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A role for polygenic phenotypes in adaptation
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Genetic architecture of polygenic traits

Phenotype Trait of interest

e

Adapted from Hallgrimsson et al., PLoS Genetics, 2014

» One trait determined by several independant loci



Genetic architecture of polygenic traits
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» A complex picture with high pleiotropy

» Dig deeper in the molecular structure to understand how polygenic traits can adapt



Questions

* How is polygenic trait heritability spread in
Heritability? regulatory networks ?

* |sthere alink between network topology and
signature of selection ?



Questions

* How is polygenic trait heritability spread in
Heritability? regulatory networks ?

Gaynor et al., Cell Rep. Met., 2022
Stone et al. (In Prep)

Katherine L. Stone

(Bachelor student) (PhD Student) ;



The importance of regulatory mutations

Location of SNP associated to polygenic traits in GWAS

10% Exons
40% Introns

30% Intergenic 30% promoters

distal cis-regulatory elements
(enhancers, silencers)

» Cis-regulatory elements contain most of the trait associated SNPs



Summarizing regulatory interactions with eQTL networks
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Making sense of eQTL networks

=1 GTEX

29 tissues

eQTLs summary statistics
(Gaynor et al. 2022)
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GWAS summary statistics
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Where is most of the heritability located?
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Enriched heritability?




Heritability is clustered in a few biologically-relevant modules

Proportion of modules enriched for SNPs
carrying a high heritability
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» Most of the heritability is clustered in a few modules



Heritability is clustered in a few biologically-relevant modules

Proportion of modules enriched for SNPs HDL levels heritability
carrying a high heritability Lipoprotein turn-over module (Adipose Visceral)
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» Most of the heritability is clustered in a few modules
» Heritability is clustered in tissue-specific, biologically relevant modules



In which SNP classes is heritability located?

High-degree SNP
(global hub)

Heritability?




Heritability is clustered in global and local hubs

High-degree SNP
(global hub)
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Where is selection located?

‘i»

» Negative selection?
» Positive selection?
» Polygenic selection?

Rosanne Phebe
(M1 Student)

Themis Lemarchand
(M2 Student)
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Global and local hubs are generally constrained
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» Hubs are generally more constrained than leaves 1



No clear pattern for recent sweep signatures
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» No clear pattern for selection signatures
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Local hubs are enriched for high population differentiation

AFR vs. EUR

Principle of Fs:
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» Local hubs are enriched for polygenic selection signatures
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Conclusion

All tissues

Some tissues

* Heritability

Heritability is clustered in tissue-specific modules
Heritability is enriched in local and global hubs

Hubs are in constrained regions
Local hubs are preferential targets of polygenic selection

Structuration & Tissue-specificity:
» Limit the propagation of mutation effect
» Open up paths for polygenic traits to evolve!
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Possible scenario of gene expression changes caused by SNPs
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