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Metabolites do not exist in 1solation
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Metabolites do not exist in isolation
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Metabolites do not exist in isolation

O

e Cellular metabolism organized around large network
of enzyme-catalyzed and spontaneous chemical
reactions

e Reactions involve set of diverse metabolites which
function together to control materials for cell
maintenance and growth, signaling molecules and
waste products

e Metabolites need to be analyzed in this context; as
components of a much larger network




Metabolites do not exist in isolation
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 Cellular metabolism organized around large network
of enzyme-catalyzed and spontaneous chemical
reactions

e Reactions involve set of diverse metabolites which
function together to control materials for cell
maintenance and growth, signaling molecules and
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Metabolic pathways do not exist in isolation
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Metabolic pathways do not exist in isolation
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METABOLOMIC NETWORK:
Complete set of metabolic and physical processes determining
physiological and biochemical properties of a cell.

» chemical reactions of metabolism

* metabolic pathways
regulatory interactions




Most Disorders Involve Dysregulation of Multiple
Pathways
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Primary Congenital Glaucoma
-Idiopathic irreversible childhood blinding disorder

-Optic nerve suffers damage in a characteristic

manner with optic nerve cupping and retinal

ganghon cell death o
Tryptophan Metabolism ’ ,
Steroid Hormone Biosynthesis [ L
Metabolism of Xenobiotics by
Cytochrome P450




Most Disorders Involve Dysregulation of Multiple
Pathways
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Metabolic Networks
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THE APPLICATION OF NETWORK MEDICINE TO METABOLOMICS DATASETS




Network

» Networks are data dependent

» Biological pathways are
predefined units based on

human knowledge

Biological Pathway
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Networks versus Pathways
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A network module can exist
within a pathway or between
several pathways

A pathway or several
pathways can exist within a
network
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A pathway or several
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A network module can exist
within a pathway or between
several pathways

A pathway or several
pathways can exist within a
network
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Networks versus Pathways
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Not All Metabolites are Created Equal
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Metabolites Can Appear in Multiple Pathways
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Metabolites Can Appear in Multiple Pathways
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Metabolites Can Appear in Multiple Pathways
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Topology

O

e Importance of a metabolite based on its position within a
pathway

 Principals of network methodology can be applied to
topology analysis

Node Importance

> Hubs
» Nodes that are highly connected

> Bottlenecks
» Nodes on many shortest paths between other nodes
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Topology

O

e Importance of a metabolite based on its position within a
pathway

e Principals of network methodology can be applied to topology
analysis

Graph theory

- Degree centrality measures the number of links that connect to a node
within a pathway;

~ Closeness centrality measures the overall distance from a given node
to all other nodes in a pathway;

- Betweeness centrality measures the number of shortest paths from
all nodes to all the others that pass through a given node within a
pathway.




Graph Theory
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connected)
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High-degree
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Graph Theory
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Metabolomic networks are Scale-free
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Metabolomic networks are Scale-free

Other types of .
O-glycan biosynthesis
Glycan Biosynthesis DicaYShesis
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« Small number of very highly connected and central HUB metabolites

» Majority of metabolites have only a few connections with other
metabolites




Integrative omics

O

THE APPLICATION OF NETWORK MEDICINE TO METABOLOMICS DATASETS




The Metabolome does not exist in isolation

O




The Metabolome does not exist in isolation

O

“The Central Dogma”
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The Metabolome does not exist in 1solation

O

Dietary, Environmental and other
factors

Epigenome

Meth

Modulation of
epigenetic
landscape

Iation

Common
exogenous Regulation of
factors/ transcription
common
genetic factors/

alterations of
Tra nscrlptome

signal
transduction RNA

cascades

Transcription of
enzyme
encoding genes

Metabolorr-e




Networks can incorporate
multiple ‘omic’ levels
including the epigenome,
genome transcriptome,
proteome, microbiome and

metabolome



A Word of Caution

O

» Not all ‘omes’ are the same
Dimensionality
Scale
Technique
Coverage
Normalization and QC procedures
» Must be treated differently and differences accounted for in
analyses




Integrative Strategies

O

A / Conceptual Integration Statistical Integratiom ﬁnodel-based Integrati%

Data - Data - Pre-existing
£ S Data Data 3 5
omics 7 omics 2 IR ,. e D mathematical

or computational

- ' ‘ ‘ model of the system
s ;e P
&S
‘ ‘ Search for statistical
Explanation associations

Cavill et al. Brief Bioinform (2016) 17 (5): 891-901.




Integrative Strategies

O

Statistical lntegration\

Data Data
omvics 7 omics 2

__4

/ﬁ.‘)ataset concatenation-based integratio

Metabolomics ‘ ‘ Transcriptomics
Combined
C Muitivariate-based integration \ D Pathway-based integration
Metabolomics Transcriptomics - yi’!z
Ilmbolomics Tmnscrlmomlcs pm.y‘
- Significantly
Scom plot I.oadlngs plot altered

Cavill et al. Brief Bioinform (2016) 17 (5): 891-901.




Analysing Metabolic Networks

O

THE APPLICATION OF NETWORK MEDICINE TO METABOLOMICS DATASETS




Defining Aims
O

To identify
metabolomic
biomarkers




Defining Aims

O

To
understand
underlying

biology




Analytical Challenges

O




Y 0
~equal proportion of
highly characterized
epzym.es/ m(.)derate AL T
biological evidence

confidence scores
and gene coverage

Colors represent the percentage of reactions within a
pathway that have a confidence score of:

3 - biochemical or genetic evidence
sl 2 - physiological data or evidence from a nonhuman
T eyt = mammalian cell
extensive primary 1 - modeling evidence

literature available O - unevaluated

Duarte et al. Global reconstruction of the human metabolic network based on
genomic and bibliomic data’roc Natl Acad Soi S A o007 Feb 6 a0al6) 1180,



http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/

Methods

O

THE APPLICATION OF NETWORK MEDICINE TO METABOLOMICS DATASETS




Weighted Gene Co-expression Network Analysis

Module preservation analysis

Clustering Methodologies
Bayes Nets
Structural Equation Modelling

Metbolomic Reconstruction



Network Methods

O
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WGCNA
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WGCNA

Clustering of module sigenmetabalites
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Determining how the properties of a network module
change across conditions/systems/groups

Network analysis is conducted independently in the two
datasets

Identify consensus modules preserved across networks
in the two datasets

Identify modules that differ across networks in the two
datasets



WGCNA Preservation Analysis

Metabolomic Profiles of
two different lung cell

types in control donors
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Clustering Methodologies
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Clustering metabolites




Clustering Methodologies

Clustering metabolites Clustering people




Clustering Methodologies

Metabolomic Profiles of
245 children from the
Vitamin D Antenatal
Asthma Reduction Trial:
713 metabolites

Blighe K. et al under revision



o Children segregated into o
three clusters based on P TTT I T ITTT TS I T

metabolomic profile %
H% Moderate vitamin D levels in
mothers and children

18.78% cohort

o Clusters mirrored vitamin
D status in the children
and their mothers

Cluster group 2 Cluster group 1

38.37% cohort

Cluster group 3

42.86% cohort

» Cluster formation driven
by inflammatory
metabolites
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Integrative Bayes Nets ‘Pipeline’

O

Input Relationships

485,534 CpG sites @
5 mRNA Metabolite 3
47,009 expression probes Sred Laval 64 Metabolites
SNP Metabolite
400,741 markers

' Output Relationships

conditional

Gaussian i ) Asthma
. Predictor
N Bayesian \ Control
Phenotype network y ;
Asthma
Control

Integrative

Omics

Over = r
represen- | Asthma
. ‘ Control

tation

analysis

McGeachie M. et al. Immunity, Inflammation and Disease; 2015




Machine learning technique

Generates network model using the Bayesian conditional
1nd%pendence between metabolites, SNPs, CpG sites and mRNA
probes

Starts with emEty network then adds edges sequentially based on
posterior likelihood

Builds a network that maximizes the cross-validated Area Under
the Curve to predict asthma control

For details see:


http://www.cgbayesnets.com/
http://www.cgbayesnets.com/

Integrated Bayesian Network

O

» Integrated Bayesian network
predicts uncontrolled
asthma: AUC 95%

* Sphingosine-1-phosphate
(S1P) identified as a crucial
network hub

« Implicates altered metabolic
pathways, related to
sphingolipid metabolism

» Provides insight into the
pathophysiology of asthma
control.

McGeachie M. et al. Immunity, Inflammation and Disease; 2015
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Combination of factor analysis and multiple
regression analysis

Allows exploration of relationships between multiple
independent, and multiple dependent variables

Allows inclusion of both directly observable variables
and latent constructs of unobservable relationships

Results can be used to construct causal pathways



Structural Equation Modelling

Metabolomic Profiles of
245 children from the

‘ “ Vitamin D Antenatal

Asthma Reduction Trial:
=13 metabolites

Chawes, Kelly et al under preparation



Structural Equation Modelling

Metabolomic Profiles of
245 children from the

‘ “ Vitamin D Antenatal

Asthma Reduction Trial:

Chawes, Kelly et al under preparation



Structural Equation Modelling

Metabolomic Profiles of
245 children from the

‘ ‘ Vitamin D Antenatal
j Asthma Reduction Trial:

=13 metabolites

Chawes, Kelly et al under preparation



Structural Equation Modelling

O

Metabolomic Profiles of

245 children from the
Vitamin D Antenatal Ha
Asthma Reduction Trial: gt .
=13 metabolites H L M etab Ollte
S T)J‘I:JH
- i
CHa

/ Vit D levels

Mg L AP Offspring
Matemal' ey e asthma risk
Intervention vy A
Genotype IKZF3 ZPBP2 GSDMB ORMDL3

~
— - <

Chawes, Kelly et al under preparation
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Statistical versus Biological Networks
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Integrative Strategies

O

A / Conceptual Integration Statistical Integration \ ﬁnodel-based Integratio\

Data f =
- 2. Data re-e fon(,'
onm 7 mathe fn’)f ~al

or compute 1': >rnal
/nuc!e:/ of the system

7

Refinement
of the model

Insight into

Inechanisms‘/

Transcriptomics

= Combined

Analysis
/ C Muiltivariate-based integration \ / D Pathway-based integration \

Metabolomics ‘ Transcriptomics - - %

Metabolomics Transcriptomics Pathways
Significantly
Scom plot Loadlngs plot altered
A - /

Cavill et al. Brief Bioinform (2016) 17 (5): 891-901.




Breaks down metabolic pathways into respective reactions
and enzymes, and analyzes them within perspective of
entire network

Utilizes biochemical studies and existing literature

Provides in-depth insight into molecular mechanisms of a
’ cell

Correlates the genome to enzymatic activity

Converts metabolic network into a mathematical model
that can be utilized in systems biology

Metabolic reconstructions of >30 organisms published to
date



Context-based approach for High-throughput data analysis
Increasing predictive power for metabolic behavior

Overlaying omics data onto networks to visualize the
effects of perturbations

Construction of tissue-specific models of metabolism
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THE RECONSTRUCTION PROCESS
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THE RECONSTRUCTION PROCESS

experts
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THE RECONSTRUCTION PROCESS

Stage 3: Converting

Network to a
mathematical model
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THE RECONSTRUCTION PROCESS
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THE RECONSTRUCTION PROCESS
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Metabolomic Reconstrcution

A community-driven global reconstruction of human
metabolism

Ines Thiele, Neil Swainston, Ronan M T Fleming, Andreas Hoppe, Swagatika Sahoo, Maike
K Aurich, Hulda Haraldsdottir, Monica L Mo, Ottar Rolfsson, Miranda D Stobbe, Stefan G
Thorleifsson, Rasmus Agren, Christian Bolling, Sergio Bordel, Arvind K Chavali, Paul
Dobson, Warwick B Dunn, Lukas Endler, David Hala, Michael Hucka, Duncan Hull, Daniel
Jameson, Neema Jamshidi, Jon J Jonsson, Nick Juty + et al.
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Nature Biotechnology 31, 419-425 (2013) | doi:10.1038/nbt.2488
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Nature Protocols 5, 93 - 121 (2010)
Published online: 7 January 2010 | doi:10.1038/nprot.2009.203
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organisms

A protocol for generating a high-quality
genome-scale metabolic reconstruction

Ines Thieled< & Bernhard @ Palssond

March 04,2013 | By Catherine Hockmuth

International Consortium Builds ‘Google
Map’ of Human Metabolism

https://vmh.uni.lu

BiGG Models

Search the database by model, reaction, metabolite, or gene

Latest update Version 1.3: Introducing the {CHO model

View Models View Metabolites View Reactions




Integrated analysis of gene expression and
metabolomic data

O

Glycolysis
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Gastric bypass patients before surgery and 1 year
afterward

Expression measurements visualized on human
metabolic maps

Reactions color-coded based on gene expression
changes

» Green: down-regulated

= Red: up-regulated

»= White: no data available

Observed general trend of up-regulated anaerobic
metabolism and down-regulated oxidative
phosphorylation after surgery

Genes in glycolysis, pentose phosphate pathway,
and oxidative phosphorylation showing consistent
overall patterns of expression change

Duarte et al. Global reconstruction of the human
metabolic network based on genomic and bibliomic
dataProc Natl Acad Sci U S A. 2007 Feb 6; 104(6): 1777—1782.



http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1794290/

Most tools optimized in humans
Limited options for other organisms

No agreed standards in the field

Better and standardized pathway annotation is
needed

Complex and time consuming
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Additional tools for omic data analysis and integration

Pathway Enrichment Analyses

IMPALA
iPEAP

Integrated pathway-level analysis: gene or protein expression and metabolomics data
Integrated pathway-level analysis: transcriptomics, proteomics, metabolomics, and GWAS data
Java-based desktop software (http://www.tongji.edu.cn/~qiliu/ipeap.html)

MetaboAnalyst Integrated pathway-level analysis: gene expression and metabolomics data

web-based application (http://www.metaboanalyst.ca)

Biological network analyses

MetaMapR

MetScape

Grinn

Calculate biochemical reaction, structural similarity, mass spectral similarity, and correlation-based networks
R package (http://dgrapov.github.io/MetaMapR)

Gene, enzyme, and metabolite networks analysis with emphasis on metabolic pathways

Cytoscape plugin (http://metscape.ncibi.org)

Integrated neo4j graph-database supporting reconstruction metabolite-protein-gene-pathway

R package (https://github.com/kwanjeeraw/grinn)

Empirical correlation analysis

WGCNA
MixOmic
DiffCorr
qgpgraph

huge

Integrated analysis of correlation and network topology

R package (http://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/Rpackages/WGCNA)
Variety of multivariate analysis and visualization methods

R package (http://mixomics.qfab.org)

Compare changes in correlation patterns between two experimental conditions

R package (http://cran.r-project.org/web/packages/DiffCorr/index.html)

Estimation of partial correlation and q-order partial correlation

R package (http://www.bioconductor.org/packages/release/bioc/html/qpgraph.html)

Fast computation for high-dimensional data using lasso estimate of the inverse covariance matrix
R package (https://cran.r-project.org/web/packages/huge/index.html)



Metabolite mapping

il f] PathwWhiz=
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02 : g Painting omics data

& @ @ @ in biological pathways

T e -
P T '
athos - S,
A metabolomics tool from Glasgow Polyomics - 2
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Pathwhiz
(smpdb.ca/pathwhiz)

MetaMapp
(imdevsoftware.wordpress.com/ta
g/metamapp/)

PaintOMICS
(www.paintomics.org/cgi-
bin/main2.cgi)

Pathos
(motif.gla.ac.uk/Pathos/)

MassTRIX
(omictools.com/masstrix-tool)

STITCH (http://stitch.embl.de/)

Commercial tools including Ingenuity Systems Inc. also available



https://imdevsoftware.wordpress.com/tag/metamapp/
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https://omictools.com/masstrix-tool
http://stitch.embl.de/
http://stitch.embl.de/
http://motif.gla.ac.uk/Pathos/
http://motif.gla.ac.uk/Pathos/
http://smpdb.ca/pathwhiz
http://smpdb.ca/pathwhiz

Summary
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Network Medicine in Metabolomics

O

e Metabolites should be contextualized within reactions and pathways and

networks and a multiomic system
e The role and position of a metabolite within this system is crucial

 Statistical integration is the most common way to explore metabolites

and their networks
e Multiple network methods available

e Constrained by limitations; metabolomic network reconstruction is the

gold standard but is rare

e Network methods are likely to form an increasing proportion of the

literature




Thank you!
O



mailto:jessica.su@channing.harvard.edu
mailto:hprke@channing.harvard.edu

	Slide 1: Network Medicine Approaches for the Analysis of Metabolomic Data
	Slide 2: The Application of Network Medicine to Metabolomics Datasets
	Slide 3: The Metabolome
	Slide 4: Metabolomics
	Slide 5: Metabolites do not exist in isolation
	Slide 6: Metabolites do not exist in isolation
	Slide 7: Metabolites do not exist in isolation
	Slide 8: Metabolites do not exist in isolation
	Slide 9: Metabolites do not exist in isolation
	Slide 10: Metabolic pathways do not exist in isolation
	Slide 11: Metabolic pathways do not exist in isolation
	Slide 12: Most Disorders Involve Dysregulation of Multiple Pathways
	Slide 13: Most Disorders Involve Dysregulation of Multiple Pathways
	Slide 14: Metabolic Networks 
	Slide 15: Networks versus Pathways
	Slide 16: Networks versus Pathways
	Slide 17: Networks versus Pathways
	Slide 18: Networks versus Pathways
	Slide 19: Networks versus Pathways
	Slide 20: Networks versus Pathways
	Slide 21: Networks versus Pathways
	Slide 22: Networks versus Pathways
	Slide 23: Not All Metabolites are Created Equal
	Slide 24: Not All Metabolites are Created Equal
	Slide 25: Metabolites Can Appear in Multiple Pathways
	Slide 26: Metabolites Can Appear in Multiple Pathways
	Slide 27: Metabolites Can Appear in Multiple Pathways
	Slide 28: Topology
	Slide 29: Node Importance
	Slide 30: Node Importance
	Slide 31: Node Importance
	Slide 32: Topology
	Slide 33: Graph Theory
	Slide 34: Graph Theory
	Slide 35: Metabolomic networks are Scale-free
	Slide 36: Metabolomic networks are Scale-free
	Slide 37: Integrative omics
	Slide 38: The Metabolome does not exist in isolation
	Slide 39: The Metabolome does not exist in isolation
	Slide 40: The Metabolome does not exist in isolation
	Slide 41: Pathways versus Networks
	Slide 42:  A Word of Caution
	Slide 43:  Integrative Strategies
	Slide 44:  Integrative Strategies
	Slide 45: Analysing Metabolic Networks 
	Slide 46: Defining Aims
	Slide 47: Defining Aims
	Slide 48: Analytical Challenges
	Slide 49: Human Metabolic landscape knowledge: Confidence scores
	Slide 50: Methods
	Slide 51: Network Methods
	Slide 52: Network Methods
	Slide 53: WGCNA
	Slide 54: WGCNA
	Slide 55: WGCNA
	Slide 56: WGCNA
	Slide 57: WGCNA
	Slide 58: WGCNA
	Slide 59: WGCNA
	Slide 60: WGCNA
	Slide 61: WGCNA
	Slide 62: WGCNA
	Slide 63: WGCNA
	Slide 64
	Slide 65: Network Methods
	Slide 66: WGCNA Preservation Analysis
	Slide 67: WGCNA Preservation Analysis
	Slide 68: WGCNA Preservation Analysis
	Slide 69: WGCNA Preservation Analysis
	Slide 70: WGCNA
	Slide 71: Network Methods
	Slide 72: Clustering Methodologies
	Slide 73: Clustering Methodologies
	Slide 74: Clustering Methodologies
	Slide 75: Clustering Methodologies
	Slide 76: Network Methods
	Slide 77: Integrative Bayes Nets ‘Pipeline’
	Slide 78: Conditional Gaussian Bayesian network
	Slide 79: Integrated Bayesian Network
	Slide 80: Network Methods
	Slide 81: Structural Equation Modelling
	Slide 82: Structural Equation Modelling
	Slide 83: Structural Equation Modelling
	Slide 84: Structural Equation Modelling
	Slide 85: Structural Equation Modelling
	Slide 86: Network Methods
	Slide 87:  Statistical versus Biological Networks
	Slide 88:  Integrative Strategies
	Slide 89: Metabolic Network Reconstruction
	Slide 90: Uses of Metabolic Network Reconstruction:  Omics Data Analysis 
	Slide 91: THE RECONSTRUCTION PROCESS
	Slide 92: THE RECONSTRUCTION PROCESS
	Slide 93: THE RECONSTRUCTION PROCESS
	Slide 94: THE RECONSTRUCTION PROCESS
	Slide 95: THE RECONSTRUCTION PROCESS
	Slide 96: THE RECONSTRUCTION PROCESS
	Slide 97: Metabolomic Reconstrcution
	Slide 98: Integrated analysis of gene expression and metabolomic data
	Slide 99: A Word of Caution
	Slide 100: Online Tools
	Slide 101: Additional tools for omic data analysis and integration
	Slide 102: Metabolite mapping
	Slide 103: Summary
	Slide 104: Network Medicine in Metabolomics
	Slide 105: Thank you!

