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Malgré des progrès considérables de la médecine…

les maladies chroniques progressent depuis 60 ans 
…

1 humain sur 4 
sera concerné en 2025

Bach JF, N Eng J Med 2002

… il est urgent de proposer des clés de prévention
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Qu’avons-nous négligé ?
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Nous avons radicalement changé

en négligeant que l’on est microbien 

ü Mode et environnement de naissance

ü Nutrition, Alimentation & activités

ü Exposition aux xénobiotiques

ü > 50% des ‘cellules’ sont des bactéries

ü > 1 kg de biomasse microbienne

ü 70% sont inconnues (non cultivées)

Au cours de l’évolution humaine récente…
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L’écosystème humain : une symbiose homme-bactéries

600,000 
gènes 

microbiens*

23,000 
gènes 

humains

* par individu

< 4% de gènes 
humains

la science du microbiote 
change aujourd’hui le paysage



7

Maturation
immunitaire

Développement
du microbiote

Symbiose
‘unique’:
Le microbiote
devient
une composante
du ‘soi’

Maintien de la symbiose :
santé et bien-être

Rupture de la tolérance :
Risque de maladies 

immunes ou auto-immunes

Rupture de l’équilibre 
écologique:

Risque infectieux

Homo sapiens �symbiosus�

Une relation symbiotique qui s�installe dès la naissance

Prévention et Thérapeutique de 
l’Homme symbiotique : évaluation, 

monitoring et intervention
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Les bons cotés
ü Utilisation des glucides indigestible
ü Energie pour l’épithélium (AGCC)
ü Synthèse de vitamines  B & K
ü Conversion des pro-drogues
ü Métabolisme des carcinogènes 
ü Contrôle de la motricité/péristaltisme
ü « Priming » de l’immunité mucosale
ü Défenses – antagonisme bactérien

Les mauvais cotés
ü Procarcinogènes à carcinogènes        
ü Pullulation - Opportunisme - Translocation
ü Composante essentielle des MICI
ü Impliqué dans de nombreuses maladies

Globalement conservé:
- Métabolites microbiens 
- Enzymes microbiens
- Effet barrière

Quelques exceptions :
- Méthanogènese
- Réduction du cholestérol 
- Métabolisme des polyphénols

Fonctions du Microbiote intestinal
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La symbiose ? 
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La colonisation intestinale est influencée par:
ü Mode de naissance (vaginale ou Césarienne)
ü Le microbiote maternel et environnant
ü Hygiène de l’environnement néonatal 
ü La prise d’antibiotiques
ü Aliments et modes d’alimentation (sein vs préparation pour nourrisson)
ü Le sevrage et l’alimentation après sevrage

Colonisation précoce et théorie hygiéniste 

Bach JF. N Engl J Med. 2002

Stérile in utero, l’intestin est colonisé à la naissance

Quel impact sur la symbiose microbiote-hôte 
et donc sur la biologie et la santé humaine ?
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Un catalogue de  référence

Cohortes MetaHIT, Chinoise et HMP, n=1267

Li et al. Nature Biotechnol, 2014

124 sujets
MetaHIT

3.3 million genes

Qin, Nature 2010

Total

>5%
>10%
>20%
>50%

Les gènes rares 
augmentent 

Les gènes communs 
n’augmentent plus
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Un catalogue de  référence

Cohortes MetaHIT, Chinoise et HMP, n=1267

Li et al. Nature Biotechnol, 2014Qin, Nature 2010

Total

>5%
>10%
>20%
>50%

Les gènes rares 
augmentent 

Les gènes communs 
n’augmentent plus
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Le microbiote intestinal : similaire mais pas identique

Qin et al, Nature, 2010

En moyenne, chaque individu porte ~600 000 gènes

Un noyau métagénomique : 
~50 % des gènes d’un individu sont partagés par au moins 
50 % des individus 

Une 60 aine d’espèces retrouvées chez plus de 90% des 
individus

Mais pas identiques – présence de gènes rares

Très différents des souris : 4% gènes en commun

the cohort. For this purpose, we used a non-redundant set of 650
sequenced bacterial and archaeal genomes (see Methods). We aligned
the Illumina GA reads of each human gut microbial sample onto the
genome set, using a 90% identity threshold, and determined the
proportion of the genomes covered by the reads that aligned onto
only a single position in the set. At a 1% coverage, which for a typical
gut bacterial genome corresponds to an average length of about
40 kb, some 25-fold more than that of the 16S gene generally used
for species identification, we detected 18 species in all individuals, 57
in $90% and 75 in $50% of individuals (Supplementary Table 8). At
10% coverage, requiring ,10-fold higher abundance in a sample, we
still found 13 of the above species in $90% of individuals and 35
in $50%.

When the cumulated sequence length increased from 3.96 Gb to
8.74 Gb and from 4.41 Gb to 11.6 Gb, for samples MH0006 and
MH0012, respectively, the number of strains common to the two
at the 1% coverage threshold increased by 25%, from 135 to 169.
This indicates the existence of a significantly larger common core
than the one we could observe at the sequence depth routinely used
for each individual.

The variability of abundance of microbial species in individuals
can greatly affect identification of the common core. To visualize
this variability, we compared the number of sequencing reads aligned
to different genomes across the individuals of our cohort. Even for
the most common 57 species present in $90% of individuals with
genome coverage .1% (Supplementary Table 8), the inter-individual
variability was between 12- and 2,187-fold (Fig. 3). As expected10,23,
Bacteroidetes and Firmicutes had the highest abundance.

A complex pattern of species relatedness, characterized by clusters
at the genus and family levels, emerges from the analysis of the net-
work based on the pair-wise Pearson correlation coefficients of 155
species present in at least one individual at $1% coverage
(Supplementary Fig. 9). Prominent clusters include some of the most
abundant gut species, such as members of the Bacteroidetes and
Dorea/Eubacterium/Ruminococcus groups and also bifidobacteria,
Proteobacteria and streptococci/lactobacilli groups. These observa-
tions indicate that similar constellations of bacteria may be present in
different individuals of our cohort, for reasons that remain to be
established.

The above result indicates that the Illumina-based bacterial pro-
filing should reveal differences between the healthy individuals and
patients. To test this hypothesis we compared the IBD patients and
healthy controls (Supplementary Table 1), as it was previously
reported that the two have different microbiota22. The principal com-
ponent analysis, based on the same 155 species, clearly separates
patients from healthy individuals and the ulcerative colitis from
the Crohn’s disease patients (Fig. 4), confirming our hypothesis.

Functions encoded by the prevalent gene set

We classified the predicted genes by aligning them to the integrated
NCBI-NR database of non-redundant protein sequences, the genes in
the KEGG (Kyoto Encyclopedia of Genes and Genomes)24 pathways,
and COG (Clusters of Orthologous Groups)25 and eggNOG26 data-
bases. There were 77.1% genes classified into phylotypes, 57.5% to
eggNOG clusters, 47.0% to KEGG orthology and 18.7% genes
assigned to KEGG pathways, respectively (Supplementary Table 9).

Relative abundance (log10)
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Figure 3 | Relative abundance of 57 frequent microbial genomes among
individuals of the cohort. See Fig. 2c for definition of box and whisker plot.
See Methods for computation.
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Figure 2 | Predicted ORFs in the human gut microbiome. a, Number of
unique genes as a function of the extent of sequencing. The gene accumulation
curve corresponds to the Sobs (Mao Tau) values (number of observed genes),
calculated using EstimateS21 (version 8.2.0) on randomly chosen 100 samples
(due to memory limitation). b, Coverage of genes from 89 frequent gut
microbial species (Supplementary Table 12). c, Number of functions captured
by number of samples investigated, based on known (well characterized)
orthologous groups (OGs; bottom), known plus unknown orthologous
groups (including, for example, putative, predicted, conserved hypothetical
functions; middle) and orthologous groups plus novel gene families (.20
proteins) recovered from the metagenome (top). Boxes denote the
interquartile range (IQR) between the first and third quartiles (25th and 75th
percentiles, respectively) and the line inside denotes the median. Whiskers
denote the lowest and highest values within 1.5 times IQR from the first and
third quartiles, respectively. Circles denote outliers beyond the whiskers.
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Evolution du microbiote en fonction de l'âge 

by the analytic methods used, by the low number of subjects examined,
or by the scope of the populations surveyed. These studies have
nonetheless provided important insights. Using 16S rRNA gene-based
microarrays14, a recent study found considerable intra- and inter-
personal variation in fecal bacterial community structures during the
first year of life in 12 unrelated children and 1 twin pair. Interpersonal
variation was less within the twin pair, and intrapersonal variation
decreased as a function of age. A quantitative PCR study of five
bacterial taxa in the fecal microbiota of 1,032 Dutch infants at 1 month
of age15 documented differences based on birth mode (Caesarian
versus vaginal; also see ref. 8).

We collected bacterial V4 16S rRNA data from 326 individuals aged
0–17 years (83 Malawian, 65 Amerindian and 178 US residents), plus
202 adults aged 18–70 years (31 Malawians, 35 Amerindians and 136
US residents). The 16S rRNA data sets were first analysed using
UniFrac, an algorithm that measures similarity among microbial
communities based on the degree to which their component taxa
share branch length on a bacterial tree of life16. There were several
notable findings. First, the phylogenetic composition of the bacterial
communities evolved towards an adult-like configuration within the
three-year period after birth in all three populations (Fig. 1a and
Supplementary Fig. 1). Second, interpersonal variation was signifi-
cantly greater among children than among adults; this finding was
robust to geography (Fig. 1b; see also ref. 4). Third, there were

significant differences in the phylogenetic composition of fecal micro-
biota between individuals living in the different countries, with espe-
cially pronounced separation occurring between the US and the
Malawian and Amerindian gut communities; this was true for indi-
viduals aged 0–3 years, 3–17 years, and for adults (Fig. 1b and
Supplementary Table 3). Unsupervised clustering using principal
coordinates analysis (PCoA) of UniFrac distance matrices indicated
that age and geography/cultural traditions primarily explain the vari-
ation in our data set, in which US microbiota clustered separately
from non-US microbiota along principal coordinate 1 (Fig. 1c and
Supplementary Fig. 2). However, within the non-US populations,
separation between Malawians and Amerindians was also observed
(along principal coordinate 3 in the case of adults; Supplementary Fig.
2f). We did not find any significant clustering by village for Malawians
and Amerindians or by region within the United States. Fourth,
bacterial diversity increased with age in all three populations
(Fig. 2a, b). The fecal microbiota of US adults was the least diverse
compared with the two other populations (Fig. 2c, P , 0.005, analysis
of variance (ANOVA) with Bonferroni post-hoc test): these differ-
ences were evident in children older than 3 years of age (P , 0.005,
ANOVA with Bonferroni post-hoc test), but not in younger subjects.

We next used the non-parametric Spearman rank correlation to
determine which bacterial taxa change monotonically with increasing
age within and between the three sampled populations. We only
considered children who were breastfed and used data sets obtained
from the V4 region of the 16S rRNA gene as well as data sets of
shotgun pyrosequencing reads from the fecal microbiomes of the
110 sampled individuals (24 babies (0.6–5 months old), 60 children
and adolescents (6 months to 17 years old) and 26 adults). Shotgun
reads were mapped to 126 sequenced human gut-derived microbial
species (Supplementary Table 4). The advantage of using these 126
gut microbes as a reference database is that spurious hits of shotgun
microbiome reads to taxa that are not present in the gut are minimized.
Nonetheless, when we repeated the entire analysis, blasting against
1,280 genomes in KEGG, the results were similar (Supplementary
Fig. 3). Phylotypes belonging to Bifidobacterium longum exhibited a
significant decline in proportional representation with increasing age
in all three populations (Supplementary Fig. 3a). Most (75 6 20%)
shotgun and 16S rRNA V4 sequences in all babies mapped to members
of the Bifidobacterium genus. Bifidobacteria continued to dominate
fecal communities throughout the first year of life, although their
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Figure 1 | Differences in the fecal microbial communities of Malawians,
Amerindians and US children and adults. a, UniFrac distances between
children and adults decrease with increasing age of children in each population.
Each point shows the average distance between a child and all adults unrelated
to that child but from the same country. Results are derived from bacterial V4
16S rRNA data sets. b, Large interpersonal variations are observed in the
phylogenetic configurations of fecal microbial communities at early ages.
Malawian and Amerindian (Amr) children and adults are more similar to one
another than to US children and adults. UniFrac distances were defined from
bacterial V4 16S rRNA data generated from the microbiota of 181 unrelated
adults ($18 years old) and 204 unrelated children (n 5 31 Malawians 0.03–3
years old, 21 3–17 years old; 30 Amerindians 0.08–3 years old, 29 3–17 years
old; 31 US residents 0.08–3 years old, 62 sampled at 3–17 years of age).
*P , 0.05, **P , 0.005 (Student’s t-test with 1,000 Monte Carlo simulations).
See Supplementary Table 3 for a complete description of the statistical
significance of all comparisons shown. c, PCoA of unweighted UniFrac
distances for the fecal microbiota of adults. PC, principal coordinate.
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Le microbiote intestinal: stabilité et résilience

ÞRésilience du microbiote fecal

Faith et al, Science 2013



16 Palleja et al, Nature Microbiology, 2018

Le microbiote intestinal: stabilité et résilience
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Les individus étudiés à ce jour (n>1000) se séparent en 3 Entérotypes, chacun caractérisé 
par une contexte écologique dominé par 
Bacteroides, Prevotella, Ruminococcus/Methanobrevibacter

Arumugam et al, Nature 2011 

Les entérotypes

Lien avec le type d’alimentation
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Les Entérotypes

Changement drastique 
d’entérotype

Lié à un changement 
majeur du mode 
d’alimentation

550 Thailandais
Analyses en séquençage 16 S
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Les métagénomes diffèrent par leur richesse en gènes (diversité)

Le Chatelier, et al, Nature 2013; Cottillard et al, Nature, 2013

68 « espèces » significativement liées au nombre de gènes (richesse/diversité)

nombre de gènes

n=277

no
m
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d
�
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d
iv

id
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Microbiote
riche

Microbiote
pauvre

Pauvre
≈15 % des témoins
(minces)

≈ 40%
Surpoids et 
obésité modérée 

≈ 75%
Obésité morbide
avant chirurgie 
bariatrique



20

Microbiote Intestinal & maladies 
métaboliques
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Microbiote et maladies

Blottière & Doré, 
médecine/science, 2016

Mais aussi

ü Sclérose en plaque
ü Alzeimer
ü Parkinson

ü Hypertension
ü Maladies osseuses
ü Maladies rénales
ü …

Pathologies References

Maladie de Crohn Qin, Nature 2011
Gevers, Cell Host Microbe 2014

Recto-colite hémorragique Qin, Nature 2010
Lepage , Gastroenterology, 2011

Maladie céliaque D’Argenio, Am J Gastroenterol 2016

Troubles fonctionnels intestinaux Saulnier, Gastroenterology 2011
Rajilic-Stojanovic, Gastroenterology 2011 

Cancer colorectal Zeller,  Mol Syst Biol 2014
Sobhani PLoS one 2011

Obésité Le Chatelier, Nature 2013
Ley, Nature 2006

Diabète type 1 Kostic, Cell Host Microbes 2015
Murri, BMC medicine 2012

Diabète type 2 Forslund, Nature 2015

Fragilité des seniors Claesson Nature 2012

GVHD Taur, Blood, 2014

Allergies Abrahamsson, J Allergy Clin Immunol 2012

Pathologies hépatiques Qin, Nature 2014

Maladies cardiovasculaires Karlsson Nat Commun 2012
Projet MetaCardis

Autisme, Dépression Finegold, Anaerobe 2010
Naseribafrouei Neurogastroenterol Motil 2014
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Microbiote et obésité, chez la souris

Les souris et rats axéniques (sans germe) 
mangent plus, bougent moins, développent 
moins de masse grasse (60%) et résistent à 
l’obésité induite par un régime.

Wostmann et al, 1983
Backhed et al, 2004 Turnbaugh et al, Nature, 2006

L’augmentation de masse grasse est 
« transférable » par le microbiote des 
souris obèses

Le microbiote des souris obèses est 
différent de celui des minces

TRANSPLANTATION 
DU MICROBIOTE
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Signature métagénomique de l’obésité

Des gènes bactériens et des génomes spécifiques des obèses 

BMI

Pedersen (SDC, Copenhagen)
Wang Jun (BGI, Shenzen)
Ehrlich (INRA, Paris)

Le Chatelier et al, Nature 2013
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Français et Danois Espèces signatures

Microbiote et obésité

Pauvreté du microbiote associé aux risques CM
dyslipidemie
adiposité

résistance à l’insuline
inflammation

Le Chatelier et al, Nature 2013; Cotillard, et al, Nature 2013

LGC: Pro-
inflammatoire

HGC: Anti-
inflammatoire

Régime sain

Pauvre     Riche
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Changement fonctionnel dans les microbiotes pauvres

Le chatelier et al, Nature, 2013

• Source d’énergie pour le colon 
• Fonctions trophiques et barrières
• Effets épigénétiques
• Sécrétion d’hormones
• Effets Immunomodulateurs

Blottière et al, PNS 2003;
Segain et al, Gut, 2000

stress. Furthermore, the genomic potential for production of metabolites
with possible deleterious effects on host health (among which pro-
carcinogens)—including modules forb-glucuronide degradation, degra-
dation of aromatic amino acids, and dissimilatory nitrate reduction—
was significantly higher in LGC participants. Many of the significantly
increased modules could be due to the increased abundance of Bacteroides
spp. (for example, pectin degradation). By contrast, HGC individuals
were characterized by a potentially increased production of organic
acids—including lactate, propionate and butyrate—combined with a
higher hydrogen production potential. Concerning hydrogen removal,
a shift from a methanogenic/acetogenic ecosystem in HGC individuals
towards a sulphate-reducing one in LGC individuals might take place.
The functional capacity of the microbiota in LGC and HGC indivi-
duals, when combined with the phylogenetic signal, leads to several
interesting observations: in the former group we see (1) a reduction of
butyrate-producing bacteria; (2) increased mucus degradation poten-
tial combined with a decreased Akkermansia to R. torque/gnavus ratio);
(3) reduced hydrogen and methane production potential combined
with increased hydrogen sulphide formation potential; (4) an increase
in Campylobacter/Shigella abundance; and (5) an increased potential to
manage oxidative stress (peroxidase). Overall, this suggests that LGC
individuals harbour an inflammation-associated microbiota (Fig. 3).

Phenotypes of the HGC and LGC groups
Characteristics of study materials are given in Supplementary Table 8.
We performed an anthropometric and biochemical phenotyping of
multiple interrelated features of LGC and HGC individuals, and iden-
tified significant differences between them at a false discovery rate
(FDR)41 of up to 10% (Table 1 and Supplementary Table 9). This value
was used to avoid missing significant associations; a less stringent level,
up to 25%, was chosen in a recent and comparable study design42. The
LGC individuals, who represented 23% of the total study population,
included a significantly higher proportion of obese participants (Fig. 4a;
the difference is significant for men and a trend is detected for women),
and were as a group characterized by a more marked adiposity, as reflec-
ted by an increase in fat mass percentage and body weight (Table 1).
The adiposity phenotype of LGC people was associated with increased
serum leptin, decreased serum adiponectin, insulin resistance, hyper-
insulinaemia, increased levels of triglycerides and free fatty acids, decrea-
sed HDL-cholesterol and a more marked inflammatory phenotype
(increased highly sensitive C-reactive protein (hsCRP) and higher white
blood cell counts) than seen in HGC individuals (Table 1). We further

tested the significance of our observations by treating the gene counts
as a continuous variable and examining its correlation with the anthro-
pometric and biochemical variables. All but two (BMI and weight) of
the observed differences between LGC and HGC individuals were found
significantly associated with the gene counts (Table 1). Together, these
analyses suggest that the LGC individuals are featured by metabolic
disturbances known to bring them at increased risk of pre-diabetes,
type-2-diabetes and ischaemic cardiovascular disorders43,44. Similar
abnormalities were found in the accompanying paper24.

We propose that an imbalance of potentially pro- and anti-inflammatory
bacterial species triggers low-grade inflammation and insulin resist-
ance (Fig. 3). In parallel, we suggest that an altered gut microbiota of
LGC individuals induces the noted increase in levels of serum fasting
induced adipose factor (FIAF, also known as ANGPLT4), eliciting an
increased release of triglycerides and free fatty acids (Table 1), as evi-
denced by studies in rodent models45–47. Broad spectra antibiotics may
improve glycaemic regulation and change the hormonal, inflamma-
tory and metabolic status in obese mice. Possibly, the reduction of
diversity mediated by the antibiotic treatments has a different effect
in mice48 and man, or, alternatively, is counterbalanced by the restora-
tion of the pro- and anti-inflammatory species balance, which may have
been altered in the obese animals. Antibiotic use in early childhood, which
may have affected the richness, led to an increased risk of overweight49.

Interestingly, obese LGC individuals gained on average significantly
more weight than HGC individuals during the past 9 years (Fig. 4b);
the BMI change was significant without and with linear adjustment for
baseline BMI and age. We searched for species associated to the BMI
change among the 58 species that differed significantly between LGC
and HGC individuals (Supplementary Table 6) and found eight (Fig. 4c).
The average weight gain of individuals with the lowest or undetectable
levels of a species was in all cases greater than that of their counterparts
with the highest species levels; all eight species were more abundant in
HGC than in LGC individuals. These species may therefore protect
against weight gain. All but one (Methanobrevibacter smithii) lack species-
level taxonomic assignment, but four could be assigned at a genus level
(Anareotruncus colihominis, Butyrivibrio crossotus and Faecalibacterium;
Supplementary Table 4). All are butyrate producers, in agreement with the
general tendency of lower butyrate producers among the LGC individuals.

Gut microbes of lean and obese individuals
We also attempted to assess the difference in bacterial species between
the lean (BMI , 25 kg m22, n 5 96) and obese (BMI . 30 kg m22,
n 5 169) individuals by the approach used for LGC/HGC individuals
(Methods). Only 15,894 significantly different genes (P , 0.05) were
found, indicating that the gut microbiota of lean and obese individuals
differs less than that of the LGC and HGC individuals. The genes were
attributed to 18 species by the covariance-based clustering (Supplemen-
tary Fig. 12 and Supplementary Tables 10 and 11). To test whether lean
and obese individuals can be distinguished by these species, we carried
out an exhaustive ROC analysis, with tenfold cross validation (Sup-
plementary Fig. 12). The best AUC, of 0.78, was reached with nine
species. This accuracy, albeit lower than that for the separation of LGC
and HGC individuals, is substantially better than an AUC of 0.58,
achieved by ROC analysis of 32 human genome loci associated with
adiposity measures6. Accordingly, we suggest that the obesity-associated
signal in the human gut microbiome may be much stronger than that
presently known in the human genome. This view is supported by
efficient discrimination of lean and obese individuals in a previous
study, in which an AUC of 0.88 was reached with a combination of
50 16S-defined operational taxonomic units (OTUs), separated at the
92% homology level50.

Discussion
Contemporary lifestyle is associated with a tide of metabolic abnor-
malities characterized by a core of excessive body fat accumulation.
However, obesity is not just obesity. Some obese individuals seem to
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Figure 3 | Functional and phylogenetic shifts in the LGC microbiome. Top,
observed increase (red) or decrease (green) of functions and phylogenetic
groups. Bottom, potential drivers (yellow) of inflammation related to decreased
richness. Left, antibiotic-mediated perturbation of the richness; Right,
proteobacterial lipopolysaccharide-mediated perturbation of the richness. AB,
antibiotic; IR, insulin resistance.
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intervention : apports enrichis en 
protéines, peu gras et enrichis en sucres 
à faible index glycémique, apportant
une grande diversité de fibres 

(régime KOT calibré pour apporter 1200 à 
1500 Kcal)

intervention stabilisation

Microbiote 
atrophié

Microbiote riche

Intervention nutritionnelle et richesse du microbiote

Un microbiote pauvre prédit une moindre réponse au régime

+ 25%

Cotillard et al, Nature 2013

Temps (semaines)

Un régime riche en fibres peut diversifier un microbiote pauvre
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Microbiote intestinal et résistance à l’insuline

Feces metagenome

277 non-diabetiues
(164 obèses, 113 non-

obèses) 

Pedersen et al, Nature 2016

insulin 
sensitivity 
and MetS

fasting
serum metabolome

Functions of IR-associated
microbiome have an impact 
on the metabolome :
• LPS and BCAA biosynthesis
• BCAA transport
• Methanogenesis
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Microbiome functions Metabolome

Microbiote intestinal et résistance à l’insuline
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Diabète de Type 2 : la Metformine impacte le microbiote

Forslund et al, Nature 2015

Les médicaments sont un facteur confondant
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Microbiote
Intestinal

Composition et 
fonctions

Richesse en
gène

Espèces ou
groupes

bactériens
spécifiques

Métabolites
(i.e. Butyrate, 

TMA, AACR,…)

Composés
bactériens

(i.e. LPS)

Métabolisme
énergétique, metabolism 

lipidique

Stimulation de la réponse
immunitaire innée

Inflammation

Insulin Résistance à l’insuline

Syndrome métabolique

Maladies Chroniques
(MCV, DT2)

Adapted from Harris et al.  J Obes 2012

Concept

Microbiote Oral

Tremaroli et al. Nature 2012
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ü Le microbiote intestinal est très complexe et diversifié
ü Le maintien de la symbiose hôte-microbiote est un garant du maintien de la santé;
ü Des particularités du microbiote sont aujourd’hui associées aux maladies chroniques dont

l�incidence ne cesse de croitre, et sont prédictives de risques, d’aggravation, de réponse/non-
réponse à des traitements ;

ü L�Homme a changé à travers quelques générations à la fois son alimentation (pauvre en fibre,
riche en sucre, xénobiotiques), mais aussi les modalités entourant la naissance (césarienne,
antibiotiques, lait maternel vs biberon, hygiène,...) autant d�éléments qui impactent la mise en
place de la symbiose Hôte-microbiote ;

ü La prise en compte du microbiote devra dans l’avenir accompagner le diagnostic, la prise en
charge clinique, le suivi au cours du traitement et le développement de stratégies préventives
ciblées.

ü La modulation du microbiote doit être vue comme une cible stratégique (nutritions personnalisées)
ü Il reste encore beaucoup à comprendre sur les liens entre régime alimentaire et microbiote et

l’impact sur la santé

Quelques messages à retenir :
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