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Multi-omics data promise to revolutionize biomedical research

Multi-omic but also
● Multi-phenotype
● Multi-tissue
● Multi-ethnic
● Multi-center

Blood 
draw

Whole Blood: Methylation

PBMCs:
Monocytes 
T cells

Plasma: Proteins 
Metabolites

Gene expression

NHLBI TOPMed
● Generating multi-omic data 

for tens of thousands of 
patients

● MESA multi-omic pilot

NHLBI TOPMed



How can we think about exploring genomic data?



How can we think about exploring genomic data?
RNA levels

Low-dim features

RNA loadings

Residual

Includes
● Principal Components Analysis (PCA)
● Factor Analysis (FA)



How can we simultaneously explore two datasets?

RNA levels

Protein levels

Low-dim shared factors

Feature loadings
Residual

Includes
● Group Factor Analysis (GFA)
● Canonical Correlation Analysis (CCA)
● Probabilistic CCA



Multiset Correlation and Factor Analysis combines these

Multi-omic data

Shared factors 
and loadings

Private factors 
and loadings Residual
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MCFA has numerous advantages
● Elegant approach to multiset CCA

○ Strong theoretical connection
● Calculations done in PC-space

○ Extremely efficient, controls over-fitting
● No hyperparameters to tune

○ Self-selected with random matrix techniques

● Works with any data type
○ No “gene scores”

● Factor loadings are interpretable
○ Similar to regression coefficients

● Fully unsupervised!
○ Supports exploratory analysis
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MCFA finds structure in 614 multi-omic samples



Shared structure reflects demographics and site

This is without genetic information



Private structure captures omic-specific effects



MCFA further captures environmental differences and 
clinical biomarkers











There are multiple ways to integrate genetic data

1. Include genetics in the MCFA model
a. Somatic variation
b. Copy number variation
c. Known functional SNPs (eQTLs, etc)
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2. Think of factors as “latent phenotypes”
a. Factors learned on molecular data may represent 

coordinated biological activity
b. These may be affected by genetic variation
c. Look for genetic associations with latent 

phenotypes (GWAS)



GWAS can be used to integrate genetic data

Are genetic associations with shared factors enriched for known GWAS hits or trans-eQTLs?



BMI Immune cell 
composition

Inflammatory and 
kidney biomarkers



Top SNPs implicate lipid metabolism near FADS1, FADS2 genes



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



MCFA is a powerful tool for exploratory analysis

= +

Observed Shared Private= +

● Unsupervised and exploratory
○ Interpret with caution

● MCFA remains in active development
○ Numerous additional applications!

● NHLBI TOPMed is among the most 
ambitious multi-omic data collection 
efforts

○ We look forward to future analyses with 
larger sample sizes
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