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Background

Data

Focus on metabolomics data

Two groups (e.g. control/disease patients)

Usually low number of observations

Flat data: many variables

Goal

Clustering/Classification

Exploratory analysis

Identification of non-standard samples/values

Find informative variables
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Modeling and Analysis of Compositional Data. Chichester: Wiley,
2015.



Size-effect

Size-effect

e Problem: "Size effect”
e Different sample volume and/or sample concentration

e Special treatment required
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V2

Size-effect: Use of log-ratios
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The use of log-ratio methodology in cell-wise outlier diagnostics

Peter J. Rousseeuw, Wannes Van Den Bossche. " Detecting
deviating data cells.” Technometrics 60.2 (2018): 135-145.
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Samples

Outlier diagnostics

Row-wise outliers Cell-wise outliers

[
| T
N N N S A |
} [ |
N S S O | |
- -
| |
I
I |
||
| | |
I S S I N
|
0
2 |
=%
£
« |
%] ||
[ |
NN S S N | I
-
||
|
F |
| |
| I
N S S O F
}
|

--=

Variables Variables




Cell-wise rPLR (1)

Method:
Cell-wise rPLR

Steps:

@ Computing log-ratios
® Robust centering + scaling
© Applying weighting function

O Projection to original space



Computing log-ratios

Data

e Data matrix X with dimensions n x D

Based on idea of robust variation matrix

e Matrix T, elements ty, for j,k=1,...,D
X1 Xoj Xnj
tjx = var [In <1J>,In <2J>,...,In <"J>}, (1)
X1k X2k Xnk

e where var denotes a variance

e Elements inside var () will be robustly centred + scaled and

each will get a weight

e There are in total w possible log-ratios



Computing log-ratios

X1j X2j Xnj
tix = var [In (J) ,In <J> R (nj)} ,
X1k X2k Xnk

Three-way weight matrix
e All weights can be stored in the three-way matrices W, with
D rows, D columns and n slices
e [nformation about observations is in certain slices

e Information about cells in rows of slices



Projection to original dimensions

Weight matrix
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Projection to original dimensions

Diagnostics

o Average of all weights for each observation and each involved
variable,

1 D
mj =5 > Wi (2)
k=1

e Or Median
mjj = me?ian (Wjki) (3)



Applying weighting function

Weighting functions:

e 7 function
e Tukey's biweight function
e Huber function

e Hampel function
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Cell-wise outliers
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Imputed outliers

Diagnostics example: 7

Identified outliers




Diagnostics example: Hampel
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Sampies

Metabolomic dataset MCADD

e MCADD (Medium chain acyl-CoA dehydrogenase deficiency)
o n1:25, n2:25, D =273

MCAD diagnostics
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Hampel

Biomarkers
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Biomarker ranking

e Let's consider two group problem with ni, ny samples

e For each variable j:
Vj = ]median,-:l7_..7,,1 mj — median,-:lw’,,zm,-j] (4)

e Permutation test can be used in order to set a cut-off values



Metabolomic dataset
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Cell-wise outliers

Threashold:
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