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A gut microbiome-kidney-heart axis
predictive of future cardiovascular diseases

A list of authors and their affiliations appears at the end of the paper

Cardiovascular diseases (CVD) remain a major global health challenge. Early
markers of disease initiation and progression are urgently needed. We, and
others, have previously shown changes in the gut microbiome in association
with metabolic and CVD. Here, we demonstrate that gut microbiome-related
changes can be detected in association with subclinical variations in heart and
kidney function. Markers related to gut microbial metabolism of aromatic
amino acids, phenylalanine and tyrosine, associate with circulating pro-atrial
natriuretic peptide and estimated glomerular filtration rate in a metabolically
healthy European population. Observational and genetic evidence further
identifymicrobiome-relatedmetabolites asmediators of this gutmicrobiome-
kidney axis, with their baseline levels associating with incident CVD in an
external Canadian population. Altogether, our work suggests that the gut
microbiome interacts with the cardiorenal axis and participates in an inter-
organ crosstalk affecting host physiology and risk of CVD.

Dysmetabolism is the abnormal regulation of metabolic processes in
the body, leading to imbalances in the way nutrients are processed,
and energy isproducedor utilized, and isoften seen as an intermediary
phase of the metabolic health-to-disease continuum. A dysmetabolic
state is often characterized by the presence of one or more conditions
like overweight, dyslipidaemia, hypertension or prediabetes,which are
considered risk factors for cardiometabolic diseases (CMD) (including
obesity and type 2 diabetes: T2D) and cardiovascular diseases (CVD).
CVD, the leading cause of death and disability worldwide1, are con-
tinually on the rise and are projected to hold the trend2, unless
underlying dysmetabolism can be targeted leading to a scenario
forecasting a 13.3% reduction in global disease burden by 20502.

The gut microbiome is a key regulator of metabolism, with mul-
tiple reports linking it to metabolic health3–5 and CVD6,7. These studies
rely upon large population cohorts4 and careful consideration of
common confounding factors revealing microbiome-host phenotype5

or disease signatures6,7 with added confidence. While the description
of a ‘healthy’ microbiome remains under scrutiny8, recent work sug-
gests that gut microbiome undergoes significant changes during
dysmetabolism6,7 with several of these changes persistingduringCVD6.
These observations suggest that the gut microbiome plays a key role
both in the early stages of disease development and maintenance of
the disease trajectory, thereby underscoring its untapped potential for

prevention, early diagnoses and/or treatment of dysmetabolism, CMD
and CVD.

Dysmetabolism, however, can represent a prolonged and meta-
bolically heterogenous phase of CVD, therefore physiological varia-
tions underpinning disease initiation or progression can come from
multiple mechanisms. Importantly, kidney function as an endogenous
factor has been identified as a key contributor to the gut microbiome
variation in healthy populations5,9,10, whereas impairment of kidney
function in advanced stages of CKD has been associated with gut
dysbiosis11. In turn, a causative relationship between aberrant gut
microbiota and kidney disease progression has also been suggested in
humans12, highlighting the underlying gut microbiome-kidney axis. Of
note, kidney function and CVD are also tightly linked, such that even
mild tomoderate reduction in kidney functionwithin thenormal range
is independently associated with an up-to 2-fold elevated risk of
mortality due to CVD13, and CKD is a prevalent co-morbidity in up to
60% of patients with heart failure14. This inter-relationship, often
referred to as the cardiorenal or reno-cardiac syndrome, suggests that
preventing kidney damage would also decrease associated cardiovas-
cularmorbidity andmortality15 in advanced disease settings. However,
whether kidney-heart interplay and its interactions with the gut
microbiome play a role in disease initiation or early stages of cardio-
vascular pathophysiology remains unknown.
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Here, using plasma metabolomics and quantitative gut micro-
biome profiling16 combined with extensive confounder-control in
metabolically healthy controls (n = 275) of the MetaCardis study6,17–19,
we identify gut microbial markers related to estimated glomerular
filtration rate (eGFR) and plasma pro-atrial natriuretic peptide
(proANP) levels, revealing a gut microbiome-kidney-heart axis (Fig. 1).
Briefly, this axis i) involves gut microbial metabolites and the host co-
metabolites derived fromphenylalanine and tyrosinemetabolism, ii) is
supported by genetic evidence indicating an interaction between the
gut microbiome and kidney function of the host, the functional asso-
ciations of which are depleted in the MetaCardis cases with CMD
(n = 1602), and iii) associates with future CVD incidence in the parti-
cipants of the Canadian Longitudinal Study on Aging (CLSA) study
(n = 8,669). Our observations unravel an interplay between the gut
microbiome and its host through plasma metabolites that are likely
implicated in both the initiation and progression of CMD. Importantly,
we identified these variations within the healthy group that are sug-
gestive of trajectories towards metabolic dysregulation and CMD,
which opens perspectives for precision prevention.

Results
Gutmicrobial and physiological characteristics ofmetabolically
healthy individuals
To decipher phenome (i.e., clinical and anthropometric), plasma
metabolome and gut microbiome variations in the early stages of
metabolic health-to-disease continuum, we focused on the 275 meta-
bolically healthy individuals (i.e., individuals with BMI ≤ 25 kg/m2, no
metabolic syndrome, no T2D and no ischaemic heart disease (IHD)) in
the MetaCardis6,17–19 study, relative to the individuals with CMD (i.e.,
presence of metabolic syndrome, obesity, T2D and/or IHD; n = 1602).
These individuals were aged between 20 and 76 years (median age = 58
years),with 62% females andwere recruited fromGermany, France and
Denmark (Supplementary Data 1). Expectedly, median values for the
metabolic-health-related variables such as body fat distribution, lipid
metabolism, glucose metabolism, blood pressure, liver and kidney
function remained within the normal range in healthy individuals
(Supplementary Data 1). However, 22.5% of these individuals had ele-
vated blood pressure, 26.2% were prediabetic and 2–8% were medi-
cated for conditions such as hypertension or received proton-pump
inhibitors (Supplementary Data 1). The underlying variations in blood
pressure, glucose and lipid metabolism in this group are likely indi-
cative of their physiology transitioning from a healthy state towards
dysmetabolism despite their metabolic disease-free status. Most gut
microbiome features reflecting ecological or functional aspects – e.g.,
microbial load16 i.e., microbial cells per gram of faecal matter), bac-
terial gene richness20, and bacterial species richness21 – remained
comparable to previous reports in healthy individuals (Supplementary
Fig. 1). Additionally, we observed low prevalence for the dysbiotic
Bacteroides 2 enterotype22 among these individuals (only eight indivi-
duals, i.e. 2.9% prevalence), which has previously been linked to
obesity18, general dysmetabolism and IHD6. Consistent with previous
reports18, our healthy individuals with Bacteroides 2 enterotype also
exhibited strikingly lower microbial gene- and metagenomics species-
richness relative to other enterotypes (Supplementary Fig. 1). Most of
these (i.e., 84%) individuals also stated that they defecate regularly,
which associated negatively with the prevalence of Bacteroides 2
enterotype16 (FDR <0.1). Additionally, stool frequency of <1/2 per day
associated with higher microbial load (FDR <0.1) in these individuals,
which is consistent with previous reports16,23 (Supplementary Fig. 2a).

Demographics as key microbiome covariates in metabolically
healthy individuals
We examined the potential influence of host factors on the inter-
individual variation in the gut microbiome composition and function
of healthyparticipants (i.e., Bray-Curtisdissimilarity distanceongenus,

metagenomic species (MGS), gut metabolic modules (GMM) and
Kyoto Encyclopaedia of Genes and Genomes (KEGG) pathways,
respectively). The analyses covered 144 available covariates including
demographics (i.e., age, sex and country), diet (i.e., consumption of
foodgroups andnutrients, overall caloric intake and key dietary scores
including Alternative Healthy Eating Index (aHEI), Dietary Approaches
to Stop Hypertension (DASH) and the Dietary Diversity Score (DDS),
other conditions (i.e., allergies, appendectomy, menopause, gout and
obstructive sleep apnoea), medications, and phenomic- and stool-
related variables.

In alignment with previous reports9,10,24,25, host variables such as
demographics, diet (i.e., yogurt, choline and folate consumption),
digestive bloating, stool frequency and previous antibiotics intake
associated with the compositional and functional variation in healthy
individuals (Punivariate adonis <0.05; Supplementary Data 2), with
demographics (Fig. 2a) and visceral fatmass remaining associatedwith
metagenomics species variation at FDRunivariate adonis <0.1 (Supple-
mentary Data 2). Demographics additionally remained consistent
covariates of host microbiome (i.e., taxa and functions), metabolome
and phenomic variables in individual analyses (Supplementary Figs. 2,
3, Supplementary Data 3), with age, sex (including menopause status)
and country of participant recruitment influencing the gut micro-
biome at various taxonomic levels (Supplementary Figs. 4, 5, 6).
Accordingly, we included corrections for demographics across
our analyses and applied additional confounder-testing and
control for individual microbiome-phenome associations using
metadeconfoundR6,17 as needed.

Gut microbiome association with circulating proANP levels in
metabolically healthy individuals
To evaluate the gut microbial correlates of a healthy physiological
state transitioning towards dysmetabolism underscored by the
hemodynamic variation noted in the healthy individuals, we employed
demographics-adjusted univariate and multivariate analyses of
microbiome-phenome associations. Notably, plasma concentration of
creatinine andpro-ANPwere among the topclinical variables thatwere
explained (R2

Yhat = 0.26-0.48) and predicted (Q2
Yhat = 0.08-0.12) by

multivariate covariate-adjusted partial least squares (CA-PLS)26 models
of gut microbiome composition and functions (i.e., MGS, GMM and
KEGG pathways) in these individuals (Supplementary Data 4).

Similarly, besides replicating previous20,27 observations such as
lower abundances of Roseburia27 and Ruminococcaceae genera asso-
ciating with higher glycated haemoglobin levels (FDR <0.1, Supple-
mentary Fig. 7b) in univariate analyses, multiple gut microbial features
also associated with kidney and heart function in these individuals
(Fig. 2, and Supplementary Fig. 7). For instance, faecal microbial load
(Fig. 2b) and the saccharolytic, proteolytic and lipolytic fermentation
potential of the microbiome associated with higher plasma proANP
concentration (FDR <0.1, Supplementary Fig. 7a), whereas lower
Ruminococcus and higher Rothia genera abundances associated with
lower eGFR levels (FDR<0.1, Supplementary Fig. 7b). In addition,
lower species richness and abundance of Bifidobacterium associated
with higher circulating sodium levels, whereas higher abundances of
Anaerotruncus and Pseudomonas associated with higher circulating
sodium levels in these individuals (FDR <0.1, Supplementary Figs. 7a,
b). Of note, alterations in the abundances of Bifidobacterium, Anaero-
truncus, Ruminococcus and Roseburia, most of which are short-chain
fatty acids (SCFA) producers, have been reported in association
with CKD28.

Intriguingly, plasma proANP concentration was also the only
clinical variable that associated positively with gut microbiome func-
tions in terms of multiple GMMs (78 out of 116) and KEGG pathways
(168 out of 217) in healthy individuals (FDR <0.1, Supplementary
Figs. 7d and e, Supplementary Data 5). Notably, these proANP-
associated gut microbial functions had multiple GMMs (e.g.,
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Tyrosine degradation II; Cinnamate conversion) and KEGG pathways
(e.g., Phenylalanine metabolism; Tyrosine metabolism; Phenylpropa-
noid biosynthesis; Degradation of aromatic compounds) related to
microbial aromatic amino acid metabolism (Fig. 2c, d).

Faecal microbial load was recently shown to be a key determinant
of the gut microbiome variation and a confounder of microbiome-

disease associations29. As ourmicrobiome profiles were quantitative in
nature (i.e., data were adjusted for microbial load) and circulating
proANP levels associated positively with microbial load (Fig. 2b), we
next tested if the proANP-gut microbial functional associations were
driven by faecal microbial load. All proANP-GMM and proANP-KEGG
pathway associations were reducible to adjustment with microbial

metabolically healthy dysmetabolism cardiovascular disease (CVD)

MetaCardis population
free of obesity, metabolic syndrome, type 2 diabetes

and heart disease (healthy controls; n = 275) 

MetaCardis population 
with obesity, metabolic syndrome, type 2 diabetes and heart disease

(cardiometabolic disease; CMD n = 1602) 

multi-omics data integration with confounder-control

Microbial phenylalanine-tyrosine metabolism associates with
 kidney-heart function (i.e., eGFR-proANP levels) (Figs. 2-3)

A depletion pattern is noted for deconfounded microbiome-metabolites-kidney-heart 
variable associations in the CMD individuals (Fig. 4)

Genefic instruments derived from CLSA (n = 7,059-8,259)
 and EGEA (n = 1,194)

Genefic instruments for eGFR derived from 
CKDGen consortium (n = 567,460)

Genefic instruments for NPPA derived from 
deCODE study (n = 35,559)

Bi-directional Mendelian Randomization analyses of the gut microbiome-kidney-heart axis (Fig. 5) 

Canadian Longitudinal Study on Aging
tracks Canadians every 3 years to understand and address the needs of an aging population  

Baseline
(2010-2015)
bio-clinical data
metabolomics

Follow up 1
(2015-2018)
bio-clinical data

disease incidence

Follow up 2
(2018-2021)

mortality

Association and predictive analyses of the gut microbiome-kidney-heart axis (Fig. 6) 

tyrosine

Microbial metabolites
 and host-cometabolites
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Fig. 1 | Overview of the study. Using integrative analyses of multi-omics data
combinedwith extensive confounder-control,Mendelian Randomization (MR) and
predictive analyses using multiple populations, we identify a gut microbiome-
kidney-heart axis early during the dysmetabolic phase that is predictive of future
CVD. We observe associations among microbial metabolism of phenylalanine and
tyrosine with kidney and heart function, exemplified by eGFR and circulating
proANP levels, respectively, in metabolically healthy controls of the MetaCardis
study (i.e., free of metabolic syndrome, obesity, type 2 diabetes and IHD; n = 275;
Figs. 2, 3), which exhibit a depletion pattern in CMD participants of theMetaCardis

study (i.e., individuals with metabolic syndrome, obesity, diabetes and IHD;
n = 1602; Fig. 4). Bi-directionalMR analyses using genetic instruments derived from
publicly available data from the CLSA, CKDGen and deCode studies for metabo-
lites, eGFR and natriuretic peptide A, (NPPA) respectively, reveal a potential
crosstalk between gut microbiome and host kidney function (Fig. 5). Finally,
baseline levels of microbial metabolites and host co-metabolites derived from
phenylalanine and tyrosinemetabolism associatewith kidney function and incident
CVD in theCLSA study (Fig. 6) providing external validationof ourfindings. Created
in BioRender. Chechi, K. (https://BioRender.com/p13eq37).
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load (Fig. 2c and d, Supplementary Data 6), underscoring the value of
quantitative microbiome profiling in microbiome studies. Seven of
these 168 KEGG pathways, however, exhibited significant average
causal mediation effects (ACME) (FDRACME < 0.1, Supplementary
Data 7 and 8) when tested if any of above GMMs/KEGG pathway could
mediate the relationship between microbial load and circulating
proANP levels. These seven pathways predominantly included terms
related to microbial amino acid metabolism (e.g., Phenylalanine,

tyrosine and tryptophan biosynthesis; Biosynthesis of amino acids;
Supplementary Data 8).

As expected, plasma proANP levels also correlated positively with
plasma creatinine levels and systolic blood pressure, and negatively
with both visceral fat rating and total fat mass in these individuals
(Supplementary Fig. 8a). Additionally, plasma proANP levels were
significantly higher in individuals with hypertension relative to those
with normal systolic blood pressure, and in individuals with
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Fig. 2 | A gut microbial functional signature for circulating proANP levels in
healthy individuals. a Principal coordinates analysis of inter-individual differences
inmicrobiomeprofiles ofmetabolically healthy individuals of theMetaCardis study
(MGS level Bray-Curtis dissimilarity index), coloured by country of recruitment (i.e.,
France, Germany and Denmark). Arrows and labels represent key host variables
explaining variation in the gut microbiome composition (n = 200; MGS-
FDRunivariateADONIS<0.1; Supplementary Data 2). b Scatter plot showing positive
association between circulating proANP levels and faecal microbial load in the
MetaCardis healthy individuals (n = 255) tested using two-sided Spearman’s rank
correlation adjusted for demographics. Data show linear best-fit line ± 95% con-
fidence intervals segregated for country of recruitment for visualization. Scatter
plots showing associations among circulating proANP levels and absolute gut
microbial functions at the level of (c) GMM and (d) KEGG pathways in the Meta-
Cardis healthy individuals when adjusted for faecal microbial load (y-axes) in

addition to demographics (x-axes) (n = 255; multiple linear regression adjusted for
demographics; multiple testing correction using BH-criteria, FDR <0.1 considered
significant). The effect sizes with and without faecal microbial load adjustment
remained significantly correlated (Pearson’s R, two-sidedp values and linear best-fit
line ± 95% confidence intervals for visualization). While functional signatures of
circulating proANP were reducible to faecal microbial load adjustment at FDR <0.1
(Supplementary Data 6), seven KEGG pathways (shown in red) partially mediated
the relationship between microbial load and circulating proANP levels in the
healthy individuals (i.e., FDRACME < 0.1 Supplementary Data 8). MGS metagenomic
species, GMM gut metabolic modules, proANP pro-atrial natriuretic peptide, BH
Benjamini-Hochberg, FDR false-discovery rate, ACME average causal mediation
effects, PCoA Principal coordinates analysis. Source data are provided as a Source
Data file.
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prediabetes relative to those with normal blood glucose levels within
themetabolically healthy group (Supplementary Figs. 8b, c). However,
none of the seven plasma proANP-KEGG pathways were confounded
by hypertension or prediabetes status of the participants (Supple-
mentary Fig. 8d).

Altogether, both univariate and multivariate analyses highlighted
associations among gut microbiome and its functional features,
especially those related to microbial amino acid metabolism, with
circulating proANP levels in the healthy individuals.

Circulating compounds of microbial aromatic amino acid
metabolism associate with proANP in metabolically healthy
individuals
To identify the plasma metabolites involved in the gut microbiome-
proANP axis, we again used both demographics-adjusted univariate and
multivariate approaches. Plasma metabolome-wide associations (i.e.,
1484 metabolites) with circulating proANP levels revealed four meta-
bolites with positive associations to plasma proANP: N2,N2−di-
methylguanosine, malate, fumarate and vanillactate (FDR<0.1;
Supplementary Data 9) in the healthy individuals. N2,N2-dimethylgua-
nosine is a purine nucleoside, while malate and fumarate are inter-
mediates of the TCA cycle, and vanillactate is a putative microbial
metabolite derived from the aromatic amino acid tyrosine. Circulating
levels of these metabolites also increased with worsening kidney func-
tion (i.e., positively associated with creatinine and inversely with eGFR)
(FDR<0.1; Fig. 3a), suggesting that the metabolomics signature of
proANP is intricately linked to the kidney-heart axis in these individuals.

We then employed multivariate CA-PLS models using gut micro-
biome features (i.e., MGS, GMM and KEGG pathways) as predictors to
explain and predict individual metabolites while controlling for
demographics. Again, several plasma metabolites derived from phe-
nylalanine and tyrosine metabolism were among the top microbiome-
predicted candidates (Fig. 3b, c, and SupplementaryData 10). As noted
above, microbial KEGG pathway ‘Phenylalanine, tyrosine and trypto-
phan biosynthesis’was also a key mediator linking microbial load with
circulating proANP levels (Fig. 2d, and Supplementary Data 8), alto-
gether suggesting a connection between proxies of kidney and heart
function and the microbial metabolism of phenylalanine and tyrosine
in these healthy individuals.

Microbial phenylalanine and tyrosine metabolism associates
with cardiorenal variables in metabolically healthy individuals
To further distil the role of microbial phenylalanine and tyrosine
metabolism in kidney-heart physiology, we focused on the top plasma
metabolites (i.e., well explained and predicted by the microbial taxo-
nomic and functional features) of this pathway (Fig. 3b), which inclu-
ded 11 microbial metabolites and related host co-metabolites
highlighted in Fig. 3c. A number of these metabolites, such as pheny-
lacetylglutamine, phenylacetate, 3-(4-hydroxyphenyl)lactate and phe-
nol sulphate, have previously been implicated in CVD13, heart failure30,
metabolic dysfunction-associated steatotic liver disease31,32 and dia-
betic kidney disease33, and are considered uraemic toxins34. In con-
trast, low plasma 3-phenylpropionate levels were recently identified as
a key marker of non-communicable multimorbidity35.

These metabolites were highly correlated among each other
(FDR <0.1, Supplementary Fig. 9a) and exhibited widespread associa-
tions with the clinical and gut microbiome variables in the healthy
individuals (Supplementary Figs. 9b-d, 10). Multiple metabolites
including phenol sulphate, 3-(4-hydroxyphenyl)lactate, vanillactate
and cinnamoylglycine associated with higher circulating levels of
markers related to insulin and glucose metabolism (e.g., c-peptide,
glycated haemoglobin, fasting insulin and free fatty acids) (FDR <0.1,
Supplementary Fig. 9b). Others, including phenol sulphate and vanil-
lactate, associated with higher fasting triglycerides and liver gamma-
glutamyl transferase asmarkers of lipidmetabolismand inflammation,

respectively (FDR<0.1, Supplementary Fig. 9b). Phenylacetylgluta-
mine, 3-(4-hydroxyphenyl)lactate and vanillactate further associated
with either low eGFR, high circulating creatinine levels (FDR <0.1,
Supplementary Fig. 9b) and/or higher circulating proANP levels.
Altogether, these metabolites captured variations related to lipid,
insulin and glucose metabolism as well as markers of kidney-heart
function in the healthy individuals.

To address whether these metabolites could also capture under-
lying variations in the mitochondrial function, we tested their asso-
ciation with common circulating markers such as lactate, pyruvate,
creatine and lactate-to-pyruvate ratio (i.e., lactate:pyruvate) using
demographics adjusted linear models. Notably, phenylacetylcarnitine
associated with higher circulating levels of creatin, whereas phenol
sulphate, 3-(4-hydroxyphenyl)lactate and vanillactate associated with
higher circulating levels of pyruvate or lactate (FDR <0.1, Supple-
mentary Fig. 9c), however, none of the mitochondrial function-related
markers associated with proxies of kidney-heart function in the heal-
thy individuals (FDR <0.1, Supplementary Fig. 9d).

Plasma concentrations of 4-cresol, phenylacetate and related
metabolites also associated with higher gene and species richness and
species-based alpha-diversity of the microbiome (FDR<0.1, Supple-
mentary Fig. 9e) in alignment with previous reports36–38, whilst also
exhibiting widespread associations with individual genera, MGS, GMM
and KEGG pathways in the healthy individuals, which overlapped with
proANP-associated signatures, albeit not always in the same direction
(Supplementary Figs 9f, and 10a–c). Additionally, association patterns
of phenylacetate, 4-cresol and related host co-metabolites including
phenylacetylglutamine, with the microbial fermentation potential
ratios pointed towards an upregulation of proteolytic potential at the
cost of both saccharolytic and lipolytic potential in these individuals
(FDR <0.1, Supplementary Fig. 9e). These observations link microbial
proteolytic anaerobic metabolism and microbial amino acid metabo-
lism with kidney-heart physiology in these individuals. Consistently, a
higher microbial proteolytic-to-lipolytic ratio and processed-meat
intake associated with lower eGFR and higher circulating creatinine
levels in these individuals (FDR <0.1, Supplementary Fig. 9g).

Given the widespread confounding evidenced earlier (Supple-
mentary Fig. 2), we next evaluated whether the microbiome-
metabolites-kidney-heart variables associations were confounded by
host variables in the healthy individuals using the metadeconfoundR
approachwe previously introduced6,17. Of the 16,883 associations, 1375
were found to be deconfounded for the host variables listed in Sup-
plementary Data 12 (Fig. 4a). Notably, the association of plasma
proANP with vanillactate as a putative microbial metabolite was
deconfounded (SupplementaryData 13). Likewise, inverse associations
of eGFR with vanillactate, 3-(4-hydroxyphenyl)-lactate, phenylace-
tylglutamine and the genus Rothia were also deconfounded in the
healthy individuals (Supplementary Data 13).

Depletion of healthy gut microbiome-metabolites-kidney-heart
associations in individuals with CMD
To determine if we had identified stable early markers of CMD driven
by variations in kidney-heart function, we next examined these
deconfounded microbiome-metabolite-kidney and heart variable
associations in the metabolically unhealthy individuals of the Meta-
Cardis study. This CMD population (n = 1602) included participants
with metabolic syndrome, overweight or obesity (n = 682), T2D
(n = 552) and IHD encompassing 111 acute coronary syndrome, 159
chronic IHDand98heart failure cases due to chronic IHD. As expected,
the CMD group exhibited dysmetabolism, with higher BMI and
enhanced central obesity, dyslipidemia, dysglycemia and elevated liver
enzymes relative to the healthy group (Supplementary Data 1). Inter-
estingly, however, plasma proANP levels were not significantly differ-
ent between the two groups even after adjustment for demographics
(Supplementary Fig. 11a).
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Fig. 3 | Microbial metabolism of phenylalanine and tyrosine emerges as a key
pathway in healthy individuals. a Heatmap representing associations among
metabolome and clinical phenotypes restricted to the metabolites exhibiting
FDR <0.1 for circulating proANP levels in the MetaCardis healthy individuals
(n = 254–274; exact sample sizes are given as Source data file; multiple linear
regression adjusted for demographics; multiple testing correction using BH cri-
teria, + represents FDR<0.1). b 3-D plot representing top 50 robustly predicted
metabolites (goodness-of-prediction, q2) from multivariate CA-PLS models using
gut microbiome taxonomic and functional features (i.e., MGS, GMM and KEGG
pathways) as predictors and demographics (i.e., age, sex and country) as covariates
in the MetaCardis healthy individuals (Supplementary Data 10) where point size
represents maximum q2 of all models and colour green represents the metabolites
derived from phenylalanine and tyrosine metabolism versus the rest as brown. Key
metabolites derived from microbial metabolism of phenylalanine and tyrosine

labelledherewere among the topmetabolites thatwereexplainedandpredictedby
these models, which were built using five-fold cross-validations and 1000 Monte
Carlo-based permutations. Metabolome was filtered for metabolites passing q2 > 0
and FDR<0.1 for each model (i.e., MGS, GMM and KEGG pathways) before iden-
tifying top 50 metabolites per category. c Overview of microbial (red) and host
(green) metabolism of key metabolites derived from aromatic amino acids, phe-
nylalanine and tyrosine investigated further in this study. Source data are provided
as a Source Data file. CA-PLSq2, proportion of variance predicted (goodness of
prediction) by covariate-adjusted partial least square regression models; MGS
metagenomic species, GMM gut metabolic modules, proANP pro-atrial natriuretic
peptide, ALT alanine aminotransferase, ASAT aspartate aminotransferase, GGT
gamma-glutamyl transferase, HbA1c glycated haemoglobin, BP blood pressure,
BMI body mass index, LDL-C low-density lipoprotein cholesterol, HDL-C high-
density lipoprotein cholesterol, eGFR estimated glomerular filtration rate.
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Fig. 4 | Confounder-controlled gut microbial taxonomic and functional cor-
relates of key phenylalanine and tyrosine metabolites in healthy individuals
exhibit a depletion pattern in individuals with CMD. Chord diagrams revealing
significant inter-relationships among microbiome-metabolite-kidney-heart axis in
(a) healthy individuals (n = 248–273) and (b) those with CMD (n = 1462–1575) (exact
sample sizes are given in Supplementary Data 13) in the MetaCardis population.
Inter-relationships are segregated for positive (left) and negative associations
(right). Gut microbiome features included higher ecological, compositional (i.e.,
genus and MGS) and functional (i.e., GMM and KEGG pathways) aspects, which
served as predictors in models explaining key metabolites and kidney-heart vari-
ables (i.e., proANP, eGFR, creatinine), whereas metabolites only served as pre-
dictors in models explaining kidney-heart variables. Inner rings of the chord
diagrams correspond to the colour of the response variable (i.e., predicted meta-
bolite or clinical variable). Connections of the chord diagrams represent significant
inter-relationships coloured by the predictor variable where gut microbial features
were grouped as ecological, genera, MGS, GMM and KEGG pathways. Specifically,
demographics-adjusted Spearman’s rank correlation was used for higher

ecological, genus and MGS features whereas demographics-adjusted multiple lin-
ear regression using rank-normalized data was used for GMM, KEGG pathways and
metabolites. Multiple testing correction was done using BH-criteria and FDR<0.1
was considered significant. Additionally, metadeconfoundR analysis was employed
to test all possible confounders including diet, medication, other conditions, stool
and lifestyle related variables covered in Supplementary Data 12. Associations not
confounded by any of these variables are plotted in a and only associations iden-
tified in the healthy individuals that replicated in the CMD individuals are plotted in
b. Replicationwas ascertainedby 1. statistical significance, 2. directional confluence
with healthy and 3. deconfounded status in the CMD individuals (Supplementary
Data 13). CRE, 4-cresol; PCS, 4-cresyl sulphate; PCG, 4-cresyl glucuronide; PAA
phenylacetate, PAG phenylacetylglutamine, PAC phenylacetylcarnitine, HC, 3-
phenylpropionate, CG cinnamoylglycine, PS phenol sulphate, HPLA, 3-(4-hydro-
xyphenyl)-lactate, VLA vanillactate, proANP pro-atrial natriuretic peptide, eGFR
estimated glomerular filtration ratio calculated according to MDRD, MGS meta-
genomic species, GMM gut metabolic modules, KEGG pathways, KEGG pathways,
creat creatinine.
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Circulating levels of key metabolites were also significantly dif-
ferent between healthy and CMD groups, with phenol sulphate, phe-
nylacetylcarnitine and 3-(4-hydroxyphenyl)lactate being significantly
higher, and cinnamoylglycine and 3-phenylpropionate beingmarkedly
lower in the CMD group relative to the healthy individuals (demo-
graphics-adjusted ANCOVA, P < 2e-16; Supplementary Fig. 11b). Inter-
estingly, these metabolites also exhibited widespread associations
with kidney and heart-related variables including left ventricular
ejection fraction (LVEF) in theCMD, evenwhen theywere split for their
disease category, with the associations becoming stronger with
advancing CMD (FDR <0.1, Supplementary Fig. 11c), highlighting the
interconnectedness of kidney-heart functionwith disease progression.

Expectedly, we noted inverse associations between eGFR and
circulating proANP levels39 (Phealthy =0.11, PCMD = 1.26e-15), positive
associations between eGFR and LVEF (Phealthy =0.48, PCMD =0.0014)
and inverse associations between circulating proANP levels and LVEF
(Phealthy =0.93, PCMD = 4.51e-15), in both healthy and CMD groups;
however, statistical significance was only achieved in the CMD indivi-
duals (demographics-adjusted linearmodels; Supplementary Fig. 11d).

We then examined the deconfounded associations between gut
microbiome features, plasma metabolites and kidney-heart variables
in the CMD group. Applying the stringent criteria of 1) statistical sig-
nificance at FDR <0.1, 2) deconfounded status for the covariates listed
in Supplementary Data 12 including additional medications for CMDs
and 3) effect size directional alignment with the healthy controls, we
found that only 472 out of 1375 associations (Fig. 4a) replicated in the
CMD group with a clear non-replication of inverse associations
(Fig. 4b, and Supplementary Data 13).

In healthy individuals, we observed dense patterns of decon-
founded associations among gut microbiome features with phenyla-
cetylglutamine, followed by phenylacetate, 3-phenylpropionate,
cinnamoylglycine and phenylacetylcarnitine, and then by 4-cresyl
glucuronide, 4-cresyl sulphate and 4-cresol (Fig. 4a). Interestingly,
many of these associations were inverse with a notable over-
representation of gut microbial functions (i.e., GMMs and KEGG
pathways) associating inversely with phenylacetylglutamine, phenyla-
cetate and phenylacetylcarnitine. Notwithstanding the bi-
directionality and scope of the coverage of overall gut microbiome
functional potential by our features, these observations suggest that
the gut microbiome in healthy individuals is functionally geared
towards maintaining the circulating levels of these potentially dele-
terious metabolites within the homoeostatic range. Conversely, the
apparent loss of most inverse associations between gut microbiome
features and ourmetabolites of interest in the CMD group could likely
be due to utilization of alternate metabolic pathways, competitive
exclusion of metabolite-lowering bacteria, enhanced host-microbe
interactions for metabolite retention or microbial adaptation to diet
with CMD development. Altogether, we observed a lack of replication
of the plausibly beneficial associations in the CMD group (Fig. 4b),
which may further imply that CMD development is likely associated
with loss of ‘healthy’ gut microbial features. Key examples of such
depletion include abundance of butyrate-producing genera Roseburia
and Faecalibacterium and related MGS Faecalibacterium prausnitzii,
Roseburia faecis and Roseburia inulinivorans known for their
metabolic-health-promoting roles40,41, which associated inversely with
either one or all of phenylacetate, phenylacetylglutamine, phenylace-
tylcarnitine, 4-cresyl sulphate, 4-cresyl glucuronide and 4-cresol levels
in the healthy individuals and were non-significant in the CMD cases
(Supplementary Data 13). Another SCFA-producing genus, Dorea,
which associated inversely with vanillactate in our healthy individuals
and is reduced in people with renal dysfunction42, was also unrepli-
cated in the CMD cases. In contrast, genus Rothia that exhibited
inverse associations with eGFR in healthy individuals while associating
positively with phenylacetate, phenylacetylglutamine, 4-cresyl sul-
phate and 4-cresyl glucuronide retained significance with

phenylacetate in CMD cases (Supplementary Data 13). These findings
indicate that the gut microbiome’s interactions with kidney and heart
function through key metabolites can change during disease devel-
opment. This aligns with previous observations of an overall depleted
gut microbial and metabolomics pattern in myocardial infarct cases
relative to healthy controls in an Israeli population7. In the same study,
a gutmicrobial genome–exhibiting significant associationswith higher
circulating levels of phenylacetylglutamine, phenylacetate and4-cresyl
glucuronide–was also depleted in the cases with myocardial
infarction7.

Microbial phenylalanine and tyrosine metabolites mediate the
gut microbiome-kidney-heart axis
Todecipher the plausible dependencies amongour deconfoundedgut
microbiome features, plasma metabolites and kidney-heart variable
associations, we next conducted mediation analyses of the micro-
biome on eGFR (Fig. 5a) and plasma proANP (Fig. 5b) in the healthy
individuals. We found plasma cinnamoylglycine, phenylacetylgluta-
mine, 4-cresyl sulphate and vanillactate to be the mediators of gut
microbiome-eGFR associations (FDRACME < 0.1; Fig. 5a, and Supple-
mentary Data 14), where indirect effects were noted at all levels of the
gut microbiome (i.e., ecological, compositional and functional). For
instance, genus Dorea associated with higher eGFRmediated by lower
circulating vanillactate levels, whereas genus Rothia associated with
lower eGFR via higher circulating phenylacetylglutamine levels (Sup-
plementary Data 14). Similarly, Faecalibacterium, Bacteroides, and
Roseburia, all SCFA-producing genera, and related species Faecali-
bacterium prausnitzii, Roseburia faecis and Roseburia inulinivorans
associated with higher eGFR via lower circulating levels of phenyla-
cetylglutamine and 4-cresyl sulphate. In contrast, multiple Clostridium
spp., previously reported to be enriched in CKD2, and genus Victivallis
associated with lower eGFR via higher circulating levels of cinna-
moylglycine (SupplementaryData 14). Conversely, the gutmicrobiome
exhibited only direct effects on circulating proANP levels (i.e., average
direct effects (ADE); FDRADE < 0.1, Fig. 5b, Supplementary Data 15).

Our analyses revealed that a higher propensity for proteolytic
fermentation, relative to both lipolytic and saccharolytic fermentation
(i.e., higher proteolytic-to-lipolytic ratio and lower saccharolytic-to-
proteolytic ratio), aswell asmultiple gutmicrobial functionalpathways
(i.e., GMM and KEGG pathways) related to phenylalanine and tyrosine
metabolism, were associated with lower eGFR through elevated cir-
culating levels of phenylacetylglutamine, 4-cresyl sulphate, and cin-
namoylglycine (Supplementary Data 14). Consistently, a higher
capacity for phenylalanine and tyrosine metabolism in conjunction
with higher circulating levels of uraemic toxins (i.e., 4-cresyl sulphate
and phenylacetylglutamine) has previously been reported in CKD
patients12. Of note, thesemicrobial pathways remained associatedwith
higher circulating proANP levels via direct effects (FDRADE < 0.1,
Fig. 5b, and Supplementary Data 15) in the healthy individuals, indi-
cating a role for microbial phenylalanine and tyrosine metabolism in
regulating circulating proANP levels beyond our tested metabolites.
Collectively, our mediation analyses identified clear dependencies
among gut microbial metabolism of phenylalanine and tyrosine and
kidney-heart variables in these healthy individuals.

Our plasma mediator metabolites are well-known uraemic toxins
suggesting that they can also be regulated by kidney function. Thus,
we next employed Mendelian Randomization (MR)43 as an instru-
mental variable method to address 1) the inter-relationships among
our plasma metabolites and the kidney-heart variables (i.e., eGFR and
proANP) in both directions, and 2) to triangulate our observations
using genetic evidence. We derived genetic instruments for these
metabolites, eGFR and Somascan aptamer targeting circulating
natriuretic peptide A (NPPA) from the CLSA44,45 (n = 7059-8029, Sup-
plementary Data 16), CKDGen consortium46 (n = 567,460) and deCODE
study47 (n = 35,559), respectively. Additionally, we used the
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Epidemiological study on the Genetics and Environment of Asthma
(EGEA)48 (n = 1194) to derive the genetic instruments for circulating
4-cresol levels (Supplementary Data 16).

Genetically predicted circulating levels of cinnamoylglycine
associated inversely with genetically predicted levels of eGFR in our
initial univariate inverse-variance weighted (IVW) analysis

(FDRIVW < 0.1, Supplementary Data 17), which remained robust to
additional methods testing various MR assumptions. Removing
genetic instruments exhibiting significant heterogeneity (as measured
by Cochrane’s Q < 0.05 and I2 statistics ≥ 25%) further validated an
inverse association between genetically predicted levels of cinna-
moylgycine and eGFR, while additionally identifying an inverse
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association between genetically predicted levels of phenylace-
tylcarnitine and eGFR (PIVW-cinnamoylglycine = 0.007; PIVW-

phenylacetylcarnitine = 0.008; Fig. 5c; and Supplementary Data 17).
Next, we tested the influence of genetically predicted host

kidney function on circulating levels of these metabolites.
Consistent with our MetaCardis observations, genetically predicted
eGFR levels associated inversely with genetically predicted circulat-
ing levels of vanillactate, 3-(4-hydroxyphenyl)lactate, phenylace-
tylglutamine and 4-cresyl sulphate (FDRIVW < 0.1, Fig. 5d, and
Supplementary Data 18), findings which were robust to additional
sensitivity analyses testing violations of MR assumptions and
instrument heterogeneity.

MR investigations of the metabolite-NPPA inter-relationships did
not yield any significance (Fig. 5e, f, and Supplementary Data 19–20),
whereas in alignmentwith the reportedphysiological effects of ANPon
increasing GFR49, genetically predicted levels of NPPA associated
positively with eGFR (PIVW= 0.035) (Supplementary Data 21). Post
outlier correction, however, both eGFR and NPPA were positively
associated in each direction (NPPA-eGFR: PIVW =0.023; eGFR-NPPA:
PIVW =0.008) and only robust to additional sensitivity analyses in the
eGFR-NPPA direction (Supplementary Data 21).

Altogether, the MR analyses validated our mediation analyses by
adding genetic evidence to suggest that microbial metabolites can
potentially shape host kidney function. In addition, these data suggest
a putative role for host kidney function in regulating circulating levels
of key microbial metabolites commonly described as uraemic tox-
ins (Fig. 5g).

Microbial phenylalanine and tyrosinemetabolites associatewith
CVD incidence
Finally, to determine the clinical relevance of our key plasma meta-
bolites, we evaluated their predictive potential in independent long-
itudinal studies. The CLSA44 study is following 51,338 Canadians, aged
45–85 years at enrolment, recruited from 2010 to 2015 and being
tracked longitudinally every 3 years, to understand and address the
needs of an aging population. We used their baseline plasma meta-
bolomics data (n = 8669) to test if our keymetabolites 1) associatewith
eGFR at baseline and shifts in kidney function during first follow-up
(i.e., 2015–2018, FU1), 2) associate with CVD incidence during FU1 and
3) add predictive value to the traditional clinical markers6 of CVD. To
expand the timeframeof theseobservations, we lookedup thepublicly
available webserver by Pietzner et al. 35., where plasma metabolite-
disease associations are available for 11, 966 Europeans in the EPIC-
Norfolk cohort35 with a ~ 20-year follow-up period.

Age- and sex-adjusted linear mixed models revealed that all
plasma metabolites except 3-phenylpropionate associated with

baseline eGFR, with vanillactate exhibiting largest effect sizes followed
by phenylacetylglutamine, 3-(4-hydroxyphenyl)lactate, 4-cresyl sul-
phate and others in CLSA consistent with our observations in both
MetaCardis and population studies used for MR analyses (Fig. 6a).
These patterns also remained consistent in the EPIC-Norfolk data
where both eGFR and prevalent kidney disease explained most of the
variance in the circulating levels of 3-(4-hydroxyphenyl)lactate (4%,
7%), followed by phenylacetylglutamine (4%, 5%) and 4-cresyl sulphate
(2.5%, 2.5%), respectively (Supplementary Fig. 12a), further validating
our observations of microbiome-derived metabolites and eGFR inter-
actions. Average eGFR in CLSA (76.1 ± 14.9) shifted modestly over the
3-year FU1 period (73.9 ± 15.8); nonetheless, key metabolites including
vanillactate also associated with this change in CLSA (Supplemen-
tary Fig. 13).

Considering this impact, we next employed age-, sex- and eGFR-
adjusted Cox-proportional hazards models, which revealed multiple
associations among our key plasmametabolites and disease incidence
in CLSA during FU1. Notable examples include 4-cresyl sulphate,
4-cresyl glucuronide, phenylacetylglutamine, 3-(4-hydroxyphenyl)-
lactate and vanillactate, baseline levels of which were associatedwith a
higher incidence of myocardial infarction during the next three years
(FDR <0.1, Fig. 6b). Among these, 4-cresyl glucuronide, phenylace-
tylglutamine, and vanillactate were also linked to increased overall
mortality (FDR <0.1, Fig. 6b). We also noted baseline levels of
3-phenylpropionate associating with lowermortality in alignment with
previous observations35 in addition to its inverse associationswithCKD
during FU1 (FDR <0.1, Fig. 6b). Altogether, baseline levels of most of
our key metabolites associated with future incidence of CVD, in par-
ticular myocardial infarction, which replicated for all metabolites,
except 4-cresyl sulphate, in terms of future coronary heart disease
incidence in the EPIC-Norfolk data (FDR <0.1; Supplementary Fig. 12b).

Lastly, we built machine-learning models using multivariate Cox-
regressionwhere the CLSA-FU1 population was randomly split into 70/
30, where the 70% set was used for training with nested 5-fold cross-
validations, followed by testing in the held-out 30% test set. These
models were bootstrapped 1000 times to improve stability and mini-
mize overfitting. We compared three models considering 1) routinely
screened clinical markers relevant to CVD (i.e., age, sex, body mass
index, systolicbloodpressure, glycated haemoglobin (factored as >5.7,
5.7–6.4 and <6.4%), smoking status, fasting plasma concentrations of
LDL-cholesterol, HDL-cholesterol, triglycerides and eGFR), 2) six
plasma metabolites with genetic evidence (i.e., phenylacetylcarnitine,
cinnamoylglycine, phenylacetylglutamine, 4-cresyl sulphate, vanillac-
tate and 3-(4-hydroxyphenyl)lactate), and 3) a combination of the two
as predictors and disease incidence as outcome in CLSA. Notably,
inclusion of these metabolites significantly improved the predictive

Fig. 5 | Mediation and Mendelian Randomization analyses reveal the gut
microbiome-kidney-heart axis. Alluvial plots showing (a) ACME or the indirect
effects of the gut microbiome features on eGFR via key microbial metabolites as
mediators and (b) ADE or the direct effects of the gut microbiome features on
circulating proANP levels derived from demographics-adjustedmediation analyses
using two-sided significance testing in the MetaCardis healthy individuals
(n = 230–271, exact sample sizes in Supplementary Datas 14 and 15). While the
indirect effects of each microbiome-metabolite association are coloured for the
overall ACME on eGFR, microbiome-mediator associations were separated into
positive or negative based on their effect sizes shown in Supplementary Data 13. Bi-
directional relationships among keymicrobialmetabolites, eGFR and proANPwere
next investigated using the two-sample MR testing. Forest plots show IVW esti-
mates ± 95% confidence intervals for analyses involving (c) key metabolites as
exposures and eGFR as outcome (Supplementary Data 17), d eGFR as exposure and
metabolites as outcomes (Supplementary Data 18), e key metabolites as exposures
and NPPA as outcome (Supplementary Data 19) f and NPPA as exposure and
metabolites as outcomes (SupplementaryData 20). Number of genetic instruments

(n) given in respective Supplementary Data. Filled squares represent significance at
FDRIVW<0.1 and robust analyses that passed additional sensitivity tests. In cases,
where significant heterogeneity (as measured by Cochrane’s Q <0.05 and I2 sta-
tistics ≥ 25%) was observed, IVW estimates post outlier correction are shown.
g Schematic summarizing the MR findings providing genetic evidence for two-way
relationships among microbial metabolites and their host co-metabolites, eGFR
and NPPA revealing the gut microbiome-kidney-heart axis. Arrows (pointed or
blocked) represent stimulating versus inhibitory effects, respectively, whereas
thickness of the connections represents strength of the MR estimates. Only asso-
ciations exhibiting robust MR estimates that passed additional sensitivity analyses
criteria are shown. Created in BioRender. Chechi, K. (https://BioRender.com/
3amltcg). ACME mediation effects, ADE average direct effects, eGFR estimated
glomerular filtration ratio, NPPA natriuretic peptide A, IVW inverse-variance
weighted, MR Mendelian Randomization. CG cinnamoylglycine, PAG phenylace-
tylglutamine, 4-CS 4-cresyl sulphate, VLA vanillactate, MGSmetagenomics species,
GMM gut metabolic modules.
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Fig. 6 | Key metabolites derived from phenylalanine and tyrosine metabolism
associate with incident CVD in a Canadian population. a Forest plot showing
associations among key metabolites measured at baseline and eGFR in the CLSA
study population at two time points i.e., baseline and FU1 in 8669 individuals. Data
are shown as β estimates ± 95% CIs derived from linear mixed models (LMM)
adjusted for age, sex and time (days since baseline), usingmetabolites as exposures
(log-transformed and standardized) and an interaction term across two time
points. Filled squares represent significance at FDR <0.1 for ten testedmetabolites.
b Forest plots representing associations among key metabolites measured at
baseline and disease incidence during the FU1 period in the CLSA study and mor-
tality data available till FU2 period. Data are shown as β estimates ± 95%CIs derived
from age-, sex- and baseline eGFR- adjusted Cox proportional hazardsmodels with
interval-censoring (and right-censoring for mortality data) using baseline meta-
bolite levels (log-transformed and standardized) as exposures and each disease
incidence at FU1 as a binary variable (cases at baseline were excluded) considering

time since baseline (days) in the CLSA cohort. Filled squares represent significance
at FDR <0.1 for seven tested conditions per metabolite. c Violin plots comparing
predictive accuracy (measured as concordance index) of the models predicting
myocardial infarction incidence during FU1 in the CLSA study using multivariable
Cox proportional hazards regression models with interval-censoring employing
baseline clinical and metabolomics data. Model 1 included clinical variables rele-
vant to heart disease, model 2 included six key metabolites with MR evidence and
model 3 included both clinical and metabolites as predictors. Predictions were
made usingmodels randomly splitting the CLSApopulation into training (70%) and
test (30%) sets, followed by five-fold cross-validations per training set and testing
using the held-out test set, with 1000 bootstraps. Data are shown as violin dis-
tributions with individual points and their respectivemedian. P values were derived
from Kruskal-Wallis test with Dunn-Bonferroni post hoc tests. eGFR, estimated
glomerular filtration ratio calculated according to MDRD formula. Source data are
provided as a Source Data file.
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accuracy (i.e., concordance-index) relative to the model based on
clinical features alone for predictingmyocardial infarction (Fig. 6c) and
mortality (Supplementary Fig. 14), implicating thesemetabolites in IHD
development. Altogether, these observations underscore that the gut
microbial metabolites derived from phenylalanine and tyrosine meta-
bolism are clinically relevant and hold predictive value suggesting that
any future interventions targeting these metabolites or the underlying
gut microbial drivers might intercept CMD and CVD progression.

Discussion
In multicellular organisms, the gut microbiome has co-evolved as a
metabolic and signalling organ shaping host physiology via regulation
of organ development and function. Indeed, the interactions between
gut microbiome and various host organs50 and related inter-organ
axes51,52 are increasingly being recognised for their role in health
and disease; however, most of these remain to be supported by evi-
dentiary proof. The natural history of chronic CVD also highlights a
gradual failure of multi-organ cross talks, which likely underpins the
transition from an asymptomatic to a diseased state. Given its role in
regulating physiological and pathophysiological inter-organ commu-
nication, the gut microbiome is likely to play a significant role in this
process.

Here, in the European MetaCardis cohort (n = 1877) we provide
epidemiological evidence on the existence of a gut microbiome-
kidney-heart axis that is detectable in the early stages of metabolic
dysregulation present in healthy individuals (n = 275); findings that
were extrapolated to individuals with overt metabolic disease and IHD
(CMD, n = 1602). Our observations illustrate a key role for the gut
microbial metabolism of aromatic amino acids, phenylalanine and
tyrosine, and related metabolites in shaping human cardiovascular
health. These microbial metabolites and their host co-metabolites are
suggested to be key mediators of the gut microbiome-peripheral
organcrosstalk, whichassociatewith futureCVD incidenceas shown in
the CLSA cohort.

We captured a gutmicrobial signature for the variations in kidney-
heart function (i.e., eGFR-plasma proANP levels) in our metabolically
healthy individuals who were controls for the participants with CMD
(i.e., metabolic syndrome, obesity, T2D and IHD) in the MetaCardis
study. However, exclusion of diseases does not result in a population
devoid of risk factors9, as 40% of these individuals had either hyper-
tension or prediabetes (8% had both) both linked with an early
impairment of kidney function as independent risk factors. Addition-
ally, T2D and hypertension were identified as the two major causal
factors driving the increasing burden of CKD and related CVD mor-
tality globally53. Indeed, the relationship between impaired kidney
function and heart disease is well-established with studies reporting
increasingmortality due to CVD as eGFR declines54,55. We also noted an
inverse association between eGFR and plasma proANP levels in the
MetaCardis participants, consistent with previous reports39. These
observations suggest that complimentary mechanisms connect varia-
tions in blood pressure regulation and glucose metabolism with
kidney-heart function, which possibly enabled the identification of its
microbial correlates in our study.

Our work adds a gut microbial component to this kidney-heart
crosstalk. Indeed, the gut microbiome has been implicated in the
production of metabolites affecting kidney function12 (i.e., uraemic
toxins), whereas impaired kidney function-related accumulation of
suchplasmametabolites and other nitrogenouswaste has in-turn been
proposed to inducegut dysbiosis11.We show that 1) somegutmicrobial
plasmametabolites are indeed keymediators of themicrobiome-eGFR
associations, and 2) both these mechanisms potentially operate in
parallel with microbial metabolites affecting kidney function (i.e.,
phenylacetylcarnitine and cinnamoylglycine lowering eGFR), and kid-
ney function affecting the gut microbiome (i.e., eGFR regulating the

circulating levels of 4-cresyl sulphate, phenylacetylglutamine as key
uraemic toxins and novel players like vanillactate and 3-(4-hydro-
xyphenyl)lactate). Based on our observations we posit that, under
certain physiological conditions, the gut microbiome overproduces
key metabolites that negatively impact the kidneys, tipping the bal-
ance towards impairment of its function. This kidney dysfunction, in
turn, leads to accumulation of uraemic toxins that affect other organs,
such as the heart and the brain52, triggering a cascade of pathological
changes. These early, subtle shifts can perpetuate and gradually
intensify over time, contributing to physiological responses such as
elevated arterial pressure with sustained proANP release, which may
further compromise kidney function, creating a vicious cycle that
besides kidney disease also accelerates CMD progression.

Dietary patterns involving high intake of processed meat plays a
critical role in shaping the gut microbiome56, with significant implica-
tions for kidney and cardiovascular health. Our findings imply that
diet-induced shifts in the gut microbiome, such as the plausible
upregulation of proteolytic fermentation, are linked to a lower eGFR
and accumulation of microbial plasma metabolites including acet-
ylcarnitine and cinnamoylglycine57, which may contribute to both
disease initiation and progression. Given these associations, dietary
interventions targeting gut microbiome modulation could serve as a
key strategy for preventing or delaying the onset of impairment of
kidney function, CKD and CMD.

Recent genome-wide associations studies further link human
genetic variation to the abundances as well as the genetic diversity of
multiple microbial taxa of relevance to the cardiorenal axis and key
metabolites identified in the current study (e.g. Rothia58,
Ruminococcus59, Bifidobacterium59–61 and Faecalibacterium62,63), sug-
gesting that factors beyond diet can influence host-microbiome
interactions to shape cardiorenal physiology and disease progres-
sion. Unravelling these factors could offer anopportunity to target key
host-microbiome interactions, even those under host genetic regula-
tion, to modify disease progression or the outcome.

Altogether, our study offers valuable insights into the potential
gut microbial drivers of cardiorenal pathophysiology. However, sev-
eral limitations remain: 1) our discovery cohort MetaCardis is a cross-
sectional, case-control study mimicking the natural history of heart
disease with a relatively modest sample size; 2) the coverage of our
microbial taxa or functional annotation based on reference databases
cannot be considered an exhaustive representation of human micro-
biome and has its own biases; 3) absence ofmetagenomicdata inCLSA
did not allow external replication of gut microbial taxonomic and
functional signatures, which, unlike CLSAmetabolomic profiles, would
need to be validated in additional populations to ensure their gen-
eralizability; 4) the MetaCardis and CLSA participants are pre-
dominantly of European ancestry, hence further work in diverse
populations is needed to ensure transferability of our findings to other
ethnicities; 5) although we have comprehensively screened and
adjusted for possible confounders, we cannot rule out residual con-
founding by unmeasured variables in our study; 6) the mediation and
multivariate approaches used in the study do not account for the
multicollinearity in the omics datasets; 7) we used theMR approach to
add genetic evidence from completely unrelated populations to
MetaCardis and CLSA, however it has inherent limitations43, including
the assumptions underlying instrument selection and horizontal
pleiotropy. Lastly, we acknowledge that causality has not been deter-
mined in the current work and any implications of a causal role of the
gut microbiome and its metabolites in cardiorenal physiology would
need further investigation using experimental approaches.

In conclusion, our results demonstrate that human gut micro-
biome underpins early-stage variations in kidney-heart physiology
within the normal kidney function range. Considering that impairment
of kidney function often remains asymptomatic until very late stages
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of the disease64, thesemicrobial contributors highlight the potential to
bridge the current gap in our ability to diagnose or monitor the con-
dition contributing to its growing prevalence and related disease
burden globally53. This is important as 30% of people with T2D will
likely develop CKD53; our work is timely and opens perspectives for
identification of people at increased risk of deteriorating kidney
function and adverse cardiovascular outcomes, thereby aiding preci-
sionmedicine efforts targeted at reducing the global burden of CMDs.

Methods
Ethics statement
The MetaCardis study received ethical approval from CPP Ile-de-
France, the University of Leipzig Ethics Committee, the Office for
Human Research Protections (OHRP), and the Capital Region of Den-
mark Ethics Committees, and is registered on ClinicalTrials.gov
(NCT02059538). The goal of the trial was to understand how the
qualitative and quantitative changes in the gutmicrobiome contribute
to the pathogenesis of CMDs and their associated co-morbidities. The
trial additionally aimed to uncover novel microbial signatures that
could help diagnose and/or predict the natural evolution of CMDs
enabling future personalized medicine. All participants provided
written informed consent, and clinical investigations were conducted
in accordance with the Declaration of Helsinki II. The MetaCardis data
analyses presented in the current study are covered under these
approvals and no separate ethics review was required.

Ethical approval for "the EGEA study" studywasobtained from the
relevant institutional review board committees (Cochin Port-Royal
Hospital and Necker-Enfants Malades Hospital, Paris: n° 01-07-07, 04-
05-03, 04-11-13 and 04-11-18). Written informed consent was obtained
from all adult participants and child’s legal guardians at both surveys.
The EGEA data analyses presented in the current study are covered
under this approval and no separate ethics review was required.

Detailed description of the recruitment process, data availability
and bio-clinical phenotyping for the CLSA is covered here44. The CLSA
governance structure including the ethics oversight are further
detailed on www.clsa-elcv.ca. Additionally, Imperial Research Ethics
Committee approved the usage of CLSA data for the analyses used in
the current manuscript under the application number 21IC7388.

MetaCardis population
The European MetaCardis project included 275 healthy controls and
1602 individuals at various stages of dysmetabolism and IHD, aged
18–76 years, 49.4% males and 50.6% females, recruited from France,
Denmark, and Germany between 2013 and 2015. Sex was included as
part of the study design, with each participant reporting their sex at
enrolment, which was recorded by the clinical investigators in the
electronic case report form. In France, healthy participants were
selected from a subgroup of individuals who had undergone clinical
and bio-clinical phenotyping as part of the Nutrinet Study65, and they
were examined at the clinical investigation Centre (CIC-Paris Est) at
Pitié-Salpêtrière, Paris. In Germany, healthy individuals were recrui-
ted through open advertisements at the University Hospital in Leip-
zig, in local newspapers, and via the website of the Integrated
Research and Treatment Centre for Adiposity Diseases (IFB). In
Denmark, participants were drawn from the ‘Health 2006 study’
conducted at the Research Centre for Prevention and Health at
Glostrup University Hospital and were recalled for this study.
Exclusion criteria included known factors influencing the gut
microbiome, such as antibiotic use within the previous threemonths,
a history of abdominal cancer (with or without radiation therapy),
intestinal resection (except appendectomy), inflammatory or infec-
tious diseases (including Hepatitis B/C and HIV). Additionally, indi-
viduals with a history of organ transplantation, those on
immunosuppressive therapy, with severe kidney failure (eGFR

<50ml/min/1.73m²), drug or alcohol dependency, pregnancy, or
breastfeeding were excluded. Participants were recruited following a
telephone interview and a medical history review where available, as
well as during hospital clinical consultation. The promoter of the
study was Assistance Publique-Hopitaux de Paris (APHP).

EGEA population
The EGEA was designed to identify the genetic and environmental
factors and their interactions involved in asthma and asthma-related
phenotypes48. It combines an initial group of asthma cases with their
first-degree relatives, and a group of population-based participants
with three surveys over 20 years (EGEA1: 1991-1995, EGEA2: 2003-2007
and EGEA3: 2011-2013). The whole study population (N= 2,120) inclu-
ded 388 asthmatic probands recruited in chest clinics of five French
cities (Lyon, Grenoble, Marseille, Montpellier, Paris) and their 1,317
first-degree relatives plus 415 population-based controls. EGEA sub-
jects are of European ancestry and were born in France. Data collected
through standardized questionnaires and clinical examination inclu-
ded extensive phenotypic characterization mainly related to asthma
and allergy and data on environmental exposures and lifestyle factors
(see https://cohorte-egea.fr/en for details).

A total of 1351 EGEAadults examined at the second survey (EGEA2)
with plasma samples available for GCMS based metabolic profiling
were included in this study. After applying GCMS quality control
procedures, there were 1298 subjects with 4-cresol data of which 1,194
also had SNP data for the genome-wide association analysis. 51% of
these individuals were females and on average 42.9 years old. Addi-
tionally, 41.5% of these individuals had history of asthma, 28.7% were
living with overweight and 10% with obesity, while 3.8% and 5.8%
reported having diabetes or heart disease, respectively.

CLSA population
The CLSA study follows 50,000 Canadian individuals to understand
and address the needs of an aging population. The cohort of 51,338
participants, aged 45–85 years at enrolment, were recruited from
2010-2015 and are being tracked longitudinally every 3 years. Only
individuals withmetabolomics data availability in the CLSA study were
included in the current study. Additionally, our analyses were restric-
ted to individuals of European ancestry (n = 8669 for disease incidence
and n = 9135 for mortality) as only unrelated European ancestry indi-
viduals were used for genome-wide association analyses of the meta-
bolites by Chen et al. 45 based on the genomic data in CLSA66.

MetaCardis: bio-clinical and lifestyle phenotyping
Clinical measurements were made using standardized operating pro-
cedures concluded prior to patient recruitment in the MetaCardis
study. Information on anthropometrics, lifestyle and bioclinical vari-
ables such as age, sex, BMI, food intake, smoking status, physical
activity, socio-economic factors, physiological parameters and medi-
cation was collected.

Habitual dietary information was obtained using food-frequency
questionnaires adapted to the cultural habits of each of country of
recruitment, relative validity of which has been assessed previously67.
Smoking status was obtained from a standardized questionnaire while
informationonphysical activitywas assessedusing theRecent Physical
Activity Questionnaire. Drug intake was assessed by either recall or
from medication list, and a medical specialist interviewed study par-
ticipants about adherence to prescribed medication.

Disease definitions followed international criteria, with obesity
defined according to WHO criteria, metabolic syndrome according to
the International Diabetes Federation68 and prediabetes and T2D by
the American Diabetes Association69 and hypertension according to
the AmericanCollege of Cardiology and AmericanHeart Association70.
IHD and HF were defined according to the American College of
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Cardiology, American Heart Association and the Heart Failure Society
of America. Specifically, overweight and obesity were defined as
BMI < = 25 kg/m2 and obesity > 30 kg/m2, respectively. Prediabetes was
defined by fasting plasma glucose ≥ 5.6 and <6.9mmol/l and/or
HbA1c ≥ 5.7 and < 6.4% whereas TD2 was defined as fasting plasma
glucose ≥ 7mmol/l and/or HbA1c ≥ 6.5% and/or subjects taking any
glucose lowering agents. Hypertension was defined as systolic blood
pressure > 140mmHg and/or diastolic blood pressure > 90mmHg
and/or subjects taking anti-hypertensive drugs. Subjectswith IHDwere
defined as having a history of coronary heart disease with an acute
event (>15 days) or chronic disease (diagnosed by angiography
angiogram) with normal heart function, and documented (HF) as
demonstrated by echocardiography-evaluated (LVEF) < 45%. Renal
function was assessed via eGFR calculated using the Modification of
Diet in Renal Disease (MDRD) equation71.

Blood was sampled in the morning after an overnight fast. Plasma
and serum samples were stored at the clinical centres at -80 °C until
shipment to central laboratory facility. Fasting plasma glucose, total
and HDL cholesterol, triglycerides, creatinine and HbA1c levels were
measured using enzymatic methods. LDL-cholesterol concentrations
were measured enzymatically for German participants, and values for
French and Danish study participants were calculated based on the
Friedwald equation. Liver enzymes, i.e., alanine aminotransferase,
aspartate aminotransferase, and gamma-glutamyl transferase levels
were measured using enzyme-coupled kinetic assays. Plasma pro-ANP
was measured using processing-independent assay72.

MetaCardis: gut microbiome analyses
Stool sample collection. Stool samples were collected and processed
according to the International Human Microbiome Standards (IHMS)
guidelines (SOP03V1). Briefly, samples were collected by patients at
home and immediately stored at 20 °C until they were transported on
dry ice and frozen 4 to 24h later at −80 °C in plastic tubes at the
biobanks of corresponding recruitment centres. While the exact time
of stool collection (e.g., morning vs. other times) was not captured,
participantswere instructed toprovide thefirst stool sampleof theday
of investigation as part of the MetaCardis protocol.

Stool sample processing and metagenomic analyses. The metage-
nomic analyses for the entire MetaCardis study was conducted using
standardized protocols at a single site (Metagenopolis, Paris) over a
period of 18 months. No significant bias of the sequencing date for
different Metacardis groups was observed as reported in our previous
study6. The detailedmethodology has alsobeen described previously6.
Briefly, however, total faecal DNA was extracted following the IHMS
guidelines (SOP-07V2 H) and samples were sequenced using ion-
proton technology resulting in 23.3 ± 4.0 million (mean ± SD) single-
end short reads of 150-base on average. Low quality nucleotides, any
remaining sequencing adapters, human and other possible food con-
taminant DNA were filtered next, followed by mapping these high-
quality reads against the 9.9million integrated gene catalogue (IGC) of
the human microbiome73. A two-step process was next employed to
derive the gene abundance profiling: 1) the unique reads (i.e., reads
mapped to a unique gene in the catalogue) were attributed to their
corresponding genes, whereas 2) the shared reads (i.e., readsmapping
to multiple genes in the catalogue with same alignment score) were
attributed according to the ratio of their unique mapping counts. To
reduce any technical bias due to different sequencing depths, the gene
abundance profiles were next rarefied to 10 million reads per sample
by random sampling of 10millionmapped reads without replacement.
The resulting rarefied gene abundance table was then normalized
using the FPKM approach, which accounts for gene length and total
mapped read counts.

Metagenomic species are defined as co-abundant gene groups
with more than 500 genes corresponding to a microbial species,

n = 1,436, as described previously17,21. Additionally, an metagenomic
Operational Taxonomic Unit (mOTU) approach was used to quantify
microbial taxa as described in detail previously17,74, whereas microbial
gene richness or gene count was derived by counting the number of
genes that were detected at least once in each sample, using the
average number of genes counted in ten independent rarefaction
experiments as reported previously6,17. The functional modules (such
as KEGGpathways) were quantified bymappingmetagenome reads to
the IGC gene catalogue post rarefaction followed by binning for
functional categories, as describedpreviously17. ThemOTUbased taxa,
MGS abundances and functional modules were corrected for bacterial
cell count to derive quantitative microbiome profiling as described
previously6,17,18.

Customized functional module analysis. Customized functional
module sets included GMMs covering bacterial and archaeal metabo-
lism specific to the human gut environment with a focus on anaerobic
fermentation processes, which have been described in detail
previously6,17,18. GMM abundances were also corrected for bacterial
cell count.

MetaCardis: metabolite profiling
A comprehensivemetabolic phenotyping strategy combining in-house
analysis by proton nuclear magnetic resonance (1H-NMR) spectro-
scopy, gas chromatography coupled to mass spectrometry (GC-MS)
and targeted ultra-performance liquid chromatography coupled to
tandem mass spectrometry (UPLC-MS/MS) with untargeted UPLC-MS
data generated byMetabolonwere employed in theMetaCardis study,
as described in detail previously6. Briefly, 1H-NMR experiments were
carried out using a Bruker Avance spectrometer (Bruker GmbH).
Structural assignment was performed using data from literature,
HMDB, S-Base (Bruker GmbH) and in-house databases75. 1H-NMR
spectra were pre-processed and exported to Matlab as previously
reported76, followed by absolute metabolite quantification using Bru-
ker’s―In Vitro Diagnostics for research (IVDr) quantification algo-
rithms B.I.LISA, B.I.QUANT PS and B.I.QUANT UR. For semi-targeted
profiling using GC-MS described in detail previously6, briefly, serum
sampleswere subjected tomethanol protein precipitation, evaporated
to dryness, derivatized and injected to an Agilent 7890B-5977B Inert
Plus GC-MS system. Peaks were annotated using Fiehn library (Agilent
G1676AA Fiehn GC/MSMetabolomics RTL Library, User Guide, Agilent
Technologies, https://www.agilent.com/cs/library/usermanuals/
Public/G1676-90001_Fiehn.pdf). Quality Control (QC) samples were
derived from pooling equal amounts of all serum sample in the study.
Study samples were randomized and prepared in batches of sixty (60),
along with 6 QC samples and 2 blank (100μL of H2O instead of serum)
samples. Every preparation batch was injected over 48 h, with half of
the samples (30 study, 3 QC and 1 blank samples) analyzed right after
preparation and the rest after 24 h of storage at -20oC. The absolute
quantification of key methylamines and carnitines was carried out by
spiking samples with internal standards followed by in house UPLC-
MS/MS also described in detail previously6. Serum samples were also
profiled by Metabolon (Durham, NC) using a UPLC-MS based
methodology77. Annotations were performed by comparing sample
features with ion features in a reference database of pure chemical
standards and previously detected unknowns (denoted X-00000),
followed by detailed visual inspection and quality control as
reported78.

The sample preparation order was randomized across the Meta-
Cardis study such that each sample preparation batch included sam-
ples from all study groups. For MS untargeted assays, median batch-
correction was performed by adjusting batch-wise study sample vari-
able medians according to a scalar derived from adjusting pooled
reference samplemedians such that pooled reference samplemedians
remained identical across all batches. Finally, when duplicate
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metabolites were quantified from multiple methodologies, we prior-
itized measurements based on the analytical quality of the data as per
the criteria described previously6.

Plasma GC-MS analysis of 4-cresol in EGEA. Semi-quantitative ana-
lysis of 4-cresol in EGEA was carried out in the Shimadzumetabolomic
platform at Kyoto University using previously described GC-MS
methods. Briefly, 50 µL plasma aliquots were mixed with a solution
of the internal standard 2-isopropylmalic acid and extraction solvent.
Following centrifugation, the supernatant wasmixedwith a solutionof
methoxyamine and N-methyl-N-trimethylsilyltrifluoroacetamide (GL
science, Tokyo, Japan). GC-MS analysis was performed using a GCMS-
QP2010 Ultra (Shimadzu, Kyoto, Japan). The derivatized metabolites
were separated on a DB-5 column (Agilent Technologies, Palo Alto,
CA). Chromatographicpeakof 4-cresol was identified by comparing its
mass spectral pattern to that in the NIST library and Shimadzu GC-MS
MetaboliteDatabasev1, followedby confirmation through comparison
of retention index between samples and the corresponding authentic
standard.

The 1,351 EGEAplasma sampleswere runby batch (N = 34batches;
40 samples by batch on average). During the experiment, there was a
maintenance of the GCMS instrument, which led us to analyze the pre-
maintenance and post-maintenance datasets separately. After remov-
ing a few outliers, the pre-maintenance (set A) included 724 samples
while the post-maintenance set (set B) included 574 samples. To
minimize variation due to noise and normalize the data, we used a
batch correction method based on smoothing spline regression of
metabolite signal on order of injection within batch. We then applied
an inverse normal transformation to the batch-corrected 4-cresol
measurement.

Statistical analysis
The sample sizes ranged from 200–275 for the metabolically healthy
individuals, and 1462–1602 for individuals with cardiometabolic dis-
eases in the MetaCardis population. This is due to missing data for
certain questionnaires, typically socioeconomic or lifestyle related.We
did not impute clinical or lifestyle-related data and have presented the
sample sizes per analyses in the respective Figure/ Data legends and
Source data files.

Observational association analyses. Univariate analyses included
univariable Analysis of Variance Using Distance Matrices (ADONIS) (R
package vegan, v2.6-8), Spearman’s rank-based correlation coeffi-
cients (R package ppcor v1.1), Wilcoxon rank-sum test, one-way Krus-
kal-Wallis with Dunn-Bonferonni post hoc testing (R package FSA,
v0.10) and multiple linear regression including analysis of covariance
(ANCOVA) using rank-normalized data and Cox-proportional hazards
regression using either right-censoring (for mortality) or interval-
censoring (for disease incidence) as appropriate using R packages
survival and IcenReg, v2.0.16, respectively. Statistical tests were two-
sided, P-values were corrected for multiple testing using Benjamini-
Hochberg (BH) false discovery rate (FDR) criterion, and FDR <0.1 was
considered significant unless otherwise specified. Participants with
missing data were excluded based on the variables considered in each
analysis separately unless otherwise specified.

Multivariate analyses includedmultivariable ADONISwith 20,000
permutations using vegan, v2.6-8 package in R.

ForMetaCardis study, microbiome ecological, genus andMGS data
were used without any transformation for Spearman and partial Spear-
man correlation analyses, whereas microbiome function data (i.e., GMM
andKEGGpathways),metabolites and clinical datawere ranknormalized
(RNOmni, v1.01.2) prior to any linear modelling. Specific details for each
analysis are included in the respective Figure and Data legend. In the
CLSA study, metabolites levels were transformed using the natural

logarithm with values above or below mean± s.d. replaced by the
respective upper or lower bound. Metabolites levels were then rescaled
to have a mean of zero and s.d. of one in alignment with the analyses in
EPIC-Norfolk data35. The eGFR data in CLSA was winsorized at 15 and
200mlmin-1 per 1.73 m2 in alignment with CKDGen46.

Observational predictive analyses. We employed multivariate CA-
PLS analyses using five-fold cross-validations and 1000 randomMonte
Carlo iterations as in26 using MATLAB (v21.2) and multivariable Cox-
proportional hazards models using either right-censoring (for mor-
tality) or interval-censoring (for disease incidence) as appropriate with
five-fold cross-validations and 1000 permutations using R packages
survival and IcenReg, v2.0.16, respectively.

Observational Mediation analyses. We assumed linear dependency
among key relationships of microbial features-metabolites and cardio-
renal variables (i.e., eGFR and proANP) when we tested the role of
metabolites as mediators of these inter-relationships using the med-
iation, v4.5.0 package in R. Multiple testing correction per category of
microbiome features using BH criteria was applied with FDR <0.1
considered significant.

Causal inference analyses using Mendelian randomization. MR is a
genetic epidemiology tool that uses genetic variants, i.e., single
nucleotide polymorphisms (SNPs) associated with an exposure as
instrumental variables for inferring the association of the genetically
predicted levels of an exposurewith anoutcome. Themethod involves
three basic steps, i.e., 1) identification of instruments, 2) derivation of
genetic associations for instruments with the exposure and outcome,
and 3) MR analyses followed by sensitivity analyses to test the validity
of the MR findings.

Instrument selection. Instruments must be selected to meet three
core assumptions of MR: 1) the genetic instrument is associated with
the exposure (relevance assumption); 2) there are no measured or
unmeasured confounders of the instrument and outcome (indepen-
dence assumption); and 3) there is no independent pathway between
the instrument and the outcome other than through the exposure
(exclusion-restriction assumption). Tomeet the relevanceassumption,
a genome-wide significant cutoff of P < = 5.0e-08 is generally
prescribed79. However, this is not always feasible especially when
working with -omics variables like the metabolites, proteins and gut
microbiome variables.Multiple studies59,60,80–82 have previously used P-
value thresholds ranging from P < = 1.0e-05 to 2.5e-08 to find genetic
instruments of the gut microbiome variables with the objectives of
maximizing explained variance81 and inclusion of enough SNPs to be
able to perform sensitivity analyses61. We ensure that genetic variants
are still strong instruments by calculating the F-statistic and excluding
any genetic variant with F-statistics <10. We chose P < = 1.0e-05 for
finding instruments for our microbial- and host-co-metabolites and
NPPA whereas P < = 5.0e-08 was used for finding instruments for eGFR
as exposure. SNPs were matched for their availability in the outcome
GWAS followed by removal of SNPs exhibiting minor allele
frequency (MAF) < 1% (except for 4-cresol where we used MAF < 10%
owing to EGEA sample size), ambiguous and palindromic SNPs exhi-
biting MAF >0.42 and those within ± 250 kb of the MHC region.
Remaining SNPs were then subjected to clumping procedure
employing linkage disequilibrium threshold of r2 < 0.001 in a 10MB
window using a European reference population using ieugwasr v1.01 R
package.

Genetic instruments were derived from our in house GWAS ana-
lysis in the EGEA cohort for 4-cresol (Supplementary Data 16), whereas
publicly available GWAS summary statistics were used for all other
traits including microbial- and host co-metabolites45, NPPA47, eGFR46.

Article https://doi.org/10.1038/s41467-026-69405-0

Nature Communications |         (2026) 17:3477 15

www.nature.com/naturecommunications


Genome-wide association analyses for 4-cresol in the EGEAcohort.
Genotyping of EGEA subjects was done using the Illumina 610-Quad
arrayat theCentreNational deGénotypage (CNG, Evry, France), aspart
of the European GABRIEL asthma consortium83 Quality control pro-
cedures have been described in detail elsewhere83. A total of 531,401
autosomal SNPs remained after QC and were available in 667 and 527
individualswith 4-Cresol data fromsets A andB respectively. Genotype
imputation was performed through the Michigan imputation
server (https://imputationserver.sph.umich.edu/index.html#!) using
the Minimac4 software84 and the 1000 Genomes Phase 3-version 5
reference panel. For analysis, we kept bi-allellic SNPs with imputation
quality score (rsq) ≥ 0.5 and minor allele frequency ≥ 1%, which cor-
responded to 7.77 million SNPS for both datasets A and B.

The genome-wide association analysis between 4-cresol and
individual SNPs was based on a linear mixed model assuming an
additive genetic model for the SNP effect and adjusting for age and
sex. We used the GEMMA software85, which allows for accounting
familial relationships through a relatedness matrix. The estimates of
SNP effect from the two sets A and B were combined using a fixed-
effect meta-analysis with inverse variance weighting implemented in
Stata V14.1. The test of the combined SNP effect on 4-cresol was based
on a Wald test. We observed little evidence of inflation in this test
statistic (genomic inflation factor l = 1.036).

Univariable MR analysis. We performed two-sample MR analyses
using the IVWmultiplicative randomeffects as themainmethodwhich
operates under the assumption of balanced pleiotropy86 and derives
its MR effect estimate from the meta-analysis of the individual SNP
effects (i.e. (Wald’s) ratio of the SNP effect on outcome by the SNP
effect on the exposure) weighted by the inverse of their variance (i.e.
squared ratio of the SNP standard deviation on the outcome by the
SNP standard deviation on the exposure). In each case, the allele
exhibiting positive association with the exposure was set as the effect
allele.

One of the key sources of potential bias in theMR approach is the
violation of exclusion-restriction assumption or phenomenon of hor-
izontal pleiotropy87. We employed multiple methods like Weighted
Median88, MR Egger89, contamination mixture90 and MR-PRESSO91,
which make varied assumptions about the validity of the instruments.
Moreover, we applied outlier-correction using Q-based statistics92

when nominally significant excess heterogeneity as measured by the
Q-statistic was detected. We additionally used scatter plots and funnel
plots to visually assess the SNP-exposure and SNP-outcome relation-
ships for inferring pleiotropy or assessing the impact of outlier cor-
rection using Mendelian Randomization, v0.10, package in R.

Our initial analysis included IVW with multiple testing correction
using BH criteria where FDR <0.1 was considered significant.
Cochrane’s Q, P <0.05 or I2 > 25% was taken as evidence of hetero-
geneity.We used bothMR-PRESSO andQ-statistics to identify outlying
SNPs and looked for evidence of significance inWeightedMedian,MR-
Egger and contamination mixture-based estimates pre- and post-Q-
based outlier correction.

Data availability
Raw shotgun sequencing data generated in this study have been
deposited in the European Nucleotide Archive under accession codes
PRJEB41311, PRJEB38742 and PRJEB37249 with public access. The
Serum NMR metabolome data generated in this study have been
deposited to Metabolights with accession number “MTBLS3429”, and
can additionally be requested by contacting the corresponding
authors. The Serum GC-MS and isotopically quantified serum meta-
bolites (UPLC–MS/MS) data generated in this study have been
deposited in MassIVE database with accession numbers
“MSV000088042 [https://doi.org/10.25345/C5CV76]” and

“MSV000088043 [https://doi.org/10.25345/C58246]”, respectively. In
adherence to EU and national privacy laws, unrestricted access to
individual phenotypic data cannot be provided for the MetaCardis
study. Interested researchers, wishing to access individual phenotypic
data would need to submit argued applications to the relevant
National Data Protection Agencies. These are the Danish Data Protec-
tion Agency (https://www.datatilsynet.dk/english) for phenotypic data
from study participants recruited in Denmark, the Federal Commis-
sioner for Data Protection (https://www.bfdi.bund.de/EN/Home/
home_node.html) for phenotypic data from study participants recrui-
ted in Germany and the Commission Nationale Informatique & Liber-
tés (https://www.cnil.fr/en/home) for phenotypic data of study
participants recruited in France. Application procedures are given on
the outlined websites. If such permission is granted, phenotypic data
will be then made available by the corresponding authors within 5
weeks. All omics and phenotypic data from the Canadian Longitudinal
Study on Aging (www.clsa-elcv.ca) are protected by Canadian personal
data privacy laws. The CLSA data are only available to researchers who
meet the criteria for access to de-identified CLSA data. Source data are
provided with this paper.

Code availability
No custom code or algorithm was used for the analyses conducted in
this work.
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