Integration of Machine Learning and Experimental Approaches for Quantifying Enhancer Activity Differences between Species
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Abstract:
Many phenotypes, including brain size(1, 2), vocal learning(3, 4), and long lifespans(5, 6), have evolved at least in part through gene expression, meaning that their differences across species could caused by differences in genome sequence at enhancers that determine the tissue and cell types in which relevant genes are expressed.  Yet, the responsible enhancers are largely unknown. Conservation-based approaches for identifying such enhancers are limited because enhancers’ activities can be conserved when nucleotide-level conservation is low and because these approaches are tissue-agnostic, and many enhancers are tissue-specific(2, 7, 8). The tissue-specificity of enhancers also makes identifying enhancers in large numbers of species infeasible. To overcome these limitations, we previously developed an approach to train machine learning models to learn the tissue-specific regulatory code connecting genome sequence to enhancer activity using candidate enhancers identified in a few species and evaluation criteria for these models(8).
Enhancer activity is typically measured through assays that generate sequencing reads in regions likely to be involved in gene regulation(9). The amount of reads in different parts of the genome are then quantified, and “peaks” – regions with large numbers of reads – are identified, along with the read signal in the peaks(10). There are many situations in which a candidate enhancer is present at orthologous regions between species, but the signal at the peak differs between species. Thus, predicting quantitative enhancer activity differences between species could enable more accurate identification of enhancers associated with phenotype evolution.
We are therefore extending our previous work to predict quantitative enhancer activity differences between species and develop computational and experimental model evaluation approaches. Computationally, we are creating guidelines for evaluating predictions of enhancer activity differences between species and demonstrating that only some machine learning models with good overall performance on held-out chromosomes can accurately quantify these differences. Experimentally, we developed a massively parallel reporter assay to measure enhancer activity in vivo in an adult mouse and showed that we could use this assay to quantify enhancer activity differences between sequences(11). Training machine learning models to reliably quantify enhancer activity across hundreds of mammals enables us to associate quantitative differences in enhancer activity between species with phenotypic differences, even when the presence of an enhancer is conserved. We anticipate that this work will provide new insights into mechanisms underlying mammalian phenotype evolution.
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