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Quantitative metagenomics pipeline

16S/18S/ITS

Samples

Clustering yR— N

‘ OoTU1l | 500

GATAL,
GATAC
OTU I‘ GATAC
GATAC

Merging

OTU2 Thacen

AC
TACCAGATTACATAC
CAGGTAGGATAATA
CAGGTAGGATAATA

OTU3 CAGGTAGGATAATTA
CAGGTAGGATAAATA

CAGGTAGGARATA

GATTACAGATTACA
OTU4 GarracacaTTraca

GATTACAGAATTACA

Mapping

g

3  Stevenn Volant, Amine Ghozlane + SHAMAN : Shiny Application for Metagenomic ANalysis e 29/01/2016 Institut Pasteur



O
O HUB - 16S/18S/ITS pipeline
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1.Genomics, 102(5), 500-506. 2.Bioinformatics Vol.27 no. 21 2011, p2957-2963. 3. []
H https://github.com/torognes/vsearch
150 min Institut Pasteur
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https://github.com/torognes/vsearch

o] Uparsel/Vsearch

.’ Integrated in QIIME, MOTHUR and LotuS
I Perfect

I N 4 I B Good

UPARSE 454 UPARSE lllumina AN 454 Noisy
B Chimeric

B Contaminant
B Other

QIIME 454 QIIME lllumina mothur 454

Nature methods, 10(10), 996-998.
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Quantitative metagenomics pipeline
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SHAMAN : shaman.c3bi.pasteur.fr

« There is no disputing the importance of statistical analysis in biological research, but too often it is
considered only after an experiment is completed, when it may be too late. »
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".-'_r:r-:'e M Huber Woand Anders 5 (2014). “Woderated estmarion of fold change and dispersion for RifA-seq data with DESeq2” Genome 8obgy, 15, pp. 550 [)
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SHAMAN : shaman.c3bi.pasteur.fr
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SHAMAN : shaman.c3bi.pasteur.fr

« There is no disputing the importance of statistical analysis in biological research, but too often it is
considered only after an experiment is completed, when it may be too late. »
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Metagenomic vs RNA-seq

DESeq2 approach is usually used for RNA-seq dataset

Metagenomic RNA-seq
Distribution Overdlsperseo! counts - Negative Overdlspersed_ counts - Negative
binomial binomial
Constraints Highly abundant species Highly expressed genes

Find differentially abundant
features (species, familly, ...):
OTU distributions and abundances
vary between conditions

Find differentially expressed genes:
Distributions and expression vary
between conditions

Goal

mmm) Metagenomic data are similar to RNA-seq data

Sy
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Data normalization

/
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DESeq2 normalization (OTU level)

Normalization factor :

§; = median al g
= i 3
(M= )" g

where -
g &

Xij : Number of mapped reads of g 8-
the OTU i in sample | :
n: Number of samples S

log2(counts/geometric mean)

Y
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Comparison with RPKM (1/3)

« RPKM : Reads Per Kilobase per Million mapped reads

 Method
per Million Per Kilobase
- _ 6 3
Normalized counts = +*+10° %« 10
Number of reads Length

of sample j

g
13 e Stevenn Volant, Amine Ghozlane + SHAMAN : Shiny Application for Metagenomic ANalysis e 29/01/2016 Institut Pasteur



Comparison with RPKM (2/3)

Briefinqs in Bioinformatics Advance Access published September 17, 2012
BRIEFINGS IN BIOINFORMATICS. page | of 13 doi:10.1093/bib/bbs046

A comprehensive evaluation of
normalization methods for lllumina
high-throughput RNA sequencing
data analysis

Marie-Agnes Dillies”, Andrea Rau”, Julie Aubert”, Christelle Hennequet-Antier’, Marine Jeanmougin”,

Nicolas Servant™, Céline Keime”, Guillemette Marot, David Castel, Jordi Estelle, Gregory Guernec, Bernd Jagla,

Luc Jouneau, Denis Laloé, Caroline Le Gall, Brigitte Schaéffer, Stéphane Le Crom”, Mickaél Gued;”, Florence Jaffrézic”
and on behalf of The French StatOmique Consortium

Submitted: 12th April 2012; Received (in revised form): 2%th June 2002

‘ Comparison of 7 normalization methods

g
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Comparison with RPKM (3/3)

Results on real data (7 samples) FDR and Power
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To sum up

Method Distribution Intra-Variance Housekeeping Clustering False-positive rate

TC = + + . =
UuQ ++ ++ + ++ -
Med ++ ++ — ++ -
DESeq ++ ++ ++ ++ ++
TNMM ++ ++ ++ ++ ++
FQ ++ - + ++ -
RPKM = + + = =

‘ DESeq2 normalization provides better results

OPEN 8 ACCESS Freely available online @PLOS | E%MLE%T?MIONM

Waste Not, Want Not: Why Rarefying Microbiome Data Is
Inadmissible

Paul J. McMurdie, Susan Holmes*

Statistics Department, Stanford University, Stanford, Califomia, United States of America

mmm) Recommend using DESeq2 to perform analysis of differential abundance

g
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Statistical model of DESeq2

Generalized Linear Model

/ Moyenne
Kij ~ NB(/%‘j, ;)

i :;SjQij \Dispersion

Size factor /1O/g2 (sz) — xjﬁz

\ Log2 fold change

Y
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Dispersion estimation

Modelisation of the dispersion :

1e+00
|

log Qg ~ N(log Oty (ﬁ’z)a O-(?l) N

g

Function of the mean
of normalized count

dispersion
1e-04
|

* gene-est
« fitted

d. * final
I | | |

1e-01 1e+01 1e+03 1e+05

1e-08

mean of normalized counts

‘ Local parametric regression

g
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Contrasts (comparisons)

Contrast vector

— Coefficients
ge=¢'Bi~

SE(Bf) = \/E'%i¢,

\ Covariance matrix
[)
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Conclusions

SHAMAN
@’ 16s/18slits analysis
@’ Strong statistical approach
@&’ Several visualizations available

@’ Access : http://lshaman.c3bi.pasteur.fr

Incoming features
&’ WGS analysis
&’ New visualizations (Taxonomy plot, Krona, continuous data)

¢’ Compatibility with FROGS

g
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http://shaman.c3bi.pasteur.fr/

CIB - FROGS 16S/18S - GALAXY Pasteur

Tools A (1 ] What it does History - % [0
Metagenomic analyses i (%)

FROGS Metagenomic pipeline

FROGS Abundance normalisation

™
FROGS Affiliation OTU Step 4 in Oin puts/outputs SEr hod i
metagenomics analysis : € This history is empty. You can load
Taxonomic affiliation of each | t your gwn data or get data from an
OTU's seed by RDPtools and NPpUEs extemnal source

BLAST

FROGS BIOM to TSV Converts a
BIOM file in TSV file.

FROGS BIOM to std BIOM
Converts a FROGS BIOM in fully
compatible BIOM.

FROGS Clusters stat Process
s0me metrics on clusters.

FROGS Remove chimera Step 3 in
metagenomics analysis : Remove
PCR chimera in each sample.

FROGS Pre-process Step 1in
metagenomics analysis: denoising
and de &l cation.

FROGS Filters Filters OTUs on
several criteria.

FROGS Clustering swarm Step 2
in metagenomics analysis :
clustering.

FROGS Demultiplex reads Split by
samples the reads in function of
inner barcode.

FROGS Affiliations stat Process
s0me metrics on taxonomies.

Keeps in each sample the same number of element by random sampling.

Sequence file:
The sequences (format FASTA).
Abundance file:

The abundance of each OTU in each sample (format BIOM).
Outputs

Sequence file (normalized_seed.fasta):

The normalised sequences file (format FASTA).

Abundance file (normalized_abundance.biom):

The normalised abundance file (format BIOM).

Summary file (report.html):

Information about discarded data (format HTML).

O Advices

The number specified in "Number of reads” must be smaller than each total number of sequences by sample.

Contact

Unnamed history

Vsearch
swarm

Galaxy team : Mathieu Valade, Fabien Mareull
Emmanuel Quevillon, Eric Deveaud
¥
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