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New emerging field of “omics” research (which includes genomics, proteomics and
metabolomics) concerned with comprehensive characterization of the small molecule
metabolites present in biological systems.

Metabolomics

Omics & Systems Biology

Addendum: Definition of Metabonomics

• Measurement of the dynamic multiparametric metabolic response 
of living systems to pathophysiological stimuli or genetic 
modification (Nicholson, 1999)

– quantitative measurement of the time-related “total” metabolic 
response to pathophysiological (nutritional, xenobiotic, surgical 
or toxic) stimuli

• MetaboLomics - the picture, MetaboNomics – the movie

• Nowadays, everything is Metabolomics



Definition of Metabolome

• “...the complete set of 
metabolites/low-molecular-weight 

intermediates, which are context 
dependent, varying according to the 
physiology, developmental or 
pathological state of the cell, tissue, 
organ or organism…” (Oliver 2002)

• Origin: Endometabolome, Microbiome, 
Xenobiome, Nutribiome…

• Nature: Glycome, lipidome, 
sphingolipidome, peptidome…

• Metabolome ↔ Phenotype

Host 

What metabolomics can provide (I)

• Overview of the metabolic status and global biochemical events associated with a 
cellular or biological system. 

– Pathological situations without known mechanism, i.e. relationship between obesity 
and insulin resistance



What metabolomics can provide (II)

• Identification (proposal) of new biomarkers, important in the 

process of new drug discovery or as in vitro diagnostics tools. 

– For instance, new diagnostic biomarkers for aggressiveness 

in chronic lymphatic leukemia

What is metabolomics good for…..

• searching for metabolic differences between groups of samples (case vs control; 
before vs after treatment; One condition vs another)

• identifying compounds that are significant and proposing the mechanisms

• finding out information about the phenotype

• observing the effects of a treatment

• finding new drug targets

• a method to reveal the fate of a metabolite or drug

• a method for quantification

• the use of a simple kit to quantify a grouop of metabolites (it requires NMR, MS…)

• Possible without simultaneous comparison of samples

What is metabolomics NOT….



Definition of Metabolism

The complete group 
of (bio)chemical 
processes within an 
organelle, cell, 
tissue, organ or 
organism, essential 
for life

Analytical approaches in metabolomics



Three ways to do metabolomics

WORKFLOW 



• GC/MS: Small polar compounds

– Mainly water soluble (some hydrophobic)

– Sample treatment: Derivatization

– Fragmentation reproducible - databases

• NMR

– Water-soluble

– Virtually no sample treatment

– High LOD

• LC/MS

– from small to large (<1500 Da) medium to non-polar metabolites

• CE/MS: Small-medium polar compounds

– Amino acids, acylcarnitines, polyamines, etc.

– No derivatization

ANALYTICAL TECHNIQUES

MS Based analytical platforms in metabolomics
Analysis 
Technique 

Application Advantages Disadvantages 

GC‐MS Separation, 
identification, and 
quantification of 
volatile and thermally 
stable less polar 
metabolites.  

High chromatographic 
resolution, availability 
of large spectrum 
libraries for metabolites 
identification.  

Inability to analyze 
thermo‐labile and high 
molecular weight 
metabolites, the 
requirement of 
derivatization for non‐
volatile metabolites.  

LC‐MS Separation, 
identification, and 
quantification of very 
broad groups of 
metabolites, 
depending on the type 
of column and mobile 
phase.  
 

High sensitivity, large 
sample capacity, 
derivatization not 
required, ability to 
analyze thermo‐labile 
compounds.  

Limited availability of 
commercial libraries, 
restriction on LC eluents, 
matrix effect, limited 
potential in identification 
unless an MS‐MS 
technique is used. 

CE‐MS Separation, 
identification, and 
quantification of polar 
and ionized 
metabolites, using 
reduced sample 
volumes. 

High resolution and 
rapid analysis, utility for 
complex biological 
samples, even if in a 
small volume. 

Limited availability of 
commercial libraries. 
Buffer incompatibility, 
detection limits. Limited 
potential for 
identification unless an 
MS‐MS technique is used. 

 



Quality Control and Quality Assurance Procedure in 
Metabolomics

A: QCs (red dots) clustered together B: QCs spreaded

DATA TREATMENT IN METABOLOMICS: 
Signal Processing



• Gas chromatography coupled to mass spectrometry

• Gold standard

– Highly sensitive and reproducible

– Information: Quality and Quantity

– Spectrum libraries for identification purposes

– 10-20% of the known compounds can be analyzed by GC

• High metabolic relevance

ANALYTICAL TECHNIQUE: GC-MS

(a) 3D Data of GC/MS, (b) Extracted Ion chromatogram for the selected ion 
(c)   A single data point in time gives a single mass spectrum 
adapted from Chromatography today

Deconvolution
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a) Before and b) After the deconvolution process 
adapted from  https://www.agilent.com/cs/library/Support/Documents/f05017.pdf



Deconvolution in LC-ESI-MS and CE-ESI-MS

• Peak-based methods

• Molecular Feature Extractor (Agilent) considers the accuracy of the mass 
measurements to group related ions by charge-state envelope, isotopic 
distribution, and possible chemical relationships when determining whether 
different ions are from the same metabolic feature. 

• It can consider also related ions like adducts: proton, sodium, potassium and 
ammonia adducts in positive ionization or loss of a proton, adducts with formate, 
etc. in negative ionization mode. 

After Deconvolution 

a) Total Ion Chromatogram 
b) Chromatograms from every single compound obtained after deconvolution



Chromatogram or features list? 

Data preprocesing
• Alignment

– Peak shifts are observed across the RT axis 
– Two groups: 

• data are aligned before peak detection
• peak-based alignment methods: detected spectral peaks are aligned across 

samples. 
• softwares:

– MetaboAnalyst (metaboanalyst.ca)
– mzmine and mzmine2 (http://mzmine.sourceforge.net/) 
– metAlign
– BinBase (fiehnlab.ucdavis.edu) 
– xcms and xcms2 (Scripps) 
– metaXCMS (Scripps)
– XCMS Online (Scripps) 

• Missing values

– Problems in further analysis
– Different strategies

• Replace by the half of the minimum, by mean/median, k-nearest neighbour (KNN), 
probabilistic PCA (PPCA), Bayesian PCA (BPCA) method, Singular Value Decomposition 
(SVD) …

• Filtering

– Variables of very small values - detected using mean or median
– Variables that are near-constant - detected using standard deviation (SD)
– Variables that show low repeatability - measured using QC sample



Data pretreatment

• Normalization

– Sample‐specific normalization (i.e. weight, volume)

– Normalization by sum or median

– Normalization by reference sample

– Normalization by a pooled sample from group control

– Normalization by reference feature

– Quantile normalization

• Data transformation

– Log transformation

– Cube root transformation

• Data scaling

– Mean centering

– Auto scaling (mean‐centered and 

divided by the standard deviation 

of each variable)

– Pareto scaling (mean‐centered 

and divided by the square root of 

standard deviation of each 

variable)

– Range scaling (mean‐centered 

and divided by the range of each 

variable)

AIMS to:

o detect differences between sample groups at the chemical level
o rank compounds by relative importance for sample differentiation

o dependent variable: represents the output 
or effect, or is tested to see if there is effect, 
e.g.: abundance of metabolite

o independent variable: represents the inputs 
or causes, or are tested to see if they are the 
causes, e.g.: treatment conditions within the 
experiment

VARIABLES

Statistics for Metabolomics

o Univariate analysis UVA: 
o Normal distribution: Student’s t-Test, ANOVA, 
o Non-normal distribution: Mann-Whitney U-Test, Kruskal-Wallis

o Multivariate analysis MVA: PCA, PLS-DA, OPLSDA

TYPES



o used as a tool in exploratory data 
analysis

o each dot graphically represents each 
sample measured

o the algorithm has no knowledge of the 
group associations of the samples –
unsupervised analysis

o first principal component explains most 
of the variance 

o compound loadings indicate the impact 
of that compound on the analysis 

o each dot is the sum of the compound 
loadings for a sample

o the tightness of the clustering reflects 
the variance of the samples

PCA

an algorithm using past data to predict the 
results of future observations

• the algorithm has knowledge of the 
group associations of the samples –
supervised analysis

• common algorithms

– Partial Least Squares 
Discriminate Analysis (PLS-DA)

– Support Vector Machine

– Decision Tree

– Naïve Bayes

– Neural Network

an algorithm using past data to predict the 
results of future observations

Class prediction



a statistical method that bears some relation to principal components analysis (PCA) but 
is a supervised analysis 

o creates a linear regression model by projecting the predicted and observable variables to a new 
space

o well suited when there are more predictors (compounds) than observations (samples)

o each compound has a t-score that represents its impact on the prediction

o a prediction confidence value is assigned when the model is run

Partial Least Square - Discriminant Analysis 
Projection on Latent Structures - Discriminant Analysis 

Class prediction: PLS-DA

:Univariate and Multivariate Statistical Analysis



assesses accuracy of prediction rule that is built and provides an indication of over-
fitting models:

o all samples in the training set except one is used to build the prediction rule
o using this rule, the class of sample that was left out is predicted
o the sample is returned to the training set while a different sample is left out and the prediction 

rule is built with remaining samples
o this process is repeated until each sample in training set has been predicted exactly once
o the number of correct and incorrect predictions is then tallied to determine the success rate 

1. samples in the training set are randomly divided into N equals subsets, maintaining relative 
classes frequency

2. N-1 subsets are then combined for training and the remaining set is used for testing 
3. repeat step 2 step with each group left out in turn
4. repeat step 1, 2, 3 M times
5. each sample gets  predicted M times and majority class predicted over these M times is 

reported in validation results

leave one out

N - fold

Class prediction: Validate the model

Identification



DATABASE CLASIFICATIONS

• Based on Spectral input

– Mainly small molecules and not only metabolites

– NMR 

– MS or MS/MS 

• Based on compound information 

– Compound name, structures, physical properties, identification

• Based on Metabolic pathway database

– Metabolites, xenobiotics, proteins, signal pathways 

• Complete Metabolomic database

– A combination of the previous ones

Database List in 2018

Name URL Name URL

ARALIP
http://aralip.plantbiology.msu.edu/pathways/pat
hways KEGG http://prime.psc.riken.jp/?action=metabolites_index

AtIPD http://www.atipd.ethz.ch/ KEGG Glycan http://www.genome.jp/kegg/glycan/
BiGG http://bigg.ucsd.edu/ KNApSAcK  http://prime.psc.riken.jp/?action=metabolites_index
BioCyc http://biocyc.org/ LipidMaps http://www.lipidmaps.org/
BioNumbers http://bionumbers.hms.harvard.edu/ MarkerDB http://www.markerdb.ca/users/sign_in
BML‐NMR http://www.bml‐nmr.org/ MassBank http://www.massbank.jp/
BioMagResBank http://www.bmrb.wisc.edu/metabolomics/ MetaboAnalyst http://www.metaboanalyst.ca/MetaboAnalyst/
BMDB http://www.cowmetdb.ca/cgi‐bin/browse.cgi MetaboLights http://www.ebi.ac.uk/metabolights/index

ChEBI http://www.ebi.ac.uk/chebi/ MetaCrop
http://metacrop.ipk‐
gatersleben.de/apex/f?p=269:111:

ChEMBL https://www.ebi.ac.uk/chembl/about# MetaCyc http://metacyc.org/
ChEBI http://www.ebi.ac.uk/chebi/ METAGENE http://www.metagene.de/program/a.prg
ChemMine http://chemminedb.ucr.edu/ METLIN https://metlin.scripps.edu/index.php
ChemSpider http://www.chemspider.com/ MMCD http://mmcd.nmrfam.wisc.edu/

CCD
http://ccd.chemnetbase.com/intro/index.jsp#abo
ut mzCloud https://mzcloud.org/

CSF Metabolome Database  http://www.csfmetabolome.ca/ OMIM  http://www.ncbi.nlm.nih.gov/omim/
CyberCell Database  http://ccdb.wishartlab.com/CCDB/ OMMBID http://ommbid.mhmedical.com/
DrugBank http://www.drugbank.ca/ Oryzabase http://www.shigen.nig.ac.jp/rice/oryzabase/
ECMDB http://www.ecmdb.ca/ PepBank http://pepbank.mgh.harvard.edu/
ExPaSy Pathways http://web.expasy.org/pathways/ PharmGKB http://www.pharmgkb.org/

Fiehn GC‐MS Database
http://fiehnlab.ucdavis.edu/Metabolite‐Library‐
2007/ PMN http://www.plantcyc.org/

FooDB http://www.foodb.ca PubChem http://pubchem.ncbi.nlm.nih.gov/
GMDB http://gmd.mpimp‐golm.mpg.de/ Reactome http://www.reactome.org/
HMDB http://metabolomics.pharm.uconn.edu/iimdb/ RiceCyc http://pathway.gramene.org/gramene/ricecyc.shtml

HumanCyc http://www.genome.jp/kegg/
Serum Metabolome 
Database http://www.serummetabolome.ca/

IIDMB http://www.genome.jp/kegg/glycan/ SetupX & BinBase http://fiehnlab.ucdavis.edu/projects/binbase_setupx



• Devoted to metabolite annotation.
• Performs searches over unified compounds 

from different sources.
• Apply knowledge based on the input data 

given by the user.
• Aid to identify oxidized lipids.
• http://ceumass.eps.uspceu.es/mediator
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Confirmation by Standard addition

From Lists to Pathways

 

Compound  

Retention  
Time  
(min)  

Conc. in  
Urine 
(µM)  Compound  

Retention  
Time  
(min)  

Conc. in  
Urine 
(µM)  

Dns-o-phospho -L-serine  0.92  <D.L. * Dns-Ile 6.35  25 

Dns-o-phospho -L-tyrosine  0.95  <D.L.  Dns-3-aminosalicylic  acid  6.44  0.5  

Dns-adnosine monophosphate  0.99  <D.L.  Dns-pipecolic acid  6.50  0.5  

Dns-o-phosphoethanolamine  1.06  16 Dns-Leu  6.54  54 
Dns-glucosamine  1.06  22 Dns-cystathionine  6.54  0.3  
Dns-o-phospho -L-threonine  1.09  <D.L.  Dns-Leu -Pro 6.60  0.4  

Dns-6-dimet hylamine purine  1.20  <D.L.  Dns-5-hydroxylysine  6.65  1.6  

Dns-3-methyl -histidine  1.22  80 Dns-Cystine  6.73  160  

Dns-taurine  1.25  834  Dns-N-norleucine  6.81  0.1  
Dns-carnosine  1.34  28 Dns-5-hydroxydopamine  7.17  <D.L.  
Dns-Arg  1.53  36 Dns-dimethylamine  7.33  293  

Dns-Asn  1.55  133  Dns-5-HIAA  7.46  18 

Dns-hypotaurine  1.58  10 Dns-umbelliferone  7.47  1.9  

Dns-homocarnosine  1.61  3.9  Dns-2,3 -diaminoproprionic acid  7.63  <D.L.  

Dns-guanidine  1.62  <D.L.  Dns-L-ornithine  7.70  15 
Dns-Gln  1.72  633  Dns-4-acetyamidophenol  7.73  51 

Dns-allantoin  1.83  3.8  Dns-procaine  7.73  8.9  

Dns-L-citrulline  1.87  2.9  Dns-homocystine  7.76  3.3  

Dns-1 (or 3 -)-methylhistamine  1.94  1.9  Dns-acetaminophen  7.97  82 
Dns-adenosine  2.06  2.6  Dns-Phe-Phe 8.03  0.4  
Dns-methylguanidine  2.20  <D.L.  Dns-5-methyo xysalicylic acid  8.04  2.1  

Dns-Ser 2.24  511  Dns-Lys 8.16  184  

Dns-aspartic acid amide  2.44  26 Dns-aniline  8.17  <D.L.  

Dns-4-hydroxy -proline  2.56  2.3  Dns-leu -Phe 8.22  0.3  
Dns-Glu  2.57  21 Dns-His 8.35  1550  
Dns-Asp  2.60  90 Dns-4-thialysine  8.37  <D.L.  
Dns-Thr 3.03  157  Dns-benzylamine  8.38  <D.L.  

Dns-epinephrine  3.05  <D.L.  Dns-1-ephedrine  8.50  0.6  

Dns-ethanolamine  3.11  471  Dns-tryptamine  8.63  0.4  

Dns-aminoadipic acid  3.17  70 Dns-pyrydoxamine  8.94  <D.L.  
Dns-Gly 3.43  2510  Dns-2-methyl -benzylamine  9.24  <D.L.  
Dns-Ala  3.88  593  Dns-5-hydroxytrptophan  9.25  0.12  

Dns-aminolevulinic acid  3.97  30 Dns-1,3 -diaminopropane  9.44  0.23  

Dns-r-amino-butyric acid  3.98  4.6  Dns-putrescine  9.60  0.5  

Dns-p-amino -hippuric acid  3.98  2.9  Dns-1,2 -diaminopropane  9.66  0.1  
Dns-5-hydroxymethyluricil  4.58  1.9  Dns-tyrosinamide  9.79  29 
Dns-tryptophanamide  4.70  5.5  Dns-dopamine  10.08  140  

Dns-isoguanine  4.75  <D.L.  Dns-cadaverine  10.08  0.08  

Dns-5-aminopentanoic acid  4.79  1.6  Dns-histamine  10.19  0.4  

Dns-sarcosine  4.81  7.2  Dns-3-methoxy -tyramine  10.19  9.2  
Dns-3-amino -isobutyrate  4.81  85 Dns-Tyr  10.28  321  
Dns-2-aminobutyric acid  4.91  17 Dns-cysteamine  10.44  <D.L.  

metabolomics



• Rich source of biological data that relates metabolites to 
genes, proteins, diseases, signaling events and processes

• Provide various tools to permit visualization and 
gene/metabolite mapping

• Often cover multiple species

• KEGG (www.genome.jp/kegg/), BioCyc/MetaCyc
(https://biocyc.org/), SMPDB (www.smpdb.ca), Reactome
(www.reactome.org), WikiPathways
(http://www.wikipathways.org)...

• “Strictly speaking, one could argue that pathways don't 
exist... there are only networks.” (WikiPathways.org)

Pathway Databases

KEGG – Kyoto Encyclopedia of Genes and 
Genomes

http://www.genome.jp/kegg/



The Metabolite Set Enrichment Analysis MSEA approach

Start with a compound List



Concentration Comparison

Quantitative Enrichment Analysis



RESULT

Metaboanalyst
Metabolic Pathway Analysis (MetPA)

• Purpose: to extend and enhance metabolite set enrichment analysis for 
pathways by 

– Considering the structures of pathway 

– Dynamic pathway visualization

• Currently supports ~1500 pathways covering 17 organisms (based on KEGG)



PRACTICAL SESSION. VISUALS_1

PRACTICAL SESSION. VISUALS_2

Raw data 
window



PRACTICAL SESSION. VISUALS_3

PRACTICAL SESSION. VISUALS_4



PRACTICAL SESSION. VISUALS_5

 

sampleName  class  polarity  sampleType  batch  injectionOrder  diet 

QC  one  positive  pool  B1  1  NA 

C1  one  positive  sample  B1  7  C 

HC3  one  positive  sample  B1  10  HC 

BL  one  positive  blank  B1  12  NA 

...  …  …  …  …  …  … 

PRACTICAL SESSION. VISUALS_6



PRACTICAL SESSION. VISUALS_7

PRACTICAL SESSION. VISUALS_8



PRACTICAL SESSION. VISUALS_9

PRACTICAL SESSION. VISUALS_10

Independent peak lists

Group ions by m/z

Group ions by RT

Resulting 
matrix



PRACTICAL SESSION. VISUALS_11

PRACTICAL SESSION. VISUALS_12

Grouping peaks in mass bin: 337.975 – 338.225 m/z (mzwid) 

Grouping peaks in mass bin: 337.975 – 338.225 m/z (mzwid) 



Grouping peaks in mass bin: 337.975 – 338.225 m/z (mzwid) 

4 samples in each 
group

PRACTICAL SESSION. VISUALS_13

Group.dataMatrix.ts
v

Group.variableMetadata.
tsv

Group.Rpl
ots.pdf

PRACTICAL SESSION. VISUALS_14



PRACTICAL SESSION. VISUALS_15

PRACTICAL SESSION. VISUALS_16



A group 
step

PRACTICAL SESSION VISUALS_17

A group 
step

PRACTICAL SESSION. VISUALS_18



variableMeta
data.tsv

dataM
atrix.tsv

PRACTICAL SESSION. VISUALS_19

Exported 
data matrix

PRACTICAL SESSION. VISUALS_20
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