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Human disease risk is highly dependent upon cumulative lifelong
exposures: Defined by Wild (2005) as the Exposome

10-20% of
disease risk
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Proportion of cancer deaths attributed to
various environmental factors (Doll and Peto)

Infection 10% (?) Unknown 2%

Geophysical 3%

Medical Treatments 1%
Consumer Products <1% Tobacco 30%
Pollution 2%
Occupational 4%

Sexual Behavior 7%

Food Additives <1%
Alcohol 3%

Epidemiology of multimorbidity and implications for health @+§
care, research, and medical education: a cross-sectional study

Karen Barnett, Stewart W Mercer, Michael Norbury, Graham Watt, Sally Wyke, Bruce Guthrie
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Figure 1: Number of chronic disorders by age-group
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Epidemiology of multimorbidity and implications for health @+k
care, research, and medical education: a cross-sectional study

Karen Barnett, Stewart W Mercer, Michae Norbury, Graham Watt, Sally Wyke, Bruce Guthrie

Summary
Background Long-term disorders are the main challenge facing health-care systems worldwide, but health systems are  Lancer 2012 380 43
largely configured for individual diseases rather than multimorbidity. We ined the distribution of multimorbidi

and of comorbidity of physical and mental health disorders, in relation to age and socioeconomic deprivation.
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Figure 4: Selected comorbidities in people with four commeon, important disorders in the most affluent and
most deprived deciles
COPD=chronic obstructive pulmonary disease. TIA=transient ischaemic attack

Alternate Workflows

Targeted Metabolomics

Select analytic target to
test hypothesis

{

Select and test analytic
method

!

Perform power calculation;
design experiment

¥
Conduct experiment
¥

Analyze samples and perform
statistical analysis

g -resolution metabolomi

Pose scientific question (with or
without hypothesis)

l

Select relevant samples

{
Analyze samples by high-
resolution MS with advanced data
extraction algorithms

{
Use bioinformatic methods and
database tools to obtain significant
metabolites and pathways

i

Perform MS/MS and co-elution

\ studies to verify metabolites/
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Nutritional and Environmental Metabolomics

Core nutritional metabolome contains about 2,000 chemicals
Exposome

’ Current Metabolomic capabilities: >20,000 “metabolites” in plasma or urine }

40 Essential nutrients and about
2000 metabolites formed by

[ Core Nutritional Metabolome]
enzymes encoded by the genome

Food
metabolome

[ Non-nutritive Chemicals in Diet]

LMicrobiome-reIated Chemicalsj

[Supplements and Pharmaceuticals]

[ Commercial Products ]

(Environmental Chemicals j

Jones et al Annu Rev Nutr 2012

Nutritional and Environmental Metabolomics
What are the other 18,000 chemicals?

Exposome

E Current Metabolomic capabilities: >20,000 “metabolites” in plasma or urine }

40 Essential nutrients and about

[ Core Nutritional MetabolomeJ 2000 metabolites formed by

Food
metabolome enzymes encoded by the genome
[ Non-nutritive Chemicals in Diet] Plant metabolome >200,000 chemicals
; . . Largely uncharacterized (may be 10-
Microbiome-related Chemicals 40% of plasma metabolome)
Supplements and Pharmaceuticals >1000 drugs in use

[ Commercial Products J 10,000 agents used

Environmental >80,000 registered with EPA
metabolome [ Environmental Chemicals ]

Jones et al 2012 Annu Rev Nutr 32:183-202
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Genome

Exposome

High-resolution metabolomics is becoming practical for
routine healthcare

|
Resolution approaches that of genomics: >20,000 metabolites

Simple 1-step sample processing can be done anywhere

Relatively rugged instruments can be used in hospitals and larger clinics

10 to 60 min run time; currently $50 to $125/sample, cost decreasing

In conjunction with an
online health surveillance
and forecasting system,
metabolomics analysis
could have real-time use in

clinical practice

Jones et al 2012 Annu Rev Nutr 32:183-202

Intensity cVv
Mean: 1.2 x 10° ~dia

Median: 2.0 x 10*

High-resolution metabolomics data for 174 serum samples

Improved data extraction over most approaches: 34,768 ions, triplicate analyses

Summary for C18: 19,383 ions Range of detection over 5 orders of magnitude of intensity

With triplicate analyses, CV is obtained for each metabolite in each sample:
6,247 had median CV < 10% Mean intensity of ions with CV <10%: 3.0 x 10°

Missing values
>8000 had <5%

Median:
Enrichedin — —— 14.4%
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Total lon Intensity

Sample analysis (C18) shows that there is consistent LCMS system response
during weeklong analysis period.

Triplicate analyses are reproducible

Random high response probably represents a residual problem with sample
processing or inconsistencies in complex system (sample, autosampler and
injector components, multiple valves, electrospray inhomogeneities or
electromagnetic properties of ion transfer tube)
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Repilcates Averaged, Samples Grouped by Individual

Averages of replicates includes random variation of individual high values but
otherwise shows that individuals have relatively consistent total signal.

It is not clear whether individuals have differences in total signal due to amount of
total metabolites—we concluded in our earlier NMR studies of SAA insufficiency
that this occurred, perhaps due to differences in amount of albumin

An alternative possibility is that there are specific chemicals in some individuals
that have global effects on ionization. This could be NaCl content, phosphate,
sulfate, total lipid or other high-abundance chemical. Expectation is that it would
be principally impacting the initial (salt) washthrough
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Key components of pathway analysis

Statistical testing: FDR
Metabolite-metabolite Correlation Analyses

Online Databases/Resources

Cross-platform Studies

EMORY

SCHOOL OF
MEDICINE

Manhattan plot: Y axis represents the negative log,, of p-value
(higher is better) and the x-axis represents the measured m/z
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Metabolite correlations are very useful to
understand redundancies of chemical detection
and network associations of metabolism

Color Key
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Selected, correlated m/z

Metabolites

Detected m/z features matching half of known human intermediary metabolites
(KEGG) are shown in black; most human metabolic pathways are represented

Glycan Lipid Carbohydrate Cofactor
metabolism metabolism metabolism metabolism

Xenobiotic Other secondary
metabolism metabolism

Soltow et al Metabolomics 2011; Yu et al Bioinformatics 2009; Uppal et al BMC Bioinformatics 2013
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Pathway Analysis of 400 matched m/z significantly different
between healthy controls and patients

Pathway Analysis of 35 features contributing to PCR
correlation to disease score
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E”éé’%'m; i ﬁm ~ . Correlations of amino acids
po— — with others that share
@,& s [ ygg“ ' common transport systems
R ' “w=s”°" demonstrates principle that
" ) e related metabolites tend to
E il Ea ##%° . associate with each other
. . when compared across a set
2 ﬁ g of samples.
o e Analyses of clusters of
£ gieles ¢ |1 @ ||E metabolites reveals clusters of
i o i lipids, metabolites related by
B awwe T R transport systems and
e et 5 7 common metabolic enzymes,
— - = etc.

How do we deal with massive amount of complex data?

Metabolome-wide association study (MWAS) of BMI
Controlled for age, sex and race/ethnicity

Exposome
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Major
clusters of
metabolites

Two include
High levels of
blood lipids

Hierarchical cluster analysis of subjects according to most
significant metabolites that differ according to BMI

Two major clusters of individuals
l— Includes individuals with high BMI

Low High

11
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Pathway enrichment analysis using

10

Metacore

_-log(pValue)

1. Acetylcholine biosynthesis and
metabolism

2. Phospholipid metabolism p.2
3. Phospholipid metabolism p.3
4. Ganglioside Metabolism p1

5. Development_Role of nicotinamide in
G-CSF-induced granulopoiesis

6. Vitamin K metabolism

7. N-Acylethanolamines, HSRL5-
transacylation pathway

8. N-Acylethanolamines. N-
Acyltransferase pathway

9. Vitamin B3 (nicotinamide) metabolism

10. Neurophysiological process_Circadian
rhythm

08/02/2013
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Acetylcholine biosynthesis and metabolism
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Metscape: pathway mapping of discriminatory metabolites in disease
Urea cycle and metabolism of arginine, proline, glutamate, aspartate, and asparagine
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MetPA provides plot of significance and impact of metabolic pathways to
separation of biological classes of samples
In this MetPA analysis, 199 matches to KEGG human compounds from 335 features

significant by FDR (g=0.01) shows calculated impact of sphingolipid, vitamin B6 and amino
acid metabolism

: . Vitamin Bg
Branch-chain metabolism

- - _...amino. acid.
metabolism
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Pathway Impact

Mummichog combines metabolite prediction and network analysis in one step

A B .

Conventional approach
Processed samples
LC/MS spectra

Fealure table :

Class comparison

Metabolite identification

Shuzhao Li et al, 2013 PLoS Computational Biology
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Activity network predicted by Mummichog in innate immune activation

Arginine

7‘"’\“39

TN

Xanthine Glutamate GMP

|

Glutamylcysteine

|

Glutathione

/N

GSSG Thyroxine

Shuzhao Li et al, PLoS Computational Biology 2013

Development of Deconvolution MS/MS for
Identification of Low-Abundance lons

QSdRun1 MSMS #187 RT: 352 AV: 1 NL: 466E2
T: FTMS + pESI SIM ms [383.00-393.00]

388394
388342
388306
S L g
3884

Uppal et al BMC Bioinformatics 2013
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Ganome Development of Deconvolution MS/MS for
Identification of Low-Abundance lons
Exposome
|
120
Predicted 296.382
MS/MS 100
80
60 269313
344.058 370.316
10 1
20 255 271.133 328.194 i 352.396 |
72.130 I 342 44l 371.200
0 =
240 260 280 300 320 340 360 380
Uppal et al BMC Bioinformatics 2013
EMORY UNIVERSITEY:
DERPARMIVIENITT OF VIEDICINE 'JUIy 24’ 2013
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LABORATORY. etabolomics
Frposame Workshop

Integrated omics for pathway analysis

Genome x Metabolome
Transcriptome x Metabolome

Proteome x Metabolome

EMORY

SCHOOL OF
MEDICINE
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Gene-metabolome (G x M) associations show that
€ — metabolites vary in association with disease risk
variations in SNPs

-logp

1 2 3 4 5 6 1 3 9 10 1 12 13 14 15 16 17 18 19202122

Chromosome

Integrated omics

Ewm Color Key

Integrated omics can
revolutionize
mechanistic research

One experiment can reveal
individual associations of
>10,000 metabolites with

>10,000 transcripts

Metabolites

Transcript

08/02/2013
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Genome Data can be mapped to network structure

to give global picture of system response
e g g p y p
|

Top 500 hub genes with significant metabolite
associations in toxicity study

2 Major toxic response
networks

B Positive association

B Negative association

Metscape uses knowledge-based approach to map pathway interactions

-« P Proteome x Metabolome
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Genome Toward a Surveillance & Forecasting System

Exposome

Have an affordable system
using metabolomics to

forecast risk of disease,
timing of disease onset and

intensity of impact

and use this system to

Improve disease prevention,

classification

and treatment
EMORY

SCHOOL OF
MEDICINE

for Personalized Medicine
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