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The statistical step of the full workflow
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Work

n =20 samples

(column from sampleMetadata)

Data

1 factor of interest
(quantitative or qualitative)

p = 30 variables
(quantitative)

1,7-Dimethyluric acid

Dehydroepiandrosterone sulfate

bmi
HO11 19.8
H023 29.6
HO033 18.4
HO042 19.8
HO052 20.1
HO062 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

y

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

X

(dataMatrix [transpose])




V\;m The statistical workflow

e Format your data

— dataMatrix, sampleMetadata, and variableMetadata .tsv files

e Explore your data

— detect outliers

— detect clusters of samples e Filter your data

— discard outliers
— select features of interest

e Perform your analyses

— univariate hypothesis testing
— multivariate modeling
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Exploratory data analysis

e Visualize your dataMatrix

e Detect potential clusters of samples

e Detect potential sample outliers

=>To be performed before any statistical analysis
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Wm Other tools for unsupervised analysis

e Principal Component Analysis

Multivariate

e Clustering

Hierarchical Clustering




4 . . . . Univariate
Wm| Univariate hypothesis testing

e Each variable of the dataMatrix is independently tested
against the factor of interest (column of sampleMetadata)

e Resulting p-values are corrected for multiple testing

e 3 x 2 tests available depending on whether:

— the factor of interest is quantiative or qualitative (with
2 levels or more)

— the test is parametric or not
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Wm| Multivariate modelling with PLS

e Building a model using the whole dataMatrix to predict
the response of interest (column of sampleMetadata)

e 2 x 2 types of models depending on whether:

— the response is quantitative (PLS regression) or qualitative (PLS-
DA classification)

— the variation orthogonal to the response is modelled separately
(OPLS and OPLS-DA)

e Diagnostics to avoid overfitting

e Graphics and Variable Importance in Projection (VIP)



. Summary

e Prepare your data  (Mélanie Pétéra)
(dataMatrix, sampleMetadata, and variableMetadata .tsv files) Hedall{/@=oIdpL: !

e Explore your data JeNENVAVEIIIES (Etienne Thévenot)

if required: log transform your data
if required: discard outlier samples or variables Kell=aoRaIi=s

Hierarchical Clustering
Featman.

. . Univariate
e Perform univariate tests -

e Perform Supervised analysis W ISIIVEIHEWEE (Etienne Thévenot)

(regression and classification by PLS)

e Perform unsupervised analysis

(Marie Tremblay-Franco)




wml demo_workflow_statistics

Workf]

Check Format x
Data matrix file
Sample metadata file

Varizble metadata
file

information |
Input dataset

output

Input dataset *® EXpIOratory
e Data Analysis  piscard outliers

Input dataset ®
P Quality Metrics »

— (if required)

Data matrix file

Sample metadata file Generic_Filter *®

Varizhle metzdzta file Data Matrix file U . - t t t
sampleMetadata_out (tabular) Sample metadata file nlvarla e eS S
warizbleMetadata_out [tabular) Varizhle metzdatz file Univarizte p
figure (pdf) dataMatrix_out (tabular) Data matrix file

information (txt) sampleMetadata_sut (tabular) Sample metadats file

varizbleMetadztz_out [tzbular) Warizble metadata file

aISO: varizbleMetadatz_out [tabular]
ACP, information [t=t) PLS mode”lng
hierarchical Mukivarite »

clustering, also: e Select features

h eatm ap A N OVA Variable metadata file Generic_Filter ®

dataMatrix_sut (tabular) Data Matrix file
sampleMatadzta_out (tabular) Sample metadats file
varizbleMetadata_out (tabular) Warizhle metadats file
figure (pdf) dataMatrix_out (tabular)

infarmation (txt) sampleMetadata_out (tabular)

variableMetadata_out (tabular)
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APPENDIX

Wm

orkflow4metabolomics

11



Wml Statistical tools and R dependencies

e Univariate hypothesis testing (0, 0)

e Univariate t.test, wilcox.testaov, krukal.test cor.test
e Anova (N-way) manova

e Multivariate modeling
— Unsupervised (ﬁ)

e ACP FactoMineR
e Hierarchical Clustering ctc
e Heatmap hclust

— Supervised (1, 0)
e Multivariate (PCA, PLS and OPLS) ropls
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