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Heterosis is not fully exploited in oilseed rape

* Hybrid breeding is one of the landmark contributors to crop yield increase
* Heterosis is when a hybrid has phenotypic superiority over parents in

particular traits
* Can we optimise hybrid breeding in oilseed rape?

One common breeding pool Separate heterotic pools
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Rapidly create heterotic pools
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Perfect dataset to develop novel prediction models ,
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Application of supervised machine learning methods on

heterogeneous data
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Inferring the landscape of
recombination using recurrent

Supervised Machine Learning for Population neural networks

Genetics: A New Paradigm

Daniel R. Schrider'* and Andrew D. Kem'™*

As population genomic datasets grow in size, researchers are faced with the
daunting task of making sense of a flood of information. To keep pace with this
explosion of data, computational methodologies for population genetic infer-
ence are rapidly being developed to best utilize genomic sequence data. In this
review we discuss a new paradigm that has emerged in computational popu-
lation genomics: that of supervised machine learming (ML). We review the
fundamentals of ML, discuss recent applications of supervised ML to popula-
tion genetics that outperform competing methods, and describe promising
future directions in this area. Ultimately, we argue that supervised ML is an
important and underutilized tool that has considerable potential for the world of
evolutionary genomics.

Machine Leaming for Population Genetics

Population genetics over the past 50 years has been squarely focused on reconciling molecular
genetic data with theoretical models that describe pattems of variation produced by a
combination of evolutionary forces. This interplay between empiricism and theory means that
many advances in the field have come from the introduction of new stochastic population
genetic models, often of increasing complexity, that describe how population parameters (e.g.,
recombination or mutation rates) might generate specific features of genetic polymorphism
(e.g., the site frequency spectrum, SFS; see Glossary). The goal, broadly stated, is to
formulate a model that describes how nature will produce patterns of variation that we observe.
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ML methods are powerful approaches
that have revolutionized many fields,
bul ther use in population genetics
inference is only beginning.

These methods are able 10 take advan
lage of high dimensional inpul - an
important assel for population genet
ics inference ~ and are oflen more
robust than  other slatistical

The early applications of ML to popu-
lation genetics demonstrale that they
oulperform traditional approaches.

In this review we introduce ML to a
biology audience, discuss examples
of ther apphcation lo evolutionary
and population genetics, and lay out
future directions thal we view as
Promising.

Jeffrey R. Adrion'T, Jared G. Galloway'f, Andrew D. Kern'

'Institute of Ecology and Evolution, University of Oregon

Abstract Accurately inferring the genome-wide landscape of recombination rates in natural
populations is a central aim in genomics, as patterns of linkage influence everything from genetic
mapping to understanding evolutionary history. Here we describe ReLERNN, a deep learning
method for accurately estimating a genome-wide recombination landscape using as few as four
samples. Rather than use summaries of linkage disequilibrium as its input, ReLERNN considers
columns from a genotype alignment, which are then modeled as a sequence across the genome
using a recurrent neural network. We demonstrate that ReLERNN improves accuracy and reduces
bias relative to existing methods and maintains high accuracy in the face of demographic model
misspecification. We apply ReLERNN to natural populations of African Drosophila melanogaster and

show that genome-wide recombination IandscaeesI while Iargelx correlated among Eoeulations
exhibit important Eogulation-sgecific differences. Lastly, we connect the inferred patterns of
recombination with the frequencies of major inversions segregating in natural Drosophila

populations.
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Genomics data of 100 founder lines

15X whole gfenome Genome wide SNPs
sequencing
20X bisulphite Genome wide
sequencing methylation patterns
MRNA sequencing Proteln-codlrlg gene
expression

2x50

elite founder lines
miRNA sequencing smallRNA expression
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Construction of Express61/ reference genome

50X PacBio 40X Nanopore
reads reads

Assemble ‘
Canu v1.8

1907 contigs

N50: 4417422 bp

Correct and scaffold BioNano optical
Chimericognizer, NovoStitch map

280 scaffolds | N50:5711635 bp

Correct and place as pseudochrs ‘ Genetic maps
ALLMAPS

Express617/
930 Mbp
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The Express617 genome assembly
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The Express61l7 genome assembly

Brassica_napus_v4.1.chromosomesonly

Darmor 4.1 chrA01
"/Qi\\l
\‘\‘“ \
o
°§2_ @" X
S o
g e 3%
o
= !\\‘9
o™
o~ ) o
- v
= & >
* —
R @
= | o o 0
= O
2, 3
3 m
\' (can ><
= ) 55 O
= rd * 8y 0
& : 0
= o =
~ ’ |
= ?, \,
o <
= “0' N
2 K4
- /
3 o
&
- &
@« — /
o~
Io | | | | | | | |
23M  47M 7™ 93M  116M  14M  163M  186M  209M

19.06.2019 Jenny Lee



Construction of a pangenome together with pool representatives

Red representative
250X Illumina reads contigs
15X PacBio reads 910 Mbp

align

Express617/
930 Mbp

Green representative

align ‘
250XIIIuminareads} # contigs

15X PacBio reads 896 Mbp

Pangenome
1021 Mbp
(930 + 90 Mbp)
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Founder lines genome-wide SNPs

PC2: 11% variance

red

_05 ..

Nearly 70% of SNPs are Pools highly overlap, we already know that!
shared between pools
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PC1: 29% variance

19.06.2019 Jenny Lee



SNPs show pool specificity

”7% Let’s look closer
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Founder lines genome-wide methylation rate
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Methylation rate for CG CHG and CHH show pool

specificity
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Moving towards an optimized hybrid breeding system

 We show that SNPs and methylation patterns in founders are pool-specific

* The fixation of these variants contributes to successful pool separation

 Together with mRNA and miRNA, we hope to use haplotype index data to better
predict heterotic potential with ML approaches

ey Exotic
I I material

B’M
Prefer'ence Statistics test ) . .
Experience Mechanization Marker assisted selection Knowledge driven
Fertilizer/pesticide Transgenic technology Multi-dimension data
d
=000 BC - 1900 15t Green 2"% Green Present — 3rd Green
revolution revolution revolution

Adapted from Fernie and Yan, 2019
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