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üThe Sacurinestudy

Exploratory data analysis

Multivariate modeling

Selection of molecular signatures



Urine diagnosis: FromAntiquity to modern metabolomics
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Pinder (1506). Epiphanie

Medicorum. 

adapted from Zhang and 

Watson (2015). Analyst, 

140:2907-2915. 
Wellcome H. (1911). The evolution of urine analysis: An 

historical sketch of the clinical examination of urine. 

Burroughs Wellcome and Co .

Summarian and Babylonian 

physicians (-4000).



Physiologicalvariations are poorly documented
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Sacurinedataset(MTBLS404)

ωOōƧŜŎǘƛǾŜΥ  ƛƴƅǳŜƴŎŜ of age, body mass index and gender on 
metabolite concentrations in urine

ωCohort: 184 employees from the CEA institute

ωAnalytics: LTQ-Orbitrap(negative ionization mode)

ωAnnotation: 109 metabolites ǿŜǊŜ ƛŘŜƴǘƛŬŜŘ ƻǊ ŀƴƴƻǘŀǘŜŘ ŀǘ ǘƘŜ 
MSIlevel 1 or 2.

ωPre-processing:
ωXCMSfollowed by QuanBrowser

ωSignal drift and batch effect correction

ωNormalization to the osmolality

ωlog10transformation
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http://www.ebi.ac.uk/metabolights/MTBLS404
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http://www.ebi.ac.uk/metabolights/MTBLS404


W4M00001_Sacurine-statistics
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W4M00001and 2: Humanphysiology
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http://doi.workflow4metabolomics.org/W4M00001
http://doi.workflow4metabolomics.org/W4M00002


Developing& implementingnew methods
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Methods

(O)PLS(-DA) Feature selection

W4M Modules

Multivariate Biosigner

References

Packages

ropls biosigner

Thevenot et al, 2015

J. Prot. Res.

Rinaudo et al, 2016,

Front. Mol. Biosciences

FIA processing

proFIA

proFIA

Delabriere et al,

under review

http://dx.doi.org/10.1021/acs.jproteome.5b00354
http://dx.doi.org/10.1021/acs.jproteome.5b00354
http://dx.doi.org/10.3389/fmolb.2016.00026
http://dx.doi.org/10.3389/fmolb.2016.00026
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Objectives

ωVisualizeyourdata

ωDetectpotential clusters of samples

ωDetectpotential sampleoutliers

=> To be performedbeforeanystatisticalanalysis
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The "QualityMetrics" tool
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Quality Metrics

ωIncludes:

ςgraphicsfor data visualization

ςmetricsfor outlier detectionand qualitycontrol

ωp-values for samples(columnsaddedin sampleMetadata)
ςHotelling'sT2(Masonet al, 1997)

ςintensitydistribution (Alonso et al, 2011)

ςproportion of missingvalues (Alonso et al, 2011)

ωmetricsfor variables (columnsaddedin variableMetadata)
ςcoefficient of variation

ωDependingon the results:

ςintensitiescanbe log transformed

ςoutlierscanbe discarded

Transformation

Generic Filter

http://dx.doi.org/10.1093/bioinformatics/btr138
http://dx.doi.org/10.1093/bioinformatics/btr138


The "QualityMetrics" tool
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Quality Metrics

Summary of the intensities in the dataMatrix



The "QualityMetrics" tool
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Quality Metrics

View of the intensities in the dataMatrix



The "QualityMetrics" tool
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Quality Metrics

View the PCA scores (check for clusters, outliers)



The "QualityMetrics" tool
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Quality Metrics

Check the absence of signal drift (LC-MS)



The "QualityMetrics" tool
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Quality Metrics

Check the absence of samples with outlier intensity distribution

or outlier proportion of missing values



The "QualityMetrics" tool
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Quality Metrics

Check the absence of correlation

between mean and standard deviation



Other tools for unsupervisedanalysis

ωPrincipal Component Analysis

ωClustering

19

Hierarchical Clustering Heatmap

ACP Multivariate
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The "Multivariate" module

ωThe "Multivariate" module allowsyou
to perform:

ςPrincipal Component Analysis(PCA)

ςPartial Least-Squares regression(PLS) and 
discriminant analysis(PLS-DA)

ςOrthogonal Partial Least-Squares regression
(OPLS) and discriminant analysis(OPLS-DA)

ωIt isavailablein the "StatisticalAnalysis" 
sections of LC-MS, GC-MS, and NMR
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Multivariate



The "Multivariate" module

ωThe Multivariatemodule uses internallythe roplsR 
module from bioconductor

ςimplementsthe original, NIPALSbased, algorithmsfor PCA, PLS
and OPLS

ςdiagnostics to detectoutliers, overfitting

ςgraphics(scores, loadings, predictions)

ςfeatureselection(VIP, regressioncoefficients)
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http://bioconductor.org/packages/ropls

Thévenot E.A., Roux A., Xu Y., Ezan E. and Junot C. (2015). 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. Journal of Proteome Research, 14:3322-3335. 

http://dx.doi.org/10.1021/acs.jproteome.5b00354

Multivariate

http://bioconductor.org/packages/ropls/
http://dx.doi.org/10.1021/acs.jproteome.5b00354


Objectives

ωMultivariate analysis:

1. PCA[unsupervised]: Visualizethe structure of the 
dataMatrix:ἦ

2. (O)PLS(-DA) [supervised]: How cana factor of interest
(response; columnof sampleMetadata) beexplainedas 
a linearcombinationof all the variables (predictors) 
from dataMatrix: ὁ Ὢἦ

a. whenthe responseὁisquantitative: (O)PLSregression

b. whenὁisqualitative: (O)PLS(-DA) classification

Complementaryto univariateanalysis(wherevariables are tested
independently)
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Latent variable methods

ωPCAand (O)PLS(-DA) are latent variable methods: new 
components are computedas linearcombinationsof the 
original variables

ωThe assumptionis that a few components canefficiently
representthe wholedataset(PCA) or model the factor of 
interest (O)PLS(-DA)

ωOther powerful multivariate methodsexistfor regression
and classification (Support VectorMachine, Random
Forest, etc.) => biosignermodule
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Open the "Multivariate" module

ωand select your3 files of interest:

ωyouare now readyto start yourmultivariate
analyzes!

25
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PRINCIPAL COMPONENT ANALYSIS
(PCA)

2 6



Objectives

ωVisualizethe dataMatrix

ςby selectinga few components whichcapture mostof the 
spread (variance) of the cloud of samples

ωDetectoutliers

ςwhichmaybiasthe computation of the component

ωDetectclusters of samples

ςwhichmaysuggestan internalstructuration of the data
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Unsupervisedanalysis
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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

a
m

p
le

s

p = 110 (quantitative) variables

...

X



How to visualizemultivariate observations?
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1 variable 2 variables

3 variables p variables



Projection

ωProjecteddistances as high as possible

30

Husson and Pages (2011). Exploratory 

multivariate analysis by example using R. 

Chapman & Hall/CRC



Projection on latent variables

ωProjecteddistances as high as possible

ωDefinenew variables as linearcombinationof original 
ones

31

Husson and Pages (2011). Exploratory 

multivariate analysis by example using R. 

Chapman & Hall/CRC



Selectionof PCAas the type of analysis

ωKeepthe "Y response" to 'none' for PCA(unsupervised
analysis)
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Automatic selectionof the numberof components

ωUntil the variance is less than the mean variance of all 
components
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Graphicalresults

ωscreeplot, outliers, and the loadingand score plots
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Diagnostics R2X: How muchof the original inertia is still
reflectedby the model?
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Diagnostics R2X: How muchof the original inertia is still
reflectedby the model?

ωR2Xincreaseswith the numberof components in the model

ωFor a givennumberof components, the higherthe R2X, the more 
inertia iscapturedby the model (projection)
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Screeplot

ωCheck that the first components capture mostof the 
variance
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Mount Yamnuska, Alberta. Wikipedia



Observation diagnostics
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ωSampleswhichmaybiasthe PCAcomputation and/or 
maynot be faithfully visualizedby 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


Sensitivityto outliers
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Numericalresults

ωNumericalresults(includingthe percentageof 
explainedinertia) canbe viewedin the 
"information.txt" file 
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Score and loadingvalues

ωThe score (resp. loading) values of the selected
components have been addedas columnsin the 
sampleMetadata(resp. variableMetadata) files

4141
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Tuningthe parameters

ωYou canrecallthe page with yourparameters, modify
them, and restart the analysis

42
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Advanced parameters: Scaling

ωVariables are mean-centeredfor PCA

ωBy default, they are alsounit-variance scaled
ωabsence of variance scalingor changingto Pareto scalingcanbe

selectedin the advancedcomputationalparameters

43
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Advanced parameters: Ellipses

ωIndicatethe columnnameof sampleMetadatato be used
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PARTIAL LEAST SQUARES REGRESSION
(PLS) AND 
DISCRIMINANT ANALYSIS(PLS-DA)

4 6



PLS(-DA) modelling

ωPowerful regressionmethodwhen
ὲ ὴ

ωComplementaryto univariate hypothesistesting (where
variables are testedindependantly)

ωRiskof overfitting: i.e., building a model whose
(apparently) good performances result from chance only

47



Supervisedanalysis(i.e. with labels)
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1,7-Dimethyluric acid Dehydroepiandrosterone sulfate

H011 3.33 4.46

H023 4.64 2.81

H033 4.35 2.51

H042 3.91 4.14

H052 4.35 2.55

H062 3.80 2.47

H073 4.00 4.36

H083 4.48 2.02

H092 3.82 4.55

H103 4.08 0.21

H114 4.52 5.17

H124 4.05 4.93

H134 4.27 4.53

H145 4.16 5.33

H157 4.50 4.29

H168 4.01 1.89

H180 4.36 2.67

H189 4.16 3.02

H199 3.46 4.09

H209 4.10 5.00

p = 110 (quantitative) variables

...

X

n
=

 1
8
3
 s

a
m

p
le

s

bmi

H011 19.8

H023 29.6

H033 18.4

H042 19.8

H052 20.1

H062 22.2

H073 25.4

H083 29.8

H092 21.8

H103 26.8

H114 29.4

H124 22.2

H134 22.9

H145 29.1

H157 22.0

H168 20.8

H180 23.7

H189 19.4

H199 21.0

H209 21.5

1 response

y



PLSvs PCA

ωPCAfindsthe directions of maximum variance
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PLSvs PCA

ωPLSincludesthe labels into the model
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Selectionof PLS(-DA) as the type of analysis

ωSelect the "Y response" to bemodelled(columnof sampleMetadata):
ωcolumnof numbers(age, bmi): PLSregression

ωcolumnof characters('M'/'F', 'patient'/'control'): PLS-DAclassification
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Automatic selectionof the numberof components

ωA new component h isaddedto the model if:
ɆὙςὣ ρϷ

Ɇὗςὣ πÏÒυϷÉÆὲ ρππ

Note: ὗςὣ ρ where ὖὙὉὛὛis estimated by cross-validation
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Graphicalresults

ωpermutation, overview, outlier, and score plots 
displayedas the default ('summary')
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'summary'



Overfitting
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Y random X randomω X: 20 × 2,000 matrix 
of randomnumbers

ςUniform 
distribution 
between0 and 1

ω Y: 20 x 1 matrix of 
random labels

ς0 or 1 values

adpated from Wehrens (2011). 

Chemometrics with R. Springer.



Score plot!
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Importance of diagnostics

ωPermutation 
testing: comparing
the R2Yand Q2Y
values of the model 
built with the true Y 
labels with
▪▬▄►□modelsbuilt
with random
permutation of Y 
labels

56

SzymanskaE., SaccentiE., SmildeA. and 
WesterhuisJ. (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


Riskof overfitting when n < p
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Significanceof the model

ωThe algorithmrandomlypermutatesthe ὁlabels, buildsthe models
and computesthe Ὑςὢ, Ὑςὣ, ὗςὣ
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1,7-Dimethyluric acid Dehydroepiandrosterone sulfate

H011 3.33 4.46
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H168 4.01 1.89

H180 4.36 2.67

H189 4.16 3.02

H199 3.46 4.09

H209 4.10 5.00

p = 110 (quantitative) variables

...

X

bmi

H011 19.8

H023 29.6

H033 18.4

H042 19.8

H052 20.1

H062 22.2

H073 25.4

H083 29.8

H092 21.8

H103 26.8

H114 29.4

H124 22.2

H134 22.9

H145 29.1

H157 22.0

H168 20.8

H180 23.7

H189 19.4

H199 21.0

H209 21.5

1 response

n
=

 1
8
3
 s

a
m

p
le

s

yrandom



Significanceof the model

ωCountingthe numberof Ὑςὣ(and ὗςὣ) metricsfrom random
modelswhichare superiorto the values of the true model givesan 
indication of the significanceof the PLSmodelling

59

Similarity betweenὁ and ὁ

Ὑςὣand ὗςὣof the model 

with the trueὁvalues

'permutation'



Diagnostic metrics

Ɇπ Ὑςὢ ρ: percentageof X inertia explainedby the model

Ɇπ Ὑςὣ ρ: percentageof Y inertia explainedby the model

Ɇπ ὗςὣ ρ: estimation of the predictiveperformance of the 
model by cross-validation

ɆὙςὢand Ὑςὣincreasewith the numberof components while
ὗςὣreachesa maximum (due to overfitting):

60

'overview'



Numericalresults

ωThe detailsof the Ὑςὢ, Ὑςὣ, and ὗςὣvalues are 
storedin the "information.txt" file
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Scores, loadingsand VIPs

ωThe score (resp. loadingand VIPs) of the selected
components have been addedas columnsin the 
sampleMetadata(resp. variableMetadata) files
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Advanced parameters: Graphics

ωSeveraltypes of graphicsare available:

ςe.g., predict-train and predict-test (the latter beingavailable
only if the train/test partition has been selected)
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'predict-train'



PLS-DA

ωThe two responselevelsare encodedas numbers
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n
=

 1
8
3
 s

a
m

p
le

s

gender

H011 M

H023 M

H033 F

H042 M

H052 F

H062 M

H073 M

H083 M

H092 M

H103 M

H114 M

H124 M

H134 M

H145 M

H157 F

H168 F

H180 F

H189 F

H199 M

H209 F

Qualitative

ὁ

gender

HU_017 0.5

HU_028 0.5

HU_034 -0.5

HU_051 0.5

HU_060 -0.5

HU_078 0.5

HU_091 0.5

HU_093 0.5

HU_099 0.5

HU_110 0.5

HU_130 0.5

HU_134 0.5

HU_138 0.5

HU_149 0.5

HU_152 -0.5

HU_175 -0.5

HU_178 -0.5

HU_185 -0.5

HU_204 0.5

HU_208 -0.5

Quantitative

ὁ

gender

H011 0.40

H023 0.10

H033 -0.61

H042 0.39

H052 -0.47

H062 0.46

H073 0.36

H083 0.11

H092 0.47

H103 0.23

H114 0.25

H124 0.56

H134 0.12

H145 0.93

H157 -0.19

H168 -0.49

H180 -0.20

H189 0.00

H199 0.54

H209 0.05

Quantitative

ὁ█░◄◄▄▀

pred

H011 M

H023 M

H033 F

H042 M

H052 F

H062 M

H073 M

H083 M

H092 M

H103 M

H114 M

H124 M

H134 M

H145 M

H157 F

H168 F

H180 F

H189 M

H199 M

H209 M

Qualitative

ὁ█░◄◄▄▀



PLS-DA

ωAutomaticallyselectedwhenthe responseisqualitative (i.e. the 
columnof sampleMetadataonlycontainscharacters)

ωWarning: Use balanceddatasets(similarproportions of samplesin 
eachof the two classes)
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PLS-DA
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