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4 million genotyped animals

2

30 M

VanRaden & Miller

4 M 45 M

https://www.usda.gov/media/blog/2020/06/18
/data-saydairy-has-changed

• 5 breeds
• 3 traits
• > 200 M equations

• Did it work?
• ssGBLUP with APY
• 72 hours
• 1 TB RAM



“Memory” exercise
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• 4 M genotyped individuals

𝐑𝐀𝐌𝐓𝐁  = N ∗ M ∗ 8/10244

𝐆 =
𝐙𝐙′

2 σ𝑖 = 1
𝑆𝑁𝑃 ሻ𝑝𝑖(1 − 𝑝𝑖 VanRaden (2008)

𝐑𝐀𝐌𝐓𝐁 = 4M * 4M *8/10244 = 116 TB
https://www.hp.com/us-en/shop/tech-takes/what-are-gigabytes-of-ram

RAM



Algorithm for Proven and Young (APY)
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H−1=A−1+
0 0

0 G −1– A22
−1• Realized relationship matrix in ssGBLUP

Dense ➔ 𝑢𝑖|𝑢1 + 𝑢2 + 𝑢3, … , 𝑢𝑖−1 =  σ𝑗=1
𝑛−1 𝑝𝑖𝑗𝑢𝑗 + 𝜀𝑖G−1

Misztal et al. (2014)
Fragomeni et al. (2015)
Lourenco et al. (2015)

Sparse ➔ 𝑢𝑖|𝑢𝑐1 + 𝑢𝑐2 + 𝑢𝑐3, … , 𝑢𝑐𝑖 =  σ𝑗=1
𝑐 𝑝𝑖𝑗𝑢𝑗 + 𝜀𝑖

𝐆APY
−1

Condition on a set of features or animals = CORE animals

• 𝐆APY
−1  sparse

• Efficient computations

𝐆APY
−1

➔

Masuda et al. (2016)



ssGBLUP with 4 M genotyped animals

0.54

0.44

0.34

0.52 0.51
0.55

0.43
0.39

0.52 0.52

AY (181) BS (2,423) GU (750) HO (577,340) JE (90,666)

Accuracy for cows - Protein

SINGLE ALL 45k

Dimensionality within each breed

AY, BS, GU = 5k each

HO, JE = 15k each

• 4M genotyped – 45k core
• 30M pedigree and 45M records
• 5 breeds

UPG: altered-QP

UPG: breed, YOB, sex

Breed-specific fixed effects

• 2.7 days for solutions

• 5 days for computing 𝐆APY
−1  and A22

−1   



Updates in 𝐀22 for blending
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• Blending: G = 0.95 G* + 0.05 𝐀22

• Colleau (2002)

• Rearranging Colleau for core and noncore: from ~4 days to 12.5 minutes

APY 𝐆−1: 𝐆APY
−1 = Gcc

−1 0
0 0

+ −Gcc
−1Gcn

I
Mnn

−1
−GncGcc

−1 I

𝐀22
−1 components: 𝐀22

−1 = 𝐀22 − 𝐀21 𝐀11 −1𝐀12

Matias Bermann

H−1=A−1+
0 0

0 GAPY
−1  – A22

−1



Updates in 𝐀22 for blending
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Alberto 
Cesarani

• From 5 days to 8 hours to compute 𝐆APY
−1  and A22

−1 in ALL_45k   

1TB of RAM



Better memory management
• Iteration on data

• Data in disk and parallelization by splitting data and pedigree files

• Genomic matrices in memory



Better memory management
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Bermann et al. 
(Unpublished)



ssGBLUP with Memory Mapping

10Credits: Andres Legarra

Bermann et al. 
(Unpublished)



ssGBLUP with Memory Mapping
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Tabet et al. 
(Under review)

• 4 fertility traits: CCR, HCR, DPR, and EFC 

• 50M records, 60M in pedigree, ~2M animals genotyped, ~500M equations

• ssGBLUP with APY: 45k core

• Multi-breed



ssGBLUP with Memory Mapping

12Credits: Andres Legarra

It also has memory mapping now!

• memory mapping assigns memory to disk space

• 720 GB of RAM -> 720 GB of disk

• 120 GB of RAM



Approximating reliabilities
• Accuracy based on PEV

• Approximated for large populations

• Weights based on approximations

• Block sparse inversion with APY 

𝐖 𝐆APY
−1 𝐖 + 𝐆APY

−1 𝐖 + 𝐆APY
−1  

−1

Addition of 
weights

Block sparse 
inversion

𝑑𝑖𝑎𝑔 𝐖 + 𝐆APY
−1 −1

=

𝑑𝑖𝑎𝑔 𝐖nn + 𝐌nn
−1 −1 + 𝐖nn + 𝐌nn

−1 −1𝐆nc 𝐖cc + 𝐆cc − 𝐆cn 𝐖nn + 𝐌nn
−1 −1𝐆nc −1𝐆cn 𝐖nn + 𝐌nn

−1 −1

𝑑𝑖𝑎𝑔 𝐖cc + 𝐆cc − 𝐆cn 𝐖nn + 𝐌nn
−1 −1𝐆nc −1



Equivalence APY ssGBLUP − ssSNPBLUP
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• Equivalent models under same assumptions and data

• Equal estimable functions

• ෝ𝐮 = 𝐙ෝ𝒂

• ෝ𝒂|ෝ𝐮 = 𝑘𝐙′𝐆−1ෝ𝐮 

• 𝑉𝑎𝑟 ෝ𝒂 ෝ𝒖 = 𝑘𝐙′𝐆−1(𝐆 − 𝐂𝐮𝟐𝐮𝟐ሻ𝐆−1𝐙𝑘

Stranden and Garrick (2009)

Guladron-Duarte et al. (2014)

• p-valuei = 2 1 − Φ
ොa𝑖

𝑠𝑑 ොa𝑖
 ➔ ssGWAS



Equivalence APY ssGBLUP − ssSNPBLUP
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Function of CORE animals
How to get it?

• If using APY in ssGBLUP

• Equivalent APY ssSNPBLUP model 

•  ෝ𝒂|ෝ𝐮 = 𝑘𝐙′𝐆−1ෝ𝐮             ෝ𝒂|ෝ𝐮 = 𝑘𝐙c
′ 𝐆cc

−1ෝ𝐮c

• 𝑉𝑎𝑟 ෝ𝒂 ෝ𝒖 = 𝑘𝐙′𝐆−1 𝐆 − 𝐂𝐮𝟐𝐮𝟐 𝐆−1𝐙𝑘 𝑉𝑎𝑟 ෝ𝒂 ෝ𝒖 = 𝑘𝐙c
′ 𝐆cc

−1 (𝐆cc − 𝐂𝐮2c𝐮2c ሻ𝐆cc
−1𝐙c𝑘

➔

➔



Single-step GWAS – now unlimited
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• Genomic evaluation process

• GEBV using APY ssGBLUP + accuracy using block sparse inversion

50k genotyped animals 500k genotyped animals

• 𝐂𝐮2c𝐮2c = 𝐖 + 𝐆𝐀𝐏𝐘
−𝟏 −𝟏

• 𝑉𝑎𝑟 ෝ𝒂 ෝ𝒖 = 𝑘𝐙c
′ 𝐆cc

−1 (𝐆cc − 𝐂𝐮2c𝐮2c ሻ𝐆cc
−1𝐙c𝑘



Single-step GWAS – now unlimited

17

Carrara et al.
(In progress)

- Genotypes
JE: 528,638
HO: 1,794,100
GU: 3,774
BS: 10,417
AY: 1,940
MULTI: 2,338,869

- Pedigree (all breed)
52,667,746

- Phenotypes (all breed)
106,982,064



Reliability of IP
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• Approximate reliability of Indirect Predictions

RELIP𝑗
=

zjVar ෝ𝒂 zj′

σu
2

Liu et al. (2017)

𝑉𝑎𝑟(ෝ𝒂ሻ = 𝑘𝐙c
′ 𝐆cc

−1 (𝐆cc − 𝐂𝐮2c𝐮2c ሻ𝐆cc
−1𝐙c𝑘

Diagonal for GWAS

Full matrix for RELIP



Holstein Dataset

• Pedigree: 2,240,568 animals

• Milk Yield: 1,422,330 Records

• Genotypes: Total: 33,338 

     Training: 32,570 bulls

     Validation (2017): 768 bulls 

• Exact reliabilities based on the inverse (training + validation)

• Reliabilities of IP (for validation) with exact 𝐂𝐮𝟐𝐮𝟐  (from training)

• Reliabilities of IP (for validation) with approximated 𝐂𝐮2c𝐮2c  (from training)

Tabet et al. 
(In progress)
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Genomic predictions – binary/categorical
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• Threshold models - Binary or categorical traits

• > 10x more time to reach convergence

• Liability solutions into probabilities

• Linear solutions into probabilities (???)

Pi = 1 − Φ
t − μu − ui

𝜎𝑒

𝐺𝐸𝐵𝑉𝑙𝑖𝑎 ≈
𝐺𝐸𝐵𝑉𝑙𝑖𝑛

𝜎𝑒𝑙𝑖𝑛

2 ∗ 1 −
ℎ𝑙𝑖𝑛

2

ℎ𝑙𝑖𝑎
2

Mastitis
h2 = 0.09
% = 27



Genomic predictions – binary/categorical
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Mastitis
h2 = 0.09
% = 27



Genomic predictions – binary/categorical
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Pi = 1 − Φ
t − μu − ui

𝜎𝑒

𝐺𝐸𝐵𝑉𝑙𝑖𝑎 ≈
𝐺𝐸𝐵𝑉𝑙𝑖𝑛

𝜎𝑒𝑙𝑖𝑛

2 ∗ 1 −
ℎ𝑙𝑖𝑛

2

ℎ𝑙𝑖𝑎
2

Displaced 
abomasum
h2 = 0.09
% = 2



Genomic predictions – binary/categorical
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Displaced 
abomasum
h2 = 0.09
% = 2
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• Second approach for categorical/binary traits:

1) Linear model until convergence (BLUP)

2) Compute pseudo-phenotypes based on residuals (EM approach; Quaas, 1994)

3) Iterate back to 1 using pseudo-phenotypes

4) Do it until pseudo-phenotypes “do not change anymore”

• CATEGF90 as a wrapper for BLUP90IOD3

• Benefit: allows for multiple categorical/binary traits

Andres 
Legarra

Jennifer 
Richter

Fernando 
Bussiman

Genomic predictions – binary/categorical
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GIBBS CBLUP CATEGF90 GIBBS CBLUP CATEGF90
AC TD

GIBBS 1 0.99 0.99 1 0.99 0.99
CBLUP 1 1 1 1

CATEGF90 1 1
MT FN

GIBBS 1 1 1 1 1 1
CBLUP 1 1 1 1

CATEGF90 1 1

Trait # of Records 1 2 3 to 7

Ascites  (AC) 163,971
161,950
(98.8%)

2,021
(1.2%)

-

Tibial Dyschondroplasia (TD) 59,124
57,995
(98.1%)

1,129
(1.9%)

-

Mortality (MT) 180,998
167,389
(92.4%)

13,609
(7.5%)

-

Femoral Head Necrosis (FN) 16,870
13,112
(77.7%)

2,295
(13.6%)

1,463
(8.7%)

Genomic predictions – binary/categorical

Andres 
Legarra

Jennifer 
Richter

Fernando 
Bussiman
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CBLUP CATEGF90 CBLUP CATEGF90

AC TD

CBLUP 1 1 1 1
CATEGF90 1 1

MT FN

CBLUP 1 1 1 1
CATEGF90 1 1

Trait # of Records 1 2 3 to 7

Ascites  (AC) 1,092,037
1,083,836

(99.2%)
8,201
(0.8%)

-

Tibial Dyschondroplasia (TD) 365,676
354,143
(96.8%)

11,533
(3.2%)

-

Mortality (MT) 1,191,175
1,093,992

(91.8%)
97,183
(8.2%)

-

Femoral Head Necrosis (FN) 88,012
58,817
(66.8%)

16,935
(19.2%)

12,260
(13.9%)

CATEGF90 iter = 515 
BLUP90IOD3 iter = 461,546
Wall-clock time (min) = 15,897  

Genomic predictions – binary/categorical

Andres 
Legarra

Jennifer 
Richter

Fernando 
Bussiman



Limitations - VCE
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• Faster changes with genomic selection
• Different genetic parameters with and without genomics
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• Hard to estimate VC with many genotyped individuals

• Software optimization

• New methods Tsuruta et al. (in progress)
Gowane et al. (in progress)



Efficient VCE – software optimization
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Bermann et al. 
(unpublished)
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Efficient VCE – New methods
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UGA AB&G team
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