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A Informal survey

A aS il Q@axyhbrc profiling
A MetaPhlAr2)

A a S U Ofgnetibr@l profiling
A Broad functional profiling wittHUMANN2)
A Targeted functional profiling witBhortBRED
A Predictive functional profiling witRICRUSt

A Downstream analyses

A Resources

A Tutorials (today and tomorrow)




% Sequencing as a tool for microbial community
» analysis (amplicon vs. shotgun)
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A Amplicon sequencing
A PCR amplify and seq. specific marker(s)
A Often the 163RNAgene (for bacteria)

A Shotgun sequencing
A Seq. short, randor@NA RN Afragments
A Wholemetagenomeshotgun (WMS)
A Whole shotgun
A CollectivelyY S i | (s2gdgnéng



% Seguencing as a tool for microbial community
» analysis (amplicon vs. shotgun)

A Where they overlap

A Strengths
A Quantifying taxonomic abundance
A Ecological statistics
A Taxontaxon association
A Taxonmetadata association

A Challenges
A Compositional (& noisy) data
A Difficult distributions
A Biases from sequencing



% Seguencing as a tool for microbial community
» analysis (amplicon vs. shotgun)

A Properties of shotguiY' S U | (s2gdenéng

A Strengths
A Taxonomic resolution (species, strains)
A Functional genomics (genes, transcripts
A Comparative genomics

A Challenges
A More expensive per sample
A Data are bigger, compute more intensive
A Need a good reference
A Contamination
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A 16S data?

A shotgun data?

A metatranscriptome$®

A human vs. environmental samples?
A metagenomicassemblies?
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We develop computational methods in these areas
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a S i Qualitk control

A Trim lowquality bases from read ends
A http://www.usadellab.org/cms/page=trimmomatic

A Drop short reads

A Remove contaminant sequences
A E.g. human genome, EST database

A Remove lowcomplexity sequences (?)

A Enforce end-pairing (?)
A Not required forbioBakerytools

A Integrated workflow coming soon!
A https://bitbucket.org/biobakery/kneaddata
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Who Is there?
(taxonomic profiling)
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Slide by DirkGevers

The NIH Human Microbiome Project (HMP):
A comprehensive microbial survey

A2 KO A& | ay2NXIFfé KdzYly YA

A 300 healthyhuman subjects . . e 2 o .“

A Multiple body sites -w. 'R *Q\wé\l’- w'% !
A 15male, 18 female SR Y T mfl & _.

A Multiple visits &

A Clinicalmetadata

FELLOW  “f
TRAVELLERS ¥

www.hmpdacc.org



The 64 most abundant species in the healthy human body

Profiling microbial communities and ecology
at speciedevel resolution (HMP)
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691 samples that passed quality control

| I LR

W f{

Skin (nares)

Oral (plaque)

10%

Oral (tongue)

i

12



% Profiling microbial communities and ecology
at speciedevel resolution

J

doi:10.1038/nature09944

ARTICLE_ | Arumugam Nature 2012

Enterotypes of the human gut microbiome

E’hr ﬁﬂu u“rk Eiml'ﬁ Lactobacillus crispatus

n
SCIence Atopobium vaginae
Prevotella amnii
WORLD US| NY. /REGION  BUSINESS  TECHNOLOGY — SCIENCE HEALTH | SPORTS
Gardnerella vaginalis
ENVIRCNMENT SPACE & COES Bifidobacterium breve

Lactobacillus gasseri

Bacterial Ecosystems Divide People Into 3 Groups,
Scientists Say

Prevotella multiformis

Bifidobacterium dentium
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691 samples that passed quality control
B anterior nares B throat B subgingival plaque saliva posterior fornix

B right retroauricular crease ¥ buccal mucosa tongue dorsum B palatine tonsils Bvaginal introitus 13
left retroauricular crease supragingival plaque attached keratinized gingiva © stool mid vagina
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» microbiome®
HMP samples | MetaHIT samples
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Comprehensivpangenomeaeferencedb °
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_ Species Core Marker
NCBI isolate . pangenomes  genes genes
genomes protein-
Archaea  30C  coding genes r.ers
Bacteria 12,92¢ . contal_nl_ng
Viruses  3.56¢ 49.0 million 18.6million
Eukaryots 112 total genes gene clusters

RepoPhlAn ChocoPhlAfghttp://metaref.org)
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» MetagenomicPhylogenicAnalysis

Reference Genomes
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% MetaPhlAn sicon (PR
» MetagenomicPhylogenicAnalysis

Reference Genomes
AN

Short Reads
A
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MetaPhlAnoverview

Als a for clade Y Als a for clade Y
N Gene A
¥ g

= —_ —

ChocoPhlAn (offline pipeline)

Uniq] ue - Identify all core genes for all clades A¥ailable
eneserDB - Screen core genes for unique marker genes ‘_ rzgggg;
& - Select most representative marker genes g

( MetaPhlAn )

Metagenome ’ - Blast reads agains the marker genes
- Assign, count, normalize reads




“ Evaluation ofMetaPhlAnaccuracy

Absolute error in abundance estimation

0.0

MetaPhIAn (rms err. 0 172) ) MetaPhIAn (rms err. 0 255)

PHYMMBL (rms err. 0.207) —o— PHYMMBL (rms err. 0.612)

I
ul

BLAST (rms err. 0.221)
RITA (rms err. 0.442)
NBC (rms err. 0.505)

BLAST (rms err. 0.688)
—o— RITA (rms err. 1.736)
—o— NBC (rms err. 0.872)

Absolute error in abundance estimation
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Species

(Validation on higkcomplexity uniformly distributed synthetimetagenomesg
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Evaluation ofMetaPhlAnperformance

reads/second (log scale)
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>50 times faster than
earlier methods

450 reads/sec
(BLAST)

Up to 25,000 reads/sec
(bowtie?2)

Multi-threaded

Easily parallelizable
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MetaPhlAn2.0

@]

MetaPhlAnl1.0 focused on bacteria and archaea
v2.0 adds support for eukaryotes and viruses
... along with many more bacteria and archaea

v2.0 supports profiling at the strain level

22



MetaPhlAn2: synthetic evaluation

d

* MetaPhlAn2 (01=0.97, p2=097) A archaea
*  MetaPhlAn1(01=0.78, p2=0.65) @ Dbacteria

* mOTUs (P1=0.83, P2=0.69) W viruses
# Kraken (£1=0.59, pP2=0.82) € cukaryota
100

)
o

0.1§

Predicted relative abundance (%)

0 “oof 01 o % 10 100
Expected relative abundance (%)
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MetaPhlAn2: Results for HMP Skin

LT

Visit number

Body site

Gender

Dataset

Staphylococcus caprae/capitis
Propionibacterium sp KPL1844
Merkel cell polyomavirus

Finegoldia magna

Campylobacter ureolyticus
Peptoniphilus rhinitidis
Propionibacterium granulosum
Staphylococcus epidermidis
Propionibacterium avidum
Malassezia globosa
Corynebacterium tuberculostearicum
Corynebacterium kroppenstedtii
Micrococcus luteus

Enhydrobacter aerosaccus
Polyomavirus HPyV7
Corynebacterium pseudogenitalium
Rothia dentocariosa

Haemophilus parainfluenzae
Corynebacterium matruchotii
Streptococcus mitis/oralis/pneumoniae
Corynebacterium accolens
Corynebacterium durum
Propionibacterium phage P101A
Propionibacterium phage P100D
Propionibacterium acnes
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MetaPhlAnin action: strain profiling

Coverage —l

— 44x
- 23x
— 58x

763536994

- 52x
—134x
— 37x

— 49x
—107x

— 60x
— 75x

- 21x
— 98x

- 32X
—133x
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i fag_ f Strain cluster A, resent
Visit number Species spef;mc marker. genes ! P
HMP subject ID for Alistipes putredinis Strain cluster B, absent

w In practice, not all markers are present
w Individualda LISOA FAO YI NJ SNJ aol
w Often very stable over time
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What are they doing?

(functional profiling)
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¥ Metagenomic analyses:

J gene calling angroxygenes
Extrinsic gene calling: — 7— _' —
’ BLAST etc. (proxygenes) | « / -
’ Intrinsic gene calling: " — 7 = — |
;, ORF detection from seq. | « —

Krause, 2006 I M/ -
Yooseph, 2008 B LAST - I R

—_:_._:

Orphelia: Hoff, 2009
MetaGene: Noguchi, 2006

HMM models
L | e
] . | p—
|
] —




¥ Metagenomic analyses:
molecular functions and biological roles

Orthology:
Grouping genes by conserved

sequence features
COG, KO, FIGfamé

ABC-type sugar transport, periplasmic
Na+-driven multidrug efflux pump
Outer membrane proteins, Fe transport
DNA or RNA helicases of superfamily Il
Deoxyribodipyrimidine photolyase
Nucleoside-diphosphate-sugar epimerases
Predicted permeases
FOG: TPR repeat
Predicted hydrolases or acyltransferases
FOG: PAS/PAC domain
Signal transduction histidine kinase
Glycine/D-amino acid oxidases
nscriptional regulators
Transcriptional regulators
7 Permeases of the drug/metabolite transporter
Predicted dehydrogenases and related proteins
Dehydrogenases (and short-chain alcohol deHases)
Glycosyltransferase
Dehydrogenases (flavoproteins)
ABC-type antimicrobial peptide transport
Zn-dependent hydrolases, including glyoxylases
Glycosyltransferases involved in cell wall biogenesis
Integrase
ABC-type dipeptide transport
Fe-S oxidoreductase
Acetylornithine deacetylase
Transposase and inactivated derivatives
| Predicted hydrolases or acyltransferases
Methionine synthase Il (cobalamin-independent)
Succinate dehydrogenase/fumarate reductase
TRAP-type uncharacterized transport

Delong, 2006

Structure:
Grouping genes by similar
protein domains

Pfam, TIGRfam,

Tal

Warnecke, 2007

SMART,

ic proteins

Biological roles:
Grouping genes by pathway

and process involvement
= @GO, KEGG, MetaCyc, SEED

Carbohydrate metabolism

Lipid metabolism

Turnbaugh, 2009

AS



% Niche specialization In Lefse:

LDA Effect Size
h . b . f . Nonparametric test for microbial and
t ic bi k
u m a'n m I C rO I O m e u n Ctl O n htt://huttenhov:/r;zer.ggﬁ.r;?ar::/lgrdggarle?si
Metabolic modules in the
Retroauricular crease KEGG functional catalog
Stool

Anteri - enriched at one or more
nterior nares <

Posterior fornix &% My % body habitats
Supragingival plaque W[/

Buccal mucosa

Tongue dorsum
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Structural ~ ——— Pathways
\ ‘mp\exes/ ®

Energy metabolism

N
@' Jnctional
modules
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M00142: Complex | (NADH dehydrogenase), NADH dehydrogenase |

ative abundance

AMostpr oces s es a<l@% aredifferentially present/absent even by body site
AContrast zero microbes meeting this threshold!

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



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

D G2 K2Qa UKSNBI¢ OSNHEdAza =
In the healthy humamicrobiome
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¥ Whichfunctionsof the gut microbiome
are disrupted by IBD?

J

A Over six times as many microbial metabolic

processes disrupted in IBD as microbes.

i1 f therebs a transit strike, ev
disrupted, not everyone named Smith or Jones.

I Phylogenetic distribution of function is consistent but diffuse

A During IBD, microbes...

Stop

ACreating most amino acids ATaking up more host products
ADegrading complex carbs. ADodging the immune system
AProducing short-chain fatty acids AAdhering to and invading host cells

32



2 Integrated functionaY SU I Q2 YA O&
» (Examining community DNSARNA)

Increasing metagenomic abundance

Spore coat

tetA Methanogenesis protein H
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DNA RNA DNA RNA DNA RNA

Consistently Consistently Consistently
over-expressed over-expressed under-expressed
gene pathway gene

Trp biosynthesis

DNA RNA

Consistently
under-expressed
pathway

Bacterial
ribosome

DNA RNA

Consistently
over-expressed
module

Functionalmetagenomic#& metatranscriptomics
of 8 heathy human stool samples

Franzosat al. PNASL1:E232938 (2014)

DNA RNA

Consistently
over-expressed
gene
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Y HUMANN
» HMP Unified MetabolicAnalysisNetwork

rop@ad o papa@ad pp@@®A  Short reads + protein families

/I\A M £\< Translated BLAST search
"
T I.- . * -.I I.- a I[_‘ ..I

Ay A B HED c O

H B I B Weight hits by significance
N | I Sum over families
= Adjust for sequence length

Sample 1 Sample2 Sample3 Sampled4 Sample5

Repeat for eacimetagenomic
or metatranscriptomicsample

O @™ >
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Y HUMANN
» HMP Unified MetabolicAnalysisNetwork

Sample 1 Sample2 Sample3 Sample4 Sample5

'y B | | | Millions of hits are collapsed into
B P [ thousands of gene families
C - ---- (still a large number

AMap genes to pathways

AUseMinPath(Ye 2009) to find simplest
pathway explanation for observed genes

0.40.40.40.40.40,¢ ARemove pathways unlikely to be present

due to low organismal abundance

ASmooth/fill gaps

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

pathway 1 [ B Collapsing gene family abundance into
Pathviay 2 — WSS pathway abundance (or presence/absence)

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

pathway 1 [N I |
pathway 2 ] s Y'€lds @ smaller, more tractable feature set
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HUMARNNaccuracy

Actual

0.05 0.10 0.15

0.00

Relative Abundance (asin sqrt)

p=0.72
] Xy X X X e 50
: .‘4/ 8f o e 2
XK % e @ g
— < & (] Qp=093
N Ey i
X = .oA:::
IR 7 A
e A A
& & ST o HUMANN
5 © v X @ _ o
— AR B e X best—-BLAST-hit
0.00 0.05 0.10 0.15
Predicted

Validated against synthetmmetagenomesamples
(similar toMetaPhlAnvalidation)

Gene family abundance and pathway presence/absence
calls beat naive be®2LAS-hit strategy
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