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The Human Microbiome
• 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

Diabetes:

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

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

Sanitized environment

Colon Cancer: Enterotoxigenic Bacteroides fragilis and Fusobacterium
Inflammatory Bowel Disease: Dysbiosis

Host Gene-Microbial Interactions in the Pathogenesis of ImmuneMediated Diseases in “Modern Society”
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munity structure and composition in the gut microbiota. (A) Each vertical lane corresponds to a sample day, and the gray-sc
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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.,
Nervana Metwali, Ph.D., Julia W. Neilson, Ph.D., Raina M. Maier, Ph.D., Jack A. Gilbert, Ph.D.,
Mark Holbreich, M.D., Peter S. Thorne, Ph.D., Fernando D. Martinez, M.D., Erika von Mutius, M.D.,
Donata Vercelli, M.D., Carole Ober, Ph.D., and Anne I. Sperling, Ph.D.

abstr act
BACKGROUND

The Amish and Hutterites are U.S. agricultural populations whose lifestyles are remarkably 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 assessing the microbiome composition of indoor dust samples. Whole blood was collected to
measure serum IgE levels, cytokine responses, and gene expression, and peripheralblood 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.

The authors’ affiliations are listed in the
Appendix. Address reprint requests to Dr.
Vercelli at the Arizona Respiratory Center, University of Arizona, The Bio5 Institute, Rm. 339, 1657 E. Helen St., Tucson, AZ
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Conventionally
Despite the similar genetic ancestries and lifestyles of Amish and Hutterite children, Housed
the prevalence of asthma and allergic sensitization was 4 and 6 times as low in the
N Engl J Med 2016;375:411-21.
DOI: 10.1056/NEJMoa1508749

RESULTS

• 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.

Germ-free

Adult Microbial
Colonization

Perinatal Microbial
Colonization

Copyright © 2016 Massachusetts Medical Society.

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 functions 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 extracts from Amish but not Hutterite homes significantly inhibited airway hyperreactivity and eosinophilia. These protective effects were abrogated in mice that were deficient
in MyD88 and Trif, molecules that are critical in innate immune signaling.
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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 response. (Funded by the National Institutes of Health and others.)
n engl j med 375;5 nejm.org August 4, 2016
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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)

Dietary Fiber and the Intestinal Mucus Barrier

Desai, MS et al. Cell;167:2016
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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 assignments specified are in fig. S1. The dots indicate the associations that are significant at an FDR of 25%. The FFQ

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

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 microbiota 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 different enterotypes10, but the analyses were carried out mainly in nonintervention settings. To investigate the temporal relationships
between food intake, gut microbiota and metabolic and inflammatory phenotypes, we conducted diet-induced weight-loss and weightstabilization 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 concomitantly 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 composition 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 energyrestricted 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 quantitative 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 sensitivity 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 beginning of the intervention (Supplementary Tables 2 and 3). Serum lipid
variables also tended to return to their basal levels as well, while a progressive reduction occurred in systemic inflammation markers.
We first examined the gut microbial composition of the study population 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, harbouring on average 379,436 and 561,499 genes respectively, a onethird 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 cholesterol 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

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

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 expectancy 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 identified, 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
1

microbiome—may have an even greater role than human genome variation in the pathogenesis of obesity given its direct interaction with
environmental factors. Recent studies show that the human gut microbiota may be altered in obese relative to lean individuals, even if inconsistent 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 consequence of obesity, because the obese phenotype can be transmitted
by gut microbiota transplantation in mice, indicating that gut microbial 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.
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•Individuals with marked obesity, insulin resistance,
dyslipidemia, and inflammatory phenotype have
low bacterial richness
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Figure 1 | Gut microbial composition of LGC (n 5 18) and HGC (n 5 27)
subjects. a, Baseline gene count. b, Presence and frequency of 25 tracer genes
for species differentially abundant in LGC and HGC groups; Mann–Whitney
probability (q, false discovery rate (FDR) adjusted) is given. Genes are in rows,
frequency is indicated by colour gradient (white, not detected; red, most
abundant); individuals, ordered by increasing gene number, are in columns.
c, Highest AUC values for a combination of a given number of species in a ROC
analysis of 45 individuals of our cohort (red) and 292 individuals of the Danish
cohort11. Inset, AUC for the combination of six species.

•Increased consumption of an agrarian diet, rich in
fruits and vegetables with higher fiber, is associated
with increased bacterial gene richness
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•Energy-restricted diets increase bacterial gene
richness

ARTICLE

one individual (IT-AD-5). Pili enable
hich could shed light on their survival strategies in the and PapC (COG3188), found indoi:10.1038/nature09944
t. In the samples analysed here, the most abundant molecular the microbes to colonize the epithelium of specific host organs; they
generally trace back to the most dominant species. However, help microbes to stay longer in the human intestinal tract by binding to
ed some abundant orthologous groups that are contributed human mucus or mannose sugars present on intestinal surface structuresLe18Paslier
y by low-abundance
genera
(see Supplementary
Fig.Pelletier
2, Sup- , Denis
. They ,are
also
key , components
the transfer of plasmids
Manimozhiyan
Arumugam
*, Jeroen Raes *, Eric
Takuji
Yamada
Daniel R. Mende in
,
Gabriel R. Fernandes , Julien Tap , Thomas Bruls
, Jean-Michel Batto , Marcelo Bertalan , Natalia Borruel ,
y Table 6 and
Supplementary
Notes
section, 3).
For Gautier
example,
bacteria
conjugation,
Fernandez
Laurent
, Torbenbetween
Hansen
, Masahira through
Hattori , Tetsuya
Hayashi ,often leading to exchange of
Francesc
Casellas , Leyden
18
Michiel Kleerebezem , Ken Kurokawa , Marion Leclerc , Florence Levenez , Chaysavanh Manichanh , H. Bjørn Nielsen ,
dance Escherichia
contribute over 90% of two abundant protective functions
such as antibiotic resistance
. Pili can thus pro, Sebastian Tims , David Torrents
,
Trine Nielsen , Nicolas Pons , Julie Poulain , Junjie Qin , Thomas Sicheritz-Ponten
Edgardo Ugarte , Erwin G. Zoetendal , Jun Wang
, Francisco Guarner , Oluf Pedersen
, Willem M. de Vos
,
ssociated with
bacterial pilus assembly, FimA (COG3539)
vide multiple
benefits to these
low-abundance
microbes in their efforts
, S. Dusko Ehrlich & Peer Bork
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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
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ctinobacteria
(Pthe=phylum
8.82level
× 10
), and
Spirochaetes
(P = 1.11
× belong
portion
decreases
weight
loss
on low-calorie diet (9). It is
samples
to bacteria—only
0.14% with
of the reads
could be
classified
,
about
composition
in the
human gut is emerging
−5
as human contamination, all other eukaryotes together only comprised
the variation in species composition and gene pools within the
) phyla. Firmicutes
areis less
twice
abundant
the EU
children
therefore
reasonable
to surmise
that
the increase in the F/B ratio
0.5%, archaea
0.8% and viruses
up to 5.8% (see
Supplementary
Notes
human population
clear.as
Furthermore,
it isin
unknown
whether
JP.AD.2
section 2.1 for details).
inter-individual variation
manifests itself as a continuum
of different
ES.AD.3
cchildren,
Bacteroides
Bacteroides
evidencedcommunity
by thecompositions
differentor whether
ratio individual
between
Firmicutes and
inPC1
EU
probably
driven
byfrom
their
high-calorie diet, might
gut microbiota conTo investigate
the phylogenetic
composition
of the
39 samples
6
FR.AD.7
stable
composinationalities, we mapped metagenomic reads, using DNA sequence
Correspondence
acteroidetesgregate
(F/Baround
ratiopreferred,
± SD,balanced
2.8 ± and
0.06
incommunity
EU complicated
and
0.47
± 0.05
predispose them to future obesity. This F/B ratio may also be
ES.AD.4
tions that can be classified. Studying such questions isIT.AD.3
by
homology, to 1,511 reference genomes (Supplementary Table 3) includBlautia
JP.AD.5
the complexity
of sampling,
DNA
preparation,
processing,
sequening
379
publicly
available
human
microbiome
genomes
generated
ES.AD.2
BF), suggesting
a dramatically
different
bacterial
colonization
FR.AD.2
JP.AD.3
considered a useful obesity biomarker.
Akkermansia
physiological,
nutricing and analysis protocols as well as by varying
through
fredrik.backhed@wlab.gu.se
IT.AD.1 the National Institutes of Health (NIH) Human Microbiome
FR.AD.5
Alistipes
the humanIT.AD.4
gut and
in the
two
populations.
Prevotella,
tional
environmental
conditions. ToInterestingly,
analyse the feasibility
of
Project and the European MetaHIT consortium (Supplementary
DA.AD.1 of the human gut FR.AD.1
comparativePrevotella
metagenomics
across cohorts and
Methods section 4.1). To consistently estimate the functional composirRNA
Gene the
Surveys
Hierarchical
Separation of the Two
lanibacter protocols
(Bacteroidetes)
andinsights
Treponema
(Spirochaetes)
areof the 16S
and to obtain first
into commonalities
and
differtion
samples,
we annotated
predictedReveal
genes from
the metaRuminococcus
DA.AD.2
IT.AD.6
ences between gut microbiomes across different populations,
we
orthologous
groups
(Supplementary
Methods
genomes
using
eggNOG
DA.AD.3
further
assessed
differences in the total
esent exclusively
in BF22children
microbiota
A andsection
B, 6.2).Pediatric
Sanger-sequenced
European metagenomes
from(Figs.
Danish, 2
French,
We ensuredPopulations.
that comparative We
analysis
using these
proceDA.AD.4
dures was not biased by data-set origin, sample preparation, sequencing
and Spanish individuals that were selected for diversity (SupIn Brief
bacterial community at the single sample level by clustering the
g. S2,
andItalian
Table
S5).section
We 1),can
hypothesize thatFR.AD.4
among
the
FR.AD.6Notes
technology and quality filtering (see Supplementary Notes section 1).
plementary
and combined them with existing
Sanger
EU and BF samples according to their bacterial genera as found
vironmental factors separating the two populations (diet,
Diet affects the gut microbiota
these
three
genera
could
be
a
consequence
of
high
ﬁber
intake,
0.8%,
respectively).
The
differential
distribution
of
Firmicutes
nitation, hygiene, geography, and climate) the presence of
by the RDP classiﬁer (Ribosomal Database Project v. 2.1).
and Bacteroidetes
delineates profound differences between the
maximizing metabolic energy extraction from ingested plant
IT.AD.2
composition, though large interIT.AD.5
two groups (Fig. S1).
polysaccharides.
Prevotella
Obese
Statistical analysis using a parametric test (ANOVA) indicates
Diet plays a central role in shaping the microbiota, as dem- individual variations exist. KovatchevaIBD
that Firmicutes (P = 7.89 × 10−5) and Bacteroidetes (P = 1.19 ×
onstrated by the fact that bacterial species associated with a highPC2
10−6) signiﬁcantly differentiate the BF from the EU children.
fat, high-sugar diet promote obesity in gnotobiotic mice (12). In Datchary et al. reveal that subjects with
Bacteroides
Prevotella
d
This
result is strengthened by the Ruminococcus
nonparametric Kruskal–Wallis
such a model, indigenous bacteria maintain energy homeostasis improved glucose metabolism after
test, which again indicated
signiﬁcant discriminating factors in
by inﬂuencing metabolic processes. The ratio of Firmicutes to
©2011 Macmillan Publishers Limited. All rights reserved
0.5
0.06 −5
−4
0.3
Firmicutes (P = 3.38 × 10 ), Bacteroidetes (P = 4.80 × 10 ),
Bacteroidetes differs in obese and lean humans, and this pro- barley kernel supplementation have
−3
Actinobacteria (P = 8.82 × 10 ), and Spirochaetes (P = 1.11 ×
portion decreases with weight loss on low-calorie diet (9). It is
0.04
0.2
0.3
10−5) phyla. Firmicutes are twice as abundant in the EU children
therefore reasonable to surmise that the increase in the F/B ratio increased Prevotella in their gut
as evidenced by the different ratio between Firmicutes and
in EU children, probably driven by their high-calorie diet, might microbiota. Prevotella plays a direct role
0.02
0.1
Bacteroidetes (F/B ratio ± SD, 2.8 ± 0.06 in EU and 0.47 ± 0.05
predispose them to future obesity. This F/B ratio may also be
0.1
in BF), suggesting a dramatically different bacterial colonization
in the beneficial response, supporting the
considered a useful obesity biomarker.
0.01
of the human gut in the two populations. Interestingly, Prevotella,
1
2
3
1
2
3
1
2
3
16S rRNA Gene Surveys Reveal Hierarchical Separation of the Two importance of personalized approaches
Xylanibacter (Bacteroidetes) and Treponema (Spirochaetes) are
Enterotype
Enterotype
Enterotype
Pediatric Populations. We further assessed differences in the total to improve metabolism.
present exclusively in BF children microbiota (Figs. 2 A and B,
e
bacterial community at the single sample level by clustering the
Fig.
S2, and Table S5). We canAkkermansia
hypothesize that among the
Alkaliphilus
Geobacter
Veillonella
Akkermansia environmental
Helicobacter
EU and BF samples according to their bacterial genera as found
factors separating
the two populations (diet,
Sphingo
Gordonibacter
Catenibacterium
sanitation, hygiene,
by the RDP classiﬁer (Ribosomal Database Project v. 2.1).
bacterium and climate) the presence of
Leuconostocgeography,
6

4

5

1–3

4,5

6

1,3,7

Prevotella

1,2

5,8

FR.AD.8 AM.F10.T2

9

AM.F10.T1

10

11

12

1

European Molecular Biology Laboratory, Meyerhofstrasse 1, 69117 Heidelberg, Germany. 2VIB—Vrije Universiteit Brussel, 1050 Brussels, Belgium. 3Commissariat à l’Energie Atomique, Genoscope,
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against Bacteroides-induced glucose
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. 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
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Diet, the Gut Microbiome, and its Metabolome

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

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

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

The CutC Bacterial Gene Converts Choline into TMA:
Implications for Human Health
Bacteria that have the CutC gene

Choline
Choline
TMA-lyase
(CutC Gene)

Trimethyl Amine (TMA)

Fig. S3. Environmental and phylogenetic distribution of choline utilization. (A) Sources of sequenced bacteria
Craciun S , and Balskus E P
cluster. (B) Phylogenetic distribution of putative choline-degrading human gastrointestinal tract isolates.

PNAS 2012;109:21307-21312

Developing Innovative Strategies to Prevent and Treat Human Disease
• 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.
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SUMMARY

Trimethylamine (TMA) N-oxide (TMAO), a gut-microbiota-dependent metabolite, both enhances atherosclerosis 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., intestinal contents, human feces) and reduce TMAO levels
in mice fed a high-choline or L-carnitine diet. DMB
inhibited choline diet-enhanced endogenous macrophage foam cell formation and atherosclerotic lesion
development in apolipoprotein e !/! mice without
alterations in circulating cholesterol levels. The present studies suggest that targeting gut microbial production of TMA specifically and non-lethal microbial
inhibitors in general may serve as a potential therapeutic approach for the treatment of cardiometabolic
diseases.
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and incident major adverse cardiac events in multiple independent 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 metaorganismal pathway (Koeth et al., 2013; Wang et al., 2011). Specifically, 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 metaorganismal pathway responsible for TMAO generation is of interest 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 atherosclerosis in animal models (Miao et al., 2015; Shih et al., 2015).
However, while numerous beneficial effects with FMO3 inhibition have been noted, FMO3 inhibition is also accompanied
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Very helpful in science!
Thermus aquaticus

PCR

Extremophiles
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traditional view
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Clostridium difficile infection (CDI)
• Overgrowth of a toxin producing
bacterium
• Caused by a disruption of the
normal gut microbiota through the
use of antibiotics

Ananthakrishnan et al. Nat.
Rev. Gastro & Hep. 2011;8:17
Medscape C. Diff Colitis

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 pseudoobstruction
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

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

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
Evolution of Scientific
and Product
Development

CDI

Other diseases

Safety

FMT

Processed Fecal
Products

Yes

Likely Yes

?

?

+

++

Initiation

Defined Microbial
Consortia
Likely Yes

Lawley TD PLoS Pathog. 2012;8(10):e1002995
Petrof EO. Microbiome. 2013 Jan 9;1(1):3

Focus of
technology
development
+++
Sustainability

The human small intestinal
and colonic microbiota in vitro:
Community structure and function

Jenni Firrman*, Elliot S. Friedman*, William C. Strange,
Jung-Jin Lee, Kyle Bittinger, LinShu Liu, Gary D. Wu
* Authors contributed equally to this work

The human gut microbiota
•
•

Gastro-Intestinal Tract
Bacteria (g-1)
Stomach
Liver
Pancreas

< 103

Duodenum

103

Jejunum

104-105

Ileum

107-108

Colon

1012

Complex community of micro-organisms
Present in the Gastro-Intestinal Tract (GIT)
– Density changes longitudinally
– Maximal concentration in the colon

Large amount of information on the colon
microbiota; only limited information on the
small intestine microbiota
• Small intestine contains a complex microbial
community
• Distinct from the colon microbiota
• Less diverse with lower biomass
• Due to functional and anatomical
differences

Experimental design

Temperature

Inflow
medium
gases

pH control
Gaseous
headspace

•

Culture
Agitation

•

Limited access to the small intestine in vivo
•

Difficult to study
•
•

Outflow

Static composition (Single time point)
Dynamic response to stimuli

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

Small Intestine

Colon

2 weeks

Sample harvested

•

Ileostomy
Sample

Fecal
Sample

Temperature, pH control, Agitation
Inflow à outflow

Allow communities to develop

Metagenomics
• Shotgun sequencing

•

Functional Analysis

1. Similarity of community to inoculum
2. Compare functionality to in vivo reports
3. Gain a deeper understanding on the
differences between these communities

Diet
Composition
Medical Foods

Short-term
Long-term

Next Generation
Prebiotics
Synbiotics
Next Generation
Probiotics

Microbiota
Bacteria (Enterotype,CAG

Richness/Diversity)

Viruses
Archaea
Fungi

Composition
Metabolome

Host

