant bacterial phyla, the aver-

abundance from within 91 samples.

age alpha diversity (observed taxa) for all data sets, two metrics of
beta diversity (the coordinates of the NMDS ordination calculated
above at the 1,550 sequences/sample rarefaction level) and bird

3.2 | Alpha diversity

mass. Bird mass was measured in the field using an Ohaus HH320
electronic scale and then averaged across individuals belonging to

A raw richness estimate showed distinctly lower levels of alpha di-

the same species. This morphological trait was included as a proof

versity in the ASV data set, as compared to the Mothur-derived data

of concept for the phylogenetic comparative methods, since mor-

sets (Figure 3). At lower taxonomic ranks, Mothur-generated data

phological traits, and specifically bird size, have been analyzed with

sets and DADA2 deviated from one another (Figure 3). The OTU-

phylogenetic comparative methods and provide an expectation for

based data sets all contained more classes, orders, families and gen-

how a trait has evolved on our phylogeny.

era compared to DADA2 (Figure 3). Shannon diversity and Simpson

We used the R package

geiger

(Harmon, Weir, Brock, Glor, &

index contained similar patterns (Figure S1).

Challenger, 2008; Pennell et al., 2014) to test the model fit of the
Brownian motion, Ornstein-Uhlenbeck (single optimum), Early
Burst, and White Noise models and compared them using weighted

3.3 | Beta diversity

AIC. We used the fitContinuous() function to fit the models to the
data; the aicw() function calculated the Akaike weights from the AIC

Bray-Curtis, unweighted UniFrac, and weighted UniFrac distances

scores computed for each model. We also calculated phylogenetic

were calculated between all pairwise sample comparisons in all

signal (λ) (Pagel, 1999) of the traits using fitContinuous(); a λ value

data sets (all samples rarefied to 1,550 sequences) and NMDS

close to 0 indicates no phylogenetic signal whereas a value close to

ordination was conducted on the matrices (Figures S2–S4).

1 indicates the trait is consistent with neutral evolution along the

PERMANOVA (Adonis) tests were run to quantify the effect size

phylogeny.

and significance of the metadata (all exact values are in Table S1).

TA B L E 2

Taxonomic and abundance information for the seven genera found in greater than one quarter of the samples

Phylum

Class

Order

Family

Genus

Abundance

N

Proteobacteria

Gammaproteobacteria

Enterobacteriales

Enterobacteriaceae

Escherichia/Shigella

10,833

121

Firmicutes

Bacilli

Lactobacillales

Carnobacteriaceae

Catellicoccus

58,246

91

Firmicutes

Bacilli

Lactobacillales

Enterococcaceae

Enterococcus

8,080

63

Firmicutes

Bacilli

Bacillales

Staphylococcaceae

Staphylococcus

2,477

61

Firmicutes

Bacilli

Lactobacillales

Lactobacillaceae

Lactobacillus

10,860

44

Proteobacteria

Gammaproteobacteria

Enterobacteriales

Enterobacteriaceae

Enterobacter

1,945

41

Firmicutes

Clostridia

Clostridiales

Peptostreptococcaceae

Clostridium_XI

7,707

40

Firmicutes

Bacilli

Lactobacillales

Streptococcaceae

Lactococcus

5,249

38

|

CAPUNITAN et al.

(a)

97%OTU

6

99%OTU

99%OTU(NS)

3.5 | Phylogenetic comparative methods

ASV
Diet
Animal material
Plant material
Omnivore

5

Shannon diversity

11

We calculated phylogenetic signal (λ, Figure 6) and compared
four evolutionary models using weighted AICs (Brownian motion,
Ornstein-Uhlenbeck, Early Burst, and White Noise; Figure 6). Results

4

for lambda, as well as the model comparisons, were largely consistent across all data sets, meaning if λ = 0 for one data set, λ = 0 for all

3

four data sets. Three of the phyla (Actinobacteria, Proteobacteria,
Spirochaetes) and alpha diversity metric (observed OTUs) had λ = 0.

2

Firmicutes λ ~ 0.42 and Bacteroidetes λ ~ 0.76. Verrucomicrobia
1

λ = 1, as did the first NMDS coordinate in the ASV data set. The
beta diversity metrics were more variable across the data sets than
Apod
Char
Colum
Cora
Cucu
Pass
Pici
Apod
Char
Colum
Cora
Cucu
Pass
Pici
Apod
Char
Colum
Cora
Cucu
Pass
Pici
Apod
Char
Colum
Cora
Cucu
Pass
Pici

the taxonomic and alpha diversity metrics; NMDS 1 averaged ~0.67

Total taxa

(b)1,000

25,000

(with ASV data set ~1) and NMDS_2 averaged ~0.2 (with 97% OTU

20,000

and ASV ~ 0). Bird body mass had λ of 1, as did the data set simulated

15,000

under Brownian motion. The White Noise simulation, as well as the

400

10,000

randomized White Noise data and the randomized Brownian motion

200

5,000

data had λ = 0.

800
600

0

Dataset
97%OTU
99%OTU
99%OTU(NS)
ASV

Phyla

Classes

Orders

Families

Genera

OTUs
(total)

OTUs
(rarefied)

0

F I G U R E 3 Alpha diversity across data sets (rarefied to 2,000
reads). (a) Shannon Index for all samples, sorted by bird order
and coloured by dietary preference. (b) Number of taxa observed
at different ranks across all data sets; data sets not rarefied to
show total comparison of beginning data sets except for bar chart
labelled OTUs (rarefied), which was rarefied to 2,000 reads/sample

Regarding model selection, for every microbiome trait, the
Ornstein-Uhlenbeck and White Noise models shared all the weight,
whereas no model had >0 weight on the Brownian motion or Early Burst
models (Figure 6). The one exception to this was the Verrucomicrobia,
which had 100% support for the Early Burst model across all data
sets. Analysis of the morphological character, bird mass, supported
the Brownian motion model (60%) and the Early Burst and OrnsteinUhlenbeck models each at ~20%. When we simulated data under a

Bird order, genus, sampling locality, sampling region, diet, and sex

Brownian motion model, Brownian motion received 45% of the weight,

were included as variables for all data sets and distance metrics

the Ornstein-Uhlenbeck model 39% and Early Burst 16%. When the

(Figure 4b). Across all data sets, bird taxonomy was highly signifi-

Brownian motion data were randomized, the White Noise model re-

2

cant (p = .001 for all tests) and the variance explained (R ) was

ceived 73% of the weight and OU received the remaining 26%. These

largely consistent: between 6% and 13% for bird order and 43%–

values were nearly identical to when we simulated data under a White

70% for bird genus. The R 2 values for sampling locality were simi-

Noise model and when those data were randomized (Figure 6).

lar to that of bird order (7%–11%), diet was slightly lower (1%–4%).
Sampling region (i.e., Bioko vs. mainland) and sex were the least
significant variables and had R 2 values between 0% and 3%. An
additional Bray-Curtis distance matrix was calculated for the four
data sets at a rarefaction level of 10,000 sequences to assess the

4 | D I S CU S S I O N
4.1 | The Equatoguinean bird intestinal microbiome

robustness of the data; the NMDS ordination is shown in Figure 4.
At 10,000 sequences/sample, bird order, bird genus, diet, locality

A general goal of evolutionary biology is to describe biodiversity;

and sex were all significant at p < .005 for all four distance metrics

16S rRNA surveys of host-associated microbiomes provide valu-

with R 2 values similar to the levels of the 1,550 sequences/sample

able information about the distribution of microbial life. Birds play

rarefied data. Sampling region was not significant for any distance

a critical role in terrestrial and aquatic ecosystems across the globe

metric (p > .12).

yet very few of the >10,000 species have anything known about
their microbiomes. Birds are the largest clade of volant vertebrates,

3.4 | Sample versus PCR replicates

contain immense ecological and morphological diversity (especially
with respect to their diets and gastrointestinal tracts), and are capable of ecologically connecting geographically distant locations

The Jaccard Indices for the PCR replicates (seven samples) varied

through migration and dispersal (Bauer & Hoye, 2014). The avifauna

from 0.33 to 1 across the four data sets; the sample replicates

of Equatorial Guinea is representative of the afrotropical region,

(39 samples) varied from 0.166 to 1 (Figure 5). None of the four

with some endemic species and subspecies, especially on Bioko.

data sets had significantly different means of the distributions of

Their diets are diverse and can contain large amounts of insects and

Jaccard Indices (p < .05), although the ASV data set had a p-value

fruit and while some species (not sampled here) undertake intrat-

of .062.

ropical migrations, most species do not migrate. The Equatoguinean
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(a)

97%OTU

99%OTU

F I G U R E 4 Representative beta
diversity across datasets. (a) Ordination of
Bray-Curtis distances in all four data sets
coloured by host order and rarefied to
10,000 reads; effect size and significance
of bird order, estimated by PERMANOVA
(Adonis), shown on plots. (b) Effect
size and significance of all categorical
metadata for all data sets and distance
metrics, rarefied to 1,550 sequences
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Significance
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p > .005
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Bird order Bird genus
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Sex
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Bacterial Phylum, Class
Proteobacteria, Gammaproteobacteria
Proteobacteria, Alphaproteobacteria
Firmicutes, Clostridia
Firmicutes, Bacilli

ABCD
Relative abundance

Diet

ABCD

A B C D Ax AyBx ByCxCy A B C

Verrucomicrobia, Verrucomicrobiae
Bacteroidetes, Bacteroidia
Actinobacteria, Actinobacteria
Other

ABC

ABABC AB

ABABAB

1.00

0.75

Jaccard index

R 2 = 11.54%
p = .001

Percent variation explained (R2)

(b)

0.50

0.25

Apus Cercococcyx Alethe
olivinus castanea
affinis

Tchagra
australis

Muscicapa
Hirundo
Criniger
1
2
3
4
5
infuscata
Illadopsis 1. H. aethiopica 3. C. calurus
fulvescens 2. H. nigrita
4. C. chloronotus
5. C. ndussumensis

0

p = .67

p = .47

Replicate type
PCR
Sample

p = .27

97%OTU 99%OTU 99%OTU
(NS)

p = .06

ASV

F I G U R E 5 Comparison of sample replicates and PCR replicates. (a) Taxonomic composition of replicate samples at the level of bacterial
phyla (for ASV data only). (b) Jaccard Indices for sample and PCR replicates across all four data sets (97% OTU, 99% OTU, 99% OTU (NS),
ASV); p-values refer to the Wilcoxon nonparametric test for difference in the means
bird intestinal microbiome is dominated by Proteobacteria and

and mammals (Human Microbiome Project Consortium, 2012;

Firmicutes, similar to other bird microbiome studies (Hird et al.,

McKenzie et al., 2017). Notably, this study contained a greater pro-

2015; Waite & Taylor, 2014). An additional 17 phyla were found in all

portion of Firmicutes than some other bird microbiome surveys. A

of the data sets (Figure 2e) – a common, or “core”, microbiome that

major feature of this study is the remoteness of the sampling sites

includes many phyla commonly found in the guts of birds (Grond,

that necessitated the use of 95% ethanol and a period of no refrig-

Santo Domingo, et al., 2019; Hird et al., 2015; Waite & Taylor, 2014)

eration for preserving the samples. Several preservation methods,
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including ethanol, have been shown to affect the relative abun-

PCR replicates. This contrasts with previous research which found

dances of certain taxa and are frequently in favour of increased

PCR replicates to be more consistent than sample replicates (Poretsky,

Firmicutes (Song et al., 2016). Therefore, microbiome differences

Rodriguez-R, Luo, Tsementzi, & Konstantinidis, 2014). Clearly some

between this study and those with nonethanol treated samples

sample replicates varied more than others, e.g., see Muscicapa infus-

may be due, at least in part, to sample storage differences. The

cata on Figure 5, and the lowest Jaccard Index was 0.166 (indicating

two bacterial genera detected in greater than half of the samples

low overlap between the two samples). An NMDS ordination of Bray-

were Escherichia/Shigella and Catellicoccus. Escherichia/Shigella is a

Curtis distances for just the replicates shows that pairs tend to be rela-

common gut microbe in many taxa (Katouli, 2010), including birds.

tively close together (Figure S5). Standardization of sample collection

Catellicoccus were first described in 2006 following isolation from

from identical localities within a gastrointestinal organ may be difficult

decomposing sea mammals (Lawson, Collins, Falsen, & Foster, 2006)

to impossible, especially under field conditions, but efforts should be

and have subsequently been discovered to be a significant member

made to ensure as consistent as possible sampling within regions of the

of the gull faecal microbiome (Koskey, Fisher, Traudt, Newton, &

gut. Using the Jaccard Index of bacterial phyla was a coarse compari-

McLellan, 2014; Lu, Santo Domingo, Lamendella, Edge, & Hill, 2008).

son meant to detect the most significant differences between samples;

Enterococcus, Staphylococcus, Lactobacillus, Enterobacter, Clostridium

future studies may delve further into the microvariation within body

and Lactococcus were detected in at least one quarter of the sam-

site microbiomes.

ples and are all common gut microbes in birds (e.g., Grond, Perreau,
et al., 2019; Liu et al., 2019; van Dongen et al., 2013; Waite & Taylor,
2014).

4.3 | Phylogenetic comparative methods

Bird taxonomy, diet and locality had similar amounts of variation explained (R 2) and significance (p) across the four data sets,

The first bird trait that we analyzed was a morphological host trait

with the highest percent explained by bird taxonomy; this is another

(body mass), which was expected to contain phylogenetic signal and

commonality with multispecies microbiome surveys (e.g., Hird et al.,

thus, acted as a positive control for our study. Harmon et al. (2010)

2015). Regardless of OTU picking method, the data set contained

found that, for bird size, the Early Burst model is best supported when

thousands of “species level” bacterial taxa. While many of these taxa

analyses are conducted across bird orders whereas the Brownian mo-

were low abundance, and there is the risk of false positives in any

tion model is supported within avian orders. Our data set was largely

data set, this is a high level of raw richness. Alpha diversity patterns

Passeriformes (81 of 92 specimens collected) but included seven or-

were consistent across the four data sets; the Shannon diversity of

ders in total, so the breakdown of support for the four models was

many of the birds was lower than the average Shannon diversity of

consistent with our expectations (Figure 6): approximately 60% of the

both wild and captive mammals (McKenzie et al., 2017). Again, this

AIC weight was on the Brownian motion model, with ~20% on Early

may be due to a high level of low-abundance taxa. Sex of the bird

Burst and ~20% on Ornstein-Uhlenbeck. Regarding the microbiome

was not significant in 10 of the 12 tests in the full data set but was

traits, the Ornstein-Uhlenbeck and White Noise models received

significant (p < .005) for the data set at the higher level of rarefac-

100% of the support for all the microbiome traits, except the phy-

tion. This implies that sex may have an effect on the microbiome and

lum Verrucomicrobia (discussed below). When we simulated a pure

requires relatively more data to detect. This is supported by its low

Brownian motion model on our phylogenetic tree, support for Brownian

explanatory power across all data sets (R 2 < 3%). Sex-based differ-

motion (~45%) and Ornstein-Uhlenbeck (~38%) were approximately

ences in avian microbiome shared across species may just be difficult

equal, with Early Burst receiving ~17% and White Noise receiving 0%.

to detect, e.g., differences may be temporally restricted (e.g., during

This was not entirely unexpected, as Ornstein-Uhlenbeck models can

breeding season) or require a large sample size.

receive support under certain conditions, including on “small” trees,
or less than 100 taxa (Cooper et al., 2016). Notably, White Noise was

4.2 | Sample versus PCR replicates

not supported in the Brownian simulation but when we randomized
the leaves of the tree, White Noise received ~73% of the support,
with Ornstein-Uhlenbeck getting the remaining 26%; these were the

Replicate samples from a single intestine were sequenced to eluci-

same values as the White Noise simulation and the randomized White

date the microvariation that occurs within the intestine. Variation in

Noise simulation. Thus, model support near 73% White Noise/26%

microbiota between discrete organs of the gastrointestinal tract has

Ornstein-Uhlenbeck cannot be distinguished from pure White Noise.

been demonstrated in diverse taxa e.g., in snakes (Colston, Noonan, &

Several of the traits, in many of the data sets, were near this value (e.g.,

Jackson, 2015), in humans (Costello et al., 2009), in geese (Drovetski

Proteobacteria, Bacteroidetes). It may be the case that all data sets that

et al., 2018), in alligators (Keenan, Engel, & Elsey, 2013), and in teleost

share support between the White Noise and the Ornstein-Uhlenbeck

fish (Pratte, Besson, Hollman, & Stewart, 2018). However, few stud-

models are indicative of White Noise, or lack of phylogenetic signal.

ies have looked at the variation within a single organ. The replicates

The beta diversity traits – the first two axes of the NMDS plots from all

reveal clear taxonomic differences between adjacent sample repli-

samples rarefied to 1,550 sequences – showed more variability across

cates (Figure 5) but the overall difference between adjacent sample

the four data sets than the other microbiome traits. We hypothesize

replicates was not significantly different from the differences between

this is due to the nature of the metric: ordinations attempt to recreate
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F I G U R E 6 Phylogenetic comparative methods. (a) Host phylogeny coloured by the average relative abundance of the phylum Firmicutes.
(b) Weighted AICs for the four evolutionary models and estimates of lambda across data sets for the relative abundances of six abundant
bacterial phyla (Proteobacteria, Firmicutes, Actinobacteria, Verrucomicrobia, Spirochaetes), an overall measure of alpha diversity ("Observed
OTUs") and two beta diversity metrics (coordinates on NMDS axes). Bird weight is included as a proof of concept; simulated data included
a simulation of Brownian motion ("Simulated BM"), which was also subsequently randomized ("Simulated BM randomized") and a simulated
White Noise data set ("Simulated WN"), which was subsequently randomized ("Simulated WN randomized"). Lambda estimates for all data
sets are overlaid as red circles
accurate distances between samples in two-dimensional space from

the trait under investigation must be heritable. Our understanding

multidimensional data and are subject to variation.

of the heritability of the microbiome is maturing, couched within

λ indicates how transformed the phylogeny has to be to fit the

host-microbe symbiosis, and varies across host taxa (van Opstal &

trait distribution: a value of 0 means the tree has to be reduced to a

Bordenstein, 2015). The heritability of the avian microbiome, and

star phylogeny to fit the data (because the data contain no phyloge-

especially in these species, is unknown but there are several pieces

netic signal) and a value of one means the tree fits the data (because

of evidence to support that the microbiome may be at least partially

the data have been neutrally evolving along the phylogeny). Values

heritable. First, there is a negative correlation between genetic dis-

between 0 and 1 indicate some amount of scaling of the tree to fit

tance and microbiome similarity in multiple bird species (e.g., Banks,

the data. Our λ values ranged from 0 to 0.7; bird mass and simulated

Cary, & Hogg, 2009; Pearce, Hoover, Jennings, Nevitt, & Docherty,

Brownian motion both had a λ of 1. We interpret this to mean that

2017), indicating that host genetics exert some control on the micro-

Brownian motion does not fit our data. At a minimum, our collec-

biome. Second, the members of the microbiome are not a random

tive results support that the microbiome is not a neutrally evolving

sample of the environment and this selection, whether direct or in-

trait in birds, because there was no support of the Brownian motion

direct, is a property that may be vertically transmitted. Both vertical

model for any trait. Additionally, we believe the relative abundance

transfer of microbes and genetic control of microbiomes imply her-

of bacterial phyla, as estimated by 16S rRNA sequencing, is consis-

itability (Kreisinger et al., 2017). Lastly, the data we have collected,

tent with a White Noise model, in which microbiome traits are effec-

16S rRNA gene sequencing and relative abundance of bacterial taxa,

tively a random distribution of possible values and contain little to

can be thought of as the first pass of data for understanding the mi-

no phylogenetic signal.

crobiome of a host species or clade. Taxonomic composition is more

The Verrucomicrobia trait received 100% support for the Early

variable than functional capability in many microbial systems (Burke,

Burst model from all four data sets, which contrasted starkly with

Steinberg, Rusch, Kjelleberg, & Thomas, 2011; Human Microbiome

the rest of the traits. This is likely because Verrucomicrobia was

Project Consortium, 2012), including avian microbiomes (Oakley

found in the four replicates from a single Cuculiformes specimen at

et al., 2014), which is probably due to functional redundancy (Louca

a relative abundance between 7% and 42% but not above 1% in any

et al., 2018). Additionally, sequencing a single gene and assessing

of the other samples. Additionally, Cuculiformes is one of the ear-

the relative abundance of the data is compositional by definition and

lier branching lineages on the phylogeny and for Verrucomicrobia

limited in its ability to describe and compare communities because

to be high in Cuculiformes and low everywhere else is consistent

changes in relative abundance cannot be used to infer changes in ab-

with the Early Burst model. It must be noted that this result may be a

solute abundance (Gloor, Macklaim, Pawlowsky-Glahn, & Egozcue,

false positive. Some of our bird taxa, like the Cuculiformes, are rep-

2017). Gathering absolute abundance of microbes, via quantitative

resented by a single individual and this greatly limits the robustness

PCR or flow cytometry, and functional data, via metatranscriptomics

of the results. We cannot say whether the individual accurately rep-

or metabolomics, for example, may provide more relevant data to

resents the species or if it is anomalous (e.g., if it were sick). General

the question of evolutionary signal in the microbiome.

collecting trips are stochastic in nature and we did not target specific
bird species. Analyses with larger sample sizes will be possible with
targeted sampling and higher throughput methods of microbiome
sampling, perhaps faecal samples or cloacal swabs. Additionally, the

4.4 | Comparison of taxonomic units for wild
microbiome studies

use of ASVs for OTU estimation allows data sets to be combined
(Callahan et al., 2017) and future meta-analyses of the avian micro-

The definition of taxonomic units is a fundamental step in any eco-

biome may confirm or refute the evolution of Verrucomicrobia (and

logical study; microbiome studies frequently rely on sequence-based

other microbiome traits) in the avian microbiome. Verrucomicrobia

data sets and must partition the sequences into biological units to

contains important gut commensals in humans (Collado, Derrien,

analyze the data. Our results show that similar biological conclusions

Isolauri, de Vos, & Salminen, 2007; Fujio-Vejar et al., 2017) so, while

can be drawn from the four bacterial taxonomic units employed:

it may be true that Verrucomicrobia are evolving under different

97% OTU, 99% OTU, 99% OTU(NS) and ASVs. Bacterial composi-

pressures from the other phyla in our data set, we urge caution with

tion (Figure 2), alpha diversity (Figure 3, Figure S1), beta diversity

that interpretation.

(Figure 4), significance of the metadata (Figure 4), and support of

There are some caveats to our use of phylogenetic compara-

evolutionary models (Figure 6) were similar across the four data sets.

tive methods. For phylogenetic comparative methods to be useful,

The relative patterns in alpha diversity are quite similar across the
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four data sets, indicating that despite differences in raw counts of

AU T H O R C O N T R I B U T I O N S

taxa, their relationships in the context of their communities is con-

D.C. designed the project, performed the research, analyzed data,

sistent. The beta diversity results were also consistent (Figure 4b),

wrote and revised the manuscript. O.J. performed the research,

showing bird taxonomy as the highest correlate to microbiome di-

collected data, revised manuscript. R.T. performed the research,

versity and largely agreeing on which metadata were significant

collected data, revised manuscript. S.H. designed the project, per-

correlates. This is despite the fact that we used different programs

formed the research, collected data, analyzed data, wrote and re-

to calculate the UniFrac distances which was done to recreate the

vised the manuscript.

most likely data generation practices of empirical scientists and to
test the robustness of the analyses. Qualitatively, there were very
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