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Background Methods

Calling putatively deleterious variation based on sequence conservation

Mutations occurring at evolutionarily constrained genomic sites are likely to have deleterious
effects.2 We compute PhyloP sequence conservation scores,* which don't rely on the availability
of gene annotations, and allow for calling deleterious variants in non-coding regions. (Fig. 2)
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Strongly deleterious mutations are often recessive and have a large fitness effect. Thus, the

number of homozygous variants at constrained sites estimates realized mutation load.® We can (reference) Ancl’ TV —T a(lf‘e'fgrggheg g
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points using kriging, a spatial interpolation method.® This reveals species with strong (Fig- 3A-C) ys
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weak spatial structure, and varies across species. We also find potential hotspots Figure 2: Computational workflow used to (1) generate a reference panel of genomes for each CCGP class, (2)
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of realized load across many species within taxonomic classes.(Fie ) perform whole-genome alignment with Progressive Cactus, (3-5) compute PhyloP sequence conservation scores
mean realized load surface uncertainty based on a neutral model of evolution from 4-fold degenerate sites, (6) repolarize variants called by the snpArcher
workflow® based on the inferred ancestral state, and (7) call putative deleterious variants at conserved sites.
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Discussion & Ongoing Work

Function of mutation load across taxa

Homozygous Deleterious
Variant Count (PhyloP = 3.104)

How do the functions mutation load is associated with vary across species? We began by
looking at at coding vs noncoding sites, and find a large fraction of realized load in non-coding
regions for many species.(Fig-6) The next step is to characterize functions using gene ontology.
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Figure 3: Spatial structure of realized load. A) Homozygous deleterious variant counts per individual and B) mean
interpolated load surface with C) uncertainty for Chamaea fasciata (strong spatial structure) and D,E,F) Melanerpes
formicivorus (weak spatial structure). Average of many surfaces weighted by uncertainty reveals load hotspots for

G) Actinopteri and H) Amphibia classes. 1) Spatial fraction (spatial variance / total) across all CCGP species. Figure 6: Proportion of realized load at non-coding genomic sites (as opposed to coding sites) across CCGP taxa.
Each leaf in the taxonomic tree represents a species population, colored by taxonomic class.
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Inbreeding and segregating load are strong predictors of realized load

Across all CCGP species populations, we showed that inbreeding (Froh) acts on segregating
load and redistributes it as realized (homozygous) or masked (heterozygous) load. Recent
landscape processes, such as human impact, range edge, and migration influence realized load
through their more direct effect on inbreeding.(Fig- 4

Informing on hotspots of recent genomic concern across California

Species range edges often occur along California’s ecoregion boundaries,(Fig- 54 which represent
transitional environments of potential conservation interest. Our preliminary analyses show
potential hotspots of realized load in many species at certain range edges.(Fig. 58)
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