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Multi-omics data promise to revolutionize biomedical research
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How can we think about exploring genomic data?
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How can we think about exploring genomic data?
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How can we simultaneously explore two datasets?
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Multiset Correlation and Factor Analysis combines these

Vi =ZW, + X1L{ + e

Yy *ZW,) + X, L) + e

Shared factors Private factors :
. . Residual
and loadings and loadings
RNA Protein CCA RNA PCA
° SRA Seq Center
o 2 e hispanic e Broad
o chinese e UW
e white
°| e black z
Sex ) a.'
~ e female ~ o ¥ o °
~~ Y x male _|_ b X QA T ¢
YRNA ~ o o of .’\-i:‘:’;'-\f .:\:zr.‘:;o"%’ :-)‘..
v, 0s N Bl W
o et 3 v
¢« st *

CC1 PC1



Multiset Correlation and Factor Analysis combines these
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MCFA has numerous advantages

e Elegant approach to multiset CCA e \Works with any data type

o Strong theoretical connection o No “gene scores’

e Calculations done in PC-space e Factor loadings are interpretable
o Extremely efficient, controls over-fitting o Similar to regression coefficients

e No hyperparameters to tune e Fully unsupervised!

o Self-selected with random matrix techniques o Supports exploratory analysis




MCFA finds structure in 614 multi-omic samples

Percent variance explained

Expression
Methylation
Protein

Metabolite

Space
[ Residual
3 Private
E= Shared

0.0

Percent variance explained

Expression 0.08
Methylation 0.06
, 0.04

Protein
-0.02

Metabolite
-0.00

5

P
0

12345678 9101151314
Shared dimension



Shared structure reflects demographics and site

UMAP axis 2

Shared factors
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Private structure captures omic-specific effects
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MCFA further captures environmental differences and
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There are multiple ways to integrate genetic data

1. Include genetics in the MCFA model

a.
b.
C.

Somatic variation
Copy number variation
Known functional SNPs (eQTLs, etc)

2. Think of factors as “latent phenotypes”

a.

Factors learned on molecular data may represent
coordinated biological activity

These may be affected by genetic variation

Look for genetic associations with latent
phenotypes (GWAS)

Latent factor
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GWAS can be used to integrate genetic data

Are genetic associations with shared factors enriched for known GWAS hits or trans-eQTLs?
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Top SNPs implicate lipid metabolism near FADS1, FADS2 genes

Trait rs ID Chr Position Gene p-val_F7

Red blood cell fatty acid levels  rs174541 11 61565908 FADS2  0.000043
Metabolite levels  rs174549 11 61571382 FADS1,FADS2  0.000056

Blood metabolite levels  rs174556 11 61580635 FADS1,FADS2  0.000057

Height rs7184046 15 75866150 PTPN9  0.000061 Percent variance explained

Plasma omega-6 polyunsaturated fatty... rs174555 11 61579760 FADS1,FADS2  0.000064
Phospholipid levels (plasma) rs1535 11 61597972 FADS2  0.000083 EXPI'ESSiOH

Plasma omega-6 polyunsaturated fatty... rs174537 11 61552680 MYRF TMEM258  0.000109
Phospholipid levels (plasma) rs174536 11 61551927 MYRFTMEM258  0.000109 Methy| ation
Cholesterol, total ~ rs174554 11 61579463 FADS1,FADS2  0.000117
Plasma omega-6 polyunsaturated fatty... rs174547 11 61570783 FADS1,FADS2  0.000127
Plasma omega-6 polyunsaturated fatty... rs174550 11 61571478 FADS1,FADS2  0.000127

Protein

Plasma omega-6 polyunsaturated fatty... rs174546 11 61569830 FADS1,FADS2  0.000127

Red blood cell fatty acid levels  rs174545 11 61569306 FADS1,FADS2  0.000127 Metabolite

Blood metabolite ratios  rs174548 11 61571348 FADS1,FADS2  0.000253

1234567 891011121314

Triglycerides  rs174529 11 61543961 MYRF, TMEM258  0.000264

Systemic lupus erythematosus rs4852324 2 74202578 DGUOK-AS1  0.000343
Trans fatty acid levels  rs174583 11 61609750 FADS2  0.000405

Mature red cellHGB  rs1256061 14 64703593 ESR2  0.000464

19G glycosylation rs2186369 22 24170996 SMARCB1  0.000505

Plasma omega-6 polyunsaturated fatty... rs2727270 11 61603237 FADS2  0.000774



GWAS SNPs associated with Factor 7 are also associated with methylation level

Trait rsid Chr Position Gene p-val_trait p-val_F7 CpG p-val_mqtl n_snps
Red blood cell fatty acid levels rs174541 11 61565908 FADS2 3.000000e-19  0.000043 cg19610905 3.964333e-115 29
Losol et al. Genes & Nutrition (2019) 14:20 Genes & Nutrition PTPN9 2.000000e-10  0.000061 cg01268058 1.333136e-48 1

https://doi.org/10.1186/512263-019-0644-8
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MCFA is a powerful tool for exploratory analysis
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e Unsupervised and exploratory e NHLBI TOPMed is among the most

o Interpret with caution ambitious multi-omic data collection
e MCFA remains in active development efforts

o Numerous additional applications! o  We look forward to future analyses with

larger sample sizes
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