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Metabonomics 

Quantitative measurement of multivariate metabolic 

responses of multicellular systems to pathophysiological 

stimuli or genetic modification 

 

J.K. Nicholson 1999 



1H NMR Spectrum of Untreated Human Urine  

NMR and complex mixtures 



CHEMOMETRIC ANALYSIS 

(pattern recognition for classification, diagnostics & biomarker analysis) 

Analytical Approaches 

NMR 

MS 



Metabolites 

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

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

Â Includes mammalian & microbial products 

Â Concentration > 1mM 



Whatõs the Difference Between 

Metabonomics and Traditional Clinical 

Chemistry? 

Throughput 

 
(more metabolites, greater accuracy, 

higher speed) 



Advantages 

ÂMeasure multiple (10ôs to 100ôs) of metabolites at 
once ï no separation!! 

ÂAllows metabolic profiles or ñfingerprintsò to be 
generated 

Â Mostly automated, relatively little sample 
preparation or derivatization 

Â Can be quantitative (esp. NMR) 

Â Analysis & results in ~15 min 

 



NMR versus MS 

NMR 
Â Quantitative, fast 

Â Requires no work up or 

separation 

Â Allows ID of 300+ cmpds at 

once 

Â Intact tissues 

Â Robustness 

Â Not sensitive 

Â Needs MS or 2D NMR for 

positive ID 

MS 
Â Very fast 

Â Very sensitive 

Â Allows analysis or ID of 
3000+ cmpds at once 

Â Not quantitative 

Â Ion suppression 

Â Requires work-up 

Â Needs NMR for ID 

Â Peak alignment of LC-MS 



NMR reproducibility 



Urine samples Athens 

Â Buffer A (PBS pH=7.4):  original from Bruker with NaN3 

Â Buffer B (PBS pH=7.4): local preparation 

 

Â Urine:   

Ç Sample 1-5 person E buffer A 1EA ï 5EA 

Ç Sample 1-5 person E buffer B 1EB ï 5EB 

Ç Sample 1-5 person S buffer A 1SA ï 5SA 

Ç Sample 1-5 person S buffer B 1SB ï 5SB 

NMR reproducibility 



Spectral data scaled on TSP  

in-group variance mainly caused by variation urine/buffer mixing procedure 

NMR reproducibility 



NMR reproducibility 



NMR reproducibility 



Resulting 1D NOESY spectra of urine 

600 MHz 1D NOESY spectrum of urine 

Urine spectra: 
Highly complex 
Contains tens or hundreds of 
metabolites 
 
Assignment cannot be 
unambiguous without 
additional tools 

Assignment  process 
Literature and  
web databases (HMDB) 



Need for chemometrics 



DSS
DSS

DSS
DSS

Measure the metabolite profile 

gain mechanistic insight 

PKU 

MSUD 

normal 

Application of NMR spectroscopy combined with principal component analysis in detecting inborn errors of metabolism using blood spots. A metabonomic 

approach 

M.A. Constantinou, E. Papakonstantinou, M. Spraul, K. Shulpis, M.A. Koupparis, E. Mikros Analytica Chimica Acta, 511, 303-312, 2004 

statistical analysis 

classification 

Standard Procedure 



Principal Component 

Analysis 

PCA 

 

   A multivariate statistical approach that  

facilitates the identification of differences or  

similarities between groups 



var. 3 

var. 1 

var. 2 

Single object in 

variable space 

Data table Ą variable space 

The whole table yields a swarm of points 

in variable space var. 1 

var. 2 

var. 3 

Data preparation 



ÅCentering ï move centre of point swarm to the variable origin 

mean 

var. 1 

var. 2 

var. 3 

Pre-processing 



var. 1 (i) 

var. 2 

var. 3 

ti1 

PC1 (t1pô1) 

The first principal component (PC1) 

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 (ti1) for the point i is the distance  

from the projection of the point on the 1:st 

component to the origin. 

 

PC1 hence is the first latent variable in a new 

coordinate system that describes the variation  

in the data.  

PCA theory ð step by step 



ȺŬɜ ɛɘŬ ŭɘŬŭɘəŬůɑŬ 

ŮˊɖɟɟŮɎɕŮɘ ɏɜŬ ůɨůŰɖɛŬ 

ŭɖɛɘɞɡɟɔŮɑ ɛɘŬ ŭɞɛɐ ůŰŬ 

ŭŮŭɞɛɏɜŬ əŬɘ... ȷɜŰɑůŰɟɞűŬ 
.́ɢ. Ŭɜ ɡˊɎɟɢŮɘ ɛɘŬ ŬůɗɏɜŮɘŬ 

ŰɧŰŮ ŭɖɛɘɞɡɟɔŮɑ ɛɘŬ ŭɞɛɐ 

ŭŮŭɞɛɏɜɤɜ ůŰɞɡɠ 

ɛŮŰŬɓɞɚɑŰŮɠ 

Introduction to multivariate methodology, an alternative way? 

Olav H.J. Christie, Chemometrics and Intelligent Laboratory Systems 29 (1995) 1777188 

ȼ ŮˊɏɛɓŬůɖ Űɖɠ ŬůŰɡɜɞɛɑŬɠ 

ŭɖɛɘɞɡɟɔɖůŮ ɟɞɐ ůŰɖɜ 

əŬŰŮɨɗɡɜůɖ Űɤɜ ɗŮŬŰɩɜ 











var. 1 

var. 2 

var. 3 

PC1 

PC2 

(i) 

ti1 ti2 

The second principal component (PC2) 

is set to describe the largest variation in the data,  

Perpendicular (orthogonal) to the 1:st component 

PCA theory ð step by step 



x2 

x3 

x1 

PC1 

PC2 

Â, =̧data points; Â,  ̧= projection 

 
ÅTwo PCs make a plane (window) in the K-dimensional 

variable space. The points are projected down onto the 

plane which is lifted out and viewed as a two dimensional 

plot.   

ÅThis is the scores plot  

Åsimilarities or differences between samples can now 

be seen. 

 

ÅA corresponding loading plot describes the variables 

relationships 

Åallows interpretation of the scores plot by showing 

which variables are responsible for similarities and 

differences between samples.  

PCA theory ð step by step 



PCA 



Loading (p):  described the variation in the variable direction i.e. similarity/ dissimilarity  

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. 

The loading (p) is described as the cosine of the 

angle between the original variable and the PC. 

 

PC2 

PC1 

Projection of (rtx, 

m/zx) 

px,1 

px,2 
X1 sample i q1,2 

q2,2 

PC2 

 

p = cos q 

ä pi
2 = 1 

X2 

With px,1 = cos (qx,1) and px,2 = cos (qx,2)  

and qx,1 : angle between axe (rtx, m/zx) and PC1 

and qx,2 : angle between axe (rtx, m/zx) and PC2 

ti1 

ti =  pj xi,j  

The Loadings Plots 



The Loadings Plots 
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t(pls-da)  

Metabonomic space 

X 
Describes variation in NMR data 

 

Dicriminant space 

Y 
Defining the known classes 

óInner relationô 
Maximising correlation between t and u 

Partial Least Squares or Projection to latent structure. 

PLS-DA 





Models both the X & Y matrices simultaneously to find the latent 

variables in x that will predict the latent variables in Y the best. 

These PLS-Components are similar to principal components and will 

also be referred to as PCs. 

Partial Least Squares or Projection to latent structure. 

Partial least squares (PLS) is a method for constructing predictive models when 

the factors are many and highly collinear. 

PLS-DA 





Metabonomics   Applications 

 

 

Ç Diagnosis 

 

Ç Drug toxicity 

 

Ç Phenotype variations 



Inborn Errors of Metabolism (IEM) 

NMR-based newborn screening 

 

Targeted and non-targeted screening 

method 

R.A. Wevers (2007) 
 
Includes the 1H NMR spectra of urine (mainly) from 
82 IEM 


