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‘ Metabonomics

Quantitative measurement of multivariate metabolic
responses of multicellular systems to pathophysiological
stimuli or genetic modification

J.K. Nicholson 1999




'NMR and complex mixtures
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'H NMR Spectrum of Untreated Human Urine



‘ Analytical Approaches
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CHEMOMETRIC ANALYSIS
(pattern recognition for classification, diagnostics & biomarker analysis)




Metabolites

Any organic molecule detectable in the body with a
MW < 1000 Da

Includes peptides, oligonucleotides, sugars,
nucelosides, organic acids, ketones, aldehydes,
amines, amino acids, lipids, steroids, alkaloids and
drugs (xenobiotics)

Includes mammalian & microbial products
Concentration > 1niv



‘What O0s t he DI ffer e
Metabonomics and Traditional Clinical
Chemistry?

Throughput

(more metabolites, greater accuracy,
higher speed)




Advantages

Measure multiple (100s to
once 1 no separation!!

Al l ows met aboli ¢c profil es
generated

Mostly automated, relatively little sample
preparation or derivatization

Can be quantitative (esp. NMR)
Analysis & results in ~15 min



‘ NMR versus MS
NMR

A

> > > >

Quantitative, fast

Requires no work up or
separation

Allows ID of 300+ cmpds at
once

Intact tissues
Robustnhess
Not sensitive

Needs MS or 2D NMR for
positive 1D

I\/IS

> >

> I>» >» >» I

i Very fast
Very sensitive

Allows analysis or ID of
3000+ cmpds at once

Not gquantitative

lon suppression

Requires work-up

Needs NMR for ID

Peak alignment of LC-MS




'NMR reproducibility

Plasma NMR

2 sample sets split into 2 aliquots each

1 measured

in Germany, 1 in Holland

Sample 8
repeated —

% | AMEC Statrics, veriom: Tue Dec 1L et 2007 | DL R LI (= i
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Bruker

Bruker BioSpin




NMR reproducibility

Urine samples Athens
Buffer A (PBS pH=7.4): original from Bruker with NaN,
Buffer B (PBS pH=7.4): local preparation
Urine:

¢ Sample 1-5 person E buffer A 1EAT 5EA
¢ Sample 1-5 person E buffer B 1EB T 5EB
¢ Sample 1-5 person S buffer A 1SAT 5SA
¢ Sample 1-5 person S buffer B 1SB 1T 5SB



'NMR reproducibility

Spectral data scaled on TSP
in-group variance mainly caused by variation urine/buffer mixing procedure

pc2

——————




NMR

reproducibility
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'NMR reproducibility

AMIX Statistic:
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Resulting 1D NOESY spectra of urine

M

Literature and
web databases

Highly complex
Contains tens or hundreds of
metabolites

Assignment cannot be
unambiguous without
additional tools

[ppm]



‘ Need for chemometrics

Ml AMIX Statistics, version: 3.8.1 A
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‘ Standard Procedure | .
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Application of NMR spectroscopy combined with principal component analysis in detecting inborn errors of metabolisaiiddspptsioA metabonomic

approach
M.A. Constantinou, E. Papakonstantinou, M. Spraul, K. Shulpis, M.A. Koupparis, E. Mikedgtica Chimica Acta511, 303312, 2004



Principal Component
Analysis
PCA

A multivariate statistical approach that

facilitates the identification of differences or
similarities between groups



Data preparation

Data talle A variablespace

[=r a0 B I L)

The whole table yields a swarm of point
in variable space var. 1




Preprocessing

ACeneringi move centre of point swarm to the variable origin

var. 3 .
[ ) o ®
i ® ° [ J [ )
@)
® [ )
i [ J [ )
[ ) i °
o var. 2

var. 1



PCA theod/step by step

The first principal component (PC,)

Is set to describe the largest variation in the data,
which is the same as the direction in which the
points spread most in the variable space

The Score value () for the pointi is the distance
from the projection of the point on the 1:st
component to the origin.

PC, hence is the first latent variable in a new
coordinate system that describes the variation
in the data.




MNMoAu-pcTaBAnT avaAuon dedopévwy TToAu-ypriyopa — 10 Trapadeiyua Tou Yeltsin

Introduction to multivariate methodology, an alternative way?
Olav H.J. ChristieChemometricsand Intelligent Laboratory Systems 29 (1995) 1777188
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PCA theod/step by step

The second principal component (PC,)
is set to describe the largest variation in the data,
Perpendicular (orthogonal) to the 1:st component




PCA theodystep by step

Atwo PCsmake gplare (window) in theK-dimensional
variablespaceThe points ar@rojected down onto the
planewhich is lifted outand viewed as a two dimensional
plot.

AThis is the scores plot

Asimilarities or differences between samples can now
be seen. .,:ﬂ

Aa correspondindoadingplot describes the variables | e

relationships L T
Aallows interpretation of the scores pigt showing
whichvariables are responsible for similarities and
differences between samples.

A, =data points;\, = projection



PCA
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Thel Loadings /Plots

described the variation in the variable direction i.e. similarity/ dissimilarity
X, between variables, and also explains the variation in scores.
The loading (p) describes the original variables importance for respective PC. This is the
same as the similarity in direction between the original variable and the PC.

________________________________

X

PC, | :

e < |

ot 5 |
sampiel i1~ X, R P2 ] | PC,

X . ' X :

® D !

= o - X 5

° P . 6= P X » ;

4 p2=1 erfecton of (4" X - i

' m/z,) N

The is described as the cosine of the

angle between the original variable and the PC. With p, , = cos () and p,. = cos (4.4

and g, ; —angte betweenaxe (rt,, m/z,) and PC1
and g, , : angle between axe (rt,, m/z,) and PC2



Thel Loadings/Plots

PC3 X2

PC1

PC1 | PC2 |PC3

X1 |pil |p12 |pi3

X2 | p21 | p22 |p23




PLSDA

Partial Least Squares or Projection to latent structure.

X2
s+ t(pca) >"‘2
" t(pls-da) Dicriminant space
u Y
}( Defining the known classes

Metabonomic space

X

Describes variation in NMR data

> X1 0

0

Ol nner relationd
A Maximising correlation between t and u

X3




PLS

PLS Partial Least Squares i Projections to Latent
Structures

MNMapéuoia apxry e PCA

Xpnoiyotrolobvral 500 Trivakeg eiocaywyng
Oedopévwy: évag X (6mmwg oto PCA) kai évagY
TTOU TTEPIEXE! TTOIOTIKEG METABANTEG OTTWG TT.X.

[coeet0e Oocoo0 000

BlOAOYlKn GTnTéKplan Class information can also be used to construct an

additional matrix, hereinafter called the Y matrix, consisting of
0 a)\y?pleuog HEYIOTO'ITOIEI TnV O'UHHETGBOM a discrete ‘dummy’ variable where [1]/[0] indicate the class
pETagl Twv X Kan Y. belonging.

Etrorreudpevn pé6odog > m.xX. 0 Xpriome
amodidel o€ opadeg i TTaparnpoelg 2>

KATAOKEUN} HOVTEAOU > Xprion WG HOVTEAOU
TpéBAeyng




PLSDA

Partial Least Squares or Projection to latent structure.
Partial least squares (PLS) is a method for construptedgjctive models when

the factors are many amighly collinear.

¥3
* X3 t U

* — |
/ X2
/
/ °
/
o ¥1

X1

Models boththe X & Y matrices simultaneously to find the latent
variables in xthat will predict the latent variables in Y the best.
These PLSComponents are similar to principal components and will
also be referred to as PCs.




PLS model OPLS model
x2“ 4 “ Comp l, tl x2u Comp 2, tzo‘

-

Comp 1. t1,

A geometrical illustration of the difference between the PLS-DA and OPLS-DA models. In the left panel, the PLS components
cannot separate the between-class variation from the within-class variation, and the resulting PLS component loadings mixes both
types of variations. In the right panel, the OPLS components are able to separate these two different variations. Component 1 (t1,) is
the predictive component and displays the between-class ([blue circles], [yellow squares]) variation of the samples. The corresponding

loading profile can be used for identifying variables important for the class separation. Component 2 (t2;) is the Y-orthogonal component
and models the within group (within-class) variation.




‘Metabonomics Applications

¢ Diagnosis
¢ Drug toxicity

¢ Phenotype variations
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NMR-based newborn screening

Targeted and non-targeted screening
method

R.A. Wevers (2007)

Includes théH NMR spectra of urine (mainly) from
82 IEM



