Introduction to
metagenomic analysis

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

Harvard University CFAR Workshop on
Metagenomics and Transcriptomics

16 September 2014

| |
"N MiRiBA
TAS }ﬁ}‘g E!H ’é BROAq
; als ’Q




Content

* http://huttenhower.sph.harvard.edu/content/cfar2014




Plan

* Informal survey
 Metagenomics concepts & examples
* Tools for taxonomic profiling
 MetaPhlAn
* Tools for functional profiling
e HUMANN
 ShortBRED
* PICRUSt
* Tools for testing associations
e LEfSe
* MaAsLin
 CCREPE
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* Research vignette (time permitting)




What’s metagenomics?
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Molecular biological access to the chemistry of unknown
soil microbes: a new frontier for natural products

Jo Handelsman!, Michelle R Rondon‘ Sean F Brady?, Jon Clardy? and
Robert M Goodman'
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ness that they are thought to contain. The methodology has Commensal Host-Bacterial Relationships
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cukarvotic penomics, which have laid the groundwork for Lora V. Hooper and Jeffrey I. Gordon®

cloning and funcuonal analyeis of the collective penomes of

soil microflora, which we term the metapenome of the soil.

Total genomic potential of
a microbial community

Study of uncultured microorganisms
from the environment, which can include
humans or other living hosts

our microbiome -:J|

Total biomolecular repertoire
of a microbial community



¥ Examples of metagenomic studies:

®  Global Ocean Sampling

J. Craig Venter’ _
e awameadl 2003/2004 - ongoing

The Sorcerer II Expedition
Global Ocean Sampling Route
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JTC Sequencer Lab
The BIOdlvel’Slty Of Capacity: 240,000 sequences/day or 80 million lanes/year at 24 runs per da

Each New Region is Different




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 | a1 4
- Multiple visits
« Clinical metadata

FELLOW  “1
TRAVELLERS ¥

www.hmpdacc.org



¥ Sequencing as a tool for microbial community
analysis

Lyse cells
Extract DNA (and/or RNA)

sia 3
22

16S amplicons Meta’omic

George Rice, Montana State University

i ' PCR to amplify the single
i 16S rRNA marker gene

(bp 1

Classify sequence

ERECODONN
A 15 =W ~ - =
L)

=» microbe
Samples
2 0 Genes,
Adapted from En g :H G eno mes,
Van de Peer, 1996 Pust . -
2 Metabolic profiling,

Relative abundances,

Relative Genetic variants...
abundances




What to do with your metagenome?

Reservoir of Comprehensive
gene and protein snapshot of
functional microbial ecology
information and evolution

Public health tool Diagnostic or
monitoring prognostic
population health biomarker for

and epidemiology host disease




Composition-based analyses

) Acidobacteria
Aquificae
Chlamydiae
Chlorobi

Actinobacteria
Bacteroidetes
Firmicutes
Proteobacteria
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Chloroflexi O Fusobacteria D Tenericutes @® Other
Crenarchaeota @ Planctomycetes Thermi

Cyanobacteria @® Spirochaetes Thermotogae
Euryarchaeota @ Synergistetes Verrucomicrobia




% Microbiome composition analyses:
P  phylotypes and binning

T ML Binning: nontrivial

PER———— assignment of reads
to phylotypes

Phylotype or operational
taxonomic unit (OTU):
organisms clonal to within some
tolerance (e.g. 95%); “species”

Actinobacteria
u Bacteroidetes

rultlenath S B« Firmicutes Indirect binning: BLAST etc.

y /= Fusobacteria 4 . . . . .
l OtherPr:Jteobacteria Re“eS on hlgh Slmllarlty,
Verrucomicrobia ‘ reference Seq

Alphaproteobacteria

“ Betaproteobacteria

Deltaproteobacteria . . .
Epsilonproteobacteria ’ DIreCt blnnlng: analyzes Seq-
| | ommepro cobacteria characteristics (GC, codons, etc.)
Relies on long reads

Hamady, 2009 PhyloPythia: McHardy, 2007 TETRA: Chan, 2008 Phymm: Brady, 2009 MetaPhlAn: Segata, 2012 1



¥ Microbiome composition analyses:

J diversity

Mitra, 2009
Hamady, 2009

Diversity: broadly, a
community’s number and
distribution of organisms

Also community
composition or structure

Taxonomic vs. phylogenetic

Susan Holmes, Stanford Qualitative vs. quantitative
[10 6 1 4]
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2006 % of sequences 14

# of sequences  Schloss,
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¥ Microbiome composition analyses:

alpha diversity (1-sample) scenarios

Not diverse

Qualitatively diverse
Taxonomically diverse

Quantitatively diverse
Taxonomically diverse

Phylogenetically
diverse

12



¥ Microbiome composition analyses:

J

Sample 2

beta diversity (2-sample) scenarios

Qualitatively diverse
Taxonomically diverse

Quantitatively diverse
Taxonomically diverse

Quantitatively diverse
Phylogenetically diverse

13



% Which human body sites harbor the greatest
microbial diversity per individual?

Within—-Sample Alpha Diversity
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DOC

log, (Relative Beta Diversity)

04 0.2 0.0 0.2 04 0.6

-0.6

Which human body sites share the greatest

microbial diversity among individuals?
Between-Sample Beta Diversity

OTUs (16S)
Reference genomes (WGS)
Metabolic modules (WGS)

Gene index (WGS) o
G < R Ly P A K RS DS, S S L A L
o, T, Ty, o, o, P, 00 R e R Y, b, %, 0 T %, O,
7~ C 9 Q & ) Q) % G .
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\S‘G ‘9\5\@
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«— Microbes

D Microbiome composition analyses:

J ordination

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).

Samples —
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Bug 2

Bug 1

Variation 1 (X%)

Microbiomes of ant castes implicate new
microbial roles in the fungus-growing ant
Trachymyrmex septentrionalis

Heather D. Ishak’, Jessica L Miller’, Ruchira Sen', Scot E. Dowd?, Eli Meyer' & Ulrich we

0.5

M Male

o Garden

o Soil chamber
e Soil excavate

P Pheidole ant

UniFrac

Euclidean
f,. .

. Hamady, 2009

16
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D Microbiome composition analyses:

ordination examples

PC1 (13%)

PCO2 (6.5%)

® Indiv. #1
O Indiv. #1

o
r

o

o
(S

- keyboard key
- fingertip

V¥ Indiv. #2 -
V¥ Indiv. #2 -
B Indiv. #3 -
O Indiv. #3 -

keyboard key
fingertip
keyboard key
fingertip

Fierer 2010

0
PCO1 (17%)

0.2

17



Dimension 2 (14.33%)

% How is the gut microbiome disrupted during

/ IBD and its treatment?

m - Healthy
CD
uc
lleal CD

— ucC

Healthy
CD
7
(Tl |
3 P ) 0 1 2

Dimension 1 (23.71%)

18




Dimension 2 (14.33%)

J

% How is the gut microbiome disrupted during
IBD and its treatment?

Age

Smoker uc

Mesalamine
Sample (Stool
Antibiotics

Healthy
CD
ucC
lleal CD

@
Healthy
-
leal Involved
o [ ]
| T I : : |

Dimension 1 (23.71%)

19



Meta’omic analyses




® Typical shotgun metagenome and

»  metatranscriptome analyses
7\t V@V
L, Q
Taxonomic v MDD

Profiling Assembly

5

)

S eggNOG4 0 /[ uc)
66{/
s 3

Samples Samples

Microbes
Genes or
Pathways

Relative Relative ! —
abundances abundances 21



% 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 22
left retroauricular crease supragingival plaque attached keratinized gingiva © stool mid vagina



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

HMP samples

i oo ekl

AT

l Ilrl
0.6
w
0.4} x. A
* %
A®
0.2} #* & ]
aX
. % x @
g@‘t“"ﬁ:* aow X
0_0 . ‘* * %( . .
P lrﬁ ‘rﬁa!i %
x ® A O
& NS A X" @ Xx@
ll. 2
.
04,5 ~04 ~0.2 0.0 0.2
New-onset Established
Rheumatoid Arthritis < Rheumatoid Arthritis © Healthy ©>50% Prevotella

30

) 10
Dan Littman

20

40 50

% Bacteroides

60

70 80 90

m
L
| L M

.'i'.'i.'n-

[] MetaHIT samples

Bacteroides uniformis
Bacteroides vulgatus
Bacteroides stercoris
Bacteroides eggerthii
Parabacteroides merdae
Alistipes shahii
Alistipes putredinis
Bacteroides caccae
Bacteroides xylanisolvens
Bacteroides ovatus
Bacteroides unclassified
Ruminococcus bromii
Faecalibacterium prausnitzii
Dialister invisus
Eubacterlum siraeum

' rectale
Butyrlvnbrno Cre
Prevotella coprl

notus

Bacteroides %

-0.2 0.0 0.2

PC2

OoEEEEEEBOO

€ Prevotella

-0

5 0.0

T |
0.5
PC1
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m ° °
‘ : Species prevalence vs. species abundance

Species-bodysite pairs

1.0
0.9
0.8

0 07

206

Q

s 05

-

® 04

o3
0.2
0.1

0.0
0.00001 0.0001 0.001 0.01

Median Non-Zero Abundance

“~ site bug log10 med non0 abund prevalence tp 1-2 stability
\_vs Stool s__Prevotella_copri -0.3 0.11 1.00

site bug log10 med non0 abund prevalence tp 1-2 stability
,,l Tongue_dorsum s__Actinomyces_odontolyticus -1.8 1.00 1.00
£/ Buccal_mucosa s__Actinomyces_odontolyticus -3.1 0.47 0.78
l{ Supragingival_plaque s__Actinomyces_odontolyticus -3.1 0.38 0.50

24



® Typical shotgun metagenome and

»  metatranscriptome analyses
7\t V@V
L, Q
Taxonomic v MDD

Profiling Assembly

5

)

S eggNOG4 0 /[ uc)
66{/
s 3

Samples Samples

Microbes
Genes or
Pathways

Relative Relative ! —
abundances abundances 25



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

27



¥ 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/ ®

al

=
S
°
2
[z}
i
[}
=
>
&
E
a
=
i

@' 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

«— Subjects —

T
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- Skin Oral (BM) Vaginal
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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

30



Plan

* Tools for taxonomic profiling
 MetaPhlAn

* Tools for functional profiling
e HUMANN
 ShortBRED
* PICRUSt

* Tools for testing associations
e LEfSe
* MaAsLin
 CCREPE

* Resources

* Research vignette (time permitting)

31




The two big questions...

Who is there?

(taxonomic profiling)

32



Reference genomes

e |[MG alone now contains ~3,100 bacterial genomes
— Plus ~100 archaeal, ~100 eukaryotic, and a few thousand viruses
— About half final and half draft

e These comprise 1,222 bacterial species

— 652 genera, 278 families, 130 orders, 66 classes, 33 phyla 100 2150
1826
— 2,383 total clades s 1606
1136
e And roughly 10M genes

e 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

33



% MetaPhlAn o (PR
b Metagenomic Phylogenic Analysis

Reference Genomes

3z a
—a» s Y 4 C 4
EDE—

|\
5 . . .
\. \\ .

34



Y MetaPhlAn seoata | g
» Metagenomic Phylogenic Analysis ,

Reference Genomes
AN

e

[lB
| N

Short Reads
A

35



MetaPhlAn overview

Ais a for clade Y Ais a for clade Y
A Gene A 2
fo& S
S &

= —_ —

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

1.0

0.8

0.6

0.4

0.0

MetaPhIAn (rms err. 0.172)
—o— PHYMMBL (rms err. 0.207)

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

|

Il

| | W"m‘m.
0] 20 40 60 80
worst predictions . best predictions
Species

Absolute error in abundance estimation

MetaPhIAn (rms err. 0.255)
PHYMMBL (rms err. 0.612)
BLAST (rms err. 0.688)
RITA (rms err. 1.736)

NBC (rms err. 0.872)

<=

worst predictions

) 15 ~ 20 2

(Validation on high-complexity uniformly distributed synthetic metagenomes.)
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Evaluation of MetaPhlAn performance

10° ]
5 >50 times faster than

earlier methods

1{}4 E_ ..... T

103 _ ..... _ 450 reads/sec
| | (BLAST)

1':}25_ ..... N S -

Up to 25,000 reads/sec
(bowtie2)

1{:}15_. ..... [ S—— -

10%F -+ i . . i ] § o

reads/second (log scale)

Multi-threaded

1D'1§_. ..... - - [ e - ---- BE PR B A T A _é

Easily parallelizable

1072

38



MetaPhlAn in action
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Franzosa et al. PNAS 11:E2329-38 (2014)
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Haemophilus Streptococcus
parainfluenzae salivanus

Streptococcus Actinomyces
australis odontolyticus
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MetaPhlAn in action: strain profiling

Coverage —l

— 44x
- 23x
— 58x

763536994

- 52x
—134x
— 37x
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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

e |n practice, not all markers are present
e Individual-specific marker “barcodes”
e Often very stable over time




Plan

* Tools for functional profiling
e HUMANN
 ShortBRED
* PICRUSt
* Tools for testing associations
e LEfSe
* MaAsLin
 CCREPE
* Resources
* Research vignette (time permitting)

41




The two big questions...

What are they doing?

(functional profiling)

42



[ v (What we mean by “function”)

INOSITOL PHOSPHATE METABOLISM
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Y HUMANN
»  HMP Unified Metabolic Analysis Network

O pAAPd pOMmId P@DMA  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

Millions of hits are collapsed into
thousands of gene families (KOs)
(still a large number)

* Map genes to KEGG 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 KO abundance into KEGG
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

45



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
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—— HUMANN, pAUC(0.1)=0.77
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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 in action

»  Functional potential (DNA) vs activity (RNA)

Increasing metagenomic abundance

Spore coat

tetA Methanogenesis protein H

)
o
c
@©
e
c
3
Qo
[
)
=
S
£
[
x

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

Functional metagenomics & metatranscriptomics
of 8 heathy human stool samples

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

DNA RNA

Consistently
over-expressed
gene




% HUMANN in action
» Conserved potential & variable activity

il il /™"

Top 10 Gene Families, DNA
(EC level-3 categories)

Top 10 Genera Top 10 Gene Families, RNA

(EC level-3 categories)
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What's there: ShortBRED

@
s

Jim
Kaminski

ShortBRED is a tool for guantifying protein families in metagenomes
— Short Better REad Dataset

Inputs:
— FASTA file of proteins of interest
— Large reference database of protein sequences (FASTA or blastdb)
— Metagenomes (FASTA/FASTQ nucleotide files)
Outputs:
— Short, unique markers for protein families of interest (FASTA)

— Relative abundances of protein families of interest in each metagenome
(text file, RPKM)

Compared to BLAST (or HUMANN), this is:

— Faster
— More specific
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What's there: ShortBRED algorithm

« Cluster proteins of interest into families
— Record consensus sequences

 Identify unigue and common areas among proteins
— Compared against each other
— Compared against reference database
— Remove all of these

* Remaining subsegs. uniquely ID a family
— Record these as markers for that family
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What's there: ShortBRED
marker identification

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

True Marker Junction Marker Quasi Marker




What's there: ShortBRED

family quantification

44444444444444444444444

L]
pre— ° ¢ e
e @ o =
—— . U ° * S PR — °
Metagenome Translated search for Normalize
reads ShortBRED high ID hits relative

markers abundances




What'’s there: ShortBRED is accurate

B. Antibiotic Resistance Genes Database

Correlation = 10% of Metagenome, 500 genes _ _
Six synthetic metagenomes

from GemSim, spiked with
known proteins of interest:

ARDB = Antibiotic Resistance
VFDB = Virulence Factors

Method

=+ Centroids
O ShortBRED

Expected Abundance

ShortBRED: 0.95
Centroids: 0.815

O

m

Predicted Abundance
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What's there: ShortBRED is fast

0
O
1]

0w

(R
w

=]
0w
i}

(el

Comparison of Speed Across Datasets

ARDB10

Method

VFE10

Six synthetic metagenomes
from GemSim, spiked with
known proteins of interest:

ARDB = Antibiotic Resistance
VFDB = Virulence Factors
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¥ Can we infer anything about function from

J 16S data?

) Lyse cells
| Extract DNA (and/or RNA)

¥ 4
33 s . , .
16S amplicons Meta'omic
George Rice, Montane niverity —
i -
Seiinn N, = PCR to amplify the single /3
variability ma >
R : 16S rRNA marker gene
T g il >
N )
Classify sequence - ) . @
=» microbe N 4
A v
= 25% -
-
Samples
8 Genes,
Adapted from N E‘ Genomes’
Van de Peer, 1996

Microbes

Metabolic profiling,
Relative abundances,

Relative Genetic variants...
abundances




» PICRUSLt: 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

@

Pathways Orthologous Taxon %

and modules gene families abundances %

o

HUMANN
. L
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Average 16S distance to nearest reference genome (NSTI)
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* Tools for testing associations
* LEfSe
* MaAsLin
 CCREPE
* Resources
* Research vignette (time permitting)
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The two big questions...
Who is there?
What are they doing?

Campenl 1 | 2 | 3 | 4 | 5 | &

" Chdea] 0w | 0w | oa | 0w | 04 | 0% |
cadetlougt] 0a0 | os6 | ow | oa | oar | o |

caces ouez] 000 | 030 | 036 | 037 | o0s | oos
" cades] 000 | 013 | 057 | 032 | os3 | oes
Cadeziovea] 011 | 000 | 010 | 032 | 015 | oz
caseziouea] 09 | 013 | 047 | 000 | 035 | 05
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The twe three big questions...

What does it all mean?

Csamger| 1 | 2 | 3 | 4 | s [ o |
[ Gender]nte | emate | Femate | Wole | wate | Femte |
sl oo [ o [ow [ o [ oo | on |

asceriougz] 000 | o0 | oz | 0w | oo | oo |
ol o0 | o5 | 0w | o | on | ow |
rceziougs] o1 | 000 | om0 | 0 | o5 | o |
asceziougs] 045 | 033 | or | o | 035 | 0ss |
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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 |

60



Properties of microbiome data

* General problem: correlate microbiome features with
metadata (potentially controlling for other features)
* Intuitively summarize the results

T I I T T N
" Gender] e | Fomole | omae | wale | wale | Female
 stel ow | ow | om | ow | om | ow
 Gadea] 00 | 0w | oa | oss | owr | om |

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 |
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Dimension 2 (14.33%)

% Recall that ordination is exploratory
J (no p-values for a trend, for example)

m - Healthy
CD
ucC
lleal CD
N —
— - ucC
O —
Healthy
CD
—
i
3
| | | | | |
—3 —2 -1 0 1 P

Dimension 1 (23.71%) 62



% LEfSe: LDA Effect Size W
» Finding metagenomic biomarkers by

Data Step 1 Step 2 Step 3

Kruskal Wallis Wilcoxon on subclasses Signed LDA log-score

)
A

Class 1 Class 2

(/] (g
h N
F @

; Class 1

¢ 2 [ 1 @ s
—>»0.13 A/ b

—>0.01») B —[3

=5

Features 7 through n

_)-01900 M —-2

—>»0.00» D >—
0030 E. ] [ 1@ 1,
Samples 1 through m \ o — 0
' —1-1

[T T 11T ] v
H:H H:Hl—)»o.oa@ Y ——=r i
—>0.76 D Z\ 1.
L] ]

%7 l'é’ ‘-?7 e@ | | ﬁ 2 B Class 2_4
Subclasses _7-‘
A B C

Statistical Biological Biological

consistency consistency Effect size
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Example LEfSe application:
Find O,-loving bugs (controlling for body site)

Bacteria.Actinobacteria

class: High_02 class: Low_0O2 class: Mid_02

[aF)
bt
=
[1+]
- L
=
=
e}
M
@
=
e
T
[ K]
o
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J

Y Superimpose enrichments on the tree of life
using GraPhlAn

P_Bacteroidetes

I Buccal_mucosa
I Posterior_fornix

LEfSe Associations Metadata Rings
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%> MaAsLin
» Multivariate Association with Linear Models

Reduced Model
Study Groups
{ Sex
Age

Feature Reduction

. AlCIA
Boosting —_—
=}—>- HEE B

Metadata

T l

ArcSin Sqrt Multivariate
between microbial community
with study metadata

OTU1
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

Bugl % 099 | 091 | 050 | 009 | 0.01 |
Bug2 ) 001 | 009 | 050 | 091 | 099
10000 1.00 -
1000
100 0.10
Bugl Bugl
10 Bug2 Bug2
1 | . . . 0.01 -
& & & & & g Q}é} eé” Q\e?‘ ¢é°
A S &S S S
Absolute (cell) counts Relative abundance
No bugl-bug?2 correlation Spurious bugl-bug?2 correlation

(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

ot Stfa .
bo indices correlation

Pooled Variance Z-Test
Relative Abundance N

>< Permuted Renormalized Permuted Compositional

Relative Abundance Relative Abundance Null Distribution
3, )
S S
? >

. ] . i . Emma
Estimating the null distribution Schwager




% CCREPE: Compositionality Corrected by
» REnormalization and PErmutation

L= . .
- ° — «=005| o Synthetic evaluation
 Random sample feature/tables
@ _  No built-in correlation structure
Q
o _|
"E; o
2 o
> 8
T 8
8
Q
o
(=]
— T — 0
=
L= I I I
CCREPE Spearman ShEEET

Morm MNorm Abs
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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)

Bacteroidetes
Firmicutes
Fusobacteria
Proteobacteria
Spirochaetes
SUEASEES
Tenericutes

Edges

Oral cavity

Positive

Negative
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The three big questions...

Who is there?
What are they doing?

What does it all mean?



Resources
Research vignette (time permitting)
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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/galax



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

DOQ
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

1
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https://bitbucket.org/biobakery/biobakery/wiki/biobakery_wiki
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Tutorial

e MetaPhlAn
e ShortBRED

e LEfSe
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Research vignette (time permitting)
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