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Abstract

Background The gut microbiota (GM) has proven to be essential for both physical health and mental wellbeing, yet
the forces that ultimately shape its composition remain opaque. One critical force known to affect the GM is the social
environment. Prior work in humans and free-ranging non-human primates has shown that cohabitation and frequent
social interaction can lead to changes in GM composition. However, it is difficult to assess the direction of causation

in these studies, and interpretations are complicated by the influence of uncontrolled but correlated factors, such as
shared diet.

Results We performed a 15-month longitudinal investigation wherein we disentangled the impacts of diet and social
living conditions on GM composition in a captive cohort of 13 male cynomolgus macaques. The animals were in
single housing for the first 3 months of the study initially with a variable diet. After baseline data collection they were
placed on a controlled diet for the remainder of the study. Following this diet shift the animals were moved to paired
housing for 6 months, enabling enhanced social interaction, and then subsequently returned to single housing at the
end of our study. This structured sequencing of diet and housing changes allowed us to assess their distinct impacts
on GM composition. We found that the early dietary adjustments led to GM changes in both alpha and beta diversity,
whereas changes in social living conditions only altered beta diversity. With respect to the latter, we found that two
particular bacterial families — Lactobacillaceae and Clostridiaceae — demonstrated significant shifts in abundance
during the transition from single housing to paired housing, which was distinct from the shifts we observed based on
a change in diet. Conversely, we found that other bacteria previously associated with sociality were not altered based
on changes in social living conditions but rather only by changes in diet.

Conclusions Together, these findings decouple the influences that diet and social living have on GM composition
and reconcile previous observations in the human and animal literatures. Moreover, the results indicate biological
alterations of the gut that may, in part, mediate the relationship between sociality and wellbeing.
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Introduction

The mammalian gastrointestinal tract is home to tril-
lions of microbes that make up the gut microbiota (GM).
These bacteria play many crucial roles in the health and
wellbeing of their host, including training the immune
system [1, 2], defending the body against disease [3-5],
and contributing to the harvest, storage, and use of
energy from diet [5-7]. A key signature of the GM is its
variable composition across individuals. Recent work has
begun to establish relationships between this variation
and an individual’s susceptibility to disease, including
health disorders such as heart disease [8, 9], cancer [10,
11], diabetes [5, 9], autoimmune disorders [12], obesity
[7, 9], anxiety [13, 14], and depression [14—16]. However,
apart from these associations, the factors that actually
shape the composition of the GM remain opaque.

One of the critical factors that has been shown to shape
the GM is one’s social environment. Social interactions
in bumblebees, termites, and ants have been found to
bestow significant health benefits to the individual (e.g.,
protecting the host against virulent gut parasites [17,
18]), and have been shown to aid conspecific recognition
and immune synchronization [19-22]. In contrast, other
work has indicated that social relationships can confer
disease risks associated with the microbiota [23]. Evi-
dence from rodent models, for instance, has shown that
cohabitation encourages the spread of bacterial commu-
nities contributing to inflammatory bowel disease [24].
Similarly, stressful social situations (e.g., social defeat)
can disrupt the GM and significantly reduce microbial
diversity [25-30]. In humans, stressful social experiences
reportedly increase the inflammatory immune response,
as well as symptoms of anxiety and depression [31]. Col-
lectively, these findings suggest that sociality confers both
fitness benefits and costs to the individual, consistent
with the view that the GM has a heretofore under-recog-
nized relationship with the social environment [32-35].
This relationship may underlie, in part, the particularly
strong correlation between longevity and the prevalence
of social interactions in animal species with higher-level
cognition and complex social systems, like primates
[36-40].

Studies in humans and non-human primates (NHPs)
have identified three key relationships between social
environment and GM composition [23, 41-43]. First,
the GM of cohabiting individuals often resembles one
another. For instance, cohabiting humans (e.g., spouses)
and group members in free-ranging NHPs (e.g., chim-
panzees, baboons, and lemurs) exhibit greater similarity
in GM composition than those not sharing a home [23,
43-45] or social group [19, 21, 41, 46], respectively. Sec-
ond, when individuals migrate from living together to
apart (or vice versa), concomitant shifts in the microbiota
follow. Microbiota similarities in wild NHPs decrease
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rapidly amongst group members who relocate to differ-
ent locations [47] or to a new social group [19, 48, 49].
Finally, sociality has been found to be closely linked to
beneficial gut bacteria, which changes social behav-
iour corresponding to shifts in the abundance of these
microbes, and vice versa. For example, research indi-
cates that greater social engagement leads to an increase
in beneficial gut bacteria (e.g., Faecalibacterium [50]), as
well as a higher overall GM diversity [44]. These changes
can provide significant advantages to the host, including
enhanced protection against pathogens and increased
longevity. In addition, attenuation of impaired social
behaviours has been frequently linked to the presence
and increased abundance of beneficial bacteria (e.g., Lac-
tobacillus [33, 51-53]). Together, these findings identify
important changes in GM diversity with respect to one’s
social environment. However, the studies highlight-
ing these relationships have not controlled for changes
in dietary habits, which itself is known to have a direct
impact on GM composition [23, 41, 42, 54, 55].

Diet is a strong external determinant of GM composi-
tion [56-58]. It is perhaps the fastest and most effective
way to trigger immediate changes to the GM. Evidence
suggests that dietary influences on the composition and
function of one’s GM can be incredibly fast acting (on
the scale of days) [59—-61]. In humans, diet has even been
shown to change factors of GM composition in as little
as 24-hours [62]. Diet has also been known to have an
effect on various biological systems such as the meta-
bolic and immune systems [63, 64]. Similar patterns are
also observed in NHPs, with diet being a critical driver
of GM composition [65, 66]. Not only can diet rapidly
change the GM composition, but in many ways, diet is
linked to the social environment. For instance, humans
that live together often share dietary habits [67-69]; the
same is also true for NHPs in shared social groups [70].
Given the speed with which diet alters the GM, and the
close connection between dietary and social factors, it
is difficult then to disentangle dietary influences from
social influences on the GM, particularly during periods
of social change (e.g., moving social groups). Thus, stud-
ies to date in wild or free-ranging NHPs have struggled to
show sociality-specific changes in GM composition when
unable to control diet.

Disentangling the microbial effects of one’s social envi-
ronment from diet is immensely challenging in humans,
as it requires the ability to causally manipulate the social
living conditions of individuals while also controlling
their food. However, for laboratory-housed NHPs, which
serve as a critical translational model for understanding
human social cognition and neurobiology [71-74], such
manipulations are more feasible. Various NHPs, includ-
ing cynomolgus macaques—the model species selected
for this study—frequently engage in social behaviours,
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such as grooming [75-78]. These animals’ tendency for
frequent social activity is critical for enabling us to assess
social influences on GM composition, as physical social
contact provides a key vector for microbial transmission
[21, 79-81].

Here, we performed a longitudinal study in a colony
of 13 male cynomolgus macaques wherein we manipu-
lated the animals’ diet and social living conditions over
the course of 15 months. The macaques were first housed
individually with a variable diet. Following this, they
were maintained on a regulated diet for 3 months with-
out changing their solitary housing arrangement. Impor-
tantly, this first feature of the study allowed us to directly
measure the impact of a change in diet on GM compo-
sition. After the first 3 months, while maintaining the
regulated diet, the NHPs were moved to protected pair-
wise housing for 6 months to facilitate increased social
interaction. Finally, they were returned to single housing
at the conclusion of our study. This second feature of the
study, focusing on social housing conditions, allowed us
to uniquely measure the impact of a change in social liv-
ing conditions on GM composition, which could then
be separately compared to the magnitude of the effect
related to a change in diet. For each dietary and housing
condition, we collected fecal samples from the animals.
This longitudinal and systematized approach allowed us
to control for various extraneous factors, and directly
assess how changes in both diet and social living condi-
tions differentially affect GM composition.

A
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Methods
Subjects
Thirteen unrelated male Mauritian cynomolgus

macaques (Macaca fascicularis) were housed continually
at Queen’s University under the care of lab animal techni-
cians and the university veterinarian. The animals ranged
in age from 6 to 11 years old (mean age: 7.5yrs) and
weighed between 6.3 and 12.8 kg. All animals were naive
prior to our study. All procedures and animal experi-
ments were approved by the Queen’s University Animal
Care Committee and were conducted in full compliance
with the guidelines and policies of the Canadian Council
on Animal Care and the Animals for Research Act.

Study design

The study spanned 15 months, and was segmented into
three separate living condition phases (Fig. 1A): Single
Living (3 months duration), Protected Pairwise Social
Living (6 months duration), and Return to Single Living
(6 months duration). Phase lengths were selected such
that we could examine more long-term, chronic changes
in the gut microbiota as a result of our diet and social-
ity manipulations. Importantly, these phase lengths also
allowed us to sync-up data collection with several other
neurobiological measures that were collected as part of
our larger study. In each of the first two phases, two data
collection sessions occurred approximately 3 months
apart, whereas in the last phase, we collected data only
at the 6-month timepoint. We hereby refer to these as
TlSingle’ TZSingle’ TgSocial’ T4Social and T5RSL data collec-
tion timepoints. Note that within the phases, the animals’
social environment was held constant between data col-
lection sessions. During data collection sessions, stool
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Fig. 1 Study design and the relative abundance of GM bacterial families across timepoints. (A) Illustration of our 15-month longitudinal study design.
The social living manipulation phases are denoted by gray boxes and labels. The data collection sessions during these living conditions are identified
with downward pointing arrows and different coloured bubbles (red: T1gge, light blue: T2q;, 16, light green: T3¢,i,), dark green: T4y, dark blue: Togg)).
Diet manipulation is indicated at the top with bars and labels: “Uncontrolled diet” and “Controlled diet”. (B) Average relative abundance of the 10 most

abundant GM bacterial families across all timepoints and animals
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samples were gathered from each animal. Importantly,
prior to Tlg;,,. data collection, animals were maintained
in single housing with a variable diet.

Note that this manuscript leverages a subset of data
(fecal samples) originally gathered for an extensive bio-
marker investigation of the multifaceted neurobiological
impacts of alterations in social environment (including
data collection related to changes in brain structure/
function, systemic cortisol concentrations (via hair sam-
ples), various blood and cerebrospinal fluid biomarkers,
and dominance ratings). Here, we specifically focus on
the variations in gut microbiota composition observed
within this dataset.

Living conditions

Single Living

Animals began the study in Single Living, where they
were singly-housed in individual, non-contiguous cages
(2.6 m height x 1.3 m width x 1.3 m length) within one
larger room (i.e., all 13 animals were in the same room,
cages set~1 m apart). This allowed for each macaque to
see, hear, and smell the others (i.e., auditory, visual, and
olfactory social cues/interactions were present), but this
did not allow for any physical social contact. During this
first single living phase, T1g;,,. and T2g;,,. data were col-
lected. Note that the social environment condition was
unchanged between data collection sessions.

Protected Pairwise Social Living

At the 3-month mark, the Protected Pairwise Social Liv-
ing phase was implemented. In this phase, groupings of
2 animals, with the exception of one group of 3 animals,
were created. Animals in a grouping were housed in sin-
gle occupancy, adjoining pens (dimensions: 2 m height x
1.5 m width x 2.5 m length). These adjoined pens were
separated by a protective metal-mesh divider (dimen-
sions: 53 ¢cm width x 182.5 cm height) such that some,
but not all, physical social interactions were permitted
between animals in a grouping. The mesh squares (3 cm
x 3 cm) were large enough for the animals to reach their
fingers through to touch one another, but not so large
that full grooming was possible. Animals in different
groupings were separated by solid panels that prohib-
ited any physical social contact. As with Single Living,
the close proximity of the animals allowed them to see,
hear, and smell one another, regardless of grouping, and
thus close-up auditory, olfactory, and visual social cues/
interactions were also present. In addition, the animals
were rotated in their pairs between cages every 14 days
when the pens were cleaned by animal care staff; as such,
the groupings shared living spaces over the course of
this phase, but not at the same time. Rotation through
the pens ensured that pen location was not a confound
for observed gut changes. The Protected Pairwise Social
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Living condition lasted for 6 months, during which
T3¢ocia and T4, ;. data were collected.

Return to Single Living

At the 9-month mark, the Return to Single Living phase
was implemented, wherein the macaques were returned
to their previous single housing conditions (as in Single
Living). The final data collection session, referred to as
T5gg;, took place 6 months into this phase.

Diet

All NHPs were fed 2-4% of their body weight in stan-
dard chow (code: 5050, LabDiet, St Louis, MO) [82] for
the entirety of the study. This diet was fiber and protein
rich to promote healthy weight management in captive
primates. A full list of ingredients can be found at the
LabDiet website [82]. Ad libitum municipal water was
available to the animals at all times throughout the study.
No antibiotics or supplements were given to the animals
at any point.

Uncontrolled diet

In order to quantify the effect of a change in diet on the
GM, we allowed some enrichment elements of our NHPs’
diet to vary for approximately 9 months prior to begin-
ning the study (while living in the single living condi-
tions) and the data collection at Tlg;,,, (moving forward
we refer to this period as “uncontrolled diet”; Fig. 1A).
Aside from the animals receiving 2—-4% of their body
weight in standard chow, their food intake also included
LabDiet Monkey Jumble foraging mix (code: 5LON, Lab-
Diet, St Louis, MO) [83], seasonal fruit, and occasional
food rewards. It was these three enrichment elements
that varied during the uncontrolled diet period of our
study. Specifically, the foraging mix, which was a blend of
fruit, seeds, nuts, and vegetables, was given to animals in
variable quantities (% - % cup) each day. A full list of the
ingredients in the Monkey Jumble foraging mix can be
found at the LabDiet website [83]. Seasonal fruit (melon,
banana, strawberries) was given randomly to animals
each day such that not all animals got the same fruit each
day, though typically it was a % piece for each animal.
Food rewards (additional amounts of Monkey Jumble)
were also given variably across animals, such that not all
animals received a reward and when they did, the exact
quantity of additional Monkey Jumble was not controlled
between animals.

Controlled diet

Following Tl data collection, at the beginning of the
Single Living phase, we strictly controlled the enrich-
ment elements of our NHP’s diet for the remainder of the
study (referred to as “controlled” diet from here on out;
Fig. 1A). Specifically, this involved all animals receiving
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the exact same proportions and type of food each day.
Fruit, foraging mix, and any additional food rewards
were given equally to all animals each day. This con-
trolled diet approach not only enabled us to (1) directly
investigate how diet alterations impact GM composition
during a period of stable single living, i.e., comparing
the transition from uncontrolled (T1g;,,.) to controlled
diet (T2g;,g.) during the Single Living phase, but also (2)
established a foundation for contrasting these dietary
GM changes with those stemming from our social
manipulation, i.e., comparing T2g; ;. data to the data col-
lected during the Protected Pairwise Social Living phase
(T3sociarr T4socia) @and the Return to Single Living phase
(T5gs1)-

Fecal sample collection and processing

Gut microbiota composition was characterized using
fecal samples collected from the animals at the data col-
lection timepoints highlighted in Fig. 1. Fecal matter is
regarded as the gold-standard for assessing the richness
and diversity of the gastrointestinal microbiome [84],
and is preferred due its stable biological characteristics
that allow for long-term sample storage [85]. In addi-
tion to stool samples, we also collected several biomarker
samples (i.e., CSF, blood, and hair) at each timepoint in
accordance with the larger overarching project objec-
tives. Animals were briefly anesthetized under ketamine
(5-15 mg/kg, intramuscular) after which fresh stool sam-
ples were immediately collected from each animal’s home
cage pan. Labeled stool samples were preserved in 95%
ethanol in a 15 mL falcon tube and promptly stored at
-80 °C until sample analysis [86]. On the same day, while
anesthetized, the animals were weighed, set into lateral
recumbency and their lumbar area (L4/L5) was shaved
(~2 in x 2 in). Shaved hair was collected into pre-folded
tinfoil pouches for storage and later analysis. The shaved
region was aseptically cleaned, a lumbar puncture was
performed, and 1 mL of CSF was collected. From the
femoral vein, 5 mL of blood were collected into EDTA
vacutainers and 6 mL of blood were collected in serum
separator tubes (note that the additional biomarker data:
CSEF, blood, and hair, are not reported in the current
paper). Sample collection was conducted between 9 a.m.
—12 p.m. for all animals.

16S rRNA library construction and sequencing

DNA was extracted from 50 mg of fecal matter using
the E.Z.N.A. DNA extraction kit for stool (OMEGA Bio-
Tek Inc., Norcross, GA, USA), following the manufac-
turer’s instructions. 1 pL of extracted DNA (including a
nuclease-free water negative control and an Escherichia
coli positive control) were amplified using custom DNA
primers with overhang adapters from Invitrogen (Carls-
bad, California, USA) that were designed based off of the
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[llumina recommendations [87, 88] for 16S next-gener-
ation sequencing (16S Amplicon PCR Forward Primer:
5 TCGTCGGCAGCGTCAGATGTGTATAAGAGA-
CAGCCTACGGGNGGCWGCAG-3; 16S Amplicon
PCR Reverse Primer: 5- GTCTCGTGGGCTCGGA-
GATGTGTATAAGAGACAGGACTACHVGGGTATC-
TAATCC-3’) for the bacterial 16S ribosomal RNA (16 S
rRNA) gene, specifically variable region 3 (V3) and 4
(V4). llumina flow cell adapter sequences and a 12 bp
barcode were then incorporated into the PCR primers
using the Nextera XT Index Kit (Illumina, FC-131-1001I).
DNA amplicon purity and concentration were quanti-
fied on a 2100 BioAnalyzer (Agilent Technologies, Santa
Clara, California, USA) and Qubit 3.0 Fluorometer
(Thermo Fisher Scientific, Waltham, MA, USA). Next-
generation sequencing was performed using the Illumina
MiSeq system.

16S rRNA sequence data processing

Raw sequencing reads were assessed and processed to
remove low-quality nucleotides and adapter sequences
using Cutadapt v3.4 [89]. The remaining high-quality
sequences were processed in R (v4.3.0) [90] using the
DADA2 (v1.28.0) [91] package, including the following
parameters: left-trim (trimLeft=15), truncation of for-
ward and reverse reads (285 bp and 250 bp respectively),
and removal of chimeric reads. DADA2’s Naive Bayes-
ian classifier and Ribosomal Database Project taxonomic
database, version 18 (RDP18) [92, 93] were used for tax-
onomic annotation, where the classifier allowed reverse
complement matching. Using this process, operational
taxonomic units (OTU’s), genetic clusters that repre-
sent a group of microorganisms, were assigned at 97%
sequence identity using the Greengenes database [94]
and then translated to known taxonomic classifications.
These classifications were used to determine the relative
abundance of each OTU in each sample. For generation
of weighted UniFrac distances, a phylogenetic tree was
constructed using the phangorn (v2.11.1) [95] package,
using a maximum-likelihood method and nucleotide-
based similarity model. Distance values were then cal-
culated using the vegan (v2.6.4) [96] package. All figures
were generated using the ggplot2 (v3.4.4) [97] package.

Analyses of microbiota diversity and community
composition

We examined the alpha and beta diversity of the gut
microbiota to investigate the impact of our diet control
and our social manipulation. Alpha diversity measures
the distribution of species within a single sample (i.e.,
species richness and species evenness), whereas beta
diversity measures the differences in community com-
position between samples. For these analyses, the sam-
ples were rarefied without replacement through random
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sub-sampling in phyloseq (v1.4.4) [98]. Without rarefac-
tion, uneven sequence counts can artificially inflate alpha
diversity metrics with higher read counts [99]; rarefaction
was chosen as opposed to other methods, such as a nega-
tive binomial distribution, because the variance in read
counts between samples was low (range: 6,125—-85,410,
mean: 38,639, IQR: 13,046.75). We set our rarefaction
value to 25,000, which resulted in two NHP samples
(Quinn at Tlg;,,. and Eli at T5gg ) being removed due
to their low read depths (<10,000). These samples had
less than half of the reads for all other samples. Dropping
samples with low read depths is a standard procedure as
smaller biomass samples are often lower quality and con-
tain a higher presence of contaminating sequences [100,
101]. One of our animals (Popeye) was also removed
from Tlg;,,. analyses due to an inability to collect a sam-
ple at that time. Note that all statistical tests that are sig-
nificant with our rarefied data were also significant with
non-rarefied data. See supplemental, Fig. S1, for descrip-
tion of each animal’s available timepoints.

Microbial diversity

To assess alpha diversity, we used the Chaol index based
on family-level OTUs (though see supplemental material,
Figs. S2 and S3, for diversity calculated using the Fisher,
Shannon, and Faith’s Phylogenetic Diversity (PD) indi-
ces). For this metric, timepoints were compared using a
Wilcoxon signed-rank test (for the effect of diet) and a
Friedman test (for the social living effect). The Wilcoxon
signed-rank tests included a “paired=TRUE” argument
to ensure the repeated measures nature of this study was
accounted for. To assess beta diversity across timepoints,
we performed Permutational Multivariate Analysis of
Variance (PERMANOVA) tests with the family-level
OTUs calculated in vegan (v2.6.4) [96] using weighted
UniFrac distance matrices [102, 103] (see supplemental
material, Figs. S5 and S6, for the results of PERMANO-
VAs calculated using the Bray-Curtis distance method
[104], which returned qualitatively identical results; see
also supplemental materials for the results using genus-
level OTUs). In these PERMANOVA tests we speci-
fied that the permutations be conducted within animal
such that the repeated measures design of this study
was accounted for. An advantage of the PERMANOVA
approach is that it did not require us to make any
assumptions about the underlying data distribution (e.g.,
assumption of normality). All analyses conducted were
repeated measures to account for the repeated measures
nature of this study. We used weighted UniFac distances
because they consider both the phylogenetic-related-
ness of the taxa and their relative abundances within the
samples, and we provide the Bray-Curtis results in our
supplemental material because it is another common dis-
similarity metric used in the literature. PERMANOVAs

Page 6 of 15

were conducted on the distance matrices using 1,000
permutations. All significant PERMANOVA results
were followed up with a dispersion analysis via the vegan
(v.2.6.4) [96] package to ensure that results were not
skewed by unequal group dispersions. Like our PER-
MANOVA tests, our dispersion analyses also permute
within animal. To meaningfully depict beta diversity dif-
ferences, non-metric multidimensional scaling (NMDS)
was used for each of the distance matrices via the vegan
(v.2.6.4) [96] package. NMDS is the most appropriate
method here as it allows for the use of various distance
metrics and maps onto a low-dimensional space, with
high explanatory power for relative differences between
samples [105].

Linear discriminant analysis

To follow up a significant PERMANOVA effect, we
assessed bacterial differences at the family level across
timepoints using the linear discriminant analysis (LDA)
effect size (LEfSe) method [106] (see supplemental mate-
rial, Fig. S7, for LEfSe results at the genus level). LEfSe
combines statistical significance tests with biological
consistency tests to identify genomic features most likely
to explain the differences between communities. Impor-
tantly, the analysis produces estimates of the magnitude
of variation among OTUs, thus allowing us to differenti-
ate the phenotypes of interest. Differences in OTUs are
first assessed with two-tailed nonparametric Kruskal-
Wallis rank-sum tests. This is followed by pairwise tests
across groups (Wilcoxon rank-sum), and lastly, an LDA
is performed to estimate the effect size of each differen-
tially abundant feature [106]. LEfSe tests for differentially
abundant taxa were conducted with the microbiome-
Marker (v. 1.6.0) [107] package in R. The significance cri-
teria for the LEfSe tests were set to an LDA score of less
than 1073, with a Wilcoxon and Kruskal-Wallis p-value
less than 0.05. For completeness, we have also conducted
an ANCOMBC2 [108] analysis on our data as it is a com-
mon analysis method in the literature. We have included
the results of these analyses in the supplemental material
(see Tables S6 and S7).

Results

Changes in diet cause changes in gut microbiota
composition

In the current study, we sought to disentangle the effects
of a change in diet from the effects of a change in social
environment (i.e., from single living to cohabitation). To
do this, we implemented a diet change while maintain-
ing animals’ living conditions (and prior to beginning our
social living manipulations; Fig. 1A), thereby allowing us
to directly compare GM composition during a period of
controlled diet (T2g;,y) to uncontrolled diet (Tlg,g.)-
This established a baseline ‘diet effect; to which we could
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subsequently compare the effects of changes in social liv-
ing conditions.

Visual inspection of our data at the group level sug-
gested a shift in relative abundance from Tlgg, to
T2, POtentially mediated by a change in diet (Fig. 1B,
see also supplemental material, Fig. S1, for individual
animal profiles of relative abundance over time). To
more directly quantify this observation, we examined
our alpha and beta measures of GM diversity. Note that
all analyses conducted take into account the repeated
measures nature of our study design. A non-parametric
Wilcoxon signed-rank test on our Chaol alpha diver-
sity measure revealed a significant difference between
Tlginge and T2g; ., (W=55, p=.002; Fig. 2A) such that
alpha diversity decreased from Tlg, . to T2, .. Next,

Diet

o~ Il- Uncontrolled(T7) {T} Controlled(T2)

5
A .
b J
‘B 600 =
o
= >
O L]
LJ
s . .
< 4004 =
< -+
-
[e] o
5 ]
o 200 X
T Single T25ingle
Timepoint
0.30+
N
a
0.00
=
b4
-0.30
Stress: 0.105
F(1,20)=4.745
R2=0.192
p<.001
-0.25 0.00 0.25 0.50

NMDS1

Page 7 of 15

we performed a pairwise PERMANOVA test on the beta
diversity data using weighted UniFrac distances. This
analysis also revealed a significant effect from Tlg;,,, to
T2gng1e (F(1,20)=4.745, p<.001, R*=0.192, stress=0.105;
Fig. 2B), indicating that changes in diet not only resulted
in changes to GM species richness, but also changed
diversity between samples. The group dispersions for
Tlginge and T2, were not significantly different from
one another (F(1,20)=2.501, p=.118; see supplemental
material, Table S5, for a full list of values).

To examine which families of bacteria might be con-
tributing to these above patterns of effects, we employed
the LEfSe [106] method (at the family level), which
identified significant differences in bacterial abun-
dances for several families (e.g., Lactobacillaceae and

C Veillonellaceae _:D__::l
Prevotellaceae l:l:llj:l
Peptostreptococcaceae _:D_:D
Lentisphaerae b
S — T+
g Lactobacillaceae
S = =
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Clostridiales ° % ° .
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Relative Abundance

Fig. 2 Changes in diet result in changes in GM composition. (A) Chao1 alpha diversity differs significantly between the diet-uncontrolled condition
(red, T1gjgie) and the diet-controlled condition (light blue, T2g;,i0), * p <.05. In the boxplots, the ends of the boxes denote the first (25%) and third (75%)
quartiles, the center line represents the median, and the whiskers represent the range of values falling within the interquartile range (IQR) x 1.5. Single
black data points represent individuals. (B) NMDS plot with weighted UniFrac distances depicting the effect of diet on GM diversity. Diet-uncontrolled
condition (red, T1g,40) is significantly different from diet-controlled condition (light blue, T2g;,0), p <.001. (C) Differential relative abundance of bacterial
families exhibiting the diet effect. LEfSe analysis identified 10 bacterial families that significantly changed between diet-uncontrolled (red, T1g;,qe) and
diet-controlled (light blue, Tzsmg‘e) conditions. In the horizontal boxplots, the ends of the boxes denote the first (25%) and third (75%) quartiles, the cen-
ter line represents the median, and the whiskers represent the range of values falling within the interquartile range (IQR) x 1.5. Single black data points
represent individuals outside this range
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Clostridiaceae) between the diet-controlled and diet-
uncontrolled conditions (Fig. 2C). Notably, some of the
bacterial families identified through this LEfSe analysis
have been previously implicated in primate and rodent
social behaviour (e.g., Helicobacteraceae [109, 110], Lac-
tobacillaceae [51], Prevotellacaeae [50]), underscoring
the importance of being able to delineate effects related
to changes in diet from changes in sociality when study-
ing GM composition.

Changes in social living conditions impact the gut
microbiota composition

We next sought to determine whether changes in social
living conditions impacted the GM above and beyond
the aforementioned effects of diet (i.e., compare time-
points T2 1., T3gociap T4social a0d Thgg;). To this end,
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we again assessed alpha and beta diversity of our socially
manipulated (but diet-controlled) samples (again, all
analyses take into account the repeated measures nature
of our study design). Notably, as a departure from that
observed for the change in diet, when we analyzed alpha
diversity, we found no significant changes across the four
timepoints (Friedman test: X*(3)=5.88, p=.12, Fig. 3A).
However, when we examined our beta diversity mea-
sure (using a repeated measures PERMANOVA with
weighted UniFrac distances) we did find a significant
effect of our social living manipulation (F(3,44)=1.747,
p=.01, R*=0.106, stress=0.156; Fig. 3B). The group dis-
persions for T2g.100 T3g0c01 T4social and Thrg were not
significantly different from one another (F(4,53)=1.733,
p=.139; see supplemental material, Table S5, for a full list
of values). Follow-up pairwise comparisons using a False

Lactobacillaceae 4

Taxon

Clostridiaceae 4

0.001 0.010 0.100

Relative Abundance

Fig. 3 Changes in social living conditions result in changes in GM composition. (A) Chao' alpha diversity did not differ across our diet-controlled, social
living conditions. In the boxplots, the ends of the boxes denote the first (25%) and third (75%) quartiles, the center line represents the median, and the
whiskers represent the range of values falling within the interquartile range (IQR) x 1.5. Single black data points represent individuals. (B) NMDS plot with
weighted UniFrac distances depicting the effect of social living on beta diversity. A significant effect due to changes in social living conditions was de-
tected via PERMANOVA analysis, p <.05. (C) Differential relative abundance of bacterial families for the effect of social living. Our LEfSe analysis identified
2 bacterial families, Lactobacillaceae and Clostridiaceae, that significantly changed across our social living conditions. In the horizontal boxplots, the ends
of the boxes denote the first (25%) and third (75%) quartiles, the center line represents the median, and the whiskers represent the range of values falling
within the interquartile range (IQR) x 1.5. Single black data points represent individuals outside that range
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Discovery Rate (FDR) correction revealed that this signif-
icant effect was primarily driven by a difference between
the T2, and T3g,;, timepoints, and not among the
other timepoints (see Table S1 and S2 in supplemental
materials for a full list of values and comparisons). This
suggests that changes in the composition of the GM only
occurred after the transition from single to pairwise
living.

To examine which families of bacteria may contribute
to these changes in community composition across time-
points, we performed another LEfSe [106] analysis (at
the family level). This analysis identified significant dif-
ferences in abundance within the Lactobacillaceae and
Clostridiaceae families across our social living condi-
tions (Fig. 3C). Notably, Clostridiaceae and Lactobacil-
laceae taxa were also both identified as being impacted
by changes in diet (Fig. 2C). This suggests that both diet
and social environment have distinct modulatory effects
on these bacteria.

In order to quantify these differential effects, for each
bacteria, we conducted a series of Wilcoxon signed-rank
tests between all timepoints (Fig. 4), again using the argu-
ment “paired=TRUE” to ensure the repeated measures
design of the study was accounted for, and found sig-
nificant differences in relative abundance between vari-
ous time points (e.g., Tlgge vs. T2g,q, and T2g;, . vs.
T3g,cia Fig. 4A and B, and supplemental materials, Table
S3 and S4, for a full list of p-values). Note that, like our
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analysis of beta diversity, we did not find evidence of a
change in GM composition from T4, to T5r¢ . Next,
we assessed whether the magnitude of change in these
two bacteria differed between the diet transition versus
the single to pairwise living transition by running another
Wilcoxon signed-rank test on the absolute (unsigned)
change in relative abundance from Tlg;, . to T2g; . (diet
effect) compared to the absolute change from T2g;,, to
T3g,ca (social living effect), again using the argument
“paired=TRUE”. Note that our use of “absolute” here
is in reference to the mathematical sense of the word.
We found no significant difference between the diet
effect and social living effect for either Lactobacillaceae
(p=.969; Fig. 4A inset) or Clostridiaceae (p=.423; Fig. 4B
inset). This suggests that both the change in diet and the
change in social living conditions had a similar magni-
tude of effect on the relative abundance of Clostridiaceae
and Lactobacillaceae in the GM. Notably, however, these
effects were observed in opposite directions: Whereas
Lactobacillaceae decreased in relative abundance when
diet was controlled for, and then increased and remained
constant when the animals moved into pairwise housing
(Fig. 4A), Clostridiaceae was low in abundance during the
uncontrolled-diet period, and then increased when diet
was controlled for, and then decreased again through-
out the remaining timepoints (Fig. 4B). Notably, our
ANCOMBC2 analysis also identified Lactobacillaceae as
a significant bacterial family with changes in abundance
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Fig. 4 Lactobacillaceae and Clostridaceae appear to be equally modulated by a change in diet and a change in social living conditions. (A) Changes in
the relative abundance of Lactobacillaceae across all timepoints. Wilcoxon signed-rank tests were conducted across all timepoints to identify differences
between timepoints, as indicated by significance bars. Data points indicate the values for individual animals. Bars denote the average relative abundance
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across our social living timepoints (i.e., T2g;,,., see sup-
plemental materials Table S6 and S7).

Discussion

Prior work has indicated that one’s social environment
can shape GM composition [19, 21, 23, 50]. However,
these effects are often confounded by the fact that close
social groups tend to share similar dietary habits, which
itself is known to directly influence the GM [23, 41, 42,
54, 65]. To disentangle these different factors, here we
performed a 15-month longitudinal study in a colony of
13 male NHPs where we manipulated the animals’ social
living conditions while controlling their diet. A key fea-
ture of our social manipulation paradigm was that we
maintained animals’ living conditions for a duration of 3
months (Single Living) after controlling their diet. This
allowed us to (1) directly assess the effects of a change in
diet on GM composition (between Tlg;,, . and T2g; )
while also (2) providing a critical foundation for examin-
ing, and interpreting, any subsequent changes in the GM
as a result of our social manipulations, i.e., moving from
Single Living (T2g;,,.) to Protected Pairwise Social Liv-
ing (T3¢, ciar T4socia) then back to single living (T5gg; ).

Our study revealed two primary findings, first is the
effect of diet changes on the GM composition. Dietary
changes significantly altered both the alpha and beta
diversity of the GM (Fig. 2A and B). These findings were
to be expected, as diet is a well-established modulator of
GM composition. However, shifts in relative abundance
identified for this diet effect were observed in several
bacterial families, including some that have been previ-
ously linked to sociality (e.g., Helicobacteraceae [109,
110], Prevotellacaeae [50]) (Fig. 2C). This finding empha-
sizes the need to disentangle dietary and social effects on
the GM. Where prior studies have claimed certain bacte-
ria to be influenced by sociality, our findings suggest that
in fact such changes may be diet related. Our social living
manipulation allows us to tease these effects apart.

Our second finding is the effect of social living con-
ditions on the GM composition. Contrasting the diet
effect, we found that changes in social living conditions
(single vs. pairwise living) only influenced beta diversity
(Fig. 3B). Notably, other bacteria previously linked to
sociality (e.g., Helicobacteraceae [109, 110], Prevotella-
caeae [50]), which were altered by diet (Fig. 2C), did not
exhibit significant changes with our social manipulation.
However, we did find that two bacterial families involved
in driving this social living effect — Lactobacillaceae and
Clostridiaceae (Fig. 3C) — also responded significantly
to dietary changes (Fig. 2C). This indicates an interplay
between sociality and GM composition. This result dem-
onstrates the distinct effects of diet and social living on
GM composition, that is, we see sociality is impacting rel-
ative abundance of bacterial families, above and beyond
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the effects of a diet change. Collectively, our findings
highlight a nuanced relationship between social environ-
ment and the GM which we discuss in more depth next.

While diet profoundly shapes gut microbial community
composition, our findings demonstrate that an individu-
al’s social environment also plays a unique role. Specifi-
cally, comparing the GM composition between T2g; .
and T3, (When animal diet was held constant) reveals
a distinct shift driven by the transition from single to
social living. We note two key observations here. First,
we found that bacteria previously implicated in sociality
(e.g., Prevotella [50]) did not show significant changes in
accordance with our social manipulations once we con-
trolled for diet. This suggests that some of the previously
identified sociality-related bacterial changes in the litera-
ture may actually relate to the effects of a shared diet (in
cohabiting individuals). Second, we found that a small
subset of bacteria — namely Lactobacillaceae and Clos-
tridiaceae — exhibited both a diet effect and a separate
social living effect (Fig. 4). Notably, for these bacteria, we
found that the magnitude of the social effect (i.e., abso-
lute difference in relative abundance between T2, and
T3¢ocia) Was not significantly different from the mag-
nitude of the diet effect (i.e., absolute difference in rela-
tive abundance between Tl and T2g; ). This is an
important observation, as it suggests separate but equal
effects of diet and sociality on certain bacteria. We also
found that the changes in Lactobacillaceae and Clostri-
diaceae across timepoints were inversely related. For
reasons we will discuss next, this may not be surprising
given that the gut is a hostile environment where oppor-
tunistic bacteria can thrive when homeostasis is dis-
rupted (i.e., dysbiosis [111, 112]), like from a change in
diet. Thus, these findings may be highlighting a “balanc-
ing out” interaction between these bacteria as the micro-
biota strives to return to a stable condition [113].

In the prior literature, the Lactobacillaceae family is
recognized for its beneficial properties in both human
and animal gut microbiomes. Notably, Lactobacilla-
ceae has been linked to immune system enhancement
and helping to prevent or mitigate infectious diseases by
controlling opportunistic pathogens [114—117]. In con-
trast, the Clostridiaceae family is often associated with
negative health outcomes; its overgrowth is connected
to dysbiosis, including inflammatory bowel diseases
[118], and has been implicated in certain cancers, such as
breast cancer [119]. Given these distinct associations, it
may not be surprising to observe an inverse relationship
between these two bacterial families in our study (Fig. 4).
After dietary control (from Tlg,y. to T2g;,,), we noted
a decrease in Lactobacillaceae and an increase in Clos-
tridiaceae. This suggests that diet change disrupted the
microbiota. However, this trend reversed upon intro-
duction to social living (from T2g;,, . to T3g,;,), With an
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increase in Lactobacillaceae and a decrease in Clostri-
diaceae. This shift may underscore the potential impact
of social interactions on these different bacterial families:
The advantageous effects of social living may foster the
growth of beneficial gut bacteria like Lactobacillaceae,
which in turn helps to regulate and diminish the preva-
lence of harmful bacteria such as Clostridiaceae. While
clearly such speculation represents an oversimplification
of the complex mechanistic interactions between com-
peting bacteria, it nevertheless suggests intriguing ave-
nues to be explored in future research.

Notably, when the animals returned to single living
conditions at the end of the study (T5yg; ), we found that
their GM composition did not fully revert back to the ini-
tial state observed at T2g; ... This contrasts with studies
on free-ranging NHPs, where relocation typically leads
to swift GM changes [19, 47-49]. This result seems par-
ticularly noteworthy considering that the animals spent
a substantial six-month period in the T5g condition
before data collection. As such, it suggests that microbial
alterations due to social living (in T3, ;,; and T4, ;,;) can
have a relatively long-lasting impact on GM composition
(i.e., at least 6 months duration). Furthermore, it sug-
gests that the swift changes in GM composition observed
in prior field observations could reflect dietary changes
associated with relocation, rather than purely social
factors. In future research, it will be useful to examine
whether an even longer period in the T5; condition,
perhaps up to 12 months, results in a full return to the
T2g;pg. GM composition.

Although the current study has demonstrated that
alterations in the social environment can change the GM,
it remains unclear the specific mechanisms that medi-
ate these changes. Recent advances in GM research have
implicated the microbiota-gut-brain axis (MGBA) as
a key bi-directional communication pathway between
the gut and brain [110] that can significantly influence
host social behaviour [28, 33, 52, 120, 121]. For instance,
prior work suggests that this axis plays an important
role in mediating sociality-related changes [122] in both
the brain [123] and gut [21, 50]. When considering the
features of the animals’ social environment that could
potentially drive GM changes in our study, it is crucial
to note that physical touch (e.g., grooming), a primary
form of sociality in humans and NHPs [75, 124, 125],
was relatively limited due to the use of cage dividers.
Our findings, therefore, highlight two possible (albeit not
mutually exclusive) explanations for the GM changes we
observe: (1) the GM may have been influenced via other
social modalities through the MGBA, such as chemi-
cal and auditory cues or, (2) though limited, the physical
touch permitted during our social living condition had a
strong enough effect on the MGBA to alter the GM.
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Chemical signals, such as odorant bacterial metabolites
from bodily microbiota (e.g., skin), function as important
social cues (e.g., indicating relatedness) and can affect
social behaviour [121, 126]. For instance, in fruit flies,
microorganisms of the GM have been found to medi-
ate the production and release of chemical scents asso-
ciated with social signaling, such as attraction [127], kin
recognition [128, 129], and mating preferences [130].
This implies that social communication via the GM not
only involves the transmission of signals but, through
the MGBA, may also influence the receiver’s behaviour
and subsequently affect their GM composition, even in
the absence of physical contact. Similarly, auditory social
cues in primates, conveying information about sex, iden-
tity, kinship, and group membership [131, 132], may also
impact the GM. Previous investigations have found that
chronic stress on the auditory system and fear learning
can cause anatomical alterations in the auditory cor-
tex [133]. Considering this and the known link between
chronic social stress, host social behaviour, and resulting
changes to GM composition [19, 21, 33, 35, 45], it is plau-
sible then that changes in the auditory social environ-
ment may lead to brain changes with downstream effects
on the GM through the MGBA. These findings highlight
the complexity of social interactions and their multi-
sensory nature, offering avenues for exploring how non-
physical social cues can influence the gut microbiota.

In addition to the alternative sensory modalities noted
above, physical touch stands out as a compelling mecha-
nism for driving the observed changes in GM composi-
tion. Touch is more than a microbial transmission route;
it is fundamental to social communication and bonding,
offering intrinsic rewards for both the giver and receiver
[75, 124, 125, 134]. Since neurotransmitters can influence
the gut via the MGBA [110], the neurobiological rewards
of social touch — for example, the release of endogenous
opioids [134] — raise the possibility that touch could
modify the GM through this axis. In any case, when
taken together, the degree of GM change from single to
pairwise social living suggests a surprising responsive-
ness to even limited physical contact and indirect sensory
(odor, audition) social cues.

Methodological considerations and future directions

While the current study has disentangled GM effects
related to diet and sociality, there remain several ques-
tions to be addressed through future research. Firstly,
while our use of laboratory-housed NHPs enabled a con-
trolled manipulation of diet and social conditions, this
approach may not capture the full spectrum of gut bacte-
ria present in free-ranging macaque groups. For instance,
prior work has shown that wild macaques exhibit greater
GM diversity (both alpha and beta) in comparison to lab-
oratory-housed NHPs [54, 135]. Despite this limitation,
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our controlled environment was necessary to isolate
sociality-related effects, as field studies pose considerable
practical challenges in this regard and make assessments
of causality more difficult [21]. Secondly, due to our sam-
ple size consisting of 13 male NHPs, it is unclear whether
(1) we would have observed more diverse changes (e.g.,
other bacteria previously implicated in sociality) had the
sample size been larger, and (2) whether our effects also
generalize to females. These are important questions,
and we have plans to examine these relationships in our
future work. Thirdly, the 3-month intervals between most
data collection points in our 15-month study may have
limited our ability to detect much more subtle, short-
term changes in the GM. Indeed, while our approach
may have been effective for observing broad dietary and
social effects, it is possible that this time frame might
have obscured finer-scale microbial fluctuations. Given
that previous GM studies have often been conducted
with shorter data collection intervals (over days or weeks
[136, 137]), future research could benefit from a more
compressed timeline to help capture these nuances.
Finally, it is possible that the changes in GM composi-
tion observed from T2g;,,;, to T3g,;, could reflect resid-
ual effects of the dietary manipulation at T1lg;,,,, rather
than the direct influence of social living conditions (as
we have interpreted). While dietary changes are often
rapid, with microbial composition adjusting within days
to weeks [61], there is evidence, including from our own
findings, that dietary effects can also manifest over longer
periods. For instance, we observe significant changes in
GM composition from Tlg, . to T2, over a 3-month
period, following a controlled dietary change, indicating
that diet can have sustained effects on microbial compo-
sition [138]. However, the patterns of microbial change
we observe from T2, to T3, suggest that other fac-
tors, particularly social living conditions, are more likely
driving the shifts during the Protected Pairwise Social
Living phase. If prolonged dietary effects were the pri-
mary driver, we would expect to see a more continuous
progression of changes across all timepoints. Instead,
we see non-linear, time-specific shifts, such as the saw-
tooth (opposing) fluctuations in Lactobacillaceae and
Clostridiaceae abundances (from Tlg, . to T2, and
from T2, to T3g,;, see Fig. 4). These non-linear pat-
terns are difficult to explain solely by the passage of time
after dietary changes and are more consistent with the
introduction of a new environmental factor—social liv-
ing conditions—affecting the GM at T2, and beyond.
Moreover, the documented impact of social interactions
on the GM [35] lends further support to this interpreta-
tion. While we acknowledge that disentangling the lon-
ger-term effects of diet from the effects of sociality can
be challenging, the distinct pattern of shifts we observe
across time points strongly suggests that social factors,
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rather than lingering dietary effects, are the primary driv-
ers of the microbial changes between T2g;,,j. to T3g,y-

Conclusions

We found that changes in diet resulted in shifts in both
the alpha and beta diversity of the GM, whereas changes
in social living conditions only affected beta diversity of
the GM. Notably, two bacterial families — Lactobacil-
laceae and Clostridiaceae — demonstrated significant
abundance changes that were attributable to the transi-
tion from single to pairwise social living, and that were
distinct from those caused by a change in diet. Together,
these findings uncover the separate impacts of diet and
social factors on GM composition, highlighting a com-
plex interaction between social environments and gut

health.
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