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“YOU ARE WHAT YOUR BUGS EAT!” 
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• Comprised of Bacteria, Viruses, others 
(Archaea, Eukaryotes)

• Distinctive microbiomes at each body site 
(gut, lung, skin, mucosa etc.)

The Gut Microbiota
• Human gut is home to ~ 100 trillion bacterial 

cells

• Density of 1011 to 1012 per gram in the colon

• Large numbers of species present, many 
uncultured

Nat. Rev. Micro.  2011;9:279-290

The Human Microbiome



Diabetes: Type 1 DM (MyD88-dependent in NOD Mice); Type 2 DM (TLR4 and TLR5 KOs)   

Colon Cancer: Enterotoxigenic Bacteroides fragilis and Fusobacterium

Atherosclerosis: Oral, gut and plaque microbiota; Microbial metabolism of choline to TMA  

Inflammatory Bowel Disease: Dysbiosis

Asthma: Sanitized environment



Host Gene-Microbial Interactions in the Pathogenesis of Immune-
Mediated Diseases in “Modern Society”

Parental genotype

Infant

Adapted from Virgin et al.  Cell 2011;147:44
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The Early Human Gut Microbiota

PNAS 2011;108:4578

PD of Metagenomic Sequences. Taxonomic assignment was de-
termined using BLASTX (11), and the majority of sequences
were bacterial genes. Low levels of fungi and viruses were also
detected, and Euryarcheaota (Archaea) were detected in all
samples including meconium (<0.01% of sequences). The ma-
jority of DNA sequences extracted from fecal samples collected
at the beginning of the time series (meconium and day 6) were
assigned to the Firmicute phylum (Fig. 6A), which is consistent
with our PCR-based 16S rRNA gene survey for day 6 (Fig. S4).
However, our 16S rRNA gene results for days 92–118, which
show an abundance of Firmicute OTUs, are inconsistent with the
abundance of actinobacterial genes obtained from these samples,
likely reflecting 16S rRNA gene primer bias. Furthermore, the
metagenomic analysis recovered fewer proteobacterial genes
compared with the 16S rRNA gene-based analysis. Nevertheless,
the patterns obtained from these two methods are consistent
overall for this time period: the highest levels of actinobacterial
and proteobacterial sequences were observed on sample days
92–118 in both analyses (Fig. S4). Interestingly, day 92, which
was associated with fever, has the highest viral and fungal levels
(Fig. 6A). Later in the time series (days 413, 432, and 441 after
diet change and cefdinir treatment), the relative decrease in

levels of bacteroidetes OTUs observed by 16S rRNA analysis was
not observed in our BLASTX taxonomic assignment of meta-
genomic sequences (Fig. S4).

Functional Gene Dynamics in the Developing Infant Gut Microbiome.
We used the Meta Genome Rapid Annotation using Subsystem
Technology (MG-RAST) (12) to assign gene functions to the 12
metagenomic samples. A summary of these results is represented
as normalized heat maps, also generated using MG-RAST (Fig.
6B). According to relative abundances of subsystems, samples
clustered into three main groups that reflect the time period of
sample collection (Fig. 6B). We ran bootstrapping and resam-
pling analyses to identify genes that were enriched in samples
relative to an average representation of genes across the 12
samples (Table S4). Analysis of the meconium sample (day 3)
revealed an enrichment of carbohydrate-metabolizing genes in-
volved in lactose/galactose and sucrose uptake and utilization,
genes involved in antibiotic resistance (e.g., ABC transporters),
and virulence genes (e.g., multidrug resistance efflux genes, ad-
hesion proteins, and pathenogenicity islands). Day 6 also had
many of the same enriched gene functions as the meconium
samples, in addition to gene functions associated with cell mem-
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Fig. 3. OTU-based community structure and composition in the gut microbiota. (A) Each vertical lane corresponds to a sample day, and the gray-scale shaded
rectangles represent the abundance of the different OTUs. The dendogram on the left shows how the OTUs are clustered according to cooccurrence, and
branches are colored to indicate the taxonomical assignment of the OTUs at the phylum level. Samples selected for metagenomic analyses are indicated with
asterixes. (B) Relative abundances of the bacterial phyla in each samples. (C) Significant events pertaining to changes in the infant’s diet are indicated. Steps
characterized by specific bacterial consortia supported by linear discriminate analysis are shown.
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BACKGROUND
The Amish and Hutterites are U.S. agricultural populations whose lifestyles are remark-
ably similar in many respects but whose farming practices, in particular, are distinct; 
the former follow traditional farming practices whereas the latter use industrialized 
farming practices. The populations also show striking disparities in the prevalence of 
asthma, and little is known about the immune responses underlying these disparities.

METHODS
We studied environmental exposures, genetic ancestry, and immune profiles among 60 
Amish and Hutterite children, measuring levels of allergens and endotoxins and assess-
ing the microbiome composition of indoor dust samples. Whole blood was collected to 
measure serum IgE levels, cytokine responses, and gene expression, and peripheral-
blood leukocytes were phenotyped with flow cytometry. The effects of dust extracts 
obtained from Amish and Hutterite homes on immune and airway responses were 
assessed in a murine model of experimental allergic asthma.

RESULTS
Despite the similar genetic ancestries and lifestyles of Amish and Hutterite children, 
the prevalence of asthma and allergic sensitization was 4 and 6 times as low in the 
Amish, whereas median endotoxin levels in Amish house dust was 6.8 times as high. 
Differences in microbial composition were also observed in dust samples from Amish 
and Hutterite homes. Profound differences in the proportions, phenotypes, and func-
tions of innate immune cells were also found between the two groups of children. In 
a mouse model of experimental allergic asthma, the intranasal instillation of dust ex-
tracts from Amish but not Hutterite homes significantly inhibited airway hyperreactiv-
ity and eosinophilia. These protective effects were abrogated in mice that were deficient 
in MyD88 and Trif, molecules that are critical in innate immune signaling.

CONCLUSIONS
The results of our studies in humans and mice indicate that the Amish environment 
provides protection against asthma by engaging and shaping the innate immune re-
sponse. (Funded by the National Institutes of Health and others.)

a bs tr ac t

Innate Immunity and Asthma Risk in Amish and Hutterite 
Farm Children

Michelle M. Stein, B.S., Cara L. Hrusch, Ph.D., Justyna Gozdz, B.A., Catherine Igartua, B.S., Vadim Pivniouk, Ph.D., 
Sean E. Murray, B.S., Julie G. Ledford, Ph.D., Mauricius Marques dos Santos, B.S., Rebecca L. Anderson, M.S., 
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• Asthma was 4 and 6 times lower in the Amish 
relative to Hutterites. 
• Differences in microbial composition were also 

observed in dust samples from Amish and Hutterite
homes.
• Profound differences functions immune cells were 

also found between the two groups of children. 
• In a mouse model of experimental allergic asthma, 

dust extracts from Amish but not Hutterite homes 
significantly inhibited airway hyperractivity and 
eosinophilia. 

Ø Analogies to peanut allergies.
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Host-Microbial Mutualism the Gut
Host benefits to bacteria

•Provides a unique niche 
•Intestinal mucus provides a source of nutrition

Bacteria benefits the host
•Fermentation of indigestible carbohydrates and the production of SCFAs
•Biotransformation of conjugated bile acids
•Urease activity participates in nitrogen balance
•Synthesis of certain vitamins
•Metabolize drugs
•Education of the mucosal immune system 



Nature Immunology 12, 5–9 (2011)



Desai, MS et al. Cell;167:2016

Dietary Fiber and the Intestinal Mucus Barrier



Dietary Effects on Human Gut 

Microbiome and its Association 

with Disease

•Individuals with marked obesity, insulin resistance, 

dyslipidemia, and inflammatory phenotype have 

low bacterial richness

•Increased consumption of an agrarian diet, rich in 

fruits and vegetables with higher fiber, is associated 

with increased bacterial gene richness

•Energy-restricted diets increase bacterial gene 

richness

Wu et al. Science 2011;334:105-8

LETTER
doi:10.1038/nature12480

Dietary intervention impact on gut microbial
gene richness
Aurélie Cotillard1,2*, Sean P. Kennedy3*, Ling Chun Kong1,2,4*, Edi Prifti1,2,3*, Nicolas Pons3*, Emmanuelle Le Chatelier3,
Mathieu Almeida3, Benoit Quinquis3, Florence Levenez3,5, Nathalie Galleron3, Sophie Gougis4, Salwa Rizkalla1,2,4,
Jean-Michel Batto3,5, Pierre Renault5, ANR MicroObes consortium{, Joel Doré3,5, Jean-Daniel Zucker1,2,6, Karine Clément1,2,4

& Stanislav Dusko Ehrlich3

Complex gene–environment interactions are considered important
in the development of obesity1. The composition of the gut micro-
biota can determine the efficacy of energy harvest from food2–4 and
changes in dietary composition have been associated with changes
in the composition of gut microbial populations5,6. The capacity to
explore microbiota composition was markedly improved by the
development of metagenomic approaches7,8, which have already
allowed production of the first human gut microbial gene catalogue9

and stratifying individuals by their gut genomic profile into diffe-
rent enterotypes10, but the analyses were carried out mainly in non-
intervention settings. To investigate the temporal relationships
between food intake, gut microbiota and metabolic and inflamma-
tory phenotypes, we conducted diet-induced weight-loss and weight-
stabilization interventions in a study sample of 38 obese and
11 overweight individuals. Here we report that individuals with
reduced microbial gene richness (40%) present more pronounced
dys-metabolism and low-grade inflammation, as observed concomi-
tantly in the accompanying paper11. Dietary intervention improves
low gene richness and clinical phenotypes, but seems to be less
efficient for inflammation variables in individuals with lower gene
richness. Low gene richness may therefore have predictive potential
for the efficacy of intervention.

To examine relationships between variations in gut microbiota com-
position and bioclinical parameters after dietary intervention, we used
the approach termed quantitative metagenomics11. Forty-nine obese or
overweight subjects were recruited and subjected to a 6-week energy-
restricted high-protein diet followed by a 6-week weight-maintenance
diet (Methods); the compliance was good, as indicated by a principal
component analysis (PCA) of 35 nutrients over time (Supplementary
Fig. 1). Bioclinical characteristics and detailed qualitative and quant-
itative features of individuals’ food intake were obtained at baseline, 6
and 12 weeks (Supplementary Tables 1 and 2). The 35% decrease in
energy intake after the first 6 weeks was associated with a reduction in
body-fat mass, adipocyte diameter and improvements in insulin sensi-
tivity and markers of metabolism and inflammation (Supplementary
Tables 1 and 3). During the weight-maintenance phase, intake of
nutrients tended to return to baseline values, whereas dietary total
energy, carbohydrate and lipid intake remained lower than at begin-
ning of the intervention (Supplementary Tables 2 and 3). Serum lipid
variables also tended to return to their basal levels as well, while a pro-
gressive reduction occurred in systemic inflammation markers.

We first examined the gut microbial composition of the study popu-
lation at baseline (Methods). A bimodal distribution of bacterial gene
number was observed (Fig. 1a), similar to the one found in a cohort of
292 Danish individuals11, albeit less distinct, possibly owing to a lower

cohort size. At a threshold of 480,000 genes, corresponding to that
from the accompanying manuscript11, there were 18 (40%) low gene
count (LGC) and 27 (60%) high gene count (HGC) individuals, har-
bouring on average 379,436 and 561,499 genes respectively, a one-
third difference. A difference in diversity between lean and obese
individuals was reported previously12, but the difference among the
obese was not described.

We then examined the baseline phenotypes of the study population.
The LGC group had significantly higher insulin resistance and fasting
serum triglyceride levels, as well as a tendency towards higher LDL cho-
lesterol and inflammation than the HGC group (Fig. 2); as observed in
the accompanying paper11. Analysing gene richness as a quantitative
variable gave similar results (Supplementary Table 4). We conclude that
in two European countries, the individuals of the LGC group present
phenotypes that expose them to an increased risk of obesity-associated
co-morbidities. Antibiotic treatments, which lower the diversity, have

*These authors contributed equally to this work.
{A list of authors and affiliations appears at the end of the paper.

1Institut National de la Santé et de la Recherche Médicale, U872, Nutriomique, Équipe 7, Centre de Recherches des Cordeliers, Paris 75006, France. 2Université Pierre et Marie-Curie-Paris 6, Nutriomique,
15 rue de l’Ecole de Medecine, Paris 75006, France. 3INRA, Institut National de la Recherche Agronomique, Metagenopolis, Jouy en Josas78350, France. 4Institute of Cardiometabolism and Nutrition,
Assistance Publique-Hôpitaux de Paris, CRNH-Ile de France, Pitié-Salpêtrière, Boulevard de l’Hopital, Paris 75013, France. 5INRA, Institut National de la Recherche Agronomique, UMR 1319 Micalis, Jouy
en Josas 78350, France. 6Institut de Recherche pour le Développement, IRD, UMI 209, UMMISCO, France Nord, Bondy F-93143, France.
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ARTICLE
doi:10.1038/nature12506

Richness of human gut microbiome
correlates with metabolic markers
Emmanuelle Le Chatelier1*, Trine Nielsen2*, Junjie Qin3*, Edi Prifti1*, Falk Hildebrand4,5, Gwen Falony4,5, Mathieu Almeida1,
Manimozhiyan Arumugam2,3,6, Jean-Michel Batto1, Sean Kennedy1, Pierre Leonard1, Junhua Li3,7, Kristoffer Burgdorf2,
Niels Grarup2, Torben Jørgensen8,9,10, Ivan Brandslund11,12, Henrik Bjørn Nielsen13, Agnieszka S. Juncker13, Marcelo Bertalan13,
Florence Levenez1, Nicolas Pons1, Simon Rasmussen13, Shinichi Sunagawa6, Julien Tap1,6, Sebastian Tims14, Erwin G. Zoetendal14,
Søren Brunak13, Karine Clément15,16,17, Joël Doré1,18, Michiel Kleerebezem14, Karsten Kristiansen19, Pierre Renault18,
Thomas Sicheritz-Ponten13, Willem M. de Vos14,20, Jean-Daniel Zucker15,16,21, Jeroen Raes4,5, Torben Hansen2,22, MetaHIT
consortium{, Peer Bork6, Jun Wang3,19,23,24,25, S. Dusko Ehrlich1 & Oluf Pedersen2,26,27,28

We are facing a global metabolic health crisis provoked by an obesity epidemic. Here we report the human gut microbial
composition in a population sample of 123 non-obese and 169 obese Danish individuals. We find two groups of individuals
that differ by the number of gut microbial genes and thus gut bacterial richness. They contain known and previously
unknown bacterial species at different proportions; individuals with a low bacterial richness (23% of the population) are
characterized by more marked overall adiposity, insulin resistance and dyslipidaemia and a more pronounced
inflammatory phenotype when compared with high bacterial richness individuals. The obese individuals among the
lower bacterial richness group also gain more weight over time. Only a few bacterial species are sufficient to distinguish
between individuals with high and low bacterial richness, and even between lean and obese participants. Our
classifications based on variation in the gut microbiome identify subsets of individuals in the general white adult
population who may be at increased risk of progressing to adiposity-associated co-morbidities.

Modern living with a sedentary everyday life, a constant boom of
easily accessible and energy-dense food, and exposure to additional
‘obesogenic’ environmental factors together with extended life expec-
tancy has resulted in an epidemic of metabolic disorders characterized
by a core of excessive body fat accumulation. Projection estimations
predict that, on a global scale, cases will rise from 400 million obese
adults in 2005 to more than 700 million in 2015, and this trend will
continue towards 2030 (refs 1, 2). Some individuals seem to be more
susceptible to the obesogenic environment of modern living than others,
suggesting an important inherited component, supported by several twin,
family and adoption studies, with heritability estimates ranging from
40% to 70% (refs 3–5). Studies of variation in the human genome have
so far resulted in the discovery of more than 50 validated genome-wide
significant loci associated with overall adiposity and body composition6212.
Yet, despite a reasonable number of obesity susceptibility variants iden-
tified, the proportion of explained genetic variance of body mass index
(BMI) remains low, that is, a few per cent (ref. 6). Emerging evidence
suggests, however, that variation in our ‘other genome’—the collective
genome of the microorganisms inhabiting our body, known as the

microbiome—may have an even greater role than human genome vari-
ation in the pathogenesis of obesity given its direct interaction with
environmental factors. Recent studies show that the human gut micro-
biota may be altered in obese relative to lean individuals, even if incon-
sistent changes have been reported. An increase in the phylum Firmicutes
and a decrease in Bacteroidetes associated with obesity was observed in
some13,14, but not all, studies15, with the inverse also reported16. An
increase of Actinobacteria in obese individuals was also reported17.
Mouse gut microbiota obesity-related alterations are characterized
by changes in the Firmicutes to Bacteroidetes ratio, which is increased
in the obese animals18,19. These changes are probably not a mere con-
sequence of obesity, because the obese phenotype can be transmitted
by gut microbiota transplantation in mice, indicating that gut micro-
bial populations may have an active role in obesity pathogenesis20,21.
Establishment of a catalogue of bacterial genes from the human gut22

encouraged us to address the hypothesis that variation in the gut
microbiome at gene and species levels defines subsets of individuals
in the adult population who are at increased risk of obesity-related
metabolic disorders.

*These authors contributed equally to this work.
{A list of authors and affiliations appears at the end of the paper.
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of Bioscience and Biotechnology, South China University of Technology, Guangzhou 510006, China. 8Research Centre for Prevention and Health, Glostrup University Hospital, DK-2900 Glostrup, Denmark.
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informatique des Systèmes Complexes, F-93143 Bondy, France. 22Faculty of Health Sciences, University of Southern Denmark, DK-8200 Odense, Denmark. 23King Abdulazziz University, Jeddah 21589,
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Decrease gut microbiome “richness” (decreased 

number of various bacteria and their genes) is 

associated with both disease states and the 

consumption of a Westernized diet

demographic factors (table S1). For each nu-
trient, we performed PERMANOVA (9) to test
for nutrient microbiome association, from which
we identified 72 and 97 microbiome-associated
nutrients in Recall and FFQ, respectively, at a
false discovery rate (FDR) of 25% (the relatively
high value was used so as not to miss possible
effects of diet on low-abundance bacteria). Both
weighted and unweighted UniFrac identified
similar nutrients, although the discrimination was
sharper with unweighted UniFrac, indicating that
change in community membership rather than
community composition was the main factor.

For each of these nutrients, we used Spearman
correlations to identify the associated bacterial
genera. We considered only the 78 taxa that had
abundance ≥0.2% in at least one sample and ap-
peared in more than 10% of the samples. Figure
1 shows a heat map summarizing Spearman cor-
relations between nutrients from the FFQ and
bacterial taxa. For a given taxon, individual nutri-
ents account for 3 to 20% of the between-subject
variation in abundance.

Nutrients of the same food groups from Recall
and FFQ tended to cluster together (fig. S1A).
The nutrients from fat versus plant products and
fiber showed inverse associations with microbial
taxa (Spearman r = –0.68, P < 0.0001). Inverse
associations were also seen with amino acids and
proteins versus carbohydrates (Spearman r =
–0.73, P < 0.0001) and with fat versus carbo-
hydrates (Spearman r = –0.61, P = 0.0001).
Phyla positively associated with fat but neg-
atively associated with fiber were predominant-
ly Bacteroidetes and Actinobacteria, whereas
Firmicutes and Proteobacteria showed the op-
posite association. However, within each phylum,
not all lower-level taxa demonstrated similar cor-
relations with dietary components (fig. S1B).
Taxa correlated with BMI also correlated with
fat and percent calories from saturated fatty acids
(fig. S1B and table S1).

Following the suggestion by Arumugam et al.
(4) that the human gut microbiome can be parti-
tioned into enterotypes, we investigated whether
the 98 COMBO samples partitioned into clusters
that were detectably associated with dietary or
demographic data (Fig. 2). Several methods for
data processing and clustering were compared
(fig. S2). In one analytical approach (weighted
UniFrac, no lane masking; fig. S2), partitioning
around medoids (PAM) analysis favored parti-
tioning into three clusters, although with quite
low support (silhouette score 0.2) suggesting that
clustering could be due to chance. Comparison to
the three genera specified byArumugam et al. (4)
showed that relatively high levels of the genera
Bacteroides and Prevotella distinguished two of
the clusters, whereas the third showed slightly
higher levels of Ruminococcus. However, most
methods showed two clusters, with stronger sup-
port (Fig. 2; Jensen-Shannon distance, silhouette
score 0.66), in which the Bacteroides enterotype
was fused with the less well distinguished
Ruminococcus enterotype. As described below,

Peonidin, anthocyanidin
Malvidin, anthocyanidin
Petunidin, anthocyanidin
Total anthocyanidins
Delphinidin, anthocyanidin
Pelargonidin, anthocyanidin
Potassium
Potassium w/o suppl.
Magnesium
Magnesium w/o suppl.
Free Choline, choline−contrib. metabolite
Free Choline w/o suppl.
Natural Food Folate
AOAC fiber
Pantothenic Acid w/o suppl.
Naringenin, flavanone
Vitamin E w/o vit. suppl. 
Proanthocyanidin, 4 −6mers
Proanthocyanidin, trimers
Proanthocyanidin, 7 −10mers
Cyanidin, anthocyanidin
Proanthocyanidin, polymers
Proanthocyanidin, dimers
Catechin, flavan−3 −ol
Alcohol
Phenylalanine, Aspartame
Aspartic Acid, Aspartame
Aspartame
Caffeine
Retinol
Retinol Equivalents of Vit A
Total Folate post 1998
Folate Equivalents, suppl. & fort. foods
Riboflavin B2 w/o vit. pills
Histidine
Threonine
Methionine
Lysine
Leucine
Tyrosine
Valine
Isoleucine
Protein
Phenylalanine
Serine
Tryptophan
Glycine
Alanine
Arginine
Asparate
Choline, Phosphatidylcholine
Choline, Phosphatidylcholine w/o suppl.
Total Choline, no betaine
Choline w/o suppl.
Sum of Betaine & Choline
Cystine
Glutamate
Proline
Vitamin D w/o vit. pills
Choline, Glycerophosphocholine
Choline, Phosphocholine
Phosphorus
Phosphorus w/o suppl.
Calcium
Calcium w/o vit. pills
Dairy Protein
Dairy Calcium
Animal Protein
Choline, Sphingomyelin
Cholesterol
Taurine
Palmitoleic fatty acid
Hydroxyproline
Animal fat
c9,t11 conjug diene isomer 18:2 Linoleic
Palmitic fatty acid
Saturated fat
Stearic fatty acid
Palmitelaidic trans fatty acid
Sodium
Dihydrophylloquinone Vitamin K1 
Trans Oleic fatty acid
Total Trans
Total Trans/Cis Trans Linoleic
Eicosenoic fatty acid
Gamma Linolenic fatty acid (2002)
Gamma linolenic fatty acid (2000)
Fructose
Glucose
Carbohydrates
Total Sugars
Sucrose
Glycemic Index
Maltose
Eriodictyol, flavonone
Added Germ from wheats
Vitamin E,  Food Fortification

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*

**
*

*
*

*
*

*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

**
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
*

*
Bacteroides Prevotella

−0.2 0 0.2

Spearman Correlation

Phylum
Firmicutes
Bacteroidetes
Actinobacteria
Proteobacteria

Amino Acids
and

Choline

Fiber
and

Plant Derived
Compounds

Fats

Carbohydrates

Fig. 1. Correlation of diet and gut microbial taxa identified in the cross-sectional COMBO analysis. Columns
correspond to bacterial taxa quantified using 16S rDNA tags; rows correspond to nutrients measured by dietary
questionnaire. Red and blue denote positive and negative association, respectively. The intensity of the colors
represents the degree of association between the taxa abundances and nutrients as measured by the Spearman’s
correlations. Bacterial phyla are summarized by the color code on the bottom; lower-level taxonomic assign-
ments specified are in fig. S1. The dots indicate the associations that are significant at an FDR of 25%. The FFQ
data were used for this comparison (both FFQ and Recall dietary data are shown together in fig. S1). Columns
and rows are clustered by Euclidean distance, with rows separated by the predominant nutrient category.
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species, which could shed light on their survival strategies in the
human gut. In the samples analysed here, the most abundant molecular
functions generally trace back to the most dominant species. However,
we identified some abundant orthologous groups that are contributed
to primarily by low-abundance genera (see Supplementary Fig. 2, Sup-
plementary Table 6 and Supplementary Notes section 3). For example,
low-abundance Escherichia contribute over 90% of two abundant
proteins associated with bacterial pilus assembly, FimA (COG3539)

and PapC (COG3188), found in one individual (IT-AD-5). Pili enable
the microbes to colonize the epithelium of specific host organs; they
help microbes to stay longer in the human intestinal tract by binding to
human mucus or mannose sugars present on intestinal surface struc-
tures18. They are also key components in the transfer of plasmids
between bacteria through conjugation, often leading to exchange of
protective functions such as antibiotic resistance18. Pili can thus pro-
vide multiple benefits to these low-abundance microbes in their efforts
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Figure 2 | Phylogenetic differences between enterotypes. a–c, Between-class
analysis, which visualizes results from PCA and clustering, of the genus
compositions of 33 Sanger metagenomes estimated by mapping the
metagenome reads to 1,511 reference genome sequences using an 85%
similarity threshold (a), Danish subset containing 85 metagenomes from a
published Illumina data set8 (b) and 154 pyrosequencing-based 16S sequences5

(c) reveal three robust clusters that we call enterotypes. IBD, inflammatory
bowel disease. Two principal components are plotted using the ade4 package in

R with each sample represented by a filled circle. The centre of gravity for each
cluster is marked by a rectangle and the coloured ellipse covers 67% of the
samples belonging to the cluster. IBD, inflammatory bowel disease.
d, Abundances of the main contributors of each enterotype from the Sanger
metagenomes. See Fig. 1 for definition of box plot. e, Co-occurrence networks
of the three enterotypes from the Sanger metagenomes. Unclassified genera
under a higher rank are marked by asterisks in b and e.
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Enterotypes of the human gut microbiome
Manimozhiyan Arumugam1*, Jeroen Raes1,2*, Eric Pelletier3,4,5, Denis Le Paslier3,4,5, Takuji Yamada1, Daniel R. Mende1,
Gabriel R. Fernandes1,6, Julien Tap1,7, Thomas Bruls3,4,5, Jean-Michel Batto7, Marcelo Bertalan8, Natalia Borruel9,
Francesc Casellas9, Leyden Fernandez10, Laurent Gautier8, Torben Hansen11,12, Masahira Hattori13, Tetsuya Hayashi14,
Michiel Kleerebezem15, Ken Kurokawa16, Marion Leclerc7, Florence Levenez7, Chaysavanh Manichanh9, H. Bjørn Nielsen8,
Trine Nielsen11, Nicolas Pons7, Julie Poulain3, Junjie Qin17, Thomas Sicheritz-Ponten8,18, Sebastian Tims15, David Torrents10,19,
Edgardo Ugarte3, Erwin G. Zoetendal15, Jun Wang17,20, Francisco Guarner9, Oluf Pedersen11,21,22,23, Willem M. de Vos15,24,
Søren Brunak8, Joel Doré7, MetaHIT Consortium{, Jean Weissenbach3,4,5, S. Dusko Ehrlich7 & Peer Bork1,25

Our knowledge of species and functional composition of the human gut microbiome is rapidly increasing, but it is still
based on very few cohorts and little is known about variation across the world. By combining 22 newly sequenced faecal
metagenomes of individuals from four countries with previously published data sets, here we identify three robust
clusters (referred to as enterotypes hereafter) that are not nation or continent specific. We also confirmed the
enterotypes in two published, larger cohorts, indicating that intestinal microbiota variation is generally stratified, not
continuous. This indicates further the existence of a limited number of well-balanced host–microbial symbiotic states
that might respond differently to diet and drug intake. The enterotypes are mostly driven by species composition, but
abundant molecular functions are not necessarily provided by abundant species, highlighting the importance of a
functional analysis to understand microbial communities. Although individual host properties such as body mass
index, age, or gender cannot explain the observed enterotypes, data-driven marker genes or functional modules can
be identified for each of these host properties. For example, twelve genes significantly correlate with age and three
functional modules with the body mass index, hinting at a diagnostic potential of microbial markers.

Various studies of the human intestinal tract microbiome based on
the 16S ribosomal-RNA-encoding gene reported species diversity
within and between individuals1–3, and the first metagenomics studies
characterized the functional repertoire of the microbiomes of several
American4,5 and Japanese6 individuals. Although a general consensus
about the phylum level composition in the human gut is emerging1,3,7,
the variation in species composition1,2 and gene pools5,8 within the
human population is less clear. Furthermore, it is unknown whether
inter-individual variation manifests itself as a continuum of different
community compositions or whether individual gut microbiota con-
gregate around preferred, balanced and stable community composi-
tions that can be classified. Studying such questions is complicated by
the complexity of sampling, DNA preparation, processing, sequen-
cing and analysis protocols9 as well as by varying physiological, nutri-
tional and environmental conditions. To analyse the feasibility of
comparative metagenomics of the human gut across cohorts and
protocols and to obtain first insights into commonalities and differ-
ences between gut microbiomes across different populations, we
Sanger-sequenced 22 European metagenomes from Danish, French,
Italian and Spanish individuals that were selected for diversity (Sup-
plementary Notes section 1), and combined them with existing Sanger

(13 Japanese6, 2 American4) and pyrosequencing (2 American5) gut
data sets—totalling 39 individuals.

Global variation of human gut metagenomes
The vast majority of sequences in the newly sequenced 22 European
samples belong to bacteria—only 0.14% of the reads could be classified
as human contamination, all other eukaryotes together only comprised
0.5%, archaea 0.8% and viruses up to 5.8% (see Supplementary Notes
section 2.1 for details).

To investigate the phylogenetic composition of the 39 samples from 6
nationalities, we mapped metagenomic reads, using DNA sequence
homology, to 1,511 reference genomes (Supplementary Table 3) includ-
ing 379 publicly available human microbiome genomes generated
through the National Institutes of Health (NIH) Human Microbiome
Project10 and the European MetaHIT consortium11 (Supplementary
Methods section 4.1). To consistently estimate the functional composi-
tion of the samples, we annotated the predicted genes from the meta-
genomes using eggNOG12 orthologous groups (Supplementary Methods
section 6.2). We ensured that comparative analysis using these proce-
dures was not biased by data-set origin, sample preparation, sequencing
technology and quality filtering (see Supplementary Notes section 1).
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0.8%, respectively). The differential distribution of Firmicutes
and Bacteroidetes delineates profound differences between the
two groups (Fig. S1).
Statistical analysis using a parametric test (ANOVA) indicates

that Firmicutes (P = 7.89 × 10−5) and Bacteroidetes (P = 1.19 ×
10−6) significantly differentiate the BF from the EU children.
This result is strengthened by the nonparametric Kruskal–Wallis
test, which again indicated significant discriminating factors in
Firmicutes (P = 3.38 × 10−5), Bacteroidetes (P = 4.80 × 10−4),
Actinobacteria (P = 8.82 × 10−3), and Spirochaetes (P = 1.11 ×
10−5) phyla. Firmicutes are twice as abundant in the EU children
as evidenced by the different ratio between Firmicutes and
Bacteroidetes (F/B ratio ± SD, 2.8 ± 0.06 in EU and 0.47 ± 0.05
in BF), suggesting a dramatically different bacterial colonization
of the human gut in the two populations. Interestingly, Prevotella,
Xylanibacter (Bacteroidetes) and Treponema (Spirochaetes) are
present exclusively in BF children microbiota (Figs. 2 A and B,
Fig. S2, and Table S5). We can hypothesize that among the
environmental factors separating the two populations (diet,
sanitation, hygiene, geography, and climate) the presence of

these three genera could be a consequence of high fiber intake,
maximizing metabolic energy extraction from ingested plant
polysaccharides.
Diet plays a central role in shaping the microbiota, as dem-

onstrated by the fact that bacterial species associated with a high-
fat, high-sugar diet promote obesity in gnotobiotic mice (12). In
such a model, indigenous bacteria maintain energy homeostasis
by influencing metabolic processes. The ratio of Firmicutes to
Bacteroidetes differs in obese and lean humans, and this pro-
portion decreases with weight loss on low-calorie diet (9). It is
therefore reasonable to surmise that the increase in the F/B ratio
in EU children, probably driven by their high-calorie diet, might
predispose them to future obesity. This F/B ratio may also be
considered a useful obesity biomarker.

16S rRNA Gene Surveys Reveal Hierarchical Separation of the Two
Pediatric Populations. We further assessed differences in the total
bacterial community at the single sample level by clustering the
EU and BF samples according to their bacterial genera as found
by the RDP classifier (Ribosomal Database Project v. 2.1).

Fig. 2. 16S rRNA gene surveys reveal a clear separation of two children populations investigated. (A and B) Pie charts of median values of bacterial genera
present in fecal samples of BF and EU children (>3%) found by RDP classifier v. 2.1. Rings represent corresponding phylum (Bacteroidetes in green and
Firmicutes in red) for each of the most frequently represented genera. (C) Dendrogram obtained with complete linkage hierarchical clustering of the samples
from BF and EU populations based on their genera. The subcluster located in the middle of the tree contains samples taken from the three youngest (1–2 y
old) children of the BF group (16BF, 3BF, and 4BF) and two 1-y-old children of the EU group (2EU and 3EU). (D) Relative abundances (percentage of sequences)
of the four most abundant bacterial phyla in each individual among the BF and EU children. Blue area in middle shows abundance of Actinobacteria, mainly
represented by Bifidobacterium genus, in the five youngest EU and BF children. (E) Relative abundance (percentage of sequences) of Gram-negative and
Gram-positive bacteria in each individual. Different distributions of Gram-negative and Gram-positive in the BF and EU populations reflect differences in the
two most represented phyla, Bacteroidetes and Firmicutes.
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SUMMARY

Elevated postprandial blood glucose levels consti-
tute a global epidemic and amajor risk factor for pre-
diabetes and type II diabetes, but existing dietary
methods for controlling them have limited efficacy.
Here, we continuously monitored week-long glucose
levels in an 800-person cohort, measured responses
to 46,898 meals, and found high variability in the
response to identical meals, suggesting that univer-
sal dietary recommendations may have limited
utility. We devised a machine-learning algorithm
that integrates blood parameters, dietary habits, an-
thropometrics, physical activity, and gut microbiota
measured in this cohort and showed that it accu-
rately predicts personalized postprandial glycemic
response to real-life meals. We validated these
predictions in an independent 100-person cohort.
Finally, a blinded randomized controlled dietary
intervention based on this algorithm resulted in
significantly lower postprandial responses and
consistent alterations to gut microbiota configura-
tion. Together, our results suggest that personalized
diets may successfully modify elevated postprandial
blood glucose and its metabolic consequences.

INTRODUCTION

Blood glucose levels are rapidly increasing in the population, as
evident by the sharp incline in the prevalence of prediabetes and
impaired glucose tolerance estimated to affect, in the U.S. alone,
37% of the adult population (Bansal, 2015). Prediabetes, charac-

terized by chronically impaired blood glucose responses, is a sig-
nificant risk factor for type II diabetes mellitus (TIIDM), with up to
70% of prediabetics eventually developing the disease (Nathan
et al., 2007). It is also linked to other manifestations, collectively
termed the metabolic syndrome, including obesity, hypertension,
non-alcoholic fatty liver disease,hypertriglyceridemia,andcardio-
vascular disease (Grundy, 2012). Thus, maintaining normal blood
glucose levels is considered critical for preventing and controlling
the metabolic syndrome (Riccardi and Rivellese, 2000).
Dietary intake is a central determinant of blood glucose levels,

and thus, in order to achieve normal glucose levels it is impera-
tive to make food choices that induce normal postprandial (post-
meal) glycemic responses (PPGR; Gallwitz, 2009). Postprandial
hyperglycemia is an independent risk factor for the development
of TIIDM (American Diabetes Association., 2015a), cardiovascu-
lar disease (Gallwitz, 2009), and liver cirrhosis (Nishida et al.,
2006) and is associated with obesity (Blaak et al., 2012), and
enhanced all-cause mortality in both TIIDM (Cavalot et al.,
2011) and cancer (Lamkin et al., 2009).
Despite their importance, no method exists for predicting

PPGRs to food. The current practice is to use the meal carbohy-
drate content (American Diabetes Association., 2015b; Bao
et al., 2011), even though it is a poor predictor of the PPGR
(Conn and Newburgh, 1936). Other methods aimed at estimating
PPGRs are the glycemic index, which quantifies PPGR to con-
sumption of a single tested food type, and the derived glycemic
load (Jenkins et al., 1981). It thus has limited applicability in as-
sessing the PPGR to real-life meals consisting of arbitrary food
combinations and varying quantities (Dodd et al., 2011),
consumed at different times of the day and at different proximity
to physical activity and other meals. Indeed, studies examining
the effect of diets with a low glycemic index on TIIDM risk, weight
loss, and cardiovascular risk factors yielded mixed results
(Greenwood et al., 2013; Kristo et al., 2013; Schwingshackl
and Hoffmann, 2013).
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Figure 1. Profiling of Postprandial Glycemic Responses, Clinical Data, and Gut Microbiome
(A) Illustration of our experimental design.

(B and C) Distribution of BMI and glycated hemoglobin (HbA1c%) in our cohort. Thresholds for overweight (BMI R 25 kg/m2), obese (BMI R 30 kg/m2),

prediabetes (HbA1c% R 5.7%) and TIIDM (R6.5%) are shown.

(legend continued on next page)
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Diet, the Gut Microbiome, and its Metabolome

Holmes et al. Cell Met. 2012;16:559



Wang et al. Nature. 2011;472:57-63

Effect of Diet on Metabolite Production by the 
Gut Microbiota and its Impact on Disease



The CutC Bacterial Gene Converts Choline into TMA: 
Implications for Human Health

Craciun S , and Balskus E P 
PNAS 2012;109:21307-21312

Fig. S3. Environmental and phylogenetic distribution of choline utilization. (A) Sources of sequenced bacterial isolates that possess a complete cut gene
cluster. (B) Phylogenetic distribution of putative choline-degrading human gastrointestinal tract isolates.

Fig. S4. SDS-PAGE of cell lysates from heterologous expressions of CutC and CutD in E. coli using a 4–15% (wt/vol) polyacrylamide Tris-HCl gel. Lane 1, 10–250
kDa protein ladder (New England Biolabs); lane 2, wild-type CutC + CutD; lane 3, CutC C498A mutant + CutD; lane 4, CutC G821A mutant + CutD; and lane 5,
empty pET-29b vector control. The calculated molecular weight of CutC (Dde_3282) is 96 kDa.

Craciun and Balskus www.pnas.org/cgi/content/short/1215689109 4 of 10

Bacteria that have the CutC gene
Choline

Trimethyl Amine (TMA)

Choline
TMA-lyase

(CutC Gene)

•Quantify the risk for heart disease  by characterizing the abundance of 
bacteria in the gut that have a CutC gene.

•Develop “medical foods” to reduce the production of TMA by bacteria from the 
diet.

•Reduce CutC expressing bacteria in the gut or develop drugs to inhibit CutC
activity in bacteria.

Developing Innovative Strategies to Prevent and Treat Human Disease
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SUMMARY

Trimethylamine (TMA) N-oxide (TMAO), a gut-micro-
biota-dependent metabolite, both enhances athero-
sclerosis in animal models and is associated with
cardiovascular risks in clinical studies. Here, we
investigate the impact of targeted inhibition of the
first step in TMAO generation, commensal microbial
TMA production, on diet-induced atherosclerosis. A
structural analog of choline, 3,3-dimethyl-1-butanol
(DMB), is shown to non-lethally inhibit TMA formation
from cultured microbes, to inhibit distinct microbial
TMA lyases, and to both inhibit TMA production
from physiologic polymicrobial cultures (e.g., intesti-
nal contents, human feces) and reduce TMAO levels
in mice fed a high-choline or L-carnitine diet. DMB
inhibited choline diet-enhanced endogenous macro-
phage foam cell formation and atherosclerotic lesion
development in apolipoprotein e !/! mice without
alterations in circulating cholesterol levels. The pre-
sent studies suggest that targeting gutmicrobial pro-
duction of TMA specifically and non-lethal microbial
inhibitors in general may serve as a potential thera-
peutic approach for the treatment of cardiometabolic
diseases.

INTRODUCTION

Recent studies suggest that gut microbes are participants in
atherosclerosis development. Specifically, choline, phosphati-
dylcholine, and carnitine—trimethylamine (TMA)-containing nu-
trients abundant in foods such as meat, egg yolks, and high-fat
dairy products—serve as dietary precursors for TMA N-oxide
(TMAO) generation in mice and humans, a metabolite that accel-
erates atherosclerosis in animal models (Koeth et al., 2013; Tang
et al., 2013; Wang et al., 2011). Blood TMAO levels are associ-
ated with risks for both prevalent atherosclerotic heart disease

and incident major adverse cardiac events in multiple indepen-
dent cohorts (Koeth et al., 2013; Lever et al., 2014; Mente
et al., 2015; Tang et al., 2013, 2014; Trøseid et al., 2015; Wang
et al., 2011, 2014b). TMAO-lowering interventions are, thus,
of considerable interest for their potential therapeutic benefit
(Brown and Hazen, 2015).
TMAO formation in mammals occurs via a two-step metaor-

ganismal pathway (Koeth et al., 2013; Wang et al., 2011). Spe-
cifically, following nutrient ingestion, gut microbes form TMA,
and then host hepatic flavin monooxygenases (FMOs) catalyze
the conversion of TMA into TMAO (Koeth et al., 2013; Wang
et al., 2011). Recent studies highlight the importance of both
TMAO and host hepatic FMO3, the primary FMO responsible
for TMAO production, as important regulators in host lipid
and sterol metabolism, as well as atherosclerosis development
(Bennett et al., 2013; Koeth et al., 2013; Shih et al., 2015; Wang
et al., 2011; Warrier et al., 2015). In addition, recent microbial
transfer studies confirm that both choline-diet-enhanced
atherosclerosis susceptibility and TMA/TMAO formation are
transmissible traits (Gregory et al., 2015). Accordingly, the
concept of ‘‘drugging the microbiome’’ to inhibit the meta-
organismal pathway responsible for TMAO generation is of in-
terest as a potential therapeutic approach for prevention of
atherosclerosis. Toward that end, recent studies confirm that
suppression of the host enzyme, FMO3, through an antisense
oligonucleotide-based approach, results in the reduction of
both circulating TMAO levels and diet-enhanced atheroscle-
rosis in animal models (Miao et al., 2015; Shih et al., 2015).
However, while numerous beneficial effects with FMO3 inhibi-
tion have been noted, FMO3 inhibition is also accompanied
by several untoward side effects, including hepatic inflamma-
tion (Shih et al., 2015; Warrier et al., 2015). It is also well estab-
lished that humans with genetic defects in FMO3 suffer from
fish odor syndrome, due to the accumulation of TMA and its
noxious odor (Cashman et al., 2003), reducing the appeal
of FMO3 as a potential therapeutic target for inhibition.
Reduction in TMAO levels by non-lethally targeting the gut
microbial pathway(s) involved in TMA production has not yet
been explored as a potential therapeutic approach to inhibit
atherosclerosis.

Cell 163, 1585–1595, December 17, 2015 ª2015 Elsevier Inc. 1585
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• Antibiotics
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• Immune Modulators
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Dodd et al. 
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Methanobrevibacter smithii is the Archaeon in the gut that 
produces methane.  Arachaea are:

Ancient Extremophiles

Very helpful in science!
Thermus aquaticus

PCR
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Clostridium difficile infection (CDI)

Ananthakrishnan et al. Nat. 
Rev. Gastro & Hep. 2011;8:17

Medscape C. Diff Colitis

•Overgrowth of a toxin producing 
bacterium

• Caused by a disruption of the 
normal gut microbiota through the 
use of antibiotics

Fecal Microbiota Transplantation (FMT): A success story for the 
Treatment of Refractory CDI

• Prescreening of donors to 
prevent transmission of 
currently known pathogens

•Homogenization, filtration, 
and administration usually 
through a colonoscope

Success rate of around 90% when fecal microbiota transplantation (FMT) is used to treat CDI



FMT: Clinical trials

• C difficile infection (38)
• Crohn’s (5)
• Ulcerative Colitis (15)
• Pouchitis (3)
• IBD (9)
• IBS (6)
• Constipation (4)
• NAFLD/NASH (3)
• PSC 
• Intestinal pseudo-

obstruction
• Autologous FMT 

(preventative)

• Obesity/metabolic syndrome 
(5) 

• HIV
• DM-II (2)
• Pancreatitis (2)
• Hepatitis B
• MRSA enterocolitis
• Drug-resistant organisms (4)
• Hepatic encephalopathy (2)
• Post-stem cell transplant (2)

Clinicaltrials.gov 06/02/2016



Although the short-term infectious risks of FMT seem to be definable and quantifiable, 
we should remember the entire generation of patients infected with HCV by blood 
transfusion before this pathogen was identified.

The field should move cautiously because the long-term consequences of FMT in 
humans are unknown. 

• The gut microbiome contains a highly complex and dense community of microbes 
that include bacteria, fungi and viruses, many of which have not been fully 
characterized. 
• It is a dynamic and living consortium that can change over time in ways that 

scientists cannot currently fully predict. 
•Animal model data suggests that the gut microbiome may play a role in the 

pathogenesis of several human diseases.

You Shouldn’t Do it Just Because You Can—Caution about 
FMT and the Need for Regulation

FDA regulation of FMT by requiring a Investigator New Drug application (IND):
4/25/13: FDA Center for Biologics Evaluation and Research (CBER):  Publically 

announces the need for an IND.
6/17/13: “Discretionary Oversight” announced by CEBR.



The Progression of Science, Reduction to Practice, and 
Development of New Gut Microbiota-Based Products
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The human small intestinal 
and colonic microbiota in vitro: 

Community structure and function
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• Limited access to the small intestine in vivo 
• Difficult to study

• Static composition (Single time point) 
• Dynamic response to stimuli

• Develop a small intestine in vitro model
• Glass cultivars/bioreactors 
• Mimic physiological conditions

• Temperature, pH control, Agitation
• Inflow à outflow

Experimental design

• Metagenomics
• Shotgun sequencing

• Functional Analysis
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