
Graphical pangenomics

Erik Peter Garrison

Wellcome Sanger Institute
University of Cambridge

This dissertation is submitted for the degree of
Doctor of Philosophy

Fitzwilliam College September 2018



for E2 & E3



Declaration

I hereby declare that except where specific reference is made to the work of others, the
contents of this dissertation are original and have not been submitted in whole or in part
for consideration for any other degree or qualification in this, or any other university.
This dissertation is my own work and contains nothing which is the outcome of work
done in collaboration with others, except as specified in the text and Acknowledgements.
This dissertation contains fewer than 65,000 words including appendices, bibliography,
footnotes, tables and equations and has fewer than 150 figures.

Erik Peter Garrison
September 2018



Graphical pangenomics

Erik Peter Garrison

Completely sequencing genomes is expensive, and to save costs we often analyze new
genomic data in the context of a reference genome. This approach distorts our image of
the inferred genome, an effect which we describe as reference bias. To mitigate reference
bias, I repurpose graphical models previously used in genome assembly and alignment to
serve as a reference system in resequencing. To do so I formalize the concept of a variation
graph to link genomes to a graphical model of their mutual alignment that is capable of
representing any kind of genomic variation, both small and large. As this model combines
both sequence and variation information in one structure it serves as a natural basis for
resequencing. By indexing the topology, sequence space, and haplotype space of these
graphs and developing generalizations of sequence alignment suitable to them, I am able
to use them as reference systems in the analysis of a wide array of genomic systems, from
large vertebrate genomes to microbial pangenomes. To demonstrate the utility of this
approach, I use my implementation to solve resequencing and alignment problems in
the context of Homo sapiens and Saccharomyces cerevisiae. I use graph visualization
techniques to explore variation graphs built from a variety of sources, including diverged
human haplotypes, a gut microbiome, and a freshwater viral metagenome. I find that
variation aware read alignment can eliminate reference bias at known variants, and this is
of particular importance in the analysis of ancient DNA, where existing approaches result
in significant bias towards the reference genome and concomitant distortion of population
genetics results. I validate that the variation graph model can be applied to align RNA
sequencing data to a splicing graph. Finally, I show that a classical pangenomic inference
problem in microbiology can be solved using a resequencing approach based on variation
graphs.
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