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Overview

N 7/

I
-(9-  Conceptualising measures and mechanisms

@ One example to agree on... one which is challenging

Integrating evidence — helping mechanisms and implications

s What can we take away which might open-up discussion?



D’Arcy Wentworth Thompson

On Growth and Form - 1917

Proc. Nail. Acad. Sei. LISA
VYol. 90, pp. 11995-11999, December 1993
Genetics

FRANCISCO ANTEQUERA AND ADRIAN BIRD

Institute of Cell and Molecular Biology, University of Edinburgh, King's Buildings, Edinburgh EH9 3JR, Scotland

Communicated by Stanley M. Gartler, September I7, 1993

ABSTRACT Estimation of gene number in mammals is
difficult due to the high proportion of noncoding DNA within
the nucleus. In this stady, we provide a direct measurement of
the number of genes in human and mouse. We have taken
advantage of the fact that many mammalian genes are associ-
ated with CpG islands whose distinctive properties allow their
physical from bulk DNA. Our results suggest that
there are =45,000 CpG islands per haploid genome In hamans
and 37,000 in the mouse. Sequence comparison confirms thai
about 20% of the human CpG islands are absent from the
homologous mouse genes. Analysis of a selection of genes
suggests that both human and mouse are losing Cp(; islands

over evolutionary time due to de novo methylation in the germ
line followed by CpG loss through mutation. This process
appears to be more rapid in rodents. Combining the number of

Antequera & Bird
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mouse by quantitation of end-1 3*
generated upon digestion of total genomic DNA with the
methyl-sensitive restriction endonuclease Hpa II (8). An
approximate figure of 30,000 CpG islands per haploid genome
was suggested. Our results show significant differences be-
tween mouse and human that are relevant to our understand-
ing of the origin and maintenance of CpG islands.

Because not all genes have CpG islands, the total number
of genes cannot be deduced directly from their number. We
have taken the study further by establishing the proportion of
genes that are CpG island-associated. Combining the number
of CpG islands per genome and the percentage of CpG
island-associated genes, we obtain a direct estimate of the
total number of genes in human and mouse.
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D’Arcy Wentworth Thompson

On Growth and Form - 1917

“In short, the form of an object is a

“diagram of forces”.

Proc. Nail. Acad. Sei. LISA
VYol. 90, pp. 11995-11999, December 1993
Genetics

Number of Cp( islands and genes in human and mou oL

FRANCISCO ANTEQUERA AND ADRIAN BIRD

Institute of Cell and Molecular Biology, University of Edinburgh, King's Buildings, Edinburgh EH9 3JR, Scotland

Communicated by Stanley M. Gartler, September I7, 1993

ABSTRACT Estimation of gene number in mammals is
difficult due to the high proportion of noncoding DNA within
the nucleus. In this stady, we provide a direct measurement of
the number of genes in human and mouse. We have taken
advantage of the fact that many mammalian genes are associ-
ated with CpG islands whose distinctive properties allow their
physical from bulk DNA. Our results suggest that
there are =45,000 CpG islands per haploid genome In hamans
and 37,000 in the mouse. Sequence comparison confirms that
about 20% of the human CpG islands are absent from the
homologous mouse genes. Analysis of a selection of genes
suggests that both human and mouse are losing Cp(; islands
over evolutionary time due to de novo methylation in the germ
line followed by CpG loss through mutation. This process
appears to be more rapid in rodents. Combining the number of
of island-associated genes, we

that the total genes per haploid genome is

=§0,000 in both organisms.
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was suggested. Our results show significant differences be-
tween mouse and human that are relevant to our understand-
ing of the origin and maintenance of CpG islands.

Because not all genes have CpG islands, the total number
of genes cannot be deduced directly from their number. We
have taken the study further by establishing the proportion of
genes that are CpG island-associated. Combining the number
of CpG islands per genome and the percentage of CpG
island-associated genes, we obtain a direct estimate of the
total number of genes in human and mouse.
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The evidence is damming and the call for “mechanisms of” is natural

PLOS MEDICINE

_ . ~ . P . . . -
Body-mass index and cause-specific mortality in @ % Body-mass index and risk of 22 specific cancers: a @R®
900 000 adults: collaborative analyses of 57 prospective s . a o FESEARCHARTICLE . .
Zeodis y prosp population-based cohort study of 5-24 million UK adults The global burden of disease attributable to

Kishnan Bhaskaran, an Douglas, Harret Forbes, Isabel dos-Santas-Silva, David A Lean, Liam Smeeth m high body mass index in 195 countries and

ProspeciveStudies Colaboration* Sommary territories, 1990-2017: An analysis of the
Summary ) » . ) . ) Background High body-mass index (BMI) predisposes to several site-specific cancers, but a large-scale systematic and  Lancer 2014, 384: 755-65 G|0ba| Burden of Disease Study
Background The main associations of body-mass index (BMI) with overall and cause-specific mortality can best be  Loncet 2009;373: 1083-96 detailed characterisation of patterns of risk across all common cancers adjusted for potential confounders has not pusiished oniine
“SL_““Ed‘I”' I“n“'m'mp[?s‘?emve &'“““f'“P of large ““mhﬂ“’r?mPl“' The Prospective Studies Collaboration aimed ~ pubi previously been undertaken. We aimed to investigate the links between BMI and the most common site-specific Avgust 14,2014 Haijiang Dai (', Tarig A. Alsalhe =% Nasr Chalghaf 5, Matteo Riccd %, Nicola
to investigate these associations by sharing data from many studies. :{-""f‘ cancers. http/fdx.dol org/10.1016/ Luigi Bragazzi®*, Jianhong Wu®*

50140-6736(14)60892-8

Over 4 billion people may have overweight or obesity (BMI >25kg/m?) by 2035... this reflects
An increase from 38% of the world’s population in 2020 to over 50
An increase in prevalence of obesity (BMI >=30kg/m?) from14% to 24%.



The evidence is damming and the call for “mechanisms of” is natural
PLOS MEDICINE

Body-mass index and cause-specific mortality in @ Body-mass index and risk of 22 specific cancers: a @x®

900 000 adults: collaborative analyses of 57 prospective s X a o FESEARCHARTICLE . .

Zeodis y prosp population-based cohort study of 5-24 million UK adults The global burden of disease attributable to
Kishnan Bhaskaran, an Douglas, Harret Forbes, Isabel dos-Santas-Silva, David A Lean, Liam Smeeth m high body mass index in 195 countries and

Frospactiv Studies Colaborston? Summary territories, 1990-2017: An analysis of the

Summary Background High body-mass index (BMI) predisposes to several site-specific cancers, but a large-scale systematic and  Lancet 2014, 384: 755-65 Gl Obal Bu rden Of Disease Stu dy

Background The main assacialinns of body-mass index (BMI) with overall and musfspeciﬁf ‘mortality an bcf;t be  Loncet2009; 373: 1083-96 detailed characterisation of patterns of risk across all common cancers adjusted for p ial confounders has not

“S”:E“Ed‘h" ]“ng'mmp['?s‘?emve r““““f'“P of large ““mbe“"r!’m"l" The Prospective Studies Collaboration aimed - pubished anine previously been undertaken. We aimed to investigate the links between BMI and the most common site-specific Avgust14, 2014 Haijiang Dai (', Tarig A. Alsalhe =% Nasr Chalghaf 5, Matteo Riccd %, Nicola

to investigate these associations by sharing data from many studies. ;-]"‘f‘::"m’:ﬂzm cancers. hesp/jdx ol orgi10.3016/ Luigi Bragazzi®*, Jianhang Wu**

50140-6736(14)60892-8

Over 4 billion people may have overweight or obesity (BMI >25kg/m?) by 2035... this reflects
An increase from 38% of the world’s population in 2020 to over 50
An increase in prevalence of obesity (BMI >=30kg/m?) from14% to 24%.
BM]

Original Article Obesity

lished 18 July 2013) Page 1 of 10 EPIDEMIOLOGY/GENETICS

Original Article Obesity

EPIDEMIOLOGY/GENETICS

RESEARCH BMI and Mort_allty in UK B_lobgnk: Revised Estimates
Using Mendelian Randomization

The Role of Inflammatory Cytokines as Intermediates International Journal of Obesity Kaitlin B, Wade ® 12, David Carslake!, Naveed Sattar’, George Davey Smithi, and Nicholas J, Timpson'?
in the Pathway from Increased Adiposity to Disease
ASSUCHEUO
DOI: 10.1002/0by.23441 ] _ean ARTICLE I Check OPEN B ACCESS Freely available online PLOS mebicine
Obesity [ ETTRIW_, |- of .
ORIGINAL ARTICLE Epidemiology and Population Health The Effect of Elevated Body Mass Index on Ischemic
Epidemiology/Genetics . . . . . . .
o . Effects of adiposity on the human plasma proteome: Heart Disease Risk: Causal Estimates from a Mendelian

A multivariant recall-by-genotype study of the metabolomic . . . . PP

. observational and Mendelian randomisation estimates Borge G. Nordestgaard" 4™, Tom M. Palmer**", Marlanne Benn'4, Jeppe Zacho' %, Anne Tybjarg-
Slgnature Of BM I Hansen®™?*7, George Davey Smith®®, Nicholas J. Timpson®®*

International joumal of Obesity (2011) 35, 300-308 JOURNAL OF BONE AND MINERAL RESEARCH
e 001 Mcton Rt Lo 8 s renned 7 56T Volume 24, Number 3, 2009 . PLOS MEDICINE
Lt i Published online on November 3, 2008; doi: 10.1359/JBMR.081109
D 2009 ican Society for Be d Mi I R h . .
ORIGINAL ARTICLE © 200 American Soclety for Bone and Mineral Rescare Does Greater Adiposity Increase Blood Pressure
. s Hypel’teﬂsion Risk" RESEARCH ARTIGLE
: " | . How Does Body Fat Influence Bone Mass in Childhood? and : _ _
C-reactive protein levels and body mass index: ¥ o Mendelian Randomization Using the FTO/MC4R Genotype The blood metabolome of incident kidney
elucidating direction of causation through reciprocal Randomization Approach . e
Mendeli d izati Nicholas J. Timpson, Rgger Harbord, George Davey Smith, Jeppe Zacho, cancer: A CaSE—COntrDl StUdy nEStEd W|th|n
endelian ranaomization Anne Tybjzrg-Hansen, Bgrge G. Nordestgaard the MetKld consortium

Nicholas J Timpson,' Adrian Sayers,” George Davey-Smith," and Jonathan H T

NJ Timpson', BG Nordestgaard®*, RM Harbord', ] Zacho®*, TM Frayling™®, A Tybjzrg-Hansen™*
and G Davey Smith'



What kind of measurement and analytical world are we in right now?
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TOTAL OF 6,304 MOLECULAR 'ﬁ(‘t £

" WE CONNECTED ALL MULTIOMICS TRAITS USING:

We connected all multiomics
traits using partial correlations
to construct mutual best
correlation hits (MBH)between
molecules within and between
different omics Iayers
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Karsten Suhre
Director of Bioinformatics Core at
Weill Cornell Medicine-Qatar




What kind of measurement and analytical world are we in right now?
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# Check for updates

Sun et al, October 2023

Plasma proteomic associations w1th genetics
and healthin the UK Biobank
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...s0 what does this mean for “mechanisms of obesity”? Is it as easy as it sounds?

Factors shaping obesity

Adiposity > Disease
aetiology = aetiology
2
_ o
Time/age/stage OBESITY 2 mLeJ Qﬁgr?l\grr;] . T
OVERWEIGHT' B a
ADIPOSITY | 2 N
| BMI £ Unknown T
Environment 3 mediators
Chance -g Adiposity
° association
Intervention Characterisation Risk

-~

“Moving from measures to mechanisms: lessons in inference...”
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Genetic contributions to obesity

Monogenic

Leptin cloned

Polygenic

First candidate gene studies |

First genome-wide linkage studies |

2007
2008
2009
2010
2011
2012
2013
2014
2015

2016
2017
2018
2019
2020

T T T T T 1
0 200 400 600 800 1,000 1,200

First genome-wide association studies

M European
[ Asian

[[] African
[l Other

Cumulative number of loci identified

Nature Reviews Genetics 2022

Monogenic Polygenic

Early-onset, severe obesity Common obesity
High genetic Modest genetic
contribution contribution

Single mutation Hundreds of variants
in one gene in or near many genes
; i Each variant has
Large genetic effect - a small effect
Rare — Common

High penetrance Low penetrance

No environmental Environment is a
influence key determinant

Ruth Loos (Copenhagen) & Giles Yeo (Cambridge)
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Early-onset, severe obesity

Effect size

Monogenic Polygenic

Common obesity

High genetic Modest genetic
contribution contribution

Single mutation - Hundreds of variants
in one gene ) in or near many genes

Each variant has

Large genetic effect — a small effect

Low penetrance

Rare — Common

High penetrance

No environmental Environment is a
influence key determinant
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Minor allele frequency

Timpson et al Nature Reviews Genetics 2017



Human Molecular Genetics, 2018, Vol. 27, No. 20 3641-3649

doi: 10.1093/hmg/ddy271
Advance Access Publication Date: 16 August 2018
OXFORD Association Studies Article

ASSOCIATION STUDIES ARTICLE

Meta-analysis of genome-wide association studies for
height and body mass index in ~700 000 individuals
of European ancestry

Loic Yengo' ", Julia Sidorenko'-?, Kathryn E. Kemper?, Zhili Zheng!,
Andrew R. Wood?, Michael N. Weedon?, Timothy M. Frayling®,

Joel Hirschhorn?, Jian Yang!®, Peter M. Visscher!> and

the GIANT Consortium

* Combined GWAS meta-analysis
reaches N ~700 000 individuals
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ASSOCIATION STUDIES ARTICLE

Meta-analysis of genome-wide association studies for
height and body mass index in ~700 000 individuals
of European ancestry

ANT

Loic Yengo' ", Julia Sidorenko'-?, Kathryn E. Kemper?, Zhili Zheng!,
Andrew R. Wood?, Michael N. Weedon?, Timothy M. Frayling®,

Joel Hirschhorn?, Jian Yang!®, Peter M. Visscher!> and

the GIANT Consortium

-log10p

* Combined GWAS meta-analysis
reaches N ~700 000 individuals
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* >900 independent SNPs associated with BMI
* Genome-wide significant SNPs explain ~6.0% of the variance of BMI



Application of geneti
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~2k young participants in Framingham Offspring Study
~3 kg/m2 higher BMI
~7kg higher weight

~4-fold increased risk for severe obesity
Increased risk cardiometabolic diseases & all-cause mortality

Severe obesity - 5-fold increased risk of bariatric surgery

Amit Khera (Boston) & Kaitlin Wade (Bristol)

Cell 2019
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multi-level models.
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Age, years

Lower 10%

between 10-90%

Upper 10%

PRS decile

PRS decile

. ) Estimate
Sociodemographic factor (95% CI)! P-value
Family income -0.03 (-0.06, -0.01) 0.002
(per week)
Maternal highest qualification -0.05 (-0.07, -0.03) 2.87x10706
Paternal highest qualification -0.03 (-0.05, -0.01) 0.003
Household social class 0.02 (-0.002, -0.05) 0.07

Association between sociodem’ factors and polygenic score

Estimates represent the average change in the standardized polygenic score with each

unit increase in the categorical sociodemographic factors
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OXFORD Association Studies Article

ASSOCIATION STUDIES ARTICLE

Meta-analysis of genome-wide association studies for
height and body mass index in ~700 000 individuals
of European ancestry

ANT

Loic Yengo' ", Julia Sidorenko'-?, Kathryn E. Kemper?, Zhili Zheng!,
Andrew R. Wood?, Michael N. Weedon?, Timothy M. Frayling®,

Joel Hirschhorn?, Jian Yang!®, Peter M. Visscher!> and

the GIANT Consortium

-log10p

* Combined GWAS meta-analysis
reaches N ~700 000 individuals
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500 -

Chromosome

* >900 independent SNPs associated with BMI
* Genome-wide significant SNPs explain ~6.0% of the variance of BMI



What is less known is the aetiology of these signals

E.g. the fat mass and obesity related locus FTO, first reported in human in 2007 Does my bum
g (]
Was immediately implicated in possible associations with energy intake and 1001( blg ln
dietary composition — though work was based on relatively small and imprecisely h ?
measured epidemiological data (Cecil et al 2008 & Timpson et al 2008). t ese genes H
. - F,f\ The American Journal of Clinical Nutrition “ AbSOIUteIY’

say scientists .

& .Lx i Volume 88, Issue 4, October 2008, Pages 971-978

ORIGINAL ARTICLE ‘

The fat mass-and obesity-associated locus

An Obesity-Associated FTO Gene Variant and dietary intake in children

and Increased Energy Intake in Children



What is less known is the aetiology of these naturally randomised events.

E.g. the fat mass and obesity related locus FTO, first reported in human in 2007

Was immediately implicated in possible associations with energy intake and

dietary composition — though work was based on relatively small and imprecisely
measured epidemiological data (Cecil et al 2008 & Timpson et al 2008).

The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

An Obesity-Associated FTO Gene Variant
and Increased Energy Intake in Children

The American Journal of Clinical Nutrition
Volume 88, Issue 4, October 2008, Pages 971-978

The fat mass—and obesity-associated locus
and dietary intake in children !

Does my bum
look big in
these genes?
Absolutely,
say scientists

Since then, work concentrating on apparently functional “FTO” alleles (which have an impact on the expression of local

genes IRX3/5 during early adipogenesis) has suggested repression of mitochondrial thermogenesis in adipocyte precursor

cells

Mesenchymal adipocyte Mesenchymal
precursor myocyte
precursor

shift from heat producing adipocytes to energy-storing
ocytes with a reduction in thermogenesis, as well as an increase

TRX3, 1 PGCI1A, TBX1,
IRX5 PRDM16
FTO rs1421085 l
ek .~ inlipid storage or thermogenic capacity and resistance to high-fat

allal= T allele
| |

S iiene b W Y induced adiposity (Claussnitzer et al 2015 & Zang et al 2023).

balance | Beige Brown
1 White adipocytes adipocytes
adipocytes L I
| ERasildesios =

Thermogenesis, UCP1+
Lipid storage Fatty acid oxidation



Can rare variants help to get closer to aetiology?

Kaitlin Wade (Bristol), Steve O’Rahilly & Brian Lam (Cambridge)



Using identified rare variants in MC4R to assess impact and frequency
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O pLoF variant

@ cLoF variant

i |

| Frameshift variant

G-protein coupled, seven-transmembrane receptor expressed widely in

the central nervous system.

Binding of its natural agonists results in the suppression of food intake and
activation of a subset of autonomic neurons of the sympathetic nervous

system.

Severe early-onset obesity has been reported in multiple affected
members of several families who only carried heterozygote LoF mutation,

but not all...



Using identified rare variants in MC4R to assess impact and frequency

MCA4R LoF mutations associated with BMI across the life course. Further,

a1 o . . .
e these are effects which exceed polygenic contributions.
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| Frameshift variant

G-protein coupled, seven-transmembrane receptor expressed widely in
the central nervous system.

Binding of its natural agonists results in the suppression of food intake and
activation of a subset of autonomic neurons of the sympathetic nervous

system.

Severe early-onset obesity has been reported in multiple affected
members of several families who only carried heterozygote LoF mutation,

but not all...

a 1 a 3 4 5 -1 7 1 9 a1 i2 13 14 15 1& 17 18
Age {years)
Reference, pLoF and cLoF groups are depicted in light, medium and

dark blue, respectively.

30 1

Reference LoF
Lower 90th —— Upper 10th
Heterozygous mutations that
impair the function of the ~ 2
MC4R gene may very well be 5,
found in several millions of 3 |
people worldwide a frequency
of
~1in 340

Age (years)

Wade et al Nat Med 2021



More challenging... the microbiome and potential role(s) in obesity

Bristol stool score
Red blood cell count

Time since previous relief
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Falony et al, Science 2016

Microbiome covariates in FGFP
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Effect size

% community variation
(All covariates correlated with alpha-diversity measures & taxa abundances)

Replication in LLDeep

Successful replication

I Not significant in LLDeep

0.006 —

0.008 —

0.010 -~

David Hughes (Pennington Biomed’)
& Jeroen Raes (Leuven)

Medication

Blood Parameters

Bowel

Dietary Information

Unexplained Combined effect size

Anthropometrics

Lifestyle

T T T
0.00 0.02 0.04 0.06 0.08 0.10
Combined effect size



More challenging... the microbiome and potential role(s) in obesity

Meta-analysis
14

Microbiome covariates in FGFP Replication in LLDeep

Method o ;
12 4 HB Ruminococcus: rs150018970
« RNT

Bristol stool score [ |
Red blood cell count | ]
‘ Uric acid [ 1
Time since previous relief [ ]
Hemoglobin | ]
Glomerular filtration rate
Body mass index

Age
HDL cholesterol
Gender
J01CA04 (amoxicillin)
Hg:ﬂght [ ]
Triglycerides
Sick leave (freq. past year)
Work days per week
idays since consumed
Coffee (days since consumed) [
Beer consumption
Alcohol (average past week
Working hours F]hours/week [
Weight perception
Meat (average past weeig
HOMA-IR
Sleep (hours/day
Soy products (average past wee
Fruits (freq. past week Chromosome
GO3DA04 (progesterone,

Alanine transaminase (ALT) .
o Pt ok Faecal 16S ribosomal RNA gene sequences and host genotype data.

Soda (
J01CR02 (amoxicillin and enzyme inhibitor
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Constipation (days past week)
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Plan to change veight | Two associations achieved a study-level threshold of P =1.57 X 10710
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Bread type preference [ 1 o .
uccessul replesion Ruminococcus and rs150018970 near RAPGEF1 on chr 9

JO1XEO1 (nitrofurantoin) C———1
Mean corpuscular herggglliog&concemranon . I Not significant in LLDeep

(mesalazine) 1

Spirits consumption . .
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]
I
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S Flemish Gut Flora Project (n = 2,223), FoCus, n =950 & PopGen, n=717)

Exploratory analyses were undertaken using 11 other genome-wide associations

(P < 2.5 X 1078) gave one signal - rs4988235 (MCM6/LCT)

and Bifidobacterium.

i

Irritable bowel syndrome
~Smoker
Ulcerative colitis

IWJU i

Evidence of signal overlap with other genome-wide association studies (age at
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Effect size menarche and cardiometabolic traits).

Falony et al, Science 2016 Hughes et al, Nat Micro 2020


https://www.ncbi.nlm.nih.gov/snp/?term=rs150018970
https://www.ncbi.nlm.nih.gov/snp/?term=rs561177583
https://www.ncbi.nlm.nih.gov/snp/?term=rs4988235

More challenging... the microbiome and potential role(s) in obesity

confounder(s)

7\

olygenic
Poly9 exposure outcome

(Ssgrse) —>  BM) (microbiota)



More challenging... the microbiome and potential role(s) in obesity
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Hughes et al, unpublished

observational effect estimates

Association status null @ obs&MR @ obs @ MR
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Integrating evidence — helping mechanisms and implications




Integrating evidence — studying both sides of the problem

Adiposity - Disease
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Integrating evidence — studying both sides of the problem

Adiposity - Disease
2 aetiology 5 aetiology
(7] 1 @O
] | 2
-8 Time/age/stage l g Unk
> gerstag | oBesy | 3 nknown g
= Genetics | OVERWEIGHT! 3 meehanisms 5
® ADIPOSITY | & Unk =
% . | BMI B: nknown -
» Environment | z mediators
@] -
S Chance | | % Adiposity
L | s association
Intervention Characterisation Risk

STUDIES WITH DESIGN TAILORED TO THIS CONCEPTUAL FRAMEWORK

Question —> can we turn to areas where we are aware of the origins of weight change /obesity reduction and use these
simultaneously comment on the mechanisms associated with obesity?
By-Band-Sleeve

BUILDING EVIDENCETOGETHER

Jane Blazeby/Maddy Smith/Laura Corbin/David Hughes

~logo(P-value)
=% [ X 2
g ’

Roy Taylor/Mike Lean/Naveed Sattar

...3 inferences from independent data sources...



Diabetes Remission Clinical Trial

1/ Sphingomyelins T/ Glycine
Plasmalogens

115 MS metabolites altered
by the intervention

! Erythronate ! Metabolonic lactone sulfate

! Phosphatidylethanolamines ! Glucose and mannose
| BCAAs

| Fructose
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By-Band-Sleeve

1] Glycine
Plasmalogens

Sphingomyelins

115 MS metabolites altered
by the intervention

72 MS metabolites associated with
BMI in both studies

| Metabolonic lactone sulfate
| Glucose and mannose

| BCAAs

! Erythronate

! Phosphatidylethanolamines

! Fructose

BUILDING EVIDENCETOGETHER

1] Phenylacetate

348 MS metabolites
altered by surgery

| Glutamate
! Tyrosine




Integrating evidence — studying both sides of the problem

. . . . 010' |
72 MS metabolites associated with BMI in ;
both studies N =813 5
R?=0.43 L
Comparing the metabolic footprint of surgery-induced P = 2 86-102
weight-loss to dietary restriction-induced weight-loss = 0.05 z . K
Estimates are on a BMI-scale, change in metabolite E
5 ;
abundance per kg/m? increase in BMI g ;
5 0.00------mmesmeneneonno t L R At ot A SRR EEL EERREERRELEREEPREEEREEER
* Associated in both studies % :
* Associatedin BBS only g E
* Associated in DiRECT only ; R ; .
* Not associated with BMI g—O 05- ¢ o
5 D
& :
oo epe . a |
Surprising overlap — unified by weight loss? :
>8% metabolites are associated with BMI in both studies. ~0.10-
>38% metabolites are associated with one or other intervention. ~0'03 0 60 0.03 0.06

BBS: Change in metabolite level per kg/m? increase in BMI

Smith et al, unpublished



Consistent signal across BBS, DIRECT and MR (known metabolites)

Units here are standardised rank transformed metabolites per unit of BMI (kg/m”2)

Metabolite

glutamate
hydroxyasparagine**
cortolone glucuronide (1)

aspartate

2,3-dihydroxy-5-methylthio-4-
pentenoate (DMTPA)*

5-methylthioadenosine (MTA)
N2,N2-dimethylguanosine
alpha-ketoglutarate

N4-acetylcytidine

1-(1-enyl-palmitoyl)-2-linoleoyl-
GPC (P-16:0/18:2)*
1-(1-enyl-palmitoyl)-GPC (P-
16:0)*

1-linoleoyl-GPC (18:2)
1-oleoyl-GPC (18:1)

3beta-hydroxy-5-cholestenoate

1-(1-enyl-palmitoyl)-2-oleoyl-
GPC (P-16:0/18:1)*

Super Pathway

Amino Acid
Amino Acid
Lipid
Amino Acid
Amino Acid
Amino Acid
Nucleotide
Energy
Nucleotide
Lipid
Lipid
Lipid
Lipid
Lipid

Lipid

Sub Pathway

Glutamate Metabolism

Alanine and Aspartate

Metabolism
NA

Alanine and Aspartate

Metabolism
NA

Polyamine Metabolism

Purine Metabolism,
Guanine containing

TCA Cycle

Pyrimidine Metabolism,

Cytidine containing

Plasmalogen
Lysoplasmalogen
Lysophospholipid
Lysophospholipid

Sterol

Plasmalogen

@

"

D —
BBS effect DIRECT effect Pop’ effect
(SE. p) (SE. p) (SE. p)
0.034 0.044 0.377
(0.003, 2.21E-24) (0.009, 2.34E-06) (0.054, 2.97E-12)
0.043 0.046 0.341
(0.003, 2.05E-41) (0.009, 2.69E-07) (0.049, 5.73E-12)
0.045 0.052 0.321
(0.003, 1.41E-36) (0.010, 1.43E-07) (0.057, 1.42E-08)
0.031 0.038 0.282
(0.003, 1.66E-20) (0.009, 4.38E-05) (0.055, 3.70E-07)
0.033 0.046 0.273
(0.003, 3.12E-26) (0.009, 1.03E-06) (0.053, 2.44E-07)
0.026 0.061 0.270
(0.003, 1.05E-14) (0.010, 7.76E-10) (0.056, 1.48E-06)
0.051 0.0443 0.269
(0.003, 7.59E-52) (0.010, 6.17E-06) (0.053, 4.59E-07)
0.025 0.057 0.260
(0.003, 6.34E-13) (0.010, 9.90E-09) (0.058, 6.49E-06)
0.033 0.041 0.254
(0.004, 3.63E-19) (0.010, 4.56E-05) (0.062, 3.76E-05)
-0.029 -0.061 -0.261
(0.003, 3.54E-17) (0.010, 1.83E-09) (0.061, 2.00E-05)
-0.0234 -0.066 -0.277
(0.004, 2.48E-10) (0.009, 3.2E-11) (0.061, 7.04E-06)
-0.028 -0.047 -0.281
(0.004, 2.31E-14) (0.010, 1.46E-06) (0.057, 7.51E-07)
-0.043 -0.051 -0.290
(0.003, 2.48E-33) (0.010, 3.20E-07) (0.057, 3.71E-07)
-0.030 -0.053 -0.294
(0.004, 2.24E-16) (0.009, 2.91E-08) (0.058, 3.63E-07)
-0.050 -0.099 -0.321

(0.003, 3.89E-50)

(0.009, 4.65E-25)

(0.059, 5.24E-08)



Consistent signal across BBS, DIRECT and MR (known metabolites)

Units here are standardised rank transformed metabolites per unit of BMI (kg/m”2)

Metabolite

aspartate

5-methylthioadenosine (MTA)

N2,N2-dimethylguanosine

N4-acetylcytidine

1-(1-enyl-palmitoyl)-2-linoleoyl-

GPC (P-16:0/18:2)*
1-(1-enyl-palmitoyl)-GPC (P-
16:0)*

1-linoleoyl-GPC (18:2)

1-oleoyl-GPC (18:1)

1-(1-enyl-palmitoyl)-2-oleoyl-
GPC (P-16:0/18:1)*

Super Pathway

Sub Pathway

BBS effect
(SE, p)

DIiRECT effect
(SE, p)

Pop’ effect
(SE, p)

Inference?? Not necessarily metabolites as a cause of these effects or downstream outcomes, but metabolites
as circulating markers of shared biology (e.g. as Hartnup’s is to niacin deficiency)

PhenoScanner .

A database of human genotype-phenotype associations

Genetic variants associated with these metabolites
are also related to:

- Blood omics traits (platelet volume /count)

- Overall mass, fluid regulation, corpuscular
volume, cholesterol

- eGFR creatinine, kidney function

- Self reported malabsorption /urate /primary
sclerosing cholangitis /gout

- Lipid profile (inverse associations with HDLs)

- Fatty acid profile (arachidonic/linoleic), lipid
profile (triglycerides), cell count

- Blood omics traits (platelet count)

- Fatty acid profile (arachidonic/linoleic), lipid profile
CRP, glucose, "metabolic syndrome”



Overview

= What can we take away which might opens-up discussion?



What are we learning about “mechanisms of obesity”?
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What are we learning about “mechanisms of obesity”?
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What are we learning about “mechanisms of obesity”?

In bringing these thoughts together...

Are we dealing with “mechanisms of” or in reality observed “mechanisms associated with obesity”?

If it is the latter, we need to illustrate both sides of a more fluid approach to inference.

+k @ Lancet Diabetes & Endocrinology Commission on the
Definition and Diagnosis of Clinical Obesity

“In our opinion, the question of whether obesity is a disease or merely a condition conveying
risk for future ailments is ill conceived because it presumes an implausible all-or-nothing
scenario, in which obesity (ie, excess adiposity) is either always or never a disease. Logic and
evidence suggest that obesity can be both a risk factor and, sometimes, a disease in and of

itself ...

...clinical definition of obesity based on distinctive clinical manifestations that reflect the
impact of excess adiposity per se on normal functioning of organs and the entire individual is

still missing”

Rubino et al, March 2023



What are we learning about “mechanisms of obesity”?

In bringing these thoughts together...
Are we dealing with “mechanisms of” or in reality observed “mechanisms associated with obesity”?
If it is the latter, we need to illustrate both sides of a more fluid approach to inference.
Differing studies, study designs and data frames provide different inference:
Genetic contributions — have primacy, but are often signals and not clear biology
New omics measures — are often “just” phenotypes and need appropriate interpretation

Interventions which are effective can help to sort the order of effects and responses




What are we learning about “mechanisms of obesity”?

In bringing these thoughts together...
Are we dealing with “mechanisms of” or in reality observed “mechanisms associated with obesity”?
If it is the latter, we need to illustrate both sides of a more fluid approach to inference.
Differing studies, study designs and data frames provide different inference:
Genetic contributions — have primacy, but are often signals and not clear biology
New omics measures — are often “just” phenotypes and need appropriate interpretation

Interventions which are effective can help to sort the order of effects and responses

There will be other factors which are key nuances not considered here:
The failure of “obesity” as a category and BMI as a measure — heterogeneity and idiopathy

Other potential modulators — pharma’, nutritional composition, susceptibility, longitudinal variation






Using identified rare variants in MC4R & MC3R to assess impact and frequency

MCA4R LoF mutations associated with BMI across the life course. Further, MC3R LoF mutations associated with lower height throughout childhood, adolescence and
these are effects which exceed polygenic contributions. early adulthood, with a trend towards lower lean mass and lower weight.
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Integrating evidence — studying both sides of the problem

Bringing in metabolite data from a general population:

Do the levels of those 72 metabolites get closer to those of a general population post-surgery?
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