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Metabolomics

 omics science

 dedicated to small molecules (< 1kDa)

 involved in metabolic chemical reactions
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Metabolomics successes for clinical

biomarkers

Cancer and oncometabolites: Yang et al., 2013

Memory impairment and phospholipids: Mapstone et al., 2014

Cardiovascular disease and TMAO: Wang et al., 2011

Diabetes and amino acids: Wang et al., 2011

Review: Wishart et al., 2016
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http://dx.doi.org/10.1172/JCI67228
http://dx.doi.org/10.1038/nm.3466
http://dx.doi.org/10.1038/nature09922
http://dx.doi.org/10.1038/nm.2307
http://dx.doi.org/10.1038/nrd.2016.32
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Metabolomics workflow

Design of 
Experiment

Analytical
Chemistry

Preprocessing

Statistics
Chemical 

identification

Network 
analysis

Data 
integration

Biological
question
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LC-MS
GC-MS

NMR

mz rt Db_015 ... Db_068

75.0322 41.28 22162 ... 48575

75.0441 174.83 1371 ... 820

75.0634 56.23 49111 ... 91769

... ... ... ... ...

999.6653 844.61 571 ... 636

999.6759 844.61 711 ... 665

999.6865 844.61 698 ... 612
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Developments & contributions from

CEA

Design of 
Experiment

Analytical
Chemistry

Preprocessing

Statistics
Chemical 

identification

Network 
analysis

Data 
integration

Biological
question
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proFIA

MineMS2 rbiodb
ropls biosigner

Workflow4Metabolomics

http://bioconductor.org/packages/proFIA
http://bioconductor.org/packages/ropls
http://bioconductor.org/packages/biosigner
http://workflow4metabolomics.org/


 Data preprocessing

• Flow injection analysis
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Liquid chromatography - mass spectrometry
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Sample

Pro Cons

• Sensitive
• Wide dynamic range
• Separate isomers

• Slow (10-60 min)
• Chromatography

requires fine control

Solvent flow

TIC
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Flow injection analysis - mass spectrometry
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Sample

Pro Cons

LC-MS • Sensitive
• Wide dynamic

range

• Slow (10-60 min)
• Expensive and 

difficult
chromatography

FIA-MS • Fast (1-3 min) • Matrix effect
• Isomers not 

separated

FIA is adapted to 

high-throughput

screening
TIC

Solvent Flow
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Original work

Major modification of existing algorithm

Detection of 

m/z bands

Noise 

estimation

Peak model 

estimation

Signal 

filtering

Peak 

alignment

Missing 

values 

imputation

Raw files

Variable by sample table of peak intensities

The proFIA workflow

https://doi.org/10.1109/CIBEC.2008.4786077
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
https://doi.org/10.1093/bioinformatics/btx458
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Detection of m/z bands
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Peak model estimation

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

With :

• 𝐼𝐴 the observed intensity

• 𝑘𝐴 a constant specific to the molecule

• 𝑃 is exponentially modified gaussian

• 𝑀𝐸𝐴 is a second order exponential

• 𝐵𝐴 is the baseline constant for analyte

• 𝜖 is the heteroscedastic noise

 Intense peaks without baseline are selected and a regression is

performed leading to a peak model 𝑃
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Signal filtering

 This peak model is used to perform 

matching filtration on the signal

 The match can be extended if a second 

maximal is found on the filter. If not, a 

triangular filter is used for coarser grain

 A statistical test has been developed to 

discard signals too close to the baseline
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Application to metabolomics data

 Dataset:

plasma sample spiked with 40

molecules at 6 concentrations

 Running time:

< 15 s per file

 Comparison with manual 

integration:

precision of 0.96 

recall of 0.98

mean intensity error < 5% 

 Annotation:

211 signals out of 1082 had a 

unique match on HMDB
|   14
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The proFIA software

 R package: Bioconductor

(DOI:10.18129/B9.bioc.proFIA)

 Galaxy tool: Toolshed, Workflow4Metabolomics, 

PhenoMeNal

 Publication: Bioinformatics

(DOI:10.1093/bioinformatics/btx458)

|   15

https://doi.org/10.18129/B9.bioc.proFIA
https://doi.org/10.1093/bioinformatics/btx458
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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 (VOCs)

 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
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S. Grassin-Delyle



 Statistical analysis

• Orthogonal Partial Least Squares
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Partial Least Squares (PLS)

 Multivariate regression approach

 Handle data sets

of high dimension (n < p)

correlated variables

including missing values

 Based on latent variables

maximizing covariance with the response Y

 Developed by Wold H. and S.

 Can be used for classification (PLS-DA)
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PLS vs PCA

 PCA finds the directions of maximum variance
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PLS vs PCA: score plots

 PLS includes the labels into the model
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ropls package: R implementation of the 

(O)PLS(-DA) modeling algorithms

 Full diagnostics

outliers

permutation testing

 Full numerical and graphical 

results

R2X, R2Y, Q2Y

VIPs
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 Statistical analysis

• Feature selection
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Feature selection: from biomarker discovery to 

clinical diagnostics
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Feature selection: objectives

 Restrict the list of candidates before the subsequent validation phases

 Facilitates interpretation

 Limit the risk of overfitting

 Stabilize the prediction
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Feature selection: challenges

 Testing all combination of features is not computationally tractable

efficient search path

 Prediction performance

sensitivity, selectivity

 Stability

reproducibility

 Relevance

selection criterion
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Feature selection: approaches

 filter (threshold criterion)

e.g., t-test

 wrapper (iterative selection)

e.g., SVM RFE, Genetic Algorithm

 embedded (penalization constraint)

e.g., Lasso, Elastic Net
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fast threshold?

computation

intensive

stabilityfast

interaction

with classifier

selection model

selection model

model

selection



 Statistical analysis

• The biosigner approach
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The biosigner wrapper algorithm

 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:

1. generate k train/test subset by resampling

2. build the models and rank the variables

3. find the largest non-significant feature subset (half-interval search)

4. repeat steps (1-3) on the dataset restricted to the significant features until 

the selection is stable (all features are significant)
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1.1 Generate k subsets (bootstrap

resampling)
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1.1 Generate k subsets (bootstrap

resampling)
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1.2 Train Fk models (e.g. PLS-DA)
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1.3 Find the largest subset of non-significant features

rank 1 2 3                        ...                              p
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1.3 Find the largest subset of non-significant features
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1.3 Find the largest subset of non-significant features
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1.4 Restrict the dataset to the significant subset

S A
Features passing 

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

on the restricted dataset
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2. Repeat whole feature selection procedure

on the restricted dataset

S A B
Features passing 

selection rounds (tiers)
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3. Stop when the signature is stable

(all features significant)

Features passing 

selection rounds (tiers)
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Selected molecular signature

S A B C D E
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Final model

S A B C D E
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The biosigner software

 R package: Bioconductor

(DOI:10.18129/B9.bioc.biosigner)

 Galaxy tool: Toolshed, Workflow4Metabolomics, 

PhenoMeNal

 Publication: Frontiers in Molecular Biosciences 

(DOI:10.3389/fmolb.2016.00026)
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https://doi.org/10.18129/B9.bioc.biosigner
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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

 Pre-processing:

XCMS followed by Quan Browser

Signal drift and batch effect correction

Normalization to the osmolality

log10 transformation
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biosigner package: model performances

sacurine diaplasma leukemia

factor gender diabetic type ALL/AML

samples 183 69 72

features 109 5,501 7,129

signatures [2-3] [0-2] [1-2]

performances (full -> restricted)

PLS-DA 87% -> 89% 83% -> 91% 95% -> 87%

Random Forest 86% -> 86% 81% -> 81% 92% -> 92%

SVM 88% -> 89% 83% -> na 93% -> 95%

|   52



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

diaplasma dataset

 LC-HRMS analysis of plasma

 from a cohort of 69 diabetic patients

 type 1 and type 2 patients

 5,501 mz/RT features
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biosigner package: model performances

sacurine diaplasma leukemia

factor gender diabetic type ALL/AML

samples 183 69 72

features 109 5,501 7,129

signatures [2-3] [0-2] [1-2]

performances (full -> restricted)

PLS-DA 87% -> 89% 83% -> 91% 95% -> 87%

Random Forest 86% -> 86% 81% -> 81% 92% -> 92%

SVM 88% -> 89% 83% -> na 93% -> 95%
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biosigner package: model performances

sacurine diaplasma leukemia

factor gender diabetic type ALL/AML

samples 183 69 72

features 109 5,501 7,129

signatures [2-3] [0-2] [1-2]

performances (full -> restricted)

PLS-DA 87% -> 89% 83% -> 91% 95% -> 87%

Random Forest 86% -> 86% 81% -> 81% 92% -> 92%

SVM 88% -> 89% 83% -> na 93% -> 95%
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Molecular signatures

56

Biomarker in prostate cancer:

Zhang et al. (2013).

PLoS ONE, 8:e65880. 

Taurochenodeoxycholic acid:

variation in type 2 diabetic patients:

Taylor et al. (2014). PLoS ONE, 

9:e93540.

Cytochemical marker for 

the diagnosis of AML:

Matsuo et al (2003). 

Leukemia 17:1538-1543.
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Spiked apples

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

methods

 biosigner finds mall signatures providing a good compromise between 

prediction accuracy, signature stability and computation time
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Conclusions

 Biosigner:

efficient selection of significant signatures for binary classification

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
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ProMetIS: integration of proteomics and 

metabolomics data

 New methods and bioinformatics tools

statistical integration (multivariate-based approaches)

network analysis (pathway-based approaches)

 2 case studies:

high-throughput phenotyping of mouse models

systems microbiology

 Large consortium

CEA (LIST, IG, BIG), INRA (PFEM, TOXALIM), CNRS (LABGeM)

 2 year project (« Integrative Bioinformatics » workpackages from IFB)

 Perspectives:

application to human phenotyping (France Medecine Genomique 2025)
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Spectrum identification
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Input: 

• A mass spectrum

• A precursor m/z

Molecular and/or 

spectral database

Identification 

sofware*

Output :

Scored molecules

0,98

0,85

0,63

0,82

• CSI-FingerID (Shen, 2014)

• CFM-ID (Allen, 2014)

• MetFrag (Wolf, 2010)

• Etc…

Model learned on a 

database. 

CFM-ID: Transition 

probabilities

CSI-FingerID: Linear

transformation between

kernel spaces
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Mining spectral libraries
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Input:

• A set of spectra

Spectral Mining 

software

Output:

Information about structural similarities

• Networks (GNPS, Wang, 2014) 

• Motifs discovery

(MS2LDA, Van der Hooft, 2016) 
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MineMS² workflow
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1) Conversion of 
spectra to graphs

2) Frequent 
subgraph Mining
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Running time and number of patterns
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Dataset Penicillium verrucosum
Reference library from pure 

compounds

Reference
Hautbergue et al. 2017

J Chromatogr B
Metabolome IDF

Number of spectra 91 834

Graph building 35 s 1 min 45 s

Pattern Mining 10 s 2 min 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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Example: sterone sub-lattice
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Blue nodes are patterns

Red nodes are spectra

Lighter colors indicate 

smaller patterns

Smaller nodes indicate 

less frequent patterns
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Example: sterone sub-lattice

 Exemple of generic patterns:

N-Acetyl * compounds

Phosphated compounds

….

 Specific patterns:

Sphingosine related molecules 

|   68

Patterns include coarse and fine 

grain information

Major difference with the patterns obtained

with Mass2LDA (Van der Hooft et al. 2016, PNAS)
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Relating patterns to chemical (sub-)structures
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 Workflow management

• Workflows

|  PAGE 70



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

Implementation: From the method to the workflow

Method

Package

GUI

Workflow Cloud
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https://doi.org/10.1109/CIBEC.2008.4786077
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The workflow challenge: bridging experimenters' and 
bioinformaticians' talents

72

Users

• Web-based

• Workflow editor

• User-friendly

• Tutorials

• Multi-language

• Toolshed

• Open-source

• Shared workflows

• Reproducible science

Developers
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The value of data

 Data acquisition and annotation is costly and time-consuming

instruments, reactants, animal lives, your (precious) time

 In the era of data intensive sciences:

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

information

computer-readable formatting is needed
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 Workflow management

• Galaxy environment
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The Galaxy project

• Workflow management through a classic web browser

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

• NGS, transcriptomics, proteomics, metabolomics
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Sharing histories
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 Workflow management

• Workflow4Metabolomics 

online platform
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French Institute of Bioinformatics

• Coordinators (C. Médigue & J. van Helden)
– French node from Elixir

– Federation of 34 national bioinformatics platforms

– 230 bioinformaticians

• 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
– IFB Galaxy Working Group

– European Galaxy Developer workshop 2017

– Organization of the GCC conference 2017
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MetaboHUB: The French infrastructure 
for metabolomics and fluxomics

 Coordinator (D. Rolin)

 80 permanent scientists

 Total budget: 45 M€

 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 
Metabolomics and Fluxomics (> 300 members)

 4 online bioinformatics infrastructures

 workflows, databases, pathways

 Partnerships:

 bioinformatics, proteomics, cohorts, crops

 Europe:

 MetaboMOOC (oct. 2018; with IFB)
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Omics data analysis for high-throughput phenotyping | E. Thévenot

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
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W4M offer

• Private account

• Computation and storage resources

• Help desk

• Sharing and referencing of histories and workflows (DOI)

• Annual courses (tutoring on your own data)

Save the date: 8-12 October 2018, Pasteur Institute (Paris)

• Installation of local instances
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contact@workflow4metabolomics.org

mailto:contact@workflow4metabolomics.org
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A team work from talented people

 The CEA team

Natacha Lenuzza, Alexis Delabrière, Pierrick Roger-Mele,

Bertrand Monfort, Philippe Rinaudo, et al.

 The MetaboHUB infrastructure

Fabien Jourdan, Franck Giacomoni, Marie Tremblay-Franco, Jean-François 

Martin, Mélanie Pétéra, Nils Paulhe, Christophe Junot, Estelle Pujos-

Guillot, Dominique Rolin, et al.

 The IFB infrastucture

Christophe Caron, Gildas Le Corguillé, David Vallenet, Claudine Médigue, 

Jacques van Helden, et al.

 The PhenoMeNal consortium

Christoph Steinbeck, Steffen Neumann, Namrata Kale, Pablo Moreno, 

Kenneth Haug, Reza Salek, Philippe Rocca-Serra, Luca Pirredu, et al.
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