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Multi-omics approach identifies gut
microbiota variations associated with
depression
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The gut microbiota plays a potential role in the pathophysiology of depression through the gut–brain
axis. This cross-sectional study in 400 participants from the PREDIMED-Plus study investigates the
interplay between gut microbiota and depression using a multi-omics approach. Depression was
defined as antidepressant use or high Beck Depression Inventory-II scores. Gut microbiota was
characterized by 16S rRNA sequencing, and faecal metabolites were analysed via liquid
chromatography-tandem mass spectrometry. Participants with depression exhibited significant
differences in gut microbial composition and metabolic profiles. Differentially abundant taxa included
Acidaminococcus, Christensenellaceae R-7 group, and Megasphaera, among others. Metabolomic
analysis revealed 15 significantly altered metabolites, primarily lipids, organic acids, and benzenoids,
some of which correlated with gut microbial features. This study highlights the interplay between the
gut microbiota and depression, paving the way for future research to determine whether gut
microbiota influences depression pathophysiology or reflects changes associated with depression.

Depression is a common mental disorder characterized by a depressed
mood or loss of pleasure or interest in activities for an extended period. A
worldwide estimated 3.8% of the population experience depression,
including 5% of adults (4% among men and 6% among women), and 5.7%
of adults older than 60 years1. Depression results from a complex interplay
of social, psychological, and biological factors and it is closely related to and
affected by physical health. Many of the lifestyle factors that influence
depression (such as physical inactivity and harmful alcohol use) are also
known risk factors for chronic diseases such as diabetes, cancer, cardio-
vascular, and respiratory diseases, all of which impact the gut microbiota2–5.

Alterations or imbalances in the gutmicrobiome have been observed in
patientswithmajor depressive disorder6. This phenomenon can be explained
by the gut–brain axis, a complex bidirectional communication network
involving neural, endocrine, immune, and metabolic pathways that connect
the gut microbiota and brain, influencing both physiological and psycholo-
gical processes. At the core of this axis, the enteric nervous system and the
central nervous system engage in reciprocal interactions that are essential for
their respective physiological functions7. This interaction is characterized by a

balanced, two-way communication that is essential for maintaining the
normal operation of both neural systems8. The vagus nerve transmits signals
from the brain to the gut, complemented by indirect methods like endocrine
influences. The gut, particularly its microbiota, processes these signals and
responds via several pathways9, including vagal activation (direct or via
interactionswith other nervous systems),modulation of the immune system,
and the production of signalling molecules like cytokines and microbial
metabolites. These metabolites can either travel through the bloodstream,
affecting the immune system, or stimulate the vagus nerve and other tissues.
Both cytokines and metabolites can cross the blood–brain barrier and
influence brain function10. For example, pro-inflammatory cytokines such as
interleukin-6 and tumour necrosis factor-alpha are known to modulate
neural activity and have been implicated in the pathophysiology of
depression11. Similarly, microbial metabolites such as short-chain fatty acids
(SCFAs), including butyrate and acetate, can influence brain function by
regulating neurotransmitter synthesis, modulating inflammation, and
impacting the integrity of the blood–brain barrier12,13. Other metabolites, like
tryptophan-derived compounds, are directly involved in serotonin synthesis
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and neural signalling14. These pathways underscore the complex interactions
between the gutmicrobiota and thebrain, highlightingpotentialmechanisms
by which gut-derived signals contribute to mental health and disease. The
metabolic signatures of the gut microbiome can be detected in stools and
blood. Faecal metabolites provide a functional readout of the activities of the
gutmicrobiota and are increasingly recognized as valuable indicators of both
gut health and overall well-being15.

Clinical studies investigating the association between gut microbiome
and depressive disorder have reported mixed results16. This is probably due
to the differences in gut microbiota attributable to age, sex, geographical
area, diet and other factors17. The objective of the present study is to char-
acterize the gut microbial composition and the faecal metabolomic sig-
nature associated with depression in a senior Mediterranean population
with metabolic syndrome.

Results
Characteristics of the study population
The characteristics of the study population by depression status are
described in Table 1. Our analysis showed that among the 400 study

participants,womenrepresented38%of the reference group (RG) (N = 331)
and 71% of the Depression Group (DG) (N = 69). Participants in the RG
were more likely to be current or former smokers, have a higher education,
drink more alcohol, and engage in more leisure time physical activity. DG
individuals were more likely to be unemployed or housekeepers. No sta-
tistically significant differences between groups were found between the
groups regarding age, BMI, and adherence to the Mediterranean diet. The
median BDI-II score was 6 and 17 for the RG and DG groups, respectively.

DG individuals have a less rich and diverse microbial signature
than RG participants and the overall microbiota composition is
different between groups
Alpha diversity indices showed significant variations in gut microbiota
richness and diversity between theRGandDGgroups. As depicted in Fig. 1,
the Chao1 (richness) and Shannon (diversity) indices were significantly
lower in theDGgroup (p = 0.004 and p = 0.01, respectively). In contrast, the
Inverse Simpson index, which measures species evenness, showed no sig-
nificant differences betweengroups (p = 0.097), suggesting thatwhile overall
richness and diversity differed, the relative distribution of taxa within
samples remained comparable.

In the analysis of beta diversity, PCA performed on taxonomic counts
at genus level revealed distinct variations in gut microbial composition
between depression groups (Fig. 2). The first two principal components
(PC1 and PC2) accounted for 21% and 18% of the total variation, respec-
tively, illustrating group-level differences inmicrobial structure.Differences
in gut microbial composition between groups were confirmed by PER-
MANOVA based on the Aitchison distance, adjusted for relevant covari-
ates (p < 0.01).

Taking into account the DG group individuals, no differences in alpha
and beta diversity were observed between participants under antidepressant
treatment and thosenot takingantidepressants (SupplementaryFigs. 1 and2).
Notably, the differences in alpha and beta diversity across depression groups
remained consistent when stratifying by sex (Supplementary Figs. 3 and 4).

Differentially abundant genus between study groups
A differential abundance analysis was performed using ANCOM-BC,
identifying 33 differentially abundant taxa between groups with an FDR ≤
0.1 (Supplementary Table 1), among which 23 taxa remained significant at
FDR ≤ 0.05. In contrast, MaAsLin2 revealed 9 differentially abundant taxa
with FDR ≤ 0.1 (Supplementary Table 2), of which 6 were significant at
FDR ≤ 0.05. As shown in Table 2, 8 taxa were identified as differentially
abundant between groups across both methods, meeting an FDR threshold
of FDR ≤ 0.05 in onemethod and FDR ≤ 0.1. Taxawith a negative effect size
(LFC or coef.) were more abundant in the RG, whereas taxa with a positive
effect size were more abundant in the DG. These differentially abundant
taxa are visually represented in the taxonomic tree in Figure 3.

In the DG group, individuals under antidepressant treatment showed
no significant differences compared to those not taking antidepressants in
differentially abundant taxa (Supplementary Fig. 5). Furthermore, the
direction of the results regarding differentially abundant genera remained
consistent across sexes, with taxa enriched in the DG showing similar
increases in bothmen andwomen, and those depleted in the DG exhibiting
comparable reductions across sexes (Supplementary Fig. 6).

Predicted functional abundance differences
Supplementary Figure 7 shows the predicted pathways that significantly
differ between depression groups at an FDR ≤ 0.05. These pathways were
related to type II diabetes mellitus, bile secretion, biosynthesis of secondary
metabolites, carbohydrate metabolism, and amino acid metabolism.

Faecal metabolites associated with depression
Figure 4 shows the metabolites robustly associated with depression, sorted
by their elastic-net regression coefficient values. Out of the 518 faecal
metabolites, 24 exhibited strong associations with depression. Specifically,
eleven metabolites with negative coefficients were associated with the RG,

Table 1 | Study population characteristics according to the
depression status

Characteristic Reference group
(RG) N = 331a

Depression group
(DG)N = 69a

p-valueb

BDI-II 6 (3, 10) 17 (10, 21) <0.001

Gender <0.001

Female 127 (38%) 49 (71%)

Age (years) 65 (61, 68) 64 (61, 69) >0.900

BMI 32.5 (30.3, 35.6) 32.9 (29.8, 35.1) 0.800

Smoking status 0.003

Active smoker 46 (14%) 5 (7.2%)

Former smoker 139 (42%) 18 (26%)

Never smoked 146 (44%) 46 (67%)

Civil Status 0.150

Single or
separated

51 (15%) 6 (8.7%)

Married 255 (77%) 54 (78%)

Widowed 25 (7.6%) 9 (13%)

Education <0.001

Higher education 64 (19%) 9 (13%)

Secondary
school

102 (31%) 7 (10%)

Primary school
or less

165 (50%) 53 (77%)

Employment 0.002

Active 79 (24%) 12 (17%)

Unemployed 29 (8.8%) 9 (13%)

Housekeeper 29 (8.8%) 17 (25%)

Retired 194 (59%) 31 (45%)

Antidepressants 0 (0%) 49 (71%) <0.001

Adherence to
MedDiet score

8 (6, 10) 8 (6, 10) 0.700

Alcohol
consumption
(g/day)

6 (1, 16) 2 (0, 11) 0.008

Physical activity
(METmin/week)

2247 (1067, 3643) 1629 (448, 2657) 0.003

BDI-II Beck Depression Inventory-II, BMI body mass index, DG depression group,MedDiet
Mediterranean diet,MET metabolic equivalent of task, RG reference group.
an (%); Median (IQR).
bPearson’s Chi-squared test; Wilcoxon rank sum test; and Fisher’s exact test, accordingly.
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while thirteenmetaboliteswith positive coefficientswere associatedwith the
DG. According to the HMDB classification system, the elastic net selected
metabolites were distributed across various superclasses as follows: 11 lipids
and lipid-like molecules, 7 organic acids and derivatives, 3 organoheter-
ocyclic compounds, 2 benzenoids, and 1 nucleosides, nucleotides, and
analogues.

Fig. 1 | Boxplots representing the differences in
alpha diversity indices Chao1 (abundance),
Shannon (diversity) and Inverse-Simpson (even-
ness) between depression groups. Wilcoxon Sum
Rankwas used to test the differences between groups
and p ≤ 0.05 was considered as significant. DG
depression group, RG reference group.

Fig. 2 | Plot of principal components calculated over CLR-transformed taxo-
nomic feature counts according to depression status. DG depression group, PCA
principal component analyses, RG reference group. The PERMANOVAmodel was
adjusted by sex, age, BMI, smoking status, prevalence of diabetes and hypertension,
education level, fibre consumption (g/day), alcohol consumption (g/day) and total
physical activity (METmin/week).

Table 2 | Summary of ANCOM-BCandMaAsLin2 values for the
significant differential abundant taxa between groups

ANCOM-BC MaAsLin2

Genus LFC FDR Coef FDR

Acidaminococcus 0.542 <0.01 3.068 0.04

Christensenellaceae
R-7 group

−0.330 <0.01 −12.81 0.10

Eubacterium
siraeum group

−0.326 <0.01 −4.441 0.04

Megasphaera 0.698 <0.01 5.397 <0.01

Oscillospiraceae
NK4A214 group

−0.570 <0.01 −8.236 0.04

Streptococcus 0.235 0.08 7.676 0.04

Oscillospiraceae UCG-002 −0.230 0.05 −10.59 0.04

Oscillospiraceae UCG-005 −0.397 <0.01 −7.280 0.10

The models were adjusted by sex, age, BMI, smoking status, prevalence of diabetes and
hypertension, education level, fibre consumption (g/day), alcohol consumption (g/day), and total
physical activity (METmin/week).
Coef themodel coefficient value (effect size) inMaAsLin2 output, FDR false discovery rate, LFC log-
fold change from ANCOM-BC output.
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Among the 24 metabolites selected through the elastic net penalized
regression, 15 remained significantly associated with depression after
adjusting for confounding variables (FDR ≤ 0.05). Figure 5 shows the nega-
tive logarithmof the FDR value obtained fromANCOVAplotted against the
β coefficient of the linearmodels of the elastic-net selectedmetabolites, where
metabolites with stronger associations appear further from zero.

In the DG group, participants under antidepressant treatment showed
no significant differences compared to those not taking antidepressants
regarding significant faecal metabolites (Supplementary Fig. 8). The asso-
ciations between these metabolites and depression remained consistent
across sexes (Supplementary Fig. 9).

Correlation between gut microbial taxa and faecal metabolites
related to depression
Figure 6 illustrates the correlation patterns between differentially abundant
taxa by depression status group and the significant faecal metabolites
identified in our study. Notably, we observed that the overall direction of
these correlations was consistent across different groups. Specifically, the
Eubacterium siraeum group, Oscillospiraceae NK4A214 group, Christense-
nellaceae R-7 group, Oscillospiraceae UCG-002 and Oscillospiraceae UCG-
005 exhibited similar correlation patterns with the significant metabolites.
The genera Streptococcus, Acidaminococcus and Megasphaera showed a
weaker inverse correlation pattern compared to the previously mentioned
genus. Regarding the metabolites, the bile acids derivatives Tyrosocholic
Acid and Phenylalanocholic acid showed the strongest negative correla-
tions, while 20-Carboxy-leukotriene B4 and N-Acteylglutamic acid exhib-
ited the strongest positive correlations. Both gut microbial taxa and
metabolites were clustered according to depression status.

Discussion
This study represents the first human study investigation to simultaneously
employ untargeted faecal metabolomics and 16S rRNA-based

metataxonomic analysis to examine associations between depression and
gut microbiota. This dual approach offers a comprehensive analysis of the
microbial community and itsmetabolic functions, offeringnew insights into
the potential role of the gut-brain axis in depression. As a cross-sectional
study using baseline data from the PREDIMED-Plus trial, which enroled
participants aged 55–75 years with at least three components of metabolic
syndrome, this sub-study uniquely explores the relationship between gut
microbiota and depression within a naturalistic, real-world context. Unlike
many studies that compare controlled groups specifically selected for the
presence or absence of depression18,19, our population includes individuals
who naturally exhibit high depressive symptomatology and those who are
treated or not for this condition. This approach enhances the applicability of
ourfindings, reflecting genuine interactions andhealth challenges faced by a
population of community-dwelling older adults with normal daily lives,
capturing real-world understanding of the gut-brain axis in depression.
Within this context, we identified 15 significant metabolites and observed 8
bacterial generawithdifferential abundancebetween thoseparticipantswith
and without depression. Genera such as Christensenellaceae R-7 group,
Eubacterium siraeum group, Oscillospiraceae NK4A214 group, Oscillospir-
aceae UCG-002 and Oscillospiraceae UCG-005 were more abundant in the
reference group while genera Streptococcus, Acidaminococcus and Mega-
sphaera were enriched in the depression group. Notably, we detected
associations between these differentially abundant taxa and depression-
related metabolites, implying potential interactions between microbial
composition and metabolic output. The predicted functional analysis fur-
ther revealed 8 significant pathways, some of which align with the meta-
bolomic signatures identified in the faecal samples. Our results also
highlighted significant differences in alpha and beta diversity indices
between study groups, supporting the hypothesis of an association between
depression and gut microbial composition.

While greater bacterial diversity is often considered beneficial for
human health, its enrichment in depression remains debated18. Some

Fig. 3 | The taxonomic tree showing the 8 genera
associated with depression. Letters with red back-
ground depict genera associated with reference
group and letters with blue background depict
genera associated with depression group. For sig-
nificant taxa, the outermost layer depicts the phylum
level followed by class, family and genus level.
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studies have found that depression and anxiety severity are negatively
associated with bacterial richness and alpha diversity20, with lower alpha
diversity observed in participants with high anxiety/depression symptoms
compared to controls21. Conversely, other studies have reported no sig-
nificant differences in microbiota diversity between individuals withMajor
Depressive Disorder and healthy controls22,23. In our cohort, we observed
significant differences in theChao1 and Shannon indices,with higher values
in the reference group, suggesting greater species richness and diversity in
these individuals. Additionally, the overall gut microbiota composition
differed significantly between the studied groups, aligning with existing
research that, even in the absence of statistically significant differences in
richness and diversity, the gut microbiota of depressed participants often
exhibits distinct clustering patterns when compared to controls16.

Our differential abundance analysis revealed that all significantly
altered genera were part of the Firmicutes phylum, a dominant group in the
gut microbiota. The genera more abundant in the reference group were
classified within the Clostridia class, including members of the Oscillospir-
aceae (UCG-002, UCG-005, NK4A214 group) and the Ruminococcaceae
(Eubacterium siraeum group) families. These families play a key role in
fermenting dietary fibres, leading to the production of short-chain fatty
acids (SCFAs), which are crucial for maintaining gut homoeostasis and are
known for their anti-inflammatory properties by suppressing pro-
inflammatory cytokines like IL-6 and TNF-α, and by enhancing reg-
ulatory T-cell activity, which is relevant given the growing body of evidence
linking chronic inflammation to depression24,25. They also play a role in
strengthening the gut barrier, reducing systemic inflammation, and mod-
ulating neurotransmitter production. The enrichment of these genera in the
reference group suggests a potential protective effect against the chronic
low-grade inflammation often observed in depression. The anti-
inflammatory effects of SCFAs may thus represent a potential mechanism
formitigatingdepressive symptoms.TheChristensenellaceaeR-7 group, also

enriched in the reference group, has been associated with a lean body
phenotype and healthier metabolic profiles26, which could indirectly influ-
ence mental health by mitigating metabolic dysfunction, a common
comorbidity in individuals with depression27. Furthermore, Christense-
nellaceae has been proposed to stabilize microbial communities28, poten-
tially contributing to resilience against dysbiosis and its downstream effects
on the gut-brain axis. In the depression group, genera such as Acid-
aminococcus, Streptococcus, and Megasphaera were more abundant. Acid-
aminococcus, a genus involved in amino acid fermentation, produces
glutamate, a key excitatory neurotransmitter in the brain29. Dysregulation of
glutamate levels is associated with excitotoxicity, neuroinflammation, and
the pathophysiology of depression30, particularly through its influence on
glutamatergic signalling and neural plasticity31. The overrepresentation of
Acidaminococcus in the depression group may reflect disruptions in amino
acid metabolism32, potentially exacerbating neurochemical imbalances and
contributing to depressive symptomatology. Further research is warranted
to understand whether this genus plays a causal role or is a consequence of
gut dysbiosis in depression. Streptococcus, typically associated with the oral
microbiome33 was also enriched in the depression group. Its presence in the
gut might indicate disruptions with the oral-gut microbial axis. Strepto-
coccus is known to metabolize tryptophan into kynurenine, a pathway that
reduces serotonin availability while increasing neurotoxic metabolites14,
which is essential for mood regulation34. This shift in tryptophan metabo-
lism could disrupt serotonergic signalling, a mechanism central to mood
regulation14. Furthermore, elevatedStreptococcus levels have beenassociated
with inflammatory cytokine production, such as IL-635, which can cross the
blood-brain barrier and influence neuroinflammation36, further implicating
this genus in depression. Megasphaera, another genus enriched in the
depression group, is recognized for its role in propionate production
through the fermentation of dietary carbohydrates37. While propionate has
beenassociatedwithbeneficial effects, such as improvedgut barrier function

Fig. 4 |Mean coefficients for themetabolites robustly associated with depression,
according to the binomial elastic net regression for depression groups.Values are
means ± SDs for the sets of metabolites consistently selected 10 times after 10
iterations of the elastic net regression procedure with 10-fold cross-validation using
the best set of alpha (0.6) and lambda (0.045) values that returned the best model
accuracy across all cross-validated results employing the training data of the 400
participants. Metabolites with negative coefficients, associated with the reference
group are plotted on the left, whereas those with positive coefficients, related to the
depression group are plotted on the right. 20-Carboxy-LTB4 20-Carboxy-leuko-
triene B4, C16 Sphinganine 16-carbon Sphinganine, CE 20:4 20-carbon tetra-
unsaturated cholesterol ester, TG 54:1 54-carbon monounsaturated triglyceride.

Fig. 5 | Volcano plot showing the associations between faecal metabolites and
depression status groups.Apositive β-coefficient indicates association with theDG
while a negative β-coefficient indicates that the metabolite is associated with the
reference group. The model was adjusted by sex, age, BMI, smoking status, the
prevalence of diabetes and hypertension, education level, fibre consumption (g/day),
alcohol consumption (g/day) and total physical activity (METmin/week). An
FDR ≤ 0.05 was deemed statistically significant (up dotted line). RG reference group,
DG depression group, BMI body mass index, 20-Carboxy-LTB4 20-carboxy-leu-
kotriene B4, C16 Sphinganine 16-carbon Sphinganine, CE 20:4 20-carbon tetra-
unsaturated cholesterol ester.
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and reduced inflammation in some contexts38, excessive production could
disrupt gut-brain communication by altering signalling pathways and
promoting a pro-inflammatory state12. Elevated levels ofMegasphaeramay
therefore represent amaladaptive response to dietary ormetabolic stressors
in individuals with depression.

Our metabolomic findings revealed associations between several
metabolites and depression. For example, 20-Carboxyleukotriene B4, an
omega-oxidized metabolite of leukotriene B4, has been implicated in
depressive states through its role in promoting inflammation and oxidative
stress, processes known to affect neural function and mood regulation39.
Elevated levels of phytanic acid are known to be neurotoxic in excessive
concentrations andmight contribute to neural dysfunctions associated with
depression40. Among the metabolites with higher concentrations in the
depression group, valeric acid, a short-chain fatty acid, was significantly
enriched. In animal models of depression, elevated valeric acid levels have
been linked to changes in gutmicrobiota compositionandalterations in gut-
brain communication41, suggesting a potential role in modulating depres-
sive behaviours, aligning with our findings. Reduced proline metabolism in
the depression group also points to amino acid pathway disruption. Proline
is a key precursor for neurotransmitters such as glutamate, and its reduced
availability may influence neural plasticity and mood regulation. Aligning
with our findings, proline metabolism has been found to be reduced in
depression42. Tyrosocholic and phenylalanocholic acids, which cannot be
synthesized byhumans, are products of the bacterial conversion of bile acids
and evidence shows decreased bile acid concentrations in depressive mice
models42, suggesting that alterations in bile acidmetabolismmay play a role
in the gut-brain axis and the pathophysiology of depression. Our results are
in line with thementioned evidence, and therefore these results suggest that
bacteria-derivedmetabolitesmay play a role in the relationship between gut
microbiota and depression. These findings collectively suggest a multi-
faceted biochemical interplay in depression, involving several metabolic
pathways, some of which are exclusive to bacteria.

The predicted functional abundance analysis supported our metabo-
lomic findings, showing correlations with the actual metabolomic signature
described in this study. For instance, glutathionemetabolism is required for

the biosynthesis of leukotrienes such as 20-Carboxy-leukotriene B443 and
the bile secretion pathway is related to cholic acid, the precursor of tyros-
cholic acid and phenilalanocholic acid44. However, the biosynthesis of
phenylalanine, tyrosine, and tryptophan pathway, despite its potential
impact on depression45, did not correspond to the detection of actual
metabolites measured from this pathway in our study.

The correlationmatrix analysis showed that genera from the same class
shared similar correlation profiles. Bile acids, such as phenylalanocholic and
tyrosocholic acids, exhibited themost substantial negative correlations with
members of the Clostridia class, while N-acetylglutamic acid and 20-
Carboxyleukotriene B4 showed the strongest positive correlations. These
patterns suggest that taxa in the Clostridia class may influence the synthesis
or breakdown of these compounds, consistent with findings in other
studies46–48. Notably, significant correlations were mostly found with taxa
linked to the reference group, underscoring their potential role in the
metabolic pathways relevant to depression.

Our findings showed no significant differences in gut microbiota
composition or metabolomic profiles between participants taking
antidepressants and those not. This raises important questions about
the role of the gut microbiome in the treatment of depression. It is
possible that traditional antidepressants do not substantially modify
the gut microbiota or that depression-related gut microbiota changes
persist despite pharmacological treatment. However, these results do
not negate the potential of the gut microbiome as a therapeutic target.
Recent randomized controlled trials have shown that probiotic sup-
plementation can reduce depressive symptomatology, suggesting that
microbiota-targeted interventions could serve as adjunctive therapies
to conventional treatments49–51. Future longitudinal studies are needed
to explore whether microbiota-targeted therapies might complement
or enhance current treatments, particularly in individuals who do not
respond to antidepressants.

The interpretation of the findings in this study has to be contextualized
within some limitations. First, due to the cross-sectional design of the
present study, we cannot infer a temporal or causal relationship between
exposure and outcome. Second, this study is an observational analysis using

Fig. 6 | Correlation matrix of the relative abundance of the significant taxa
and the metabolite concentration of the significant metabolites. Taxa
abundance was stratified by depression groups. Left-side: Class and Family of
each differentially abundant Genus. Right-side: CLR abundance of taxa per
group represented with boxplots and significance between groups. Bottom-side:

Group where the metabolite is more abundant. FDR false discovery rate, RG
reference group, DG depression group, 20-Carboxy-LTB4 20-Carboxy-leuko-
triene B4, C16 Sphinganine 16-carbon Sphinganine, CE 20:4 20-carbon tetra-
unsaturated cholesterol ester.
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baseline data from olderMediterranean adults with overweight/obesity and
metabolic syndrome, limiting the generalizability of the findings to other
populations. Although we have adjusted our models by different covariates
that can explain the variability of our findings, we cannot discard residual
confounding, especially in relation to dietary factors that can affect both the
exposure and outcome. Third, the BDI-II, while reliable for screening
depressive symptoms, is not a diagnostic tool, which may affect the inter-
pretation of symptom severity. Fourth, the intrinsic nature of 16S sequen-
cing limits the analysis to genus-level taxonomic resolution and lacks
functional information, having to relyonpredictivemethods. Last, theuseof
faecalmetabolomics alsopresents challenges, as faecal samplesmaynot fully
reflect systemic metabolic changes detectable in blood. Also, stool con-
sistency, a known factor influencing gut microbiota composition, was not
recorded in our study. Given that altered gastrointestinal transit times are
associated with depression, future research should incorporate validated
measures of stool consistency, such as the Bristol Stool Scale to control for
this variable and better understand microbiome-depression associations.

As an epidemiological study, our focus was on identifying associations
that could be the base of future studies without investigating mechanisms.
Replication in other cohorts would be essential to confirm the robustness
and generalizability of the results. Future studies should specifically include
clinical cohorts comprising individuals formally diagnosedwith depression.
Such studies would allow for validation of the identified key bacterial genera
and metabolites in a clinical context and help establish whether these
associations are consistent across different populations and diagnostic cri-
teria. In addition, studies usingmodel organisms arewarranted in the future
to validate findings reported in this study and explore causal relationships.
This type of studies would provide controlled environments to dissect the
interactions between gut microbiota, metabolites, and depressive beha-
viours, enhancing the applicability of these findings.

This study also has notable strengths. Although our sample is not
representative of the general population, individuals with overweight or
obesity at high riskof cardiometabolic diseasesmakeupa significantportion
of the global population. Thus, our findings may be relevant to similar
community-dwelling older adults who may benefit from interventions
supporting mental health. The well-defined population and extensive col-
lection of high-quality standardized data allowed for rigorous statistical
adjustments. The BDI-II is a well-standardized measure with strong psy-
chometric properties, including high reliability and validity. It has been
extensively tested across different populations and settings, which helps
ensure that its results are consistent and accurate. Finally, the use of faecal
metabolomics in this specific context provides direct insights into the gut
microbiota’s metabolic activities, offering a comprehensive view of the gut
environment and its interactions with the host.

Methods
Study design and population
This research is a cross-sectional analysis utilizing baseline data from a
cohort of 400 individuals enrolled in the PREDIMED-Plus study52. Eligible
participants included men and women aged 55-75 years who had no
documented history of cardiovascular disease at enrolment. All participants
were classified as overweight or obese (body mass index (BMI) between 25
and 40 kg/m²) and met at least three criteria of the metabolic syndrome at
baseline53. The trial was registered at the International Standard Rando-
mized Controlled Trial (Number: ISRCTN89898870, registration date:
2014) and received approval from the ethical review boards of all partici-
pating institutions. A detailed protocol has been published previously54 and
can be accessed on the study website http://www.predimedplus.com/.

The current study focuses on a subset of participants from the
PREDIMED-Plus centres in Reus, Barcelona-IMIM,Alicante, andValencia
who provided stool samples. At the time of faecal sample collection, parti-
cipants were asked whether they had been undergoing antibiotic treatment
or taking probiotics within the last two weeks. Participants who reported
taking antibiotics during this period were excluded, and no participants
reported probiotic use. Additionally, data on antibiotic and probiotic

prescriptions were obtained from the questionnaire used to determine
participant eligibility for the study. These data were cross-referenced with
the participants’ responses provided before faecal sample collection to
ensure accuracy. A flowchart outlining the study population is provided in
Supplementary Fig. 10.

General evaluations, anthropometric data and blood biochem-
istry measurements
Participants completed a comprehensive questionnaire to gather data on
socio-demographics and medical history. Physical activity during leisure
time was estimated using the validated Regicor Short Physical Activity
Questionnaire55. Waist circumference was measured twice at the midpoint
between the lowest rib and the iliac crest with an anthropometric tape. Body
weight and height were recorded twice using calibrated electronic scales and
a wall-mounted stadiometer, respectively. Dietary fibre intake (g/day) was
estimated using a validated semi-quantitative food frequency
questionnaire56.

Depression status
Participants were considered to have depression if they were under anti-
depressant treatment, or they had a Beck Depression Inventory-II (BDI-II)
score equal to or higher than 20 (DepressionGroup, DG). Participants with
a score lower than 20whowere not taking antidepressants were categorized
as reference groups (Reference Group, RG). The BDI-II is a standardized
self-report questionnaire designed to assess the severity of depressive
symptoms in adolescents and adults57. Comprising 21 items, participants
indicate how they have felt over the past two weeks on a 4-point scale,
resulting in a total score ranging from 0 to 63. The BDI-II encompasses a
wide spectrumofdepressive symptomatology, including cognitive, affective,
somatic, and motivational domains. Scores can be categorized as reflecting
minimal (0–13), mild (14–19), moderate (20–28), or severe (29–63)
depression57. The instrument has demonstrated high internal consistency,
with Cronbach’s alpha values often exceeding 0.90, and good test-retest
reliability57. Moreover, its construct validity has been established through
correlations with other established measures of depression and clinical
diagnoses. Our categorization method based on the DBI-II score, while
different from the more common cut-off of 14 used for screening mild
depression, better distinguishes participants with clinically impactful
depressive symptomatology, supporting the study’s focus on understanding
relationships involving more severe depressive states. The cut-off of 20 has
also been used in other studies to identify depressive states58,59. Including
participants with BDI-II scores over 20 and those taking antidepressants
allows for a clear distinction based on both self-reported depressive symp-
toms as indicated by the BDI-II score and clinical treatment status.

Stool samples collection, DNA extraction, 16S rRNA gene
amplicon sequencing and faecal metabolomics analysis
Participants collected stool samples at home before the intervention began
and stored them frozen until delivery to the laboratory. The samples were
then divided into 250mg aliquots and stored at −80 °C until analysis.
Microbial DNA extraction was performed using the QIAamp PowerFecal
DNA kit (Qiagen, Hilden, Germany) following the manufacturer’s
instructions, with an initial 5-min lysis step using the FastPrep-24™ 5G
Homogenizer (MPBiomedicals, SantaAna, CA,USA). ExtractedDNAwas
stored at −20 °C until further processing and its concentration and purity
were measured using the Qubit 2.0 Fluorometer with the dsDNABRAssay
Kit (Thermo Fisher Scientific, Waltham, MA, USA). Triplicate PCR reac-
tions were performed to amplify the V4 region (515F-806R) of the pro-
karyotic 16S ribosomal RNA (rRNA) gene.

Each35 μl reaction contained0.7 μl of uniquebarcodedprimers (515F-
n and 806R-n), 0.7 μl dNTPs, 0.35 μl Phusion Green Hot Start II High-
Fidelity DNA Polymerase (Thermo Scientific, Landsmeer, The Nether-
lands), 7 μl 5× Phusion Green HF Buffer, and 25.5 μl DNAse- and RNAse-
freewater (Promega,Madison,WI,USA). The PCR cycle included an initial
denaturation at 98 °C for 30 s, followed by 25 cycles of denaturation at 98 °C
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for 10 s, annealing at 50 °C for 10 s, elongation at 72 °C for 10 s, and a final
extension at 72 °C for 7min. PCR products were visualized on 1% agarose
gel (~290 bp), purified using the CleanPCR kit (CleanNA, Alphen Aan den
Rijn,TheNetherlands), andquantifiedwith theQubit dsDNABRAssayKit.
Sequencing librarieswere constructed using 200 ng of purifiedPCRproduct
and sequenced on an Illumina Novaseq platform. To ensure data quality,
artificial mock communities, and negative control sampleswere included in
each library, with seven stool samples sequenced in duplicates. Negative
control samples were included in each library to control for potential con-
taminant sequences using nuclease-free water or material from DNA
extraction blanks.

Sequencing libraries were demultiplexed and only read pairs with
perfectly matching barcodes were used for downstream steps. Amplicon
sequence variants (ASVs) were determined with the default settings of the
DADA2 pipeline60 and taxonomy was assigned to each ASV using the Silva
database (v138.1)61. A total of 1.080.337 paired-end reads per sample on
average (median: 1.120.481, IQR: [379.416–1.645.145]) were generated
across all study samples. After filtering, denoising, and chimera removal, an
average of 948.831 non-chimeric reads per sample (median: 969.828, IQR:
[334.276–1.415.867]) were retained, with 11% of sequences identified as
chimeric and removed. Importantly, no samples were excluded due to low
sequencing depth, as all exceeded a 10.000-read threshold that was used in
this study.

Metabolomic profiling of the stool sampleswas conducted at theBroad
Institute of Harvard University and MIT, employing four liquid
chromatography-tandemmass spectrometry (LC-MS) techniques to profile
endogenous metabolites in 400 baseline faecal water samples. The techni-
ques used were: 1) hydrophilic interaction liquid chromatography for
positive ionpolarmetabolites (HILIC-pos), 2) hydrophilic interaction liquid
chromatography for negative ion metabolites (HILIC-neg), 3) reversed-
phase chromatography for positive ion lipid profiling (C8-pos), and 4)
reversed-phase chromatography with a T3 ultra-performance liquid chro-
matography column for negative ion detection of free fatty acids, bile acids,
and metabolites of intermediate polarity (C18-neg). The methodologies for
these four techniques have been detailed in previous publications62. For each
technique, samples from each subject were randomized and analysed as a
pool. To ensure quality control and standardization, pairedpooled reference
samples were inserted at intervals for analysis.

Microbiome data analysis
For the assessment of within-sample diversity (alpha diversity), Chao1,
Shannon, and inverse-Simpson indices63–65 were computed using absolute
counts ofmicrobial taxa. Significance in alpha diversity between groupswas
assessed with the Wilcoxon signed-rank test66.

For between-sample diversity (beta diversity), a filtering threshold of
10% prevalence and a detection level of 0.1% at the genus level on relative
abundance data was implemented. Beta diversity was evaluated with
Euclidean distances using centered log-ratio (CLR) transformed counts,
providing Aitchison distances67. This approach provides an appropriate
measure of compositional dissimilarity, reducing the impact of unequal
sampling depths and enhancing interpretability. The significance of the
observed beta diversity patterns across depression groups was determined
using permutational multivariate analysis of variance (PERMANOVA)68

adjusting for covariates. The results were visualized through principal
component analysis (PCA) to provide an interpretable summary of the data
structure based on compositional dissimilarities.

Differential abundance analysis (DAA) was performed using the same
filtering criteria as applied in the beta diversity analysis and covariates were
used to adjust the models. Two methods were employed for DAA:
MaAsLin269 and ANCOM-BC70. We chose these methods because they are
widely used in microbiome analysis, including studies where both are
applied together to enhance robustness in differential abundance testing71,72.
For MaAsLin2, a linear model was fitted to CLR-transformed absolute
counts, while ANCOM-BC was executed also on CLR-transformed counts
and default parameters without additional filtering. The Benjamini-

Hochberg false discovery rate (FDR) procedure was utilized to adjust for
multiple comparisons in bothmethods. Taxa achieving anFDR threshold of
≤0.05 in one method and ≤0.1 in the other were identified as differentially
abundant between the groups under investigation. (i.e., a genus was called
differentially abundant if it achieved FDR ≤ 0.05 by both MaAsLin2 and
ANCOM-BC, or FDR ≤ 0.05 inMaAsLin2 and FDR ≤ 0.1 in ANCOM-BC,
or FDR ≤ 0.05 in ANCOM-BC and FDR ≤ 0.1 in MaAsLin2). The appli-
cation in parallel of both methods ensures the robustness of the results to
methodological variations, as they offer different approaches to handling
compositional data.

DADA2-generated ASVs were imported to PICRUSt 2.073, and the
Kyoto Encyclopaedia of Genes and Genomes (KEGG)74 database was used
to predict the functional gene content of themicrobial communities present
in the study samples. DAA of predicted pathways was performed using
MaAsLin2 adjusting for covariates. A Linear Model was fitted to CLR-
transformed pathway abundance counts, and an FDR procedure was used
to adjust for multiple comparisons. FDR ≤ 0.05 was used to assess
significance.

Faecal metabolomics data analysis
Prior to the analytical modelling, our metabolomic data underwent a pre-
processing phase for ensuring the robustness of subsequent analyses.
Acknowledging the typically skewed nature of metabolite distributions, we
employed a rank-based inverse normal transformation (INT)75 for each
metabolite. The INTprocedure helps normalize data distributions, reducing
the impact of skewness and outliers, which can otherwise compromise the
assumptions of parametric statistical models. The INT method has been
previously used in metabolomic studies76 and performs well with other
nonnormal data77. The INT can be broken down into a two-step procedure.
In thefirst, the observations are transformedonto the probability scale using
the empirical cumulative distribution function (ECDF). In the second, the
observations are transformed onto the real line, as Z-scores.

Metabolomics analysis began with an initial set of 537 identified faecal
metabolites. Drug and drug-related metabolites were excluded resulting in
518 metabolites for downstream analysis.

Due to the high dimensionality and collinear nature of the metabo-
lomicsdata, we employed apenalized regressionmodelusing the ElasticNet
regularization technique78 to discern the relationship between depression
status and faecal metabolite concentrations. Penalized regression models
have been widely applied in metabolomics research, particularly in untar-
geted metabolomics studies requiring robust feature selection in high-
dimensional datasets79–81. The Elastic Net approach was chosen for its
capacity to combine the benefits of LASSO and Ridge penalties, which
enables effective feature selection while managing multicollinearity among
predictor variables.

Training and validation procedures were performed. The model
training andhyperparameters alphaand lambda tuningwere executedusing
the caret package in the R programming environment. A resampling
strategy of 10-fold cross-validation (10-foldCV)was implemented, with the
process being repeated 10 times to enhance the reliability of the model
evaluation. This resampling was conducted on 80% of the collected dataset
designated as the training set, with the remaining 20% held out for final
model validation. Themodel with the best accuracy was accomplished with
alpha and lambda values of 0.6 and 0.045, respectively. In a subsequent
robustness check, 10-fold cross-validation elastic netmodels were run using
the defined alpha and lambda values with different random seeds. Only
metabolites with coefficients consistently different from zero across all 10
runs were retained, ensuring the selection of stable predictors for the out-
come of interest.

The significance of the selected metabolites in relation to depression
was further investigated using Analysis of Covariance (ANCOVA). This
analysis was carried out controlling for covariates and to establish the
independent associations of the metabolite concentrations on the outcome
variable (study groups). Significance was determined based on an FDR-
adjusted p-value threshold of ≤0.05. Pearson correlation analyses were
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conducted to assess the relationship between the relative abundance of
selected significant gut microbial features identified and the rank-based
inverse normal transformed concentrations ofmetaboliteswith FDR ≤ 0.05.
This correlation analysis was stratified by depression status. The assessment
of correlation significance was performed using the ‘cor.test’ function of the
R ‘stats’ package and the resulting p-values were FDR adjusted. A heatmap
depicting significant correlations was generated using the “Complex-
Heatmap” package, providing a visual representation of these relationships.

A flowchart detailing the experimental methodology is provided in
Supplementary Fig. 11.

Mediterranean diet adherence assessment
Adherence to the Mediterranean diet was assessed using the erMEDAS
questionnaire82, a validated tool specifically designed to quantify Medi-
terranean dietary patterns. The erMEDAS score ranges from 0 to 17, with
higher scores indicating greater adherence. This tool evaluates the con-
sumption of key Mediterranean food groups, including olive oil, fruits,
vegetables, legumes, nuts, fish, whole grains, and fermented dairy pro-
ducts, while also considering moderate wine consumption and limiting
the intake of red and processed meats, sugary beverages, and ultra-
processed foods. The minimal clinically important difference in the score
is one point.

Confounder adjustments
The following statistical analyses were adjusted for covariates to control for
potential confounding factors: PERMANOVA, differential abundance
analyses (MaAsLin2 and ANCOM-BC), functional pathway predictions
(PICRUSt2), and ANCOVA models for metabolomics analysis. All men-
tioned analyses were adjusted for sex, age (in years), BMI (in kg/m2),
recruitment centre (Reus, Barcelona, Alicante, Valencia), adherence to the
Mediterranean diet (range, 0–17; higher scores indicate greater adherence;
minimal clinically important difference, 1 point), smoking status (current,
former and never smoked), diabetes (yes/no), hypertension (yes/no), edu-
cational level (Higher Education, Secondary School and Primary School or
less), dietary fibre intake (g/day), alcohol consumption (g/day) and total
physical activity (MET·min/week) for both microbiome data and faecal
metabolomics data. The individual contribution of each covariate to gut
microbiota composition was assessed using PERMANOVA, and the results
are presented in Supplementary Table 3.

Data availability
The datasets generated and analysed during the current study are not
publicly available due to data regulations and for ethical reasons, con-
sidering that this information might compromise research participants’
consent because our participants only gave their consent for the use of their
data by the original team of investigators. However, collaboration for data
analyses can be requested by sending a letter to the PREDIMED-Plus
steering Committee (predimed_plus_scommittee@googlegroups.com).
The request will then be passed to all the members of the PREDIMED-Plus
Steering Committee for deliberation.
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