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Who we are
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Data sciences at Paris-Saclay and CEA

3

 Cluster for data sciences
 Interdisciplinarity
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Metabolomics

4

 omics science
 dedicated to small molecules (< 1kDa)
 involved in metabolic chemical reactions

Wishart, 2019. Metabolomics for investigating 
physiological and pathophysiological processes. 
Physiological Reviews.
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Mass spectrometry
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Omics data analysis workflow

7

eSet <- phenomis::reading(dirC)

eSet <- phenomis::inspecting(eSet)

eSet <- phenomis::correcting(eSet)

eSet <- phenomis::hypotesting(eSet, testC = ‘limma’,
factorNamesVc = ‘gender’, adjustC = ‘BH’)

eSet <- phenomis::clustering(eSet, clustersVi = c(2, 2))

setPca <- ropls::opls(eSet)
eSet <- ropls::getEset(setPca)

setBiosign <- biosigner::biosign(eSet, ‘gender’, seedI = 123)
eSet <- biosigner::getEset(setBiosign)

setPlsda <- ropls::opls(eSet, ‘gender’)
eSet <- ropls::getEset(setPlsda)

phenomis::writing(eSet, dirC = getwd())

eSet <- phenomis::annotating(eSet, databaseC = c(‘chebi’, ‘local.ms’))

eSet <- phenomis::transforming(eSet, methodC = ‘log2’)Po
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FusionOmics: Computational integration of omics data
for high-throughput phenotyping and personalized medicine
Camilo Broc, Karine Patient, Christophe Junot, François Fenaille and Etienne Thévenot 

8

EDEN cohort
300 mother/child

1. Clinical questions Statistician Post-doctorate
Camilo Broc

5. Multidisciplinary consortium
CEA (DRF/DRT) - INRA

Q1: Characterize early breast milk
Q2: Predict the development of food allergy

3. Materials and Methods

3. Preliminary results

• Development of a multi-omics statistical 
framework (incl. differential analysis, 
classification and feature selection)

• Next: data integration (multi-blocs, 
correlation analysis)

4. Leverage effects

• ProMetIS (PIA: France Genomique, 
MetaboHUB, ProFI, IFB),

• MICROB-PREDICT (H2020)
• Master 2 « Systems Immunology » 

(Sorbonne)
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Introduction: proteomics and 
metabolomics integration
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Proteomics and metabolomics

10

 large-scale study of proteins
 post-translational modifications

 small molecule substrates, intermediates, 
and products of metabolism

 peptides, carbohydrates, lipids, 
nucleosides

 “functional readout of the physiological 
state”

Proteomics Metabolomics
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Complementarity between proteomics and metabolomics

11

 Interactions
- Building blocks of proteins
- Substrates, cofactors, products of enzymatic reactions
- Allosteric regulators (enzymes, receptors, transcription factors)
- Post-translational modifications by covalent link to metabolites

Piazza et al. (2018). A map of protein-metabolite interactions 
reveals principles of chemical communication. Cell, 172:358–372. 

Proteins – Metabolites
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Increase the biological understanding

12

Shen et al. (2020). Proteomic and metabolomic
characterization of COVID-19 patient sera. Cell, 
9:59–72.
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Elucidate gene function

13

Parker et al. (2019). An integrative systems genetic analysis of mammalian lipid metabolism. Nature, 567:187–193.
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Increase the predictive performance

14

Webb-Robertson et al. (2016). Bayesian posterior
integration for classification of mass spectrometry data. 
In Statistical analysis of proteomics, metabolomics, and 
lipidomics data using mass spectrometry (pp. 203–211).

False positive rate
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Similarities in data quantification and statistical analysis
Specificities in data annotation

15

Fischer et al. (2013). Two birds with 
one stone: doing metabolomics 
with your proteomics kit. 
Proteomics, 13:3371-3386.
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Common sample preparation studies

16

Blum et al. (2018). Single-platform ‘multi-omic’ profiling: unified
mass spectrometry and computational workflows for integrative
proteomics–metabolomics analysis. Molecular Omics, 14:307–319.

Fischer et al. (2013). Two birds with one stone: doing metabolomics 
with your proteomics kit. PROTEOMICS, 13:3371-3386.

Zougman et al. (2019). Detergent-free simultaneous sample 
preparation method for proteomics and metabolomics. 
Journal of Proteome Research, 19:2838–2844. 
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Common nomenclature

17

Smith et al. (2014). Proteomics, lipidomics, metabolomics: a mass spectrometry
tutorial from a computer scientist’s point of view. BMC Bioinformatics. 15.



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

Common formats

18

 Storage
- raw data: mzML

- processed data: mzTab
 quantification
 identification

 Computation
- R object: MSnbase

Gatto et al. (2020). MSnbase, efficient 
and elegant R-based processing and 
visualization of raw mass spectrometry 
data. Journal of Proteome Research.

Martens et al. (2010). mzML - a 
community standard for mass 
spectrometry data. Molecular & 
Cellular Proteomics. 10.

Griss et al. (2014). The mzTab data exchange 
format: Communicating mass-spectrometry-
based proteomics and metabolomics 
experimental results to a wider audience. 
Molecular & Cellular Proteomics. 13:2765-2775.
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Toward common software

19

Rurik et al. (2020). 
Metabolomics data processing
using OpenMS. Methods in 
Molecular Biology, 2104.

Adams et al. (2020). Skyline for 
small molecules: A unifying
software package for quantitative 
metabolomics. Journal of 
Proteome Research, 19:1447-1458.

ProMetIS

phenomis

Proteomics Metabolomics

SDA

WGCNA Pei et al. (2017). WGCNA application to 
proteomic and metabolomic data analysis. 
Methods in Enzymology. 135-158.

Li et al. (2019). SDA: a semi-parametric
differential abundance analysis method
for metabolomics and proteomics data. 
BMC Bioinformatics. 20.
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Data integration: questions

20

 Which blocks are the most important for the stratification/prediction?

 Which features?

 What is the specific/shared information from each block?

 How are the features from different blocks correlated?

 Which biological pathways/networks are significantly involved?



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

Data integration: challenges

21

 Normalization of each block

 Confounding effects (for each block)

 Overfitting (limited number of samples)

 validation (statistical, biological)

 Feature selection

 Limited annotation of metabolites

 Redundancy/specificity/ambiguity of chemical/biological identifiers in the databases

 Partial coverage of the proteome and metabolome
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Data integration: approaches

22

 Biostatistics
- Fusion

 low (concatenation of blocks)
 middle (feature selection/latent variables 

from each block + model on top)
 high (one model for each block + vote)

- Correlation networks

 Bioinformatics
- Mapping
- Enrichment

 Molecule set
 Topology-based

Ritchie et al. (2015). Methods of integrating data 
to uncover genotype–phenotype interactions. 
Nature Reviews Genetics, 16:85–97.

Khatri et al. (2012). Ten years of pathway analysis: 
current approaches and outstanding challenges. 
PLoS Computational Biology, 8: e1002375.
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ProMetIS: deep phenotyping of mouse 
models by proteomics and metabolomics
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The ProMetIS project

24

 Objective: high-throughput integration of proteomics and metabolomics data
- innovative methods
- high-quality datasets
- software tools
- workflows

 Case study: molecular phenotyping of mouse models from the IMPC consortium
 Partner infrastructures

- France Génomique
- PHENOMIN (Institut Clinique de la Souris)
- ProFI proteomics
- MetaboHUB
- Institut Français de Bioinformatique

 Post-doctorate
- Alyssa Imbert
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Biological question: characterization of LAT knock-out mice

25

 LAT (linker for activation of T cells; OMIM: 602354) involved in:
- T-cell receptor (TCR) signaling

- Neurodevelopmental diseases Loviglio et al. (2017). The immune signaling adaptor LAT 
contributes to the neuroanatomical phenotype of 16p11.2 BP2-
BP3 CNVs. The American Journal of Human Genetics, 101:564–577. 

Roncagalli et al. (2010). LAT signaling pathology: an ”autoimmune” 
condition without T cell self-reactivity. Trends in Immunology, 31:253–259. 

Lat-/-
6 ♂
7 ♀

WT
8 ♂
7 ♀

Liver

Preclinical

Proteomics

Metabolomics

Mouse models

Biological samples

Phenotyping
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Datasets: preclinical, proteomics and metabolomics

26

phenomis
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Datasets & code availability: the ProMetIS package

27

ProMetIS

https://github.com/IFB-ElixirFr/ProMetIS

About to be submitted to Scientific Data:
Imbert et al. ProMetIS: deep phenotyping 
of mouse models by combined proteomics 
and metabolomics analysis. submitted.
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Hands-on
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Reading the data

29

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

ExpressionSet

MultiDataSet

phenomis::reading

phenomis::writing
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Statistical workflow

30

 Loading the datasets
- restricting to the liver tissue and to the annotated metabolomics features only

 Single-omics analysis
- exploratory (PCA)
- how much information about the LAT knock-out is provided by each dataset

 univariate hypothesis testing
 multivariate PLS-DA

 Multi-omics analysis
- unsupervised (MCIA)

 are the two genotypes separated?
 what about the difference between genders?

- supervised (multi-block PLS-DA)
 which dataset(s) most contribute to the discrimination?
 which features most contribute to the discrimination within each dataset?*
 what is the correlation between those features
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Principal Component Analysis (PCA)
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Objectives

Visualize the data
- by selecting a few components which capture most of the spread (variance) of the 

cloud of samples

Detect outliers
- which may bias the computation of the component

Detect clusters of samples
- which may suggest an internal structuration of the data
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Unsupervised analysis

1,7-Dimethyluric acid Dehydroepiandrosterone sulfate Acetaminophen glucuronide

H011 2114 29025 44

H023 43274 639 2

H033 22386 325 1933

H042 8185 13938 933

H052 22385 357 5004

H062 6380 292 1

H073 10012 22781 1

H083 30414 105 1

H092 6637 35156 1

H103 12100 2 1

H114 33362 149041 46

H124 11197 84536 1

H134 18698 34053 254

H145 14435 212398 52

H157 31732 19317 2200

H168 10221 78 475

H180 22936 463 1

H189 14423 1039 220

H199 2888 12272 37

H209 12563 100236 2

n
= 

1
8

3
 s

am
p

le
s

p = 110 (quantitative) variables

...

X
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How to visualize multivariate observations?

34

1 variable 2 variables

3 variables p variables
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Projection

Projected distances as high as possible

Husson and Pages (2011). Exploratory 
multivariate analysis by example using R. 
Chapman & Hall/CRC
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Projection on latent variables

Projected distances as high as possible

Define new variables as linear combination of original ones

Husson and Pages (2011). Exploratory 
multivariate analysis by example using R. 
Chapman & Hall/CRC
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Graphical results

scree plot, outliers, and the loading and score plots
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Diagnostics R2X: How much of the original inertia is still
reflected by the model?

𝑻𝑺𝑺 =
𝒊=𝟏

𝒏

𝑶𝑯𝒊
𝟐 𝑬𝑺𝑺 = 

𝒊=𝟏

𝒏

𝑶𝑯′𝒊
𝟐 𝑹𝑺𝑺 = 

𝒊=𝟏

𝒏

𝑯𝑯′𝒊
𝟐 = 𝑻𝑺𝑺 − 𝑬𝑺𝑺

Total Explained Residual
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Diagnostics R2X: How much of the original inertia is still
reflected by the model?

R2X increases with the number of components in the model

For a given number of components, the higher the R2X, the 
more inertia is captured by the model (projection)

𝑹𝟐𝑿 =
𝑬𝑺𝑺

𝑻𝑺𝑺
= 𝟏 −

𝑹𝑺𝑺

𝑻𝑺𝑺

𝟎 ≤ 𝑹𝟐𝑿 ≤ 𝟏

𝑻𝑺𝑺 =
𝒊=𝟏

𝒏

𝑶𝑯𝒊
𝟐 𝑬𝑺𝑺 = 

𝒊=𝟏

𝒏

𝑶𝑯′𝒊
𝟐 𝑹𝑺𝑺 = 

𝒊=𝟏

𝒏

𝑯𝑯′𝒊
𝟐 = 𝑻𝑺𝑺 − 𝑬𝑺𝑺

Total Explained Residual
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Scree plot

Check that the first components capture most of the variance

Mount Yamnuska, Alberta. Wikipedia
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Observation diagnostics

Samples which may bias the PCA computation and/or may not be
faithfully visualized by the score plot

Hubert M., Rousseeuw P. and Vanden Branden K. (2005). ROBPCA: a new approach to robust 
principal component analysis. Technometrics, 47:64-79. DOI: 10.1198/004017004000000563

http://dx.doi.org/10.1198/004017004000000563
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Sensitivity to outliers
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Scaling

Variables are usually centered:

 In addition, variables may be

- unit-variance scaled (default in ropls):

- pareto scaled:

43

𝒙′𝒋 = 𝒙𝒋 − ഥ𝒙𝒋

𝒙′′𝒋 =
𝒙′𝒋

𝝈𝒋

𝒙′′𝒋 =
𝒙′𝒋

𝝈𝒋
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R code (ropls package)

Loading
sacurine_dir.c <-

"C:/Users/et207099/Documents/sources/training/inst/extdata/sacurine_annotated_postprocessed"

sacurine.eset <- phenomis::reading(sacurine_dir.c)

 Inspecting

sacurine.eset <- phenomis::inspecting(sacurine.eset)

Computing the PCA

sacurine.pca <- ropls::opls(sacurine.eset)

44



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

Coloring the score plot according to the metadata

Coloring the score plot according to ‘gender’ (column of the sampleMetadata)

ropls::plot(sacurine.pca,

typeVc = "x-score",

parAsColFcVn = Biobase::pData(sacurine.eset)[, "gender"])))

45
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Coloring the score plot according to the metadata

46
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Loadings

Studying the variables which most contribute to the new components

ropls::plot(sacurine.pca,

typeVc = "x-loading")

47
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Getting back the ExpressionSet object

Getting back the ExpressionSet object

sacurine.eset <- ropls::getEset(sacurine.pca)

The scores and loadings values have been added to the sampleMetadata and 
variableMetadata:

head(Biobase::pData(sacurine.eset)[, c("PCA_xscor-p1", "PCA_xscor-p2")])

head(Biobase::fData(sacurine.eset)[, c("PCA_xload-p1", "PCA_xload-p2")])

48
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Partial Least Squares (PLS)
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PLS(-DA) modelling

Powerful regression method when
𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 < 𝑝𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠

Complementary to univariate hypothesis testing (where variables are tested
independantly)

Risk of overfitting: i.e., building a model whose (apparently) good 
performances result from chance only
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HU_011 3.02 3.89 3.87 3.72 3.54 ... 4.31 4.01 4.02 3.89 4.08

HU_014 3.81 4.28 3.84 3.78 3.93 ... 4.47 4.42 3.88 4.18 4.20

HU_015 3.52 4.20 4.10 4.29 3.96 ... 4.12 4.44 4.19 4.25 4.12

HU_017 2.56 4.32 4.54 4.43 4.23 ... 4.56 4.54 4.15 4.29 4.25

HU_018 3.78 4.63 4.18 4.12 4.01 ... 4.45 4.22 4.10 4.14 4.36

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

HU_205 3.86 4.54 4.24 4.19 4.38 ... 4.36 4.12 4.16 4.22 4.41

HU_206 1.32 4.34 4.62 4.61 4.82 ... 4.27 4.04 3.93 4.28 4.39

HU_207 4.19 4.28 4.48 4.46 4.45 ... 4.64 4.00 4.74 4.65 4.26

HU_208 3.75 4.52 4.36 4.36 4.23 ... 4.70 4.69 4.44 4.63 4.49

HU_209 4.21 4.68 4.19 4.21 4.15 ... 4.52 4.50 4.47 4.47 4.22

p = 109 variables (quantitatives) 

X

n
 =

 1
8

3
 s

am
p

le
s

The data: the data matrix X (metabolomics measurements)
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IMC

HU_011 19.75

HU_014 22.64

HU_015 22.72

HU_017 23.03

HU_018 20.96

... ...

HU_205 28.37

HU_206 22.15

HU_207 19.47

HU_208 18.61

HU_209 21.48

1 response

y

The data: the response to be explained y (e.g. body mass index)
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HU_011 3.02 3.89 3.87 3.72 3.54 ... 4.31 4.01 4.02 3.89 4.08

HU_014 3.81 4.28 3.84 3.78 3.93 ... 4.47 4.42 3.88 4.18 4.20

HU_015 3.52 4.20 4.10 4.29 3.96 ... 4.12 4.44 4.19 4.25 4.12

HU_017 2.56 4.32 4.54 4.43 4.23 ... 4.56 4.54 4.15 4.29 4.25

HU_018 3.78 4.63 4.18 4.12 4.01 ... 4.45 4.22 4.10 4.14 4.36

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

HU_205 3.86 4.54 4.24 4.19 4.38 ... 4.36 4.12 4.16 4.22 4.41

HU_206 1.32 4.34 4.62 4.61 4.82 ... 4.27 4.04 3.93 4.28 4.39

HU_207 4.19 4.28 4.48 4.46 4.45 ... 4.64 4.00 4.74 4.65 4.26

HU_208 3.75 4.52 4.36 4.36 4.23 ... 4.70 4.69 4.44 4.63 4.49

HU_209 4.21 4.68 4.19 4.21 4.15 ... 4.52 4.50 4.47 4.47 4.22

p = 109 variables (quantitatives) 

f(X)

n
 =

 1
8

3
 s

am
p

le

IMC

HU_011 19.75

HU_014 22.64

HU_015 22.72

HU_017 23.03

HU_018 20.96

... ...

HU_205 28.37

HU_206 22.15

HU_207 19.47

HU_208 18.61

HU_209 21.48

1 response

y=

The goal: to learn a predictive model f ...
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new 1 3.00 4.47 4.54 4.54 4.62 ... 4.46 4.30 4.44 4.41 4.54

new 2 3.48 4.20 3.73 3.31 3.44 ... 4.57 4.17 4.15 4.16 4.26

new 3 4.03 2.55 4.27 4.23 4.34 ... 4.26 3.58 4.07 3.96 4.15

p = 109 variables (quantitatives) 

f(X')

n'
sa

m
p

le
s

IMC

new 1 ?

new 2 ?

new 3 ?

y'=

... which can be used to predict the y' values for new 
samples X'
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PLS regression: building latent variables with maximal 
covariance with the response

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

𝑐𝑜𝑣 𝑥, 𝑦 = 1
(𝑛−1)

σ𝑖=1
𝑛 𝑥𝑖− ҧ𝑥 𝑦𝑖−ത𝑦

=
𝟏

(𝒏 − 𝟏)
𝒄𝒐𝒓(𝒙, 𝒚) 𝒙 𝒚



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

PLS vs PCA

PCA finds the directions of maximum variance
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PLS vs PCA

PLS includes the labels into the model
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R2Y vs Q2Y

|  
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Overfitting

Y random X random X: 20 × 2,000 matrix 
of random numbers

- Uniform 
distribution 
between 0 and 1

 Y: 20 x 1 matrix of 
random labels

- 0 or 1 values

adpated from Wehrens (2011). 
Chemometrics with R. Springer.
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Score plot!



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

Importance of diagnostics

Permutation 
testing: comparing
the R2Y and Q2Y
values of the model 
built with the true Y 
labels with
𝒏𝒑𝒆𝒓𝒎 models built
with random
permutation of Y 
labels

Szymanska E., Saccenti E., Smilde A. and 
Westerhuis J. (2012). Double-check: validation 
of diagnostic statistics for PLS-DA models in 
metabolomics studies. Metabolomics, 8:3-16. 
DOI: 10.1007/s11306-011-0330-3

http://dx.doi.org/10.1007/s11306-011-0330-3
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Significance of the model

Counting the number of 𝑅2𝑌 (and 𝑄2𝑌) metrics from random
models which are superior to the values of the true model gives
an indication of the significance of the PLS modelling

Similarity between 𝐲𝑡𝑟𝑢𝑒 and 𝐲𝑟𝑎𝑛𝑑𝑜𝑚

𝑅2𝑌 and 𝑄2𝑌 of the 
model with the true 𝐲
values

'permutation'



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

Risk of overfitting when n < p

0.2 0.5 1 10 100
𝐯𝐚𝐫𝐢𝐚𝐛𝐥𝐞𝐬

𝐬𝐚𝐦𝐩𝐥𝐞𝐬
=
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Significance of the model
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HU_011 3.02 3.89 3.87 3.72 3.54 ... 4.31 4.01 4.02 3.89 4.08

HU_014 3.81 4.28 3.84 3.78 3.93 ... 4.47 4.42 3.88 4.18 4.20

HU_015 3.52 4.20 4.10 4.29 3.96 ... 4.12 4.44 4.19 4.25 4.12

HU_017 2.56 4.32 4.54 4.43 4.23 ... 4.56 4.54 4.15 4.29 4.25

HU_018 3.78 4.63 4.18 4.12 4.01 ... 4.45 4.22 4.10 4.14 4.36

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

HU_205 3.86 4.54 4.24 4.19 4.38 ... 4.36 4.12 4.16 4.22 4.41

HU_206 1.32 4.34 4.62 4.61 4.82 ... 4.27 4.04 3.93 4.28 4.39

HU_207 4.19 4.28 4.48 4.46 4.45 ... 4.64 4.00 4.74 4.65 4.26

HU_208 3.75 4.52 4.36 4.36 4.23 ... 4.70 4.69 4.44 4.63 4.49

HU_209 4.21 4.68 4.19 4.21 4.15 ... 4.52 4.50 4.47 4.47 4.22

X

bmi

HU_067 19.31

HU_168 20.76

HU_090 19.79

HU_185 21.09

HU_195 18.42

... ...

HU_127 25.62

HU_105 22.96

HU_126 24.7

HU_081 17.84

HU_014 22.64

yrandom
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Significance of the model

Counting the number of 𝑅2𝑌 (and 𝑄2𝑌) metrics from random
models which are superior to the values of the true model gives
an indication of the significance of the PLS modelling

Similarity between 𝐲𝑡𝑟𝑢𝑒 and 
𝐲𝑟𝑎𝑛𝑑𝑜𝑚

𝑅2𝑌 and 𝑄2𝑌 of the 
model with the true 𝐲
values

'permutation'
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Diagnostic metrics

0 ≤ 𝑅2𝑋 ≤ 1: percentage of X inertia explained by the model

0 ≤ 𝑅2𝑌 ≤ 1: percentage of Y inertia explained by the model

0 ≤ 𝑄2𝑌 ≤ 1: estimation of the predictive performance of the 
model by cross-validation

𝑅2𝑋 and 𝑅2𝑌 increase with the number of components while
𝑄2𝑌 reaches a maximum (due to overfitting):

'overview'
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Partial Least Squares – Discriminant 
Analysis (PLS-DA)
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Regression and classification

|   73

Response y Example Approach PLS method

Quantitative BMI regression PLS

Qualitative gender classification PLS-DA
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PLS-DA

The two response levels are encoded as numbers

Qualitative Quantitative Quantitative Qualitative

PLS

gender

HU_011 M

HU_014 F

HU_015 M

HU_017 M

HU_018 M

... ...

HU_205 M

HU_206 F

HU_207 F

HU_208 F

HU_209 F

gender

HU_011 1

HU_014 0

HU_015 1

HU_017 1

HU_018 1

... ...

HU_205 1

HU_206 0

HU_207 0

HU_208 0

HU_209 0

y y

gender

HU_011 0.8

HU_014 0.3

HU_015 1.2

HU_017 1.2

HU_018 0.9

... ...

HU_205 1.1

HU_206 0.5

HU_207 -0.4

HU_208 0.3

HU_209 0.5

gender

HU_011 M

HU_014 F

HU_015 M

HU_017 M

HU_018 M

... ...

HU_205 M

HU_206 M

HU_207 F

HU_208 F

HU_209 F

yfitted yfitted

PLS-DA
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PLS-DA

75
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Orthogonal Partial Least Squares regression (OPLS)
and Discriminant Analysis (OPLS-DA)

Separately models the variations of the predictors correlated and orthogonal to the 
response

 Improves the interpretation of the components but not the overall predictive
performance of the model

Only one predictive component required for single response models

Note: As with PLS, care should be taken to avoid too many (orthogonal) components 
(which would result in overfitting)



31 mars 2021Commissariat à l’énergie atomique et aux énergies alternatives ProMetIS: Proteomics and Metabolomics Data Integration – Alyssa Imbert and Etienne Thévenot

OPLS vs PLS

Variation not correlated to the response (e.g., technical bias) 
is modelled separately by the orthogonal component(s)

=> The first predictive component is strongly correlated to the 
response
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Predictive and orthogonal variations

type

d
ri

ft
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Predictive and orthogonal VIP

correlation with
injection order

Galindo-Prieto et al (2014). Journal of 
Chemometrics, 28, 623-632.
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Graphical results

permutation, overview, outlier, and score plots displayed as 
the default ('summary')

80
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R code (ropls package)

Loading
sacurine_dir.c <-

"C:/Users/et207099/Documents/sources/training/inst/extdata/sacurine_annotated_postprocessed"

sacurine.eset <- phenomis::reading(sacurine_dir.c)

 Inspecting

sacurine.eset <- phenomis::inspecting(sacurine.eset)

Computing the PCA

sacurine.pca <- ropls::opls(sacurine.eset)

81
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Coloring the score plot according to the metadata

Coloring the score plot according to ‘gender’ (column of the sampleMetadata)

ropls::plot(sacurine.pca,

typeVc = "x-score",

parAsColFcVn = Biobase::pData(sacurine.eset)[, "gender"])))

82
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Getting back the ExpressionSet object

Getting back the ExpressionSet object

sacurine.eset <- ropls::getEset(sacurine.pca)

The scores and loadings values have been added to the sampleMetadata and 
variableMetadata:

head(Biobase::pData(sacurine.eset)[, c("PCA_xscor-p1", "PCA_xscor-p2")])

head(Biobase::fData(sacurine.eset)[, c("PCA_xload-p1", "PCA_xload-p2")])

83
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Multi-omics analysis and integration
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Multi-steps and
Multi-datasets (platforms, tissues, omics)

86
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Quality control

Signal drift and batch 
effect correction

Transformation
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Heatmap
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Significant features KO vs WT (limma)

87

0
1

181

257
263

2098

2133
91

6209

760
24

2566

7
19

419

3
103

5520

648
54

2521

8
115

6195

3
1

1612
plasma_metabo_c18acqui.neg

plasma_metabo_c18acqui.pos

plasma_metabo_hilic.neg

plasma_metabo_c18hyper.pos

plasma_proteomics

liver_metabo_hilic.neg

liver_metabo_c18hyper.pos

liver_proteomics

clinics

1 100 10000

LAT MX2 Total

Preclinical

Proteomics

Metabolomics

Proteomics

Metabolomics

C18 pos/Hypersil

Hilic neg

C18 pos/Hypersil

Hilic neg

C18 pos/Acquity

C18 neg/Acquity
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Multi-Omics Factor Analysis

88

F1

F2

F3

F4

F5

Metabo
C18

Metabo
Hilic

Proteo

LAT

WT

F
M

LAT vs WT Metabo C18

Proteo

Argelaguet et al. (2018). Multi-Omics Factor Analysis—a framework for 
unsupervised integration of multi-omics data sets. Molecular Systems Biology, 14.
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Sparse Generalized Canonical Correlation Analysis -
Discriminant Analysis

89

LAT

WT

Proteo

Metabo C18

Metabo HILIC

c

c

Metabo C18

Metabo HILIC

Proteo

Proteo

Metabo C18

Metabo HILIC

Genotype

LAT vs WT

Tenenhaus et al. (2014). Variable selection for generalized canonical 
correlation analysis. Biostatistics, 15:569–583.

Singh et al. (2019). DIABLO: an integrative approach for identifying key 
molecular drivers from multi-omics assays. Bioinformatics, 35:3055–3062. 
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Take home message

90

 Value of combining proteomics and metabolomics for fundamental and 
applied research

 Proteomics and metabolomics data analysis is mature enough to build
common pipelines

 Major challenges remain

- Limited number of public datasets

- Limited metabolite annotation

- Multidisciplinarity
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https://scidophenia.github.io/
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