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Lipid metabolites

 Glycerolipid: N
. Diacylglycerols (DAG) t t
. Monoacylglycerol (MAG)
. Triacylglyceroles (TAG) LPC

LPE

 Phospholipid:
. Phosphatidylethanolamine (PE)
. Lysophosphatidylethanolamine
(LPE)
. Phosphatidylethanolamine
plasmalogen (PEP)

PCP

PE

. Phosphatidylserine (PS) PEP

. Phosphatidylserine plasmalogen
PPy T .
Phosphatidylinositol (PI) PS

PSP

Phosphatidylcholine (PC) €D, Sl
Lysophosphatidylcholine (LPC) SN
Phosphatidylcholine plasmalogen

(PCP) o
. hydroxylated phosphaticylcholine mac
(HPC) -

e Cholesterol ester (CE)

 Sphingolipid:
. Sphingomyelins (SM)
. Ceramide (CD)
. Sphingosine

*  Untargeted lipids: = 6,000 Partial correlation matrix of 200 targeted lipid
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Lipidomics

e Lipidomics:
 Hundreds of thousands
o Structurally diverse
e Intact lipid metabolites
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Analytical approaches in
metabolomics studies
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Single-point approaches * Network/pathway analysis
Analyzing unit: individual metabolite e Analyzing unit: Pathway
A large number of independent  Consider interactions and
statistical tests dependences in pathways
Stringent multiple-comparison * Relax multiple-testing burden
correction » Consider prior biological knowledge

Generally assumes no prior information
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Usefulness of network/pathway
analysis

 Network/pathway analysis:
 Pathway network building
 Dimensionality reduction
 Metabolic pathway detection

« Utilize pathway topological information in
regression model
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Step 1: Global network construction
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Step 2. Major subnetwork detection
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Step 3: Network-based regression

* Subnetwork score= };, W;X; $32
 X;: Concentration of lipid &N | -..".o
metabolite Xy 0“'
» W;: Network topology :' PolL
structure weight o W ok,
+ Upweight hub metabolites ... ...o
« Downweight non-hub .°:
metabolites Hub meftabolite

l

 |nclude subnetwork scores as
_ _ Non-hub metabollte
exposures into regression model

Photo source: Ann Emery. Social Network Analysis by Twitter
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Major subnetworks and CVD
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Associations between major subnetwork scores and CVD risk

Cox model stratified on intervention group and included
age, sex, BMI, family Hx of CHD, smoking, HTN, DM,

dyslipidemia & all 4 subnetwork scores
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MedDiet and subnetwork

2 intervention groups combined

Subnetwork 1

MeDiet e P interaction =0.35
Control — & 4
MeDiet ——i P interaction =0.03
1
Contro
Subnetwork 3
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Control

— p
Subnetwork 4
el P P interaction =0.13
Control -

04 06 08 10 12 14 16 18 20 22 24

HR per 1-SD subnetwork score
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Step 4: Metabolic pathway detection

 Further removed paths:

FDR adjustment

« Repeat Greedy
Optimization algorithm

o Pathways:
« Small-scope

* Lipid metabolites
closely connected
within pathways

 Potential biological
functions
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Metabolic pathways and CVD

Pathway 1: Phospholipids with

fewer number of double

Pathway 2: Phospholipids and
CEs with more double bonds

Pathway 1 F
Pathway 2 *

Pathway 4 H

Pathway 3 B
F
F

Pathway 5 —

-50% 0% 50% 100%

% changes in the risk of
cardiovascular disease associated
with 1-SD increment in pathway
scores

PCE6.1 PE42.11.
PC.40.6. 36.1. i
PC.38.3. :
oy, DL PEP38.7. B P
PC.36.3. RO
PC@6.2. PE.44.13.
PLEA.0. PLRp N
r@ PC34.2PC.34.3. N
CE.18.3.
PCH22e s s,
LPC:14.0. PC40.10.
Pathway 3: Ceramide Pathway 4: Sphingomyelins and PCP:34.4.
pathway CEs with fewer double bonds PCPA4.1.
pcp38CER6.1,
PSPB6.1.
PCP.36.2.
Cer®4.1. oobhics PCOROA. pepm. /i
et e
7 FE R CP3@EP 36.1
Cefll6.0. - PEP40.7, o PEP.36.1.
B Pt -5.2oPCP34.5 PEP38 3.
PEP 3853 PEPS]
CE.16.0. %ﬁgﬁ%éppﬁf
. ] CE 13,0, ) EP.36.3.
Cer@2.0. . SHi¥%%6.0. cr152. PspB6.2. F_’EP%ZE-)
PEPSRIEP.39HP34.3.
SM.18 921
" SMAM22 L oo 0,
TAG54.10.
Pathw : Plasmal n
9 Lo athway 5: Plasmaloge

B0 HARVARD | scHool oF puBLIC HEALTH

phospholipids

\"\'}0/‘ 'I' H c H A N Powerful ideas for a healthier world



Metabolic pathways and CVD

Pathway 6: DAGs & TAGs with
saturated fatty acyl chains

Pathway 7: DAG & MAGs with
stearic acyl chain (18:0)
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Pathway 10: Lyso-phosphalipids, PCs
and CEs with more double bonds



Interaction between MedDiet &
ceramide pathway
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Summaries & Conclusions

4 major subnetworks & 10 metabolic pathways were
detected based on the topological structure

« Degree of unsaturation is major driving force
underlying the network general architecture

 Divergent associations of the major
subnetworks/metabolic pathways with CVD risk

 Novel pathways:
« HPC pathway
 Pathway including DAGs & MAG with 18:0
« Ceramide pathway

MedDiet intervention could potentially modify
association between lipid pathways and CVD risk
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