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Course overview

• Day 1
– Linkage disequilibrium in animal and plant genomes

• Day 2
– QTL mapping with LD

• Day 3 
– Marker assisted selection using LD

• Day 4 
– Genomic selection

• Day 5
– Genomic selection continued

Genomic selection

• Introduction
• Genomic selection with Least Squares 

and BLUP
• Introduction to Bayesian methods
• Genomic selection with Bayesian 

methods
• Comparison of accuracy of methods

Genomic selection

• Problem with LD-MAS is only a 
proportion of genetic variance is 
tracked with markers
– Eg. 10 QTL ~ 50% of the genetic variance

• Alternative is to trace all segments of 
the genome with markers
– Divide genome into chromosome 

segments based on marker intervals?
– Capture all QTL = all genetic variance  

Genomic selection
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Genomic selection
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• Predict genomic breeding values as 
sum of effects over all segments
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Genomic selection

• Genomic selection can 
be implemented
–with marker haplotypes 
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Genomic selection

• Genomic selection can 
be implemented
–with marker haplotypes 

within chromosome 
segments

–with single markers ∑
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Genomic selection

• Genomic selection exploits linkage 
disequilibrium
– Assumption is that effect of haplotypes or 

markers within chromosome segments will 
have same effect across the whole 
population

• Possible within dense marker maps now 
available 1_1   0.3

1_2   0.0

2_1  -0.2

2_2  -0.1
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Genomic selection

• Genomic selection avoids bias in 
estimation of effects due to multiple 
testing, as all effects fitted 
simultaneously 

Genomic selection

• First step is to predict the 
chromosome segment effects in a 
reference population

• Number of effects >>> than number 
of records

• Eg. 10 000 intervals * 4 haplotypes = 
40 000 haplotype effects

• From ~ 2000 records?
• Need methods that can deal with this 

Genomic selection

• Introduction
• Genomic selection with Least Squares 

and BLUP
• Introduction to Bayesian methods
• Genomic selection with Bayesian 

methods
• Comparison of accuracy of methods

Least squares Genomic selection

• Two step procedure
– Test each chromosome segment for presence of QTL 

(fitting haplotypes within segment), take significant 
effects

– Fit the  significant effects simultaneously in multiple 
regression

– Predict GEBVs

• Identical to LD-MAS with multiple markers
• Problems remain

– Do not capture all QTL
– Over-estimation of haplotype effects due to setting of 

significance threshold

Genomic selection with BLUP

• BLUP = best linear unbiased prediction
• Model:

• In BLUP we assume variance of haplotype 
effects across all segments is equal, eg           
E(g) ~ N(0,σg

2), where g = [g1g2g3..gp]
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Genomic selection with BLUP

• BLUP = best linear unbiased prediction
• Then we can estimate segment effects as:

• λ=σe
2 / σg

2

⎥
⎦

⎤
⎢
⎣

⎡
⎥
⎦

⎤
⎢
⎣

⎡
+

=
⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡ −

∧

∧

yX'

y'1

IXX'X'1

X'1'11

g

n

1

n

nnn

λ

μ

'QTL Mapping, MAS, and Genomic Selection'
Course Notes

Taught by Dr. Ben Hayes, Animal Genetics and Genomics group of the Department of Primary Industries Research Victoria (Attwood - Melbourne, Australia)

March 10-14, 2008
The Animal Breeding and Genomics Centre (Animal Sciences Group - Wageningen University and Research Centre), Lelystad, The Netherlands

3/21



Genomic selection with BLUP

• Example
• A “simulated” data set
• Single chromosome, with 4 markers defining three 

chromosome segments.  
– SNPs, so there are 4 possible haplotypes per segment.  

• Phenotypes “simulated”
– overall mean of 2
– an effect of haplotype 1 in the first segment of 1, an 

effect of haplotype 1 in the second segment of -0.5, all 
other haplotypes 0 effect

– normally distributed error term with mean 0 and variance 
1.  

Genomic selection with BLUP

• Example

• 9 haplotypes observed in total 
– 4 for the first segment, 3 for the second segment, and 2 

for the third segment

• Only 5 phenotypic records.

Haplotype Segment 1   Haplotype Segment 2 Haplotype Segment 3  Phenotype
Animal P M P M P M

1 1 1 2 2 1 1 3.41
2 1 2 1 2 1 1 2.47
3 2 2 1 2 1 2 2.32
4 1 3 2 3 2 1 2.32
5 1 4 1 3 2 1 1.75

Genomic selection with BLUP

• Example

• X
Segment 1 haplotypes Segment 2 haplotypes Segment 3 haplotypes

Animal 1 2 3 4 1 2 3 1 2
1 2 0 0 0 0 2 0 2 0
2 1 1 0 0 1 1 0 2 0
3 0 2 0 0 1 1 0 1 1
4 1 0 1 0 0 1 1 1 1
5 1 0 0 1 1 0 1 1 1

Haplotype Segment 1   Haplotype Segment 2 Haplotype Segment 3  Phenotype
Animal P M P M P M

1 1 1 2 2 1 1 3.41
2 1 2 1 2 1 1 2.47
3 2 2 1 2 1 2 2.32
4 1 3 2 3 2 1 2.32
5 1 4 1 3 2 1 1.75

Genomic selection with BLUP

• Example

• Assume value of 1 for λ
• 1n = [1 1 1 1 1]
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Haplotype Segment 1   Haplotype Segment 2 Haplotype Segment 3  Phenotype
Animal P M P M P M

1 1 1 2 2 1 1 3.41
2 1 2 1 2 1 1 2.47
3 2 2 1 2 1 2 2.32
4 1 3 2 3 2 1 2.32
5 1 4 1 3 2 1 1.75

Genomic selection with BLUP

• Example

Effect Estimate
mean 2.11
Segment 1 Haplotype 1 0.15

Haplotype 2 0
Haplotype 3 -0.05
Haplotype 4 -0.1

Segment 2 Haplotype 1 -0.16
Haplotype 2 0.31
Haplotype 3 -0.15

Segment 3 Haplotype 1 0.09
Haplotype 2 -0.09

Genomic selection with BLUP

• Now we want to predict GEBV for a group of 
young animals without phenotypes.

• We have the g_hat, and we can get X from their 
haplotypes (after genotyping)…………

∧

= gXGEBV

 Haplotype segment 1 Haplotype segment 2 Haplotype segment 3 

Animal Paternal Maternal Paternal Maternal Paternal Maternal 

6 1 2 1 2 1 1

7 1 1 2 2 1 2

8 2 3 2 2 1 2

9 1 4 3 1 1 2

10 2 4 2 2 1 2
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Genomic selection with BLUP

• Haplotypes

• X

 Haplotype segment 1 Haplotype segment 2 Haplotype segment 3 

Animal Paternal Maternal Paternal Maternal Paternal Maternal 

6 1 2 1 2 1 1

7 1 1 2 2 1 2

8 2 3 2 2 1 2

9 1 4 3 1 1 2

10 2 4 2 2 1 2

Segment 1 haplotypes Segment 2 haplotypes Segment 3 haplotypes 

Animal 1 2 3 4 1 2 3 1 2

6 1 1 0 0 1 1 0 2 0

7 2 0 0 0 0 2 0 1 1

8 0 1 1 0 0 2 0 1 1

9 1 0 0 1 1 0 1 1 1

10 0 1 0 1 0 2 0 1 1

Genomic selection with BLUP

• GEBV
∧

= gXGEBV

X                                              GEBV
∧

g

1 1 0 0 1 1 0 2 0 0.15 0.48
2 0 0 0 0 2 0 1 1 0 0.91
0 1 1 0 0 2 0 1 1 -0.05 0.57
1 0 0 1 1 0 1 1 1 -0.1 -0.26
0 1 0 1 0 2 0 1 1 -0.16 0.52

0.31
-0.15
0.09

-0.09

Genomic selection with BLUP

• GEBV

• Corr(GEBV,TBV) = 0.43

Animal GEBV TBV
6 0.48 0.5
7 0.91 2
8 0.57 0
9 -0.26 0.5

10 0.52 0

Genomic selection with BLUP

• Where do we get σg
2 from?

• Can estimate total additive genetic variance and 
divide by number of segments, eg σg

2 = σa
2 /p

• Model with mutation-drift approaches?
– Need assumptions about finite population size, mutation 

rates

Genomic selection

• What to assume about the variance of 
effects across chromosome segments? 
(σgi

2 across the i) ?

Genomic selection

chromosome

chromosome 
segment 5

M    M   M  M   M    M   M   M   M   M    M

chromosome 
segment effects g5

1_1    2_1 

1_2    2_2

σg5
2

'QTL Mapping, MAS, and Genomic Selection'
Course Notes

Taught by Dr. Ben Hayes, Animal Genetics and Genomics group of the Department of Primary Industries Research Victoria (Attwood - Melbourne, Australia)

March 10-14, 2008
The Animal Breeding and Genomics Centre (Animal Sciences Group - Wageningen University and Research Centre), Lelystad, The Netherlands

5/21



Genomic selection
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Genomic selection

chromosome
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Bayesian methods
• BLUP assumes equal variance of segment effects 

across segments
• Does not incorporate our prior knowledge on the 

distribution of QTL effects into the model

0

0.1

0.2

0.3

0.4

0.5

0 0.2 0.4 0.6 0.8 1

Size of QTL (phenotypic standard deviations)

P
ro

po
rt

io
n 

of
 Q

T
L

'QTL Mapping, MAS, and Genomic Selection'
Course Notes

Taught by Dr. Ben Hayes, Animal Genetics and Genomics group of the Department of Primary Industries Research Victoria (Attwood - Melbourne, Australia)

March 10-14, 2008
The Animal Breeding and Genomics Centre (Animal Sciences Group - Wageningen University and Research Centre), Lelystad, The Netherlands

6/21



Bayesian methods
• BLUP assumes equal variance of segment effects 

across segments
• Does not incorporate our prior knowledge on the 

distribution of QTL effects into the model
• Bayesian approach does allow us to incorporate 

prior knowledge

Genomic selection

• Introduction
• Genomic selection with Least Squares 

and BLUP
• Introduction to Bayesian methods
• Genomic selection with Bayesian 

methods
• Comparison of accuracy of methods

Bayesian methods
• Bayes theorem
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Bayesian methods
• Bayes theorem

)()|()|( xPxyPyxP ∝

Probability of 
parameters x given 
the data y (posterior)

Is proportional to Probability of 
data y given the 
x (likelihood of 
data)

Prior 
probability 
of x

Bayesian methods

• Consider an experiment where we measure height 
of 10 people to estimate average height

• We want to use prior knowledge from many 
previous studies that average height is 174cm 
with standard deviation 5cm

y=average height + e

Bayesian methods
• Bayes theorem
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Prior probability of x (average height)
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Bayesian methods
• Bayes theorem
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Bayesian methods
• Bayes theorem
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