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Wm| Urine diagnosis FromAntiquity to modern metabolomics

[Workflow4metabolomics|

Urine metabolomics applications

Urogenital cancer

L. Zn$] 2] explained as sinatu pizu, “white or

pure urine.”
Non-urogen. cancer

II. 5ud] &= explained as sinatu zalmi, *black

or dark urine.”

L 58T =N or &FF =11} explained  as

urpati sinatu, *clouds of the urine.”

Other disease

Toxicity/metabolism
IV. %=1 (lost). Explained as tidu sa sinatu, Sports
“ mud or sediment of the urine.”
Treatment

V. Tyl =] explained as sinatu bursi.

This is a very interesting group, as the second square
means “ bright, very bright red,” and evidently indicates
blood-coloured urine.

Food and Nutrition

0 2 4 6 8 10 12
Number of articles
Summarian and Babylonian Pinder (1506). Epiphanie ~ adapted from Zhang and
physicians (-4000). Medicorum. 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 .
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[Workflow4metabolomics|

Identification = Taxonomy

i= Show 2 proteins XML

Ontology

Physical properties

Spectra

Biological properties

Concentrations

PhysiologicaVvariations arepoorly documented

Links References = enzymes (2)

Normal Concentrations

Biofluid Status

Blood

Blood

Urine

Urine

Detected
and
Quantified

Detected
and
Quantified

Detected
and
Quantified

Detected
and
Quantified

Value

3.47 +/-1.20 uM

4.5 (1.4-8.2) uM

1.25 (0.0026-2.52)
umol/mmol creatinine

1.34 +/-0.23
umol/mmol creatinine

Age

Adult (=1
old)

Adult (1!
old)

Adult (=1
old)

Adult (=1
old)

log10(intensity)

Sex

Condition

Reference Details

Dehydroepiandrosterone sulfate (HMDB01032)
negative [Age|Age:BMI|Gender]

20

30 40 50 60
Age
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Wml Sacurinedataset(MTBLS404

[Workflow4metabolomics|

w00 2SO0 A @S of age,bablp daSsyindex and gender on
metaboliteconcentrations in urine

w Cohort: 184 employees from the CEA institute
w AnalyticsLTQOrbitrap (negative ionization mode)

w Annotation: 109 metabolite SNE ARSYIiAUSR 2N
MSllevel 1 or 2

n=183 bomommomo- I Lt 1
w Pre-processing: I- i
wXCMJollowed byQuanBrowser - |V . Totn (g
w Signal drift and batckffectcorrection . Jl < o Of’fj » :
o Normalization to the osmolality % i £ z H
w log10transformation ) E ,
e i
Gender T agegears)


http://www.ebi.ac.uk/metabolights/MTBLS404
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Wml Sacurinedataset(MTBLS404

[Workflow4metabolomics|

w00 2SO0 A @S of age,bablp daSsyindex and gender on
metaboliteconcentrations in urine

w Cohort: 184 employees from the CEA institute

w AnalyticsLTQOrbitrap (negative ionization mode)

w Annotation: 109 metabolite SNE ARSYIiAUSR 2N
MSllevel 1 or 2 hetgs e e 4

w Preprocessing: I- i
w XCMSollowed byQuanBrowser . LA """"""""" ‘ """""""""" % §

w Signal drift and batchffectcorrection . Jll < | <. 0 TSRO )E

o Normalization to the osmolality % i £ ’ z H
wlog10transformation Joura o : e
proteome

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

Etienne A. Thévenot,*‘%'q[ Aurélie Roux,i"l Ying Xu,i Eric Ezam,:C and Christophe Junot”“i

_:CEA, LIST, Laboratory for Data Analysis and Smart Systems, MetaboHUB Paris, F-91191 Gif-sur-Yvette, France
Laboratoire d'Etude du Métabolisme des Médicaments, DSV/iBiTec-S/SPL MetaboHUB Paris, CEA-Saclay, Gif-Sur-Yvette, France


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

Wml W4AMO00001 Sacurinstatistics

Workflowdt

Uploading

__h'_[l'l.'-L'l. datasad o HF ek Format k]

______ Signal drift &

(i Inpat dataset k] e BatCh _effect . I
castput & Quality Metries x Correctlon Norma|lzatIOn

Duata imatrix file

Exploratory = Ao T ;
Data An alySiS ;3'“'--::1::!;:-::._'_:-::1'__ ar) ;:":‘_:"iu?d:::d Tk -":;-.:;.’:::-I .-..-:L:-.;- N - TranSformatlon

. Sample metadata mabrix
arableMatadata oot (Labwolar) Variablde i data Tile

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

Filtering T graphout o)
# Generic_Filter X Unlvarlate MUItivariate

et testing modeling Heatmap
Variabie mtadata fie Ol * Frunarate x Feature

Data malrix Mile & Heatmap o
Data mmalsix I

.

Sample metadata Mile Data maltrix fike SeIeCtlon
Saimple metadata file X .

Varialbde metadata file ple metadata Mile

Varalbdas dalta fae i
arabdeMatadata ot (tabular) Wanable meladala Tie J#F Biosigies x
) saimpl ata out (tabudar)

dataMatrix out (tabaslar) Data maltrix I




wWm W4MO0000Oland2: Humanphysiology

Workflowdt

MTBLS404
Raw data:
184 samples
Preprocessed data: 26 QCs
184 samples 24 blanks
26 QCs Preprocessing (XCMS)
X
113 metabolites Annotation (CAMERA)
4 Signal drift / batch effect
Wm correction (loess on QC)
W4M00001 || WAMO00002 Quality control
Sacurine Sacurine Normalization (osmolality)
stagiglt_ics comprgol'll_ensive Log10 transformation
10.15454/1.4811121736910142E12 | 10.15454/1.481114233733302E12 Outlier detection

Univariate statistics

ropls OPLS modelling

Molecular Signatures

Thevenotet al., 2015

DOI: 10.1021/acs jproteome.5b00354 AR LR L



http://doi.workflow4metabolomics.org/W4M00001
http://doi.workflow4metabolomics.org/W4M00002

ml Developing& implementingnew methods

orfonmetbolomi S

FIA processing (O)PLS(-DA) Feature selection

Packages

v proFIA ropls biosigner
.Q J Bioconductor

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO

proFIA Multivariate Biosigner

.

ers -
Molecular Biosciences :
rrrrrrrr B
Analysis of the Human Adult Urinary Metabolome Variations with biosigner: A New Method for the \

Age, Body Mass Index, and Gender by Implementing a a =
Comprehensive Workflow for Univariate and OPLS Statistical Discovery of Significant Molecular

Analyses Signatures from Omics Data
i L 1 Ying Xu," Eric Ezan,” and Christaphe Junot**

References

Delabriere et al, Thevenot et al, 2015 Rinahdo etr al, 2016,
under review J. Prot. Res. Front. Mol. Biosciences

g


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

TheSacurinestudy

U Exploratory Data Analysis
Multivariate modeling

Selection of molecular signatures
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ma Objectives

wVisualizeyourdata
w Detectpotential clusters ofsamples
w Detectpotential sampleoutliers

=>Tobe performedbefore anystatisticalanalysis

11
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m The "Quality Metrics" tool

'orkflow4metabolomics|

wincludes
¢ graphicsor datavisualization

¢ metricsfor outlier detectionand quality control

wp-values forsamplegcolumnsaddedin sampleMetadata
¢ Hotelling'sT2(Masonet al, 1997)
¢ intensitydistribution (Alonso et al, 20111
¢ proportion ofmissingvalues Alonso et al, 20111

wmetricsfor variables ¢olumnsaddedin variableMetadata
¢ coefficient of variation

wDependingn theresults

¢ intensitiescanbe logtransformed
¢ outlierscanbe discarded

12


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

Wm

Workflowdt

The '"Quality Metrics" tool

15

10

-5

deciles (zscore)
1] 1 2

=1

-2

Summary of the intensities in the dataMatrix

SAPIey_162_b2 !
S2npi 1. |
!
!
!
HU_neg_039_b2 '
!
!
HU_neg_036_b2
!
HU_neg_022_b2 !
HU_neg_}i3_baa_167_b2
' Hiunem Pirbdin
Waw neg_19 neg_169_b2
o iu_ide_ree.
it
| HU_neg 122 b2 """
83
HU—”E‘JHM%JM_M HU : s 1
HU netiLt S 20 »
"o D%bb_zmg_ou (0 179
HO 0741 e
ned HU_neg_193 b2 lﬁ'-‘s 27°9
HU_neg_142_b2 AU_neg_0B6
neg_081_b2 HU_neg_197_b2 !
HU_neg_113_b2 .
!
HU_neg_1501 .
I T T T T T
=15 -10 -5 ] 5 10
t1(32%)
T T T T T
0.1 0.2 0.3 0.4 0.5

amount of missing values (z-score)

( Quality Metrics \

NAs: 0%

0 values: 0%

min: 510

median: 670000
mean: 6700000
max: 6.8e+08

pool CV < 30%: 22%

Thresholds used in plots:

l p-value = 0.001 ‘

1

Sum of intens. for all variables

0.0e+00

2.0e+09

1.0e+09

Quality Metrics

(2-methoxyethoxy)propanoic acid isomer

]

Qc1_oot

QC1_012_b2

1210]

-

I e

©
=
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N
-
st e B~ ]
+ . E ]
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¥ . ~
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* Ll o
‘." rne o4, ¢ wt, . ¥ ’.E’- S *
e e lte,t 4 . N - . -
L I e N + . . 1
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. +
+ o
T T T T T g T T T T T
0 50 100 150 200 0.0e+00 1.0e+08 2.0e+0
injection order mean
[113]
Xanthosine
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Se+08 -
4e+08 —

3e+08 %

2e+08 -

1e+08
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m The 'Quality Metrics" tool Quality Metrics

Workflowdt

@
=]
. : T
s: ! Quality Metrics . 5 D
" leg'_mﬂg_wz_uz : ty g % 8
- | NAs: 0% 387 . E
\ T i et * ~
HU_neg_039_b2 ' 0 values: 0% 4 + . E
= - . .
. min: 510 o L et p .
2 HU_neg_036_b2 - L * :"': * * T 4
e 036 bd median: 670000 -4 e AR ' . *
@ = -~ .
HU_neg_022_b2 ! mean: 6700000 §° ; 5 A “e e ‘.." e 4 :; * E i
[ A +
HU_neg_}e4_bas 167 bz max: 6.8e+08 5 TR :... [ whe e R 2 . .
n .
g b e pool CV < 30%: 22% E Vet B, ‘. . 1%
= 8Hy)_neq_19 neg_169_b2 : Eo |9 77 A . o
o~ HU %MW-W' m “o R g f
o Au_ridg_ra. Thresholds used in plots: 8 4 T — | : S | | | .
- o
o -4 HU_peg_122 b8 PET b p-value = 0.001 S 0 50 100 150 200 0.0e+00 1.0e+08 2.0e+0
injection order mean
T AT
ZalE 114 b2 iy
HU. ;
HU_neg osz'gzsw‘ et ) [l = - m— r11_3|
HO_peg_+Y_ppg_074") fc098,0e9_179 2=methoxy y)prop acid isomer Xanthosine
“© HU_neg_193 b2 LAeg
[l HU_neg_142_b2 AU_neg_066 =
neg_081_b2 HU_neg_197_bz | b (]
HU_neg_113_b2 . !
! o
HU_neg_1857) \ ~ = Ge+08
T T T t T T
-15 -10 -5 L] 5 10
1 (329
U (32%) 5e+08 -
-
de+08 =
o =
: o |
g | | 30+08
LA i §
" & g
2 |
% f H
° 5 | 2e+08 |
i
- ]
! |
2 £ B 1e+08
o o | B
1 b=y | B
T T T T T L | i
o E 1
01 0.2 0.3 0.4 0.5 o | |
amount of missing values (z-score)

/

View of the intensities in the dataMatrix
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Workflowdt

The '"Quality Metrics" tool

View the PCA scores (check for clusters, outliers)

;mmﬂg_wz_uz

HU_neg_039_b2

10
I

HU_neg_036_b2
)

HU_neg_022_b2 !

HU_neg_}i3_baa_167_b2
i T
neq_169_b2

HU %MWEW_MQ_W

Hu_rdl_vrea.

HU_neg_122_b;

o - HUr

HU_n eﬂﬁ%ﬂ%‘z ik

HU_neg_062 b2 .
yeg_179

Y 074 [
o HU_neg _mg_Hu__neg_ﬂS b2 lﬁ'-‘s 2
T HU_neg_142_b2 HU_neg_0EE 5
neg_081_b2 HU_neg_197_b2 ! ¥
HU_neg_113_b2 !
!
HU_neg_1507 .
T T T f T T
-15 -10 -5 ] 5 10
t1(32%) }
>
o~
T
]
(%]
ﬂ‘-
w
2
8
Lo
-
]
o~
1
T T T T T T =
2
0.0 0.1 0.2 0.3 0.4 05 o

amount of missing values (z-score)

Quality Metrics

NAs: 0%

0 values: 0%

min: 510

median: 670000
mean: 6700000
max: 6.8e+08

pool CV < 30%: 22%

Thresholds used in plots:
p-value = 0.001

1

Sum of intens. for all variables

0.0e+00

2.0e+09

1.0e+09

Quality Metrics

(2-methoxyethoxy)propanoic acid isomer

Qc1_oo1

QC1_012_b2

-

I e

©
=
. 3 .
N
-
st e B~ ]
+ . T
. 2 7
+ -t S .
#, . ¢ * -
e . w
A Y ~ .
o
e A R -
* Ll o
‘." rne o4, ¢ wt, . ¥ ’.‘.’-‘. S *
e e lte,t 4 . . - . -
L I e N + . . 1
R e . MU . o
+ o 2% S +
. +
+ o
T T T T T g T T T T T
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1e+08
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The '"Quality Metrics" tool

deciles (zscore)

0

15

10

-5

SAPIey_162_b2 !
S2npi 1. |
!
!
!
HU_neg_039_b2 '
!
!
HU_neg_036_b2
!
HU_neg_022_b2 !
HU_neg_}i3_baa_167_b2
' Hiunem Pirbdin
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=15 -10 -5 ] 5 10
t1(32%)
T T T T T
0.1 0.2 0.3 0.4 0.5

amount of missing values (z-score)

Check the absence of signal d

]

Qc1_001

1210]

Quality Metrics

NAs: 0%

0 values: 0%

min: 510

median: 670000
mean: 6700000
max: 6.8e+08

pool CV < 30%: 22%

Thresholds used in plots:

p-value = 0.001

1
(2-methoxyethoxy)propanocic

QC1_012_b2

Quality Metrics

rift (LC-MS)
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The '"Quality Metrics" tool
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10
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;mmﬂg_wz_uz
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R R i e
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HU_neg_142_b2
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T (32%)
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amount of missing values (z-score)

]

Qc1_001

¢l
QC1_012_b2

Quality Metrics

NAs: 0%

0 values: 0%

min: 510

median: 670000
mean: 6700000
max: 6.8e+08

pool CV < 30%: 22%

Thresholds used in plots:
p-value = 0.001

1

2.0e+09

Sum of intens. for all variables
1.0e+09

0.0e+00

Quality Metrics

(2-methoxyethoxy)propanoic acid isomer
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Check the absence of samples with outlier intensity distribution
or outlier proportion of missing values
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Wm The 'Quality Metrics" tool Quality Metrics

Workflowdt

Check the absence of correlation
between mean and standard deviation
e p——

. : It
s: ! Quality Metrics . b D
" leg'_mﬂg_wz_uz : ty 3 % 8
- | NAs: 0% 227 s .
' F . ~
HU_neg_039_b2 ' 0 values: 0% 4 + . E
= - . .
. min: 510 o L et S .
= " Lo * P * -
2 HU_neg_036_b7 median: 670000 7 » et e {, P N .
' @ = o
HU_neg_022 b2 | mean: 6700000 82 s‘ . e Y n ...0.’0. .:‘ . E |
[ A - +
HU_neg_}i1_sq_167_b2 max: 6.8e+08 5 . TN }.": » we STy . -
—_ . H - . - i
g* b ke pool CV < 30%: 22% E [ Fen Pk, T .. g
S A1 e ag ["Te o Mawo o 8 |F
HU 1 -
o Hu_ridy_rea Thresholds used in plots: é - T — r . L ; . . T
g o
o -4 HU_peg_122 b8 PET b p-value = 0.001 S 0 50 100 150 200 0.0e+00 1.0e+08 2.0e+0
- injection order mean
HU_n Egﬁﬂ&'ﬂ‘fﬁi HY j 1 = \ )
HU o’éé"é‘?w- et . ] H13|
Hu";.geq U _ppg_074" fc098,0e9_179 (2-methoxyethoxy)prepancic acid isomer Xanthosine
« i HU_neg_193_b2 Leg D2
T HU_neg_142_b2 HU_neg_0EE =5
neg_081_b2 HU_neg_197_b2 : =1
HU_neg_113_b2 ' u
! o
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1 1 1 I 1 I
-15 -10 -5 L] 5 10
1 (329
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-
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: B |
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° 5 | 2e+08 |
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amount of missing values (z-score)
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. Othertools for unsupervisedanalysis

wPrincipal Componermnalysis
w Clustering

‘Hierarchical Clustering

19



TheSacurinestudy

Exploratory Data Analysis

U Multivariate modeling
Selection of molecular signatures
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4 : :
Wm| The "Multivariate" module

w The 'Multivariate" moduleallowsyou

to perform: Tools 2
¢ Principal ComponermnalysigPCA search tools O |
¢ Partial LeasBquaresegression(PLand  hoad e from your computer

discriminantanalysigPLSDA) -

Format Conversion

¢ Orthogonal Partial Leasiquaresegression ~ ="
(OPLYand discriminananalysiSOPLEDA)  nomaiisation

Quality Control

Statistical Analysis

Univariate Univariate statistics

w It iIsavailablan the "StatisticalAnalysIS [ s o, pis and
sections oLCMS, GEMS, and\NMR

Anova N-way anova. With ou
Without interactions

ACP ellipsoid by factors

Hierarchical Clustering using
ctc R package for java-
treeview

21
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Wm| The "Multivariate" module

Workflowdt

w TheMultivariate module usesnternallythe roplsR
modulefrom bioconductor

http://bioconductor.org/packages/ropls "'é;i'gconductor

RRRRRRRRRRRRRRRRRRRRRRRRRRRRRRRRR

¢ Implementsthe original NIPAL®ased algorithmsfor PCAPLS
andOPLS

¢ diagnostics taletectoutliers, overfitting
¢ graphicqscoresoadings predictiong
¢ featureselection(VIP regressiorcoefficients)

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

22


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

'orkflow4metabolomics|

w Multivariate analysis

1. PCAunsupervisefl Visualizehe structure of the
dataMatrix n

2. (OPLEDA) pupervisedt Howcana factor ofinterest
(responsecolumnof sampleMetadataibe explainedas
alinearcombinationof all the variablesgredictorg
from dataMatrix 6 QN

a. whenthe responseo is quantitative: (OPLSegression
b. whenoisqualitative: (OPL&DA) classification

Complementaryo univariateanalysigwherevariables ardested
iIndependently

23
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= Latent variablemethods

w PCAand (OPL$EDA) ardatent variablemethods new
components areomputedaslinearcombinationsof the
original variables

w Theassumptionsthat a few componentganefficiently
representthe whole dataset(PCA or model the factor of
iInterest (OPLEDA)

w Other powerful multivariate methodsexistfor regression

and classification (SuppovtectorMachine,Random
Forest, etc.) =biosignhemodule

24
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Wm Open the 'Multivariate" module

Workflowdt

w and selectyour 3 files ofinterest

- Galaxy / 4 / Metabolomics Analyze Data

Tool X o ) Hist %)
ools = Multivariate (version 2015-04-25) ~ tstory <&@
search tools (x] o
Upload File from your 4 cal bul Unnamed history
» mode: numerical, sep: tabular
computer SR ¥ % ®
Export Data
4: Check Format infor @& 4 x
LC-MS . i
node: character and numerical, sep: tabular mation.txt
Format Conversion .
N T T il oo [T 5 3: variableMetadata.ts @& 4 %
Preprocessing i "
e I 3: variableMetadata.tsv ¥ =
Normalisation | )
- rereler— A, mode: character and numerical, sep: tabular 2: sampleMetadata.ts @ 4 X
Y Response (for PLS(-DA) and OPLS(-DA) only): ¥

none 1: dataMatrix.tsv @ X

Notes: 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

Multivariate PCA, PLS and

OPLS Number of predictive components:

Anova N-way anova. With ou 2 M

Without interactions Motes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive

components; 2) OPLS(-DA) modeling: select 1 predictive component
ACP ellipsoid by factors

Number of orthogonal components (for OPLS(-DA) only):

Hierarchical Clustering using 0 v

ctc R package for java- .
rrrEtE Notes: 1).PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion
of the optimal number of orthogonal components

Heatmap Heatmap of the )
T ElEiTs Advanced graphical parameters:

-

llee defanlt v

w you are now readyto start your multivariate
analyzes

25
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m Objectives

'orkflow4metabolomics|

w Visualizaéhe dataMatrix

¢ byselectinga few componentsvhichcapturemostof the
spread (variance) of the cloud shmples

w Detectoutliers
¢ whichmaybiasthe computation of the component

w Detectclusters ofsamples
¢ whichmaysuggestninternal structuration of the data

27



Workflowdr

n = 183 samples

Unsupervisedanalysis

p = 110 (quantitative) variables

1,7-Dimethyluric acid Dehydroepiandrosterone sulfate Acetaminophen glucuronide
HO11 2114 29025 44
H023 43274 639 2
HO033 22384 325 1933
H042 8185 13938 933
H052 22385 357 5004
H062 6380 292 1
HO073 10012 22781 1
H083 30414 105 1
H092 6637, 35154 1
H103 12100 2 1
H114 33362 149041 46
H124 11197 84534 1
H134 18698 34053 254
H145 14435 212399 52
H157 31732 19317 2200
H168 10221 78 475
H180 22934 463 1
H189 14423 1039 220
H199 2888 12272 37
H209 12563 1002364 2

28



Wm

[Workflow4metabolomics|

| Hors H134

0 7 ygz2e M

-3 R )
Dehydroepiandrosterone sulfate  Acetaminophen glucuronide

ulfate

epiandrosterone s

Dehydro:

How to visualizemultivariate observations?

2 variables

Hiffp
H14209
1 Ho11 H134

Ho73 ot s 157

3 H189
=1 "Hoe2 FHQE H033H052

H083 H168

H103
T T T T
1 0 1 2

Acetamino phen glucuroni d

=> Dimension reduction
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ml Projection

w Projecteddistances as high a®ssible

°0 )
00\

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

w Projecteddistances as high a®ssible

w Definenew variables abnearcombinationof original
ones

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

-
»
»
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Wm

Workflowdt

w Keepthe "Yresponsé to 'none' forPCAunsupervised
analysi$

Selectionof PCAas the type ofanalysis

-  Galaxy / 4 / Metabolomics

Analyze Data

Tools

search tools
Upload File from your
computer

Export Data

LC-MS

Format Conversion
Preprocessing
Normalisation

Quality Control
Statistical Analysis

Univariate Univariate
statistics

Multivariate PCA, PLS and
OPLS

Anova N-way anova. With ou

Without interactions

ACP ellipsoid by factors

Hierarchical Clustering using

ctc R package for java-
treaview

Heatmap Heatmap of the
dataMatrix

R . Histor
Multivariate (version 2015-04-25) ~ y

Data matrix file: [ 7]
1: dataMatrix.tsv v
variable x sample, decimal: ".",

o ! Unnamed history
missing: NA, mode: numerical, sep: tabular
278.8 KB
Sample metadata file: 3 7
4: Check Format infor

mation.txt

2: sampleMetadata.tsv ¥
sample x metadata, decimal: ".", missing: NA, mode: character and numerical, sep: tabular
Variable metadata file: [1

3: variableMetadata.tsv ¥
variable x metadata, decimal: '.',

v

nissing: MA,_mode: character and numerical, sep: tabular 2: sampleMetadata.ts

-

Y Response (for PLS(-DA) and OPLS(-DA} only): v

none 1: dataMatrix.tsv

OPLS(-DA): indicate the name of the column of the

sample table to be modeled

Number of predictive components:
L
Motes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive
components; 2) OPLS(-DA) modeling: select 1 predictive component
Number of orthogonal components (for OPLS(-DA) only):
0 v
Motes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion
of the optimal number of orthogonal components
Advanced graphical parameters:

Use default v

3: variableMetadata.ts

< & [0

~ % e

@ | & X

@ & X
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Wm Automatic selectionof the number of components

Workflowdt

w Until the variance is less than the mean variance of all
components

i Galaxy / 4 / Metabolomics Analyze Data

Tools

search tools [ x ]

Upload File from your
computer

Export Data

LC-MS

Format Conversion
Preprocessing
Normalisation

Quality Control
Statistical Analysis

Univariate Univariate
statistics

Multivariate PCA, PLS and
OPLS

Anova N-way anova. With ou
Without interactions

ACP ellipsoid by factors

Hierarchical Clustering using
ctc R package for java-

treaview

Heatmap Heatmap of the
dataMatrix

-

R . Histor
Multivariate (version 2015-04-25) ~ y

Data matrix file: [ 7]

1: dataMatrix.tsv v
variable x sample, decimal: '.", missing: NA, mode: numerical, sep: tabular

Unnamed history

278.8 KB
Sample metadata file: 3 7

4: Check Format infor
mation.txt

2: sampleMetadata.tsv ¥

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

Variable metadata file: [ 7 3: variableMetadata.ts
3: variableMetadata.tsv ¥ v

variable x metadata, decimal: ".", missing: NA, mode: character and numerical, sep: tabular 2: sampleMetadata.ts
Y Response (for PLS(-DA) and OPLS(-DA} only): v

none 1: dataMatrix.tsv

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:
e v
Motes: 1)LPCA and PLS(-DAJ. NA can be selected to get @ suggestion of the optimal number of predictive

components; 2) OPLS(-DA) modelng: select 1 predictive component

Number of orthogonal components (for OPLS(-DA) only):
0 v
Motes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion
of the optimal number of orthogonal components
Advanced graphical parameters:

Use default v
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Wm

Workflowdt

w screeplot, outliers, and theloadingand score plots

Graphicalresults

ics

% of total variance

t2 (10%)

Analyze Data

Variance explained

14
|

8 10 12
I

6
1

U mom:

h2 h3 h4 hS h6 h7 hs

PCs

Scores (PCA)

Orthgonal distance (OD)

p2 (10%)

15

10

0.2

0.1

Observation diagnostics

HU_051 l
HU_160 "

il uﬂ*_w_ﬂéy _____

*

e (e
;%ﬁ?. WHU 173
o . -

e,

Score distance (SD)

Loadings

Fuga IPs&%ﬁamchm sulfate
*

0"

.6

« Balicylic gda

f.oo
&

History 3 i} D]
L)

Unnamed history

549.3 KB ¥ % e

9: Multivariate infor @& 4 %
mation.txt

7: Multivariate variab @ 4 x
leMetadata.tsv

6: Multivariate sampl @& 4 x
eMetadata.tsv

5: Multivariate dataM @ 4 %
atrix.tsv

4: Check Format infor @ 4* %
mation.txt

3: variableMetadata.ts @& 4 X
v

2: sampleMetadata.ts @& 4 X
v

1: dataMatrix.tsv @ & X

34



DiagnosticR2X Howmuchof the originalinertia is still
reflected by the model?

Total Explained Residual

41 e A b 141 fwees RRESE
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DiagnosticR2X Howmuchof the originalinertia is still
reflected by the model?

Total Explained Residual

41 e A b 141 fwees RRESE

1| R

w R2Xncreasewith the numberof components in thenodel

w For agivennumberof components, thénigherthe R2X the more
Inertiais capturedby the model (projection)

36



. Screeplot

w Checkthat the first components capturenostof the
variance

20
15

10

Variance explained (%)

Mount Yamnuska, Alberta. Wikipedia

1 3 5 7 9 1 13 15 17 19

Components

37



. Observation diagnostics

w Samplesvhichmaybiasthe PCAcomputation and/or
may not be faithfully visualizedoy the score plot

Observation diagnostics

" H209
N e e e e e e e e e e e e e e e === — ]
p-Anisi a *
o < |
e o
]
c H103
E w»
[ ‘_' —
=
© +
s < | .
=] -
0 = -
= A % .
o w .
[=—]
S +
2 (=]
[ [ T T T T
0.0 0.5 1.0 1.5 2.0 2.5

Score distance (SD)

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 38



http://dx.doi.org/10.1198/004017004000000563

Workflowdt

Dehydroepiandrosterone sulfate

Sensitivityto outliers

£
o
o
=]
1 - E 1 2 o © o
2 ° °
@
0 - § 0 <« —>p1
]
I 4]
9 &
-1 ¢ 2 -1 e o ©
8
o
e © 9 2 ©
2 - 5 24
Sn
£
@
a
-3 -3
#
| | | | | | | |
-1 0 1 2 -1 0 1 2
Acetaminophen glucuronide Acetaminophen glucuronide
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Wm

Numericalresults

Workflowdt

w Numericalresults(includingthe percentageof

explainedinertia) canbe viewedin the

"Information.txt" file

blomics Analyze Data

PCA ('swvd' algorithm)
Number of components: 8

Number of reference observations: 183 (1ee%)

Correlations between variables and components:

h1 h2 cor_hl cor_h2

Salicylic acid

-8
N-Acetylleucine 8.8815 NA 8.
Chenodeoxycholic acid isomer 8.8875 NA B
Pyridylacetylglycine 8.15a8 NA B
Dimethylguanosine 8.17a8 NA B
4-Acetamidobutanocic acid isomer 2 8.18@8 NA B
FMNH2 NA -8.17
Testosterone glucuronide NA -8.16
6-(carboxymethoxy)-hexanoic acid NA -B.16
Pyrocatechel sulfate NA B.22
Fumaric acid NA B.22
Pentose NA  B.24

Model overview:
R2X R2X({cum) Iter.
145 @.149
183 .252
Ba7 .319
843 .362
846 .da2
836 .438
835 .A473
.828 .581

h1
h2
h3
ha
hs
hé
h7
hg

a.
a.
a.
a.
a.
a.
a.
@

LRI~ s R R e i av]

Model summary:
R2X(cum) ncp nco
hg 8.5e1 2 a

.Be69 MA -8.

828
ees

.838
.508
678
.738

MA
MA
HA
HA
HA
HA

-8,
-8,
-8,
.72
.74
.79

MNA
MNA
MNA
MA
MA
MA
56
54
52

History - &0

Unnamed history

549.3 KB

9: Multivariate inf

mation.txt

8: Multivariate figur @ & %
e.pdf

7: Multivariate variab @& & %
leMetadata.tsv

6: Multivariate sampl @ & %
eMetadata.tsv

5: Multivariate dataM @ 4 %
atrix.tsv

4: Check Format infor @ 4* %
mation.txt

3: variableMetadata.ts @ 4 %
v

2: sampleMetadata.ts @ 4 %
v

1: dataMatrix.tsv @& | &S R

40
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Wm

Workflowdt

W

Score andoadingvalues

The scoreresp loading values of theselected

components have beeaddedascolumnsin the
sampleMetadatgresp variableMetadata files

olomics

sampleMetadata

HU_011
HU_014
HU_015
HU_017
HU_018
HU_019
HU_020
HU_021
HU_022
HU_023
HU_024
HU_025
HU_026
HU_027
HU_028
HU_029
HU_030
HU_031
HU_032
HU_033
HU_034
HU_035
HU_036
HU_037
HU_038
HU_039

Analyze Data

age
29
59
42
41
34
35
59
34
51
51
57
53
34
37
41
37
49
25
38
44
52
37
47
35
52
45

bmi
19.75
22.64
22.72
23.02
20.96
23.41
17.1
23.36
28.23
29,55
29.86
21.6
23.46
24,82
23,02
27.78
25.88
20.76
24.09
18.36
23.37
20,7
29.51
25.62
22,72
24.9

gender

T T TETTNMETMTHM T T 2T NMET TN T T TNME T T ETE

PCA_XSCOR-h1
-8.74400891504494
-1.86532133217634
-6.74648640072742
-4,23534187957954

1.59252091681441
-1.2535250688467
-5.47756634951485
1.08538964511728
-3.66836013881533
-4,66609702458129
-0.794642666784698
-2.2313493995232
-8.79694543308979
-7.0432093146523
-0.443606341382212
-4,50849252383876
0.60173477063632
0.209079981357257
2.3788535799504
1.87769511456898
-3.22008044172578
3.2801149214796
-2.47266540217536
-4.74331054976355
-8.90649077106328

PCA_XSCOR-h2
0.29249883857013
0.285366844636407
-0.561605063374045
-0.641487554413452
-2.89331923169429
0.200242710800258
-0.378911997626029
-4,94025884576605
5.14176542596851
-1.17204283780617
-1.22728974524632
-2.91021037882818
-0.000101601980933629
-1.70548152914905
-3.16113671135982
-1.54412237704366
-2.47896644698659
-1.36514244700848
2.08848500995035
2.57155836373107
2.86622150577896
-1.24975766384474
4.88240826458344
-2.89213123664626
7.54124509052761

[ Using 2%
History - &% 0
(%)

Unnamed history
549.3 KB ~ % e

9: Multivariate infor @ & %
mation.txt

8: Multivariate figur

e.pdf

7: Multivariate wvaria
leMetadata.tsv

6: Multivariate sam
eMetadata.tsv

5: Multivariate dataM @& 4 x
atrix.tsv

4: Check Format infor @& 4 X
mation.txt

3: variableMetadata.ts @& 4 x
v

2: sampleMetadata.ts @& & %
v

1: dataMatrix.tsv @ &R
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Wm Tuningthe parameters

Workflowdt

w Youcanrecallthe pagewith your parameters modify
them, and restart theanalysis

) History - &[0
Sample metadata file: [ 7]
2: sampleMetadata.tsv v [x]
sample x metadata, decimal: ., missing: NA, mode: character and numerical, sep: tabular
Unnamed history

Variable metadata file: [ &

: 549.3 KB ¥ % e
3: variableMetadata.tsv v
variable x metadata, decimal: ".', missing: NA, mode: character and numerical, sep: tabular 9: Multivariate inf * | %

¥ Response (for PLS(-DA) and OPLS(-DA) only):

8: Multivariate fi

gure.pdf

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

predictive components:

Notest 1) PCA and PLS{-DA): NA can be selected to get a suggestion of the optimal number of predictive

.\ . .\ . L. Image in pdf format
components; 2) OPLS(-DA) modeling: select 1 predictive component

Number of orthogonal components (for OPLS(-DA) only): 7: Multivariate var @ 4 X
o v iableMetadata.tsv
Motes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): MNA can be selected to get a suggestion 6: Multivariate sa @ & X
of the optimal number of orthogonal components mpleMetadata.tsv
Advanced graphical parameters: 5: Multivariate dat @ & x
Use default v aMatrix.tsv
Advanced computational parameters: 4: Check Format in @& 4 X%
Use def ¥ formation.txt
3: variableMetadat @& 4 %
a.tsv T
LY
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Wml Advancedparameters Staling

Workflowdt

w Variables areaneancenteredfor PCA

w By defaulttheyare alsounit-variancescaled

w absence of variancgcalingor changingo Paretoscalingcanbe
selectedin the advancedcomputationalparameters

omics Analyze Data

S
~ o~
Notes: 1) PCA: keep the default (none); 2) PLS(-DA) and OPLS(-DA): indicate the name of the column of the Ton, < &
sample table to be modeled
)

Number of predictive components:
3 v Unnamed history
Notes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive 549.3 KB ~ % e
components; 2) OPLS(-DA) modeling: select 1 predictive component
9: Multivariate inf @ 4 x
Number of orthogonal components (for OPLS(-DA) only): e

[a] v

Notes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion 8: Multivariate fi @ ¢ x

of the optimal number of orthogonal components ure.pdf

Advanced graphical parameters: 15-1 K8
grap p ’ format: pdf, database: 2
Use default v 1
ec % e
Advanced computational parame
R Image in pdf format
Full parameter list ¥

7: Multivariate var @ 4 X

Scaling: £
2 iableMetadata.tsv

mean-centering and unit-variance scaling 6: Multivariate sa @ & X
mpleMetadata.tsv

Permutation testing: Number of permutations:
5: Multivariate dat @ 4 X

[a] v
aMatrix.tsv

'0" means that no permutation testing will be performed
4: Check Format in @& 4 X

Log10 transformation:
formation.txt

no v

De wawizhlabMatradas . & aa
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Workflowdt

Wm| Advancedparameters Ellipses

w Indicatethe columnnameof sampleMetadatdo be used

3: variableMetadata.tsv v
variable x metadata, decimal: '.", missing: NA, mode: character and numerical, sep: tabular
Y Response (for PLS(-DA) and OPLS(-DA) only):

none
Notes: 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:

3 v
Notes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive
components; 2) OPLS(-DA) modeling: select 1 predictive component

Number of orthogonal components (for OPLS(-DA) only):

0 v

Notes: 1) PCA and PLS(-DA): keep th|
of the optimal number of orthogonal

Advanced graphical parameters:
Full parameter list ¥

Graphic:

It value (0); 2) OPLS(-DA): NA can be selected to get a suggestion
ents

1

X-score
Mahalanobis ellipses:

fata column with the classes to be used for drawing ellipses (for (O)PLS-DA:

indicate the same name as the 'Response' argument above); If you do not want ellipses, keep the default,
none

Sample colors:

none

t2 (10%)

Scores (PCA)

HU_173
HU_167
o _
v — 171
U053
c L
I‘I" |
M
e |
' F
[ [ [ [ [ [
-15 -10 -5 0 5 10 15
R2X
0.362 t1 (15%)
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orkflow4metabolomics

PARTIALLEASTISQUARESRESSION
(PLS ANID
DISGRININANANALY.SIGLSDA)

(o)



Wi PLEDA)modelling

w Powerfulregressiommethodwhen
3 N

w Complementaryto univariate hypothesistesting (where
variables argestedindependantly

w Riskof overfitting: 1.e., building a modeNhose
(apparently good performanceresultfrom chanceonly
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Workflow4metabok

n = 183 samples

Supervisedanalysis(i.e. with labels)

p = 110 (quantitative) variables

1,7-Dimethyluric acid

Dehydroepiandrosterone sulfate

1 response
bmi

HO11 19.8
H023 29.6
HO033 18.4
H042 19.8
HO052 20.1
H062 22.2
HO73 25.4
HO083 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

HO11 3.33 4.46
HO023 4.64 2.81
HO33 4.35 2.51
HO042 3.91 4.14
HO52 4.35 2.55
HO062 3.80 2.47
HO73 4.00 4.36
HO83 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
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Workflowdr

PLS/sPCA

49



. PLS/SPCA

w PLSncludesthe labelsinto the model
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Wml Selectionof PLEDA) as the type ofnalysis

Workflowdt

w Select the "Yesponsé to be modelled(columnof sampleMetadata

w columnof numbers(agg bmi): PLSegression
w columnof characterd'M'/'F', 'patient'/'control’): PLSDA classification

=~ Galaxy / 4 / Metabolomics Analyze Data  Workflov ”

4+ . —~
Jaek — Multivariate (version 2015-04-25) - EALSLODY <&@
search tools [x) Data matrix file: 3 Q
Upload File from your computer ! :__dataMatm(.tsv -  E E— ‘ . ) ) multivariate_example
R variable x sample, decimal: "', missing: NA, mode: numerical, sep: tabular 14 shown, 10 deleted
Sample metadata file: [ 7 11 MB % e
LC-MS 2: sampleMetadata.tsv v
Format Conversion sample x metadata, decimal: '.", missing: NA, mode: character and numerical, sep: tabular 14: Multivariate i @ ¢ x
- nformation.txt
Freprocessing : -
BEEDEGGESSIM Variable metadata file: 8 7
Normalisation 13: Multivariate fi @ 4 %

3: variableMetadata.tsv v

Quality Control qure.pdf

Statistical Analysis
Univariate Univariate statistics

acter and numerical, sep: tabular

12: Multivariate var @& 4 %

Y Response (for PLS(-DA) and OPLS(-DA) only): iableMetad
IableMetadata.tsv

bmi

Multivariate PCA, PLS and Motes: 1) PCA: keep the default (none): 2} PLS(-DA) an

PLS(-DA): indicate the name of the column of the sample table to be 11: Multivariate sa @ 4 %

OPLS T | mpleMetadata.tsv

Angva N-way anova. With ou Number of predictive components: 10: Multivariate dat @ 4 %
Without interactions NA v aMatrix.tsv

ACP ellipsoid by factors Notes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive components; 2) OPLS(- 9: Multivariate _inf @ 4 x

. _ § . DA) modeling: select 1 predictive component E
Hierarchical Clustering using ) d v P ormation.txt

::;etizj\;:kage for java- Number of orthogonal components (for OPLS(-DA) only): 8: Multivariate i =
o - ure.pdf
Heatmap Heatmap of the Notes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion of the optimal 15.1 KB
dataMatri number of orthogonal components .
aratiatx ¢ . format: pdf, database: ?
Annotation Advanced graphical parameters: -
. (i M ® e
Use default v
GENS Image in pdf format
Preprocessing Advanced computational parameters:
Normalisation Use default M 7: Multivariate vari @ & %
ableMetadata.tsv
Quality Control
Statistical Analysis 6: Multivariate sam @ & %
. pleMetadata.tsv
Annotation
o 5: Multivariate data @ 4 % - 51

NAAD

P © Author Etienne Thevenot (etienne.thevenot@cea.fr)
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Wm

Workflowdt

w A new componenh isaddedto the model If:
ZYcw
Z0OCO

Note: 0¢hd

-_ Galaxy / 4 / Metabolomics

1+

Tools [L

search tools (%)

Upload File from your computer
Export Data

LC-MS
Format Conversion
Preprocessing

Normalisation

Quality Control
Statistical Analysis
Annotation

GC-MS
Preprocessing
Normalisation
Quality Control
Statistical Analysis

Annotation

NMR
Preprocessing

p b

n(l O PE¥E p T

Automatic selectionof the number of components

p ——wherev YO "Y%estimated by crosgalidation

Analyze Data

Multivariate (version 2015-04-25) -~

Data matrix file: [

| 1: dataMatrix.tsv v
variable x sample, decimal: '.", missing: NA, mode: numerical, sep: tabular

Sample metadata file: ) 7

2: sampleMetadata.tsv v

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

3: variableMetadata.tsv v

variable x metadata, decimal: '.", missing: NA, mode: character and numerical, sep: tabular
Y Response (for PLS(-DA) and OPLS(-DA) only):

bmi
Notes: 1) PCA: keep the default (none); 2) PLS(-DA) and OPLS(-DA): indicate the name of the column of the sample table to be
el

Number of predictive components:

NA T

0 ; lected to get a suggestion of the optimal number of predictive components; 2)
OPLS(-DA) modeling: select 1 predictive component
Number of orthogonal components (for OPLS(-DA) only):
0 v
Notes: 1) PCA and PLS(-DA): keep the default value (0); 2) OPLS(-DA): NA can be selected to get a suggestion of the optimal

Using 2%

History 8 'Cl' D]
o

multivariate_example

14 shown, 10 deleted

1.3 MB ~ % ®

14: Multivariate in @ 4 %
formation.txt

13: Multivariate fi @ 4 x
gure.pdf

12: Multivariate var @ & X
iableMetadata.tsv

11: Multivariate sa @ & %
mpleMetadata.tsv

10: Multivariate dat @ & %
aMatrix.tsv

9: Multivariate inf @ 4 %
ormation.txt

8: Multivariate fig @ 4 S
ure.pdf 2
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Wm

Workflowdt

Graphicalresults

w permutation,overview outlier, and score plots

displayedas the default Gummary)

‘'summary'

Analyze Data

1.0

0.5

0.0

-0.5
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Using 2%

History < & [0
%)

multivariate_example

14 shown, 10 deleted

1.3 MB (AL L

29: Multivariate in @ 4 %
formation.txt

27: Multivariate var @ 4 %
iableMetadata.tsv

26: Multivariate sa @ 4 X%
mpleMetadata.tsv

25: Multivariate dat @ 4 %
aMatrix.tsv

14: Multivariate in @ 4 %
formation.txt

13: Multivariate fi @& 4 %
gure.pdf

12: Multivariate var @& 4 %
iableMetadata.tsv

11: Multivariate sa @& 4 %
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. Overfitting

w X:20x 2,000 matrix
of randomnumbers

¢ Uniform
distribution ]
between0 and 1

w Y: 20 x 1 matrix of
randomlabels

¢ O or1values

adpated from Wehrens (2011).
Chemometrics with R. Springer.

[20]

Y random X random

11 11 [2000]
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Score plot!

Scores (PLS)
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|

10

t2 (5%)
0

-10

=
@ -

-30 -20 -10 0
R2X  R2Y Qz2yY
0.106 1 0.152 t1 (5%)
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Wm| |mportance of diagnostics

Workflowdt

W PermUtat'On PR2Y = 0.16, pQ2 = 0.87 Observation diagnostics
testlng: comparing 2 ’ J - " ]
the R2Yand Q2Y . 8 "
values of the model| <7 - i
built with the true Y | | ; 2 j ¢ o | |

. S o R2
labelswith I —— ‘| T |m:|I S I e e : |
o H]ode|sbui|t 04 00 04 08 00 10 20 30
ﬁ >
Wlth random Similarity(y. Yperm) Score distance (SD)
perm UtatiOn Of Y Scores (PLS) Loadings
labels 5 _1
= 9 | = o
Szymansk&.,SaccentE.,SmildeA. and uN‘“)' o % ?f‘z ﬁ =
WesterhuisJ. (2012). Doubleheck: Tow s <
validation of diagnostic statistics fOLS - s15 3
DA models in metabolomics studies. = I — a— <
Metabolomics8:3-16. DOl
10.1007511306011-03303 -30 10 0 10 20 30 0.06 -0.02 002 0.06
R2¥ R2Y Q2Y RMSEE pre

0106 1 0152 t1(5%) 0002 2 p1 (5%) 6


http://dx.doi.org/10.1007/s11306-011-0330-3
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ml Riskof overfitting whenn <p

Workflowdt
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Significanceof the model

w Thealgorithmrandomlypermutatesthe o labels,buildsthe models
andcomputesthe'’Y¢ &Y ¢ ,®D ¢ @

n =183 samples

p = 110 (quantitative) variables

1,7-Dimethyluric acid

Dehydroepiandrosterone sulfate

1 response
bmi

HO11 19.8
H023 29.6
HO33 18.4
HO042 19.8
HO052 20.1
H062 22.2
HO73 254
HO083 29.8
H092 21.8
H103 26.8
H114 294
H124 22.2
H134 22.9
H145 29.1
H157 22.0
H168 20.8
H180 23.7
H189 194
H199 21.0
H209 21.5
Yrandom

HO11 3.33 4.46
HO023 4.64 2.81
HO33 4.35 2.51
HO042 3.91 4.14
HO52 4.35 2.55
HO062 3.80 2.47
HO73 4.00 4.36
HO83 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
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Significanceof the model

w Countingthe numberof Y ¢ (@and0 ¢ Ymetricsfrom random
modelswhichare superiorto the values of thérue modelgivesan
iIndication of thesignificanceof the PLSnodelling

pR2Y = 0.01, pQ2 = 0.01

1.0

)

0 _ /
Q &
R S
N
S .o
o *
0” A .
* # .
A k2
i B SR A . Q2
: T T T T T T T
-0.2 00 02 04 06 08 1.0

'Y¢ énd U ¢ @f the model
with the true 0 values
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Wml Dlagnosticmetrics

E T[ Y¢ @ p:percentageof Xinertiaexplainedoy the model
F1m YC ® p:percentageof Yinertiaexplainedoy the model

Emm 0c & p:estimation of thepredictiveperformance of the
model by croswvalidation

£ 'Y ¢ and’Y ¢ icreasewith the numberof componentsvhile
L ¢ 6eachesa maximum (due toverfitting):

Model rview
S - 60
h1 h2 h3 h4 h5
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Wml Numericalresults

Workflowdt

w Thedetailsof the'Y ¢ &Y ¢ ¢andd ¢ @alues are
storedin the 'information.txt" file

olomiessiyze pata w  Shared D Visualization v ) User Using 2%
Y: mean-centering and unit-variance scaling - . ~
History (& ﬁ ‘:D

PLS ('nipals' algorithm)
Number of predictive components: 3 (%)

multivariate_example

Number of reference observations: 183 (100%)
14 shown, 10 deleted

Correlations between variables and components: 51 MB ,
hl h2 cor_hl cor_h2

alpha-N-Phenylacetyl-glutamine -0.226 NA -0©.64 NA "

Phe-Tyr-Asp (and isomers) -6.220 NA -©.63 NA f tion.txt

Glucuronic acid and/or isomers -9.220 NA -8.62 NA formation.Ixt

Asp-Leu/Ile isomer 1 ©.e80 NA ©.22 NA S -

. . 38: Mult t f »
6-(carboxymethoxy)-hexanoic acid ©.097 NA ©8.27 NA ure udflvarla = | ® s X
Testosterone glucuronide 8.180 NA ©.58 NA gure.pdt
Acetaminophen glucuronide NA -6.893 NA -©.240 S A

. . . 37: Mult t *
p-Anisic acid NA -0.066 NA -8.180 ahleM‘;t;‘;:‘rt':tzv"a" @ s X
Malic acid NA -©.830 NA -8.078 =
p-Hydroxymandelic acid NA ©.200 NA ©.520 36: Multivariat .
1-Methyluric acid NA ©.200  NA ©.530 S

A p .
Porphobilinogen NA ©.200 NA ©.53@
35: Multivariate dat @ 4 %
Model overview: aMatrix.tsv
R2X R2X(cum) R2Y R2Y(cum) Q2 Q2(cum) Signif. Iter. = . a q
34: Mult t 4
hl ©.0984 ©.0984 ©.4791  ©.479 0.401 ©.40l RL 1 = ek
h2 ©.8861 8.1846 ©.1892 ©.668 0.256 ©.555 R1 1 -
h3 @.8%8e7 8.2752 ©8.6615 ©.736 0.065 ©.584 R1 1 33: Multivariate fi @ & X
Model summary: gure.pdf
R2X(cum) R2Y(cum 2(cum) RMSEE ncp nco - - 5
h3 é 27; (9 7; Q é 584)1 0. 262 FB) o 32: Multivariate vari @ 4 %
) ’ ’ ’ ableMetadata.tsv
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Scores|oadingsand VIPs

w The scorergesp. loadingand VIPs) of theelected
components have beeaddedascolumnsin the
sampleMetadatgresp variableMetadata files

msiLevel
2

| I e N e e i S O B R A T N |

hmdb

HMDB03099
HMDEBE10738
HMDBO1857
HMDB11103

HMDB0O0510
HMDB59709
HMDB0O0402
HMDB11723

HMDB59712
HMDBOO0440
HMDB13189
HMDBO0491
HMDB00459
HMDBO2441
HMDB01336

HMDB01982

Analyze Data

chemicalClass
Organi

AA-pep
AroHeP:Xenobi
AroHeP
AroHeP
AroHeP
AroHoM
AA-pep
AroHoM

Organi
AA-pep:AcyGly
Lipids

AroHoM
AroHoM
Carboh

Lipids
AA-pep:AcyGly
Lipids

AroHoM
AroHoM
AroHeP

Lipids

gender_PLSDA_XLOAD-h1
-0.0398502158539864
0.045506179215717
-0.0892685224945862
-0.0925960283984577
-0.0533869298019096
-0.105555888603966
-0.139031345364493
-0.123797451802098
-0.0859289153376191
-0.00500169475467362
-0.146406017195434
-0.00866480699319381
-0.0550063618628605
-0.0910480750747919
-0.00243590621997017
0.0464961899862177
-0.128640803025914
-0.0572183256960898
-0.0760295060324308
-0.137003034145239
-0.0287380299762852

gender_PLSDA_XLOAD-h2
-0.0118906818365882
0.189853829891156
0.200473082255006
0.166237293630931
0.166793890177945
0.129654344183481
0.0256580978838288
0.122573314497015
0.080533734055351
0.164041655306413
0.00205394318915884
0.117644113800042
0.0437260467146582
0.0263696450305611
0.0588028800259373
0.112804940847864
0.0765010378278105
0.113224239823584
0.0379713701648879
0.0383124974603868
0.179401841616721

gender_PLSDA_VIP
0.413402576648655
1.48654320826344
0.994358885831879
0.909198577023911
0.703482789417141
0.68032554007513
0.930587981757499
0.901219803935142
0.550144194269479
1.1135503438424
1.15042106154043
0.543551532664842
0.65956729426584
0.594653447171177
0.747217045999356
0.820925594575721
0.879948860811061
0.495244006648848
0.754733936526486
1.0070259405318
0.797138454685613

< &0

History

multivariate_example
29 shown, 10 deleted

2.1 MB ~¥ % ®

39: Multivariate in
formation.txt

@ & X

38: Multivariate fi
gure.pdf

37: Multivariate va
riableMetadata.tsv

36: Multivariate sa
mpleMetadata.tsv

35: Multivariate dat @]
aMatrix.tsv

34: Multivariate in @ 4 %
formation.txt
33: Multivariate fi @ 4 %

gure.pdf
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m Advancedparameters Graphics

w Severatypes ofgraphicsare available

C e.g, predict-train andpredict-test (the latterbeingavailable
onlyif the train/test partition has beeiselected

Predicted vs Actual (train)

HU_174 HU_14

HU| 148
RIS e 1023, | o

30

|
)

25

actual

‘predict-train’

20

predicted
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PLSDA

w Thetwo responsdevelsare encodedasnumbers

Qualitative

n = 183 samples

HO11
HO023
HO033
HO042
HO052
HO062
HO73
HO83
H092
H103
H114
H124
H134
H145
H157
H168
H180
H189
H199
H209

gender

T IIIII11EEn1Z

Quantitative

HU_017
HU_028
HU_034
HU_051
HU_060
HU_078
HU_091
HU_093
HU_099
HU_110
HU_130
HU_134
HU_138
HU_149
HU_152
HU_175
HU_178
HU_185
HU_204

HU_208
€

O

gender
0.5
0.5
-0.5
0.5
-0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
-0.5
-0.5
-0.5
-0.5
0.5
-0.5

P

Quantitative

HO11
HO023
HO33
HO042
HO052
HO062
HO73
HO083
H092
H103
H114
H124
H134
H145
H157
H168
H180
H189
H199

H209
v

B

gender
0.40
0.10
-0.61
0.39
-0.47
0.46
0.36
0.11
0.47
0.23
0.25
0.56
0.12
0.93
-0.19
-0.49
-0.20
0.00
0.54
0.05

<«m"O0

Qualitative

HO11
HO023
HO033
HO042
HO052
HO062
HO73
HO83
H092
H103
H114
H124
H134
H145
H157
H168
H180
H189
H199
H209

pred

EAEGEDE | 1 1 i | EEGEGEGEGEGEGEGEGETh | B | Bk

i 4 <
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PLSDA

w Automaticallyselectedwhenthe responsas qualitative (i.e. the

columnof sampleMetadataonly containscharacter$

plomics Analyze Data

Multivariate (version 2015-04-25) (ad

Data matrix file: [ )

1: dataMatrix.tsv | ¥
variable x sample, decimal: '.", missing: NA, mode: numerical, sep: tabular

Sample metadata file: O &

2: sampleMetadata.tsv | v
sample x metadata, decimal: ".", missing: NA, mode: character and numerical, sep: tabular
Variable metadata file: [ &

3: variableMetadata.tsv | »

variable x. metadata, decimal: . A madeschagacter and numerical, sep: tabular

Y Response (for PLS(-DA) and OPLS(-DA) only):

gender
BIP| S(-DA): indicate the name of the column of the sample table to be

modeled
Number of predictive components:

NA
Motes: 1) PCA and PLS(-DA): NA can be selected to get a suggestion of the optimal number of predictive components; 2) OPLS(-
DA) modeling: select 1 predictive component
Number of orthogonal components (for OPLS(-DA) only):
0 v

Matmms AV TOA AmdA DTS MAY Lane Fho Arfaole vnloa O 2V AMDEC MAY WA mnm b calackad Faomnk » comancbine of Pl amdioaa

/\ Warning: Usdalanceddatasets(similarproportions ofsamplesn

eachof the two classes)

< & @

History

multivariate_example

29 shown, 10 deleted

3.7 MB

74: Multivariate _in
formation.txt

73: Multivariate fi
gure.pdf

72: Multivariate var
iableMetadata.tsv

71: Multivariate sa
mpleMetadata.tsv

70: Multivariate dat
aMatrix.tsv

69: Multivariate in
formation.txt

68: Multivariate  fi
qure.pdf
19.3 KB

(%)
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