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We are not alone - 2018 Preharvest Sprouting
England Kansas CanadaNebraska
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White KCBoth Red KC QTN Across All Environments

5%  Bonferroni Threshold 



White KCBoth Red KC

rrBLUP | 4PC | MAF > 0.05 GWAS:

Do We See Different QTN Within a Single Year?



White KC
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Red KCBoth QTN Across Single Year
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Not found in the Both dataset…

Could the R genes be masking a 4A QTL 

when red and white kernels 

are analyzed together?
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Genomic Prediction: Another Tool in the Toolbox
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All Env | Single Year

Ridge Regression
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Bayesian LASSO

1287 369 904

The RKHS Model Appears to Predict Better
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It’s Not as Obvious: “The RKHS Model Appears to Predict Better”



Y ~ GID+Loc+Yr+HarvD+2BL

Y ~ GID+Loc+Yr+HarvD+MKK3

Y ~ GID+Loc+Yr+HarvD+R

Mixed Model
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Next Steps: Will Known Genes Improve Prediction?



When Implementing Spike-Wetting Tests in a Breeding Program: 
The Germplasm / Environment Could Affect the Variance

0 20 40 60

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

NY Breeding Program

0 50 100 150

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

WA Breeding Program

Number of Lines

S
p
ro

u
ti
n
g
 S

c
o
re

 

S
ta

n
d

a
rd

 D
e
v
ia

ti
o

n

n =  7.3% n = 32.2% Above 

1.5% Deviation



?
?

?

?
?

? ? ?
?

?
?

Grain

Development

Temphigh

Templow

Humidity

…



What is the best model Mark Sorrells (et al) can use to 

predict sprouting susceptibility and tolerance 

if he only had the resources to genotype a line(s) 

and no spike wetting test

Early generations prediction?:

sprouting response to a 50%-75% accuracy

Genomic Prediction: Why



Breeding for PHS

2018:   828 wheat and 414 barley plots

S.Martinez & D.Sweeney PHS genomic prediction

D.Sweeney is on track to release CNL Barley

Fine mapping Cayuga's 2B dormancy gene

MAS known PHS genes, (MKK3, MFT, etc)
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