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ABSTRACT The gut microbiota plays a crucial role in the biological function of their
hosts since bacteria provide nutrient processing, protection against pathogens, and
modulation of the immune system. Thus, as organisms adapt to different ecological
niches, their gut microbial communities are thought to change in response to novel
environmental conditions. Quantifying the direction and magnitude of gut microbiota
changes associated with ecological niche offers valuable insights into the predictability
of gut microbial community change accompanying shifts in host ecology. We used
multivariate vector analysis to assess the (non)parallelism of gut microbiota commun-
ity composition associated with host occupancy of a similar niche. We studied gut
microbiota (non)parallelism across an extensive data set of 53 mammalian and 50 avian
host species. Our results suggest that parallel shifts in host trophic ecology are associ-
ated with greater gut microbiota parallelism, whereas we could not find evidence for a
clear effect of host phylogeny. Furthermore, parallelism was generally stronger when
estimated from inferred metagenome function compared with gut microbiota taxo-
nomic composition, suggesting that functional redundancy among bacterial lineages
might obscure the signature of adaptive gut microbiota changes. Notably, a substantial
proportion of the variation in gut microbiota (non)parallelism was not explained by
host trophic ecology or phylogeny. Thus, we encourage future microbiota studies to use
quantitative analyses along with additional ecological and host-associated data to obtain
a comprehensive understanding of the factors shaping the direction and magnitude of
gut microbiota changes associated with ecological divergence.

IMPORTANCE What are the roles of determinism and contingency in evolution? The

paleontologist and evolutionary biologist Stephen J. Gould raised this question in

his famous thought experiment of “replaying life’s tape.” Settings where independent

lineages have repeatedly adapted to similar ecological niches (i.e., parallel evolution) are

well suited to address this question. Here, we quantified whether repeated ecological

shifts across 53 mammalian and 50 avian host species are associated with parallel gut

microbiota changes. Our results indicate that parallel shifts in host diet are associated Editor Sonny T. M. Lee, Kansas State University,
with greater gut microbiota parallelism (i.e., more deterministic). While further research Manhattan, Kansas, USA

will be necessary to obtain a comprehensive picture of the circumstances under which
deterministic gut microbiota changes might be expected, our study can be instrumental
in motivating the use of more quantitative methods in microbiota research. This, in turn,

can help us better understand microbiota dynamics during adaptive evolution of their
hosts. See the funding table on p. 13.
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to play a crucial role in their hosts’ ecology and evolution (2-5). Gut microbiota
are thought to be particularly important as they impact their host’s physiology
in multiple ways, including nutrient metabolism (6). Through these interactions, gut
microbiota may be important for their hosts’ trophic niche (i.e., their dietary resources)
adaptation (3, 7). Over the last few decades, gut microbiota from a broad range of
organisms have been characterized, and this work has revealed the immense diversity
of host-associated microbial communities (8-10). These rich data sets can be used to
identify factors that structure gut microbiota variation across host lineages; for example,
phylogeny, diet, and physiology were found to be critical in determining the composition
of gut microbial communities (8, 11, 12). Leveraging this knowledge allows us to ask
whether and under which circumstances we might be able to predict the direction and
magnitude of gut microbiota changes (13). This question is best addressed in settings
where independent host lineages have repeatedly adapted to similar ecological niches
(i.e., the resources an organism requires and its position in the ecosystem), which is often
accompanied by repeated changes in their trophic ecology, morphology, physiology, and
potentially their gut microbiota (hereafter referred to as parallel evolution).

The roles of determinism and contingency during adaptive evolution have been
debated for over 30 years, ever since S. J. Gould proposed his thought experiment of
“replaying life’s tape!” Parallel evolution is commonly regarded as evidence for natural
selection (14, 15), and cases of parallel evolution can be leveraged to investigate to
what extent phenotypic changes associated with ecological shifts may be predicted
(i.e., how deterministic they are). A particularly intriguing question is whether repeated
ecological shifts across independent host lineages are associated with parallel changes
of the gut microbiota. This question has been addressed in different lineages, with
varying results (8, 16-18). One limitation of most previous studies is that they scored
(non)parallelism as binary (parallel vs nonparallel) rather than quantifying the direction
and magnitude of gut microbiota changes. Quantification of non(parallelism) can be
achieved with multivariate vector analysis (19, 20), which has been previously used to
estimate (non)parallelism for a broad range of phenotypic traits across multiple fish
species (21-23). To date, only one study has applied this method for studying the gut
microbiota (24), but the utility of multivariate vector analysis for studying patterns of gut
microbiota variation has been suggested (13). We advocate for the use of quantitative
methods, such as multivariate vector analysis, to determine the direction and magnitude
of gut microbiota shifts across host lineages, which can help identify the ecological and
evolutionary processes that shape variation in host-associated microbial communities.
A broad application of this method would allow for tests of the conditions and factors
with which gut microbiota parallelism might be expected. Furthermore, evidence of gut
microbiota parallelism would suggest that changes of the gut microbiota are to some
extent adaptive and, thus, predictable (13, 24).

To determine how different factors, in particular host ecology and phylogeny,
contribute to the variation in gut microbial communities across their vertebrate hosts,
large-scale data sets with phylogenetically diverse host species are imperative. Since
diet has a strong effect on the composition of the gut microbiota (18, 25-28), one
could expect to see stronger gut microbiota parallelism across host lineages with parallel
divergence in trophic ecology. Phylogenetic distance (or divergence time, i.e., the time
since two lineages shared a common ancestor) among host lineages has also been
shown to affect the magnitude of gut microbiota divergence (8, 11, 12, 29), but how this
affects gut microbiota (non)parallelism is currently unclear. We could predict that more
recently diverged host lineages are more similar to each other in traits that affect the
gut microbiota (genetic composition, gut morphology, and ecology) (11, 12, 30, 31), and
hence, the direction and magnitude of gut microbiota divergence might be limited. This
would potentially lead to stronger parallelism in more recently diverged hosts. However,
it is also possible that gut microbiota changes among recently diverged host lineages
might be more stochastic and that sufficient divergence in host traits is necessary to
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produce deterministic gut microbiota change, which would be reflected in stronger
parallelism in more distantly related hosts.

To test these alternative predictions and identify factors contributing to variation
in gut microbial communities across vertebrate hosts, we used multivariate vector
analysis to quantify direction and magnitude of changes in gut microbiota taxonomic
composition and inferred metagenome function across 53 mammalian and 50 avian host
species (Fig. 1). This represents a subset of taxa and samples from a large-scale study
by Song et al. (8). Specifically, we addressed the following questions: (i) Are parallel
shifts in host trophic ecology associated with more parallel gut microbiota changes? (ii)
Does divergence time and phylogenetic relationship between host lineages affect gut
microbiota parallelism or the magnitude of gut microbiota change? (iii) Do direction and
magnitude of change differ between gut microbiota composition and function? (iv) Do
patterns of (non)parallelism differ between mammals and birds, as might be expected
based on previous results (8)?

MATERIALS AND METHODS
Data acquisition and filtering

All analyses were based on published 16S rRNA gene sequencing data and meta-
data from Song et al. (8) that were obtained from github (https://github.com/tanaes/
tetrapod_microbiome_analysis). Thus, we refer to Song et al. for details on data filtering
and all upstream analyses. Samples originated from captive or wild animals (Tables S1
and S2). The amplicon sequence variant (ASV) table created by Song et al. was down-
loaded from github and then imported into the open-source bioinformatics pipeline
QIIME2 (32), and distance matrices were produced for bacterial community composition
based on the Bray-Curtis dissimilarity metric. To predict metagenome function, we
obtained MetaCyc pathway abundances based on 16S rRNA gene sequence data using
the PICRUSt2 plugin in QIIME2 with a maximum nearest-sequenced taxon index (NSTI)
cutoff of 2 (33, 34).

The data were then filtered to remove duplicate samples of the same individual (due
to different preservation methods) and samples that did not have an individual ID. We
also removed diseased, injured, and unhealthy individuals, young and old individuals
(only the following age categories were maintained: “adult,” “after hatch year,” and
“unknown”), and samples with less than 1,000 deblurred sequences and species with
less than three individuals. We further reduced the data sets to a maximum of 20
individuals per species, which were randomly selected. Since we were interested in the
magnitude and direction of gut microbiota changes associated with changes in diet, we
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FIG 1 Our data set consisted of 50 avian and 53 mammalian species feeding on different diet types (A). Angles between vectors and vector lengths were

calculated between species pairs to quantify direction and magnitude of gut microbiota changes associated with parallel (B) and nonparallel (C) changes in host

trophic ecology. Avian and mammalian silhouettes were obtained from vecteezy.com.

November/December 2023 Volume 8 Issue 6

10.1128/msphere.00442-23 3


https://github.com/tanaes/tetrapod_microbiome_analysis
https://doi.org/10.1128/msphere.00442-23

Research Article

only kept species that are specialized in a specific type of diet. We defined a specialist
as a species consuming 70% or more of one diet category; diet data were obtained from
the metadata files associated with Song et al. (8) and included the following categories:
fruits, invertebrates, meat-endotherms, meat-fish, plants, and seeds. These filtering steps
left us with a total of 434 mammalian and 234 avian individuals belonging to 53 and 50
species, respectively (Tables S1 and S2). Mammalian and avian data sets were analyzed
separately, and results were compared within and across these two vertebrate classes.
Phylogenetic trees of all avian and mammalian host lineages and divergence times
between them were obtained from TimeTree (35). All data files and R scripts have been
deposited in the figshare database (https://doi.org/10.6084/m9.figshare.23841123.v1).

Multivariate vector analysis

Since previous analyses have found that gut microbiota (non)parallelism estimates
calculated with different metrics (Bray-Curtis dissimilarity, unweighted and weighted
UniFrac) are highly correlated (13), we decided to only use one metric to quantify
(non)parallelism for taxonomic composition (Bray-Curtis dissimilarity) and inferred
metagenome function (MetaCyc pathway abundances based on Bray-Curtis dissimilar-
ity). Using these filtered data sets, we performed principal coordinate analyses (PCoA)
based on distance matrices. Only PCoA axes that explained greater than 0.1% of the
variation were retained. We calculated mean PCoA scores across the retained axes for
each species and connected these with multivariate vectors; see references (13) and
(24) for more details on the methodology. These vectors provide a quantitative measure
of direction (angles between vectors) and magnitude (vector length) in gut microbiota
change between two pairs of host species (Fig. 1). In general, smaller angles indicate
stronger parallelism, and angles below 90° are indicative of gut microbiota parallelism
whereas angles above 90° are indicative of nonparallelism and 180° would represent
anti-parallelism.

To test for differences in gut microbiota (non)parallelism among host groups
(i.e., birds vs mammals), we used unpaired two-sample t-tests. We further tested for
associations between the extent of gut microbiota (non)parallelism and mean diver-
gence times between host lineages using linear models (Im function of the R stats
package v4.2.1; 36) as well as generalized additive models (gam function of the R mgcv
package v1.8-40; 37) to identify nonlinear variation. In all cases, the generalized additive
models explained a higher proportion of the variance in angles; hence, only the results
of these models are presented. We tested whether hosts’ parallel divergence in trophic
ecology was associated with the extent of gut microbiota (non)parallelism. To address
this question, we created two subsets of comparisons. In the “parallel host trophic
divergence” category, the two members of each species pair had the same two types
of diet (e.g., both pairs have one host species feeding on plants and one feeding on
fish; Fig. 1). In contrast, in the “nonparallel host trophic divergence” category, the two
members of each species pair had different diets (e.g., one pair comprises a host species
that feeds on plants and the other one on fish whereas the second pair comprises a host
species that feeds on plants and the other one on insects). To specifically focus on cases
of trophic divergence across host lineages; for these analyses, we excluded species pairs
where both host species had the same type of diet. All statistical analyses were done in R
v4.2.1 (36).

For a set of subsequent analyses, we filtered the data sets to solely include “parallel
host trophic divergence” comparisons for which the two different ecotypes in each
species pair were more closely related to each other (Fig. 4A). This allowed us, to some
extent, to investigate the effects of host ecology and phylogeny on gut microbiota
(non)parallelism, by comparing angles between different comparisons within and across
diet categories. Specifically, we calculated vectors either between the two different
diet categories in a species pair (A1B1-A;B>), between the same diet categories across
two species pairs (A1A>-B1B5), or between different diet categories across species pairs
(A1B2-A5Bq); see Fig. 4A for the depiction of these pairings. If angles were smallest
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for the A1Bq-AB, comparisons, host ecology might be the major driver of gut micro-
biota parallelism. In contrast, if angles were smallest for the AjA,-B1B, comparisons,
host phylogeny might have a major effect on gut microbiota parallelism. For the third
comparison (A1B,-A;B1), angles were expected to be the smallest if a combined effect
of host ecology and phylogeny produced the strongest gut microbiota parallelism.
Due to nonnormal distribution of the data based on Shapiro-Wilk tests (38), we used
nonparametric Kruskal-Wallis tests, followed by pairwise Wilcoxon rank-sum tests to test
for differences in angles among types of comparisons.

Finally, we quantified the magnitude of gut microbiota divergence by calculating
vector lengths for each species pair (Fig. 1). To test for differences in vector length
between host groups and diet categories, we used the nonparametric Wilcoxon
rank-sum test (39) since data were not normally distributed based on Shapiro-Wilk tests
(38). We further tested for differences in vector length associated with trophic divergence
of the host species. For this, species pairs were either scored as “same diet” (i.e., the
two members feed on the same diet) or “different diet” (i.e., the two members feed on
different diets).

RESULTS
Direction of gut microbiota divergence: angles between vectors
Taxonomic composition

For the taxonomic composition of the gut microbiota, angles showed a normal
distribution centered at 90° in birds and mammals which approximately follows the
expected distribution of random angles in multidimensional space (40). Angles were
smaller in mammals (mean: 87.64°) than in birds (mean: 89.25° two-sample t-test: P <
0.001, t = 120) ( Fig. 2A). At the same time, mean host divergence times (obtained from
TimeTree) for species pair comparisons were longer for mammals (mean: 82.06 million
years (myr)) compared with birds (mean: 77.82; two-sample t-test: P < 0.001, t = —172.8)
(Fig. S1). Angles differed with host divergence time in birds (generalized additive model:
P < 0.001, R = 0.003) and mammals (generalized additive model: P < 0.001, R = 0.017).
Yet, these models only explained a very small proportion of the variance in angles and
no clear direction of these associations (i.e., positive or negative) could be determined
(Fig. 2B and C). Notably, small and large angles appeared to be largely missing for more
recently diverged species pairs as illustrated by the lower variation and tighter clustering
of angles (e.g., compare distribution of angles at divergence times below 20 myr to
those between 40 and 100 myr in (Fig. 2B and C). Together, these results indicate slight
differences in the distribution of angles between birds and mammals, but it remains
unclear whether there is a positive or negative association between host divergence time
and parallelism estimates.

We created two subsets of comparisons, one in which the two members of each
species pair are in the same two diet categories (parallel host trophic divergence) and
one in which the two members of each species pair are in two different diet categories
(nonparallel host trophic divergence) (Fig. 1; see Materials and Methods for more details).
Angles were smaller for comparisons in the “parallel host trophic divergence” category
compared with the “nonparallel host trophic divergence” category, both in birds (mean:
85.85° vs 89.05°% two-sample t-test: P < 0.001, t = 75.8) (Fig. 3A) and in mammals (mean:
78.12° vs 88.04°%; two-sample t-test: P < 0.001, t = 245.8) (Fig. 3B). Divergence times also
differed between the two categories; divergence times were shorter for the “parallel host
trophic divergence” category in birds (two-sample t-test: P < 0.001, t = 42.2) but shorter
for the “nonparallel host trophic divergence” category in mammals (two-sample t-test: P
< 0.001, t = —86.8) (Fig. S1). For birds, we found evidence for an effect of host divergence
time on parallelism within the “nonparallel host trophic divergence” category (general-
ized additive model: P < 0.001, R?> = 0.006), but the direction of this association was
unclear (Fig. S2A). For the “parallel host trophic divergence” category, angles appeared to
increase with host divergence time (generalized additive model: P < 0.001, R? = 0.082)
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FIG 2 Across all comparisons, parallelism was stronger (i.e., smaller angles between vectors) in mammals compared with birds for the taxonomic composition of

the gut microbiota (A) and inferred metagenome function (D). Angles were only weakly associated with host divergence time in birds (B, E) and mammals (C, F);

generalized additive models are illustrated to identify nonlinear variation. ***P < 0.001.

and host divergence time explained a larger proportion of the variance in angles
compared with the “nonparallel host trophic divergence” category (Fig. S2B). For
mammals, angles were rather constant across host divergence times in the “nonparallel
host trophic divergence” category (generalized additive model: P < 0.001, R? = 0.025) (Fig.
S2Q). In the “parallel host trophic divergence” category, angles appeared to decrease for
small host divergence times and then increased for large divergence times (generalized
additive model: P < 0.001, R? = 0.086), and similar to birds, host divergence time
explained a larger proportion of the variance for this category (Fig. S2D).

Next, we only considered “parallel host trophic divergence” species pair comparisons
for which the two members of each species pairs were most closely related to each other
(Fig. 4A). For this subset, we calculated angles for three different comparison types: (i)
between the closely related species pairs that differ in their trophic ecology (A1B1-A5B>)
and between more distantly related species pairs with (ii) similar trophic ecology (AA;-
B1B>) or (iii) different trophic ecology (A1B>-A1By; Fig. 4A). Creating these subsets allows
tests of the effects of host ecology and phylogeny on gut microbiota (non)parallelism.
Angles differed significantly across comparison types in birds (Kruskal-Wallis test: x* =
235.2, P < 0.001) (Fig. 4B) and mammals (Kruskal-Wallis test: x* = 501.9, P < 0.001) (Fig. 4C)
for gut microbiota taxonomic composition. Post hoc Wilcoxon rank-sum tests showed
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that angles differed between all types of pairwise comparisons in birds and mammals,
and on average, the A1B1-A;B> comparisons had the smallest angles (meanyj,gs: 88.91°,
Meanmammals: 87.35°) compared with the A1A>-B1By (meanpjrgs: 89.93°, meanmammals:
90.90°) and A1B>-A1B; comparisons (meanpjrgs: 91.63°, mean mammals: 89.33°) (Fig. 4B and
Q).

Inferred metagenome function

Similar to the taxonomic composition of the gut microbiota, angles based on inferred
metagenome function were smaller in mammals (mean: 83.09°) than in birds (mean:
89.09°%; two-sample t-test: P < 0.001, t = 146.2) (Fig. 2D). Angles also differed with host
divergence time, but again, no clear trend was observable in birds (generalized additive
model: P < 0.001, R? = 0.001) (Fig. 2E) or mammals (generalized additive model: P < 0.001,
R* = 0.024) (Fig. 2F), and the proportion of variance explained by these models was
comparable to the result for gut microbiota taxonomic composition. Notably, angles
were significantly smaller for inferred metagenome function than for taxonomic
composition in birds (two-sample t-test: P < 0.001, t = 5.1) and mammals (two-sample t-
test: P < 0.001, t = 151.9). Yet, it should be noted that the mean angles differed only
slightly in birds (89.09° vs 89.25°) but more so in mammals (83.09° vs 87.64°; Fig. S3). The
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distribution of angles was also much broader for inferred metagenome function
compared taxonomic composition (Fig. S3).

Between the parallel and nonparallel host trophic divergence categories, angles were
smaller for the “parallel host trophic divergence” category in birds (mean: 85.37° vs
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88.62°% two-sample t-test: P < 0.001, t = 24.8) (Fig. 3C) and much more so in mammals
(mean: 56.86° vs 83.94° two-sample t-test: P < 0.001, t = 317) (Fig. 3D) based on inferred
metagenome function. For birds, angles varied with host divergence time in both the
“nonparallel host trophic divergence” category (generalized additive model: P < 0.001,
R* = 0.001) (Fig. S4A) and the “parallel host trophic divergence” category (generalized
additive model: P < 0.001, R? = 0.018) (Fig. S4B) but the proportion of variance explained
was much larger for the “parallel host trophic divergence” category. For mammals, there
was again no clear trend observed for the “nonparallel host trophic divergence” category
(generalized additive model: P < 0.001, R> = 0.036) (Fig. S4C), but angles decreased
with mean host divergence times in the “parallel host trophic divergence” category
(generalized additive model: P < 0.001, R? = 0.082) (Fig. S4D).

Similar to the taxonomic composition, we limited our analysis to “parallel host trophic
divergence” species pair comparisons for which the two different ecotypes in each
species pairs were most closely related to each other to disentangle the effects of
host trophic ecology and phylogeny on parallelism estimates. We found that angles
also differed across types of comparisons for inferred metagenome function in birds
(Kruskal-Wallis test: x> = 285.7, P < 0.001) (Fig. 4D) and mammals (Kruskal-Wallis test:
X° = 390.9, P < 0.001) (Fig. 4E). In birds, angles of the AjA,-B1B, comparisons were
the smallest (meanpjgs: 90.23°, Mmeanmammals: 89.04°); in mammals, the A1B1-AB>
comparisons had the smallest angles (meanpj;gs: 96.60°, meanmammals: 76.44°) whereas
the A1B,-A1B, comparisons were the largest in birds and intermediate in mammals
(meanpjrgs: 105.93°, meanmammals: 80.56°) (Fig. 4D and E).

Magnitude of gut microbiota divergence: vector lengths
Taxonomic composition

For the taxonomic composition of the gut microbiota, vectors were shorter in birds than
in mammals (Wilcoxon rank-sum test: P < 0.001) (Fig. 5A), and this pattern was not driven
by host divergence time of species pairs since these did not differ between birds and
mammals (Wilcoxon rank-sum test: P = 0.484). The extent of gut microbiota divergence
differed with host divergence time in birds (generalized additive model: P < 0.001, R* =
0.066) (Fig. 5B) and mammals (generalized additive model: P < 0.001, R* = 0.346) (Fig. 5C);
vectors were generally shorter in more recently diverged species pairs. Vectors were also
longer when the two members of a species pair fed on different diets in birds (Wilcoxon
rank-sum test: P < 0.001, t = 5.6) (Fig. 6A) and mammals (Wilcoxon rank-sum test: P <
0.001; Fig. 6B). However, host divergence times were also longer for the “different diet”
category in birds (Wilcoxon rank-sum test: P < 0.001) and mammals (Wilcoxon rank-sum
test: P < 0.001), suggesting that the differences between “same diet” and “different diet”
categories might, to some extent, be due to differences in host divergence time.

Inferred metagenome function

For inferred metagenome function, vectors were longer in birds than in mammals
(Wilcoxon rank-sum test: P < 0.001) (Fig. 5D), contrary to the pattern observed for gut
microbiota taxonomic composition (Fig. 5A). Vector length also differed with host
divergence time in birds (generalized additive model: P < 0.001, R* = 0.047) (Fig. 5E) and
mammals (generalized additive model: P < 0.001, R* = 0.169) (Fig. 5F), and vectors again
appeared to be shorter in more recently diverged species pairs. Vectors were significantly
longer for the “different diet” category in mammals (Wilcoxon rank-sum test: P < 0.001)
(Fig. 6D), but there was only suggestive evidence for a difference in vector lengths in
birds (Wilcoxon rank-sum test: P = 0.097) (Fig. 6C). In general, vector lengths were much
larger for taxonomic composition of the gut microbiota than for inferred metagenome
function in birds (Wilcoxon rank-sum test: P < 0.001) and mammals (Wilcoxon rank-sum
test: P < 0.001).

November/December 2023 Volume 8 Issue 6

mSphere

10.1128/msphere.00442-23 9


https://doi.org/10.1128/msphere.00442-23

Research Article

Birds
1

>
W

mSphere

0.8
0.6 -
0.4 1
0.2 1

Vector length
(taxonomic comp.

Vector length (taxonomic composition)
o
Q?

1
. C =
' - g—
0.4 <
U]
Qv
0.2 5 £
Il
% 5
> X
1 . . £ ol . .
Birds Mammals 0 20 40
— Birds
D 0.74 F 2 T
3 = 2 04
T 067 G £ 031
: 58
32 S 5 02;
GEJ 0.54 8 g 01
S — =
g’ 0.4 g [ -
g 0
@ Mammals
é 0.3 F 'g 0.5
e L =S
S 021 '
c < c
Q 2 5
S S
c
_8 0.1 8 ]
|9} O O
7} I ©
07 £

Bir'ds Mam'mals

Divergence time (myr)

FIG 5 The extent of gut microbiota divergence (i.e., vector lengths) was smaller in birds for the taxonomic composition of the gut microbiota (A) but larger for

inferred metagenome function (D). Vector length appeared to be positively associated with host divergence time in birds (B, E) and mammals (C, F); generalized

additive models are illustrated to identify nonlinear variation. ***P < 0.001.

DISCUSSION

Using multivariate vector analysis (13, 19, 41), we quantified variation in the extent of gut
microbiota (non)parallelism (angles between vectors) and divergence (vector lengths) for
taxonomic and inferred functional gut microbiota changes across an extensive data set
of 53 mammalian and 50 avian host species. Overall, we found that the distribution of
angles differed between the two taxonomic groups and angles were generally smaller in
mammals than in birds (Fig. 2). Since this pattern was found for species pair comparisons
across all 53 mammalian and 50 avian host species and was independent of differences
in host ecology (i.e., not taking into account whether host trophic divergence was
parallel or nonparallel), it suggests that gut microbiota assembly is generally structured
differently across these taxa. This is in line with results from Song et al. (8), which found
stronger effects of host diet and phylogeny on gut microbiota composition in mammals
than in birds (8). Furthermore, Song et al. showed that microbial communities associated
with mammalian hosts were structured according to host taxonomy whereas little
support for host specificity was detected in birds. Thus, changes in the composition of
gut microbial communities across host species appear more deterministic in mammals,
which might have contributed to the observed differences in the distribution of angles
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between mammals and birds. We currently cannot make inferences about the biological
reasons for this pattern. This result raises the question of what the appropriate null
hypothesis is when testing for microbiota (non)parallelism. Previous studies have shown
that random angles in multidimensional space are generally expected to follow a normal
distribution centered around 90° (40), and we observed a similar distribution in our
study. However, our results suggest that differences among groups of host organisms
should perhaps be considered when formulating null hypotheses for microbiota
(non)parallelism studies.

Gut microbiota parallelism and divergence were affected by the similarity of host
trophic ecology (as well as by divergence time and phylogenetic relationship of the
hosts), which is likely representative of the similarity of components of the selective
landscape, suggesting that similar gut microbiota changes might be adaptive. We
detected smaller angles for comparisons where each vector pair consists of host species
with the same two types of diet (i.e,, the “parallel host trophic divergence” category;
Fig. 1) indicating that host trophic ecology can be leveraged to predict changes in gut
microbiota composition (Fig. 3). At the same time, there was less divergence (i.e., shorter
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vector lengths) when vectors consisted of two species with the same diet compared
with vectors consisting of two species with different diets (Fig. 6). These results are not
unexpected since diet is known to strongly affect the gut microbiota (26-28), but only
two studies, to the best of our knowledge, have tested for gut microbiota parallelism
using multivariate vector analysis to date (13, 24).

Angles were smaller for inferred metagenome function compared with taxonomic
composition in the “parallel host trophic divergence” category of mammalian hosts (Fig.
3D). Similar results have been obtained in previous gut microbiota studies (13, 24). One
potential explanation for this pattern is that the assembly of microbial communities
can be strongly affected by historical contingencies (42). For example, the assembly of
microbial communities can strongly depend on the order and timing of the arrival of
different bacterial lineages and the probability of the establishment of bacterial lineages
depends on which other bacteria are already present in this community. This phenom-
enon is referred to as “priority effect” and has been described to be a crucial determinant
of microbial community composition (43). However, similar metabolic functions can be
provided by distinct bacterial lineages due to functional redundancy (44). This, in turn,
could lead to more deterministic changes and, hence, stronger parallelism based on
inferred metagenome function associated with parallel changes in host trophic ecology.

The signal of parallelism accompanying trophic parallelism was highly variable; in
the “parallel host trophic divergence” category, angles spanned from 44.5 to 122.2° in
birds and 27.2-132° in mammals for gut microbiota taxonomic composition; the range of
angles was even larger for inferred metagenome function (Fig. 3). This pattern indicates
that, despite the overall stronger parallelism, a large proportion of the variation in
angles is not explained by broad categorization of host trophic ecology. This trophic
categorization used here is based on information regarding the major dietary com-
ponent of a host species (e.g., plants, seeds, invertebrates, and fish) obtained from
Song et al. (8). However, this coarse classification represents an oversimplification of
diet similarity, as a diet category such as “plants” comprises an immense diversity of
organisms and nutrients. Hence, we expect that more detailed information on host diet
(ideally including nutritional profiles), described on the individual host level, would
lead to stronger and more consistent estimates of gut microbiota parallelism. This
prediction remains to be tested and future studies could use multivariate vector analysis
to explicitly test to what extent some multidimensional description of diet similarity
predicts gut microbiota similarity.

There is a range of factors that might contribute to the large variation in angles we
observed in the “parallel host trophic divergence” category. For example, the broad diet
categorization does not account for temporal and spatial variation in diet, which can
strongly affect host-associated microbial communities (25, 45, 46). Besides, there is a
plethora of technical (source material), host-associated (host morphology, physiology,
and genetics) or environmental factors (abiotic conditions, geographic distribution) that
can affect microbial community composition (5, 12, 47, 48) and the resulting (non)paral-
lelism estimates. An important next step would be to more rigorously test how parallel
changes in specific host-associated or environmental factors, such as changes in salinity
or temperature that have been shown to affect the composition of host-associated
microbial communities (49, 50), might affect microbiota (non)parallelism. While the main
goal of our study was to identify general patterns associated with host trophic ecology
and phylogeny and highlight the utility of multivariate vector analysis in microbiota
research, it will be useful to determine for a range of host lineages how exactly a
broad range of factors that contribute to the selective landscape affects gut microbiota
(non)parallelism.

Besides trophic ecology, another crucial factor influencing the extent of gut
microbiota (non)parallelism is the divergence time between host species. It is known that
differentiation of microbial communities can be strongly associated with host phylogeny
(9, 11). So, we aimed to disentangle the effects of host trophic ecology and phylogeny
by creating subsets of vectors within the “parallel host trophic divergence” category.
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We found that host trophic ecology appeared to be the stronger driver of parallelism
compared with host phylogeny (Fig. 4), lending further support to the notion that
diet is a key predictor of gut microbiota composition. Our results did not show conclu-
sive evidence for an association between host divergence time and the magnitude of
parallelism. Yet, variation in angles appeared to be smaller for species pair comparisons
with more recent divergence times, and small and large angles were largely missing
from these comparisons (Fig. 2). This pattern was consistent across birds and mammals
and also for both taxonomic composition and inferred metagenome function (Fig. 2).
Furthermore, the extent of gut microbiota divergence (vector lengths) was positively
associated with host divergence time, independent of host trophic ecology (Fig. 5).
Taken together, these results suggest that the direction of gut microbiota change might
be more restricted in recently diverged species and that observed changes are rather
stochastic. This could possibly be due to less pronounced divergence in host ecology,
morphology, and genetics (30, 51). Thus, we hypothesize that a minimum level of host
divergence is necessary to observe gut microbiota parallelism in association with parallel
changes in host trophic ecology.

Our study is the first to use multivariate vector analysis to test the effects of trophic
ecology and divergence time of host lineages on the direction and magnitude of gut
microbiota changes. This method can be used to determine the predictability of gut
microbiota shifts across host lineages, thereby offering the opportunity to improve our
understanding of the eco-evolutionary processes shaping the assembly of microbial
communities. In accordance with previous studies, we found that the adaptation of host
lineages to similar trophic niches is to some extent associated with predictable (i.e.,
more parallel) changes of their gut microbiota. Thus, multivariate vector analysis appears
to produce biologically meaningful results and therefore likely represents a useful tool
to study gut microbiota (non)parallelism. Yet, a substantial fraction of variation in gut
microbiota (non)parallelism remained unexplained by host trophic ecology or phylog-
eny. Additional studies will be necessary to provide a more detailed picture of how the
combined effects of a range of host-associated and environmental factors affect the
distribution of microbiota diversity across host lineages, in particular finer scale diet
data. Hence, we advocate using quantitative analyses in microbiota research which has
the potential to substantially improve our understanding of which factors might allow
predicting changes in gut microbiota composition. Ultimately, unraveling gut microbiota
parallelism provides a comprehensive perspective on the complex interplay between
hosts and their microbial partners during ecological divergence.
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