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* In the U.K. oats are grown for human food (70%) and animal feed
(30%).

* Key traits for improvement:
» YIELD (and its components)
» Lodging resistance (increase yield stability)
» Disease resistance and cold tolerance (increase yield stability)
» Milling quality
» B-glucan (enhanced health benefits)
» Oil content and low lignin husk (increase feed value)
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WWW QUOATS ORG HARNESSING NEW TECHNOLOGIES FOR SUSTAINABLE OAT PRODUCTION AND UTILISATION
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Three general strategies for molecular breeding

* Fix large-effect QTL from specific sources identified through
bi-parental mapping

* Target medium-effect QTL with common alleles found
through genome-wide association (GWAS)

* Enrich small-effect QTL through genomic selection (GS)

New BBSRC-LINK project
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Developing enhanced breeding methodologies for'oats for human health and nutrition

Government - industry project focused exclusively on oats for
human consumption

* Improving grain yield, quality and composition
« Milling quality (kernel content, hullability, specific weight)
« Grain composition

« Agronomic performance

« Application of genomic selection and advanced phenotyping

 To enhance the competitiveness of the oat crop
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Working across scales-

from genome to field
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Winter oat mapping family
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* Diagnostic markers developed and validated on a range
of breeding lines and populations
* Crown rust resistance
* Mildew resistance
Height
Flowering time
Components of grain compositional quality (e.g. oil, b-glucan)
Waxy/ non-waxy leaves
Low-lignin husk

* Single marker SNP assays developed for large scale
screening of breeding material

* Genomics tools developed mean that SNP markers can
be developed in any candidate gene



Example: Identification of markers linked to QTL
associated with disease resistance

LOD
AB_AM912.220 - N w &
B ©o © © ©o o
0 OL2133 | | | |
Pt-17857 .
5 AME107.187 c103434_347| ——mildew 2011 polytunnel
HVM20
0OL0921.66
10 MAMAO3 —mildew 2011 field
15 AME107.156 AM02 O o
AB_AM709 ] o
20 avgbs_214316 *é g ——mildew 2014 polytunnel
25 avgbs_216905 — Em
tr241.208 TR127 « B
30 avgbs_219724 o |;
35 Barb4.19 AB_AM907 AMEO]?SLS(?E}I E E . .
40 CAM14 Barb3-32 CDC1 and OL0435 diagnostic
Irc37952_106 MAMA13 | . .
45 °16066_185 avghs 220658} alleles now routinely used in
C AMI4108C5T44 689 oPL10652 breeding programme to develop
Pt-11857 1 1 1 1
60 avgbos_219516 novel disease resistant varieties.
65 Proargbs 0K 1043 6k SNP markers converted to
;Z ortaass I KASP markers
Pt-13859 ] . o
AMEL07.147 SNP assay is rapid, accurate and
80 WMS165.224
85 kasp7 uses seedling leaf tissue
avgbs_219875
90 avgbs_ 216159
95 avgbs_48075
avgbs_113314 <



Testing Genomic Prediction in

Buffalo x Tardis
The Dataset

e 227 lines

e > 7000 GBS, DArT and SSR loci filtered to 479
* 108733 possible data points
* 66889 observed (62%)

Min. no. observed for any marker: 68 (30%)
Min no. observed for any individual 118 (25%)

Genomic prediction requires no missing marker data.

Solution: impute (infer) missing marker data from correlations with observed
marker data OR delete markers and individuals (doing this we would lose too

much information). .
(NIAB



Imputation

There is specialist software for this, but in this case it is relatively
easy since this is a mapping population.

Used R/QTL. Used “fill.geno” with argmax option to fill in all missing
data. Used error prob of 0.001 (the default is 0.0001). Looking at a
couple of fill-ins for highly correlated marker pairs, the data
imputation looks sensible.

Need to do some more checking to confirm— knock out known
marker data points to check on accuracy of imputation.

NB: some existing datapoints can be changed if genotype error is the
most likely explanation. To prevent this, would need error.prob = 0;
the imputed data could be more accurate than the original.



Testing phenotypic prediction

Use “ridge regression” to predict phenotypes from markers.
(As implemented in the package “penalized” in R)

Ordinary regression
Classical statistics: minimises the error sum of squares (ESS)

Ridge regression
Minimises the ESS + (the sum of squares of the regression
coefficients themselves) x a constant.

This has two effects:
1. Reduces the magnitude of the coefficients
2. Lets you fit more coefficients than you have
observations (i.e. overcomes the df problem)



Use “Cross Validation” to test the fit

Split the data into fifths.

* Use 4/5 to fit the ridge regression equation with a suitable penalty.
* Use 1/5 to predict the phenotype and compare with that observed.
* Repeat 5 times with each 1/5% removed in turn.

* Compare by correlating observed and predicted phenotypes.

There are over 116 phenotypes, but many are highly correlated.

Min (Hullability 2015) -0.169
Max (class14f) 0.935
Mean 0.513
Median 0.567

NB — some traits failed completely or gave negative correlations:
Errors in data and/or low heritability?



Cross-validation correlations for all traits

Cross validation correlation for TxB,116 traits
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Analysis of height

8 height measurements in the dataset:
Ht2010f/Ht2011f/Ht2011pt/ht12F/htf13/Ht13ph/Ht2014f/ HT14pt

All correlate (range 0.73-0.95)
No. lines phenotyped per trait ranges from 91 - 222

Treated all height measurements as replicates and estimated an average
height across them all.

(ie just like getting an average estimate of yield from an incomplete varieties x
sites table)



Peak marker
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NB — classification is not perfect. Could be dodgy markers or dodgy phenotypes.



Predictions - height
lgnoring the major gene, can we predict variation within dwarf and tall classes?

5 fold-cross validation — repeated 100 times with different splits to get some
measure of stability of predictions

mean  sd
Dwarf = dwarf 0.388 0.085
Tall > tall 0.294 0.085
Tall = dwarf 0.393 0.002
Dwarf-> tall 0.298 0.004

Nb — sd not se — to give a measure of variability from run to run. Sd predicting across
groups are low. These result from minor variation in the estimated penalty. The
whole group (short or tall) is used for prediction in every repeat. Prediction within
groups varies more because of random variation in the partitioning into 5s.



Predictions - height
* Predicting across a big HT QTL works OK.
* There must be little or no epistasis with the QTL.

* Once the major gene effect is removed, heritability drops so predictability
drops too

* Across group prediction probably works better than within groups as there
are more data in the prediction model.



Conclusions
* Predictions work - no surprises but pleasing.
* Imputation of markers must have worked reasonably well.

* Pleasing to get predictions within the QTL classes for height.

Next:
Look at yield and other traits in more detail.

How can these correlations best be exploited within the breeding programme?
How far from this cross will predictions work?



Development of QTL-NILs

9 QTL-NIL populations developed using MAS targeting
introgression of key QTL (individually and combined)

 BT17: Dwarfing gene, yield, milling quality

BT1 and BT13: Flowering time/

vernalisation/ photoperiod

BT2: Crown rust resistance
BT2: Mildew resistance

BT3 and BT9: Grain width, TGW
BT3: Grain B-glucan, oil

BT26: Leaf waxiness

BT19: grain length, leaf length

QTL-NIL 2012-137/5/1
Buffalo LG17 Tardis Background



Dw6 located on LG17 (Mrg04) and associated with major QTL for
flowering time but only when autumn sown

BT17_18D
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Other traits with QTL linked to dw6:
Internode length
Panicle extrusion
Panicle length

NUE

Yield

NDVI

Grain no per panicle
Maturity

Kernel Content
TGW

Grain width

Grain length

Grain roundness
Grain nitrogen



QTL-NILs currently in replicated
field trials at 2 locations plus 2
sowing dates to investigate effects
on yield and grain quality and in
phenomics to elucidate the effect of
vernalisation

Genetics and physiology of flowering in oats:
Development of tools to breed for improved
adaptation and yield potential
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Segregation of plant height in RILs
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QTL on BT13 associated with flowering time
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QTL on BT1 associated with flowering time
BT1_Mrg21
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Interaction of QTLon LGs 1,13 &17- QTL-
NILs in field 2015
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Effect of QTL on LG13 on early spring growth
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Imaging of biomass and determination of
onset and rate of senescence
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How markers are being used:

Assessment of genetic diversity of breeding programme

Selection of appropriate parents to use in the crossing programme
Characterising novel sources of traits

|dentifying/ verifying marker-trait associations

Back-cross introgression of exotic alleles into a UK adapted background

Fixing multiple disease resistance alleles at an early stage in the
breeding programme

Identification of individuals at an early stage in breeding programme
containing desired allele combinations in conjunction with agronomic
assessments.

Checking uniformity of advanced breeding lines
Dissecting traits of interest
Identifying genes underlying traits of interest



Thank you

A — -

-
1

g -~ - X - . -

i

-

- 7 . O 4 .
"-—M—._--‘-_uﬁ-;-'_'---i.h-iu——...a.___




