Introduction to shotgun
meta’omic analysis

Eric A. Franzosa, Ph.D.
Galeb Abu-Ali, Ph.D.

Harvard CFAR Workshop on Metagenomics
17 September 2015

" MiRiBA




Plan

* Shotgun meta’omics primer

* Informal survey

 Meta’omic taxonomic profiling
 MetaPhlAn(2)

 Meta’omic functional profiling
e Broad functional profiling with HUMANN(2)
* Targeted functional profiling with ShortBRED
* Predictive functional profiling with PICRUSt

 Downstream analyses

* Resources

* Tutorials (today and tomorrow)




% Sequencing as a tool for microbial community
» analysis (amplicon vs. shotgun)
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A note on “metagenomics” vocabulary

 Amplicon sequencing
* PCR amplify and seq. specific marker(s)
e Often the 16S rRNA gene (for bacteria)

e Shotgun sequencing
* Seq. short, random DNA/ fragments
* Whole metagenome shotgun (WMS)
* Whole shotgun
* Collectively, meta’omic sequencing



Y Sequencing as a tool for microbial community
» analysis (amplicon vs. shotgun)

* Where they overlap

e Strengths
e Quantifying taxonomic abundance
* Ecological statistics
* Taxon-taxon association
* Taxon-metadata association

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



Y Sequencing as a tool for microbial community
» analysis (amplicon vs. shotgun)

* Properties of shotgun meta’omic sequencing

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

* Challenges
 More expensive per sample
* Data are bigger, compute more intensive
* Need a good reference
* Contamination



Survey: who has/plans to work with...

* 16S data?

* shotgun data?

* metatranscriptomes?

* human vs. environmental samples?
* metagenomic assemblies?



1700,
‘ : The universal meta’omics workflow

We develop computational methods in these areas

Today we’ll be focusing on this subset



Meta’omic quality control

e Trim low-quality bases from read ends
* http://www.usadellab.org/cms/?page=trimmomatic

* Drop short reads

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

 Remove low-complexity sequences (?)
* Enforce end-pairing (?)
* Not required for bioBakery tools

* |Integrated workflow coming soon!
* https://bitbucket.org/biobakery/kneaddata
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% Meta’omics seeks to answer
two big questions...

Who is there?

(taxonomic profiling)
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Slide by Dirk Gevers

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

- Whatis a “normal” human microbiome?

300 healthy human subjects

- Multiple body sites
- 15 male, 18 female
- Multiple visits

« Clinical metadata

FELLOW  “f
TRAVELLERS ¥

www.hmpdacc.org



& Profiling microbial communities and ecology
at species-level resolution (HMP)

J

The 64 most abundant species in the healthy human body
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% Profiling microbial communities and ecology
P at species-level resolution

doi:10.1038/nature09944

Enterotypes of the human gut microbiome

Lactobacillus crispatus

SCience Atopobium vaginae

Prevotella amnii

Ehe New YJork Times

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, brevotella multiformis
SClE!IltiStS Sa}’ Bifidobacterium dentium

0 10

L I | I S 1l g~
691 samples that passed quality control

B anterior nares B throat B subgingival plaque saliva ) posterior fornix
N right retroauricular crease ¥ buccal mucosa tongue dorsum o  palatine tonsils MWvaginal introitus 13
left retroauricular crease supragingival plaque attached keratinized gingiva © stool mid vagina



Are there discrete “types” of typical human
P»  microbiomes?

HMP samples
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MetaPhlAn(2)

For meta’omic taxonomic profiling

15



¥ Comprehensive pangenome reference db

J
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NCBI isolate
genomes protein-
Archaea 300 coding genes
Bacteria 12,926 N
Viruses 3 565 49.0lm|II|on
Eukaryota 112 total genes
RepoPhlAn

16
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Species Core Marker
pangenomes genes genes
7,677
containing
18.6 million

gene clusters

ChocoPhlAn (http://metaref.org)



% MetaPhlAn seos (PR
b Metagenomic Phylogenic Analysis

Reference Genomes
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Y MetaPhlAn segata | g
» Metagenomic Phylogenic Analysis ,

Reference Genomes
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MetaPhlAn overview

Ais a for clade Y Ais a for clade Y
A Gene A 2
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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 of MetaPhlAn accuracy

Absolute error in abundance estimation
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(Validation on high-complexity uniformly distributed synthetic metagenomes.)
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Evaluation of MetaPhlAn performance

10° ]
5 >50 times faster than

earlier methods
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MetaPhlAn 2.0

» MetaPhlAn 1.0 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

Predicted relative abundance (%)
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MetaPhlAn2: Results for

LT

HMP Skin

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

24



MetaPhlAn in action: strain profiling

Coverage —l
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Visit number Species spef;mc marker. genes ! P
HMP subject ID for Alistipes putredinis Strain cluster B, absent

e |n practice, not all markers are present
e Individual-specific marker “barcodes”
e Often very stable over time
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% Meta’omics seeks to answer
two big questions...

What are they doing?

(functional profiling)

pAS



[ v (What we mean by “function”)
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Y Metagenomic analyses:

g gene calling and proxygenes
Extrinsic gene calling: — 7— — _I
’ BLAST etc. (proxygenes) = /
’ Intrinsic gene calling: _— 7 m— —
) OREF detection from seq. | « /
o .
Krause, 2006 I M/
Yooseph, 2008 BLAST __ : \ : . W

Orphelia: Hoff, 2009
MetaGene: Noguchi, 2006

HMM models

S




¥ Metagenomic analyses:
molecular functions and biological roles

Orthology:
Grouping genes by conserved

sequence features
COG, KO, FIGfam...

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, SMART, EC...

Tal

Warnecke, 2007

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
Nonparametric test for microbial and

human microbiome function metagenomic biomarkers

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

Metabolic modules in the
Retroauricular crease KEGG functional catalog
Stool - enriched at one or more
Anterior nares 5

Posterior fornix &% : ’” % body habitats
Supragingival plaque _

Buccal mucosa

Tongue dorsum

OeoOecCceo

e
Structural ~ ——— Pathways
\ ‘mp\exes/ ®
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@' Jnctional
modules

~

M00142: Complex | (NADH dehydrogenase), NADH dehydrogenase |

ative abundance

* 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



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

“Who’s there,” versus, “What they’'re doing,”
in the healthy human microbiome
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¥ Which functions of the gut microbiome
are disrupted by IBD?

J

« 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.

— Phylogenetic distribution of function is consistent but diffuse

« During IBD, microbes...

Stop

 Creating most amino acids « Taking up more host products
» Degrading complex carbs. « Dodging the immune system
* Producing short-chain fatty acids « Adhering to and invading host cells

32



Y Integrated functional meta’omics
» (Examining community DNA & RNA)

Increasing metagenomic abundance

Spore coat Bacterial

tetA Methanogenesis SrotemIH] Trp biosynthesis ribosome
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DNA RNA DNA RNA DNA RNA DNA RNA DNA RNA DNA RNA

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

Functional metagenomics & metatranscriptomics
of 8 heathy human stool samples

Franzosa et al. PNAS 11:E2329-38 (2014)



HUMANN(2)

For broad meta’omic functional profiling

34



Y HUMANN
»  HMP Unified Metabolic Analysis Network

O pMAAPd pOMmId PMMIA  Short reads + protein families

/I\“ M\ k Translated BLAST search

H B I l Weight hits by significance
L Y J L . ] \ ' J
N - o Sum over families
- Adjust for sequence length

Sample 1 Sample2 Sample3 Sampled4 Sample5

Repeat for each metagenomic
or metatranscriptomic sample

O @™ >



Y HUMANN
»  HMP Unified Metabolic Analysis Network

Sample 1 Sample2 Sample3 Sample4 Sample5

A - ---- Millions of hits are collapsed into
B P [ thousands of gene families
C - ---- (still a large number)

* Map genes to pathways

* Use MinPath (Ye 2009) to find simplest
pathway explanation for observed genes

0.40.40.40 40,40 4

* Remove pathways unlikely to be present
due to low organismal abundance

* Smooth/fill gaps

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

pathway 1 | I I Collapsing gene family abundance into
Pathway 2 _ _
pathway abundance (or presence/absence)

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

pathway 1 | L | BN
pathway 2 — mmmm  Yi€lds a smaller, more tractable feature set

36



HUMAnNN accuracy

Actual

0.05 0.10 0.15

0.00

Relative Abundance (asin sqrt)

p=0.72
Xy X X X e 50
T S 8f o o 2
X % 2® ® o
° g ~ ap=093
p 4 o, -
< loA:'.i & :o-o 3
o 4-_@’%5'00.' ’ "’.O: & o
e oA A&
el o of e HUMANN
s 2] X X @ _ _
; A X beSt BLAST hlt
0.00 0.05 0.10 0.15
Predicted

True positive rate

06 08 1.0

0.4

0.2

0.0

Coverage

_..-"
- -

— -
—— HUMANN, pAUC(0.1)=0.77
- - best-BLAST-hit, pAUC(0.1)=0.51
[ I I I | I
0.00 0.02 0.04 0.06 0.08 0.10

False positive rate

Validated against synthetic metagenome samples
(similar to MetaPhlAn validation)

Gene family abundance and pathway presence/absence
calls beat naive best-BLAST-hit strategy
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HUMANN 2.0

» Avoid translated search where possible

» Speed up translated search with ORF-picking
» Stratify community-wide function by organism
» Focus on open gene family & pathway systems

» https://bitbucket.org/biobakery/humann?

38
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Short Reads

% Faster functional profiling by avoiding
translated search

Reference Genomes
AN

A

39
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Short Reads

% Faster functional profiling by avoiding
translated search

Reference Genomes
AN

40
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Short Reads

% Faster functional profiling by avoiding
translated search

Reference Genomes
AN

41



HUMANN 2.0 overview

Quality-controlled
DNA or RNA reads

-

Taxonomic
Profiling
(MetaPhlAn 2)

h -
-

Nucleotide-level

pangenome

mapping
(Bowtie 2)

121 1]
L) D | V)

Functionally
annotated species
pangenomes
(ChocoPhiAn)
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¥ HUMANN2 accuracy
» (1M read mock stool metagenome)

1 - Bray-Curtis Dissimilarity (%)
75 80 85 90 95 100

Alistipes onderdonkii |IEG—_—_—_—__ * 20 common gUt bugs (even)

Alistipes putredinis IEEEEG— e 1M 100-nt reads
Alistipes shahii GGG
e L A —— * Computed expected
Bacteroides celiuiosilyticus NN UniRef50 abundances from
Bacteroides dorei I ]
Bacteroides massiliensis I genome annotations
Bacteroides ovatus IIIINININGNGEEEN
Bacteroides stercoris I * Ran reads through HUMANN2

Bacteroides thetaiotaomicron NG ° Compared expected and
Bacteroides uniformis .
Bacteroides vulgatus I observed profiles
Barnesiella intestinihominis S
Dialister invisus NG
Eubacterium rectale IINIIIINISINImm———— e Strong agreement, even for
Faecalibacterium prausnitzii GGG

Parabacteroides distasonis EE—— closely related species
Parabacteroides merdae IIEam id
Prevotella copri I E— (e.g. Bacteroides)

Ruminococcus bromii I
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Y HUMANN2 performance
» (1M read mock stool metagenome)

MetaPhlAn2 Pangenome Translated Total
Prescreen Search Search
Normal 0.5 0.7 2.9
Flow cpu-hours cpu-hours cpu-hours cpu-hours
(86% reads) ( reads)
Translated 12.1 12.1
Search \JA \JA cpu-hours cpu-hours

(01411}
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Y HUMANNZ2: Example combining DNA- & RNA-
» seqfrom 8 healthy gut microbiomes

Bacterial ribosomal
proteins

Bacteria

- -
Q <9 <9
w N -

—_
(o]

® RNA > DNA
® DNA > RNA

Mean Relative RNA Abundance

107 10® 10° 10* 10° 10%? 10”7
Mean Relative DNA Abundance

log10( RNA / DNA )

Peptidoglycan biosynthesis

Peptidoglycan -2 -1 0 1 2
biosynthesis Bacterial ribosomal proteins
log10( RNA/ DNA)

A_\
o o
boA

-
<
w

Dot = functional contribution of one species

Ribosomal & peptidoglycan transcription correlate
Ribosome biosyn. generally “over-transcribed”

® RNA > DNA . . “ H ”

® DNA - RNA Peptidoglycan biosyn. generally “under-transcribed

107 10° 10° 10% 10° 102 107 Not a paradox, it’s consistent with the biology
Mean Relative DNA Abundance

Mean Relative RNA Abundance
S =5 ?
o [4.] B

—-
S
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DOC

HUMANNZ2: Glycolytic processes performed by
different species in Finns and Russians

Tommi
Vatanen

species

B Prevotella copri
Bacteroides dorei
Bacteroides fragilis
Bacteroides ovalus

B Escherichia coli
Faecalibacterium prausnitzii

B Bacteroides uniformis
Bacteroides vulgatus

B Bifidobacterium bifidum
Bifidobacterium longum
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Age / months relative contribution




ShortBRED

For targeted meta’omic
functional profiling
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% The problem with short reads and regions of
» local homology among proteins

Color key for alignment scores

<0 aoso  [USESESSN eozo0 >=z00
e < Y S s~ Se) |
| | | | | |
0 150 300 450 600 750

e Short reads from
unrelated families may
map to protein of
interest (spurious hits)
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% ShortBRED Identify @
» Find unique markers for interesting prots .

Jim
Kaminski

Prots of Reference Cluster into ldentify short,
interest database families common regions
® o— ® o ® ®

True Marker Junction Marker Quasi Marker




%> ShortBRED Quantify @
P  Use markers for highly specific profiling .

Jim
Kaminski

44444444444444444444444

R — ® ® e
pre—— ) . P
e @ . I NI e
—— . U ° * S PR — °
Metagenome Translated search for Normalize
reads ShortBRED high ID hits relative

markers abundances




ShortBRED Synthetic Evaluation (ABR genes)

True positive rate

ARDB 10% - 500 genes

ShortBRED
t Centroids

Mar: 0.96
1Cen: 0.791

Predicted

ShortBRED
BLASTX
5%
10%

- 25% :
| I ) N \

0.05 0.10 0.15 0.20 0.000 0.005 0.010 0.015 0.020 0.025

False positive rate Actual

Relative to mapping reads against full-length centroids, we are:
> Substantially more accurate (fewer false positives)
> Faster (reduced search space)



ShortBRED: ABR in human gut metagenomes

HJ—”H H— Relative Abundance (RPKM)
0 10 103
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PICRUSt

For predictive functional profiling
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% PICRUSL: Inferring community metagenomic potential from
| marker gene sequencing

® Hypersaline

One can recover general ' 0o Soil
. . . & " =y ¢ Mamma
community function with | e P $° o 4 * Human
reasonable accuracy from E LY I

16S profiles. 3

@
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HUMANN
. L
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Average 16S distance to nearest reference genome (NSTI)
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J

% Meta’omics seeks to answer

two big questions...

Who is there?
What are they doing?
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J

% Meta’omics seeks to answer
tweo three big questions...

What does it all mean?
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Properties of microbiome data

e Compositional nature (2 =1)
 Abundance is relative, not absolute
High dynamic range
Often sparse (sample dominated by a few species)
Noisy
Hierarchical organization

St Ol | Gu | Owl | Gu | ol | Gu
I I T R I R T
cndeniougs| 040 | 056 | 007 | om | oa2 | oz ]
cscenlouez] 000 | 030 | 035 | 0w | oo | oos |

" chasez| 0c0 | 013 | 057 | om | os | oe |
cndeziouea] 011 | 000 | 010 | om | 015 | oz ]
ciaceziouea] 045 | 013 | 047 | 000 | 035 | oas |

57



Properties of microbiome data

* General problem: correlate microbiome features with
metadata (potentially controlling for other features)
* Intuitively summarize the results
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%> MaAsLin
»  Multivariate Association with Linear Models

Reduced Model
Study Groups
{ Sex
Age

Feature Reduction

. AlCIA
Boosting —_—
=}—>- NN B

Metadata

T l

ArcSin Sqrt Multivariate
between microbial community
with study metadata

OTuU1
OTU 2
OTU 3

Data

{

A more general solution for finding significant metagenomic

associations in metadata-rich studies
Tim
Tickle




Microbiome downstream analyses:
/ interaction network reconstruction

It's a jungle in there —
microbial interactions follow
patterns from classical
macro-ecology.

Predation

Given microbial relative abundance measurements over many samples,
can we detect co-occurrence and co-exclusion relationships?
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% Relative abundance data poses a problem for

p» correlating metagenomic features

Samplel Sample2 Sample3 sample4 sample5 Samplel Sample2 Sample3 sample4 sample5
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& & & & & g Q}é} eé” Q\e?‘ ¢é°
A S &S S S
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(sequencing yields rel. ab.)
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> CCREPE: Compositionality Corrected by
» REnormalization and PErmutation

Estimating a confidence interval

Bootstrapped Bootstrap Distribution
Relative Abundance (Confidence Interval)

P resamp\e
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Estimating the null distribution Schwager




> CCREPE: Compositionality Corrected by
» REnormalization and PErmutation

L= . .
- ° — «=005| o Synthetic evaluation
 Random sample feature/tables
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> CCREPE: Compositionality Corrected by

» REnormalization and PErmutation

Epsilonpro-
teobacteria

Betaproteo-
bacteria

“Microbial co-occurrence relationships in the human microbiome.”
Faust, et al. PLoS Comp Biol, 8:1002606 (2012).

Class-level nodes
(colored by phylum)
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Edges

Oral cavity
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The three big questions...

Who is there?
What are they doing?

What does it all mean?



Resources
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Using tools through Galaxy

——_ Galaxy / Huttenhower Lab Analyze Data Workflow Shared Data Help User

Tools History

Thanks for visiting our lab's tools and applications page, implemented within the Galaxy web =8
search tools application and workflow framewaork. Here, we provide a number of resources for e 2 . o=
metagenomic and functional genomic analyses, intended for research and academic use. s
Please see the menus and folders to the left for an overview of available tools including - 3
documentation, sample data, and publications. Ry % vl © vour history is empty. Click 'Get
Data' on the left pane to start

LEfSe
MetaPhlAn Our lab's research interests include metagenomics and the human microbiome, the =

- relationships between micrebial communities and human health, microbiome systems biclogy, .

and large-scale computational methods for studying all of these areas. In addition to the tools provided here, feel free to take
microPITA a look at our additional research and publications, including the Sleipnir library for computational functional genomics.

GraPhlAn

MaAsLin The tools are available here without account creation. However, you are strongly invited to create an account for having
PICRUSt access to the history, saved analyses, datasets and workflows. You can create an account and/or log in using the User menu
in the top-right corner.

If you have any comments, questions, or suggestions, please contact Dr. Huttenhower.
Get Data

Convert Formats

FASTA manipulation
General Galaxy tools

huttenhower.sph.harvard.edu/gala



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

DOC
Tutorials available online

00 =
e & biobakery / biobakery /

L C' http://huttenhower.sph.harvard.edu/biobakery

Huttenhower Lab Tools

ronment platform that provides Huttenhower tools (already installed!). Please click on the button

bioBakery

Vet ermvrenemest for
rhuttenhawet tocks

Composition Analysis

Statistical Analysis

™ & the associations from the provio nformation and microteal composition tables. Please click on the links below
i
CCREPE AEfse MaAsin
ARepA &
* Extract “omics data from = Astan the dgpiicance of metadies (max. 2) and . b
resoritones and speces e Stage-slered studes
= composmonal datasets abundances prasraty

Visualization

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

(click on your tool-of-interest)
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DO
All tools are open source

= 9 Bitbucket Teams~ Repositories ~+ = Create

b|0bakery .i, Clone ~ I) Branch I'I'l Pull request

8 biohakery 4 Share

o]

Commits Pull requests

Home Clone wiki = Edit Create History

Huttenhower Lab Tools

Welcome to the official Huttenhower Tutorials wiki. The wiki follows through the computational tools currently being used by our lab, which is also

publicly available.

The tools can be divided under three categories:

Composition Analysis

These tools can determine the composition in terms of (i) microbial species and their associated abundances (MetaPhlAn) or (ii) genes and associated
pathways (HUMANN) in the dataset. Please click on the links below for detailed tutorials:

PICRUSt ShortBRED

* Predicted metagenome « Abundance of proteins of

functional content from ihterestinipeneticdata
marker gene

PhyloPhlAn

* Reconstruction of
phylogenetic trees

http://bitbucket.org/biobakery/biobakery
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% The bioBakery Virtual Machine
J https://bitbucket.org/biobakery/biobakery/wiki/biobakery wiki

MOoons:

@™ hmptree.pn:

!
Crevioss dnex: | @ @ @ @D C
Human Microbiome Project species tr

J'@bioBaker}

huttenhower.sph.harvard.ed

4
2 o

Ubuntu base image preloaded and configured to run all
Huttenhower lab tools; one click up-and-running via Vagrant
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