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Abstract

Background Major depressive disorder (MDD) in children and adolescents is a growing global public health concern.
Metabolic alterations in the microbiota-gut-brain (MGB) axis have been implicated in MDD pathophysiology, but their
specific role in pediatric populations remains unclear.

Results We conducted a multi-omics study on 256 MDD patients and 307 healthy controls in children and ado-
lescents, integrating plasma metabolomics, fecal metagenomics, and resting-state functional magnetic resonance
imaging (rs-fMRI) of the brain. KEGG enrichment analysis of 360 differential expressed metabolites (DEMs) indicated
significant plasma amino acid (AA) metabolism deficiencies (p-value <0.0001). We identified 58 MDD-enriched

and 46 MDD-depleted strains, as well as 6 altered modules in amino acid metabolism in fecal metagenomics.
Procrustes analysis revealed the association between the altered gut microbiome and circulating AA metabolism
(p-value=0.001, M?=0.932). Causal analyses suggested that plasma AAs might mediate the impact of altered gut
microbiota on depressive and anxious symptoms. Additionally, rs-fMRI revealed that connectivity deficits in the frontal
lobe are associated with depression and 22 DEMs in AA metabolism. Furthermore, transplantation of fecal microbiota
from MDD patients to adolescent rats induced depressive-like behaviors and 14 amino acids deficiency in the prefron-
tal cortex (PFC). Moreover, the dietary lysine restriction increased depression susceptibility in adolescent rats by reduc-
ing the expression of excitatory amino acid transporters in the PFC.

Conclusions Our findings highlight that gut microbiota alterations contribute to AAs deficiency, particularly lysine,
which plays a crucial role in MDD pathogenesis in children and adolescents. Targeting AA metabolism may offer novel
therapeutic strategies for pediatric depression.
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Introduction

Major depressive disorder (MDD) in children and ado-
lescents significantly contributes to the global burden of
disease [1], affecting approximately 4—5% of individuals
in this age group [2]. The social and functional limita-
tions experienced by young individuals diagnosed with
MDD are more severe than those observed in adults
[3]. Additionally, they face a heightened risk of suicide,
a leading cause of mortality among adolescents aged
15-19 years [4], which may be attributed to unique neu-
rodevelopmental vulnerabilities, including the hypo-
thalamic—pituitary—adrenal axis, serotonergic system,
signal transduction pathways, and inflammatory factors
[5]. Moreover, while most antidepressants are effective in
treating MDD in adults, they do not exhibit the same effi-
cacy in children and adolescents and may even increase
the risk of suicide, as seen with venlafaxine [6]. There-
fore, it is crucial to conduct comprehensive research into
the age-specific neurobiological mechanisms underlying
depression in children and adolescents to develop more
effective and safer treatment strategies for this vulnerable
population.

The gastrointestinal tract functions as an anaerobic
bioreactor, harboring a diverse microbiota. The micro-
biota-gut-brain (MGB) axis has emerged as a crucial
regulator of various health and disease aspects [7, 8].
Increasing evidence has indicated that gut microbiota
modulates neurodevelopment through microbial metab-
olites (e.g., SCFAs), which regulate blood—brain barrier
integrity via tight junction proteins (occludin, claudin-5)
and microglial maturation via FFAR2 signaling, as well
as alterations in microbiota dependent oxytocin, seroto-
nin, and NAMD receptor function, contributing to neu-
ropsychiatric disorders such as ASD and mood disorders
[9]. Moreover, substantial evidence links disrupted gut
microbiome to depression, such as depleted Faecalibac-
terium and enriched Eggerthella [10, 11]. Recent research
has indicated that Bifidobacterium longum ameliorate
depressive-like behaviors in mouse models of depres-
sion by homovanillic acid [12]. In addition, Lactobacil-
lus Plantarum, a strain known to produce high levels
of y-aminobutyric acid, has been observed to offer pro-
tection against depression-like states in the context of
Drosophila [13]. The composition of the gut microbiota
changes with age, and children and adolescents are more
susceptible to environmental factors than adults, whose
microbiota tends to be more stable [14]. Our previ-
ous study revealed age-specific metabolic divergence
in MDD, with polyunsaturated fatty acids and purine
metabolism predominating in children and adolescents
versus tryptophan metabolism in adults, suggesting a
potential mediating role of age-stratified gut microbiota
in these differential metabolic pathways [15]. However,
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research on the role of the MGB axis and its impact on
the metabolic processes of children and adolescents with
depression remains limited.

In this study, our central hypothesis is that alterations
in the gut microbiota induce metabolic dysregulation in
the MGB axis in a brain region-specific manner, thereby
contributing to the development of depressive symp-
toms. To test this hypothesis, we conducted a compre-
hensive multi-omics analysis using large-scale untargeted
mass spectrometry of plasma, metagenomic sequencing
of feces, and resting-state functional magnetic resonance
imaging (rs-fMRI) of the brain to elucidate the MGB axis
in the context of depression in children and adolescents.
We integrated multi-omics data to explore the potential
interactive connections between the gut microbiota and
the brain through metabolic pathways. Additionally, we
investigated potential causal mechanisms through fecal
microbiota transplantation (FMT) from children and
adolescents with MDD or healthy controls (HCs) to anti-
biotic-treated (Abx) adolescent rats, as well as the dietary
lysine restriction experiment in an adolescent depression
rat model (Fig. S1). The results support the hypothesis
that alterations in the gut microbiota, leading to a defi-
ciency in amino acids (AAs), contribute to the pathogen-
esis of depression in children and adolescents.

Methods

Subject recruitment

The protocol of this study was reviewed and approved by
the Ethics Committee of the First Affiliated Hospital of
Chongqing Medical University (#2020-684). The written
informed consent was signed by both the participant and
their legal guardian. The study population consisted of
563 children and adolescents, ranging in age from 10 to
18 years, who were enrolled, including 256 patients with
MDD and 307 healthy controls (HCs, for demographic
and clinical characters, please see Table 1). Plasma sam-
ples were collected from all 563 participants, while fecal
samples were limited to a subset of 83 patients with
MDD and 58 HCs (for demographic and clinical char-
acters, please see Table S1). In addition, a subset of 111
patients with MDD and 51 HCs participated in the MRI
session (for demographic and clinical characters, please
see Table S2). All patients with MDD who met the diag-
nostic criteria for MDD according to the Diagnostic
and Statistical Manual of Mental Disorders, 5th Edition
(DSM-5), were recruited from the First Affiliated Hos-
pital of Chongqing Medical University. The diagnosis
was established through face-to-face structured clinical
interviews conducted by two experienced psychiatrists
who had undergone a formal consistency assessment
to ensure diagnostic accuracy and reliability. HCs were
recruited through community or school advertisements
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Table 1 Summary of clinical parameters of all individuals from

MDD and HCs

Parameters HCs (n=307) MDD (n=256) p-value
Age (years) 153+1.8 15417 0.76°
BMI (kg/mz) 203 £36 202+3.0 0.98°
Gender (N and % female) 207 (67.4%) 188 (73.4%) 0.12°
HAMD-24 21+16 26.2 +86 <0.001°
HAMA-14 12412 16.5+7.2 <0001°2

Summary statistics: distribution of the variable in HCs and MDD, measured
as mean +SD for continuous variables, or as numbers and percentages for
dichotomous variables

HCs, health controls; MDD, major depressive disorder; BMI, body mass index;
HAMA-24, the 24-item Hamilton Depression Rating Scale; HAMA-14, the 14-item
Hamilton Anxiety Rating Scale; SD, standard deviation

@ Mann-Whitney U test

b Chi-square test

and underwent the same structured clinical interviews
to confirm the absence of any DSM-5 psychiatric disor-
der. Participants in both groups were free of physical ill-
ness or illicit drug use and were not currently pregnant
or lactating. They also had no contraindications to having
a magnetic resonance imaging (MRI) scan. The 24-item
Hamilton Depression Rating Scale (HAMD-24) and the
14-item Hamilton Anxiety Rating Scale (HAMA-14)
were used to assess the severity of depression and anxi-
ety symptoms, respectively. All enrolled MDD partici-
pants presented depressive symptoms (HAMD-24 >8),
with most (77.7%) showing moderate to severe sever-
ity (HAMD-24 >20). Interviews and assessments were
conducted by trained psychiatrists in the participants’
native language (Chinese), and parental involvement
was permitted based on participant preference. In addi-
tion, other relevant demographic and clinical informa-
tion, such as age, sex, and body mass index (BMI), was
collected through face-to-face interviews at the time
of enrollment for all participants, including both MDD
patients and HCs.

Plasma and fecal sample collection

All the 563 blood samples were taken from the partici-
pants between 8:00 AM and 12:00 AM by venipuncture
and were immediately placed in EDTA-coated (antico-
agulant) tubes (Becton, Dickinson and Company, USA).
The tubes were then centrifuged for 10 min at 3000 rpm
and 4 °C. After centrifugation, the plasma was separated
and stored at —80 °C until metabolomic profiling. Simi-
larly, all 141 fecal samples were collected, using ster-
ile, DNA-free devices (Bobeili, China), mixed with 10%
glycerol (Solarbio, China), rapidly frozen in ice, and then
stored at — 80 °C until shotgun sequencing. Samples were
collected at a hospital or home, and homogenization
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was performed before storage to ensure representative
sampling.

Plasma metabolic profiling and analysis of MDD patients
and HCs

Plasma metabolic profiling was performed on all partici-
pants, including 256 patients with MDD and 307 HCs.
The liquid chromatography-mass spectrometry (LC—MS)
analysis protocol followed that described in our previous
publication [16]. Data acquisition was performed using
a Thermo Scientific Vanquish UHPLC system coupled
to a Thermo Scientific Orbitrap Exploris 480. LC sepa-
ration utilized a Waters ACQUITY UPLC BEH Amide
column and a Kinetex C18 column, maintained at 25 °C.
For HILIC, mobile phase A was 25 mM NH4OH (Sigma-
Aldrich, USA) and NH4OAc (Sigma-Aldrich, USA) in
water, while phase B was acetonitrile. The flow rate was
0.5 mL/min with a gradient setup. Reverse phase liquid
chromatography (RPLC) analysis used 0.01% acetic acid
in water as phase A and a 1:1 mixture of isopropyl alco-
hol and acetonitrile as phase B with a flow rate of 0.3 mL/
min. Samples underwent full MS scan mode with polarity
switching, and quality control samples were analyzed in
information-dependent acquisition mode. The data pro-
cessing protocol followed the protocol described in our
previous publications [17, 18]. Data processing used Pro-
teoWizard (version 3.0.20360) for conversion to mzXML
format, followed by peak detection and alignment with
the “xcms” package. Missing value imputation and nor-
malization were performed using MetFlow software
(http://metflow.zhulab.cn/). Metabolite peaks with RSDs
<30% in QC samples were analyzed. Metabolite anno-
tation was done using MetDNA (version 1.2.2; http://
metdna.zhulab.cn/), adjusting parameters based on chro-
matography mode and collision energy settings. Differ-
entially expressed metabolites between MDD and HCs
were identified using multivariate and univariate analyses
in R (version 4.1.2) and SIMCA-P (version 11.0). Princi-
pal component analysis (PCA) assessed overall metabolic
changes, while partial least squares discrimination analy-
sis (PLS-DA) maximized group differences to identify key
metabolites. Univariate analyses employed Wilcoxon-
Mann—Whitney tests with FDR adjustments. Criteria for
differentially expressed metabolites included VIP >1 and
p-value <0.05. Volcano plots and heatmaps illustrated
the metabolite profiles. Functional enrichment analysis
was conducted using the richR package (https://github.
com/hurlab/richR). Recursive feature elimination (RFE)
identified relevant features, and random forest modeling
assessed the performance of selected amino acids, with
receiver operating characteristic (ROC) curves generated
for evaluation. Please see the supplementary methods
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for more details on the plasma metabolic profiling and
analysis.

Metagenomic sequencing and analysis

Metagenomic sequencing and analysis were performed
on a subset of 83 patients with MDD and 58 HCs. Fecal
DNA was extracted using the PF Mag-Bind Soil DNA Kit
(Omega Bio-tek, USA), with concentration and purity
assessed via TBS-380 and NanoDrop2000, respectively,
and quality-checked by agarose gel electrophoresis. DNA
was stored at —80 °C prior to shotgun metagenomic
sequencing. The DNA was fragmented to ~400 bp with
the Covaris M220 (Gene Company Limited, China) and
prepared for paired-end sequencing using the NEXT-
FLEX Rapid DNA-Seq Kit (Bioo Scientific, USA) on the
[llumina NovaSeq 6000 (Ilumina Inc., USA). Sequence
data is available in the NCBI Short Read Archive (Acces-
sion Number: SUB14742785). Raw sequencing data were
processed with fastp (version 0.23.2) [19] for clean data
preparation. To exclude host contamination, clean reads
were aligned against a host database using Bowtie2 [20].
High-quality paired-end reads were de novo assembled
using Megahit (version 1.2.9) [21]. ORF sequences were
predicted with PRODIGAL (version 2.6.3) [22], and
redundant sequences were filtered with CD-HIT (ver-
sion 4.8.1) [23]. Gene reads were quantified using SOAP2
(version 2.21) [24], and unigenes were established by
excluding low-coverage genes. Gene abundance was then
calculated for basic statistical analysis. The final gene set
(Unigenes) for further analysis can be obtained by filter-
ing out the genes with less than two reads in each sample.
Unigenes were compared to NCBI NR sequences using
DIAMOND [25] software (version 2.0.8.146, https://
github.com/bbuchfink/diamond/), and the LCA algo-
rithm was applied for taxonomic classification. Gene
abundance data were extracted at various taxonomic
ranks. Unigenes were also compared to the Kyoto Ency-
clopedia of Genes and Genomes (KEGG) database for
functional analysis to determine gene counts for differ-
ent functions across samples. Binning was conducted
using mmseqs2 [26] software (version 13.45111, https://
github.com/soedinglab/MMseqs2) to create a unique
scaftigs collection. Bowtie2 was employed for read map-
ping, and metabat2 [27] (version 2.15, https://bitbucket.
org/berkeleylab/metabat) facilitated the binning process,
both for single and mixed samples. Results were merged
using dRep [28] (version 3.2.0, https://github.com/
MrOlm/drep), and bin completeness and contamination
were assessed with CheckM [29] (version 1.1.3, https://
github.com/Ecogenomics/CheckM). Bins with >75%
completeness and < 10% contamination were retained for
annotation via gtdb-tk [30] (version 1.7.0, https://github.
com/Ecogenomics/GTDBTL, database version, 202).
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PERMANOVA estimated the contributions of clinical
factors across different omics data. Spearman correla-
tions were used for interactions between clinical parame-
ters and metabolomics/microbiome data. Alpha diversity
was assessed with the Shannon index, while beta diver-
sity was analyzed via principal component analysis
(PCoA) and PERMANOVA. The linear discriminant
analysis effect size (LEfSe) identified significant micro-
biota characteristics. Bi-directional mediation analysis
examined the effects of metabolites and microbiome on
clinical parameters. Procrustes analysis assessed pattern
similarity between metabolomic and microbiome data.
Correlation networks for the gut microbiome were built
using sparcc, and various network properties were calcu-
lated using R igraph package (version 2.0.3). Different cri-
teria were tested for network reconstruction, focusing on
node importance and connectivity metrics. Please see the
supplementary methods for more details of the metagen-
omic sequencing and analysis.

MRI data acquisition and processing

MRI data analysis was performed on a subset of 111
patients with MDD and 51 HCs. After image acquisi-
tion using a Siemens Magnetom Skyra 3.0-T scanner
with a 32-channel head coil, structural and functional
images were preprocessed with fMRIPrep 20.2.5 (RRID:
SCR_016216) [31], which is based on Nipype 1.6.1
(RRID: SCR_002502) [32]. The following descriptions of
fMRIPrep’s preprocessing workflows are based on boiler-
plate distributed with the software covered by “no rights
reserved” (CCO) license. Internal operations of fMRIPrep
use Nilearn 0.6.2 (RRID: SCR_001362) [33], ANTs 2.3.3
(RRID: SCR_004757), ESL 5.0.9 (RRID: SCR_002823),
AFNI 20160207 (RRID: SCR_005927), and FreeSurfer
6.0.1 (RRID: SCR_001847). T1lw images were corrected
for intensity non-uniformity (INU) using N4BiasField-
Correction [34] distributed with ANTs and were used
as T1-references. Brain tissue segmentation of cerebro-
spinal fluid (CSF), white matter (WM), and gray matter
(GM) was performed on the brain-extracted T1w using
fast [35]. Volume-based spatial normalization to the
ICBM 152 Nonlinear Asymmetrical template version
2009¢ (MNI152 NLin2009cAsym, RRID:SCR_008796)
[36] was performed through nonlinear registration
with antsRegistration [37], using brain-extracted ver-
sions of both T1w volume and the T1w template. Func-
tional images were motion corrected with respect to a
BOLD reference volume (which had firstly been gen-
erated via a custom methodology of fMRIPrep) using
FSL's mcflirt [38] and slice-time corrected using AFNI’s
3 dTshift [39]. A deformation field to correct suscepti-
bility distortions was estimated using fMRIPrep’s field
map-less approach [40, 41]. The BOLD reference was
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then co-registered to the T1w image using FSL flirt [42]
with the boundary-based registration [43] cost function.
Motion correcting transformations, susceptibility-distor-
tion-correcting warp, BOLD-to-T1w transformation, and
T1w-to-template (MNI152 NLin2009cAsym) warp were
concatenated and applied in a single step using antsAp-
plyTransforms with Lanczos interpolation [44]. Frame-
wise displacement (FD) and DVARS were calculated for
each functional run, both using their implementations
in Nipype [45]. After preprocessing and denoising, func-
tional connectivity between each pair of brain regions
(defined by Brainnetome atlas, details about the region
definitions are available in TableS3 and https://atlas.brain
netome.org/bnatlas.html) was calculated as the Fisher
z-transformed Pearson correlation coefficient between
the mean regional residual BOLD time series, resulting
a 246 %246 weighted adjacent matrix for each partici-
pant. Connectome-based predictive modeling identified
associations between functional connectivity and plasma
metabolites through leave-one-out cross-validation. Sig-
nificant correlations (p < 0.0005) were retained, yielding
individual scores. A linear model explained the brain-
metabolite relationship, with predictions made for each
left-out participant. The selection rate of connections
across iterations measured their predictive power. Simi-
lar analytical procedures could be found in these previ-
ous studies [46—48]. The primary statistics threshold was
set to F=11.238, approximately corresponding to p-value
=0.001. Finally, the family-wise error (FWER) corrected
p-value was calculated for each connected component
by 5000 random permutations with super-threshold
edge count as the size measure. The spin-based permuta-
tion test is a conservative statistical method accounting
for each lobe’s different size and the spatial autocorrela-
tion of brain structures (www.github.com/frantisekvasa/
rotate_parcellation) [49, 50]. Specifically, the proportion
of connections with metabolite associations was calcu-
lated as the test statistics for a given lobar-level network;
the brain parcellation maps were projected onto a sphere,
which was rotated 5000 times to create a null distribution
of the test statistics for each lobar-level network. Lobar
networks were considered to have significant enrichment
if the empirical test statistic was in the top 5% of the null
distribution, i.e., pyy,, < 0.05 [51]. Please see the Supple-
mentarymethods for more details of the MRI data acqui-
sition and processing.

Animal experiment of fecal microbiota transplantation
(FMT)

The experiments of rats in this study were approved
by the Institutional Animal Care and Use Committee
(IACUC) of Chongqing Medical University (approval
number: IACUC-CQMU-2024-0040). Fecal samples
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were collected from 19 individuals with MDD and 19
HCs (for demographic and clinical characters, please
see TableS4). Each sample was mixed, with 0.8 g of feces
homogenized in 40 ml saline and centrifuged at 10,000
rpm for 20 min at 4 °C. Before storage, a bacterial via-
bility quantification was conducted by BHI medium
(Microbial SCI&TECH, China) and YCFAG medium
(Hope Bio-Technology, China) to ensure a standardized
microbial load in the fecal gavage solution. The superna-
tant was preserved with 15% glycerol and stored at —80
°C. In total, 24 specific pathogen-free (SPF) male adoles-
cent Sprague—Dawley rats with postnatal day (PND) 21
days were obtained from Chongqing Medical University
and housed individually under controlled conditions
(12-h light/dark cycle, 22 +1 °C). After acclimatization,
the rats were subjected to a 2-week treatment regimen of
twice-daily oral gavage with 0.2 ml of a broad-spectrum
antibiotic mixture (ampicillin 25 mg/ml, metronidazole
25 mg/ml, neomycin 25 mg/ml, vancomycin 12.5 mg/ml,
amphotericin B 0.25 mg/ml). Following treatment, the
rats were divided into two groups, receiving oral gavage
of 10 pl/g of fecal supernatant from either MDD patients
(m=12) or HCs (n= 12). The bacterial load in each fecal
sample after FMT was quantified by qPCR targeting total
bacterial 16S rRNA gene copies. Antibiotic-treated (Abx)
rats were individually housed in sterile isolators supplied
with filtered sterile air. All food (sterilized by cobalt-60
irradiation), water (autoclaved), and bedding (auto-
claved) provided were sterile. Sample preparation and
transplantation were conducted within a biosafety cabi-
net using sterile instruments, with researchers wearing
sterile gowns, gloves, and masks to maintain aseptic con-
ditions and prevent microbial contamination through-
out the experiments. Body weight was measured weekly.
To ensure consistency, daily gavage of fecal supernatant
was performed at 9:00 AM for 2 weeks, and behavioral
tests, including sucrose preference test (SPT), open field
test (OFT), elevated plus-maze test (EPM), forced swim
test (FST), were performed from 8:00 PM at the end of
transplantation. At sacrifice, following transcardial per-
fusion, fresh brain tissue was carefully extracted and
immediately placed on ice (4 °C). The olfactory bulbs
were removed, and the prefrontal cortex (PFC) was iso-
lated by dissecting the anterior 1 mm of the frontal brain
region using a scalpel. Samples from the PFC were then
snap-frozen in liquid nitrogen and stored at —80 °C. The
methodology employed in the behavioral tests has been
described in detail in our earlier studies [52]. The details
of the liquid chromatography-mass spectrometry (LC—
MS) analysis have been reported in our previous stud-
ies [53]. The standard substance of 20 amino acids was
employed to calculate the retention time and identify
metabolites (TableS5). The same metagenome assembly
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process should be used to generate the unigenes set, after
which gene annotation was run through DIAMOND
(version 2.0.8.146, https://github.com/bbuchfink/diamo
nd/) on different reference databases (NR for taxonomy,
KEGG for gene function annotation). The relative abun-
dance of the FMT samples’ metagenome-assembled
genomes (MAGs) was calculated based on the mapping
of reads to the same MAGs set as the host, followed by
the same statistical analysis process, including PCoA
analysis. Please see the supplementary methods for more
details on the animal experiment of FMT.

The dietary lysine restriction in adolescent chronic
unpredictable mild stress (CUMS) rats

The CUMS protocol has been previously described in
detail in our laboratory [52]. A total of 48 SPF male
adolescent Sprague—Dawley rats (PND 21 days) were
obtained from Chongqing Medical University and
housed under controlled conditions (12-h light/dark
cycle, 22 +1 °C). After 1 week of acclimatization, the rats
were randomly divided into four groups: controls with
100% dietary lysine (CON +L100; n= 8), controls with
70% dietary lysine (CON +L70; n= 8), CUMS with 100%
dietary lysine (CUMS +L100; n= 9), and CUMS with
70% dietary lysine (CUMS +L70; n= 9). Dietary lysine
was administered for four weeks. Rats in the CUMS
groups were subjected to two mild random stressors daily
for four weeks, with no repeated stressors on consecutive
days. Body weight was recorded weekly, and behavioral
tests (SPT, OFT, EPM, and FST) were conducted after
the dietary intervention. At sacrifice, PFC samples were
collected, snap-frozen in liquid nitrogen, and stored at
—80 °C. RNA from PFC tissue was extracted using Trizol
(Invitrogen, USA) and evaluated with a NanoDrop and
an Agilent 2100 bioanalyzer (Thermo Fisher Scientific,
USA). RNA libraries were constructed and sequenced by
BGI-Shenzhen, involving ¢cDNA synthesis, PCR ampli-
fication, and the creation of DNA nanoballs (DNBs) for
sequencing on the DNBSEQ platform. Sequencing data
underwent quality filtering and alignment to the refer-
ence genome. Gene expression levels were quantified,
and differentially expressed genes (DEGs) were identi-
fied with a false discovery rate (FDR)-adjusted Padj cutoff
of 0.05 and a minimum fold change of 2. KEGG enrich-
ment analyses were performed on identified DEGs with
a p-value cutoff of 0.05. RNA extraction from PFC tis-
sues was carried out using the TRIzol method, followed
by cDNA synthesis with the PrimeScript™ RT reagent
Kit (RR047 A, Japan). qPCR was performed using the
SYBR-Green master mix (MedChemExpress, USA),
normalizing data against B-actin and calculating rela-
tive gene expression with the 2-AACT method. Further
details regarding the primers can be found in TableS6.
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PEC tissue was homogenized in RIPA buffer (Beyotime
Biotechnology, China) containing protease inhibitors
(MedChemExpress, China). After centrifugation, pro-
tein content was quantified, and samples were separated
into gels and transferred to PVDF membranes. Mem-
branes were blocked, incubated overnight with specific
antibodies (EAAT?2 [ab205248, Abcam, UK] and EAAT3
[ab288441, Abcam, UK]), and then washed and incu-
bated with HRP-conjugated antibodies (1:3000, CST,
USA). Blots were developed with ECL Prime reagent (GE
Healthcare), imaged, and densitometry analysis was per-
formed using Image] software (NIH, Bethesda). Please
see the supplementary methods for more details on the
animal experiment of the dietary lysine restriction in
adolescent CUMS rats.

Results

The deficiency of plasma amino acids in children

and adolescents with MDD

To investigate the metabolic characteristics of depression
in children and adolescents, we recruited 256 individuals
in MDD, of whom 188 (73.4%) were female, with an aver-
age age of 15.4 + 1.7 years, and a mean body mass index
(BMI) of 20.2 + 3.0 kg/m?; as well as 307 healthy controls,
of whom 207 (67.4%) were female, with an average age of
15.3 + 1.8 years and an average BMI of 20.3 +3.6 kg/m”.
Significant differences were observed in the scores of the
24-item Hamilton Depression Rating Scale (HAMD-24)
(26.2 £8.6 vs. 2.1 +1.6; p-value <0.001) and the 14-item
Hamilton Anxiety Rating Scale (HAMA-14) (16.5 £7.2
vs. 1.2 £1.2; p-value <0.001) between individuals with
MDD and HCs (Table 1).

Plasma samples from all the participants were analyzed
using hydrophilic interaction liquid chromatography-
mass spectrometry (HILIC-MS) and reversed-phase liq-
uid chromatography-mass spectrometry (RPLC-MS).
Principal component analysis (PCA) and partial least
square-discriminate analysis (PLS-DA) revealed signifi-
cant metabolic alterations in children and adolescents
with MDD compared to the HCs (Fig. 1A and Fig.S2).
PLS-DA identified 360 differentially expressed metabo-
lites (DEMs) by variable influence on projection (VIP)
>1 and false discovery rate (FDR) <0.05 in Wilcoxon-
Mann—Whitney test, with 297 downregulated and 63
upregulated plasma metabolites in MDD compared to
HCs (Fig. 1B and TableS7). KEGG enrichment analy-
sis of the DEMs identified 31 dysregulated pathways at
level 2 (TableS8 and Fig.S3 A) and 122 pathways at level
3 (TableS9; the top 30 are shown in Fig.S3B). Amino acid
metabolism was the most enriched KEGG level-2 path-
way (Fig. 1C), involving 13 level-3 pathways, such as argi-
nine and proline metabolism, tyrosine metabolism, and
lysine biosynthesis (Fig. 1D). Additionally, significant
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Fig. 1 The deficiency of plasma amino acids in children and adolescents with MDD. A A clear discrepancy of plasma metabolome between MDD
patients (n = 256) and HCs (n = 307), revealed by Partial Least-Squares Discriminant Analysis (PLS-DA). B The volcano plot for all the 1300 identified
metabolic features, including 63 up-regulated metabolites (red), 297 down-regulated metabolites (blue) and 940 non-significant metabolites
(grey) in children and adolescents with MDD. C Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of all the 360 differentially
expressed metabolites (DEMs) highlighted the amino acid metabolism was the most enriched KEGG level-2 functional pathway. D The KEGG
enrichment analysis highlighted a total of 13 KEGG level-3 functional pathways in amino acid metabolism (left), and the number of differentially
expressed metabolites (DEMs) in MDD patients are shown respectively (right), red dot color indicated the increased DEMs and blue dot indicated
the decreased DEMs. E Representation of connections of phenylalanine, tyrosine, tryptophan, histidine, valine, leucine, isoleucine, cysteine,
methionine, lysine, arginine, glutamic acid and glutamine metabolic pathways. ILA, Indole-3-lactic acid. 5-HTP, 5-Hydroxy-L-tryptophan. HPP,
4-Hydroxyphenylpyruvate. OAS, O-Acetyl-L-serine. Pcr, Creatine-P. NAG, N-Acetyl-L-glutamate. Data were sourced from the KEGG database

alterations were found in carbohydrate metabolism and
digestive system pathways (Fig. 1C), which are known to
be associated with depression [54]. Of the 20 amino acids
(AAs) present in human peptides and proteins, 13 AAs
were considerably dysregulated, including eight essential
AAs (lysine, methionine, tryptophan, isoleucine, leucine,
phenylalanine, valine and histidine), two conditionally
essential AAs (cysteine and tyrosine), and three non-
essential AAs (arginine, glutamine and glutamic acid).
Most AAs were down-regulated, except for glutamic
acid (TableS10), consistent with previous meta-analyses
showing depletion of AAs like glutamine, tryptophan,
methionine, and serine in MDD patients [55]. Of the 13
altered AAs, 8 AAs (arginine, tryptophan, glutamic acid,
methionine, cysteine, tyrosine, lysine, and phenylalanine)
were identified as being of particular interest due to their
recapture by cross-validation of random forest with the
highest accuracy (Fig.S3 C), which yielded an area under
the receiver operating characteristic (AUROC) value of

0.978 in the training set (Fig.S3D). Moreover, 5-hydroxy-
tryptophan, an intermediate metabolite of the EAA tryp-
tophan in biosynthesis of serotonin, was downregulated
in children and adolescents with MDD (FDR <0.0001,
VIP =2.49; TableS7), suggesting that the increased
demand for EAAs during growth may contribute to these
alterations of these AAs in the context of depression, as
they play a direct role or serve as precursors for neuro-
transmitters [56]. A summary of the alterations in amino
acid metabolism is provided in Fig. 1E. Collectively, these
findings indicate significant changes in plasma metabo-
lomics in children and adolescents with MDD, particu-
larly in AAs involved in neurotransmitter and protein
synthesis.

Specific fecal microbial ecosystem in children

and adolescents with MDD

Given the close association between host metabolism of
AAs and gut microbiota, we performed metagenomic
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sequencing of fecal samples from 83 MDD individuals
(mean age, 15.4 +1.7 years; BMI, 20.6 +3.3 kg/m% 53
[63.9%] females) and 58 HCs individuals (mean age, 15.2
+2.1 years; BMI, 21.6 +4.3 kg/m? 33 [56.9%] females) in
the above cohort (TableS1). On average, 1.00 x 10° high-
quality reads per sample were obtained. After remov-
ing the reads from the human genome, an average of
8.03 x 10’ microbial reads were retained and identified
4,770,497 non-redundant microbial genes from assem-
bled contigs. A total of 282 genera and 521 species were
identified through the construction of 1068 MAGs
(TableS11).

Consistent with most previous findings in adult depres-
sion [57], no significant differences were observed
between the two groups in the three indices used to
evaluate the a-diversity of gut microbiota (Simpson,
Chaol and Shannon) (Fig. 2A). PCoA based on bino-
mial distance showed a notable separation between the
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MDD and HCs groups at MAG-level (PERMANOVA,
p-value =0.001, Fig. 2B). We constructed a gut microbial
co-occurrence network using SparCC with the relative
abundance of 793 MAGs in MDD and HCs, considering
MAGs detected in more than half of the samples of at
least one group. As illustrated in Fig. 2C, the node degree
was significantly higher in HCs than in the MDD group,
while the natural connective was significantly lower in
HCs than in the MDD group (Fig. 2D). To assess the resil-
ience of the fragility of the gut microbial co-abundance
network, each MAG was removed one by one in order of
betweenness rank and degree. The results indicated that
the MDD group exhibited the greatest area under the
curve, suggesting a more robust co-occurrence network
under simulated disruption compared to HCs (Fig. 2E).
To further elucidate the distinct microbial composi-
tions between MDD and HCs, we employed LEfSe analy-
sis to identify 58 MDD-enriched and 46 MDD-reduced
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Fig. 2 Specific fecal microbial ecosystem in children and adolescents with MDD. A Box and whiskers plots (in the style of Turkey) for the a-diversity
analysis of four indices (Simpson, Chao1 and Shannon) at the microbial strain level between MDD patients (n = 83) and HCs (n = 58). B Principal
component analysis (PCoA) indicates a partial but significant separation between patients with MDD and HCs at microbial strain level. Significance
was determined using permutational multivariate analysis of variance (Binomial distance). C Visualization of constructed co-occurrence network
for the relative abundance of all the 793 metagenome-assembled genomes (MAGs) by using Sparcc in HCs (left) and MDD groups (right). D Violin
chart demonstrating the connectivity property of the network including network node degree and natural connective (Wilcox test p-value; ** <
0.01, ¥** < 0.0001). E Fragility of the co-occurrence network was measured by the natural connective after removing the nodes. A larger natural
connective indicated the corresponding network was more robust/less fragile. F The cladogram shows the 104 MAGs were differentially abundant
between MDD and HCs by using LEfSe analysis, including 58 up-regulated and 46 down-regulated MAGs in MDD group. G Box and whiskers plots
(in the style of Turkey) show the 6 MDD-associated microbial Kyoto Encyclopedia of Genes and Genomes (KEGG) modules in amino acids (AAs)

pathways between MDD and HCs (Wilcox test p-value; * p-value < 0.05)
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strains (p-value <0.05, LDA >2; Fig. 2F and TableS12).
The majority of the altered MAGs belonged to the class
Clostridia (Fig. 2F). In accordance with the findings of
gut microbiota dysbiosis in adult depression [57], in our
adolescent depressed patients we observed the same
enrichment of Eggerthellaceae bin.1648 that considered
to induce inflammation, and reduction of Faecalibac-
terium (bin.16032 and bin.21049) and Bifidobacterium
animalis (bin.19192), which had been reported to have a
function of anti-inflammation and short-chain fatty acid
(SCFA) production. Interestingly, Akkermansia (bin.805
and bin.46904) exhibited an increase in MDD patients,
a phenomenon that has also been observed in individu-
als with Parkinson’s disease [58] and is known to con-
tribute to the production of auto-antigens in patients
with IgA nephropathy [59]. A random forest model of
the 793 MAGs was applied to measure the importance
of microbiota to distinguish MDD and HCs by using
mean decrease accuracy (MDA) and mean decrease Gini
(MDG) (TableS13). Among the top 30 features based on
MDA, 26 of them were overlapped with the significantly
different MAGs between MDD and HCs by LEfSe, and all
the top 30 features based on MDG also overlapped with
the significantly different MAGs between MDD and HCs
by LEfSe (the top 30 are shown in Fig.S4). To facilitate the
interpretation of MDD-associated microbial functions, of
all 474 KEGG modules, 20 were increased, and 20 were
decreased in the MDD group (Wilcoxon-Mann—Whitney
test, p-value <0.05; TableS14). Among these modules, we
found 8 modules belonged to ATP synthesis that were
decreased in the MDD group, and 6 modules in amino
acid metabolism were altered in the MDD group, such as
aromatic amino acid (AAA) and branched-chain amino
acid (BCAA) metabolism (Fig. 2G and TableS14). In sum-
mary, these findings demonstrate disturbances in the
taxon, co-occurrence networks, and functions of the gut
microbiota in children and adolescents with MDD.

Association of gut microbiota and host circulating amino
acids in children and adolescents with MDD

Recent literature has reported the involvement of gut
bacteria-driven AA or AA derivatives participating in the
pathogenesis of depression in adults [12, 13]. To investi-
gate the association between the altered gut microbiome
and circulating metabolites in children and adolescents
with MDD, we performed Procrustes analysis, which
revealed a strong correlation between fecal microbiota
and plasma metabolome profiles (p-value =0.001, M*=
0.932; Fig. 3A). Furthermore, the canonical correla-
tion analysis (CCA) identified an association between
66 altered plasma metabolites in amino acid metabo-
lism pathways (TableS15) and 104 altered fecal MAGs
(TableS12), indicating that plasma metabolites in amino
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acid metabolism were clearly separated along the vectors
of altered fecal MAGs (Fig. 3B).

Then, a Spearman’s correlation analysis was conducted
on the MAGs-AAs-symptoms axis in children and ado-
lescents with MDD and HCs. A negative correlation
was observed between nine AAs and the total scores
of HAMD-24 and HAMA-14, and 72 MAGs demon-
strated a significant correlation with at least one AA (Fig.
S5). Subsequently, a mediation analysis was conducted
to determine the impact of bacterial characteristics on
the overall scores of HAMD-24 and HAMA-14, which
were influenced by AAs in the metagenome cohort.
The inferred causal linkages for the HAMD-24 out-
come involved 14 microbial features as initiators and 11
metabolites as mediators (Fig. 3C and TableS16). Simi-
larly, for the HAMA-14 outcome, there were 10 micro-
bial features acting as initiators and 8 metabolites acting
as mediators (Fig. 3C and TableS16). For example, the
MDD-depleted MAG Lachnospiraceae sp. (bin.27759)
was identified as an initiator for HAMD-24, with lysine
serving as a mediator (Fig. 3D). Besides, the MAGs
Acutalibacteraceae sp. (bin.442), which was decreased
in MDD group, may demonstrate impact on HAMD-24
through plasma methionine (Fig. 3D). Next, we analyzed
the gene clusters of AA metabolism in each MAG iden-
tified in the mediation analysis. The 15 MAGs identified
in the mediation analysis exhibited completed genomes
of biosynthesis and degradation modules in amino acid
metabolism pathways, including arginine, lysine, tryp-
tophan, phenylalanine, tyrosine, leucine, isoleucine, and
methionine (Fig. 3E). Overall, the data suggests a causal
inference between alterations in specific gut microbial
features, AAs in the host circulation, and the develop-
ment of depressive or anxious symptoms.

Plasma metabolic alterations associated with prefrontal
dysfunction in children and adolescents with MDD

Given the significantly altered plasma metabolic profiles,
we next sought to explore whether the plasma metabolic
dysregulation is associated with altered brain functional
activities in children and adolescents with MDD. First,
to characterize the brain functional alterations of chil-
dren and adolescents with MDD, the whole-brain func-
tional connectivity (FC) of 111 MDD (mean age, 16.3
+1.3 years; BMI, 19.8 +2.5 kg/m? 83 [74.8%] females)
was compared with 51 HCs (mean age, 15.4 +1.9 years;
BMI, 20.1 +2.8 kg/m?% 34 [66.7%] females) (TableS2)
using network-based statistics (NBS, MATLAB Toolbox)
[60] with adjustment for age, gender, and BMI. The result
indicated a single network comprising 29 connections
among 27 subregions (FWER corrected p-value =0.030)
significantly differed between MDD and HCs groups
(Fig. 4A and Fig. 4B). Specifically, compared with HCs,
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Fig. 3 Interactions of fecal microbial compositions and host circulating amino acids in children and adolescents with MDD. A Procrustes analysis
of plasma metabolome versus fecal microbiome. Blue and red color of node represent HCs (n = 58) and MDD (n = 83), respectively. The plasma
metabolome and fecal samples from the same individual are connected by red arrows. B Canonical correlation analysis (CCA) of the relationships
between 66 metabolites related with amino acid metabolism and 104 differentially expressed metagenome-assembled genomes (MAGs). Each
MAG is represented with a blue arrow, with the names of the MAGs with the top five distances. Blue and red colors of node represent HCs and MDD,
respectively. The sample projections in MAGs and metabolite space are represented by the starting point and the end of the arrow, respectively.

C Sankey diagram showing the inferred causal relationship network of bacterial features on total scores of 24-item Hamilton Depression Rating
Scale (HAMD-24) and the 14-item Hamilton Anxiety Rating Scale (HAMA-14) mediated by amino acids. D Examples of inferred causal relationships
between microbial features, amino acids and total scores of HAMD-24 and the HAMA-14. E Circles represent the presence or absence of amino
acid metabolism modules encoded by microbial genomes. The size of each circle indicates the number of genomes within a given bacterial strain
encoding enzymes involved in the corresponding metabolic pathway. Colored ranges represent biosynthesis or degradation modules associated

with different categories of amino acid pathways

adolescents with MDD manifested significantly reduced
functional connectivity of frontal-parietal regions (14/29,
48.3%), particularly involving connections related to the
middle frontal gyrus (MFG), superior frontal gyrus (SFG)
and superior parietal lobule (SPL). Significant altera-
tions of connections associated with the middle tem-
poral gyrus (MTG) and Hippocampus (Hipp) were also
found in adolescents with MDD (TableS17). These results
largely align with previous findings [61-63] and further
underscore the dysfunctional connectivity implicating
prefrontal regions in the neural mechanism of early-
onset MDD

Then, by leveraging the connectome-based predictive
modeling (CPM) with leave-one-out cross-validation

[46], we investigated the linkages between plasma
metabolites and brain functional networks. A total of
276 metabolites were found to significantly associate
with brain functional networks (p-value <0.05, r ranged
between 0.1551 and 0.4957, NRMSE ranged between
0.0768 and 0.3975), and 72 of which were altered in ado-
lescent depression (Fig. 4C and TableS18), such as lysine,
methionine, and cysteine. Notably, AAs accounted for
the largest proportion of the FC-related metabolites
that were simultaneously implicated in adolescents with
MDD (Fig. 4D), suggesting the most regulatory effects of
AAs on brain functional activities related to depression.
To map the neural regulatory effects of depression-
related AAs, we extracted the FC networks that were
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Fig. 4 Depression-related plasma metabolites correlate with brain dysfunction. A The group differences of functional connectivity between MDD
and HCs in children and adolescents evaluated by network-based statistics (NBS). Grids with white bounding box indicate functional connections
that comprise the group-differed network (the family-wise error corrected p = 0.030). B The group-differed functional connectivity between MDD
and HCs in children and adolescents identified via NBS. The linkage between nodes indicates the functional connectivity with significant group
differences; the red/blue color of linkage indicates increased (MDD > HC)/decreased (MDD < HC) connections in children and adolescents

with MDD; the node color indicates the brain lobe. C The predictability of depressive-related metabolites by brain functional connectivity.
Significant predictability indicates associations between the metabolites and brain function. The grey dots (n = 138) represent metabolites

without significant functional connectivity (FC) associations; the red dots (n=17) represent the metabolites with significant FC associations

but without group differences between MDD and HCs in children and adolescents. The metabolites that show both significant FC associations

and group differences are marked with red (MDD > HCs; n = 17)/blue (MDD < HCs; n = 55). Only metabolites with positive r are presented (736

out of 1300 metabolites). D The count of metabolites belonging to different categories that are both associated with brain function and adolescent
depression. Only the top 10 categories are shown. E The lobar-level distribution of amino acid (AA)-associated FCs. Grids with white bounding box
indicate the lobar-level network enriched with AA-associated FCs identified with spin-based permutation test. *, pg,< 0.05. F The regional-level
distribution of the AA-associated FCs. Only the distributions of the lobar-level networks with significant enrichment of AA-associated FCs are
presented. The color linkage in the circle plot and glass brain plot indicates the AA-associated functional connectivity. The node color in the circle
plot and glass brain plot indicates the brain lobe. The bar plot around a node indicates the count of AAs with FC associations related to that region.
For abbreviations of brain regions, please refer to Table S3, both macro-anatomical and subregional names were presented in the diagram and were
separated by a colon

robustly associated with at least one depression-related
AAs. At the lobar level (Fig. 4E), we found that the AA-
associated FCs were enriched in a frontal-temporal net-
work (pg,;, = 0.0358), frontal-subcortical network (py,,,=
0.0400), and cingulate-temporal network (pg,;,= 0.0100)
via spin-based permutation test. We further illustrated
the region-level FC patterns within the three lobar net-
works enriched for AA-FC linkages (Fig. 4F). Several

hub regions that manifested significant dysconnectivity
in adolescents with MDD were found to be extensively
associated with the depressive-related AAs, particularly
including SFG and orbital gyrus in the frontal lobe (Fig.
S6). These results highlight the vulnerability of prefron-
tal functional activity in the face of depression-related
AA dysregulation, indicating a potential neural pathway
mediating AA dysregulation and MDD in adolescents.
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FMT from children and adolescents with MDD induced
depressive-like behaviors in adolescent rats accompanied
by AAs deficiency in the prefrontal cortex

To further evaluate the potential causal role of the
microbiota in AA deficiency and the development of
depression in children and adolescents, we transferred
microbiota from 19 children and adolescents with MDD
or 19 HCs into Abx adolescent rats (Fig. 5A). Following
a 7-day adaption period to the housing conditions, all 24
rats aged PND 28 days were administered antibiotic twice
daily for 2 weeks. Subsequently, 12 rats in the depression
group were colonized with pooled samples of patients
with MDD (FMT_MDD), while the remaining rats in
the control group were colonized with pooled sam-
ples of HCs (FMT_HCs). The bacterial load was similar
between FMT_MDD and FMT_HCs groups after FMT
(Fig.S7A). After 2 weeks of FMT, the FMT_MDD group
exhibited lower body weight (p-value =0.025, Fig.S7B)
and higher depressive-like behaviors, including lower
sucrose preference in SPT (p-value =0.003, Fig. 5B) and
higher immobility time in FST (p-value =0.016, Fig. 5B).
No significant differences were observed in the anxiety-
like behaviors exhibited by rats in the FMT_HCs and
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EMT_MDD groups in both EPM (Fig.S7C) and OFT (Fig.
S7D).

The scores plot of PCoA of metagenomic sequenc-
ing showed a partial but significant global separation
between the FMT_HCs and FMT_MDD groups, as well
as a closer proximity between donors and recipients
within both the MDD and HCs groups at the MAGs
level (Fig.S7E). To elucidate MDD-associated microbial
functions, 71 out of 273 KEGG modules were linked to
MDD, including 42 increased and 29 reduced in FMT_
MDD rats (Wilcoxon-Mann—Whitney test, p-value
<0.05; TableS19). Notably, 16 modules related to amino
acid metabolism and 15 to energy metabolism showed
significant alters in the FMT_MDD group compared to
FMT_HCs, mirroring changes observed in the fecal func-
tional modules in MDD patients (Fig.S7F and TableS19).
Furthermore, a targeted metabolomic analysis of 20 AAs
in the PFC of both FMT_HCs and FMT_MDD groups
revealed significant downregulation of 14 AAs in the
FMT_MDD group (Fig. 5C and TableS5), with 10 AAs
positively correlating with sucrose preference (Fig. 5C).
Importantly, most downregulated AAs in the PFC of
FMT_MDD rats were also down-regulated in the plasma
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Fig. 5 Fecal microbiota transplantation (FMT) from children and adolescents with MDD-induceddepressive-like behaviors in adolescent rats
accompanied by AAs deficiency in the prefrontal cortex (PFC). A The experiment schedule of the antibiotic-treated (Abx), FMT and behavioral tests.
B Lower sucrose preference in sucrose preference test (SPT, left) and higher immobility time in forced swim test (FST, right) was found in FMT_MDD
(n'=12) than FMT_HCs (n = 12). Significance was calculated by t-test. C The abundances of amino acids in prefrontal cortex of FMT_MDD (n = 8)
were significantly lower than FMT_HCs (n = 8), and most of the abundances of amino acids were positively correlated with sucrose preference

by Spearman correlation analysis. D The down-regulated amino acids (AAs) in plasma of children and adolescents with MDD overlapped with most

of the down-regulated AAs in PFC of rats in FMT_MDD group
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of children and adolescents with MDD (Fig. 5D and
TableS10). In summary, FMT from children and adoles-
cents with MDD induced depressive-like behaviors in
adolescent rats, accompanied by deficiencies in AAs in
the PEC.

Dietary lysine restriction may increase depression
susceptibility in adolescent CUMS rats via modulating
EAATs in the PFC

Next, we investigated the specific impact of AA defi-
ciency on the pathogenesis of depression, with particular
emphasis on lysine, the most downregulated EAA in the
plasma of children and adolescents with MDD (Fig.S8A
and TableS10). We employed a CUMS model in adoles-
cent rats subjected to a lysine-restricted diet (containing
70% of the lysine level in the control diet). A total of 34
adolescent rats were randomly assigned to one of four
groups: controls with 100% dietary lysine (CON+L100;
n==8), controls with 70% dietary lysine (CON+L70; n==8),
CUMS with 100% dietary lysine (CUMS+L100; n=9),
and CUMS with 70% dietary lysine (CUMS+L70; n=9)
(Fig. 6A).

After a 4-week period of stress and dietary lysine
restriction, the CUMS+L70 group exhibited lower
sucrose preference in the SPT than CUMS+L100
(p-value = 0.026), CON+L70 (p-value < 0.001), and
CON+L100 groups (p-value < 0.001) (Fig. 6B). Addi-
tionally, the immobility time in FST was significantly
increased in the CUMS+L70 group compared to the
CUMS+L100 (p-value = 0.041) and CON+L100 groups
(p-value < 0.001), whereas no significant difference was
observed between CUMS+L70 and CON+L70 groups
(p-value = 0.229) (Fig. 6B). All these results suggested
that CUMS+L70 group exhibited more pronounced
depressive-like behaviors compared to other groups.
The body weight of rats in both the CUMS+L100
and CUMS+L70 groups was lower than that of the
CON+L100 and CON+L70 groups (all p-value < 0.001).
However, there was no significant difference in body
weight between the CON+L100 and CON+L70 groups,
indicating that dietary lysine restriction did not sig-
nificantly affect body weight (p-value = 0.997, Fig.S8B).

(See figure on next page.)
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Anxiety-like behaviors, such as time spent in the closed
arm of the EPM (Fig.S8C) and total distance and center
time in the OFT (Fig.S8D), did not show significant dif-
ferences among the four groups.

Subsequently, mRNA-seq of the prefrontal cortex
(PEC) was conducted across four groups to investigate
potential molecular mechanisms. In the comparison of
CUMS+L70 vs. CUMS+L100, a total of 1428 differen-
tially expressed genes (DEGs; FDR < 0.05 and FC < 0.67
or > 1.5) were identified, which was significantly higher
than the other comparisons: Con+L70 vs. Con+L100
(721 DEGs), CUMS+L100 vs. Con+L100 (63 DEGs), and
CUMS+L70 vs. Con+L70 (41 DEGs) (Fig. 6C, TableS20
and Fig.S9). To further elucidate the patterns of DEGs,
KEGG enrichment analyses were performed on the PFC
for the four comparisons. A total of 77, 73, 34, and 11
KEGG pathways were identified in the comparisons of
CUMS+L70 vs. CUMS+L100, Con+L70 vs. Con+L100,
CUMS+L100 vs. Con+L100, and CUMS+L70 vs.
Con+L70, respectively (p-value < 0.05; TableS21).
Among the identified pathways, nine were related to
the nervous system (Fig. 6D). Notably, the glutamater-
gic synapse pathway exhibited significant alterations in
the dietary lysine restriction comparisons (CUMS+L70
vs. CUMS+L100 and Con+L70 vs. Con+L100), involv-
ing genes encoding glutamate transporters (slclal and
slc1a2), also known as excitatory amino acid transport-
ers (EAAT3 and EAAT?, respectively) (TableS21). Recent
studies suggest that restoring normal glutamatergic
transmission by enhancing glutamate uptake may posi-
tively affect depression [64]. Furthermore, downregu-
lated expression of EAAT3 (slclal) and EAAT?2 (slcla2)
was observed at both the mRNA (Fig.S10A) and pro-
tein levels (Fig. 6E) in the CUMS+L70 group compared
to the CUMS+L100 group. Additionally, the expression
of EAAT3 (slclal) and EAAT2 (sicla2) in the PFC was
significantly downregulated in the FMT_MDD group, as
shown by qRT-PCR (Fig.S10B) and western blot analysis
(Fig.S10C). These findings suggested that dietary defi-
ciency of lysine may increase susceptibility to depression
in adolescent rats by reducing the expression of EAATSs in
the PFC.

Fig. 6 Dietary lysine restriction may increase depression susceptibility in adolescent chronic unpredictable mild stress (CUMS) rats via modulating
excitatory amino acid transporters (EAATSs) in the prefrontal cortex (PFC). A The experiment schedule of the dietary lysine restriction study

including four groups: Con+L100 (n = 8), Con+L70 (n = 8), CUMS+L100 (n = 9) and CUMS+L70 (n = 9). PND, postnatal day. SPT, sucrose preference
test. OFT, open field test. EPM, elevated plus-maze test. FST, forced swim test. B Lower sucrose preference in SPT (left) and higher immobility

time in FST (right) was found in CUMS+L70 group than CUMS+L100 and CON+L100 groups. Significance was calculated by Two-way ANOVA. C

The number of up- and down-regulated differentially expressed genes (DEGs) in four comparisons of CUMS+L70 vs. CUMS+L100, Con+L70 vs.
Con+L100, CUMS+L100 vs. Con+L100, and CUMS+L70 vs. Con+L70 (n = 8/group). D The DEGs involved Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways in nervous system among four comparisons of CUMS+L70 vs. CUMS+L100, Con+L70 vs. Con+L100, CUMS+L100 vs. Con+L100,
and CUMS+L70 vs. Con+L70. E Protein expression levels of EAAT2 and EAAT3 in CON+L70, CON+L100, CUMS+L70 and CUMS+L100 (n = 6/group)
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Discussion

Here, we present a comprehensive overview of the MGB
axis in children and adolescents with MDD, integrating
analysis of the plasma metabolome, gut microbiome,
and rs-fMRIL Our findings reveal a significant correla-
tion between the gut microbe-host interactions and the
pathogenesis of depression in this demographic, par-
ticularly in the context of AA deficiency. Alterations in
the gut microbiota associated with depression contrib-
ute to AA deficiencies, which in turn disturb the func-
tional connectivity of PFC. Furthermore, FMT from
children and adolescents with MDD to adolescent rats
also resulted in AA deficiencies in the PFC. Specifically,
dietary deficiency of lysine in rats has been shown to
reduce the expression of EAAT2 and EAAT3, potentially
increasing susceptibility to depression.

The current multi-omics study provided a compre-
hensive representation of the gut microbiota, plasma
metabolome, and resting-state functional connectivity
within the MGB axis in the context of depression in chil-
dren and adolescents. Consistent with previous findings,
we observed a depletion of AAs in children and adoles-
cents with MDD [15], suggesting that the high nutritional
demands for growth during adolescence may contribute
to the pathogenesis of depression. Moreover, adolescence
is characterized by substantial hormonal fluctuations,
particularly involving the hypothalamic—pituitary—
adrenal (HPA) axis and gonadal hormones, which may
significantly impact brain connectivity, neurotransmit-
ter synthesis, and gut microbiota composition [65, 66].
While compositional changes in the fecal microbiome
have been demonstrated in adult patients with MDD, the
gut microbiota of children and adolescents may be more
susceptible to environmental factors compared to adults
[14]. Two recent studies using 16S rRNA gene sequenc-
ing have revealed alterations in the gut microbiota in
adolescent depression [67, 68], but this method lacks suf-
ficient taxonomic resolution to report results at the spe-
cies/strains level and cannot provide direct information
on microbial function. In contrast to adult depression,
we identified both similar (e.g., Eggerthella) and specific
(e.g., Bifidobacterium adolescentis) altered microbial spe-
cies in children and adolescents with depression. These
altered bacteria, including Eggerthellaceae, are consid-
ered to induce inflammation, and Faecalibacterium has
a function of anti-inflammation and butyrate production
and has also been widely reported in multiple psychiat-
ric disorders [10]. Notably, we also identified significant
disturbances in microbiome functional modules related
to amino acid metabolism in this young population
with MDD, including AAA metabolism (M00023 and
MO00038) and arginine and proline metabolism (M00047).
These findings align with previous reports indicating
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their involvement in the pathogenesis of depression [55].
The PFC, a brain region with significantly altered func-
tional connectivity in children and adolescents with
MDD, has been identified as impaired in depression
[69]. Previous findings suggest that the gut microbiota
and metabolites in peripheral blood may influence brain
function in patients with depression and bipolar dis-
orders [12, 70]. Altogether, this indicates that the asso-
ciation between gut microbiota and plasma amino acid
deficiency may play a role in the pathogenesis of depres-
sion in children and adolescents, particularly within the
context of the MGB axis.

AAs and AA derivatives (e.g., lysine, kynurenine, and
glutamine) have been demonstrated to influence func-
tional connectivity in the PFC in both human and rodent
experiments in this study. The tryptophan derivative
kynurenine and the neurotransmitter precursor glu-
tamine have also been shown to exhibit decreased levels
in multiple psychiatric disorders, including depression
[55, 71]. Moreover, kynurenine and glutamine have been
extensively documented to play roles in depression via
the MGB axis, including in adolescent depression [67,
72]. As early as 2007, a study reported that oral treat-
ment with lysine and arginine reduced anxiety symptoms
and basal cortisol levels in a Japanese cohort [73]. The
increased nutritional requirements for the rapid growth
of the brain during the developmental stages in children
and adolescents may result in a lack of AAs [74], which
has been associated with adolescents with MDD [75].
Notably, previous studies have reported that Bifidobac-
terium animalis, which was also depleted in adolescents
with MDD in our study, can increase fecal lysine levels in
individuals with ASD [76]. Recent studies have indicated
a potential link between glutaminergic synapse dysfunc-
tion and depression, particularly the decreased levels
of excitatory amino acid transporters (EAATs), which
remove glutamate from the synaptic cleft and transport
it into neurons and glia for recycling [77]. Furthermore,
human glial-like mesenchymal stem cells, which highly
express EAAT, have been demonstrated to improve
depressive-like behaviors in a rat model of depression
by enhancing glutamate uptake and neurotrophic factor
secretion [64]. However, only a few studies have reported
the relationship between lysine and the expression of
EAATs [78]. Here, our findings suggest that AA altera-
tions, particularly deficiencies in essential amino acids
(e.g., lysine), may be involved in glutamatergic synapse
dysfunction, which is associated with depression in chil-
dren and adolescents.

It should be noted that the current study is not with-
out limitations. Firstly, the current study utilized a cross-
sectional Chinese cohort of children and adolescents
with MDD, which may limit the generalizability of the
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findings to longitudinal research or other ethnic groups.
Secondly, children and adolescents with MDD in this
study were recruited from a specialized clinical center,
potentially limiting the representativeness of the sample
for the broader population. Our multi-omics findings
may also have been influenced by socioeconomic and
lifestyle factors, known to significantly impact gut micro-
biota composition and metabolism. Future studies should
incorporate more diverse populations to thoroughly
investigate these potential confounding effects. Thirdly,
further studies are needed to elucidate the causal rela-
tionship between alterations in the specific gut micro-
biota and amino acid deficiency in the development of
depression. Fourthly, despite comprehensive multi-omics
analyses, a methodological limitation exists since infer-
ence and correlation analyses were conducted on differ-
ent subsets derived from the initial cohort. This approach
could introduce variability and limit the interpretability
of direct associations among plasma metabolites, fecal
microbiota, and neuroimaging data. Future studies using
matched samples across all omics modalities are neces-
sary to strengthen these findings. Fifthly, the behavioral
tests employed in our animal models, such as the sucrose
preference and forced swim tests, have inherent limita-
tions in their specificity and may not fully capture the
complexity of human depressive symptoms. Addition-
ally, the dietary lysine restriction represents a simplified
nutritional manipulation; thus, further clinical research
involving probiotic supplementation and targeted
amino acid interventions in adolescents with depression
is needed to enhance translational relevance. Sixthly,
although germ-free animals would allow for complete
control over baseline microbiota, we opted to use SPF
rats to ensure a closer physiological resemblance to con-
ventional hosts, enhancing translational relevance. Lastly,
only male rats were included in this study due to known
sex differences in gut microbiota, metabolic profiles,
and behavioral outcomes, as well as to maintain consist-
ency with prior research that predominantly used male
rodents to minimize the confounding effects of hormonal
fluctuations. However, future studies should incorporate
both male and female models to fully understand sex-
specific differences in microbiota-gut-brain interactions
and their impact on depression.

In conclusion, our multiple-omics study reveals pro-
found and complex alterations in plasma metabolites,
the gut microbiome, and brain functional connectiv-
ity in children and adolescents with depression. The
gut microbes may act via the MGB axis of amino acid
deficiency, affecting depression symptoms in children
and adolescents through reduced expression of EAATSs
in the PFC. Furthermore, our findings indicate that
depression susceptibility is heightened in adolescent
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rats subjected to a lysine deficiency condition, which
is also associated with reduced expression of EAATSs
in the PFC. Our results from multiple-omics analyses
of patients and in vivo experiments on rats contrib-
ute to our understanding of the causal relationship
between the MGB axis and depression in children and
adolescents.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540168-025-02122-w.

Supplementary Fig. 1. The overall workflow integrates multiple-omics
analyses of patients and in vivo experiments of rats to elucidate the
alterations of microbiota-gut-brain (MGB) axis amino acid metabolism in
children and adolescents with major depressive disorders (MDD). Related
to Fig. 1-6. (A) The plasma samples were collected from a cohort of MDD
patients (n=256) and HCs (n=307) in children and adolescents. Fecal
samples (subset 1, MDD: n = 83, HCs: n = 58) and rs-fMRI data (subset 2,
MDD: n =111, HCs: n = 51) were obtained from subsets of this cohort. (B)
The multi-omics profiles of plasma metabolome, fecal metagenome and
brain functional connectivity depicted a landscape MGB axis in children
and adolescents with MDD, especially in amino acid metabolism. (C) The
integrating multiple-omics was performed to identify the associations
between the brain functional connectivity and amino acid metabolism,
as well as the causal inference analyses of microbial-amino acids-host
links. (D) Experiments on fecal microbiota transplantation (n = 12/group),
have shown that we can transfer the microbiota and depressive-like
behaviors from humans to adolescent rats, resulting in a similar microbial
alterations and depletion of amino acids (AAs) in the prefrontal cortex. (E)
Experiments on the dietary lysine restriction (n = 8-9/group), increased
the depression susceptibility in adolescent depression model of rats via
modulating excitatory amino acid transporters (EAATSs) in prefrontal cortex
(PFQ).

Supplementary Fig. 2. Plasma metabolome analysis in the clinical cohorts.
Related to Fig. 1. (A) A clear discrepancy of plasma metabolome between
MDD patients (n = 256) and HCs (n = 307), was revealed by Principal
Component Analysis (PCA). (B) The receiver operating characteristic (ROC)
curve using Components 1, 2, 3 and 4 with 0.998 Area Under the Curve
(AUQ) to discriminate MDD from HCs in the partial least squares discrimi-
nation analysis (PLS-DA) model. (C) Component 4 indicated the lowest
classification error rate in the PLS-DA model.

Supplementary Fig. 3. Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis. Related to Fig. 1, Table S8 and Table S9. (A) KEGG
enrichment analysis showing the number of differentially expressed
metabolites for KEGG level-2 functional pathways. (B) KEGG enrichment
analysis of a total of 360 differentially expressed metabolites for KEGG
level-3 functional pathways. The size of the bubble indicates the number
of differentially expressed metabolites (DEMs), and the red color indicates
the p-value of enrichment analysis. (C) Cross-validation analysis of random
forest revealed 8 amino acids (arginine, tryptophan, glutamic acid, methio-
nine, cysteine, tyrosine, lysine and phenylalanine) were combined as
panel with the highest accuracy among 13 altered amino acids. (D) The
combined panel of 8 amino acids yielded area under the receiver operat-
ing characteristic (AUROC) values of 0.978 in the training set.

Supplementary Fig. 4. Random forest model to identify the top 30
importance of metagenome-assembled genomes (MAGs) by using Mean
Decrease Accuracy (MDA, left) and Mean Decrease Gini (MDG, right).
Related to Fig. 2

Supplementary Fig. 5. Cross-correlation heatmap for the amino acids
and clinical information, as well as differentially expressed metagenome-
assembled genomes (MAGSs) and amino acids. Related to Fig. 3. The red
color indicates the positive correlation, and the blue color indicates the
negative correlation. * p-value < 0.05, ** p-value < 0.01, *** p-value <
0.001.
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Supplementary Fig. 6. The nodal distribution of functional connectivity
(FCs) related to amino acids (AAs) implicating in adolescent depression.
Related to Fig. 4. The color intensity indicates the count of FCs associated
with that macro-scale brain anatomical region, where the within-region
count of FCs associated with that macro-scale brain anatomical region,
where the within-region associations related to that region. For abbrevia-
tions of brain regions, please refer to Table S3

Supplementary Fig. 7. The behavioral tests for fecal microbiota trans-
plantation (FMT) experiments. Related to Fig. 5. (A) The bacterial load

was similar between FMT_MDD and FMT_HCs groups after FMT (n = 12/
group). (B) Lower body weight was found in FMT_MDD than in FMT_HCs
(n = 12/group) at the endpoint (D28). (B) Lower body weight was found in
FMT_MDD than in FMT_HCs (n = 12/group) at the endpoint (D28). (D) The
center time (left) and the total distance (right) of OFT were not significant
between FMT_MDD and FMT_HCs (n = 12/group). (E) Principal compo-
nent analysis (PCoA) indicates a partial but significant global separation
between recipients of MDD patients and HCs, and also reveals a closer dis-
tance for donor and recipient in both MDD and HCs groups at MAGs level.
Significance was determined using permutational multivariate analysis

of variance. (F) Box and whiskers plots (in the style of Turkey) show the 16
MDD-associated microbial Kyoto Encyclopedia of Genes and Genomes
(KEGG) modules in AAs pathways between FMT_MDD and FMT_HCs.

Supplementary Fig. 8. The behavioral tests for dietary lysine restriction
experiments. Related to Fig. 6. (A) The fold change of essential amino
acids (AAs) in the plasma of children and adolescents with MDD. (B) Lower
body weight was found in chronic unpredictable mild stress (CUMS)
groups (CUMS+L100 and CUMS+L70; n = 9/group) than in control groups
(CON+L100 and CON+L70; n = 8/group) at the endpoint (D28). (C) The
close-arm time in elevated plus-maze test (EPM) was not significant
between four groups. (D) The center time and (left) the total distance
(right) in open field test (OFT) was not significant between four groups.
Significance was calculated by Two-way ANOVA.

Supplementary Fig. 9. The volcano plot of all the differentially expressed
genes (DEGs). Related to Fig. 6. A) DEGs among the comparison of
CUMS+L70 vs. CUMS+L100 (n = 5/group). (B) DEGs among the com-
parison of Con+L70 vs. Con+L100 (n = 5/group). (C) DEGs among the
comparison of CUMS+L100 vs. Con+L100 (n = 5/group). (D) DEGs among
the comparison of CUMS+L70 vs. Con+L70 (n = 5/group).

Supplementary Fig. 10. The mRNA and protein levels of amino acid
transporter 3 (EAAT3, slc1al) and EAAT2 (slc1a2) in prefrontal cortex (PFC)
of rats. Related to Fig. 5 and Fig. 6. (A) The mRNA expression of slc1al

and slc1a2 in PFC of CON+L70, CON+L100, CUMS+L70 and CUMS+L100
in dietary lysine restriction experiments (n = 6/group). (B) The mRNA
expression of slc1al and slc1a2 in PFC of FMT_MDD than FMT_HCs (n

= 3/group). (C) The protein expression of EAAT2 and EAAT3 in PFC of
FMT_MDD than FMT_HCs (n = 10/group).
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