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SUMMARY

Trimethylamine N-oxide (TMAO) is a circulating
metabolite that has been implicated in the develop-
ment of atherosclerosis and cardiovascular disease
(CVD). In this paper, we identify blood markers, me-
tabolites, proteins, gut microbiota patterns, and di-
ets that are significantly associated with levels of
plasma TMAO. We find that kidney markers are
strongly associated with TMAO and identify CVD-
related proteins that are positively correlated with
TMAO. We show that metabolites derived by the
gut microbiota are strongly correlated with TMAO
and that the magnitude of this correlation varies
with kidney function. Moreover, we identify diet-
associated patterns in the microbiome that are corre-
lated with TMAO. These findings suggest that both
the process of TMAO accumulation and the mecha-
nism by which TMAO promotes atherosclerosis are
a complex interplay between diet and the micro-
biome on one hand and other system-level factors
such as circulating proteins, metabolites, and kidney
function.

INTRODUCTION

The metabolite trimethylamine N-oxide (TMAO) has been
recently implicated in humans as being proatherogenic and as
an independent prognostic marker for developing cardiovascu-
lar disease (CVD), a leading cause of disability and mortality
(Koeth et al., 20183; Tang et al., 2015; Zhu et al., 2016). In animal
models, TMAO has been shown to directly cause atheroscle-
rosis and thrombosis (Chen et al., 2016; Koeth et al., 2013,
2014; Tang et al., 2015). Although the mechanisms behind
these outcomes are not well understood, evidence from hu-
man and mouse studies suggests one possible mechanism
being that TMAO promotes platelet aggregation (Zhu et al.,
2016, 2017).

There are two major sources contributing to the levels of
circulating TMAO. First, it can be acquired directly from diet,
for example, from certain seafood that contains TMAO (Cho
et al., 2017). Second, the gut microbiota can metabolize certain

substrates such as carnitine and choline into trimethylamine
(TMA), which is then oxidized by liver enzymes to form TMAO.
These substrates are found mainly in animal-based products
such as red meat, eggs, and dairy, which may explain why
TMAQO levels in omnivores have been shown to be elevated
compared to vegans and vegetarians (De Filippis et al., 2016;
Koeth et al., 2013). In addition to these input sources, the kid-
neys filter out TMAOQ from the blood and excrete it through urine,
and TMAO has been shown to promote kidney damage, ex-
plaining the observed strong association between lower kidney
function and elevated TMAO levels (Stubbs et al., 2016; Tang
et al., 2015).

Previous studies have been performed to elucidate the patho-
genic impact of elevated TMAO levels on the risk for developing
cardiovascular disease, and a number of studies measured the
levels of TMAQ in humans in combination with other omic types.
For example, Koeth et al. (2013) measured TMAO and profiled
the gut microbiome of 53 individuals, and Cho et al. (2017)
measured TMAO and profiled the gut microbiome of 40 individ-
uals. Randrianarisoa et al. (2016) and Stubbs et al. (2016)
measured TMAO and clinical laboratory tests (including kidney
function) in 220 and 104 individuals, respectively. However,
these studies lack the sample size and breadth of multiple
omic types to both discover novel associations and to identify
patterns that span multiple omics. Here, we present a large-
scale, multi-omic, cross-sectional study of TMAO in 648 individ-
uals. We identify significant associations between TMAO and
other data types, including blood markers, plasma metabolites,
plasma proteins, the gut microbiome, and dietary patterns.
In addition, to understand the predictive power of these associ-
ations, we use a machine-learning algorithm to predict levels
of TMAO in individuals. Finally, we use a clustering-based
approach to assess whether individuals with elevated TMAO
display different metabolic profiles.

RESULTS

Characteristics of the Multi-omic Cohort

The data presented in this study were collected from 648 individ-
uals participating in a commercially available wellness program
(see Experimental Procedures). Participants were 52% female
and 75% white, with an average age of 50 + 13 years, average
body mass index (BMI) of 26 + 5.4, average glomerular filtration
rate (GFR) of 89 + 16 mL/min/1.73 m?, and average blood urea
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Table 1. Summary of Demographics and Relevant Biomarkers in Individuals

TMAO Quartiles

Feature Overall Q1 Q2 Q3 Q4 p Value Q1 versus Q4
Number of Individuals 648 162 162 162 162 N/S

Sex (% female) 52% 57% 54% 53% 45% 0.035

Age 50 + 13 45 + 11 50 + 12 53+ 13 54 +12 4.86E-10

Ethnicity (% white) 75% 63% 2% 83% 81% 0.0002

BMI 26 +5.4 26+5 26 +4.8 27 +5.9 27 + 5.6 N/S

GFR 89+ 16 95+ 14 89+ 16 87 +15 84 +£17 1.28E-09
BUN/CREAT 17 £ 4.1 16 + 3.9 17 +3.8 18+4.4 18+4 0.0001

CREAT, creatinine.

nitrogen (BUN)-to-creatinine ratio of 17 + 4.1 (Table 1). For each
participant, 918 biomarkers were measured from blood samples
taken at baseline, including 71 clinical laboratory tests, 619 me-
tabolites, and 228 proteins (Table S1). In addition, individuals
collected a baseline stool sample that was assayed using
16S-based sequencing to profile the composition of the gut
microbiome.

TMAO Is Independently Associated with Demographic
Factors and Kidney Function

We first compared the levels of circulating TMAO with the levels
of the 71 clinical labs across all individuals (Table S1) and found
that 27 of them were significantly associated with TMAO
(Table S1; false discovery rate [FDR]-corrected p < 0.05,
Spearman correlation test). The most significant negative and
positive associations were with the kidney markers GFR and
BUN (p = —0.21, p< 107%; p = 0.26, p < 1078, respectively; see
Figure 1). The association between kidney function and TMAO
is not surprising since the kidneys filter out TMAO from the blood
and previous studies have reported this association (Randrianar-
isoa et al., 2016). Interestingly, adjusting TMAQO and the clinical
lab values for the age, sex, and race of individuals attenuated
the significance of these associations but most remained signif-
icant (Table S1). In addition, we found that TMAO level at base-
line was a prognostic marker for kidney function (as measured by
GFR) in a follow-up measurement (6 months later), adjusting for
baseline GFR, sex, and age (p < 0.001; see Figure S1). This result
is consistent with previous studies that showed that elevated
circulating TMAO can directly cause kidney damage in animal
models suggesting that elevated TMAO can also damage the
kidneys (Tang et al., 2015). Notably, 97% of the individuals in
our study had normal kidney function (i.e., GFR > 60), high-
lighting the predictive power of TMAO even within the normal
range of kidney function.

Comparing TMAO levels to the age, sex, and BMI of individ-
uals, we found that older age and being male were significantly
correlated with higher levels of TMAO (p = 0.28, p < 107'%;
p = 0.08, p < 0.05; respectively), while higher BMI was positively
correlated but not significant (p = 0.07, p = 0.054). Importantly,
after adjusting for differences in GFR, age and sex remained
independently and significantly correlated with TMAO levels
(p =0.18, p < 10°% p = 0.09, p < 0.05, for age and sex,
respectively).
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TMAO Is Associated with Nutrition, Inflammation, and
Blood Protein Markers

In addition to the association we identified between TMAO levels
and kidney markers, we further identified 16 significant sex-
and age-adjusted associations between TMAO and clinical
labs (FDR-corrected p < 0.05; Table S1). Interestingly, the levels
of omega-3 fatty acids were significantly positively correlated
with TMAO (p = 0.135, p < 0.05). One possible explanation for
this finding is that a major source of omega-3 fatty acids is sea-
food, some types of which also contain high levels of TMAO
(Zhang et al., 1999). Strengthening this hypothesis, we found
that both mercury and vitamin D levels, which are known to in-
crease with consumption of certain fish (Bradley et al., 2017;
Lehmann et al., 2015), were also significantly positively corre-
lated with TMAO levels (p = 0.11, p = 0.13, respectively;
p < 0.05). In addition, we found that interleukin-8 was signifi-
cantly positively correlated with TMAO (p = 0.16, p < 0.005).
Finally, we found that both the total protein and globulin
levels were significantly negatively correlated with TMAO levels
(p=-0.13, p = —0.12; p < 0.02, p < 0.02, respectively). Lower
levels of total protein and globulin have been previously linked
to decreased kidney function (Levey et al., 2003), which might
explain this association.

Gut Microbiota-Derived Metabolites Are Associated

with TMAO

To explore the relationship between the metabolome and TMAO,
we calculated the Spearman correlation between TMAO and
618 circulating metabolites. Using a significance threshold of
p < 0.05 after FDR correction, the levels of 252 metabolites
were found to be significantly correlated with TMAO levels
(Table S1). Remarkably, among the top six metabolites positively
correlated with TMAO were five metabolites that are a direct
product or derivative of the gut microbiota (Barrios et al., 2015;
Meyer and Hostetter, 2012; Tanaka et al., 2015): hydroxyindole
sulfate (p = 0.37, p < 1079, phenylacetylglutamine (PCG)
(p = 0.4, p < 10723), indoxyl-sulfate (IS) (p = 0.32, p < 1074,
p-cresol-sulfate (PCS) (p=0.31, p < 10~ %), and 4-methylcatechol
sulfate (p = 0.32, p < 10~ ). Intriguingly, in previous studies of pa-
tients with chronic kidney disease, three of these metabolites
were found to be associated with cardiovascular disease (Lin
et al., 2015; Poesen et al., 2016), suggesting a link between gut
microbiome-derived metabolites, TMAO, and atherosclerosis.



Figure 1. TMAO Levels Are Correlated with
Kidney Markers
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In addition, PCS and IS production was shown to be markedly
reduced in vegetarians compared to omnivores (Patel et al.,
2012), again linking animal-based diets to elevated levels of
TMAO and these metabolites. To test whether these associations
were only a by-product of lower kidney function, we conducted
two additional analyses. In the first analysis, we re-calculated
the correlations restricting our samples only to individuals with
normal kidney function (GFR > 90) and the associations between
TMAO and microbiome-derived metabolites remained highly sig-
nificant (Table S1). In the second analysis, we adjusted the levels
of each metabolite (including TMAO) across individuals by their
value of GFR using a linear model (Experimental Procedures)
and we re-calculated the correlations on the residuals of these
models. We again found that even after adjusting for GFR value,
the associations between TMAO and microbiome-derived
metabolites remained highly significant (Table S1).

To further explore the relationship between metabolites,
TMAO, and kidney function, we defined a group of individuals
with high kidney function (HKF) (upper quartile of GFR;
n = 162; median GFR of 107), and a group with low kidney func-
tion (LKF) (bottom quartile of GFR; n = 162; median GFR of 71).
Next, within each group, we compared the levels of all 619 me-
tabolites between individuals with reduced levels of TMAO and
individuals with elevated TMAO (i.e., individuals in the bottom
or upper quartile of TMAO values) and corrected for multiple hy-
potheses using FDR. In the LKF group, no metabolite showed a
significant difference between the elevated versus low TMAO
groups except for TMAOQ itself. However, in the HKF group, there
were five metabolites that showed significant differences with
respect to TMAO levels. Out of these five metabolites, four
were the same microbiota-derived metabolites discussed above
(Figure 2), suggesting that in individuals with elevated TMAO but
high kidney function, the microbiome plays a key role in TMAO
levels. The additional metabolite found (methionine sulfone) is
an oxidized form of methionine. Methionine is a precursor for
carnitine biosynthesis and was shown to be correlated with
carnitine in plasma samples (Krajcovicova-Kudlackova et al.,
2000), suggesting a possible link to TMAO.

Diet- and Disease-Associated Metabolites Are
Associated with TMAO

Additional metabolites were identified in the analysis above
to be associated with TMAO. Specifically, we found that the
metabolites choline and carnitine, which are present mainly in
animal products are strongly correlated with levels of circulating

20
Blood urea nitrogen(BUN)

Shown are the scatterplots of TMAQ levels (y axis)
versus levels of the kidney markers (x axis)
glomerular filtration rate (GFR) (A) and blood urea
nitrogen (BUN) (B). The blue line shows a linear fit to
the scatterplot (with gray band showing confi-
dence interval).

TMAO. Importantly, these metabolites
are the most common substrates
of microbiome-derived TMAO. Moreover,

carnitine-containing metabolites had a significantly stronger

positive correlation with TMAO compared to all other metabo-
lites (p < 0.01, Wilcoxon rank-sum test). The metabolite 1-meth-

ylhistidine, a marker of meat consumption (Cross et al., 2014),

was the third most correlated with TMAO, suggesting again

that diet is a strong driver of metabolic associations with TMAO.

In addition, several metabolites containing glycerylphosphor-
ylcholine (GPC) were found to be significantly positively corre-
lated with TMAO. Interestingly, acetyl GPC is a known platelet
aggregation factor (Albert and Snyder, 1983), which is one
of the proposed mechanisms by which TMAO promotes athero-
sclerosis. Another metabolite found to be significantly positively

correlated with TMAO was dimethylguanosine (p = 0.25,

p < 1078), which was shown to be significantly elevated in the

urine of colorectal cancer patients (Zheng et al., 2005), an

intriguing finding given that TMAO has been recently linked to

colorectal cancer (Xu et al., 2015).

Proteins Associated with Cardiovascular and Kidney
Disease Are Correlated with TMAO

We calculated the Spearman correlation between levels of
228 circulating proteins and TMAO, and after adjusting for
multiple tests using an FDR cutoff of p < 0.05, 40 proteins
remained significantly associated with TMAO (Table S1). The
most positively correlated protein was growth/differentiation
factor 15 (GDF-15) (p = 0.23, p < 10~°), which remained signif-
icant even when accounting for kidney function. Interestingly,
GDF-15 has been shown to predict all-cause mortality in a
large cohort of stable coronary heart disease patients, even
after adjusting for known prognostic biomarkers (Hagstrom
et al., 2017). As TMAO was also shown to be an independent
prognostic marker of mortality and cardiac events (Li et al.,
2017; Tang et al., 2013; Wang et al., 2011, 2014), this strong
association with GDF-15 is intriguing and necessitates further
research.

Several proteins from the galectin family were found to be
significantly correlated with TMAQO, including galectin-9 and ga-
lectin-3 (p = 0.18, p < 107%; p = 0.12, p < 0.05, respectively),
which were both shown to be higher in the serum of atheroscle-
rotic stroke patients compared to controls (He et al., 2017). Addi-
tional significantly associated proteins were adrenomedullin
(p = 0.18, p < 107%), a protein reported to be higher in patients
suffering from cardiovascular or kidney disease (Bunton et al.,
2004; Ishimitsu et al., 1994), and kidney injury molecule 1
(p=0.17, p < 1072), a protein that has been shown to be induced
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Figure 2. Metabolites that Are Significantly Higher Only in High Kidney Function Individuals with Elevated TMAO Levels

Shown are the boxplots representing the distributions of metabolite values (log-transformed) across four different groups of individuals: low kidney function (LKF)
and low TMAO (left pair; red box), low kidney function and high TMAO (left pair; blue box), high kidney function (HKF) and low TMAO (right pair; red box), and high
kidney function and high TMAO (right pair; blue box). TMAO (top left metabolite) is shown as an example of a metabolite that is significantly different in both the low
kidney function groups and the high kidney function groups, while the other five metabolites are only significantly different in the high kidney function pair.
Whiskers extend to the lowest and highest values within 1.5 times of the interquartile range (IQR).

in experimental kidney injury and in biopsies of renal disease (van
Timmeren et al., 2007; Waanders et al., 2010).

Microbial Clades that Are Correlated with TMAO Are
Diet and Disease Associated

Since the composition of the gut microbiome has been shown to
be associated with the levels of circulating TMAO (Koeth et al.,
2013), we examined the relationship between TMAO and the mi-
crobiome in our cohort. Specifically, we calculated the correla-
tion between TMAO and the relative abundance of microbial
clades and identified clades that are significantly positively or
negatively correlated with TMAO levels (Table S1). Of note, spe-
cies found to be negatively correlated with TMAO were mostly of
the family Bifidobacteriaceae or its genus Bifidobacterium (e.g.,
B. longum). This family has been previously reported to be nega-
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tively correlated with TMAO in mouse (Chen et al., 2016) and hu-
man (Zhang et al., 2015) studies, and the genus Bifidobacterium
was reported to significantly decrease in individuals consuming
an animal-based diet (David et al., 2014). Additional microbial
clades were found to be positively correlated with the levels of
TMAO, many of which have been previously reported to corre-
late with TMAO levels across individuals, to contain enzymes
that can produce TMA from choline, to increase in abundance
in symptomatic CVD patients, or to associate with an animal-
based diet (Table 2).

Methane Metabolism in the Microbiome Is Positively
Correlated with TMAO

Having identified microbial clades that are correlated with
TMAO, we next examined whether certain community-wide



Table 2. Selected Microbial Clades that Are Significantly Correlated with TMAO

Clade Direction Previous Findings

Bifidobacterium negative reported to be negatively correlated with TMAO in mice and human, and to decrease in individuals
consuming an animal-based diet (Chen et al., 2016; David et al., 2014; Zhang et al., 2015)

Treponema spp. negative treponemal infection was shown to produce antibodies that are cardioprotective and reduce the
rates of atherosclerosis (Agmon-Levin et al., 2009)

Desulfovibrio positive multiple member species have been shown to produce TMA from choline (Craciun and Balskus, 2012)

Dehalobacterium positive reported to be positively correlated with TMAO (Wang et al., 2015)

Shuttleworthia positive belongs to the family Lachnospiraceae, which was shown to be positively correlated with TMAO
(Chen et al., 2016; Cho et al., 2017), to decrease in plant-based diets, and to increase
in animal-based diets (David et al., 2014)

Synergistes positive belongs to the phylum Synergistetes, which was shown to contain species that encode TMA-related
enzymes (Jameson et al., 2016)

Neisseriaceae positive reported to be more abundant in the atherosclerotic plaques of symptomatic patients than in those
of asymptomatic ones (Mitra et al., 2015)

Coriobacteriaceae positive reported to be positively correlated with TMAO (Wang et al., 2015; Zhu et al., 2016), to encode
enzymes that can convert choline to TMA (Martinez-del Campo et al., 2015), and to increase
in an omnivore diet (De Filippis et al., 2016)

Clostridiaceae positive reported to increase in omnivores and to be positively correlated with TMAO (Koeth et al., 2013)

Peptococcaceae positive reported to be positively correlated with TMAO (Chen et al., 2016; Org et al., 2017) and to contain
genera that are higher in omnivores (Wu et al., 2016)

Christensenellaceae positive reported to be positively correlated with TMAO (Bell, 2016)

functional capacities are associated with TMAO levels. We
used PICRUSt (Langille et al., 2013) to predict the functional
composition (represented as Kyoto Encyclopedia of Genes
and Genomes [KEGG] orthology groups [KOs]) of each sample
from the 16S-based taxonomic composition. We then calcu-
lated the Spearman correlation between the abundance of
each KO and TMAO across all individuals and corrected the
p values for multiple hypotheses using FDR. We identified a to-
tal of 895 KOs that were significantly positively (762 KOs) or
negatively (133 KOs) correlated with levels of TMAO (FDR-cor-
rected p < 0.05; Table S1). To examine whether there are
broader functional categories (e.g., pathways) that are associ-
ated with TMAO levels, we took two different approaches. In
the first approach, we calculated pathway abundances for
each sample as the sum of corresponding KO abundances
and calculated the correlation between these pathway sums
and TMAO levels across all samples. After correcting for multi-
ple hypotheses, no pathway showed significant association
with TMAO.

In the second approach, we initially calculated the correlation
between the abundance of each KO and TMAO across all sam-
ples and defined a subset of KOs that are significantly associ-
ated with TMAO. Next, we examined whether there are pathways
that contain a significantly higher number of TMAO-associated
KOs than expected by chance. Using this approach, we identi-
fied the methane metabolism pathway as being significantly en-
riched for TMAO-associated KOs (p < 10™*, hypergeometric
test, FDR-corrected p < 0.05). Notably, TMA is one of the
substrates in methane metabolism. Therefore, one possible
explanation for this finding is that elevated levels of circulating
TMA promote the growth of methane-producing archaea that
can utilize it as a carbon source (Brugere et al., 2014; Hippe
etal., 1979).

Paleo and Low-Carbohydrate Diets Are Associated with
Elevated Levels of TMAO

As part of this multi-omic study, self-reported adherence to spe-
cific diets was collected. Out of 648 individuals, 36, 18, and 50
self-reported as eating a vegetarian, paleo, or low carbohydrate
diet, respectively. Although these numbers were relatively small,
we found that, among these 104 individuals, diet was signifi-
cantly associated with the levels of circulating TMAO, even
when controlling for age and sex. Specifically, both paleo and
low-carbohydrate diets (typically rich in animal-based products)
were significantly positively associated with TMAO compared
to the vegetarian diet (p < 1073, for both, Student’s t test;
percentiles of mean TMAO levels were the 72nd percentile,
68th percentile, and 26th percentile for paleo, low-carbohydrate,
and vegetarian diets, respectively).

Predicting TMAO Levels Using a Random Forest
Algorithm

Having identified multi-omic associations with the levels of
TMAO, we sought to understand their combined predictive
power. Put differently, we were interested in understanding
whether these factors were independent in their association
versus co-correlated (which would limit their combined predic-
tive power). In addition, we wanted to assess the amount of
variation that is accounted for by these factors versus other un-
measured factors.

We divided our data using a 10-fold cross-validation scheme.
In each training set, we re-calculated the correlations between
TMAO and the multi-omic data and used these correlations to
select a subset of biomarkers as input data for the algorithm
(Experimental Procedures). Next, we learned a random forest
regression model (Breiman, 2001) with TMAO levels as the
outcome (based only on the training data) and tested this model
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Table 3. Selected Proteins that Were Important Features in the Random Forest Model

Proteins Previous Findings
Chitotriosidase-1 implicated in the development of atherosclerosis (Boot et al., 1999; Kitamoto et al., 2013)
P-selectin, IL-8 reported to be significantly higher in unstable coronary heart disease patients in comparison to stable coronary heart

disease patients or controls (Romuk et al., 2002)

JAM-A, P-selectin,

reported in different studies to induce platelet activation and to enhance aggregation and thrombus formation
genetic copy number variants in the CDCP1 gene locus were found to be significantly associated with myocardial

reported to be mainly derived from activated platelets and to contribute to the pathophysiology of atherosclerosis

and MMP-1 (Babinska et al., 2002; Gallt et al., 2002; Théorét et al., 2011)
CDCP1
infarction (Shia et al., 2011)
CDA40 ligand
(Lievens et al., 2010; Pamukcu et al., 2011)
Caspase-3

et al., 2008)
TNF receptors

expressed in atherosclerotic plaques and its levels are correlated with measures of atherosclerosis (Matulevicius

reported to be negatively correlated with kidney function and to predict cardiovascular disease in

patients with chronic kidney disease (Bae et al., 2017)

TNF, tumor necrosis factor.

on the held-out test data to evaluate its performance. To better
understand the predictive power obtained by additional omic
types, we applied this learning process first to clinical lab and mi-
crobiome data alone, and then evaluated the addition of prote-
omics and metabolomics data to the predictive power of the
model. When only using clinical lab and microbiome data, the
model explained on average 14% of TMAO variability in test
data (R = 0.14 + 0.04 across ten cross-validation test sets).
Many of the microbiome features found to be important in
this random forest model were the same clades we identified
to be significantly correlated with TMAO levels (see full list in
Table S2). Interestingly, however, a few clades that did not
pass our significance threshold for correlation with TMAO,
were among the top important features in the random forest
model, for example, the order RF-32 (phylum Proteobacteria)
that was previously reported to be positively correlated with
TMAO and lesions in mice (Gregory et al., 2015) and to be higher
in omnivores (Wu et al., 2016).

When we added the proteomics data to the feature set, the pre-
dictive power of the model increased slightly but consistently
across different cross-validation sets to 15% variance explained.
Notably, the TMAO-associated proteins we identified in the corre-
lation analysis above were not necessarily the top-most important
protein features in the random forest model, suggesting that their
impact might be captured by other features (e.g., microbiome fea-
tures). Among the top proteins that were found to be important in
the random forest model (Table 3; see full listin Table S2) were pro-
teins reported to be implicated in CVD and atherosclerosis, and
specifically to induce platelet activation and aggregation. When
we also added the metabolomics data as features (excluding
TMAO; with or without the proteomics data), the predictive power
increased markedly to 28% variance explained (Figure 3), indi-
cating that the global metabolic profile can explain a substantial
fraction of TMAQ variability in individuals.

Metabolome-Based Clustering Offers Insight into
Different Profiles of Individuals with Elevated TMAO
Having identified various metabolites that are associated with
TMAO levels, we were interested to explore whether individuals
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with elevated levels of TMAO all share these associations, or
whether they could be classified into different profiles. To this
end, we selected the 162 individuals in the upper quartile of
TMAQO levels (adjusted for age and sex) and applied hierarchical
clustering to their metabolic profiles consisting of 619 metabo-
lites (Figure S2; see Experimental Procedures). We defined the
number of clusters to be 5 using a silhouette analysis (Rous-
seeuw, 1987). Next, to identify the metabolites that distinguished
these clusters, we compared the values of each metabolite
across clusters and identified 139 metabolites that significantly
differed in one of the clusters compared to all other clusters
(Table S3; FDR-corrected p < 0.05, Wilcoxon rank-sum test).
Interestingly, carnitine-containing metabolites were markedly
enriched in this list of significantly different metabolites
(p < 1072, hypergeometric test). For these 32 carnitine-contain-
ing metabolites, we found that cluster 3 had the lowest levels,
clusters 4 and 5 had relatively high levels, and clusters 1 and 2
did not show a distinct pattern (Figure S3). As we noted above,
another significant precursor for microbiome-derived TMA is di-
etary choline. We found that choline- or GPC-containing metab-
olites were also significantly enriched in the list of differentiating
metabolites (p < 0.001, hypergeometric test). In most of these
choline-containing metabolites, cluster 1 had the highest or sec-
ond-to-highest level (Figure S4), suggesting that for individuals in
cluster 1, the high TMAO levels might be driven primarily by
choline rather than carnitine. Interestingly, cluster 2, which
did not show a strong signal for either carnitine- or choline-con-
taining metabolites, had significantly higher levels for all eight
of eight diacylglycerol metabolites that are significantly
different in at least one cluster (Figure S5). Diacylglycerol can
be produced from an intermediate in the glycolysis pathway
(glycerol-3-phosphate) and can be converted to phosphatidyl-
choline, one of the precursors for TMAO (Hu et al., 2012; Seibel
and Walsh, 2002).

Next, we tested whether there were clinical labs or proteins
that differed between these metabolome-based clusters. We
identified 14 different clinical labs (Table S3; see Figure S6)
and 9 proteins (Table S3; see Figure S7) that were significantly
different in at least one cluster compared to all others (cluster 5
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Figure 3. Random Forest Model Predicting TMAO Value

Shown is the scatterplot of predicted TMAO value (x axis) versus the log-
transformed measured TMAO value (y axis) across all individuals (Pearson’s
correlation R = 0.54). Importantly, individuals are plotted only once, for the fold
they were part of in the held-out test set. The blue line shows a linear fit to the
scatterplot (with gray band showing confidence interval), and the dashed line
shows the x =y line.

did not show statistical significance due to its small size). Clus-
ter 2 had significantly higher diabetes and cholesterol blood
markers (e.g., low-density lipoprotein [LDL] cholesterol and insu-
lin), significantly higher levels of proteins related to these markers
(e.g., LDL receptor, PAI-1), and significantly lower levels of the
anti-diabetic protein IGFBP-2 (Hedbacker et al., 2010). Notably,
when we conducted the same analysis comparing the taxo-
nomic and functional compositions of the microbiome between
clusters, we did not identify any feature that was statistically
significant after correcting for multiple hypotheses. A summary
of the significant differences between clusters is presented in
Table 4.

DISCUSSION

TMAO is an emerging risk factor in the development of CVD.
Here, we present a large-scale, cross-sectional, multi-omic anal-
ysis of the associations between TMAO and different blood
markers, metabolites, proteins, diet, and gut microbiome pat-
terns. We validated the previously reported strong association
between TMAO and the kidney marker GFR. Notably, we further
showed that TMAQ is a prognostic biomarker for kidney function
independent of age, sex, and baseline GFR (Figure S1) in line
with studies showing that elevated levels of TMAO can damage
the kidneys. We found that TMAQ is correlated with age even af-
ter accounting for GFR, suggesting that other age-related mech-
anisms (beside decrease in kidney function) might be involved in
elevated levels of TMAO. Previous studies of humans and animal
models have reported mixed results on the relationship between
sex and TMAO, with some studies finding higher levels in males
(Chen et al., 2015; Mueller et al., 2015; Stubbs et al., 2016), and
some in females (Bennett et al., 2013; Obeid et al., 2017). The
studies in mice with restricted diets showed that the mechanism
by which TMAQ levels vary by sex is through hormonal impact on

the expression of the FMO3 gene (which converts TMA to
TMAQ). In our cohort, males were found to have significantly
higher levels of TMAO, even after adjusting for age and kidney
function.

Notably, we did not observe any significant correlations
between TMAO and established blood markers for CVD such
as total cholesterol, LDL, high-density lipoprotein (HDL), or tri-
glycerides (Table S1), even when excluding individuals taking
cholesterol-lowering medications (data not shown). This might
in part explain why TMAO has been found to be a prognostic
marker for CVD beyond traditional risk factors (Li et al., 2017).
We also identified an age- and sex-adjusted significant associa-
tion between TMAO and the inflammatory marker interleukin-8
(IL-8) (in both the clinical labs panel and the independent prote-
omics panel) that is notable given that a recent study found that
TMAO can promote vascular inflammation through the activation
of nuclear factor kB (NF-kB) signaling (Seldin et al., 2016).

We additionally found that TMAO is correlated with omega-3
fatty acids, mercury, and vitamin D (Table S1), suggesting a
possible link between fish consumption and TMAO levels. We
found that consuming animal-rich diets was significantly associ-
ated with increased TMAO levels compared to vegetable-rich
diets in a small subset of 104 individuals that reported following
such diets. These results are consistent with multiple studies that
demonstrate that vegetarians have lower TMAO levels
compared to non-vegetarians (De Filippis et al., 2016; Koeth
etal., 2013; Zhu et al., 2017). Examining levels of circulating pro-
teins, we found many CVD-related proteins that are associated
with the levels of TMAO (Table S1). Specifically, several of the
TMAO-associated proteins we identified have been implicated
in the process of platelet aggregation. As TMAO was also shown
to induce platelet aggregation in human cells in vitro (Zhu et al.,
2016), our findings suggest a mechanistic link between TMAO,
proteins, and CVD.

Looking across both metabolomics and gut microbiome
composition, we identified three intriguing patterns (Table 2;
Table S1). First, we identified several metabolites and microbial
clades associated with TMAO that were previously reported to
be differentially abundant in individuals following meat- versus
plant-based diets, highlighting the impact of diet on both the
gut microbiome composition and TMAO. Second, many of the
metabolites we identified as associated with TMAO are deriva-
tives of metabolic processes of the gut microbiota. This result
is in line with studies showing that TMAQ levels are strongly
impacted by the composition of the gut microbiome. Third, we
found that the association of these microbiota-derived metabo-
lites with TMAO is markedly more significant in individuals with
higher kidney function compared to those with lower kidney
function. These results suggest that, in individuals with higher
kidney function, the elevated levels of TMAO are more strongly
affected by microbiota activity, while in individuals with low kid-
ney function, elevated levels of TMAO are more strongly affected
by the lack of TMAO filtering by the kidneys.

In addition to examining the taxonomic composition of the gut
microbiome, we examined the functional composition using pre-
dicted KEGG profiles. We found that the microbial methane
metabolism pathway was significantly enriched in genes that
are positively correlated with TMAO. One plausible explanation
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Table 4. Summary of Significant Differences between Elevated-TMAO Clusters

Cluster Size Females Age Significantly Higher in Significantly Lower in
1 47 70% 56 + 12 choline-containing metabolites N/S
2 22 36% 52 + 10 glycerol-containing metabolites; diabetes and anti-diabetic protein
cholesterol blood markers; diabetes and
cholesterol regulating proteins; BMI
8 45 69% 44 + 12 N/S carnitine-containing metabolites; cholesterol
markers; liver and kidney damage markers
4 42 17% 46 + 12 males; carnitine-containing metabolites; creatinine, leptin
ferritin, and hematocrit; the protein MMP3
5 6 33% 61 +1 carnitine-containing metabolites N/S

for this association is the fact that TMA can be a precursor to
methane. Therefore, higher levels of diet- and microbiota-
derived TMA would drive both higher levels of TMAO and would
promote the growth and utilization of TMA as a substrate in
methane production by other microbial clades. Specifically,
studies showed that methanogenic archaea can utilize circu-
lating TMA as a carbon source in the production of methane, a
finding that has led to a recent suggestion to utilize such archaea
as probiotics to decrease levels of TMA and TMAO in the blood
(Brugere et al., 2014; Hippe et al., 1979). Our finding that micro-
bial methane metabolism is significantly positively correlated
with  TMAO levels suggests that simply harboring more
methane-producing microbes might not be sufficient to signifi-
cantly reduce TMA and TMAO levels if that is not accompanied
by subsequent dietary changes.

Although we identified numerous significant associations be-
tween multiple omics data and TMAO levels, we wanted to un-
derstand what fraction of the variability in TMAO levels they
can explain in a strict cross-validation setting. In other words,
are these associations merely significant in the statistical sense,
or are they also predictive? To this end, we trained a random for-
est model using strict 10-fold cross-validation (Experimental
Procedures) and found that we can explain 28% of the variability
in TMAO levels on held-out test data. Importantly, the main aim
of the random forest analysis was not to claim that such a model
could perfectly predict TMAO levels or as means to test for
disease susceptibility, but rather to assess how much of the vari-
ation is accounted by the factors we measured. Indeed, our re-
sults suggest that many of the correlations and associations
we identified are indeed valid and predictive, but also point to
the fact that other factors have a strong impact on TMAO levels.
One obvious factor is dietary intake, which we found to be signif-
icantly associated with TMAO in our cohort, with high-meat diets
having a higher level of TMAO on average.

As discussed above, we identified many metabolites that
are positively associated with increased TMAO levels, some of
which have been previously studied (such as high levels of
choline and carnitine). However, we were interested to under-
stand whether all individuals with elevated TMAO show an
increase in these (or other) metabolites, or whether different
subsets of elevated-TMAO individuals have different global
metabolic profiles. Such profiles could be possibly linked to
different routes of TMAO accumulation in different individuals.
To this end, we selected the 162 individuals that displayed the
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highest level of TMAO in our data and applied hierarchical clus-
tering to their metabolome (Experimental Procedures). Next, we
identified metabolites or biomarkers that are strongly associated
with one or more of the clusters (i.e., they have significantly
different levels across clusters). We found that carnitine- and
choline-containing compounds were significantly enriched in
the set of metabolites that varied between these clusters. In
addition, we found that specific clusters showed an elevated
abundance of carnitine-containing metabolites, while other clus-
ters showed higher levels of choline-containing compounds or
diacylglycerol-containing compounds, suggesting that different
dietary intakes are driving TMAO levels across the clusters.
One cluster (cluster 3) was strikingly low in all carnitine-,
choline-, and diacylglycerol-containing metabolites. This cluster
also had the highest median GFR and lowest median TMAO
values across clusters (Figure S7; despite being in the upper
quartile of TMAO levels across all samples). In other words,
among the elevated-TMAO clusters, cluster 3 seems to be the
“healthiest.” In contrast, cluster 2, which showed the highest
levels of all glycerol-containing metabolites, also showed the
highest levels for cholesterol and diabetes markers (e.g., triglyc-
erides, insulin, LDL cholesterol), as well as significantly higher
levels of proteins that are known cardiometabolic risk factors
(e.g., LDLR, PAI-1). Although this cluster was not the highest
for TMAO or lowest for GFR, it was the only cluster with an obese
(>30) average BMI among all clusters (Figure S7). Therefore, we
can postulate that these individuals might be at the highest risk
for atherosclerosis and CVD given their overall profiles, and the
question of what differs this cluster in terms of diet or lifestyle
is very intriguing. In summary, our clustering analysis of
elevated-TMAOQ individuals suggests that there are different die-
tary and metabolic routes to the accumulation of TMAO and that
certain metabolic profiles might represent individuals at higher
risk for TMAO-related diseases.

The present study has the advantage of simultaneously
measuring multiple omics in a large cohort of 648 individuals,
including clinical labs, metabolites, proteins, and the gut micro-
biome. There are, however, a few limitations in the present study.
One is the lack of follow-up on CVD outcomes. Such a clinical
follow-up would allow us to stratify individuals in our analysis
by future disease outcomes, as well as better establish the pre-
dictive power of TMAO or other multi-omic measurements on
disease risk. A second limitation is the cross-sectional nature
of our data. Measuring the levels of TMAO longitudinally across



multiple time points would allow both a better assessment of the
variability of the measurement, as well as establishing a stronger
association between levels of TMAO and other data types.
Another limitation is the lack of a well-designed diet question-
naire, and the limited number of individuals who reported their
diet. Ideally, such a questionnaire would survey the consumption
of all of the foods that were found to be associated with TMAO to
allow a deeper understanding of the relationship between diet,
the gut microbiome, and TMAO.

In summary, this multi-omic study of TMAO provides an
improved understanding of TMAO in a systems context and
will hopefully facilitate future discoveries of new therapeutic av-
enues for preventing CVD.

EXPERIMENTAL PROCEDURES

Institutional Review Board Approval for the Study

Procedures for the current study were run under the Western Institutional
Review Board (Institutional Review Board [IRB] Study Number 1178906) at
Arivale (Seattle, WA).

Data Used in the Study

De-identified data from individuals in a commercially available lifestyle inter-
vention program were collected starting in July 2015. The Arivale program in-
volves health coaching on exercise, nutrition, stress management, and other
wellness goals. Multi-omic data from a total of 648 Arivale program individuals
were included in the current study. This research project was performed
entirely using de-identified and aggregated data of individuals who had explic-
itly authorized the use of their data in research.

Clinical Laboratory Tests

Participants’ clinical blood laboratory tests were measured up to 3 times (with
2.6 times on average) over a 12-month period (average time interval between
measurements, 4.6 months). They were required to avoid alcohol, vigorous ex-
ercise, aspartame, and monosodium glutamate 24 hr prior to the blood draw,
and to begin fasting 12 hr in advance. To maintain data integrity and quality,
blood samples were collected at the LabCorp (North Carolina) or Quest Diag-
nostics (New Jersey) facility located nearest to participants’ geographic loca-
tion. At the time of each blood draw, weight, height, waist circumference, and
blood pressure were measured, and BMI was calculated.

Gut Microbiome Sequencing

Stool specimens were taken at participants’ homes using a standardized kit
supplied by either Second Genome (California) or DNAgenotek (Ottawa, ON,
Canada). Microbial DNA was isolated from 250 uL of homogenized stool, using
an automated protocol and MoBio’s PowerMag (+ClearMag) microbiome DNA
isolation kit on the KingFisher Flex instrument. The extraction protocol involved
a precursory bead-beating step with glass beads and plate shaker for recovery
of more DNA from a more diverse microbial community. Concentrations of
extracted DNA from each sample were determined by Qubit measurement,
and an estimate of sample purity was determined with spectrophotometry
by measuring the A260/A280 absorbance ratio, Gut microbiome sequencing
data in the form of FASTQ files were provided based on either 250-bp
paired-end MiSeq profiling of the 16S V4 region (Second Genome) or
300-bp paired-end MiSeq profiling of the 16S V3+V4 regions (Second
Genome). Operational taxonomic unit (OTU) read counts were calculated
using the QIIME pipeline (Caporaso et al., 2010) (version 1.9.1; default param-
eters) with closed-reference OTU picking against the Greengenes database
(version 13_08). KO abundances were estimated based on OTU abundances
using PICRUSt (Langille et al., 2013).

Metabolomics
Metabolon (North Carolina) conducted the metabolomics assays on partici-
pant plasma samples. Sample handling, quality control, and data extraction,

along with biochemical identification, data curation, quantification, and data
normalizations have been previously described (Wittmann et al., 2014); see
full details in Supplemental Experimental Procedures.

Proteomics

Plasma concentrations of proteins were measured in baseline EDTA plasma
samples using the ProSeek Cardiovascular |l, Cardiovascular lll, and Inflam-
mation arrays (Olink Biosciences, Uppsala, Sweden), according to the stan-
dard protocol (Assarsson et al., 2014). ComBat (Leek et al., 2012) normaliza-
tion was applied to adjust for potential batch effects (see full details in
Supplemental Experimental Procedures).

Statistical Analysis

All correlations reported in the paper are Spearman correlations. Multiple-hy-
potheses corrections for p values were performed independently for each data
type (clinical labs, metabolites, proteins, and microbiome taxa) using the FDR
method (Benjamini and Hochberg, 1995) to limit false discoveries per data
type. All adjustments for confounding variables such as vendor, age, sex,
race, and kidney function (as measured by GFR) were conducted using the
“Im” function in R and using the residuals of the linear regression model as
values for association testing.

Building a Random Forest Model to Predict TMAO Levels

Taxonomic features were defined as the relative abundances of all taxonomic
levels (species, genus, family, order, class, phylum) with a total of 873 such
features detected in our samples. Blood marker features were defined as
the 71 markers with less than 10% missing data across our blood samples.
Protein features were defined as the 238 proteins in our proteomics dataset.
Metabolite features were defined as the 618 metabolites in our metabolomics
dataset (excluding TMAQ). Given the large number of variables measured, a
strict cross-validation procedure was followed to minimize the impact of the
number of variables on the predictive power of the model. The features (and
response defined as the log-transformed TMAOQ values) were divided in a
10-fold cross-validation scheme. In each fold, only the training data were
used to perform feature selection, by calculating the Spearman correlation
between each feature value and the response in the training set and selecting
features that had an FDR-corrected p value < 0.25 (up to a maximum of
500 features). The permissive threshold was selected since the random forest
algorithm can further select the important features when building the model.
Following feature selection, a random forest model was trained using 1,000
trees, and its performance was evaluated on the held-out test set.

Metabolome-Based Clustering of Individuals with Elevated TMAO
Levels

Metabolite values were first log-transformed and then centered and scaled.
Hierarchical clustering was applied to the entire set of 619 scaled metabolites
measured across individuals, using the Euclidean distance with Ward’s
clustering algorithm. The number of clusters (five) was selected using the
silhouette analysis, where for each sample i, the silhouette width s() was
defined as s(i) = (b()) — a(i))/max(a(i), b(i)), where a(j) = average distance between
sample i and all other samples in the cluster, and b(j) = min¢ d(i,C), where
d(i,C) = average distance between sample i and all other samples in cluster
C. Next, for each analyte including metabolites, clinical labs, proteins, and mi-
crobiome features, values were compared between each cluster and all other
clusters using the Wilcoxon rank-sum test, and biomarkers that are signifi-
cantly different in at least one cluster (FDR-corrected p < 0.05) were reported.

DATA AND SOFTWARE AVAILABILITY
The accession number for the data reported in this paper is SRA: SRP148278.
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seven figures, and three tables and can be found with this article online at
https://doi.org/10.1016/j.celrep.2018.06.096.

Cell Reports 24, 935-946, July 24, 2018 943

OPEN

ACCESS
CellPress



https://doi.org/10.1016/j.celrep.2018.06.096

OPEN

ACCESS
Cell

ACKNOWLEDGMENTS

We thank members of the research and translational science teams at Arivale
for helpful discussions. We thank the reviewers for their in-depth review and
their suggestions for the improvement of our manuscript.

AUTHOR CONTRIBUTIONS

O.M,,N.Z,, M.P.C,, X.X., J.E.R,, C.EK,, J.C.L,, and A.T.M. participated in the
study design. O.M. performed the analyses and made interpretation of the re-
sults. O.M. and N.Z. wrote the manuscript. O.M., N.Z., M.P.C., X.X., J.E.R.,
C.E.K,, J.C.L., and A.T.M. read and approved the final manuscript.

DECLARATION OF INTERESTS

O.M.,, N.Z,, M.P.C,, X.X,, J.E.R,, C.EK., J.C.L., and A.T.M. are employees of
Arivale, Inc., and have stock options in the company.

Received: October 11, 2017
Revised: January 17, 2018
Accepted: June 22, 2018
Published: July 24, 2018

REFERENCES

Agmon-Levin, N., Bat-sheva, P.K., Barzilai, O., Ram, M., Lindeberg, S., Fros-
tegard, J., and Shoenfeld, Y. (2009). Antitreponemal antibodies leading to
autoantibody production and protection from atherosclerosis in Kitavans
from Papua New Guinea. Ann. N'Y Acad. Sci. 1173, 675-682.

Albert, D.H., and Snyder, F. (1983). Biosynthesis of 1-alkyl-2-acetyl-sn-glyc-
ero-3-phosphocholine (platelet-activating factor) from 1-alkyl-2-acyl-sn-glyc-
ero-3-phosphocholine by rat alveolar macrophages. Phospholipase A2 and
acetyltransferase activities during phagocytosis and ionophore stimulation.
J. Biol. Chem. 258, 97-102.

Assarsson, E., Lundberg, M., Holmquist, G., Bjorkesten, J., Thorsen, S.B.,
Ekman, D., Eriksson, A., Rennel Dickens, E., Ohlsson, S., Edfeldt, G., et al.
(2014). Homogenous 96-plex PEA immunoassay exhibiting high sensitivity,
specificity, and excellent scalability. PLoS ONE 9, e95192.

Babinska, A., Kedees, M.H., Athar, H., and Ahmed, T. (2002). F11-receptor
(F11R/JAM) mediates platelet adhesion to endothelial cells: role in inflamma-
tory thrombosis. Thromb. Haemost 88, 843-850.

Bae, E., Cha, R.-H., Kim, Y.C., An, J.N., Kim, D.K.,, Yoo, K.D., Lee, S.M., Kim,
M.-H., Park, J.T., Kang, S.-W., et al. (2017). Circulating TNF receptors predict
cardiovascular disease in patients with chronic kidney disease. Medicine
(Baltimore) 96, e6666.

Barrios, C., Beaumont, M., Pallister, T., Villar, J., Goodrich, J.K., Clark, A.,
Pascual, J., Ley, R.E., Spector, T.D., Bell, J.T., and Menni, C. (2015). Gut-
microbiota-metabolite axis in early renal function decline. PLoS One 10,
e€0134311-e0134319.

Bell, J.S. (2016). Effects of a flavonoid-rich diet on gut microbiota composition
and production of trimethylamine in human subjects. MS thesis (Utah State
University).

Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc. B 57,
289-300.

Bennett, B.J., de Aguiar Vallim, T.Q., Wang, Z., Shih, D.M., Meng, Y., Gregory,
J., Allayee, H., Lee, R., Graham, M., Crooke, R., et al. (2013). Trimethylamine-
N-oxide, a metabolite associated with atherosclerosis, exhibits complex ge-
netic and dietary regulation. Cell Metab. 17, 49-60.

Boot, R.G., van Achterberg, T.A., van Aken, B.E., Renkema, G.H., Jacobs,
M.J., Aerts, J.M., and de Vries, C.J. (1999). Strong induction of members
of the chitinase family of proteins in atherosclerosis: chitotriosidase and hu-
man cartilage gp-39 expressed in lesion macrophages. Arterioscler. Thromb.
Vasc. Biol. 19, 687-694.

944 Cell Reports 24, 935-946, July 24, 2018

Bradley, M., Barst, B., and Basu, N. (2017). A review of mercury bioavailability
in humans and fish. Int. J. Environ. Res. Public Health 74, 169.

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5-32.

Brugére, J.-F., Borrel, G., Gaci, N., Tottey, W., O’'Toole, P.W., and Malpuech-
Brugere, C. (2014). Archaebiotics: proposed therapeutic use of archaea to pre-
vent trimethylaminuria and cardiovascular disease. Gut Microbes 5, 5-10.

Bunton, D.C., Petrie, M.C., Hillier, C., Johnston, F., and McMurray, J.J.V.
(2004). The clinical relevance of adrenomedullin: a promising profile? Pharma-
col. Ther. 703, 179-201.

Caporaso, J.G., Kuczynski, J., Stombaugh, J., Bittinger, K., Bushman, F.D.,
Costello, E.K., Fierer, N., Pefa, A.G., Goodrich, J.K., Gordon, J.I., et al.
(2010). QIIME allows analysis of high-throughput community sequencing
data. Nat. Methods 7, 335-336.

Chen, Y.-M., Liu, Y., Zhou, R.-F., Chen, X.-L., Wang, C., Tan, X.-Y., Wang,
L.-J., Zheng, R.-D., Zhang, H.-W., Ling, W.-H., et al. (2015). Associations of
gut-flora-dependent metabolite trimethylamine-N-oxide, betaine and choline
with non-alcoholic fatty liver disease in adults. Sci. Rep 6, 19076.

Chen, M.-L., Yi, L., Zhang, Y., Zhou, X., Ran, L., Yang, J., Zhu, J.-D., Zhang,
Q.-Y., and Mi, M.-T. (2016). Resveratrol attenuates trimethylamine-N-oxide
(TMAO)-induced atherosclerosis by regulating TMAO synthesis and bile acid
metabolism via remodeling of the gut microbiota. MBio 7, €02210-e02215.

Cho, C.E., Taesuwan, S., Malysheva, O.V., Bender, E., Tulchinsky, N.F., Yan,
J., Sutter, J.L., and Caudill, M.A. (2017). Trimethylamine-N-oxide (TMAO)
response to animal source foods varies among healthy young men and is
influenced by their gut microbiota composition: a randomized controlled trial.
Mol. Nutr. Food Res. 67, 1-12.

Craciun, S., and Balskus, E.P. (2012). Microbial conversion of choline to trime-
thylamine requires a glycyl radical enzyme. Proc. Natl. Acad. Sci. USA 109,
21307-21312.

Cross, A.J., Major, J.M., Rothman, N., and Sinha, R. (2014). Urinary 1-methyl-
histidine and 3-methylhistidine, meat intake, and colorectal adenoma risk. Eur.
J. Cancer Prev. 23, 385-390.

David, L.A., Maurice, C.F., Carmody, R.N., Gootenberg, D.B., Button, J.E.,
Wolfe, B.E., Ling, A.V., Devlin, A.S., Varma, Y., Fischbach, M.A., et al.
(2014). Diet rapidly and reproducibly alters the human gut microbiome. Nature
505, 559-563.

De Filippis, F., Pellegrini, N., Vannini, L., Jeffery, |.B., La Storia, A., Laghi, L.,
Serrazanetti, D.l., Di Cagno, R., Ferrocino, |., Lazzi, C., et al. (2016). High-level
adherence to a Mediterranean diet beneficially impacts the gut microbiota and
associated metabolome. Gut 65, 1812-1821.

Galt, S.W., Lindemann, S., Allen, L., Medd, D.J., Falk, J.M., Mclntyre, T.M.,
Prescott, S.M., Kraiss, L.W., Zimmerman, G.A., and Weyrich, A.S. (2002).
Outside-in signals delivered by matrix metalloproteinase-1 regulate platelet
function. Circ. Res. 90, 1093-1099.

Gregory, J.C., Buffa, J.A., Org, E., Wang, Z., Levison, B.S., Zhu, W., Wagner,
M.A., Bennett, B.J., Li, L., DiDonato, J.A., et al. (2015). Transmission of athero-
sclerosis susceptibility with gut microbial transplantation. J. Biol. Chem. 290,
5647-5660.

Hagstréom, E., Held, C., Stewart, R.A.H., Aylward, P.E., Budaj, A., Cannon,
C.P., Koenig, W., Krug-Gourley, S., Mohler, E.R., 3rd, Steg, P.G., et al.;
STABILITY Investigators (2017). Growth differentiation factor 15 predicts all-
cause morbidity and mortality in stable coronary heart disease. Clin. Chem.
63, 325-3383.

He, X.-W., Li, W.-L., Li, C., Liu, P., Shen, Y.-G., Zhu, M., and Jin, X.-P. (2017).
Serum levels of galectin-1, galectin-3, and galectin-9 are associated with large
artery atherosclerotic stroke. Sci. Rep. 7, 40994.

Hedbacker, K., Birsoy, K., Wysocki, R.W., and Asilmaz, E. (2010). Antidiabetic
effects of IGFBP2, a leptin-regulated gene. Cell Metab 77, 11-22.

Hippe, H., Caspari, D., Fiebig, K., and Gottschalk, G. (1979). Utilization of tri-
methylamine and other N-methyl compounds for growth and methane forma-
tion by Methanosarcina barkeri. Proc. Natl. Acad. Sci. USA 76, 494-498.


http://refhub.elsevier.com/S2211-1247(18)31038-6/sref1
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref1
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref1
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref1
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref2
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref2
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref2
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref2
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref2
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref3
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref3
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref3
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref3
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref4
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref4
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref4
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref5
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref5
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref5
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref5
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref6
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref6
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref6
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref6
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref7
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref7
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref7
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref8
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref8
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref8
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref9
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref9
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref9
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref9
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref10
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref10
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref10
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref10
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref10
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref11
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref11
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref12
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref13
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref13
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref13
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref14
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref14
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref14
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref15
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref15
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref15
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref15
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref16
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref16
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref16
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref16
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref17
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref17
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref17
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref17
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref18
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref18
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref18
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref18
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref18
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref19
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref19
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref19
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref20
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref20
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref20
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref21
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref21
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref21
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref21
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref22
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref22
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref22
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref22
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref23
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref23
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref23
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref23
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref24
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref24
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref24
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref24
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref25
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref25
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref25
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref25
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref25
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref26
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref26
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref26
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref27
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref27
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref28
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref28
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref28

Hu, Z., Ren, Z., and Lu, C. (2012). The phosphatidylcholine diacylglycerol chol-
inephosphotransferase is required for efficient hydroxy fatty acid accumula-
tion in transgenic Arabidopsis. Plant Physiol. 158, 1944-1954.

Ishimitsu, T., Nishikimi, T., Saito, Y., Kitamura, K., Eto, T., Kangawa, K., Mat-
suo, H., Omae, T., and Matsuoka, H. (1994). Plasma levels of adrenomedullin,
a newly identified hypotensive peptide, in patients with hypertension and renal
failure. J. Clin. Invest. 94, 2158-2161.

Jameson, E., Doxey, A.C., Airs, R., Purdy, K.J., Murrell, J.C., and Chen, Y.
(2016). Metagenomic data-mining reveals contrasting microbial populations
responsible for trimethylamine formation in human gut and marine ecosys-
tems. Microb. Genom. 2, e000080.

Kitamoto, S., Egashira, K., Ichiki, T., Han, X., McCurdy, S., Sakuda, S., Suna-
gawa, K., and Boisvert, W.A. (2013). Chitinase inhibition promotes atheroscle-
rosis in hyperlipidemic mice. Am. J. Pathol. 783, 313-325.

Koeth, R.A., Wang, Z., Levison, B.S., Buffa, J.A., Org, E., Sheehy, B.T., Biritt,
E.B., Fu, X., Wu, Y., Li, L., et al. (2013). Intestinal microbiota metabolism of
L-carnitine, a nutrient in red meat, promotes atherosclerosis. Nat. Med. 19,
576-585.

Koeth, R.A., Levison, B.S., Culley, M.K., Buffa, J.A., Wang, Z., Gregory, J.C.,
Org, E., Wu, Y., Li, L., Smith, J.D., et al. (2014). y-Butyrobetaine is a proathero-
genic intermediate in gut microbial metabolism of L-carnitine to TMAO. Cell
Metab. 20, 799-812.

Krajcovicova-Kudlackova, M., Simoncic, R., Béderova, A., Babinska, K., and
Béder, 1. (2000). Correlation of carnitine levels to methionine and lysine intake.
Physiol. Res. 49, 399-402.

Langille, M.G.Il., Zaneveld, J., Caporaso, J.G., McDonald, D., Knights, D.,
Reyes, J.A., Clemente, J.C., Burkepile, D.E., Vega Thurber, R.L., Knight, R.,
et al. (2013). Predictive functional profiling of microbial communities using
16S rRNA marker gene sequences. Nat. Biotechnol. 37, 814-821.

Leek, J.T., Johnson, W.E., Parker, H.S., Jaffe, A.E., and Storey, J.D. (2012).
The sva package for removing batch effects and other unwanted variation in
high-throughput experiments. Bioinformatics 28, 882-883.

Lehmann, U., Gjessing, H.R., Hirche, F., Mueller-Belecke, A., Gudbrandsen,
O.A., Ueland, P.M., Mellgren, G., Lauritzen, L., Lindqvist, H., Hansen, A.L.,
et al. (2015). Efficacy of fish intake on vitamin D status: a meta-analysis of ran-
domized controlled trials. Am. J. Clin. Nutr. 702, 837-847.

Levey, A.S., Coresh, J., Balk, E., Kausz, A.T., Levin, A., Steffes, M.W., Hogg,
R.J., Perrone, R.D., Lau, J., and Eknoyan, G.; National Kidney Foundation
(2003). National Kidney Foundation practice guidelines for chronic kidney
disease: evaluation, classification, and stratification. Ann. Intern. Med. 739,
137-147.

Li, X.S., Obeid, S., Klingenberg, R., Gencer, B., Mach, F., Raber, L., Wind-
ecker, S., Rodondi, N., Nanchen, D., Muller, O., et al. (2017). Gut micro-
biota-dependent trimethylamine N-oxide in acute coronary syndromes: a
prognostic marker for incident cardiovascular events beyond traditional risk
factors. Eur. Heart J. 38, 814-824.

Lievens, D., Zernecke, A., Seijkens, T., Soehnlein, O., Beckers, L., Munnix,
I.C.A., Wijnands, E., Goossens, P., van Kruchten, R., Thevissen, L., et al.
(2010). Platelet CD40L mediates thrombotic and inflammatory processes in
atherosclerosis. Blood 116, 4317-4327.

Lin, C.-J., Wu, V., Wu, P.-C., and Wu, C.-J. (2015). Meta-analysis of the asso-
ciations of p-cresyl sulfate (PCS) and indoxyl sulfate (IS) with cardiovascular
events and all-cause mortality in patients with chronic renal failure. PLoS
One 10, e0132589.

Martinez-del Campo, A., Bodea, S., Hamer, H.A., Marks, J.A., Haiser, H.J.,
Turnbaugh, P.J., and Balskus, E.P. (2015). Characterization and detection of
a widely distributed gene cluster that predicts anaerobic choline utilization
by human gut bacteria. MBio 6, e00042-15.

Matulevicius, S., Rohatgi, A., Khera, A., Das, S.R., Owens, A., Ayers, C.R., Ti-
maran, C.H., Rosero, E.B., Drazner, M.H., Peshock, R.M., and de Lemos, J.A.
(2008). The association between plasma caspase-3, atherosclerosis, and
vascular function in the Dallas Heart Study. Apoptosis 13, 1281-1289.

Meyer, T.W., and Hostetter, T.H. (2012). Uremic solutes from colon microbes.
Kidney Int. 87, 949-954,

Mitra, S., Drautz-Moses, D.l., Alhede, M., Maw, M.T., Liu, Y., Purbojati, R.W.,
Yap, Z.H., Kushwaha, K.K., Gheorghe, A.G., Bjarnsholt, T., et al. (2015). In sil-
ico analyses of metagenomes from human atherosclerotic plaque samples.
Microbiome 3, 38.

Mueller, D.M., Allenspach, M., Othman, A., Saely, C.H., Muendlein, A., Von-
bank, A., Drexel, H., and von Eckardstein, A. (2015). Plasma levels of trimethyl-
amine-N-oxide are confounded by impaired kidney function and poor meta-
bolic control. Atherosclerosis 243, 638-644.

Obeid, R., Awwad, H.M., Kirsch, S.H., Waldura, C., Herrmann, W., Graeber, S.,
and Geisel, J. (2017). Plasma trimethylamine-N-oxide following supplementa-
tion with vitamin D or D plus B vitamins. Mol. Nutr. Food Res. 67, 1600358—
1600359.

Org, E., Blum, Y., Kasela, S., Mehrabian, M., Kuusisto, J., Kangas, A.J., Soini-
nen, P., Wang, Z., Ala-Korpela, M., Hazen, S.L., et al. (2017). Relationships be-
tween gut microbiota, plasma metabolites, and metabolic syndrome traits in
the METSIM cohort. Genome Biol. 78, 70.

Pamukcu, B., Lip, G.Y.H., Snezhitskiy, V., and Shantsila, E. (2011). The CD40-
CDA40L system in cardiovascular disease. Ann. Med. 43, 331-340.

Patel, K.P., Luo, F.J.G., Plummer, N.S., Hostetter, T.H., and Meyer, T.W.
(2012). The production of p-cresol sulfate and indoxyl sulfate in vegetarians
versus omnivores. Clin. J. Am. Soc. Nephrol. 7, 982-988.

Poesen, R., Claes, K., Evenepoel, P., de Loor, H., Augustijns, P., Kuypers, D.,
and Meijers, B. (2016). Microbiota-derived phenylacetylglutamine associates
with overall mortality and cardiovascular disease in patients with CKD.
J. Am. Soc. Nephrol. 27, 3479-3487.

Randrianarisoa, E., Lehn-Stefan, A., Wang, X., Hoene, M., Peter, A,
Heinzmann, S.S., Zhao, X., Konigsrainer, ., Konigsrainer, A., Balletshofer,
B., et al. (2016). Relationship of serum trimethylamine N-oxide (TMAO) levels
with early atherosclerosis in humans. Sci. Rep 6, 26745.

Romuk, E., Skrzep-Poloczek, B., Wojciechowska, C., Tomasik, A., Birkner, E.,
Wodniecki, J., Gabrylewicz, B., Ochala, A., and Tendera, M. (2002). Selectin-P
and interleukin-8 plasma levels in coronary heart disease patients. Eur. J. Clin.
Invest. 32, 657-661.

Rousseeuw, P.J. (1987). Silhouettes: a graphical aid to the interpretation and
validation of cluster analysis. J. Comput. Appl. Math. 20, 53-65.

Seibel, B.A., and Walsh, P.J. (2002). Trimethylamine oxide accumulation in
marine animals: relationship to acylglycerol storage. J. Exp. Biol. 205,
297-306.

Seldin, M.M., Meng, Y., Qi, H., Zhu, W., Wang, Z., Hazen, S.L., Lusis, A.J., and
Shih, D.M. (2016). Trimethylamine N-oxide promotes vascular inflammation
through signaling of mitogen-activated protein kinase and nuclear factor-kB.
J. Am. Heart Assoc. 5, e002767.

Shia, W.-C., Ku, T.-H., Tsao, Y.-M., Hsia, C.-H., Chang, Y.-M., Huang, C.-H.,
Chung, Y.-C., Hsu, S.-L., Liang, K.-W., and Hsu, F.-R. (2011). Genetic copy
number variants in myocardial infarction patients with hyperlipidemia. BMC
Genomics 12 (Suppl! 3), S23.

Stubbs, J.R., House, J.A., Ocque, A.J., Zhang, S., Johnson, C., Kimber, C.,
Schmidt, K., Gupta, A., Wetmore, J.B., Nolin, T.D., et al. (2016). Serum trime-
thylamine-N-oxide is elevated in CKD and correlates with coronary atheroscle-
rosis burden. J. Am. Soc. Nephrol. 27, 305-313.

Tanaka, H., Sirich, T.L., and Meyer, T.W. (2015). Uremic solutes produced by
colon microbes. Blood Purif. 40, 306-311.

Tang, W.H.W., Wang, Z., Levison, B.S., Koeth, R.A., Britt, E.B., Fu, X., Wu, Y.,
and Hazen, S.L. (2013). Intestinal microbial metabolism of phosphatidylcholine
and cardiovascular risk. N. Engl. J. Med. 368, 1575-1584.

Tang, W.H.W., Wang, Z., Kennedy, D.J., Wu, Y., Buffa, J.A., Agatisa-Boyle, B.,
Li, X.S., Levison, B.S., and Hazen, S.L. (2015). Gut microbiota-dependent
trimethylamine N-oxide (TMAO) pathway contributes to both development of
renal insufficiency and mortality risk in chronic kidney disease. Circ. Res.
116, 448-455.

Cell Reports 24, 935-946, July 24, 2018 945

OPEN

ACCESS
Cell



http://refhub.elsevier.com/S2211-1247(18)31038-6/sref29
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref29
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref29
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref30
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref30
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref30
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref30
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref31
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref31
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref31
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref31
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref32
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref32
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref32
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref33
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref33
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref33
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref33
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref34
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref34
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref34
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref34
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref35
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref35
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref35
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref36
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref36
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref36
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref36
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref37
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref37
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref37
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref38
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref38
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref38
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref38
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref39
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref39
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref39
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref39
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref39
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref40
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref40
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref40
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref40
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref40
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref41
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref41
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref41
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref41
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref42
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref42
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref42
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref42
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref43
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref43
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref43
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref43
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref44
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref44
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref44
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref44
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref45
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref45
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref46
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref46
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref46
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref46
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref47
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref47
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref47
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref47
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref48
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref48
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref48
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref48
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref49
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref49
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref49
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref49
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref50
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref50
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref51
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref51
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref51
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref52
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref52
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref52
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref52
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref53
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref53
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref53
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref53
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref54
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref54
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref54
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref54
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref55
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref55
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref56
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref56
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref56
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref57
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref57
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref57
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref57
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref58
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref58
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref58
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref58
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref59
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref59
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref59
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref59
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref60
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref60
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref61
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref61
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref61
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref62
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref62
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref62
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref62
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref62

OPEN

ACCESS
Cell

Théorét, J.-F., Yacoub, D., Hachem, A., Gillis, M.-A., and Merhi, Y. (2011).
P-selectin ligation induces platelet activation and enhances microaggregate
and thrombus formation. Thromb. Res. 128, 243-250.

van Timmeren, M.M., van den Heuvel, M.C., Bailly, V., Bakker, S.J.L.,
van Goor, H., and Stegeman, C.A. (2007). Tubular kidney injury molecule-1
(KIM-1) in human renal disease. J. Pathol. 272, 209-217.

Waanders, F., van Timmeren, M.M., Stegeman, C.A., Bakker, S.J.L., and van
Goor, H. (2010). Kidney injury molecule-1 in renal disease. J. Pathol. 220, 7-16.
Wang, Z., Klipfell, E., Bennett, B.J., Koeth, R., Levison, B.S., Dugar, B., Feld-
stein, A.E., Britt, E.B., Fu, X., Chung, Y.-M., et al. (2011). Gut flora metabolism
of phosphatidylcholine promotes cardiovascular disease. Nature 472, 57-63.
Wang, Z., Tang, W.H.W., Buffa, J.A., Fu, X., Britt, E.B., Koeth, R.A., Levison,
B.S., Fan, Y., Wu, Y., and Hazen, S.L. (2014). Prognostic value of choline
and betaine depends on intestinal microbiota-generated metabolite trimethyl-
amine-N-oxide. Eur. Heart J. 35, 904-910.

Wang, Z., Roberts, A.B., Buffa, J.A., Levison, B.S., Zhu, W., Org, E., Gu, X.,
Huang, Y., Zamanian-Daryoush, M., Culley, M.K., et al. (2015). Non-lethal inhi-
bition of gut microbial trimethylamine production for the treatment of athero-
sclerosis. Cell 163, 1585-1595.

Wittmann, B.M., Stirdivant, S.M., Mitchell, M.W., Wulff, J.E., McDunn, J.E., Li,
Z., Dennis-Barrie, A., Neri, B.P., Milburn, M.V., Lotan, Y., and Wolfert, R.L.
(2014). Bladder cancer biomarker discovery using global metabolomic
profiling of urine. PLoS One 9, e115870.

946 Cell Reports 24, 935-946, July 24, 2018

Wu, G.D., Compher, C., Chen, E.Z., Smith, S.A., Shah, R.D., Bittinger, K., Che-
houd, C., Albenberg, L.G., Nessel, L., Gilroy, E., et al. (2016). Comparative
metabolomics in vegans and omnivores reveal constraints on diet-dependent
gut microbiota metabolite production. Gut 65, 63-72.

Xu, R., Wang, Q., and Li, L. (2015). A genome-wide systems analysis reveals
strong link between colorectal cancer and trimethylamine N-oxide (TMAO),
a gut microbial metabolite of dietary meat and fat. BMC Genomics 16
(Suppl 7), S4.

Zhang, A.Q., Mitchell, S.C., and Smith, R.L. (1999). Dietary precursors of trime-
thylamine in man: a pilot study. Food Chem. Toxicol. 37, 515-520.

Zhang, C., Yin, A, Li, H., Wang, R., Wu, G., Shen, J., Zhang, M., Wang, L., Hou,
Y., Ouyang, H., et al. (2015). Dietary modulation of gut microbiota contributes
to alleviation of both genetic and simple obesity in children. EBioMedicine 2,
968-984.

Zheng, Y.-F., Yang, J., Zhao, X.-J., Feng, B., Kong, H.-W., Chen, Y.-J., Lv, S,
Zheng, M.-H., and Xu, G.-W. (2005). Urinary nucleosides as biological markers
for patients with colorectal cancer. World J. Gastroenterol. 77, 3871-3876.
Zhu, W., Gregory, J.C., Org, E., Buffa, J.A., Gupta, N., Wang, Z., Li, L., Fu, X.,
Wu, Y., Mehrabian, M., et al. (2016). Gut microbial metabolite TMAO enhances
platelet hyperreactivity and thrombosis risk. Cell 165, 111-124.

Zhu, W., Wang, Z., Tang, W.H.W., and Hazen, S.L. (2017). Gut microbe-gener-
ated trimethylamine N-oxide from dietary choline is prothrombotic in subjects.
Circulation 735, 1671-1673.


http://refhub.elsevier.com/S2211-1247(18)31038-6/sref63
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref63
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref63
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref63
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref64
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref64
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref64
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref65
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref65
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref66
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref66
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref66
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref67
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref67
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref67
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref67
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref68
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref68
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref68
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref68
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref69
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref69
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref69
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref69
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref70
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref70
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref70
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref70
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref71
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref71
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref71
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref71
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref72
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref72
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref73
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref73
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref73
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref73
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref74
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref74
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref74
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref75
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref75
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref75
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref76
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref76
http://refhub.elsevier.com/S2211-1247(18)31038-6/sref76

	A Multi-omic Association Study of Trimethylamine N-Oxide
	Introduction
	Results
	Characteristics of the Multi-omic Cohort
	TMAO Is Independently Associated with Demographic Factors and Kidney Function
	TMAO Is Associated with Nutrition, Inflammation, and Blood Protein Markers
	Gut Microbiota-Derived Metabolites Are Associated with TMAO
	Diet- and Disease-Associated Metabolites Are Associated with TMAO
	Proteins Associated with Cardiovascular and Kidney Disease Are Correlated with TMAO
	Microbial Clades that Are Correlated with TMAO Are Diet and Disease Associated
	Methane Metabolism in the Microbiome Is Positively Correlated with TMAO
	Paleo and Low-Carbohydrate Diets Are Associated with Elevated Levels of TMAO
	Predicting TMAO Levels Using a Random Forest Algorithm
	Metabolome-Based Clustering Offers Insight into Different Profiles of Individuals with Elevated TMAO

	Discussion
	Experimental Procedures
	Institutional Review Board Approval for the Study
	Data Used in the Study
	Clinical Laboratory Tests
	Gut Microbiome Sequencing
	Metabolomics
	Proteomics
	Statistical Analysis
	Building a Random Forest Model to Predict TMAO Levels
	Metabolome-Based Clustering of Individuals with Elevated TMAO Levels

	Data and Software Availability
	Supplemental Information
	Acknowledgments
	Author Contributions
	Declaration of Interests
	References


