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Everything you ever wanted to know about 
microbial community analysis methods 

but were afraid to ask 

•  Community composition and ecology by 16S 
–  Organism identification 
–  Alpha- and beta-diversity 
–  Ordination 

•  Meta’omics: shotgun DNA and RNA seq. 
–  Taxonomic profiling 
–  Assembly 
–  Metabolic profiling 

•  Downstream analyses 
–  Statistical association testing 
–  Microbial association networks 
–  The Human Microbiome Project 2 



What’s metagenomics? 
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Total collection of microorganisms 
within a community 

Also microbial community or microbiota 

Total genomic potential of 
a microbial community 

Total biomolecular repertoire 
of a microbial community 

Study of uncultured microorganisms 
from the environment, which can include 

humans or other living hosts 



Examples of metagenomic studies: 
Global Ocean Sampling 
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2003/2004 - ongoing 



Metagenomic methods: 
Early work and in situ fluorescence 
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Metagenomic methods: 16S rRNA gene 
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•   Structural component of the prokaryotic ribosome 
•   Used as molecular clock to identify phylogeny: 

•   Large, good scale for mutations 
•   Range of mutation rates 
•   Portions are constant, allowing amplification 

•   Not single copy!  Researcher beware… 

V2 

V6 
George Rice, Montana State University 

Woese, 1987 

Pace, 1997 

Ley, 2006 



Metagenomic methods: 
shotgun sequencing 

7 



Sequencing as a tool for 
microbial community analysis 
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Amplicons Meta’omic 

Lyse cells 
Extract DNA (and/or RNA) 

PCR to amplify a single 
marker gene, e.g. 16S rRNA 

George Rice, Montana State University 

Classify sequence 
è microbe 

Samples 

M
ic

ro
be

s 

Relative 
abundances 

Genes, 
Genomes, 

Metabolic profiling, 
Relative abundances, 

Genetic variants... 



What to do with your metagenome? 
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Diagnostic or 
prognostic 

biomarker for 
host disease 

Public health tool 
monitoring 

population health 
and epidemiology 

Comprehensive 
snapshot of 

microbial ecology 
and evolution 

Reservoir of 
gene and protein 

functional 
information 



Composition-based analyses 

10 



Microbiome composition analyses: 
 phylotypes and binning 
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Hamady, 2009 

rdp.cme.msu.edu 

greengenes.lbl.gov 

www.arb-silva.de 

Binning: nontrivial 
assignment of reads 

to phylotypes 

Phylotype or operational 
taxonomic unit (OTU): 

organisms clonal to within some 
tolerance (e.g. 95%); “species” 

Indirect binning: BLAST etc. 
Relies on high similarity, 

reference seq. 

Direct binning: analyzes seq. 
characteristics (GC, codons, etc.) 

Relies on long reads 

TETRA: Chan, 2008 PhyloPythia: McHardy, 2007 Phymm: Brady, 2009 MetaPhlAn: Segata, 2012 



Microbiome composition analyses: 
OTU clustering 
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Open reference Closed reference 

AAA 

AAT 

AAG 

TTT TGG 

TGA 

>Uniq1 
AAA 
>Uniq2 
TGA 
>Uniq3 
TTT 
… 

Clustering Classification 



Microbiome composition analyses: 
diversity 
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Diversity: broadly, a 
community’s number and 

distribution of taxa 

Also community 
composition or structure 

[1  1  0  0] [10  6  1  4] 

Hamady, 2009 

Qualitative vs. quantitative 

Schloss, 2006 
Number of Sequences Fraction of Sequences 

Ta
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Mitra, 2009 

Coupon collector’s 
problem or 

rarefaction curve: 
estimate population 
diversity based on a 

subsample 

Chimeric reads 



Microbiome composition analyses: 
ordination 
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Samples → 

←
 M

ic
ro

be
s 

Bug 1 

B
ug

 2
 

Variation 1 (X%) Va
ria

tio
n 

2 
(Y

%
) 

Distance 
between points 

is Euclidean 

Distance between points is a 
proportional function of their similarity 

Ordination is the constrained 
projection of high-dimensional 

data into fewer dimensions. 

PCA or Principal Component Analysis 
guarantees the new dimensions 

maximize normal variation. 

NMDS or Nonmetric Multidimensional Scaling, 
also called 

PCoA or Principal Coordinates Analysis, 
guarantees the new dimensions maximize an arbitrary 

similarity score (such as UniFrac beta-diversity). 

Hamady, 2009 



Meta’omic analyses 

15 



Typical shotgun metagenome and 
metatranscriptome analyses 
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Samples 

M
ic

ro
be

s 

Relative 
abundances 

Samples 

G
en

es
 o

r 
Pa

th
w

ay
s 

Relative 
abundances 

Taxonomic 
Profiling Assembly 

Functional 
Profiling 



287 326 399 425 472 
626 695 775 868 918 

1136 
1201 

1343 
1606 

1826 
1996 

2180 
2384 

2607 

What can you do with thousands of microbial 
genomes that you can’t do with one? 

•  NCBI now contains ~17,000 bacterial genomes 
–  Plus ~300 archaeal, ~200 eukaryotic, and a few thousand viruses 
–  About half final and half draft 

•  These comprise about 4,100 species 
–  >1,200 genera, >380 families, 50 phyla 

•  And roughly 55M genes 

•  These genes and genomes are a tremendous resource to: 
–  Identify conserved markers that can be used to infer phylogeny 
–  Identify unique markers that can be used to infer taxonomy 
–  Relate the microbial members of a community to their 

metagenomic functional potential 17 



MetaPhlAn2: Taxonomic profiling using 
unique marker gene sequences 
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Gene X 

X is a core gene for clade Y X is a unique marker gene for clade Y 
•  ~1M most representative markers used for identification 

•  184±45 markers per species (target 200) 
•  ~7,100 species (excludes incomplete annotations, spp., etc.) 
•  FP/FN rates of ~1 in 106 

•  Profiles all domains of life: bacteria, viruses, euks, archaea 
•  Strain level profiling using marker combination barcodes 
•  Quasi-markers used to resolve ambiguity in postprocessing 



MetaPhlAn2: Taxonomic profiling using 
unique marker gene sequences 

19 



MetaPhlAn2: Taxonomic profiling using 
unique marker gene sequences 

20 



Gene-­‐based	
  fingerprints	
  capture	
  strain	
  varia3on	
  	
  
in	
  individuals’	
  most	
  abundant	
  (stable)	
  bugs	
  

21 



PhyloPhlAn: From markers for taxonomy 
to markers for phylogeny 

•  Hundreds of unique markers per clade provide great taxonomic classification 
•  What if we use hundreds of conserved markers for phylogenetic classification? 

–  PhyloPhlAn identifies the most informative residues of the most conserved 400 proteins 
–  These can then be used for phylogenetic reconstruction, placement, and taxonomy 

22 http://huttenhower.sph.harvard.edu/phylophlan 



46 
misannotation 

fixed 

111 
misannotation 

detected 
566 newly 
annotated 

(GEBA) 

~3,700 
microbial 
genomes 



PhyloPhlAn: Taxonomic curation and reannotation 
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-  Taxa with at least one 
‘unknown’ taxonomic 
level: 445 

-  Additional taxa we 
detected as 
suspicious: 111 

Example Very high 
confidence 

High 
confidence 

Medium 
confidence 

Corrected A|B|CàA|B|D 26 3 26 
Refined A|B|?àA|B|C 67 25 75 

Removed A|B|CàA|B|? 11 1 1 
Incomplete A|?|?àA|?|? 224 10 66 



Man cannot live on bacteria alone – 
don’t forget the viruses and eukaryotes! 
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Man cannot live on bacteria alone – 
don’t forget the viruses and eukaryotes! 

26 

Genus                                    Species 



Microbiome meta’omic analyses: 
molecular functions and biological roles 
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Orthology: 
Grouping genes by conserved 

sequence features 
COG, KO, FIGfam… 

Structure: 
Grouping genes by similar 

protein domains 
Pfam, TIGRfam, SMART, EC… 

Biological roles: 
Grouping genes by pathway 

and process involvement 
GO, KEGG, MetaCyc, SEED… 

Turnbaugh, 2009 

DeLong, 2006 

Warnecke, 2007 



Microbiome meta’omic analyses: 
metabolic profiling (with HUMAnN) 
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Functional seq. 
KEGG + MetaCYC 

CAZy, TCDB, 
VFDB, MEROPS… 

100 subjects 
1-3 visits/subject 
~7 body sites/visit 

10-200M reads/sample 
100bp reads 

Metagenomic 
reads 

Enzymes and 
pathways 

? 

HUMAnN 
HMP Unified Metabolic 

Analysis Network 
http://huttenhower.sph.harvard.edu/humann 

BLAST ←
 P

at
hw

ay
s→

 Vaginal Skin Nares Gut Oral (SupP) Oral (BM) Oral (TD) 

←
 P

at
hw

ay
s→

 

Vaginal Skin Nares Gut Oral (SupP) Oral (BM) Oral (TD) 

Pathway 
coverage 

Pathway 
abundance 

← Samples → 

← Samples → 



•  Over six times as many microbial metabolic 
processes disrupted in IBD as microbes. 
–  If there’s a transit strike, everyone working for the MBTA is 

disrupted, not everyone named Smith or Jones. 

29 http://huttenhower.sph.harvard.edu/ibd2012 

“Who’s there,” versus, “What they’re doing,” 
in the inflamed gut 



Microbiome meta’omic analyses: 
metabolic profiling (with HUMAnN) 
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Metabolic modules in the 
KEGG functional catalog 
enriched at one or more 

body habitats 

LEfSe: 
LDA Effect Size 

Nonparametric test for microbial and 
metagenomic biomarkers 

http://huttenhower.sph.harvard.edu/lefse 

•  Most processes are “core”: <10% are differentially present/absent even by body site 
•  Contrast zero microbes meeting this threshold! 

•  Most processes are habitat-adapted: >66% are differentially abundant by body site 



Proteoglycan degradation 
by the gut microbiota 

31 

AA core 
Glycosaminoglycans 

(Polysaccharide chains) 



Proteoglycan degradation: 
From pathways to enzymes 
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10-3 10-8 

Enzyme relative abundance 

•  Heparan sulfate degradation 
 missing due to the absence of 
 heparanase, a eukaryotic enzyme 

•   Other pathways not bottlenecked 
  by individual genes 

•  HUMAnN links microbiome-wide 
 pathway reconstructions → 
 site-specific pathways → 
 individual gene families 



Func3onal	
  meta’omics	
  in	
  human	
  popula3ons	
  

2)	
  Inves3gate	
  links	
  
between	
  the	
  
mouth	
  and	
  gut	
  
microbiomes	
  

1)	
  Evaluate	
  stability	
  of	
  
meta’omic	
  samples	
  

under	
  subject-­‐shipped	
  
condi3ons	
  

3)	
  Relate	
  the	
  gut	
  
metagenome	
  and	
  
metatranscriptome	
  

With Jacques Izard, Andy Chan, Wendy Garrett 

Eric 
Franzosa 

Sequencing 



Genes	
  &	
  transcripts	
  are	
  generally	
  well	
  correlated	
  

DNA	
   RNA	
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3,292	
  gene	
  families	
  
Rank	
  correla4on	
  =	
  0.76	
  

A	
  large	
  por3on	
  of	
  genes	
  (~30%)	
  are	
  not	
  
differen3ally	
  regulated	
  

	
  
*	
  Genes	
  are	
  KEGG	
  Orthology	
  groups,	
  KOs	
  

Remaining	
  genes	
  are	
  
~40%	
  upregulated	
  (RNA)	
  and	
  
~60%	
  downregulated	
  (DNA)	
  

n=3,292 



Some	
  func3ons	
  are	
  highly	
  under-­‐expressed	
  

DNA	
   RNA	
  

35 

Sporula4on	
  

(RNA/DNA ratios used as input to a 
functional enrichment analysis) 



Other	
  func3ons	
  are	
  highly	
  over-­‐expressed	
  

DNA	
   RNA	
  

...	
  

36 

Methanogenesis	
  



Other	
  func3ons	
  are	
  highly	
  over-­‐expressed	
  

DNA	
   RNA	
  

...	
  

37 

tetA	
  



Func3onal	
  poten3al	
  is	
  stable,	
  ac3vity	
  is	
  variable	
  
38	
  

•  Microbial	
  membership	
  varies.	
  
•  Early	
  coloniza3on?	
  Gene3cs?	
  

•  Over	
  3me,	
  the	
  community	
  “solves”	
  for	
  a	
  
habitat-­‐specific	
  metagenome.	
  

•  It	
  then	
  differen3ally	
  regulates	
  that	
  metagenome.	
  
•  These	
  two	
  types	
  of	
  regula3on	
  differ	
  at	
  least	
  in	
  3me	
  scale.	
  



PICRUSt: Inferring community metagenomic potential 
from marker gene sequencing 

39 Relative abundance 

Seq. genomes 

Reconstructed 
“genomes” 

Orthologous 
gene families 

Pathways 
and modules 

HUMAnN 

Taxon 
abundances 

R² = 0.69225 

0 

0.002 

0.004 

0.006 

0 0.003 0.006 

R² = 0.85328 

0 

0.002 

0.004 

0.006 

0 0.003 0.006 

16S predicted abundance 
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Gene families in one 
HMP hard palate sample HMP stool sample 

With Rob Knight, Rob Beiko 

One can recover general 
community function with 

reasonable accuracy from 
16S profiles. 

 
http://picrust.github.com 



Microbiome meta’omic analyses: 
assembly 
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GOS (Venter 2004) 
265Mbp, Celera 

3x coverage:  333 scaffolds, 2226 contigs, 31Mbp 
14x coverage:  21 scaffolds, 9.5Mbp 

Prochlorococcus marinarus 9 shared “megaplasmids” 

Lake Washington 
(Kalyuzhnaya 2008) 

255Mbp, PGA 
~1.5x coverage: 25k contigs, 70Mbp 

MetaORFA: Ye, 2008 ALLPATHS: Butler, 2008 

Termite hindgut 
(Warnecke 2007) 

71Mbp, Phrap 
42k contigs, 44Mbp, 25% singlets 

%
 E

rr
on

eo
us

 A
ss

em
bl

y 

Mavromatis, 2007 

Acid mine drainage 
(Tyson 2004) 
76Mbp, JAZZ 

>2kb: 1183 contigs, 11Mbp 



Microbiome meta’omic analyses: 
assembly 
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khmer (Pell 2012) 
MetaAMOS (Treangen 2012?) 

MetaVelvet (Namiki 2012) 

Meta-IDBA (Peng 2011) Genovo (Laserson 2011) 



Microbiome meta’omic analyses: 
gene calling and proxygenes 
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Extrinsic gene calling: 
BLAST etc. (proxygenes) 

Intrinsic gene calling: 
ORF detection from seq. 

Dalevi, 2009 

Krause, 2006 
Yooseph, 2008 

MetaGene: Noguchi, 2006 

HMM models 

BLAST 

Orphelia: Hoff, 2009 



Downstream analyses 

43 



44 

The	
  two	
  big	
  ques4ons…	
  

Who	
  is	
  there?	
  
What	
  are	
  they	
  doing?	
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The	
  two	
  three	
  big	
  ques4ons…	
  

Who	
  is	
  there?	
  
What	
  are	
  they	
  doing?	
  
What	
  does	
  it	
  all	
  mean?	
  



46 

•  Composi3onal	
  nature	
  (Σ	
  =	
  1)	
  
•  Abundance	
  is	
  rela3ve,	
  not	
  absolute	
  

•  High	
  dynamic	
  range	
  	
  
•  Ocen	
  sparse	
  (sample	
  dominated	
  by	
  a	
  few	
  species)	
  
•  Noisy	
  
•  Hierarchical	
  organiza3on	
  

Proper4es	
  of	
  microbiome	
  data	
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•  General	
  problem:	
  correlate	
  microbiome	
  features	
  with	
  
metadata	
  (poten3ally	
  controlling	
  for	
  other	
  features)	
  

•  Intui3vely	
  summarize	
  the	
  results	
  

Proper4es	
  of	
  microbiome	
  data	
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Nicola 
Segata LEfSe:	
  LDA	
  Effect	
  Size	
  

Finding	
  metagenomic	
  biomarkers	
  

Sta3s3cal	
  
consistency	
  

Biological	
  
consistency	
  

Biological	
  
Effect	
  size	
  



Microbiome downstream analyses: 
statistical association testing (with LEfSe) 
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With Wendy Garrett 



http://huttenhower.sph.harvard.edu/maaslin 

MaAsLin: Multivariate (microbial) Association  
with Linear Models 

50 



Microbiome downstream analyses: 
interaction network reconstruction 
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Mutualism Predation 

A
bu

nd
an

ce
 

Samples 

Competition 

Given microbial relative abundance measurements over many samples, 
can we detect co-occurrence and co-exclusion relationships? 

It’s a jungle in there – 
microbial interactions follow 

patterns from classical 
macro-ecology. 



Sequencing	
  assays	
  provide	
  only	
  composi3onal	
  
measurements,	
  in	
  which	
  informa3on	
  is	
  lost	
  

52	
  

Microbes	
  

A	
   B	
   C	
   Total	
  

Subject	
  1	
   100	
   100	
   100	
   300	
  
Subject	
  2	
   100	
   1000	
   500	
   1600	
  

Microbes	
  

A	
   B	
   C	
   Total	
  

Subject	
  1	
   100	
   100	
   100	
   300	
  
Subject	
  2	
   50	
   500	
   250	
   800	
  

Microbes	
  

A	
   B	
   C	
  

Subject	
  1	
   33.33%	
   33.33%	
   33.33%	
  
Subject	
  2	
   6.25%	
   62.5%	
   31.25%	
  

Normalize	
  Normalize	
  

Rela4ve	
  
Abundances	
  

Absolute	
  Abundances	
  

Subject	
  1	
  

A	
  

B	
  

C	
  

Subject	
  2	
  

I	
   II	
  



Friends, neighbors, and enemies: 
Microbial co-occurrence and exclusion in the human microbiome 

53 

Co-    Anti- 

Fah 
Sathirapongsasuti 

With Jeroen Raes, Karoline Faust 

Emma Schwager 

s__Veillonella_atypica 

s__Aggregatibacter_aphrophilus 

s__Veillonella_atypica 

s__Streptococcus_parasanguinis 

s__Aggregatibacter_aphrophilus 

s__Streptococcus_parasanguinis 

s__Neisseria_sicca 

s__Neisseria_mucosa 
s__Streptococcus_australis 

s__Neisseria_sicca 

s__Neisseria_mucosa 

s__Streptococcus_australis 

s__Aggregatibacter_aphrophilus 
s__Neisseria_mucosa 

s__Veillonella_atypica 

s__Streptococcus_parasanguinis 

s__Neisseria_sicca s__Streptococcus_australis 

Chalmers 2008 



Typical microbial community analysis tasks 

54 

Raw	
  shotgun	
  
sequences	
   Quality	
  control	
   Host/ribosome	
  

deple3on	
  

Taxonomic	
  
profiling	
   MetaPhlAn	
   Taxonomic	
  

profile	
  

Func3onal	
  
profiling	
   HUMAnN	
  

Gene	
  profile	
  

Pathway	
  
profile	
  

Assembly	
  

Genomes	
  

Gene	
  profile	
  

Raw	
  16S	
  
sequences	
  

Quality	
  
control	
  

OTU	
  picking	
   OTU	
  table	
  

PICRUSt	
  

Inferred	
  
Metagenome	
  

HUMAnN	
  

Gene	
  profile	
  

Pathway	
  
profile	
  

Meta’omic	
  analyses	
  

16S	
  analyses	
  

Ordina3on	
  

Significance	
  
tes3ng	
  

Networks	
  

Integra3on	
  

…	
  



Bringing it all together: 
The Human Microbiome Project 
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The NIH Human Microbiome Project (HMP): ���
	

A comprehensive microbial survey 	



•  What is a “normal” human microbiome?	


•  300 healthy human subjects	


•  Multiple body sites	



•  15 male, 18 female	


•  Multiple visits	


•  Clinical metadata	



www.hmpdacc.org	



Dirk Gevers 

http://www.nature.com/nature/focus/humanmicrobiota/ 

5,200 16S samples 
   Spanning 300 subjects, 18 sites 
 

700 shotgun samples 
   Subset of 100 subjects, six sites 



Figure 1. Timeline of microbial community studies using high-throughput sequencing.	



Gevers D, Knight R, Petrosino JF, Huang K, et al. (2012) The Human Microbiome Project: A Community Resource for the Healthy 
Human Microbiome. PLoS Biol 10(8): e1001377. doi:10.1371/journal.pbio.1001377 
http://www.plosbiology.org/article/info:doi/10.1371/journal.pbio.1001377 

Slide by Dirk Gevers 



…for mining metagenomic data	



con4gs	
  

pathways	
  

~100M	
  reads	
  
per	
  sample	
  

Assembly	
  

Annota4on	
  

Map	
  	
  
on	
  	
  
	
  

~50%	
  

~90M	
  proteins	
  

          16S	

 WGS 	



Filtering/	
  
trimming	
  

Chimera	
  	
  
removal	
  

>3k	
  reads	
  
per	
  sample	
  

BLAST	
  
against	
  	
  

func3onal	
  
DBs	
  

Organismal	
  census	
  
at	
  different	
  taxonomic	
  levels	
  

          ref	



Taxonomic	
  
classifica4on	
  

Clustering	
  
into	
  OTUs	
  

census	
  
...	
  

~36%	
  

~57%	
  

genes	
  



What aspects of a human host most influence 
microbial community composition? 
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Posterior���
fornix	



Vaginal introitus	



Mid vagina	

 Stool	



Elbow (L)	



Elbow (R)	



Ear (L)	



Ear (R)	



Nares	

 Throat	



Saliva	



subgingival plaque	


supragingival plaque	



Tongue	



Palate	



Cheek	



Attached	


gingiva	



Tonsils	



Bray Curtis (BC) similarity 

BC > 0.64 

~5,200 microbial communities 

closer = more similar Rob Knight 



Which human body sites harbor the greatest 
microbial diversity per individual? 
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Which human body sites share the greatest 
microbial diversity among individuals? 

61 



Microbiome meta’omic analyses: 
taxonomic profiling (with MetaPhlAn)  

62 



How unique is your personal microbiome? 
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Rel. abundance of 
oral Streptococcus 

in 127 subjects 



How unique is your personal microbiome? 
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How unique is your personal microbiome? 
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40 genes in the 
“same” microbe, 
Prevotella copri 

60 gut microbiomes with abundant P. copri 

Present 

Absent 



Gut 

Vaginal 

Are there discrete “types” of 
typical human microbiomes? 

66 

http://hmpdacc.org/HMSMCP 

ARTICLE
doi:10.1038/nature09944

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).

{Lists of authors and affiliations appear at the end of the paper.
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91000 Evry, France. 4Centre National de la Recherche Scientifique, UMR8030, 91000 Evry, France. 5Université d’Evry Val d’Essone 91000 Evry, France. 6Department of Biochemistry and Immunology,
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What defines the core “normal” human 
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