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Aim of the Study

* incorporation of information on covariance between SNPs into GBV
model
o differences between D, D’ and r?



Data Set (animals)

Simulated data set from Xl QTL-MAS Workshop 2008.

* 6 chromosomes

e 1000 SNPs per one chromosome

* 50 male and female ancestors (-50 generation)
* 50 generations

* 4 generations — genotype + phenotype
— generation 0 —15 males and 150 females
— generations 1-3 - 750 animals
- y=1.36 - (6 QTLs + polygenes)

* generations (5-7) - genotype information

— 400 animals each



Data Set (SNP selection)

SNP data sets:

 MAF2>0.3 —> 3328 SNPs
 every5"SNP > 1200 SNPs
* every 10" SNP - 600 SNPs
o every20t"SNP - 300 SNPs



LD estimation

Haplotype Frequency Allele Frequency
SNP1 SNP2, X4 SNPL, P, = X + X
SNP1,SNP2, X;o SNP1, P, = Xp, + X,
SNP1,SNP2, X, SNP2, 0, = X, + X,y
SNP1,SNP2, X,, SNP2, 4, = Xp + Xy,
* D (Lewontin and Kojima, 1960) D= X, — 0,0,
SNP,, SNP,, Total

SNP,, X.=00,+D X, = P4, — D G, = X + Xy

SNP,, X, =P8, =D | X =00, +D | 0, =X,+Xy,

Total P =X+ X, Po = X1+ Xy, 1




LD estimation, Matrix norm

r2 (Hill and Robertson, 1968) D?
2

(-
P1 P04,

Maitrix norm - Frobenius Norm

|A|- = ii‘aij‘z — Jtrace(AT A):\/min m’g

SNP Data Set Every 20 Every 10 MAF 2 0.3

Norm
between D 16.54 33.00 67.04 93.76
and r?

N



LD matrix
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Technical aspects

 Calculating LD
* R package ,,SNPassoc”
e http://davinci.crg.es/estivill_lab/snpassoc

e Calculating GBV - own functions in R



Results

0,060
0,040
0,020
0,000

-0,020 T

-0,040
-0,060

0,200

0,100

0,000

-0,100

-0,200

SNP additive effects for MAF = 0.3

—  —)

SNP additive effects for Every 10

—)  —2

0,150
0,100
0,050
0,000

-0,050
-0,100
-0,150

-0,200
-0,300

SNP additive effects for Every 5

s [) e )

SNP additive effects for Every 20

gy | 198 Ty 1 (R 171 Y
or00 S5 593 U ETETRTETY HEY

e ) e



Results

Accuracy between TBV and GBV
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i Identity matrix 0,69 0,74 0,78 0,79




Results

Accuracy between TrueEBV and GBV
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Every 20 Every 10 Every 5 MAF > 0,3

D 0,75 0,83 0,86 0,87
W2 0,75 0,82 0,84 0,86
i Identity matrix 0,75 0,84 0,86 0,88




Results

Variance of residuals
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ED 3,46 3,25 3,14 3,03
Hr2 3,49 3,30 3,21 3,10
i Identity matrix 3,45 3,23 3,11 3,00




Conclusions

low correlations EBV-GBV

SNP estimates differ across models

LD as a covariance matrix don’t contribute information to model
D’ isn’t useful to this type of analysis
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