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Abstract
Emerging research demonstrates that microbiota-gut–brain (MGB) axis changes are associated with depression onset, but the
mechanisms underlying this observation remain largely unknown. The gut microbiome of nonhuman primates is highly
similar to that of humans, and some subordinate monkeys naturally display depressive-like behaviors, making them an ideal
model for studying these phenomena. Here, we characterized microbial composition and function, and gut–brain metabolic
signatures, in female cynomolgus macaque (Macaca fascicularis) displaying naturally occurring depressive-like behaviors.
We found that both microbial and metabolic signatures of depressive-like macaques were significantly different from those
of controls. The depressive-like monkeys had characteristic disturbances of the phylum Firmicutes. In addition, the
depressive-like macaques were characterized by changes in three microbial and four metabolic weighted gene correlation
network analysis (WGCNA) clusters of the MGB axis, which were consistently enriched in fatty acyl, sphingolipid, and
glycerophospholipid metabolism. These microbial and metabolic modules were significantly correlated with various
depressive-like behaviors, thus reinforcing MGB axis perturbations as potential mediators of depression onset. These
differential brain metabolites were mainly mapped into the hippocampal glycerophospholipid metabolism in a region-
specific manner. Together, these findings provide new microbial and metabolic frameworks for understanding the MGB
axisʼ role in depression, and suggesting that the gut microbiome may participate in the onset of depressive-like behaviors by
modulating peripheral and central glycerophospholipid metabolism.

Introduction

Major depressive disorder (MDD) affects millions of indi-
viduals globally [1], with significant economic and social
costs. Current understanding of the underlying MDD
pathology focuses on various hypotheses of molecular brain
dysfunctions [2]. However, antidepressant therapies based
on these prevailing theories only alleviate symptoms in
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about 40–50% of MDD patients [3, 4], suggesting that the
existing hypotheses are not sufficient to reflect the hetero-
geneous pathophysiological mechanisms of MDD. Thus, it
is of great relevance to explore novel potential molecular
mechanisms of depression.

To date, rodents have served as the main model for
investigating the molecular basis of depression, and have
yielded many milestone research findings. However, rodent
models of MDD frequently precipitate depressive behaviors
by subjecting the animals to various physical stressors
[5, 6], whereas in humans, MDD usually occurs under
social and psychological stress [7–9], and these pathogenic
features are difficult to reproduce in traditional rodent
models. Thus, identifying animal models in which depres-
sion develops under relatively natural conditions, that better
mimic the human experience, might be expected to yield
important new insights into MDD pathology. Previously,
we have developed a system for evaluating, defining, and
classifying depressive-like (DL) and other behaviors of
captive cynomolgus monkeys (Macaca fascicularis)
[10, 11]. Consistent with Shively et al.’s findings [12], we
identified a hierarchically subordinate subgroup of monkeys
that display DL behaviors. The majority of subordinates
display DL behaviors that appear to arise from the continual
stress and harassment these animals suffer from more
dominant animals in the social hierarchy [13, 14]. As a
chronic mild-to-moderate stressor, the constant social stress
experienced by these primates has characteristics compar-
able with the kinds of underlying stressors that may pre-
cipitate MDD. Moreover, the biologic changes observed in
these animals are similar to those found in MDD patients
[15, 16]. Thus, the DL monkey paradigm may be a useful
new model for studying the pathogenesis of MDD.

The gastrointestinal tract contains thousands of resident
microorganisms that together make up the gut microbiome,
which has been increasingly shown to regulate many
aspects of health and disease. Recent evidence suggests
that gut microbiota modulate brain function and behaviors
via the “microbiota-gut–brain” (MGB) axis [17, 18]. Our
groups recently reported that MDD was associated with an
altered gut microbiome [19], and this change was relatively
specific relative to the microbial composition of bipolar
disorder and schizophrenia [20, 21]. Using fecal trans-
plantation experiments, we found that germ-free mice
transplanted with “MDD microbiota” displayed depressive
behaviors. Extending these studies, herein we investigate
how the gut microbiome may contribute to depression
onset via the MGB axis. The DL macaque model is espe-
cially suitable for these experiments because the monkey
gut microbiome is more similar to that of human than the
rodent gut microbiome, and less affected by confounding
factors such as the living environment, diet, and comor-
bidities [22].

Since MDD is characterized by multiple disturbances of
the gut microbiome, high-throughput technologies such as
metagenomics and metabolomics are especially well-suited
for capturing the molecular basis of depression. Metage-
nomic methods can interrogate the structure and function of
the gut microbiome [23], and metabolomics provides sup-
plemental functional readout of microbial activity [24].
Combining metagenomics with metabolomics is a well-
established strategy to understand how the gut microbiome
shapes the host. The weighted gene correlation network
analysis (WGCNA) helps identify the molecular pathways
that are co-regulated in a functionally coherent fashion [25].
These clusters or modules represent a single unit that can be
associated with clinical or behavioral phenotypes. Using
this method, Sousa et al. [26], successfully identified
mRNA modules with similar variation across regions and
species in both human and macaque brains.

Here, we first compared the microbial composition and
function of DL and healthy control (HC) macaques to
evaluate whether the DL monkey model was associated
with gut microbiome disturbances. Comparative metabo-
lomics were used to capture the functions of the altered gut
microbiome by systematic analysis of relevant biological
samples, including peripheral (fecal, intestinal wall, serum,
and liver) and central (hippocampus, prefrontal cortex, and
amygdala) specimens, from the DL and HC groups. Sec-
ondly, WGCNA was applied to identify key molecular
modules and explore the correlation of microbial and
metabolic modules with DL behaviors. Finally, these altered
metabolites in the three brain regions were mapped to
canonical metabolic pathways to identify the key pathways
modulated by gut microbiome at the functional levels.

Materials and methods

Ethics statement

This study was performed in accordance with the recom-
mendations in the “Guide for the Care and Use of Labora-
tory Animals” of the Institute of Neuroscience at Chongqing
Medical University (#20100031). All work involving non-
human primates was conducted in accordance with NIH
guide for the care and use of laboratory animals and with the
recommendations of the Weatherall report, “The use of
nonhuman primates in research” [27]. We also followed
nc3r recommendations (https://www.nc3rs.org.uk/) by using
the minimum number of depressed monkeys and age-
matched controls: based on the data of previous nonhuman
primate studies [28, 29], and our work on behavioral and
biochemical measures in M. fascicularis, the sample sizes
(n= 6/every group) were chosen [11]. The M. fascicularis
facilities, housing and primate laboratories used in this study
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are accredited by the Association for Assessment and
Accreditation of Laboratory Animal Care. Monkeys were
housed in an environmentally controlled facility (22 ± 1 °C
temperature, 50 ± 5% relative humidity and 12 h light/12 h
dark cycle with lights on at 7:00).

Behavioral observation and tissue preparation

The protocol for selecting animals displaying naturally
occurring DL behaviors was as previously described [11].
Briefly, we surveyed the populations from 20 enclosures,
and identified typical DL and corresponding HC monkeys.
We observed them in the home enclosure for each macaque,
termed the “free enclosures test” [10] (see Supplementary
Methods). We also established a “social interaction test” to
evaluate social communication behaviors (see Supplemen-
tary Methods), which was performed in separate cages. All
the 12 identified macaques were adult female, and were
ruled out for disease by veterinary examination. The pro-
cedures of macaque tissue preparation were presented in
Supplementary Methods.

16S rRNA gene sequence analysis

16S rRNA gene amplicon library preparation and sequencing
were performed as described previously [19, 30] (see Sup-
plementary Methods). Raw fastq files were quality-filtered by
Trimmomatic and merged by FLASH [31]. In brief, raw
fastq files were de-multiplexed, trimmed to remove low-
quality bases, and paired-end 3′ overlapping mates were
merged. Chimeric sequences were identified by UCHIME
(https://www.drive5.com/usearch/manual/uchime_algo.html),
then removed from subsequent analyses. Operational taxo-
nomic units (OTU) were picked at 97% similarity using
UPARSE (version 7.1 http://drive5.com/uparse/). The tax-
onomy of each 16S rRNA gene sequence was analyzed by
RDP Classifier algorithm (http://rdp.cme.msu.edu/).

Alpha diversity was calculated to estimate the micro-
bial communities’ diversity, including species richness
indices (Ace and Chao) and species diversity indices
(Shannon) [19]. Beta diversity analysis was performed to
visually evaluate the difference of bacterial communities
between DLs and HCs using Partial least-squares dis-
criminant analysis (PLS-DA) [32]. The key bacterial taxa
responsible for discrimination between two groups were
identified using linear discriminant analysis Effective Size
(LEfSe) [33].

Comparisons of metabolite profiles from the M.
fascicularis

Details of the metabonomic methods were similar to
our previously published protocols [19, 21]. Briefly,

peripheral and brain tissue samples were prepared by
homogenization, dissociation, and centrifugation, and
serum samples were collected and centrifuged twice [19].
The gas chromatography–mass spectrometry and liquid
chromatography–mass spectrometry data were used to
characterize the metabolic changes in DLs relative to
HCs. Discrimination of metabolites between DL and HC
samples was analyzed and visualized using PLS-DA [24].
The differential metabolites responsible for discrimination
between the two groups were identified on SIMCA, with
the significance threshold of variable importance plot
(VIP) > 1.0 and P values < 0.05.

Metagenomic analysis of fecal samples

The metagenomic libraries were prepared and sequenced
according to our previous protocols in Shanghai Majorbio
Bio-pharm Technology Co., Ltd [19, 21] (see Supple-
mentary Methods). Full details of the pipeline used to
process and analyze metagenomic data are available.
Threshold exclusion in sequence quality control and
genome assembly was performed as we described pre-
viously [19, 21]. Herein, reads that were identified
belonging to the M. fascicularis’ reference genome were
removed using BMA (Bayesing model averaging).
The unit of gene abundance was unified using reads per
kilobase million.

The function of nonredundant genes was annotated with
the Kyoto Encyclopedia of Genes and Genomes (KEGG)
(http://www.genome.jp/kegg/). We aligned the metage-
nomic genes onto KEGG GENES using BLASTP
(V2.2.28, http://blast.ncbi.nlm.nih.gov/Blast.cgi), and
annotated the genes with KEGG Orthology (KO) Based
Annotation System, V2.0. Expectation value was set as 1e
−5 in BLAST. We analyzed Metagenomic species (MGS)
to de novo identify various microbial species without the
complete reference genomes for each species. The canopy
clustering method was used as described by Nielsen et al.
[34], and performed with in-house scripts. The candidate
genes for assembly were the different genes (n= 230,868,
P < 0.05, Wilcoxon signed-rank test) between DLs and
HCs. All the candidate genes generated “seed” genes
randomly, and then the “seed” genes were involved in co-
abundant gene (CAG) groups in which genes had similar
abundance profiles (Pearson correlation coefficient >0.9).
Each CAG group contained at least three genes, and 90%
of the canopy genes came from more than three samples,
each MGS contained at least 700 genes. The phylogenetic
origin of MGS was identified by blasting genes in clusters
against the NCBI (National Center for Biotechnology
Information) nonredundant catalog and requiring that
at least 50% of the genes had a best hit to the same
phylogenetic group.
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Weighted gene co-expression network analysis
(WGCNA)

WGCNA was used to identify key phenotype-related
metagenomic and metabolic modules based on correlation
patterns [25] (see Supplementary Methods). Associations
between DL behavioral phenotypes and modules were cal-
culated with Pearson correlation coefficients. The modules
that significantly (P ≤ 0.01) associated with at least one DL
phenotype were identified as potential phenotype-driven
modules. Genes in each metagenomic module were anno-
tated on KEGG; KOs were enriched in KEGG reference
pathway, then the maps were classified into major func-
tions. Metabolites in each module were annotated on
Human Metabolome Database (http://www.hmdb.ca/) and
Lipid Maps (http://www.lipidmaps.org/) for avoiding
missing important metabolites, then the annotated metabo-
lites were classified into major categories.

Statistical analysis

Statistical analyses on behaviors were carried out using
SPSS version 18 (SPSS, Chicago, IL, US) and R studio
(version 3.5.2, 2018) unless otherwise described. LEfSe
analysis was used to identify the different OTUs by esti-
mating the effect of the abundance of each OTU (LDA > 2
and P value < 0.05). SIMCA-P software 11.0 was used to
perform the PLS-DA analysis. Based on the literature, two
statistical standards were used to identify differential
metabolites between the two groups. Only metabolites with
VIP > 1.0 and significant difference by t-test (P < 0.05)
were identified as key variations responsible for dis-
crimination between the DL and HC groups. The investi-
gators were not blinded to the group classification while
analyzing the data.

Results

Behavioral characteristics of the DL monkey model

Based on our previously established protocol for DL
macaque selection [10, 11], we identified six typical DL and
six HC monkeys among more than 300 macaques in 20
enclosures. The behaviors of the enrolled monkeys were
videotaped (2366 min of free-enclosure tests and 720 min of
social interaction tests) and quantified. We quantified the
duration of each behavior (huddle, ingestion, sit alone,
locomotion, amicable, and communication, Fig. 1a, b and
Supplementary Table 1).

We found that except for ingestion, the remaining
behaviors were significantly different between the DL and
HC groups (Fig. 1c–h). Specifically, compared with HC,

DL monkeys were characterized by increased duration of
huddling and sitting alone behaviors, and decreased dura-
tion of amicable, locomotion, and communication activities
(Fig. 1c–g). These findings were similar to our previous
results [10], confirming the effectiveness of this strategy in
screening DL macaques in captivity.

Gut microbial composition of HC and DL monkeys

Using 16S ribosomal RNA (rRNA) gene sequencing, we
first compared the gut microbial communities of DL and
HC monkeys. In total, we obtained 635,259 high-quality
reads across all samples with an average length of 437.94
base pairs (bp). These reads were clustered into 955 OTUs
at 97% sequence similarity. A Venn diagram showed that
842 of 955 OTUs were common to the two groups, while 51
and 62 OTUs were unique to the HC and DL groups,
respectively (Supplementary Fig. S1a). Within-sample (α)
phylogenetic diversity analysis showed that there was no
difference between two groups (Supplementary Fig. S1b).

Gut microbiome alterations in DL monkeys

A β-diversity analysis was performed to determine whether
gut microbial compositions of DL monkeys were sig-
nificantly different from those of controls. We found a
robust difference in gut microbial composition between the
two groups (Fig. 2a). The relative abundance of gut
microbes at the family level was shown in Fig. 2b. Using
LEfSe analysis, we identified 28 differential OTUs
responsible for this discrimination (Fig. 2c and Supple-
mentary Table 2). Compared with HCs, the DLs were
characterized by 14 increased OTUs, mainly belonging to
Veillonellaceae (5 OTUs) and Lachnospiraceae (5 OTUs),
and 14 decreased OTUs mainly belonging to Rumino-
coccaceae (5 OTUs), at the family level. Interestingly, the
majority of the OTUs (25/28, 89.28%) belonged to the
phylum Firmicutes.

In addition, we found that 26 OTUs mainly belonging to
the Ruminococcaceae, Lachnospiraceae, and the Veillo-
nellaceae families were significantly linked with DL beha-
viors, especially huddling, sitting alone, and amicable and
locomotion activities (Fig. 2c). Interestingly, 24 of 26
(92.31%) OTUs that correlated with behavioral phenotypes
belonged to Firmicutes. These findings highlight that dis-
turbances of the phylum Firmicutes are a hallmark of the
DL monkey model.

MGS comparison between DL and HC monkeys

Next, gut microbiome compositions of the DL monkeys
were analyzed using whole-genome shotgun sequencing of
cecum stool samples. The 12 fecal samples across both
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Fig. 1 Behavioral phenotypes of healthy (HC) versus depressive-
like (DL) M. fascicularis. a Representative behaviors of DL and HC
M. fascicularis under natural conditions. b Unique naturally-occurring
DL behavior of M. fascicularis. c–f Compared with healthy controls,
depression-like M. fascicularis displayed increased duration of huddle
and sit-alone behaviors, and decreased duration of amicable and
locomotion activities (DL, n= 6; HC, n= 6; *P < 0.05, **P < 0.01,
***P < 0.001, two-sided Student’s t test; bars show mean ± SEM).

Videotape data were collected in 3 days and analyzed by NOLDUS
software (every data point was defined as duration of behaviors over
3 days). g In the sociability test, the DL group spent less time on
communication activities with a male than the HC group (DL, n= 6;
HC, n= 6; *P < 0.05, **P < 0.01, ***P < 0.001, two-sided Student’s t
test; bars show mean ± SEM). h There was no difference of duration
of ingestion activity. Videotape data were analyzed by NOLDUS
software.
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groups yielded an average of 15,814,587,756 bp per sample
after quality control. From the filtered sequence data, we
identified 37,912,983 predicted genes. Then we merged the
predicted genes to 26,286 clusters and formed a non-
redundant gene set for the subsequent analysis.

According to the correlation of abundance (Pearson
correlation coefficient r > 0.9), nonredundant genes in all
samples were clustered into CAG groups. The CAG groups
containing over 700 genes were identified as MGS. Con-
sequently, 230,868 different genes were included in the
analysis, defining 5657 CAG groups and 1330 MGS. The
1330 MGS contained each 700–137,714 genes, with a gene
median of 1744 (Fig. 3a); these MGS were then mainly
annotated to phylum (46.9%) and order level (40.7%)

(Fig. 3b). In total, there were 50 MGS with significant
differences between DLs and HCs (Fig. 3c), which were
primarily concentrated in the phylum Firmicutes (89.6%).
Furthermore, we analyzed the correlation between MGS
and characteristic DL behaviors, and found that 48 MGS
significantly correlated with DL behaviors, mainly belong
to the phylum Firmicutes (85.42%, 41/48; Fig. 3d).

Perturbed microbial modules in DLs

WGCNA analysis was used to identify the microbial
modules. This analysis clustered 18 modules from
230,868 different genes, and the number of microbial
genes in each module ranged from 963 to 32198

Fig. 2 Gut microbiome differences in healthy (HC) versus
depression-like (DL) M. fascicularis. a Partial least-squares dis-
criminant analysis (PLS-DA) showed a clear discrimination between
the two groups (n= 6, HC; n= 6, DL). b Relative abundance of OTUs
assigned at the family level. c The association between gut microbes
and DL behaviors. Totally, we identified 28 OTUs responsible for
discriminating the DL and HC groups using linear discriminant

analysis (LDA > 2.0). All OTUs (raw) were sorted by taxa, and were
classified at family level. The intensity of color in the middle heatmap
(blue to red) indicates the normalized abundance score for each OTU.
The size and color of each point in scatter plot shows the P values of
Spearman’s correlation (ranging from 1.5e−4 to 1) and values of
correlation coefficient (ranging from −0.882 to 0.838) between dif-
ferential OTUs and DL behaviors, respectively.
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(Supplementary Table 3a). Subsequent Pearson correla-
tion analysis identified three significant associations
between metagenomic modules and DL behaviors: the
green–yellow module (M) (correlation coefficients r=
0.7, P= 0.01) was associated with huddling, and the cyan
M (r= 0.76, P= 0.004) and the light-cyan M (r=−0.78,
P= 0.003) were associated with amicable activities
(Fig. 4a and Supplementary Table 3b–d). Functional
analysis revealed that the microbial genes in these mod-
ules mainly belonged to energy, neurotransmitter,
nucleotide, and lipid metabolism pathways (Supplemen-
tary Fig. 2a–c). The lipid-related pathways identified from
metagenomic WGCNA modules clustered on fatty acyls,

glycerophospholipids, sphingolipid, glycerolipids, and
glycosphingolipid metabolism (Fig. 4b).

Perturbed metabolic modules of the MGB axis in DL
monkeys

Next, non-targeted metabolomics analysis was performed to
detect which metabolic pathways within the clustered
microbial modules related to the MGB axis. We found that
the metabolic signatures of peripheral (fecal, intestinal wall,
serum, and liver) and central (hippocampus, prefrontal cor-
tex, and amygdala) samples in DL were significantly dif-
ferent from those of HC monkeys (Supplementary Fig. 3). In

Fig. 3 Metagenomic species (MGS) differences in healthy (HC)
versus depression-like (DL) M. fascicularis. a Histogram of the
number of genes in MGS (n= 1330, gene counts 700–103,023). b Pie
chart of the taxonomic annotation level of MGS. c Scatter plot of
median MGSs abundance in DL (n= 6) and HC (n= 6) macaque.
Gray points represent MGSs which were not significantly changed
between groups; red points represent the differentially expressed

MGSs in the DL relative to the HC group (P < 0.05, Wilcoxon rank
sum test). d Association between 50 differential MGSs and DL
behaviors. The size and color of each point in scatter plot shows the
P values of Spearman’s correlation (ranging from 8.9e−5 to 0.98) and
correlation values of coefficient (ranging from −0.701 to 0.893)
between differential MGSs and DL behaviors, respectively.
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total, 559 differentially expressed metabolites (VIP > 1.0,
P < 0.05) between the two groups were identified (Supple-
mentary Table 4a–g). As the samples of MGB axis were
diverse, these detected samples shared only a limited number
of metabolites (Supplementary Fig. 4a, b). As such, it is
likely that different components of a given metabolic path-
way synergistically regulate the function of MGB axis in
different tissues. Thus, WGCNA was used to identify the
metabolic modules of the MGB axis. This analysis clustered
the 559 metabolites into eight different modules (Fig. 5a and
Supplementary Table 5a), in which four modules (blue M,
black M, yellow M, and green M; Fig. 5b–d) were sig-
nificantly correlated with at least one index of DL behaviors
(P < 0.01, Fig. 5a and Supplementary Table 5b). The blue M
(r=−0.91, P < 0.001; Fig. 5c), the largest one, was asso-
ciated with four behaviors: huddle, locomotion, sit alone,
and communication; the metabolites that comprised the blue
M were mainly involved in peripheral and central fatty acyl,
glycerophospholipid and sphingolipid metabolism within the
MGB axis. For the other three modules, the primary meta-
bolites were also consistently related to these three metabolic

pathways. These findings were similar to what we found in
the metagenomic WGCNA analysis, suggesting that dis-
turbances of the gut microbiome may contribute to the onset
of DL behaviors through modulating peripheral and central
fatty acyl, sphingolipid and glycerophospholipid metabolism
in monkeys.

Alterations of glycerophospholipid metabolism with
a region-specific manner in DL monkeys

Using WGCNA analysis, we described above relationships
between gut microbiome and disturbed peripheral and
central lipids metabolism in DL macaques. To further out-
line which canonical metabolic pathways were mainly
modulated by gut microbiome at the functional levels, all
detected differential metabolites of lipid metabolism in the
three brain regions (hippocampus, prefrontal cortex, and
amygdala) were mapped to the KEGG database in a
manually curated manner. Consequently, we found that the
hippocampus was the area with the highest degree of dis-
rupted lipid metabolic pathways (Fig. 6a). Interestingly,

Fig. 4 Metagenomic modules correlate with depressive-like (DL)
phenotypes in M. fascicularis. a Association of metagenomic
WGCNA modules with DL behaviors. Heatmap of the correlation
coefficients of 18 modules (each module (M) is listed on the left side
of the image) and behavioral phenotype indices (H huddle, L loco-
motion, S sit alone, A amicable, C communication) located at the
bottom of the image. Red and blue squares indicate positive
and negative associations, respectively. The Spearman’s correlation
coefficient and P value are shown within the squares (yellow bold

font indicates P ≤ 0.01). Three metagenomic modules including
Green–yellow M, Cyan M, and Light-cyan M were significantly linked
with depressive behaviors. b Lipid-related pathways enriched from
three metagenomic WGCNA modules (Green–yellow M, Cyan M, and
Light-cyan M). Pathways were annotated using the Kyoto Encyclo-
pedia of Genes and Genomes (KEGG), and were enriched for fatty
acyl, sphingolipid metabolism, and glycerophospholipid metabolism.
The bar length represents the gene counts annotated into the same
metabolic pathway in each module.
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these hippocampal differential metabolites were mainly
enriched in glycerophospholipid metabolism, accompany-
ing with few metabolites belonging to sphingolipid meta-
bolism (Fig. 6b). The majority of hippocampal metabolites
in glycerophospholipid metabolism were upregulated in DL
group compared with HC group. Meanwhile, two metabo-
lites (dihydroceramide and ceramide-1-phosphate) involved
in sphingolipid metabolism were significantly decreased in
the DLs relative to HCs. These findings suggested that
imbalances of hippocampal sphingolipid and glyceropho-
spholipid metabolism were linked with DL monkeys.
Together, our finding revealed that the dysbiosis of gut
microbiome may participate in the onset of depressive

behaviors by modulating the gut–brain glycerophospholipid
metabolism in a region-specific manner.

Discussion

Growing evidence suggests that disturbed gut microbiome
may contribute to depression pathology, but the specific
mechanisms remain unclear. Here we observed that DL
macaque is characterized by alterations of microbial
composition, function, and metabolic pathways of the
MGB axis. The altered microbial and metabolic modules
linked the gut microbiome with dysregulation of

Fig. 5 Metabolomic correlations with behavioral phenotypes in
depressive-like (DL) M. fascicularis. a Associations of metabolomic
modules with behavioral phenotype indexes. Heatmap of the correla-
tion coefficients and eight modules [each module (M) is listed at the
left side of the image] and behavioral phenotype indices (H huddle, L
locomotion, S sit alone, A amicable, C communication shown at the
top of the image). Red and blue squares indicate positive and negative
associations, respectively. The Spearman’s correlation coefficient and
P value are shown within the squares (yellow bold font indicates P <

0.01). b–e Network diagrams of differential metabolites in four
metabolic modules (blue M, yellow M, green M, and black M) that are
significantly correlated to DL behaviors (P < 0.01). Circle colors
indicate the different kinds of lipids in each module; circle size indi-
cates the abundance of the metabolites. Metabolites were mainly
classified into three classes: fatty acyls (FA), sphingolipids (SPs), and
Glycerophospholipids (GPs). PA phosphatidic acid, PE phosphatidy-
lethanolamine, PS phosphoserine, PC phosphatidylcholine, PI phos-
phatidylinositol, and PG phosphatidylglycerol.
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peripheral and central fatty acyl, sphingolipid, and gly-
cerophospholipid metabolism in the DL monkeys. Among
the detected brain tissues, disturbances of hippocampal

glycerophospholipid metabolism were a hallmark of DL
monkeys. To our knowledge, this is the first use of a
nonhuman primate model to reveal that gut microbiome
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disturbances may mediate DL behaviors by affecting the
host’s MGB metabolism.

Previously, several clinical investigations have observed
significant gut microbiome changes in patients with MDD.
These clinical findings were diverse and partly inconsistent
due to differences in recruitment standards, sequencing, and
analytical methods. Overall, at the phylum level, dis-
turbances of Firmicutes and Bacteroidetes were the hallmark
of depression in those investigations [19, 35, 36]. In addi-
tion, up- and downregulated family Enterobacteriaceae were
linked with depression with different severity [19, 36]. At
the genus level, the abundances of Coprococcus and Dial-
ister were depleted in general practitioner-reported depres-
sion [37], but not in drug-free patients with MDD [20].
Interestingly, we found that genus Coprococcus and Dial-
ister were two of microbial markers that distinguish patients
with MDD and bipolar disorder [20]. These findings suggest
that further metagenomic studies should be performed to
identify the specific microbial species belonging to the two
genera in depression. Consistent with clinical findings, we
found that microbial composition of DL monkeys were
substantially different from that of control monkeys, which
may result from the continual stress experienced in the DL
monkeys. In addition, using a rodent model of social defeat,
Pearson-Leary et al. [38], also revealed that stress resulted in
significant changes of microbial composition in DL rats
relative to their pre-stress status. These data suggest that
stress may attribute to the onset of depressive behaviors by
shaping the gut microbiome. Here, we found that the DL
monkeys were characterized by increased Veillonellaceae
and Lachnospiraceae OTUs and decreased Ruminococca-
ceae OTUs. Ruminococcaceae have been linked with the
maintenance of gut health; therefore, decreased Rumino-
coccaceae suggests abnormal microbial status in the DL
monkey. Interestingly, the majority of OTUs (89.28%)
belong to phylum Firmicutes. In addition, we observed that

50 differential MGS between the DL and HC groups were
primarily concentrated in Firmicutes (89.6%). In line with
these findings, we previously reported that these OTUs that
reliably differentiated MDD from HCs also belonged pri-
marily to Firmicutes (76.7%) [19]. Thus, both human and
nonhuman primate results have consistently demonstrated
that disturbances of the bacterial phylum Firmicutes may be
a hallmark of depression.

The brain is particularly enriched in lipids with a diverse
lipid composition compared to other tissues [39]. Lipids
have an important role in neuronal function, and lipid
composition of the brain may influence perception and
emotional behavior, which may lead to depression and
anxiety disorders [40–42]. Previous preclinical and clinical
experiments have found that depression is characterized
by disturbances of peripheral and central lipid metabolism
[43–46], but its role in the pathogenesis of depression is not
explicitly clear. Here we found that both altered microbial
and metabolic modules involving fatty acyl, sphingolipid,
and glycerophospholipid metabolism were highly correlated
with DL behaviors. In these microbial modules, we identi-
fied several microbial genes which were involved in the
fatty acyl, sphingolipid, and glycerophospholipid metabo-
lism, suggesting that gut microbes and their modulated
host’s metabolites may play critical roles in depression
pathology. In line with our current findings, Zhang et al.
[47] found differential lipid metabolism disturbance in the
hippocampus in the chronic unpredictable mild stress rat
model of depression. They also found decreased expression
of lipid metabolism-related enzyme related to fatty acid
synthesis and metabolism, and in glycerophospholipid
metabolism. Oliveira et al. [48] also found that chronic
stress resulted in lipidomic changes with a region-specific
manner in the depressive rats. However, disturbances of
lipid metabolism in the prefrontal cortex were more obvious
than that in the hippocampus of the DL rats. In addition,
they found that phospholipid metabolism, but not glycer-
ophospholipids metabolism, were mainly disturbed in their
depression model. These mild differences may result from
different depression models used in rodents and primates.
Together, these studies have shown that lipid metabolism in
the prefrontal cortex and hippocampus was associated with
depression.

In addition, we found that altered hippocampal glycer-
ophospholipids metabolism was a prominent feature of DL
monkeys. Here, the majority of hippocampal metabolites
involved in glycerophospholipids metabolism were enri-
ched, but two metabolites (dihydroceramide and ceramide-
1-phosphate) involving the phospholipid metabolism
were depleted in depressive monkeys relative to controls.
These findings suggest that disturbance of hippocampal
glycerophospholipid metabolism may involve an imbalance
of hippocampal sphingolipid and glycerophospholipid

Fig. 6 Disturbance of hippocampal glycerophospholipid metabolism
in depressive-like (DL) M. fascicularis. a Disturbances of fatty acyls
(FA), sphingolipids (SPs), and glycerophospholipids (GPs) showing a
region-specific manner in DL M. fascicularis. The three kinds of lipids
were substantially changed in the hippocampus, accounting for ranging
from 60.71–75% of detected differential metabolites in the three brain
regions: hippocampus, prefrontal cortex (PFC), and amygdala (AMY).
b These hippocampal differential metabolites were mainly mapped into
the glycerophospholipid metabolism. Majority of metabolites in the
glycerophospholipid metabolism were upregulated in the DL group
relative to the HC group. Meanwhile, two metabolites related to sphin-
golipid metabolism were depleted in the DL group. These findings
suggest that disturbance of hippocampal glycerophospholipid metabo-
lism was a hallmark of DL, which may involve in imbalance of hip-
pocampal sphingolipid and glycerophospholipid metabolism. CerP
ceramide-1-phosphate, PA phosphatidic acid, PC phosphatidylcholine,
PI phosphatidylinositol, PS phosphatidylserine, PE phosphatidylethano-
lamine, PG phosphatidylglycerol.
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metabolism. The CNS contains three major classes of lipids:
phospholipid, sphingolipid, and cholesterol [39]. Sphingo-
lipids participate in the development and differentiation of
neuronal membranes. Phospholipids, particularly glycer-
ophospholipids, are critical components of neuronal mem-
branes and myelin, and principal regulators of synaptic
function [49, 50]. Hence these findings may account for
white matter abnormalities and synaptic dysfunction that
frequently accompany and likely contribute to MDD
[51, 52]. Interestingly, the majority of polyunsaturated fatty
acids used for brain neural membrane glycerophospholipid
synthesis are derived from the gastrointestinal tract not
CNS. Consistent with these findings, we showed that MGB
axis’ glycerophospholipid metabolism was significantly
disturbed in depressive monkey.

It should be acknowledged that there are some limita-
tions of this study: (i) the functional significance of the
candidate gut microbes related to depression requires fur-
ther investigation, to identify key microbial species that
may contribute to the onset of depression; (ii) in addition to
metabolic pathways, how the gut microbiome attributes to
DL behaviors in monkeys through the vagus nerve,
hypothalamic–pituitary–adrenal axis and immune system
remains largely unidentified, which is worthy of further
investigation as these pathways may be implicated in the
MGB crosstalk in depression; (iii) here only female mon-
keys were studied, thus sex-bias cannot be ruled out.
However, this model requires the use of female M. fasci-
cularis only because the majority of animals—and those
that form the natural social hierarchy and develop DL
symptoms—within the social unit are females; (iv) we
outlined that disturbances of MGB axis’ glyceropho-
spholipid metabolism were implicated in depression. Future
studies to specifically interrogate these pathways are
required to further clarify its function and discover new
therapeutic targets; (v) the sample size of this study is
relatively small. Thus, the reliability of the correlations
reported may be impacted. Further longitudinal studies with
larger samples should be performed to determinate how the
gut microbes and their modulated metabolic pathways
dynamically change in the depressive monkeys.

Taken together, using a newly developed nonhuman
primate model, we found that M. fascicularis displaying
naturally occurring DL behaviors were characterized by
alterations of microbial composition, function, and MGB
axis metabolism, which advances our understanding of how
the gut microbiome may contribute to depression pathology.
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