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SERPINAL (Alpha-1 antitrypsin deficiency) (Silverman & Sandhaus, NEJM, 2009)

FAM13A (COPD susceptibility locus) (CRo et al., Lancet Respir Med, 2014)
HHIP (Lung development, FEV1/FVC) ( Sakornsakolpat etal., Nat Genet, 2019)

AHRR hypomethylation (Smoking exposure marker) (Lee et al,, Clin Epigenetics, 2016)

COPD-associated DMPs (BAL cells) (Eriksson Strém et al., AJRCMB, 2022)
Nrf2 pathway methylation (Oxidative stress) (Vucic et al., AJRCMB, 2014)

MUCS5AC upregulation (Mucus hypersecretion) (Chan et al., Nat Commun, 2022)
AT2 cell dysfunction (Alveolar repair impairment) (Sauler et al., Nat Commun, 2022)
CXCL chemokine signaling (Inflammatory endothelial cells) (Sauler et al., Nat Commun, 2022)

IL-6 (Systemic inflammation) (Dickens et al., Respir Res, 2011)
Fibrinogen (COPD exacerbation biomarker) (Dickens et al., Respir Res, 2011)
MMP-2/MMP-9 (Emphysema progression) (Mahor et al., BMC Pulm Med, 2020)

Ceramide (FEV1 decline) (Kim et al., Int J COPD, 2022)
Sphingomyelin (COPD-associated lipid metabolism) (Kim et al., Int J COPD, 2022)
Branched-chain amino acids | (Disease severity) (Labaki et al., Sci Rep, 2019)
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Why multi-omics in COPD ?

Example how multiple data types may interact
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Example involving 3 well-
studied pathways for breast
cancer: oestrogen
metabolism, DNA damage
repair and the cell cycle
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Why multi-omics in COPD ?

Multi-omics data repositories
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Table 1. List of multi-omics data repositories.

DATA REPOSITORY WEB LINK

The Cancer Genome Atlas https://cancergenome.nih.gov/
(TCGA)

Clinical Proteomic Tumor Analysis  https://cptac-data-portal.
Consortium (CPTAC) georgetown.edu/cptacPublic/
International Cancer Genomics https://icgc.org/

Consortium (ICGC)

Cancer Cell Line Encyclopedia https://portals.broadinstitute.

(CCLE) org/ccle

Molecular Taxonomy of Breast http://molonc.bccre.ca/

Cancer International Consortium aparicio-lab/research/

(METABRIC) metabric/

TARGET https://ocg.cancer.gov/
programs/target

Omics Discovery Index https://www.omicsdi.org

Subramanian et al, Bioinform Biol Insights, 2020

DISEASE

Cancer

Cancer

Cancer

Cancer cell line

Breast cancer

Pediatric cancers

Consolidated data sets

from 11 repositories in a
uniform framework

TYPES OF MULTI-OMICS DATA AVAILABLE

RNA-Seq, DNA-Seq, miRNA-Seq, SNV,
CNV, DNA methylation, and RPPA

Proteomics data corresponding to TCGA
cohorts

Whole genome sequencing, genomic
variations data (somatic and germline
mutation)

Gene expression, copy number, and
sequencing data; pharmacological
profiles of 24 anticancer drugs

Clinical traits, gene expression, SNP, and
CNV

Gene expression, miRNA expression,
copy number, and sequencing data

Genomics, transcriptomics, proteomics,
and metabolomics



Why multi-omics in COPD ?

Methods of Multi-omics analysis
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= Ritchie et al. classity multi-omics data
integration methods into these 2 classes:

(D Multi-staged approaches: consider different
data types in a stepwise / linear /
hierarchical manner.

@ Multi-dimensional  analysis:  consider
different data types simultaneously.

Two ways in which data sources can be combined

- 4 >

Analyzed separately
and then compared

2 2

Comparing genetic associations
with different phenotypes

Analyzed simultaneously

Integrated Networks

D

Use a mixture of the concepts, clearly
founded on the concept of a network
but they also draw on existing
biological knowledge and the idea of a
mapping from G 2 F

Environment

Multi-staged approaches

~ Phenotype first

™ m ™

Microbiome

Epigenome

- —— -

Genome

Genetics

Hasin et al, Genome Biology, 2017
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Why multi-omics in COPD ?

Multi-stage analysis
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Fig. 3 Genome first approach at FTO GWAS locus. Claussnitzer et al [168] combined genomics, epigenomiics, transcriptomuics, and phylogenetic
analysis to identify the functional elesment, the causative SHP, and the downstrearm genes meaediating the genetic effect at the FTO locus in
obesity. Circles repressent genes in the locus and yellow circles represent genes implicated by the respective omics data a Genomics: the FTO
locus, contaiming several genes (cincles), harbors the most significant obesity-associated haplotypes in hbumans. SNPs that are in linkage diseguilibriorm
weithy the risk allele are color coded—blue represents the non-risk (nomal) haplotype and red the risk haplotype. b Epigenomics: publically seailaible
epigenamic maps and functional assanyes were used to Nnarrows dowen the original assodciated region to 10 kKb containing an adipose-specific enbhancer
Chromatin capturing (HiO) was wsed to identify genes interacting with this enhancer. € Transcriptomics: this technigue was used to identify wihich of
the candidate genes are differenitially expressed betwwween the risk and nommal haplotypes, identifyimng IR 3 and IRXS as the likely dowenstrearn tangets. In
addition, conservation analysis suggested that rs142108S (SMNF that disrupts an ARIDSEB binding motif) is the causatine SHP at the FTOD loous. CRISPFR-
Cas9 aediting of rs14271085 from background (TT) to risk allele (O0) was sufficient to explain the observed differences in expression of IRX 3 and IRXS.

d Functional mechanisrme: correlation and errichment analysis were thaen used to identify potentially altered patbeeays that were then confirrmed by
in vitro arnd in vivo studies
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Hasin et al, Genome Biology, 2017
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Why multi-omics in COPD ?

Multi-stage analysis: Mol QTL

Steps:
(D associate SNPs with phenotype; filter by significance threshold

(@ Test the SNPs that are associated with phenotype with other omic data. E.g. check for the

association with gene expression data -> eQTL (expression guantitative trait loci). Also:
methylation QTLs, metabolite QTLs, protein QTLS -

3 (3) Test omic data used in step 2 for correlation with phenotype of interest.

aT -eQTL is-eOTL
Fans;esd Gene expression SNP Cls=el

Trans-eQTL: effect —{ = ﬂ mﬂ/\q

on remote gene —- n T
~— SNP  Gene expression

Cis-eQTL: effect on S | i
nearby gene {
00 A 0‘ A
0 0 A Phenotype 0 0 A Phenotype
A A
A A

Ritchie et al. Nature Rev Genet 16, 85 (2015) 11
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Why multi-omics in COPD ?

Definition of Mol-QTL

= |ntegrative analyses with multi-omics analysis
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Ivanova et al, Allergy, 2019 12
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Definition of Mol-QTL

= Molecular guantitative trait loci (Mol QTL)

* The most common type of human genetic variants, have important roles in shaping complex
numan traits and in causing diseases.

«molQTL analysis is a statistical method to link genotyping and molecular phenotyping data to
interpret the effects of genetic variants in complex traits.

 Transcriptom, Proteoim, etc are sensitive to batch effect, reverse causation, etc and can be
confounded by environmental factors.

* Mol QTL allows us to identity causal effects of various omics data.

* There are multiple open database: QTLbase (http://mulinlab.org/gtlbase)

Ye et al, Trends Genet, 2020 13
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Definition of Mol-QTL
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= Various types of Mol QTL

Protein-coding

eQTL
gene
Long noncoding IncR-eQTL
RNA
miRNA miR-eQTL
Circular RNA Circ-eQTL
sQTL
edQTL
APA apaQTL

Diverse populations [18]; cell ines/tissues
(e.g., monocytes [19], human placentas

[20)); diseases (e.g., schizophrenia [25]);
external stimuli [27]

Lymphoblastoid cell lines [36], tissue [39],
multiple sclerosis [38], cancer [40]

Blood [45], cancer [40]

Lymphoblastoid cell ines [47), dorsolateral
prefrontal cortex [48]

Population [56], diabetes [173], cancer [57]

Lymphoblastoid cell lines [67]

Tissues [72), cancer [74]

rs281437-ICAM1 [19)

rs420259-CTD-2196E14.9
[36]

rs7115089-miR-125b [45]
rs71023104-GircALOXS [47)

rs56048322-PTPN22
(skipping of exon 18) [173]
rs2028299; editing of ARPIN
[66]

rs17497828-3UTR of
MIER1 [53]

eQTLGen Consortium [31], PancanQTL
[26], NephQTL [32], eQTL Catalog [33],
ExSNP database [34], ImmunPop QTL
browser [35]

ncRNA-eQTL [40]

ncRNA-eQTL [40]

CancerSplicingQTL [57]

SNP2APA [74]

Ye et al, Trends Genet, 2020

14
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Definition of Mol-QTL
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= Various types of Mol QTL

Epigenome

DNA methyilation meQTL
Histone hQTL
modification

Transcription tfQTL
factor binding

Pol Il binding Pad Il QTL
DNAse | dsQTL
hypersensitivity

Transposase ATACAQTL
accessibility

PTSD B3], lung cancer [84]

Yoruba iymphobilastoid cell ines [92],
autoimmune thyroid diseases [95]

Immune, nervous, and metabolic diseases
=g
Yoruba ymphoblastoid individuals [92]

Yoruba iymphobilastoid cells [97]

Autammune diseases [98]

Protein and protein post-transiational modification

Protein pQTL

expression

Protaen PTM-QTL

post-transiational

modifications

Metabolome

Metabolites mQTL

Microbiome

Microbiome Microbiome
QTL

Body mass index (BMI) [105], height [140],

Parkinson’'s disease [108], lung disease
(109])

Huntington's disease [113]

BMI [117], kidney disease [118],

cardio-metabolic diseases [119]

BMI [122], inflasmmatory bowel disease
[127], heart disease, meningitis [128]

rs2736100-CpG methyiation
in promoter of TERT [86]

rs8134436-H3K27ac in
downstream of ICOSLG [94]

rs6537048-TFBS in
promoter of L. 15 [96]

rs12723363-FPol Il BS in
promoter of SNX7 [S2)]

rs4953223-accessibie
region upstream of NFKB
[27]

rs1217817-accessible
region in promoter of
MAP1B [98]

rs4129267-IL6R [106]

rs118005095-HTT
myristoylation [113]

rs4921914-formate [118]

rs11222579-Ruminococcus
(129

GRASP [88], CDEG [89],
Pancan-meQTL [90]

Obesity cohort [105]

AWESOME [115]

UK Biobank [121]

UK Twins [129]

Ye et al, Trends Genet, 2020

15
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Mendelian Randomization

= Thefundamental idea: IT we cannot randomize the exposure, we can find a randomized
instrumental variable to disentangle

- Confounding

e Reverse causation

Confounders

Mol QTL / \
|
| |

GeneticVariant ——s Intermediate exposure —— Disease outcome

Transcriptome
Proteome

Microbiome, etc

Ye et al, Trends Genet, 2020 16



Mendelian Randomization

= Coreassumptions

A Conceptual Model

genetic

confounder(s)

variant

exposure
of interest

>

C Assumption 2

-~
genetic |-~

outcome

confounder(s)

//

S\

>

variant |

exposure
of interest

>

Ye et al, Trends Genet, 2020

outcome

B Assumption 1

genetic
variant
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confounder(s)

exposure
of interest

>

D Assumption 3

genetic
variant

outcome

confounder(s)

>

\

~

~

exposure
of interest

\___®___/’

Figure 2. Conceptual illustration of the MR method and its three underlying core
assumptions as directed acyclic graphs. (A) Conceptual model. (B) Assumption 1. (C)
Assumption 2. (D) Assumption 3.

-~

outcome
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Mol-QTL: allergicinflammation

Integrated genetic and epigenetic analyses uncover MS/2 association
with allergic inflammation

Kyung Won Kim, MD, PhD * « Sang-Cheol Park, PhD * « Hyung-Ju Cho, MD, PhD ~ = ___
Chang-Hoon Kim, MD, PhD < » Sungho Won, PhD = * Myung Hyun Sohn, MD, PhD = = = =

J Allergy Clin Immunol

Genetic variants
Tissue eosinophilia
(A Local allergic inflammation

"-;,_ ::: I § § § \ SNP CpG |nteract|.:|n :j rBHEI'mClniza’linn
~
b J - '.
oNAmetaion TOBOBTGTT -

/& h ’ MSI2, CAMK1D etc.
-

M52, Musashi RNA binding protein 2; CpG, 5 -C-phosphate-G-3';
CANMK 1D, Calcium/calmodulin dependent protein kKinase 1D

Kim et al, J Allergy Clin Immunol
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Mol-QTL: allergicinflammation

DNA methylation
Atopy (n=73), Non-Atopy (n=61), Normal (n=20)
Eosinophilic Tissue (n=59), Non-Eosinaphilic Tissue (n=73), Normal (n=20)
Infinium MethylationEPIC array (865,918 CpGs)

Background Correction & Dye Bias Equalization

Ambiguous Symptoms (n=25)

Exclude Low Quality or Outlier Samples

r—

n=3)

Quality Control (filter low quality CpGs )

Normalization (BMIQ)

ANOVA with post-hoc Tukey HSD Test

\i

/

GWAS
Atopy (n=72), Non-Atopy (n=61)
Eosinophilic Tissue (n=58), Non-Eosinophilic Tissue (n=73)
llumina GSA array (700,078 SNPs)

» 13,556: DMPs

Atopy analysis

* 47: DMP-enriched genes
+ 148: GO pathways

Tissue eosinophilia analysis
+ 24,114:DMPs

+ 44 DMP-enriched genes

+ 144 : GO pathways

Eosinophil : 1,784

: SNPQC
MEFTIX eQTL « Sex, chromosome, Multiallelic SNPs, INDEL
' L|'nearmodel and ambiguous SNPs (- 30,569 SNPs)
+ Cis-meQTL + P-value of HWE < 1x10%(-145 SNPs)
analysis (500kb) + Missing genotyperate > 0.05 (- 5,003 SNPs)
+ FDR<0.05 + MAF <0.05 (- 381,276 SNPs)
SubjectQC
+ Missing genotype rate > 0.05
CpG-SNP pairs
Atopy: 723 | Clean Data

+ 283,0855NPs

Kim et al, J Allergy Clin Immunol
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cg05550635 (5)

Atopy

logsy (1gE)

1

Non-Atopy

3

€g05560635 ()

??g

-

T T/C C/C
rs877071
(Atopy)

™T T/C C/C
rsEIT7071
oooooo

o
0
a

o
()
o

o
©
a0

allele
99999

/T T/C C/C
rs877071

T/T T/C C/C
rs877071

2
100 (I9E)

Model

Odds Rarios 0524 CI Pvalue
Avtopy ~
Model 1 *
CpG (cg05560635) +20 PC™
CpG (cg05560635) 9.24 x 10'® 3.17 ~6.29 = 10*° 072
Comp 1 4 46= 10 3.33 % 10™-1.17 = 10™ 007
Model 2
. 013 2.27 = 10%-5.46 = 10! .009
Expression (NAFETE)
Model 3 *
1 CpGs + 20 PC™
+ Expression
CpG (cg05560635) 6.95 % 107" 2.45 = 10% - 1.64 = 10'® .046
Expression = (MSI2) 6.45 = 107 1.76 x 10°° - 3.72 = 10" .039
Comp 5 5.92 % 10'2 1.09 x 10* - 3.67 =< 10%® .026

19



MULTI-DIMENSION ANALYSIS



Multi-omics Integration strategy

Medical science & Bioinformatics
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Concatenated features Doerr s | easssesiiny Proteomics
A ared latent factors \ .
) Interpretation | | - - 1 | 1=l =P ==
of latent factors | % E:-’[ h?f;']-’{]hlpm:z;m'cs] 37 "X‘ M U Itl OMmICS O H o 1o H
| . P .
Genetic : : -
\ : FE--R Early Integration
P1+P2+P3£P4features i ﬁfg::::zrsy i Metabolomics _ | nterm ed |ate | ntegratlon
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[ é@ Single model / predictor ¥ Rl L : (A U o
] | Metabolic ! '
[ QE} Model / predictor : }"’; pathways | L | J o L
! . —— H O
: \ i AR - = O Moo= S 2 Late Integration
].I.l Single integrated result 0 00o Integrated
j [ l.l]. Prediction / result C Y interpretation
Combine multi-omics features first, Learn shared latent factors, Analyze each omics separately,
then learn one model. then interpret biological signals. then combine results.

\ 9 Py

21



Multi-omics Analysis Examples

Farly Integration &4 Af2ll: Atopic dermatitis paea, 2001 Alerey
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Allergy

EUROPEAN JOURNAL OF ALLERGY
AND CLINICAL IMMUNOLOGY

EAAC

LETTER TO THE EDITOR

Multi-omics analyses implicate EARS2 in the pathogenesis of
atopic dermatitis

Jaehyun Park, Sharon M. Lutz, Seungil Choi, Sanghun Lee, Sang-Cheol Park, Kangjin Kim, Hosik Choi,

Hansoo Park, So Yeon Lee, Scott T. Weiss, Soo-Jong Hong, Bong-Soo Kim }¥%, Sungho Won j¥%

Data merging

(88222
28222
22222

454 pyrosequencing

\ (149 samples) /
~N
ad2ddd

Tlumina Miseq
(48 samples)

22232
2

Dataset 1

(58 samples) )

adad

Dataset 2
(40 samples)

&

g

o

Common sample
extraction

Sample division

\\
asad
adad
Microarray

(94 samples) Y,

Microbiome

\ (197 samples) /
90000
aaaas

22283

Metagenome Shotgun
(98 samples)

v

=

p |

22284
adddd

Common samples
(84 samples)

-\_/

1-
Set 10

(8~9 samples / set)

Test set in fold 1

Test set in fold 2

Test set in fold 10

Selection

Variable probability (%)

transcriptome

EARS2 100
transcriptome SGOL1-AS1 80
transcriptome LINCO1036 60
transcriptome C160rf72 60

metagenome Carotenoid 60

biosynthesis

Data extraction

Group information

Average

coefficient

7 061 1.166x103

7810 16.610

3474 32.266

4.589 98.396 Metagﬁz::i:::t;t:i?;%)/
e 0.656

Unexplained (61.47%)

/\ '
Microarray (32.66%)

Feature selection & data merging

Outcome variable

s (AD/control) N
@ [ — Microarray data il
1YY Y Y
a 8 a ‘ — Microbiome data ~ ——— DIABLO Merged dataset
o (mixOmics) (Traming samples)
Traming samples — Metagenome shotgun
(75~76 samples) data
\ T
Clinical variables
Prediction model building l
Q
[ Merged dataset Prediction model Predicted probability
—)

Test samples
(8~9 samples)

(Test samples)

(LASSO / ridge regression)

Probability prediction

(Test samples)
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Multi-omics Analysis Examples

Early |ﬂtegrat|0ﬂ _E_A%I A"Eﬂ COPD mUlt|_Om|CS SU btyplﬂg [Gillenwater, LucasA., etal., 2021, Plos one]

PLOS ONE ——
Transcriptomic
N=2,637
{ features =18,487
RESEARCH ARTICLE /
Multi-omics subtyping pipeline for chronic 1. Filtering TRESRptomls
obstructive pulmonary disease U“'F’g‘a’tfl:':::"e features =1,889

Lucas A. Gillenwater' =2, Shahab Helmi2*, Evan Stene®*, Katherine A. Pratte’,
Yonghua Zhuang?, Ronald P. St::huylta-r']g)“"lb Leslie Lange®, Peter J. Castaldi®, Craig
P. Hersh®, Farnoush Banaei-Kashani?*, Russell P. Bowler' *, Katerina J. Kechr|s®3*

Omics

> COPD Gene cohort » Transcriptome (Bulk) reduction

2. Dimension

» N =489 (COPD: 232, non-COPD: 267&)  » Proteome

> Metabolome

» COPD phenotypes
CIE 02171X| phenotypes

4. Evaluation

3. Subspace Clustering of Subtypes

Subtypes

= Autoencoder: omics & autoencoder embedding i<
= Farly Integration: Transcriptome, Proteome, Metabolome embeddings concatenation

= Clustering: k-means, hierarchical clustering & Cret clustering 72 0|81 4712 subtypelL= +&

_I_

= ANOVA: 273712 Y& HaS0ll BHott 4702 subtypedi| A w2leh X107 /= A HE HF

(7=l

o

P A H= BlUS)
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Intermediate Integration &9 Ar2ll: COPD multi-omics subty ping e e, et ot 2006, preprin

H¢

medRyiv 3

Omic x Factor

MOFA

THE PREPRINT SERVER FOR HEALTH SCIENCES

A Follow this preprint
O)
Integrative multi-omic analyses identify major axes of heterogeneity in chronic

Factor x Sample

R

Factor loading
=Do_.
==

=
ESoi

obstructive pulmonary disease and uncover their molecular contributors :
0000 Spirometry 51
Arda Halu, Matthew Moll, Chengyue Zhang, Leonardo Martini, Per S. Bakke, Russell P Bowler, Peter ]. Castaldi, - ' — LIP
Michael H. Cho, Dawn L. DeMeo, Kimberly Glass, Craig P. Hersh, Brian D. Hobbs, Edwin K. Silverman
doi: https://doi.org/10.64898/2026.01.22.26344654 f

COPDGene

a

» COPD Gene cohort » Ol /s & A& » Genome @
> N=1872% (COPD) » 8 CT Z4 =X X|E > Transcriptome (Bulk) : )
> Ao =K > Proteome > >
> J|EF A 21 Blood counts Phenotype quartiles

= MOFA(multi-omics factor analysis):
MD# %t ~Q olMtﬂA gg—w SH A 57@%

—/ O =

TE| @A T0|HE S&2 & Ha42 S2fo0] COPD 2HAF 12| 0|2 d&
A

 GFLASSO: H 7150L} 852 CT 94 § 43 MREA7} Sliz Ofed 14 TIZE SO, Ol 2400] A8 X

. bkl MY R (GLM), Cox B2l 98 DY MOFAS S8l S22 &7 2010] I 7|, B2 CT G4, Ho 2% 3! X
U0l0f| oSt ALYE S BHXL| AX| AL B Ofi St EH X Qipkg0| Q=X ot y



Multi-omics Analysis Examples

Intermediate Integration 241 Aell: COPD multi-omics SUDTYDRING taetalu. et ol 2006, preprint

&®MOFA (Multi-Omics Factor Analysis) ¢t ?

Latent factors
sample x factor scores

MOFA

factor model
Transcriptomics
EEE-.

mics }

Feature weights
omics drivers

rote

o
o

shared/specific signal

N N )

Variance explained }

'R
il
il
il
il

/ Matrix factorization view \

Yn=Z -W_,T+¢g,

kYm: mH#RM omics data | Z: latent factors | W,,: feature Weight5/

= Argelaguet, Ricard, et al., 2018, Molecular Systems Bio., 218: 1,651=

G2 omics matrixE sA0| &I =2 2F= unsupervised factor analysis
= 2 [atent factore &4 =8 B =S LIEtH
= Factor weight = olig factor & 23&0ot= omics feature?| 7|{=E Q0

MOFAEZ omics E the 2 ofX| 2410, omics 2 85 3 £E0| 1=5Z latent factor = Sf&0of= intermediate integration 2&
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Intermediate Integration 241 Aell: COPD multi-omics SUDTYDRING taetalu. et ol 2006, preprint

o Cod "F:.--.:
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&®Latent actor% COPD phenotype#ﬂ R

LF9

FEV1 post-bronchodilator
FVC post-bronchodilator ¢
FEV1/FVC post-bronchodilator ®
DLco % predicted GLI
Six-minute walk distance (ft) é
Neutrophil percentage
Neutrophils (K/uL) e
Hemoglobin (g/dL) 9

Percent emphysema

Adjusted lung density [ ]

Airway wall thickness (Pi10)
Wall area percent

HU 15th perc at full inspiration ®

@

w
[}
-’-0—-0----»-0--‘

B o T RUCRE

L L

{

5
L L

—0.25 0.00 0.

25

~0.25 0.00 025 -0.25 0.00 025 -025 0.00 025 —025 0.00 0.25

b LF1 LF3
.= o -

) o

Q—‘S ‘ S s
igd

o B}

- BEHES

L ¥ 8
o
o

Factor loading
Factor loading

1 !
o oooq-.«««knooooo (]

S

o
o® élmo ococo

Factor loading

N ® o am)lc-oo o

Neutrophil Hemoglo

obin

quartile quartile

LF1 o
LF2 ;o
LF3 o{}—e—
LF4 A [
LF5 - ®
LF6 q
LF7 4 ®
LF8 A °

LF9 A ®

LF10 A L/

0.8 1.0
Hazard ratio

I latent factor& COPD phenotype & mortalityer 32010 disease heterogeneity2| &2 =& 43

d

Survival probability

1.00

0.75

0.50

0.25

0.00

Beta

LF5 LF8 LF9

1 1 1 1
o mﬁl»m @o

) oo(mooooaﬂ'»hnon om o
0 o@D @ cmdl_m o
o @oam 00 '.quI<ba>o<m

Factor loading

8 ol o
! T T T T

lllll

Neutrophil percentage Neutrophil Percent emphysema
quartile quartile quartile

Strata == LF3 Q1 == LF3Q2 = LF3Q3 == LF3Q4

0 1000 2000 3000 4000 5000
Time (Days)

FO|

L

ior

Results
- MOFA latent factors & Y57t lung function, chest CT imaging,

blood count phenotyped} &

- LF3=all-cause mortality 2t= &2t

- factor loading2 phenotype quartileE £ H| I SFH patient
subgroup AO[Z oA

= [nterpretation
- Zf |latent factor= SfLES] COP subtypeO\EV\EQ COPD
heterogeneity S 230tz 542 biological axisZ oA 7ts

- Y& phenotypedtfactore| AE2= =l HE molecular axis/f 0
COPD E41f ¢t =[=X] mef
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Late Integration 24 Argll: Heavy metal exposure and its effect on APOC3 i eral 2025

Journal of Hazardous Materials 482 (2025) 136574

Contents lists available at ScienceDirect

Journal of Hazardous Materials

o (-]

;
4% (1S
i

ELSEVIEI]

>4 journal homepage: www.elsevier.com/locate/jhazmat

Exposure areas (envirenmentally Control areas (n=204)

Heavy metal exposure and its effects on APOC3, CFAI, and ZA2G Ity

Nam-Eun Kim “-', Min Heo ”, Hyeongyu Shin ”, Ah Ra Do “, Jeeyoung Kim ¢, Hee-Gyoo Kang °,
Sora Mun ©, Hyun Ju Yoo ', Mi Jeong Kim ’, Jung-Woong Kim #, Chul-Hong Kim #,
Young-Seoub Hong ', Yong Min Cho’"“, Heejin Jin“, Kyungtaek Park *, Woo Jin Kim %> -*
Sungho Won *-">%" "2

5

Volume: 46, Article ID: e2024062, 12 pages
https://doi.org/10.4178/epih.e2024062

DATA PROFILE

Epidemiology
and Health

Introduction to the forensic research via omics markers
in environmental health vulnerable areas (FROM) study

Jung-Yeon Kwon', Woo Jin Kim?, Yong Min Cho’, Byoung-Gwon Kim'#, Seungho Lee'#,
Jee Hyun Rho', Sang-Yong Eom?®, Dahee Han?, Kyung-Hwa Choi®, Jang-Hee Lee?,
Jeeyoung Kim?, Sungho Won?, Hee-Gyoo Kang®, Sora Mun®, Hyun Ju Yoo'°,
Jung-Woong Kim'', Kwan Lee'?, Won-Ju Park'?, Seongchul Hong'4, Young-Seoub Hong'#

vulnerable areas) (n=953)

Refinery 1 (n=122)

Abandoned metal mine
(low) (n=74)

Abandoned metal mine _|:

(n=142) Abandoned metal mine | | | Control 1: Gimhae 1 Cantrol 2: Gimhae 2

(high) (n=68) (n=35) (n=42)

Control 3: Pohang Control 4: Suncheon

Refinery 2 (n=121) (n=30) (n=50)

Waste indicator (n=55) | |

Coal-fired power plant _ ; Control 5: Jeju
(h=113) Cement factory (n=92) (n=d?)

Crowded area of factories (grade 1) (n=68)

High-exposure particulate matter (n=240)

Cement factory

Refinery 2

Waste incinerator

Contral 3
Refinery 1

Control 1(10.9 km)

Abandoned matal mine

Crowded area of factories (grade 1)

Coal-fired power plant

Control 2 (17.1 km)

Control 4 (40.4 km) High-exposure particulate matter

Contral 5
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Late Integration &4 Argdl: Heavy metal exposure and its effect on APOC3 ki etat 205
‘Q QIZI|)\ AHIE Equl H 10 5%;

B2 9K Of: BSR4, DA(E), SE(H )
CHZ=X| . 4ol
/ Clg:f;lgg;l ta \ Association analysis with each omics data and area
» Area, Exposed heavy metal, 1 1)Epigenetic and clinical data (n=288)
Clinical variables 2)Proteomic and clinical data (n=294)
3)Metabolomic and clinical data (n=291)
Proteomic data
(N=294) N\
" 243 expressed proteins Integration of two omics layers
/ . \ 2 1)Epigenetic, proteomic and clinical data: Meta P-value analysis, GEO replication (n=288)
Metabolomic data 2)Proteomic, metabolomic and clinical data: Mediation analysis, KEGG pathway analysis (n=291)
(N=291)
* 132 metabolites \
/ ) . \ Integration of three omics layers
Epigenetic data
— » Epigenetic, proteomic, metabolomic and clinical data (n=28&88)
(N=288)
- 192,178 Differentially 3 1)sPLS-DA o . .
methylated regions (DMR) 2)Pie chart: Relatl've .31gn1ﬁc'ance of data laye_rs in deviance o '
3)Network analysis: interactions between omics markers heavy metal by statistical analysis or
[ Genetic data ] public database connection

\\k _y/ 4) Association analysis: linear regression between omics markers and clinical variables by area

N
Genetic data GWAS for candidate omics markers One-Sample Mendelian randomization
(N=256) 4 « methQTL, pQTL, and mQTL 1)Exposure: DMR, Outcome: protein
* 5,199,832 SNPs (n=256) 2)Exposure: protein, Outcome: metabolites
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Late Integration 249 At2ll: Heavy metal exposure and its effect on APOC3 ki erat s

V S=pSjebc

T O Tl L—

= Method

A -

- Meta-P EA

= Results
- O|E20|
M| 5| O]

L —1 e T

=
CHEH] B @FX|F0|M 7ot S7tE B9,

SHKO) A BEXOR QO[3 QT £

CHEHA| O] K|S 2910 Q0| S Eotst 2M0) A 5712 SH™AIIF ©O8HA| LIEFL,, APOC3

Rzt

_ _ Methylation Methylation _ _
Gene name  Ensembl gene id Methylation Protein t* Protein P Meta BH-P
meta t* meta P

APOH ENSG00000091583 |chrl7: 66251975-66252185 0.55 0.58 5.1 5.2E-07 0.001
APOC3 ENSG00000110245 |chrll: 116827606-116827714 2.5 0.013 4.0 9.4E-05 0.003
A1BG ENSG00000121410 |chrl9: 58351984-58352158 1.74 0.08 3.8 1.5E-04 0.026
APOC1 ENSG00000130208 |chrl9: 44918454-44918752 0.20 0.84 4.8 3.2E-06 0.006
CFAI ENSG00000205403 |chr4: 109792432-109792513 1.09 0.28 5.4 1.2E-07 1.04E-04
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ate Integration 249 At Heavy
O

= - THER| - CHARN| 2Fe) @1afA ==

= Method

- Mediation analysis

= Results

-

- = =AG0M bCdet bHg/t S7r2 T, 242 APOC32F ZA2G NS

[¢)

= S

0 Inosine

&

etal exposure anditseffect on APOC3 wimerat 200

<Metabolites>

BIOSTATISTICS

Medical science & Bioinformatics

monophosphate(IMP), 3-phosphoglyceric acid(3PG), Serotonin EIAKIYF S716I &

Heavy metal Protein Metabolite Effect size Effect size Effect size
_ P(M) BH-P(M) BH-P (D) P(T) BH-P (T)
(treatment) (mediator) (outcome) (M) (») (T)

IMP 0.0170 <0.001 <0.001 0.064 0.038 1.000 0.081 0.0160 0.592
Serotonin 0.023 <0.001 <0.001 0.138 0.004 0.156 0.160 <0.001 <0.001
Linoleic acid 0.0068 <0.001 <0.001 -0.033 0.016 0.592 -0.026 0.056 1.000
bed APOCS C24 Cer 0.0079 <0.001 <0.001 -0.0195 0.188 1.000 -0.0116 0.428 1.000
PE(16:0/18:2) 0.0114 <0.001 <0.001 0.0181 0.458 1.000 0.029 0.212 1.000
3PG 0.0125 0.002 0.064 0.115 0.000 0.000 0.127 0.000 0.000
IMP -0.0144 0.002 0.084 0.061 0.000 0.000 0.046 0.000 0.000
3PG -0.0099 0.002 0.084 0.068 0.000 0.000 0.058 0.000 0.000
bHg 2 AG Serotonin -0.0166 0.002 0.084 0.077 0.000 0.000 0.060 0.004 0.100
Spermidine -0.0088 0.002 0.084 0.051 0.000 0.000 0.042 0.000 0.000
FBP -0.0119 0.002 0.084 0.022 0.330 1.000 0.0103 0.630 1.000
Putrescine -0.0089 0.002 0.084 0.0053 0.696 1.000 -0.0036 0.834 1.000
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Late Integration =4 Af2l: Heavy metal exposure and its effect on APOC3 wmeraians

¢

2474

= Method

OH |
L =

2ot 2

L L=

= Results

-7

‘ my
=

M| - THaHA]|, (2 THHA] - CHARA] 2] Qla}

(MR; 2-stage least squares)

CHIEK] ZE Al IMP, 3PG, Serotonin CHAMM[ 7t S71ot3H S

Weak Instrument

RET

{Methylation)

<Protein>

APOH Of|E12{|0| 4 0] HHopetofl 2 APOC3, CFAI, ZA2G IR 7 SR T, @ F X[H0i A APOC3, CFAI EEA| 7t ZA2G

Exposure Outcome P_value DWH P-value  Sargan P-value Estimate ()
APOH (ME) APOC3 (P) 3.7E-24 0.174 0.32 -0.22 0.017
APOH (ME) CFAI (P) 9.3E-23 0.130 0.24 0.176 0.035
APOH (ME) ZA2G (P) 8.5E-47 0.076 0.66 0.139 0.048
APOCS3 (P) IMP (M) 7.5E-18 0.53 0.95 0.30 0.023
APOCS3 (P) 3PG (M) 7.5E-18 0.28 0.67 0.32 0.009
APOCS3 (P) Serotonin (M) 7.5E-18 0.26 0.83 0.56 0.003
CFAI (P) IMP (M) 4.3E-21 0.099 0.88 0.86 <0.001
CFAI (P) 3PG (M) 4.3E-21 0.82 0.87 0.44 0.038
CFAI (P) Serotonin (M) 4.3E-21 0.76 0.69 0.94 0.004
ZA2G (P) IMP (M) 1.80E-24 0.72 0.25 -0.40 0.014
ZA2G (P) Serotonin (M) 1.80E-24 0.64 0.44 -0.58 0.015
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Late Integration &4 Argdl: Heavy metal exposure and its effect on APOC3 ki etat 205
¢ [}5 29]A9 ot Ha Fe HEQIT 2

= Method
- OE2HEM (multiple linear regression) & Mediation, MR 22 F2|

= Results

Methylation
APOH

Cm . \
i % W 8

Heavy Metals Proteins Metabolite
A Methylation APOC3 S
Y Protein (C o Cadmium = ~ e
{) Metabolite : CFAl oy MP
l@i Heavy-metal Mercury Serotonin Worsening
pollution ~ T - Liver
Function

Red lines signify positive correlations, whereas blue lines represent negative correlations, in association test, mediation analysis, and MR. Arrows at the end of lines
indicate relationships identified through MR and mediation analyses, while lines without arrows represent results from association tests. The intensity of the color and
thickness of the lines reflect the effect size and level of significance, respectively.
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Multi-omics Analysis Examples

Late Integration 4 Arddl: air pollution-related proteomic analysisin COPD (npuisheddaai

Control

> ' ‘ > N=4863 (COPD: 318, non-COPD: 168%)

» Main analysis: male-specific

Omics

(NOs, Oa, PM 44,
PM;5) @ COPD . .

» Genome
AIr pollutant exposure-related proteins kel Sl COPD-related clinical indicators
l Phenotypes

» Air pollutants
-NO,, O3, PMyg, PM, ¢

s

» Proteome

175 Blood proteins

Meet-in-the-middle approach

» COPD phenotypes
- COPD #&ITt
Mediation analysis One-sample Mendelian Randomization -COPD phenotype S (FEV1, FVC, FEV1/FVC)

(I

= Air pollutants exposure-related plasma proteins 4
= Meet-in-the-middle analysis: Proteins - COPD-related clinical indicators associations

= Mediation & One-sample MR: air pollutants — proteins - COPD-related clinical indicator pathway
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DIscussion

= Thegoal of biosciences: Full understanding and predictive modelling of biological systems
= Buttheglobal genome-wide studies describe systems of a size that cannot be modelled to this level in the foreseeable future.
= Functionalinterpretation is attempted by integrative studies and systems biology but both of these techniques are still too
high level to provide full functional explanations at a molecular or atomic level.
= Thislevelof understanding will be the result of bottom-up approaches which provide a more detailed understanding of
smaller systems or fewer genes.
=  Weare presently seeing therise of high throughput studies.
« Thenearfuturewill probably see Mathematical Modelling being important to everyone.

« and/or advances on Integrative Biology (top-down) & Systems Biology (bottom-up) and its relations
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