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review of —omics world...

genomics

study of genomes; complete set of genes
encoded by an organism

proteomics

study of proteomes; profile of proteins
expressed and modified by an organism

metabonomics

study of ?
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metabonomics Is defined as:

“The study of the metabolic response of
organisms to disease, environmental change or
genetic modification”

metabonomics, a science
complementary to genomics and
proteomics

Lindon, Nicholson, Holmes and Everett, Concept Magn. Reson, (2000)

Pharmacometabonomics: MetaboMeeting 2014 JRE 3



how do we measure metabonomic data?

* NMR spectroscopy or mass spectrometry

« human or animal biofluids
— urine, plasma, csf, bile, saliva, milk

 human or animal tissues
— use special techniques such as solid state NMR

Pharmacometabonomics: MetaboMeeting 2014 JRE 4



why Is metabonomics important?

« metabonomics provides important window on actual
metabolic response of an organism and its symbiotic
partners in a systems biology (in vivo) approach

e genomics or transcriptomics demonstrate what could
happen in an organism: not necessarily what will happen

* In particular metabonomics provides a window on both
genetic and environmental factors

« diet, disease, drugs, microbiome

Pharmacometabonomics: MetaboMeeting 2014 JRE 5



human evolution...
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our microbiome!

 the collection of microorganisms living in and
on our bodies

— bacteria, fungi, viruses

« each part of our body surface and orifice has
its own micro-environment and unique
collection of bacteria, viruses and fungi,
especially our gut

« the microbiome has significant and complex
interactions with our genome and plays a
significant role in metabolism and in disease
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* human microbiome project aiming to
sample and analyse microbes from 5
major sites in humans

« follow-on from human genome project :
total budget of $115 million over 5 years:
2008 to 2013

# of human cells in
humans?

# of microbes in/on
human?

# of human genes?

# bacterial genes
infon humans?

Pharmacometabonomics: MetaboMeeting 2014 JRE 9



auperscript

| Metagenomics
"\Meta of the Human Intestinal Tract

H’] FLHO;,‘-""&?‘.h"‘%thir("\;)g.'_‘;’,,;.,\r_

* human microbiome project aiming to
sample and analyse microbes from 5
major sites in humans

« follow-on from human genome project :
total budget of $115 million over 5 years:
2008 to 2013

# of human cells in ca 50 Trillion
humans?

, # of microbes in/on ca 500 Trillion
human?
# of human genes? 23,450
# bacterial genes ca 3,000,000

infon humans?

Pharmacometabonomics: MetaboMeeting 2014 JRE 10
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Gut-brain hypothesis
1. Autism
1C. bolteae / clostridia spores
2. Mood: depression; ard
|
i
{ - 1;
@ "“II
K/q!
“IR
RN
"‘\ Ai,‘h‘
\7/
/)
ﬁh
llllli
il
\Il' 1

Altered xencbiotic / drug metabolism

e.g. Paracetamol metabolism:

1 predose urinary p-cresol sultate leads to | postdose urinary
acetaminophen sulfate : acetaminophen glucuronide.
Bacterially mediated p-cresol generation and competitive
o-sulfonation of p-cresol reduces the effective systemic capacity
to sulfonate acetaminophen.

Inflammatory bowel disease

Hygiene hypothesis

Altered immune response: TLR signaling

Less microbial diversity

Activation of specific species: for example, Escherichia

Pharmacometabonomics: MetaboMeeting 2014 JRE

James M Kinross, Ara W Darzi
and Jeremy K Nicholson,
Genome Medicine 2011

11



metabonomics study of isoniazid

oo
H [+
CON T
M. H

 anti-tuberculosis drug: therapeutic and
prophylactic

» significant side-effects
* rash, hepatotoxicity, peripheral neuropathy
¢ CNS eﬁeCtS tuberculosis patient, Port-au-Prince, Haiti

Los Angeles Times

* metabonomics study in Sprague-Dawley rats to
study inter-individual variability in response (400
mg/kg, high dose; 200 mg/kg low dose and 0.9 %
saline, control, n=10)

Pharmacometabonomics: MetaboMeeting 2014 JRE 12
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Key: AcHz — acetylhydrazine; AcINH — acetylisoniazid; DIAcHz —

diacetylhydrazine; INA —

isonicotinylglycine; INH

isonicotinic acid; INA-GLY —
— isoniazid; INH-GLC — B-glucosyl

isonicotinylhydrazide; INH-KA — 2-oxoglutarate
isonicotinylhydrazone; INH-PA — pyruvate isonicotinylhydrazone;

INH-PY — isoniazidylpy
acetyltransferase-2
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ridoxal complex; NAT2 — N-

NAT2

metabolism
of isoniziad

Hydrazone
Formation

~

DiAcHz

— Y
/ \

OH Covalent binding
to liver protein

L

CO, Liver Necrosis

13

HyC



8 § g Chrate g
l : §3g—— HIRE s| 13| if
* ||z i i\
LG T BLsY g !
L L L
BB LU (L0 000 0 O
i - T i T R
g
: :,
1 it :
.g \x %
: 8
\H g E’ § '
Jwl ‘_,_.Uw J,J:.JJTN,_M i ! oot AL .

*%5 H (ppm)

Pharmacometabonomics: MetaboMeeting 2014 JRE

600 MHz 1H NMR
spectra of urine from
rat 0—7 hrs after dose

of 400 mg/kg isoniazid

Key: AcINH — Acetylisoniazid;
DMA — Dimethylamine; DMG —
Dimethylglycine; INA —
Isonicotinic Acid; INA-GLY —
Isonicotinyl Glycine; INH-GLC —
Glucose Isonicotinyl Hydrazide;
INH-KA — a-Oxoglutarate
Isonicotinyl Hydrazone; INH-PA —
Pyruvate Isonicotinyl Hydrazone;
MA — Methylamine; TMAO —
Trimethylamine-N-oxide; U1/2 —
Unassigned INH-related

metabolites
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(@)

PC2 (10%)

Principle Components Analysis (PCA) of metabolic
trajectory of urinary endogenous metabolites

100.0

100.0 1400 180.0 2200 260.0

300.0

340.0 380.0

control

low dose

-100.0 === high dose: CNS responders
- high dose: CNS non-responders

-140.0

-180.0

PC1 (15%)
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0-7
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post-dose endogenous
metabolite profile of
CNS-responders differs
from non-responders

— elevated glucose and
lactate

— also observed
following isoniazid
neurotoxicity in man

15



Principle Components Analysis (PCA) of urinary endogenous
metabolite data at O to 7 hours post-dose for high dose INH

x106 Glucose
@ i ® - N
2519 8 Elevated in CNS responders g |
ak: k-] i
60 3 [0} £
20 -(g I _xl
40 oE 1
20 m 15 B
3
£ o0
& 10 '
o™
g 20 £
0.5 ‘ | ,
40 , | 1 (
|
r | |
80 | 0 = "M'rvl .l k.'l-‘,‘- N S
| |
80 z |
05 [ 2 ﬁ
il =® O & Elevated in CNS non-responders
100100 50 0 50 100 150 200 5.0 45 40 35 3.0 25 20 15 5'H
PC1 (34%)
B CNSresponder
M CNS non-responder
[l CNS non-responder B (high glucose

but no elevation in lactate)
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PC2 (10%)

Principle Components Analysis (PCA) of metabolic
trajectory of urinary xenobiotic metabolites

25.0 «  Xenobiotic
' metabolic profile
24-31 of CNS-
' responders differs
7.24 from non-

7-24 responders

0-7 : 4855  — increased
- ’ levels of INH-

I 24 Pre PA and INH-
75.0 65.0 55.0 450 35.0 25.0 fro 5.0 e d 24.1 = GLC and low
. - 1 55, 5, -35. -25. 5. -5. 424-30 4.
: ’ 5 = = # 3 3 i 4 e levels of AcINH

|l L2apre — lack of
48.55 acetylation

- capacity leads
to alternative
toxic pathways

0-7

PC1 (42%) -

low dose
_— high dose: CNS responders
- high dose: CNS non-responders
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PC2 (19%)
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Principle Components Analysis (PCA) of urinary xenobiotic
metabolite data at O to 7 hours post-dose for high dose INH

40

2
b r
()x1(}5V o x10° -
m Elevated in CNS npn-responders ’
0.8
@ - 0.5 INH-GLC 2 |
I INH-PA 0.7
0 \ — 1 0.6
n B} [it] \ |h"‘ [ ‘ Y
05 " [ 1] 0 B i iy, © g I E 0.5
| \ | 0.4
1.0 I 1 | | AcINH
[ lJ‘ / | " 0.3
| 2 \
15 INH-PA || 02
MR T . ~_ Elevated h;\ CNS responders | S 1 0.1
30 20 10 0 10 20 30 436 432 428 424 420 OH 224 222 220 218 216 214° H 0
PC1 (46%)
AcINH: INH-PA: INH-GLC:
INH AcINH AcINH
Low Dose (n=10) 0.97+0.74 [0.80+0.35 (0.36+0.10 B CNS high dose responder
B CNS high dose non-responder
High Dose CNS 0.70+0.11 |0.65+0.15 |0.31£0.05 .
Non-Responders (n=5) '] CNS high dose non-responder B
High Dose CNS 0.37+£0.13* [3.26+0.41* 575 + 1.53 (high INH-PA and INH-GLC
igh Dose 37+0.13* |3.26+0.41* |575+1563* .
Raspaniders (i3 but no reduction in AcINH)
*=p<0.05and ** = p < 0.01 in Student’s two-tailed t test for HD CNS Responders vs Non-Responders
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« metabonomics typically
studies effects of drugs
after dosing

e can we use metabonomics
to predict effects of drugs
before drug dosing?

— drug metabolism
— efficacy
— toxicology

« this would be
pharmacometabonomics
by analogy to

pharmacogenomics - —— ——
http://debralschubert.blogspot.co.uk

[WEN>
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theoretically metabonomics could predict future
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O-PLS-DA analysis of pre-dose urine spectra from high-dose
Isoniziad rats
spectra colour-coded on RHS by post-dose response: red = R: blue
NR: (OZY = 0.34, R2Y = 0.76)
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pharmacometabonomics and isoniazid: analysis of pre-dose
spectra from LOW DOSE rats colour-coded by post-dose AcINH

level: red < 3.0 x 10”8: blue > 3.5 x 10°8

S

Intensity (a.u.)
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Vol 440(20 April 2006(doi:10.1038/nature04648

nature

LETTERS

Pharmaco-metabonomic phenotyping and
personalized drug treatment

T. Andrew Clayton®, John C. Lindon?, Olivier Cloarec!, Henrik Antti®, Claude Charuel®, Gilles Hanton?,
Jean-Pierre Provost®, Jean-Loic Le Net®, David Baker® Rosalind J. Walley’, Jeremy R. Everett®

& Jeremy K. Nicholson'’

There is a clear case for drug treatments to be selected according to
the characteristics of an individual patient, in order to improve
efficacy and reduce the number and severity of adverse drug
reactions”. However, such personalization of drug treatments
requires the ability to predict how different individuals will
respond to a particular drug/dose combination. After initial
optimism, there is increasing recognition of the limitations of
the pharmacogenomic approach, which does not take account of
important environmental influences on drug absorption, distri-
bution, metabolism and excretion®. For instance, a major factor
underlying inter-individual variation in drug effects is variation
in metabolic phenotype, which is influenced not only by genotype
but also by environmental factors such as nutritional status, the

Pharmacometabonomics: MetaboMeeting 2014 JRE

predictable, it suggested that information on individual responses
to xenobiotics might be contained in the metabolite patterns of
pre-dose biofluids. We thus conceived the possibility of ‘pharmaco-
metabonomics’, which we define as ‘the prediction of the outcome
(for example, efficacy or toxicity) of a drug or xenobiotic intervention
in an individual based on a mathematical model of pre-intervention
metabolite signatures’.

We also conducted a larger study on the severity of liver damage
induced in rats by allyl alcohol (50 mgkg™"), and found a weak but
statistically significant association between the extent of the induced
damage and the pre-dose urinary data (Fig. 1b}, although in this case
the discriminating factor was the total pre-dose excretion of organic
compounds as estimated by 'H NMR spectroscopy, rather than the

24
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human pharmaco-metabonomics

 ethically approved study of 100 fit, healthy, male volunteers
« oral dose of 2 x 500 mg paracetamol

« collection of pre-dose, 0-3 and 3-6 hour post-dose urines

« analysis of urine samples by NMR to establish if there was a

relationship between pre-dose metabolite profiles and post-dose
metabolic fate of paracetamol

Pharmacometabonomic identification of a significant
host-microbiome metabolic interaction affecting
human drug metabolism

T. Andrew Clayton®, David Baker®, John C Lindon®, Jeremy R, Everett’, and Jeremy K. Nicholsan*'
Bt ocitar Madiine, SOA Dreson, Facisty of Mg, St Alesander fleming Buliing, Inperisl Colwge London, South Kentington, Losdon S7 IAZ,
Urites Eng: zo¢ Inc.. 50 Poquot Avonue, Now Longon, CT 063% and ‘Prer Gichal Aesearch 3nd Dovolopment, Ramegate A0ad, Sandwich, Kast

od by Surton . Singar, Prcaton Universtty, Princaton, NI, Agetl 29,

W provide 3 demonstration In humass of the panagle of pharmaco-
metabonomics by ihowing a daar connection between an Indhddud's 1y
metabolic phenotype, In the form of o predose winary metabolte plus
profile, and the metabolic fate of a standard dose of the widely used yan
rolgeic acetaminopben. Predose and postdose arinary metabolite Ly
proftles were determined by "H NMR spectroscopy. The predose specta
werm statistically anafyzed In rolation 10 drug metabolte excretion 10
detoct prodiose Blomarkers of drug fate and 2 human-gut microbiome

b predictor was identified. Then, we found that individuals .,
having high predose unary levels of p.oesol setate had low postdose posk
unnary rathon of soet ophens wllate to aoet phen glucronide nod
We condude Sut. in Indvviduals with high bocterially modated pomol |,
generation, (ompettive O-wllonation of pawiol reduces Ow offecive

Fystemdc Capacty 1o slfonate acet phee, Ghven that ace mar
phen i such & widely used snd seemingly wel-understood drug. s m
foding provides 2 dear dem of the P aned

povwie of the phy b approach We sapect
fraaty o sullonution reactions 10 be sirnilardy sMected by compettion
with paesel and our Tinding also bhas beportant implications Sor centain
thseases s wll s for the varkitde respores induced by many differces F"
drugs and sencbiotics. We propose that assesung the effects of mioo. A

biome 2oy shoudd be an inmtearal pan of charmaceutical doveloomont BOGUC prmcEte Jor o vanety of reasom, winch mcodod B cooumon
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H NMR spectra of pre- and post-dose urines from human volunteer
taking paracetamol (1g, oral)

2
/ \\ 3\ ’ IS\ 71
-d
pre-dose | % ‘ ||
S i
8.0 7.0 2.5 2.0
l;‘al..; A MUJML_- R
7 6 3 2§, ppm
8 8 8
0-3 hour Ni il 6 /
post-dose 717 \ 7\ 9
4 /
0, 79 220 214
bl A uul..u_m_; 2

3 2 6, ppm
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Key to numbered peaks:

1 creatinine

2 hippuric acid

3 phenacetylglutamine

42

5 citrate

6 cluster N-acetyl groups from
paracetamol-related
compounds

7 paracetamol sulfate

8 paracetamol glucuronide

9 other paracetamol —related

compounds
Hor T
Hm N__-CHs
0
HO Hor
Hm paracetamol
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'H NMR spectra of pre- and post-dose urines from human volunteer 8~

taking paracetamol (1g, oral)

pre-dose 2 >
N [
8.'0' 7.0 | '2!5' a '2'0
o /N I PO W O T
7 5 - 3 2 0,ppm
2 7
0-3 hour / 1O
post-dose !
6 7
\
8'0””1””7'0 s
' ' 2.20 2.14
...A....LULJA_ JL A L.JLA‘-AJL.JL‘J;_I_'_J‘ . R
7 5 4 3 2 b,ppm

Pharmacometabonomics: MetaboMeeting 2014 JRE

Key to numbered peaks:

1 creatinine

2 hippurate

3 phenacetylglutamine

4 7?

5 citrate

6 cluster N-acetyl groups
from paracetamol -
related compounds

7 paracetamol sulfate

8 paracetamol
glucuronide

9 other paracetamol -

related compounds
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unknown 4

methyl singlet at ca 2.35 ppm
— probably CH3 — sp2C CH3

coupled aromatic doublets at
ca/7.2and 7.3 ppm

— probably para disubstituted
benzene ring

Isolated from urine and solved

structure by NMR, MS and O
chemical synthesis O ~ S//

N
para-cresol sulphate // OH

— not made by humans! O
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Intensity (a.u.)

p-cresol sulphate H-1 NMR signals in pre-dose
human urine

p-cresol paracetamol
0
I
6 CHs HN/\CH3
-
OH OH
sulphotransferase
e.g. SULT1A1
y ‘ﬁ
CHj HN” CH,
2.36 <>
0
N0 O\\S/O
HO” \\ HO™ \\
0 0
25 subjects with lowest S/G ratio in 0-3 hr post-dose urine p-cresol paracetamol
25 subjects with highest S/G ratio in 0-3 hr post-dose urine sulphate sulphate (S)
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paracetamol S/G metabolite ratio in 0 — 3 hour post-dose urine related gﬁrfé
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paracetamol S/G metabolite ratio in 0 — 3 hour post-dose AR

urine related to pre-dose level of p-cresol sulphate

S/G 0-3 h post-dose

L pre-dose subsequent post-dose,
14 = para-cresol human hepatic human, urinary
* e sulphate drug sulphation | paracetamol
* capacity sulphate to
1.2= +* ¢ . glucuronide ratio
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Pharmacometabonomics: MetaboMeeting 2014 JRE

31



paracetamol S/G metabolite ratio in 0 — 3 hour post-dose S
urine related to pre-dose level of p-cresol sulphate

L pre-dose subsequent post-dose,
14 = para-cresol human hepatic human, urinary
* e sulphate drug sulphation | paracetamol
* capacity sulphate to
1.2+ +* ¢ . glucuronide ratio
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Pre-dose PCS/creatinine integral ratio (L.R.)

* P =0.00010in Mann—-Whitney U test: in conjunction with Bonferroni correction (100), significant at 95% confidence
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paracetamol S/G metabolite ratio in 0 — 3 hour post-dose AR

urine related to pre-dose level of p-cresol sulphate

L pre-dose subsequent post-dose,
14+ para-cresol human hepatic human, urinary
* e sulphate drug sulphation | paracetamol
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pharmaco-metabonomics: summary

pharmaco-metabonomics demonstrated in animals and humans

— first examples from our group further exemplified in 20 other publications
from other groups

— Everett et al, Ann. Clin. Biochem (2013)

human metabolism of paracetamol — one of world’s most prescribed and
studied drugs is influenced by gut bacterial metabolite levels: radical
new finding

sulphation is a key metabolic process in the body in normal metabolism
as well as drug metabolism: this finding could have wider implications

study exemplifies concept of the super-organism and limitations of
human genomics to fully explain human biology

pharmaco-metabonomics will be complementary to pharmacogenomics
In delivering the promise of personalised healthcare in future
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potential uses of pharmaco-metabonomics: 42}
personalised medicine

e patient selection to:
— avoid toxicity in sensitive patients

— Iimprove drug efficacy (reduce/eliminate non-responders)

— reduce variability and improve decision-making in Clinical Trials

« pharmacometabonomics directed pharmacogenomics

(Rima Kaddurah-Daouk et al, Clin Pharmacol Ther.; 89:
97-104, 2011)
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conclusions

« humans’s are super-organisms
whose health and response to
medicines are influenced by

— their genome

— their environment, particularly their
microbiome

e our genome is fixed but our
microbiome changes with age,
disease, nutrition, drugs,
environment etc

« manipulation of the microbiome will
play an important role in personalised
medicine in the future (the right
medicine to the right patient group)
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‘the prediction of the effect of a drug in an individual
based on a mathematical model of pre-intervention
metabolite signatures’.
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