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» Metabolomics




RCH TO INDUSTR

cea Metabolomics

» OMICS science

» dedicated to small molecules (< 1kDa)

> involved in metabolic chemical reactions
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uuuuuuuuuuuuuuuuuuuuuu Metabolomics successes for clinical

— biomarkers

Oncometabolites: linking altered
metabolism with cancer

Ming Yang,! Tomoyoshi Soga,?? and Patrick J. Pollard'4

hysiology, University of Oxord,

"Cancer Biology and Metabolism Group, Nuffild Dep
dor ium, Keio University, Yamagata, Japan.

Y
Oxford, United Kingdom. ?Institute for Advanced Bi
1

B Cancer and oncometabolites: Yang et al., 2013
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Plasma phospholipids identify antecedent memory
impairment in older adults
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® Memory impairment and phospholipids: Mapstone et al., 2014

ARTICLE

Gut flora metabolism of phosphatidylcholine
promotes cardiovascular disease

Bl Cardiovascular disease and TMAO: Wang et al., 201

10,1038/ nuture09922

ARTICLES

nature.,
medicine

B Diabetes and amino acids: Wang et al., 2011

Olle Melander'3, Clary B Clish® & Robert E Gerszten'>#

REVIEWS
B Review: Wishart et al., 2016 Eniersineanplications af

metabolomics in drug discovery
and precision medicine

David S. Wishart
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P re p rOCESSi n g proFIA: A data preprocessing workflow for Flow

Injection Analysis coupled to High-Resolution
Mass Spectrometry

Alexis Delabriére ", Ulli M. Hohenester?, Benoit Colsch?, Christophe
Junot?, Frangols Fenaille? and Etienne A. Thévenot '
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Analysis of the Human Adult Urinary Metabolome Variations with biosigner: A New Method for the

Age, Body Mass Index, and Gender by Implementing a
Comprehensive Workflow for Univariate and OPLS Statistical
Analyses

Etienne A. Thévenot,*"! Aurélie Roux,"" Ying Xu,* Eric Ezan,* and Christophe Junot**

Discovery of Significant Molecular
Signatures from Omics Data

Philippe Rinaudo, Samia Boudah®, Christophe Junot” and Etienne A. Thévenat'*
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» Data preprocessing
* Flow injection analysis
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The proFIA workflow

Raw files Alexis Delabriere

=

Mass Spectrum <) ,\/V\A Total lon
\
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intensity
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Detection of Noise
m/z bands estimation

intensity
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d) ‘,J:“‘,‘\.\ Chromatogram
Original work estimation
Major modification of existing algorithm

a) MS acquisition

Signal

Variable by sample table of peak intensities AiEii
1 2 3 4 5 6
mzMed mzMin mzMax  meanSolvent corMean UIHaT_lz_ M ISSIN g Peak
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163.03893| 163.03889|  163.039 0| 0.71292516 10484 . .
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163.11577| 163.11562| 163.11586 0| 0.54386442 183310
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L R R R

Delabriere et al. (2017). proFIA: A data preprocessing workflow for Flow Injection
Analysis coupled to High-Resolution Mass Spectrometry. Bioinformatics. 33:3767-3775.
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Cea Peak model estimation

» We proposed a model based on Kolev (1994) and Nanita (2012)

With : o

« ], the observed intensity

—— Smoothed intensity

0.8

* k, a constant specific to the molecule

0.6

» P is exponentially modified gaussian

Normalized Intensity
0.4

« ME, is a second order exponential

.2

* B, iIs the baseline constant for analyte

0

* ¢ Is the heteroscedastic noise

0.0

Time (s)

» Intense peaks without baseline are selected and a regression is
performed leading to a peak model P
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CZa Signal filtering
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» This peak model is used to perform
matching filtration on the signal
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» The match can be extended if a second
maximal is found on the filter. If not, a
triangular filter is used for coarser grain

Intensity
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> A statistical test has been developed to
discard signals too close to the baseline
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Ccea Application to metabolomics data

> Dataset:

proFIA Manual
B plasma sample spiked with 40 T EEEEEEEEEE

molecules at 6 concentrations 13Z-erucamide

2'-Aminoacetophenone

3-Hydroxy-3-methylglutaric acid

3-Methylhistamine

. . . 4-Methylumbelliferone

» Running time: Acetyl-L-camnitin
alpha-Ergocryptine

Atropine

H Azelaic acid

- < 15 S per f||e D-erythro-Dihydrosphingosine
D-Sphingosine

Debrisoquine

Dextromethorphan

Dextrorphan

» Comparison with manual Diclofenac

Diphenhydramine

integration: Giycitein (isofavone)
Guanine

L. Hexanoylcarnitine

B precision of 0.96 -
Levofloxacin (ATB)

B recall of 0.98 L
roxyprogesterone

. . Melatonin

B mean intensity error < 5% o Metformin
~Acetyl-L-carnosine

N-Acetyl-serotonine

Oleamide
Panthenol

: . Ph hi i
» Annotation: e rictoone
Propanolol
Psychosine

B 211 signals out of 1082 had a Purine

Quinaldic acid

unigue match on HMDB Trethanotamine

Warfarin
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RESEARCH TO INDUSTRY

C22a The proFIA software st o anc sk

Identification using xcmsSet function
from xcms R package to preprocess
LC/MS data for relative guantification

> R paCkage Bioconductor Q B.i.OCOHdUCtor and statistical analysis

] . 0PN SOUCE SOTTHARE FoR plomToTMATICS Xcms.xcmsSet Merger Merge
(DOI . 10 18129/89 blOC Dr0F|A) xcms.xcmsSet xset in one to be used

by group

xCms.group Group peaks together
across samples using overlapping m/z
bins and calculation of smoothed peak

> Galaxy tOOI TOOlShed, WOI’kf|OW4|\/|etabO|OmICS, distributions in chromatographic time.
PhenoMeNal xcms.retcor Retention Time Correction

4 using retcor function from xcms R

_—G I Wm package
= a axy S ; xcms.fillPeaks Integrate a sample's

cignal in regions where peak groups

('}J PhenoMeNaI are not represented to create new

peaks in missing areas

> Publication: Bioinformatics Xcms.summary Create 3 summary of

HCMS znalysis

(DOI:10.1093/bioinformatics/btx458) CAMERA 2nnotate CAMERA annotate

function. Returns annotation results
(isotope peaks, adducts and
Bipinformatics 5 -
dloi. 10,1093 bioinformaticsonon fragmentsjl and a dIf'Fr'EDDrT. if more

Advance Access Publication Date: Day Month ‘Year than one condition.
Manuscript Categary

CAMERA. combinexsAnnos Wrapper
function for the combinexsAnnos
CAMERA function. Returns a dataframe

Gene Expression

proFlA: A data preprocessing workflow for Flow
Injection AnaIYSis Coupled to High-Resqution proFIA Preprocessing of FIA-HRMS data
Mass Spectrometry

Alexis Delabriére *, Ulli M. Hohenester 2, Benoit Colsch 2, Christophe . . . preprocessing using metaMs packags
Junot?, Francois Fenaille2 and Etienne A. Thévenot * Omics data analysis for high-thro_.g...o. ococmiig = ciccs o
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—— Breathomics: real time analysis of exhaled air

In disease and response to treatments

» Objective: comprehensive analysis of metabolism-
derived Volatile Organic Compounds (VOCSs)

» Technology: PTR-TOF-MS at the patient bedside
(Foch Hospital)

» Project: develop innovative algorithms and
software environment for the processing of real-
time analysis of VOCs in exhaled air

HOPITAL (A&
FOCH (

S. Grassin-Delyle

10000
m33.03400 (Methanol) A

m42.03440 (Acetonitrile) [/ ;
m59.04970 (Acetone) avdl
m69.07040 (Isoprene) e ‘

m79.05479 (Benzene) P\/
m33,07040 (Toluene) V|

entration [ppb]

‘ ( i 7\ 79. (CSHB)H+
f Lis N\ 1% ! o
o o Pty \ s AR iy g7\, s / | e LRGPP | | N g A Ao 5
S ‘ { \
£ A\ | s PN S
\ A i AL ) W { bt 150000 —| Joa
T A, e A v/ RN Y, / A AR A =] % Cha s Vo LA s ciinin oSt L
et rapnny S AAN Y ST PN A B BN ARSI R "] B J] )
L
[
£ 20+ £ 100000 - Y
G < Yo
0.1~ i 1 0 1 1 1 1 I 1 1 1 1 i 0 1 1 1 1 1 1 1 0 1 1 t 15 T ].' !
00 10 20 30 40 50 01:00 01:10 01:20 01:30 01:40 01:50 02:00 02:10 02:20 02:30 02:40 02:50 03:00 03:10 03:20 03:30 03:40 03:50 04:00 0 — = f]" A
Relative Time [<] i A\
1.0 50000 — o
; Ty
/ o
05 7 L
P N
£ te
0.0
T T T T 0 T T T T T

) ) 1 2 3 4 5 69.05 69.07 69.09
Omics data analysis time (min) miz (Da)



» Statistical analysis
* Orthogonal Partial Least Squares




plane

» Multivariate regression approach o
projection

» Handle data sets
B of high dimension (n < p)
I correlated variables <
B including missing values
» Based on latent variables

Direction in

plane defining
» Developed by Wold H. and S. best correlation with Y

» Can be used for classification (PLS-DA) E1tl+e2 2+

B  maximizing covariance with the response Y

Wold et al. (2001). PLS-regression: a basic tool of chemometrics.
Chemometrics and Intelligent Laboratory Systems 58, 109-130.
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PLS vs PCA: score plOtS

» PLS includes the labels into the model

[+ )
° © o 9
e 00 ©O
. % o ©20| © s o
o oo 8 B &~ 000 o
© BB o LB BE S @ ©
. o A A .
o 8 & DO ’.“;,‘u'o.‘ ,';';,'*'».‘ . °
Q9 © ’o‘oo‘.o‘.oé’. S0 M eO 00 QP
) s W =

Omics data analysis for high-throughput phenotyping | E. Thévenot | 20
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Scores (PLS)
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ropls package: R implementation of the

(O)PLS(-DA) modeling algorithms

pR2Y = 0.05, pQ2 = 0.05 Model overview
» Full diagnostics = .
2 -
B outliers Eh 2 -
B permutation testing s | 2 -
::o:. * Q:YI ; n
S v. “ s
! T T T T T T S
05 06 07 08 08 1.0 pi ol 02
Similarity(y. Yperm)
Observation diagnostics Scores (OPLS-DA)
. HU_neg_038_b2 I
1 H 2 o, | u 7ok teg 051
» Full numerical and graphical S ® mgwm .
results § oo hagbl e s dtime|
T 00 ‘ 4 0.! H neg_047 -
g ‘M {o.“,% ‘Hu eg_171
B R2X, R2Y, Q2Y ? - : N
] ob
1 2 :
. VIPS e I 1 I L I I I :'u_nag\_‘l?a I | | | |
0 1 2 3 4 -6 -4 -2 0 2 4 6
R2X R2Y Qzy RMSEE pre ort
Score distance (SD) 0275 0731 0812 t1 (5%) 0.261 12

Thévenot et al. (2017). Analysis of the human adult urinary metabolome variations with age,
body mass index and gender by implementing a comprehensive workflow for univariate and
OPLS statistical analyses. J. Proteome Res. 14:3322-3335.
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» Statistical analysis
e Feature selection




ce Feature selection: from biomarker discovery to

— clinical diagnostics

Mumbers Mumbers

Phase Samples Process of analytes  of samples
= Pros ' ||
L2 il luiicts . | I I
2E Discovery Cell line supernatants A?ﬁﬁ::::ﬁ?;ﬁ ;I;:Lm | I l |
35 idntity candidate Animal model plasma S r peandd | 1000s | [10s]
83 R ‘Gold standard’ human plasma (low theoughput) | [
S -% {reduced bickogical variation) | | | |
_— ; _— _— _— —_— _— _— _— _— _— _— _— _— _— _— _— —_— _— _— _— _— _— _— _— —_— é —_— | _— + -_—
Abundant protein depletion | I| | |
. Modes! fracticnation | |
Cualification :
_ : . ‘Gold standand +— Imimunoaliinity | | || |
Confirm differentia human plasma peplide enrichmant | 30-100 | 10s |
abundance of candidales {reduced biglcgical variation) SID-MRM-LC-MS/MS | | |
in human plasma (low-rmodearate throughput; | | | |
high muiiplexing) | | II II
= rt protein deplation | | | |
= S Modest fractionation | |
e Verification Population-derived +— ImmuncaHinity | [
ﬂ- Begin lo assess human plasma paplide anrichrmant | 105 [ 1008 |
H specificity of candidates (normal biclogical variation) SID-MRM-LC-MS/MS | | |
=2 (madarata throughpul; | | | |
5 high mutipexing) | I | |
= ] |
Validation and | || | |
clinical assay development Population-desived Immunocassay | I I
Establish sensitivity human plasma {high throughgut; |a-10] [ Mary 1,000 |
and specificity: (narmal bislagssal variation) by musttiplaning) | | | | 2
assay oplimization | | | | §
1 | L L

—

Rifai et al. (2006). Protein biomarker discovery and validation: the long and
uncertain path to clinical utility. Nat. Biotechnol. 24:971-983.
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CZa Feature selection: objectives

» Restrict the list of candidates before the subsequent validation phases

» Facilitates interpretation

» Limit the risk of overfitting

» Stabilize the prediction

Omics data analysis for high-throughput phenotyping | E. Thévenot | 25



CZa Feature selection: challenges

» Testing all combination of features is not computationally tractable

 efficient search path

» Prediction performance

B sensitivity, selectivity Performance

» Stability
B reproducibility

Time Size

Stability

> Relevance

B selection criterion
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> filter (threshold criterion) % |

B e.g., t-test -

fast threshold?
sclecrion [ Y mocel

» wrapper (iterative selection)
B e.g., SVM RFE, Genetic Algorithm

= interaction Cqmputgtion
selection ‘. model with classifier Intensive

» embedded (penalization constraint)

B e.g., Lasso, Elastic Net

model fast stability

selection
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» Statistical analysis
 The biosigner approach




Philippe Rinaudo

» Objective: select only features which significantly contribute to the
performance of the classifier

» Method: features are significant if the prediction accuracy decreases
after random permutation of their values for in test samples

» Algorithm:

generate k train/test subset by resampling
build the models and rank the variables
find the largest non-significant feature subset (half-interval search)

repeat steps (1-3) on the dataset restricted to the significant features until
the selection is stable (all features are significant)

W DN

Rinaudo et al. (2016). biosigner: a new method for the discovery of significant
molecular sighatures from omics data. Front. Mol. Biosci. 3.
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1.1 Generate k subsets (bootstrap

resampling)

response (y) dataset(X)
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1.1 Generate k subsets (bootstrap

resampling)

test,  —————
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Cea 1.2 Train F, models (e.g. PLS-DA)

train,
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1.3 Find the largest subset of non-significant features

a) Rank the features (e.g. VIP)

rank 123 P

-
| B
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

i) set f to the feature of mean rank

Omics data analysis for high-throughput phenotyping | E. Thévenot



1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

ii) permute in the test set all features of higher rank (ie features in S;)

Omics data analysis for high-throughput phenotyping | E. Thévenot



1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii) compare the accuracies of the predictions after permutation
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-a) accuracy - or 7

=> S, does not contain significant features

| | S

N I
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-a) accuracy = or 7

=> shift f upward to the mean rank of significant features
fl
| J S—
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-a) accuracy - or 7

=> evaluate the performance after permutation of the features in S;
fl
| ! | Se
SRR e
o

,
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-b) accuracy N

=> S, contains significant features

- S|
I I o
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-b) accuracy N

=> shift f downward to the mean rank of non-significant features
fl
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iii-b) accuracy N

=> evaluate the performance after permutation of the features in S;

fl
| LS |
L O By |

,
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1.3 Find the largest subset of non-significant features

b) Find the feature f of lowest rank such that the subset of all features of higher
ranks is not significant:

iv) stop when the upper and lower limits for f converge

e
e m—
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CZa 1.4 Restrict the dataset to the significant subset

©
c
>
o
S
+—
0
i

h
no round

Features passing
selection rounds (tiers)
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2. Repeat whole feature selection procedure

on the restricted dataset

response (y) dataset(X')
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2. Repeat whole feature selection procedure

on the restricted dataset

2nd round
1st round

Features passing
selection rounds (tiers)

o
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3. Stop when the signature is stable

(all features significant)

all but the last one
all but the five last ones

all rounds

Features passing l I
selection rounds (tiers) i B : C i D =
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Selected molecular signature

BlAls c| o
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Final model

BlAls c| o

y= I:final (Xfinal)
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» R package: Bioconductor Q J Bioconductor
(DOI:10.18129/B9.bioc.biosigner)

IIIIIIIIIIIIII

» Galaxy tool: Toolshed, Workflow4Metabolomics,

PhenoMeNal

@ PhenoMeNal

4

Wm

Wi howshe

» Publication: Frontiers in Molecular Biosciences

(DOI:10.3389/fmolb.2016.00026)

}frontiers
in Molecular Biosciences

CrossMark

biosigner: A New Method for the
Discovery of Significant Molecular
Signatures from Omics Data

Philippe Rinaudo ', Samia Boudah?, Christophe Junot? and Etienne A. Thévenot '™

Tools —

Format Conversion

Preprocessing

Normalisation

Quality Control

Statistical Analysis

Anova N-way anova. With ou
Without interactions

Hierarchical Clustering using
ctc R package for java-
treeview

Univariate Univariate statistics

Heatmap Heatmap of the
dataMatrix

ACP ellipsoid by factors

Biosigner Molecular signature
discovery from omics data

Multivariate PCA, PLS and
OPLS
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https://doi.org/10.18129/B9.bioc.biosigner
https://doi.org/10.3389/fmolb.2016.00026

CZa Sacurine dataset (MTBLS404)

» Objective: influence of age, body mass index and gender on
metabolite concentrations in urine

» Cohort: 184 employees from the CEA institute
» Analytics: LTQ-Orbitrap (negative ionization mode)

» Annotation: 109 metabolites were identified or annotated at the MSI
level 1 or 2

n =183

» Pre-processing:

XCMS followed by Quan Browser w0
Signal drift and batch effect correction
Normalization to the osmolality

log10 transformation

overweight obesity

60

40

size
BMI (kg/m?)

20

'._-__..-_

weight normal weight

Female
Male
a *
under-

0

20 30 40 50 60
Gender Age (years)
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sacurine (ropls)
PLSDA RF SVM

Testosterone glucuronide
p-Anisic acid

Oxoglutaric acid

Malic acid

factor
samples
features
signatures
PLS-DA
performances (full -> restricted) Random Forest
SVM

gender
183
109
[2-3]
87% -> 89%
86% -> 86%
88% -> 89%
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Cea diaplasma dataset

» LC-HRMS analysis of plasma
» from a cohort of 69 diabetic patients

» type 1 and type 2 patients

emmnme e I
» 5,501 mz/RT features . .
1 45 4 T
TZ & T
* 1
|
40 *9 1
L 4 1
e
L 3 00 :
|
g - ¢« b S :
"a‘ L ] 'y L
g . et n . o
= 30 —[TUoUITIOIRN e e D b
& s, *3
. . YR AE
e TP 4o .
25 |---—-- "’; “““ t‘“;‘;‘ “““““ T |
|
- * o A I
20 P S !
P L

Age (years)
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sacurine (ropls) diaplasma (biosigner)

PLSDA RF SVM

Testosterone glucuronide

p-Anisic acid

Oxoglutaric acid

Malic acid

PLSDA RF SVM

188.092/278

497.284/487

147.066/082

471.241/456

236.092/351

497.275/487

152.043/373

factor gender diabetic type
samples 183 69
features 109 5,501
signatures [2-3] [0-2]
PLS-DA 87% ->89% 83% ->91%
performances (full -> restricted) Random Forest 86% ->86% 81% ->81%
SVM 88% ->89%  83% ->na
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sacurine (ropls)
PLSDA RF SVM

Testosterone glucuronide
p-Anisic acid

Oxoglutaric acid

Malic acid

factor

samples

features

signatures

PLS-DA
Random Forest
SVM

performances (full -> restricted)

188.092/278
497.284/487
147.066/082
471.241/456
236.092/351
497.275/487

152.043/373

diaplasma (biosigner)
PLSDA RF

SVM

gender
183
109
[2-3]
87% -> 89%
86% -> 86%
88% -> 89%
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diabetic type
69
5,501
[0-2]
83% ->91%
81% -> 81%

83% -> na

cystatin C

zyxin

myeloperoxidase

CD33

leukemia (golubEsets)

PLSDA RF

ALL/AML
72
7,129
[1-2]
95% -> 87%
92% -> 92%
93% -> 95%



sacurine diaplasma leukemia
Testosterone glucuronide p—Anisic acid 188.092/278 497.284/487 cystatin C zyxin
5 — 5 — 25000 — —
i'g ] é - 54 1 E 45 - > E 20000 -} ! 6000 ;
40 . 44— , ' 46 T 15000 -} : 4000 '
35 © E 3 E N 40 — E 4.4 — | J10000 - 2000 4 8 E
ol o 291 — ° R ——Ea Py 5000 | e
gg ] : g 1 ! ? —(:5— | 3.8 _E_ | 0 - —i?i— —= 0 — |
M F M F T T2 T4 T2 ALL  AML ALL  AML
Oxoglutaric acid Malic acid 236.092/351 497.275/487 myeloperoxidase CD33
5.0 o] 5.2 o] 8 9
5 — — i 0 4 5.2 - T 25000 | 2000 .
wl=E= 3 - | |isd e so| T [ |[eomo0 | T as00 :
5 | — 54 4.6 | ! 81 15000 - ! il
ol 8 8 :z — E il = — 46 | . [J10000 ] 1222
2.5 0 . — <] - 4.4 5000 | 1 — T
=l sl =] Bl e | = -
y F y F M T2 Mo T2 ALL - AML ALL AML
Biomarker in prostate cancer:  Taurochenodeoxycholic acid: Cytochemical marker for
Zhang et al. (2013). variation in type 2 diabetic patients:  the diagnosis of AML:
PLoS ONE, 8:e65880. Taylor et al. (2014). PLoS ONE, Matsuo et al (2003).
9:€93540. Leukemia 17:1538-1543.
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Cea Spiked apples

(BioMark) N _ o
PLSDA RF SVM Cyanidin—-3—galactoside Phloridzin + K
150 — 50 - )
o _ o i =
Cyanidin—-3—-galactoside 100 35 | ——
30 - b
50 25 -
0 s} 20 —
Phloridzin + K ' | ‘ K
ctrl spiked ctrl spiked
/ 149/493 722.5/619.1 \
12500 —
149/493 12000 - 2500 |
o0 | —— 2000 - —
10500 | | 1500 :
10000 - ' T
722.5/619.1 9500 . 1000 1 . ===
9000 . — 500 ‘ —
\ ctrl spiked ctrl spiked /

» SVM highlights features with decreased concentrations in spiked samples
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Comparison with alternative feature selection

50.00
0.94 4
20.00 ® @ filter VIP1
0.92 10.00 - @ filterVIP15
2 * A o ® @ biosigner PLSDA
1) 5.00 1 = 9
E 0.90 [ ] A W Dbiosigner RF
8 T 2.00 A biosigner SVM
c 0.88 u E 1.00- PY @ RFEPLSDA
2 ° £ 050 - M RFERF
5 0.86 - = A RFE SVM
2 0.20 - - + PN
0.84 0.10 @ sparse PLSDA
V'S 0.05 - . L 2 & Lasso
0.82 & Elastic Net
’ 0.02 - O
| | I | ] I T T T I ] T | T T
0.4 0.5 0.6 0.7 08 09 2 10 50 200 1000

Signature stability Number of features

» biosigner finds mall signatures providing a good compromise between
prediction accuracy, signature stability and computation time
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C2a Conclusions

» Biosigner:

m  efficient selection of significant signatures for binary classification
I easy access (R and Galaxy)

» Depends on the structure of the dataset (distribution, limit of detection,
correlation)

» Validation on an independant dataset is mandatory

» Importance of public datasets and code to benchmark new algorithms
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> Statistics

® Data integration




ProMetlS: integration of proteomics and

— metabolomics data

» New methods and bioinformatics tools

B statistical integration (multivariate-based approaches)
B network analysis (pathway-based approaches)
» 2 case studies:
B high-throughput phenotyping of mouse models
B systems microbiology
» Large consortium

B CEA (LIST, IG, BIG), INRA (PFEM, TOXALIM), CNRS (LABGeM)
> 2 year project (« Integrative Bioinformatics » workpackages from IFB)

» Perspectives:

I application to human phenotyping (France Medecine Genomique 2025)

/
A% e ProF METABO

&
R ifb

A
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Ca Spectrum identification

Gput:

A mass spectrum
A precursor m/z

| | |‘I’

spectral database

CSI-FingerID (Shen, 2014)
CFM-ID (Allen, 2014)
MetFrag (Wolf, 2010)
Etc...

(" Molecular and/or A

\2 E 2‘) Scored molecules

/Output ;

‘ NN 0,98
4 N |
rrr 085
|dentification s o
sofware* w
. 0,63
I\ ) |
= AL 082

database.

probabilities

\kernel spaces

/I\/Iodel learned on a \\ \ j
CFEM-ID: Transition [*
CSI-FingerID: Linear

transformation between
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CZa Mining spectral libraries

@ut: \
es

Information about structural similariti
* Networks (GNPS, Wang, 2014)

ﬁlput:

* Aset of spectra

Spectral Mining

’ | software
. | (R
‘ * Motifs discovery
\ i J/ (MS2LDA, Van der Hooft, 2016)
MS2LDA for fragments and losses

Asparagine-related Mass2Motif

m/z

I IT [ |H HH

Hexose-related Mass2Motif
/ \\

/ \, ~
/ \\
N\

Adenine-related Mass2Motif
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RESEARCH TO INDUSTRY

cea MineMS2 workflow

Alexis Delabriere

MZ 189.158

4 N

1.0e+08

De+07

0.0e+00

0 0 :“ u: 1(‘-0 200 Qf‘\? 6’% HCQ /UO
I
w
0O
i
=
o]
5
%, & w

1) Conversion of 2) Frequent
spectra to graphs subgraph Mining
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C2a Running time and number of patterns

Dataset Penicillium verrucosum et Al
compounds
Reference eIt el A0 Metabolome IDF
J Chromatogr B
Number of spectra 91 834
Graph building 35s 1 min45s
Pattern Mining 10 s 2min 10 s
Number of patterns 54 832

» Processing time is more dependent on the similarities in the datasets
than of the size in the dataset.
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Blue nodes are patterns
Red nodes are spectra

Lighter colors indicate
smaller patterns

Smaller nodes indicate
less frequent patterns

Deoxycorticosterone

1-glucoside

V154 @ M162
G54 G610 G472 (G1 44 G260 G21 7[ G481 G2 G309
Q w
() —_ C Q O
c & v Q w o c 5 3
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Patterns include coarse and fine S Exernole of aeneric patterns:
grain information Xemp g P ;

B N-Acetyl * compounds /T

m\l B Phosphated compounds

0
e R .
c.a"'& v

» Specific patterns:

&K;’HO&H * . .
%gijﬁ Hzox,‘%@ B Sphingosine rele

Major difference with the patterns obtained
with Mass2LDA (Van der Hooft et al. 2016, PNAS) . _ .. analysis for high-throughpt
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» Workflow management
 Workflows




Package

| |
Workflow
@

http://workflow4dmetabolomics.org

PhenoMeNal

cd

4
e
“i ' i
| |
train -

PLSDA RF SVM
188.002/278
497.284/487

147.066/082

471.241/456

236.092/351

s
A
B
c
]
E

- s = W4MO00001 Statistical workflow
Ooiaa & DOI:10.15454/1.4811121736910142E12
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4 | The workflow challenge: bridging experimenters' and
Wm bioinformaticians' talents

Users

« Shared workflows

 Web-based . : : * Multi-language
« Workflow editor Reproducible science  Toolshed
« User-friendly  Open-source

Tutorials
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Cea The value of data

» Data acquisition and annotation is costly and time-consuming

B instruments, reactants, animal lives, your (precious) time
» In the era of data intensive sciences:

B text (classical publication format) is not an effective way of sharing scientific

information
Produi data
sets

) Narrative ' )
~“ articles "

Tables,

B computer-readable formatting is needed
" pata

intensive
science

<=

Mons et al. (2011). The value of data.
Nat. Genet. 43. 281-283.

Citation
(metrics

N
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http://dx.doi.org/10.1038/ng0411-281
http://dx.doi.org/10.1038/ng0411-281
http://dx.doi.org/10.1038/ng0411-281
http://dx.doi.org/10.1038/ng0411-281
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http://dx.doi.org/10.1038/ng0411-281

» Workflow management
e Galaxy environment




Wim The Galaxy project

Workflowdt

https://galaxyproject.org

e Workflow management through a classic web browser

Giardine et al. (2005). Galaxy: A platform for interactive large-scale genome analysis.
Genome Res. 15:1451-1455.

e Started in 2005; more than 55,000 users worldwide

Goecks et al. (2010). Galaxy: a comprehensive approach for supporting accessible, reproducible,
and transparent computational research in the life sciences. Genome Biol. 11:R86.

Afgan et al. (2016). The Galaxy platform for accessible, reproducible and collaborative
biomedical analyses: 2016 update. Nature Biotechnol. 29:972-974.

e NGS, transcriptomics, proteomics, metabolomics

Boekel et al. (2015). Multi-omic data analysis using Galaxy. Nature Biotechnol. 33:137-139.

Guitton et al. (2017). Create, run, share, publish, and reference your LC-MS, FIA-MS, GC-MS,
and NMR data analysis workflows with the Workflow4Metabolomics 3.0 Galaxy online
infrastructure for metabolomics. Int. J. Biochem. Cell. Biol. 93:89-101.
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Afgan et al. (2016). The Galaxy platform for accessible, reproducible and collaborative

0e0O® < il

? Galaxy Analyze Data

Tools o

Get Data

Send Data

Lift-Over

Text Manipulation

Datamash

Convert Formats

Filter and Sort

Join, Subtract and Group

Fetch Alignments/Sequences

NGS: QC and manipulation

NGS: Mapping
Map with BWA-MEM - map
medium and long reads (> 100
bp) against reference genome

Map with BWA - map short reads
(< 100 bp) against reference
genome

Bowtie2 - map reads against
reference genome

Parse blast XML output

Megablast compare short reads
against htgs, nt, and wgs
databases

Map with BWA for lllumina
Map with Bowtie for Illumina

Lastz map short reads against
reference sequence

Tool interface

i usegalaxy.org

Map with BWA-MEM - map medium and long reads & Versions v Options
(> 100 bp) against reference genome (Galaxy Version 0.7.12.1)

Will you select a reference genome from your history or use a built-in index?
Use a built-in genome index v
Built-ins were indexed using default options. See “Indexes " section of help below

Using reference genome

C. elegans (WS220): cel0 v

hg38 Q
Sit T (Homo sapiens) (b38): hg38
P Human (Homo sapiens) (b38): hg38 Canonical

S Human (Homo sapiens) (b38): hg38 Canonical Female
Select first set of reads

O | & | OO | 18: Combine FASTA and QUAL on data 7 -
Specify dataset with forward reads

Select second set of reads

0O ‘ €  [O | 18: Combine FASTA and QUAL on data 7 -
Specify dataset with reverse reads

Enter mean, standard deviation, max, and min for insert lengths.

-1; This parameter is only used for paired reads. Only mean is required while sd,

max, and min will be inferred. Examples: both “250" and "250,25" will work
while “250,,10" will not. See below for details.

Set read groups information?

Do not set v

Specifying read group information can greatly simplify your downstream analyses
by allowing combining multiple datasets.

Select analysis mode

Using 755.8 GB

History < ﬁ' ED

12: Map with BWA-MEM @
on data 11 and data 10 (
mapped reads in BAM format)

11: Combine FASTAand @
QUAL on data 9

10: Combine FASTAand @

QUAL on data 8

9: Sequence Content Tri @
mmer on data 6 and dat

as

8: Sequence Content Tri @
mmer on data 6 and dat

as

7: Du Novo: Make consen @
sus reads on data 4 (SSC
S

6: Du Novo: Make consen @
sus reads on data 4 (mat
e2)

5: Du Novo: Make consen @
sus reads on data 4 (mat
el)

4: Du Novo: Align familie @

s on data 3

3: Du Novo: Make familie @
s on data 2 and data 1

2: SRR1799908 reverse @

1: SRR1799908 forward

@

S %

S %

S X

biomedical analyses: 2016 update. Nat. Biotechnol. 29:972-974.
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Workflow editor

= Galaxv / 4 / Metabolomics

Upload File from your
computer

Export Data
LC-MS

Format Conversion
Preprocessing
Normalisation
Quality Control

Statistical Analysis
Annotation

GC-MS
Preprocessing
Normalisation

Juality Control

Statistical Analysis
Annotation

NMR
Preprocessing
Normalisation
Quality Control

Statistical Analysis
Annotation

COMMON TOOLS

Data Handling
Text Manipulation
Filter and Sort
Join, Subtract and
Group

Statistics

Graph/Display Data
Deprecared Tools
New tools Version

Multiple regression

Workflow control

Inputs

Workflow Canvas | WAM00002w_mtbls2

Input dataset x xcms.xcmsSet x
output Zip file XCMS.group x
xsetRData (rdata.xems.raw) xset RData file xcms.retcor x
sampleMetadata (tabular) xsetRDatz (rdats.xcms.group) xset RData file
ticsRawPdf (pdf) rplotsPdf (pdf) usetRData (rdata.xcms.retcor)
bpcsRawPdf (pdf) rplotsPdf (pdf)
log (&) ticsCorPdf (pdf)
bpcsCorPdf (pdf)
Quality Metrics
CAMERA.annotate x Data matrix file
RData file Sample metadsta file

variableMetadata (tabular)
datamatrix (tabular)

rdata (rdata.camera.quick,
rdata.camera. positive,
rdata.camera.negative)

output_zip (zip)

Data matrix file

Transformation

dataMatrix_out (tabular)

information (txt)

workflows

Variable metadats file

¥CmSs.group

xset RData file

sampleMetadata_out (tabular)

variableMetadata_out (tabular)
figure (pdf)
information (txt)

xsetRData (rdata.xcms.group)

rplotsPdf (pdf)

Univariate

Data matrix file
Sample metadata file
Variable metadata file

xcms.fillPeaks x

xset RData file

xsetRData (rdata.xcmes.fillpeaks)

Multivariate

Data matrix file

i Sample metadata file

o -
Multivariate
PCA, PLS and
OPLS (Galaxy
Tool Version
2.2.4)

Data matrix file
Data input
'dataMatrix_in'
(tabular)

variable x sample,
decimal: "',
missing: NA, mode:
numerical, sep:
tabular

Sample metadata
file

Data input
'sampleMetadata_in'
(tabular)

sample x metadata,
decimal: "',
missing: NA, mode:
character and
numerical, sep:
tabular

Variable metadata
file
Data input

'variableMetadata_in'

(tabular)

variable x metadata,
decimal: "',
missing: MA, mode:
character and
numerical, sep:
tabular

@ ¥ Response
(for PLS(-DA) and
OPLS(-DA) only)
class

Motes: 1) PCA:
keep the default
(none); 2) PLS(-
Da&) and OPLS(-DA):
indicate the name of
the column of the
sample table to be
modeled

& Number of
predictive
components

MNA -
Motes: 1) PCA and
PLS(-DA): NA can

be selected to get a

-

>
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Workflowdt

Management of histories

00O < M usegalaxy.org Y th () o
? Galaxy Analyze Data Workflow Shared Datav Lab~ Visualization~ Admin Helpv User~ Using 755.8 GB
Done O 0 Create new
Current History - Switch to - Switch to ¥ Switch t¢
Duplex Analysis: ABL1 PNAS 2014 Unnamed history Unnam
24 showr 2 shown, 47 deleted, 2252 hidden 2 shown 17 show
9.93 GB L X J 178.99 GB AL X 5.7 GB CAL N 157.19
(%) Mark Q [ %)
1424: MarkDuplicates on collection 470: x 2: UCSC Main on Human: snpl44 ( @ 4 x 18: ipyt
24: Filter on data 23 ® & % MarkDuplicate metrics genome) b
a list of datasets TUcsci B K = onr
g 3 ain on Human: knownGe @ 4 x : ipyt
23: V. t A tati data 22 »
23:Variant Annotator on data 22 ®(s|% 1423: MarkDuplicates on collection 470: x ne (genome) b
. . MarkDuplicates BAM output
. > .
22: Naive Variant Caller on data 21 @ x o e 16: PNA
21: MergeSamFiles ondata20and @ 4 x 14: ipyt
data 19: Merged BAM dataset b
20: Map withBWAondatal18(ma @ 4 x 13: ipyt
pped reads in BAM format) b
19: Map with BWA-MEMondatal @ 4 % 12: ipyt
8 (mapped reads in BAM format) b
18: Combine FASTA and QUALon @ 4 x 11: ipyt
data 7 b
17: Filter on data 16 oW AR 10: ipyt
b
16: Variant Annotator on data 15 W AR
9: ipyth
15: Naive Variant Callerondata 14 @ 4 %
8: ipyth
14: MergeSamFilesondatal3and @ 4 x
data 12: Merged BAM dataset 7: ipyth
13: Map withBWAondatalland @ 4 x 6: Jupyt
data 10 (mapped reads in BAM for -

Afgan et al. (2016). The Galaxy platform for accessible, reproducible and collaborative

biomedical analyses: 2016 update. Nat. Biotechnol. 29:972-974.
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Wm| Sharing histories

Workflowdt

plomics Analyze pata

Share or Publish History "W4MO00001_Sacurine-statistics'

Make History Accessible via Link and Publish It

This history is currently accessible via link and published.
Anyone can view and import this history by visiting the following URL:

http://galaxy.workflow4metabolomics.org/u/ethevenot/h/w4m00001sacurine-statistics-1 J

This history is publicly listed and searchable in Galaxy's Published Histories secticn. /
You can:

Unpublish History
Removes this history from Galaxy's Published Histories section so that it is not publicly listed or searchable.

Disable Access to History via Link and Unpublish

Disables this history's link so that it is not accessible and removes history from Galaxy's Published Histories
section so that it is not publicly listed or searchable.

Share History with Individual Users

You have not shared this history with any users.

Share with a user

Dosle to Llictnrioe | ot

History — & [0
search datasets %)

W4MO00001_Sacurine-statistics

53 shown
3.99 MB ~ % ®
53: Heatmap figur @& & %

e.pdf

52: Heatmap Multi @& & %
variate Multivariat

e Multivariate Univariate Uni
variate Univariate Generic Fil
ter Quality Metrics Generic Fi
lter Quality Metrics Batch cor
rection all loess pool variabl
eMetadata.tsv

51: Heatmap Multi @& & x
variate Multivariat

e Multivariate Generic Filter
Quality Metrics Generic Filter
Quality Metrics sampleMetad
ata.tsv

20: Heatmap Gene @ 4 x
ric_Filter Transfor b
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» Workflow management

* Workflow4Metabolomics
online platform




Main menu

o Home

o Events

e History

~ Introduction

e The Galaxy
environment

b The LC-MS workflow
e The GC-MS workflow
e The NMR workflow
o References

o HowTo

* Download
b Datasets

o Referenced WorkFlows
and Histories

e How to contribute?

~ Developer resources
e Source-code

o Virtual environments

WorkflowgMetabolomics 3.0

Welcome to the collaborative portal dedicated to metabolomies data processing, analysis
and annotation for Metabolomics community.

" We are happy to announce the next WorkflowgExperimenters (W4E) international course
2018: Using Galaxy and the Workflowqgmetabolomics infrastructure to analyse metabolomics data.
Please save the date: 8-12 October 2018 at Pasteur Institute, Paris - France

More news in April !' "

Follow us on Twitter €& @workflow4gmetabo

CTEP 1 CTEP 2 CTEP 2 CTEP A

Giacomoni et al. (2015). Workflow4Metabolomics: a collaborative research infrastructure for

computational metabolomics. Bioinformatics. 31:1493-1495.



https://doi.org/10.1109/CIBEC.2008.4786077
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813
https://doi.org/10.1093/bioinformatics/btu813

o . e o .
“4ifb French Institute of Bioinformatics

S

ST )
e Coordinators (C. Médigue & J. van Helden) *@ EIM

3y

Q4

— French node from Elixir
— Federation of 34 national bioinformatics platforms
— 230 bioinformaticians

e Missions
— E-infrastructure components : Storage, Computing (e.g. cloud), Tools, VRE...

— Training (NGS, Galaxy) & community animation

— Collaboration with national and European infrastructures

* National task force “J'Galaxy
— IFB Galaxy Working Group 2{ APC ..;,
— European Galaxy Developer workshop 2017 ::.3332[117
— Organization of the GCC conference 2017 ||nntnellier
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*

*

*

* Coordinator (D. Rolin)

&5

°® METABO

* 80 permanent scientists

éx\sssd,%
* Total budget: 45 Me (-

LIE

* Launched in 2013
4 LC-MS, GC-MS and NMR platforms

* dedicated to Innovation, Service, Technology
Transfer and Training

Built upon the Francophone Network for

Human Health

: .. "
Agriculture Environment Nutrltlon
. - \ b At Ao ¢

Biotechnology

EBREMF

Metabolomics and Fluxomics (> 300 members) &&3

4 online bioinformatics infrastructures
* workflows, databases, pathways

Partnerships: % ifb b ProfFl PHEN®OME

P PN

& bioinformatlcs, proteomics, cohorts, crops

* Europe: § |
p // F"PBDDB%LL PhenoMeNal

MetaboMOOC (oct. 2018; with IFB) @)MooC

() NMRProcFlow

. etExplore ]

PEAK
FOREST



ml W4M tools
o] G CAMERA st burkinhose DR MS serch
o MS COMMON | S
LC/MS - o S Koo Compounds Chemoidr
5 = | Unharate
GC/MS — S
———— | remasson
FIA/MS === N
(NMRReMd N spectradlgnment MR Bucketing
 NMR_Amnotation
NMR prE——

Guitton et al. (2017). Create, run, share, publish, and reference your LC-MS, FIA-MS, GC-MS,
and NMR data analysis workflows with the Workflow4Metabolomics 3.0 Galaxy online
infrastructure for metabolomics. Int. J. Biochem. Cell. Biol. 93:89-101.
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ml W4MO00002_sacurine-comprehensive

Workflowdt

| pr———

Multivariate
el Preprocessing
Export Data outot Zip file KO group x OPLS (Gatawy
a0 4 = Tool Versio
SCMs csetR Doty (1daa. xoma.raw) xset ROsta fle R e 9 ool Version
s vabular) 2.2.4)
ronmat Conversson sameietietadata (tabulsr xeetR 0oy (rdaes. xoms. group xset RODwes fle xMme greuD x
Preprocessing s Data matrix file
plotsPdf (oo wems SillPesks x
Nonmalisation aatt Dats met
il wsetROots (rdatascme. proup wnet RDacs fle dataMatrix_in
Quality Control - 7 rabular
Statistical Analysis s » xoetRData (rdas.xt X "
Annstation
oM
Normalisation

Sample metadata

file
Quality Controf 2 Mat
Statistical Analysis . - = Oata gt
o 4

CAMERA arctate = Data matrix file serpleMatadata_in
Anngtation r)

RDats file Samole metadats file
N

virisbleMetadats (Labuls - Transformation x Viniatle metaciscs file
Preprocessing

Zatamatrix (tabular) s Dats matrix Sle sampiaMetada_out {tabuiar)

Unrvanate x
sata.c Gwc varableMetadats oot [tabolar
Quality Control réata. comer Gk, dataMatric_out (tabuler) T I SOSN 05 (s Daea manrix file Mdtivaniate x
Statistical Analysis figure {
irdormabon (tet oy Sample metadets file Date matrix file Variable metadata
Annstation dormabon () file
° Varable metadaty Fle Sample metacats file

COMMON TOOLS o
variableMetadata_out (tabular) Variable metadata fle y

DRata Handling
nfcrmatca {tat

Teat Manipulation

nformation (bt

@ ¥ Response
(foe PLS{-DA) and
OPLS(-DA) only)

Sample mwtad s Fle
Workflow control
Varisble metadats file

dataMatrrx oot (taboder

MassBane x
sagieMetadty_out (Labdulsr
Filg of sses (V Sle metadal
verabieMetadata_out {tabular) N Comoute .
varableMetadats (Sabular) 25 8 new column to Kooy Cotypanis X @ Number of
‘ a nva s ssBaniRet\iew ot file Fie of masses (Vansble metadata) predictive
& <components
massBanicles)is variableMetaapts
heggResVien (htm)
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Ca Referencing our analyses

» Demonstrate the value and the reproducibility of your analysis (e.g., to

reviewers)
» Receive feedback on your results, get cited, and initiate new
collaborations
MTBLS404
Raw data: Referenced W4M histories
184 samples
184 samples 24 blanks Sacur/ne statistics” age, BMI,
26 QCs [ 0.15454/1.4811121736910142E12 LMD sapiens e ender 1
reprocessing (XCMS) D g
X "Sacurine-comprehensive” H. y -
113 metabolites Annotation (CAMERA) 4M00002 T p_ LC-MS sapiéns Urine e ° o <
Signal drift/ batch effect gk " o= ntj’
correction (loess on QC) N4MOO003 0.15454/1.4811165052 13186612 O MO saplens  ©2oma o= m
W4M00001 W4M00002 Quality control oo oS e 4 '
Sacurine Sacurine Normalization (osmolality) IR sliculosus ’. e
- - - " F? " ¢ n .
staglgt.lcs compr:{!r‘enswe Log10 transformation 4MO0005 . _ Ramp bl LC-MS S.scrofa  Serum g
10.15454/1.4811121736910142E12 || 10.1545411.481114233733302E12 Outlier detection o — 7 v %
V4MO000 T T E T T = NMR ) Brain *® &
Univariate statistics musculus ,
ropls OPLS modelling 4M00007 e caffeal_eavis”* . LCMS Coffeasp.  Leaves ”

Molecular Signatures
Thevenot et al., 2015

DO 10.1021/acs.jproteome.5b00354 Annotation (KEGG, HMDE)

Guitton et al. (2017). Create, run, share, publish, and reference your LC-MS, FIA-MS, GC-MS,
and NMR data analysis workflows with the Workflow4Metabolomics 3.0 Galaxy online

infrastructure for metabolomics. Int. J. Biochem. Cell. Biol. 93:89-101.
Omics data analysis for high-throughput phenotyping | E. Thévenot | 86
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Wm| W4M offer

Workflowdt

e Private account The W4M Core Team

e Computation and storage resources ”'i ifb

,g: METABO

e Sharing and referencing of histories and workflows (DOI)

e Help desk

* Annual courses (tutoring on your own data)
Save the date: 8-12 October 2018, Pasteur Institute (Paris)

e |nstallation of local instances @

contact@workflowdmetabolomics.org
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» The Team




> The CEA team

B Natacha Lenuzza, Alexis Delabriere, Pierrick Roger-Mele,
Bertrand Monfort, Philippe Rinaudo, et al.

» The MetaboHUB infrastructure g%% METABO

B Fabien Jourdan, Franck Giacomoni, Marie Tremblay-Franco, Jean-Francois
Martin, Mélanie Pétéra, Nils Paulhe, Christophe Junot, Estelle Pujos-
Guillot, Dominique Rolin, et al.

¥,
> The IFB infrastucture 2 ifb

B Christophe Caron, Gildas Le Corguillé, David Vallenet, Claudine Médigue,
Jacques van Helden, et al.

» The PhenoMeNal consortium

PhenoMeNal

B Christoph Steinbeck, Steffen Neumann, Namrata Kale, Pablo Moreno,
Kenneth Haug, Reza Salek, Philippe Rocca-Serra, Luca Pirredu, et al.

Omics data analysis for high-throughput phenotyping | E. Thévenot | 89



Thanks for coming

Questions?




