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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



Biomarker identification




Cell-wise outliers
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Outlier diagnostics
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Cell-wise rPLR (1)

Steps:

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

O Projection to original space



Computing log-ratios

Data

® Data matrix X with dimensions n x D

Based on idea of robust variation matrix

® Matrix T, elements tj, for j,k =1,...,D

te=o[n(2)n(22) ()]
X1k X2k Xnk

® where o is estimation of scale

® There are in total w possible log-ratios

e Each In() will be robustly centred + scaled and will get a
weight



Computing log-ratios

X1j X2j Xnj
e=o [ ()0 (). (2]
X1k X2k Xnk

Three dimentional weight matrix

o All weights can be stored in the three dimensional matrices
W(’), with D rows, D columns and n; slices

® |nformation about observations is in certain slices

® |nformation about cells in rows of slices



Projection to original dimentions

Diagnostics

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

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

® Or Median
mjj = me?ian (Wjki) (3)



Projection to original dimensions

Weight matrix
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Applying weighting function

Weighting functions:

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

® Hampel function
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Diagnostics example: Mean

Imputed outliers

Identified outliers




Diagnostics example:

Imputed outliers

Median

Identified outliers




Sampies

Real dataset MCADD

¢ MCADD (Medium chain acyl-CoA dehydrogenase deficiency)
® n =25 ny=25 D =273

MCAD diagnostics
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Biomarkers

iable for one group.

Iers In one var

Biomarkers = Cell-wise outl
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Cell-wise outliers

Threashold:

Weighting function:
Hampel

Aggregation:
Hedian

Sorting:

By Number bigger than zero

Sort according ¢

Filename.

Download Plot
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R-implementation
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Summary

Summary

® |ntroduction cell-wise outlier identification

® Possible use as a biomarker identification method

Limitations

® Computationally demanding in higher dimensions

Advantages

® Robust method

e Works also for highly unbalanced groups
® Easy to implement and apply:
® https://github.com/walachja/Cell-Wise_rPLR


https://github.com/walachja/Cell-Wise_rPLR
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Real dataset

150+
100

—

"

Var2

_k_F_“_-_

——o——-i-

50
o

LSz

_v0-Sd0 sz

i %0e

_¥0-5d0 407

LT

_¥O-Sd0 st

_adi%ar

Y0540 %01

s

_v0-STd0 %45

i sz

_v0-Sd0 %4z

L0z

_v0-5d0 %07

LT

_¥0-S1d0 st

_adisor

LS

_v0-STd0 %45

g
g

500~

1500~

400~

300~
200-

anjen

s00-

ﬁ_ﬁ_—_ﬁ_I_g

100

u,—

ol

_naiwse

_v0-51d0 5457

a0z

_¥0-51d0 8607

_ana st

V0-STd0 sesT

@

¥0-5740 5601

nains

V-S40 545

LSz

_v0-S1d0 sz

a0

_¥0-51d0 5607

@St

VO-S1d0 sesT

_anansior

V0-5740 5601

s

V-S40 545

Var2

¢



	Introduction
	Outlier Diagnostics
	Description

	Method
	Method description
	Example

	Real Example
	MCADD

	Summary

