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Pedigree and whole genome marker data can improve
estimates of breeding value of individuals

Pedigree and whole genome marker data are used to
partition genetic variance into additive and non-additive

— additive BLUPs plus improved estimates of total BLUPS

How to integrate pedigree and whole genome data with
complex genotype x environment interaction and spatial
variation within trials?

MET/FA modelling provides a platform on which to build
whole genome association models into plant breeding
with complex GxE patterns
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seed quality data on samples from harvested plots in
CBWA breeding trials

sample 2 g from each plot for seed quality analysis
NIR analysis on seed samples for 0il%,(protein%, etc)
13 trials across two years across southern Australia
>150 genotypes (up to 260) at each site

highly unbalanced entry lists, replications, etc

relationships defined by pedigree records
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* Trials were designed as a p-rep designs (Coombes,
Smith and Cullis, 2006)

 Randomisations for each were generated using
DiGGeR (Coombes, 2009) with the default pre-
specified spatial model.

« Entries were either unreplicated or had two or more
replicates.
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Concurrence of entries within years nearly balanced

260 entries tested in 2007, 154 tested in 2008 and 82
entries in common - most being commercial varieties
or promotions

No regard given to balance of replication of entries
across trials within years

Constraints on MET design — need to discard inferior
lines each year, and add new lines....
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» Pedigree file ped.csv

* |n simplest form contains three fields being the
iIndividual, the male parent and the female parent.

« Additional facilities include ability to specify genetic
groups, and ability to specify inbreeding of individuals



« The matrix A = {a;} Is known as the relationship
matrix and its elements are given by

a;=1+F and a;=2f
where
F. is the inbreeding coefficient of entry i, and

f; Is the coefficient of parentage between entries |
and j.






 Fitting linear mixed models is comprised of two linked
processes:

— the first involves estimation of the variance parameters
using Residual Maximum Likelihood (REML),

— the second obtains estimates and predictions of fixed
and random effects from the solution of the mixed
model equations, replacing the unknown variance
parameters by their REML estimates obtained in the
first stage.

— an iterative procedure



 Phase 1. NGen-variance (i.e. non-genetic-variance)
modelling
— modelling the variance structure for the residuals for
each trial involves including terms to account for the
randomisation processes used in the trial design and
then examining and accounting for spatial
heterogeneity.

 Phase 2: Gen-variance modelling
— test value of proceeding through increasing complexity
of factor analytic modelling, FA(1) to FA(2) etc
— repeat the process, this time including pedigree
relationships




Large linear
trends In
seed 0il%

across rows
& ranges:

From +2% to
-2% across
40 m....
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Z*Model 8 best fit = preferred model

R.= 5.3% additive genetic variance unexplained by model...
R =12.9% non-additive genetic variance unexplained ...
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Sometimes very
large impact on
selection from
ignoring spatial
variation within
trials,
covariance
between trials
and pedigree
iInformation.



Ranking of lines
based on additive
genetic effects
(=estimated
breeding values)
differs from ranking
on basis of total
genetic effects
(=predicted
performance at
sites)
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Entry Total BLUP Add BLUP Years tested
02N216-018 -0.48 -0.54 2008
02N216-044 -2.23 -1.62 both
02N216-047 0.41 0.14 2007
02N217-020 1.01 0.74 2007
02N217-060 0.82 0.84 2007
02N217-019 0.53 0.27 both
02N217-055 0.31 -0.01 both
02N217-046 -0.26 0.05 both
02N217-026 -0.43 -0.19 2008
02N229-020 0.80 0.52 2007
02N229-106 0.60 0.35 both
02N229-083 0.04 0.34 2007
02N229-126 -0.17 -0.18 2007
02N229-127 -1.26 -1.22 2007
02N229-080 -1.27 -0.70 both
TTRIUMPH JARDEE 0.03 -0.49 2008
CB ARGYLE 1.13 0.95 both
N04D-1481 1.95 1.67 both




 NGen-variance (i.e. non-genetic-variance) modelling
— critical to account for spatial heterogeneity at sites

« Gen-variance modelling

— estimates of total genetic value improve with
Increasing complexity of factor analytic modelling,
FA(1) to FA(2) etc

— Information on variety performance “borrowed” across
sites

« Gen-variance modelling + pedigrees

— allows estimation of additive and non-additive genetic
variance

— Information on variety performance “borrowed” across
sites and years through common parentage
— reduce replication but retain sites (improve efficiency)
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e Gen-variance modelling + pedigrees (cont...)

— BLUPs for additive genetic effects are equivalent to
estimated breeding values (EBV)

— MET analysis allows prediction of EBV for sister lines;
(perhaps not possible in animals - milk yield? Ben?)

— selection of lines for EBV is important for selection of
crossing parents

— selection of lines for total genetic effects is important
for promotion and release as new varieties

— MET/FA allows assessment of sister lines across
years, and can revisit last year’s decisions....

— further benefits from adding whole-genome molecular
marker data?
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« Multi-variate analysis

— selection on an index

— BLUPSs for EBV for yield, oil, maturity....
— based on MET/FA analysis across years
— add whole-genome markers

— Improve response to selection



