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Topics to finish

• Artifacts of GWAS and impact on analyzes with sequence data

• Potential negative effects of genomic selection

• Estimation of parameters with complete commercial data

• Does selection for heat stress make sense
• Does selection for robustness make sense?

• Is selection for resilience possible?

• Alternative model for social effects
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• Large research interest in GWAS

• Limitations for current methods
• Simple models
• Single trait
• Complicated if not all animals genotyped

Can ssGBLUP be used for GWAS?

 

 

 

ssGBLUP for Genome Wide Association Studies
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Discrepancies in GWAS methods 
Chicken weight

ssGBLUP

Iterations on SNP (it3)

Classical GWAS

BayesB 

0.8%

2.5%

23%

Topigs, Netherlands, September 17, 2024 Wang et al., 2014



Questions with GWAS and predictions in animal 
datasets

• GWAS by 

– p-values 

– % of variance explained usually per 1Mb, why 1 Mb?

 

• Few regions explain > 1% additive variance

• Lots of QTLs “detected” with small data sets
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Manhattan plots for simulated population with 100 identical 
equidistant QTNs

Expectation Based on SNP values
Based on p-values

Work started by Pocrnic et al. (2018) Topigs, Netherlands, September 17, 2024



Estimated heritability 36% (normally 1%)

Identified 146 unique loci at p < 5 × 10−8 level

Galliou et al., 2020, https://doi.org/10.3390/genes11070767

First conception rate on 2k Holstein heifers
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Plots averaged for 100 QTN

R2=0.89

Pairwise linkage disequilibrium
curve

~ 2 Mb for cattle
~ 5 Mb for pigs/chickens

1/Ne Morgans for 80% QTN variance
   Ne - effective population size 

~ 15 kb for humansTopigs, Netherlands, September 17, 2024



What is Manhattan plot composed of? 

QTNs

Combined

Relationships

Noise

Bigger with larger QTN
and larger data

Smaller with more data
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Large effective population size

QTNs

Combined

Relationships

Noise
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Why GBLUP accounts for QTN?

If 4 SNP per segment, 32 SNP  account for 80% of QTN variance

Need chip with 16 NeL SNP to mostly account for QTN 

About 20k for pigs/broilers, 60k for cattle,  5m for humansTopigs, Netherlands, September 17, 2024
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Can large QTL exist despite  selection?

• Genetics and genomics of mortality in US 
Holsteins

•  (Tokuhisa et al, 2014; Tsuruta et al., 2014)

• 6M records, SNP50k genotypes of 35k bulls
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Milk – first parity

Mortality – first parity
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GWAS for various traits and index in pigs
       Bijma, EAAP 23

Index

• Different peaks in different lines
• Antagonistic pleiotropy
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Potential negative effects of 
genomic selection



Genomic selection

• Expectations
• High accuracy for all traits
• Lower generation interval  
• Improvements for previously hard-to-improve traits
• Lower costs – no progeny testing

• Reality 
• Acceleration of trends for selected traits
• Acceleration of correlated responses
• Changes in genetic parameters
• Disruption in some industries

Topigs, Netherlands, September 17, 2024



Trends for bulls for fat and fertility - Holsteins

Guinan et al., 2023Topigs, Netherlands, September 17, 2024



Trends for bulls for fat and fertility - Jerseys

Guinan et al., 2023
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Genetic selection as optimization

• Selection for one trait or an index

• Gains on selected traits

• Losses on correlated antagonistic traits

• Losses compensated by improved environment/management
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Resilience/efficiency and management 
intensity

Resilience

Management intensity

Beef DairyPigs ChickenSheep

Efficiency

Topigs, Netherlands, September 17, 2024



Domestication
Winners Losers

Growth
Milk
Mating procedures

Food finding
Seasonal reproduction
Predator avoidance 
Brain size
…
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Production (high h2)

Raw fitness (low h2)

Management

Realized fitness 

Genomic

selection

Hypothetical trend changes in 3 stages of genetic selection

Single trait
selection

Multiple
trait 
selection

Negative changes accelerate
and management cannot catch up!
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Trends for daughter pregnancy rate

Brito et al., 2021

Phenotypic

Environmental - 
management

Genetic

Topigs, Netherlands, September 17, 2024



Changes in (co)variances in pigs due to genomic selection

Heritability for growth
Genetic correlation with reproduction

Hidalgo et al. (2019)

Heritability halved, antagonistic correlations -0.3 ➔ -0.5

Hidalgo et al., 2023
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Parameters for body weight 
and egg production 
(Sosa-Madrid, 2023) 

2M body weights
45k eggs counts

3 year windows
No genomics

gibbsf90
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Why changes in genetic parameters?

• Bulmer effect

• G x E

• Recessives

• Changes in gene frequencies

• Changing resource allocation

• Changes in trait definitions

• …
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Cases of changing correlations - resource 
allocation 
• Milk and dairy form

• Old times: fat cows lose milk by getting fat

• New time: Cows need fat as body reserves during negative energy balance

• Production and fertility
• When production low, fertility OK

• When production very high, energy redirected from fertility

fertility = innate_fertility - 𝜶 production
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How to circumvent negative effects?

• Start or expand recording for problematic traits

• Update selection index
• Needs estimates for last generation

• Focus on traits where the parameters are changing rapidly
• Needs estimates generation by generation

• Make veterinarians and nutritionists work harder!
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Estimation of heritabilities and 
genetic correlations in very large 

datasets using predictivities 
within and across traits 

Ignacy Misztal, Shogo Tsuruta, Zuleica Trujano, Mary Kate 
Hollifield, Gopal Gowane, Daniela Lourenco



Challenge of parameter estimation in genomic 
era

• Possibly rapidly changing parameters

• Need estimates using complete data including genomic

• Computing issues with REML and Bayesian methods

• Can we estimate parameters without size restriction, generation by 
generation?
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Simplest estimation

෢ ℎ2 ≈ 𝑣𝑎𝑟 𝐺𝐸𝐵𝑉

 ෞ𝑟𝑖𝑗 ≈ 𝑐𝑜𝑟𝑟 𝐺𝐸𝐵𝑉𝑖 , 𝐺𝐸𝐵𝑉𝑗

Good with many genotypes and higher h2

Function of accuracies 

Possibly pathological properties in MT models
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Realized and theoretical accuracies

𝑎𝑐𝑐 =  𝑐𝑜𝑟𝑟 Τ𝑦 − 𝑋𝑏, ො𝑢 ℎ
Legarra et al. (2008)

y-Xb   - adjusted phenotype
ො𝑢 - breeding value obtained without 
 that phenotype
h2 - heritability

 

𝑎𝑐𝑐 =
𝑁ℎ2

𝑁ℎ2 + 𝑀𝑒

Daetwyler et al. (2008)

N – number of genotyped animals with phenotypes
Me – number of independent chromosome segments

Me ≈ 5k (chickens, pigs), 10k (beef), 15k (Holsteins)
               Pocrnic et al. (2017)

Realized accuracy

Theoretical accuracy
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Formula for estimating heritability

෢ℎ2 =

𝑐2 + 𝑐4 + 4𝑐2𝑀𝑒/𝑁𝑟𝑒𝑓

2
∓

3𝑐

𝑁𝑣𝑎𝑙

Nref – animals in reference population
Me – effective chromosome segments, ~5k in pigs and chicken, ~15k in cattle
Nval – number of animals in validation population

𝑐 = 𝑐𝑜𝑟𝑟 𝑦 − 𝑋𝑏, ො𝑢
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Heritability for milk in Holsteins

Reference: 580k   Validation 381k

Starting h2 = 0.35   Me=15k chromosome segments

Predictivity = 0.55   

Calculated h2 = 0.33 
Topigs, Netherlands, September 17, 2024



Formula for genetic correlations 

𝑐𝑜𝑟𝑟𝑖𝑗 =
𝑐𝑜𝑟𝑟 𝑦𝑖 − 𝑋𝑏𝑖 , ෝ𝑢𝑗

ℎ𝑖 𝑎𝑐𝑐𝑗
∓

1

ℎ𝑖 𝑎𝑐𝑐𝑗 𝑁𝑣𝑎𝑙

𝑐𝑜𝑟𝑟 𝑦𝑖 − 𝑋𝑏𝑖 , ෝ𝑢𝑗 Predictivity of trait i by trait j

Under correct model: 𝑐𝑜𝑟𝑟𝑖𝑗= 𝑐𝑜𝑟𝑟𝑗𝑖 

Topigs, Netherlands, September 17, 2024



Procedure
• Select reference population, number of genotyped N > 10,000

• Select validation population, number of genotyped Nval > 5000

• Estimate GEBV with phenotypes of reference population and genotypes 
of both populations; treat traits uncorrelated

• Calculate predictivities within and across traits

• Recalculate heritabilities  ෢ ℎ2 =
𝑐2+ 𝑐4+4𝑐2𝑀𝑒/𝑁

2

• Recalculate accuracies  𝑎𝑐𝑐 =  𝑐𝑜𝑟𝑟 𝑦 − 𝑋𝑏, ො𝑢 /ℎ

• Calculate genetic correlations  𝑐𝑜𝑟𝑟𝑖𝑗  =
𝑐𝑜𝑟𝑟 𝑦𝑖−𝑋𝑏𝑖,ෞ𝑢𝑗

ℎ𝑖 𝑎𝑐𝑐𝑗
±

1

ℎ𝑖 𝑎𝑐𝑐𝑗 𝑁 
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Data simulation with changing parameters

•  𝑦𝑖
𝑗
, 𝑢𝑖

𝑗
- phenotype and breeding values of trait i in j-th generation

• Two uncorrelated traits 
• “production” with h2= 0.4 

• “base fitness” with h2 = 0.1

• Evolving fitness trait          𝑢3
𝑗

= 𝛼𝑗 𝑢2
𝑗

− 𝛽𝑢1
𝑗
(𝑢1

𝑗
−𝑢1

0)

• 𝛼𝑗 - scaling factor so that 𝑣𝑎𝑟 𝑢3
𝑗

= 𝑐𝑜𝑛𝑠𝑡

• 𝛽  - chosen to change genetic correlation between traits 1 and 3 by 
about -0.1 each generation. 
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Data simulation (2)

• Simulation by AlphaSim
• 40k genotyped and phenotyped per generation

• 6 generations

• GBLUP selection in each generation

• Effective population size 50

• Analyzes

• Realized parameters for each generation

• Pedigree REML 

• Parameters by predictivity, use 2 reference generations

Topigs, Netherlands, September 17, 2024
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Two predictivities: IJ and JI

-0.8

-0.7

-0.6

-0.5

-0.4

-0.3

-0.2

-0.1

0

G1-3 G2-4 G3-5 G4-6 G5-7 G6-8 G7-9 G8-10

ij ji Realised

1.5 generation lag

𝑐𝑜𝑟𝑟 𝑦𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 , ො𝑢𝑓𝑖𝑡𝑛𝑒𝑠𝑠

No lag

𝑐𝑜𝑟𝑟 𝑦𝑓𝑖𝑡𝑛𝑒𝑠𝑠, ො𝑢𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
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Over-time genetic correlations based on accuracy in 

GEBV for 18 linear type traits in US Holsteins

Shogo Tsuruta, Daniela Lourenco, Ignacy Misztal, and *Tom Lawlor

UGA and *Holstein Association USA



Model and 18 traits
➢  Single-step GBLUP model (covariances=0) with current(⇓) h2 (0.22 on 
average) from VCE and arbitrary h2: 0.1 and 0.5 for more comparison

➢  Focusing on correlations of Stature (trait 1) or Udder Depth (trait 13) 
with other 17 traits <= 153 correlations in total

No Traits h2 No. Traits h2

1 Stature 0.456 10 Rear Udder Height 0.214

2 Strength 0.270 11 Rear Udder Width 0.172

3 Body Depth 0.337 12 Udder Cleft 0.178

4 Dairy Form 0.298 13 Udder Depth 0.332

5 Rump Angle 0.341 14 Front Teat Placement 0.267

6 Rump Width 0.248 15 Teat Length 0.254

7 Rear Legs - Side View 0.173 16 Rear Legs - Rear View 0.106

8 Foot Angle 0.110 17 Feet & Legs Score 0.182

9 Fore Attachment 0.230 18 Rear Teat Placement 0.213



Data (in thousand, K)
Validation = VCE* Reference

Year of 
birth

# genotyped 
animals

# records
# animals 

with records
Year of 
birth

# records
# genotyped 

animals

2009-2011 33 685 515 2001-2008 2,725 367

2010-2012 47 674 513 2001-2009 2,956 375

2011-2013 65 647 499 2001-2010 3,188 385

2012-2014 83 609 476 2001-2011 3,411 400

2013-2015 96 565 445 2001-2012 3,630 422

2014-2016 102 522 409 2001-2013 3,834 450

2015-2017 105 494 388 2001-2014 4,019 483

2016-2018 108 466 371 2001-2015 4,195 518

2017-2019 112 429 360 2001-2016 4,356 551

2018-2020 103 348 310 2001-2017 4,514 589

2019-2021 67 203 191 2001-2018 4,661 625

* VCE: Model ignoring genomic information



Heritability over time

Formula                                                                              VCE –no gen
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Genetic correlations over time (Stature)

Formula                                                                              VCE – no gen
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Comments

• Results with pedigree REML OK because of simple selection

• Order of genetic correlation important

• Predictivity sensitive to selected genotyping – no problem with current 
commercial data

• ssGBLUP:  use number of both genotyped and phenotyped
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Survival for sows

• Many reasons for disposal

• Why sow disposed?
• Genes (QTLs) for each reason separately?
• General poor fitness?

• Few general categories for disposal
• Reproduction, disease, other

Can all be analyzed jointly?
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Censored data
Disposal for: Reproduction

Other reasons

Disease

Time at disposal

Animal alive

reproduction

disease
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Traits combinations

Parity at Disposal

Repro   Disease   Other

2 2+           2+

3+        3             3+

1+         1+           1

One trait observed, others censored

Topigs, Netherlands, September 17, 2024



Results

Reasons correlated at > 0.8

Low survival due to lower fitness?

Variances different for each trait – multitrait analysis more accurate 

Survival model better if multitrait version available

Arango et al., 2005
Topigs, Netherlands, September 17, 2024
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Conclusions

• Can estimate heritability from theoretical and realized accuracies

• Can estimate genetic correlations by predictivity across traits

• Any data size and data slice

• Applicable to models where predictivity is applicable

Topigs, Netherlands, September 17, 2024



Breeding for improved heat 
tolerance: methods, 

challenges, and progress

Ignacy Misztal, University of Georgia

Luiz Brito, Purdue University



Heat tolerant cow and genetics

• Under heat stress, cow should:
• keep milk flowing 

• reproduce

• keep healthy

• do not die 

• Constantly improving management available under heat stress

• Does it make sense to select for heat stress?
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Studies on heat stress

• Measurements on individual cows (e.g., Hansen lab, Collier lab)
• Rectal temperatures

• Respiration rates

• Production and reproduction

• Use of public weather stations for test days etc. (Ravagnolo et al., 
2001)

Topigs, Netherlands, September 17, 2024



Assumption for heat stress model

P
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Temperature humidity index (THI)

cow 2

cow 3

cow 1

Breeding value:    BV = a + f(THI)*v

a – regular breeding value     v – heat-tolerance breeding value

f(THI)  – function of temperature humidity index

Ravagnolo et 

al., 2001
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THI

Heat dissipation

Body temperature

Milk

Fertility

Mortality/
Morbidity

Profile of a “heat-tolerant 
cow”

Partially based on Dikmen et al. (2012)

• “Heat tolerant” cow – 
workaholic

• Thresholds like in resource 
allocation studies (Waaij, 
2004; Rauw, et al.  2008))
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Which is a desirable cow?

Topigs, Netherlands, September 17, 2024

Milk

Resilient
Low risk for death and morbidity

High producing
High risk for death and morbidity

Heat tolerant & robust
Lower risk for death and morbidity



Heat resilience of beef cows

• Research by Don Spiers in beef cattle (Missouri)
• 3 days in heat chamber without water

• Cows stopped eating

• Recovery after a few days
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Resilience (heat tolerance)/efficiency and 
management intensity

Resilience

Management intensity

Beef DairyPigs ChickenSheep

Efficiency

Topigs, Netherlands, September 17, 2024

Is increasing production and resilience simultaneously possible?
Zefeh et al, 2023 https://doi.org/10.3389/fgene.2023.1127530

Selection



Guinan et al., 2024

Deviation from averages

Good or workaholic cow?

Drop in production 
during heat stress
potentially desirable

Topigs, Netherlands, September 17, 2024



Conclusions

• Heat tolerance and production antagonistic 

• Current selection against heat tolerance

• Modern cow bred for sophisticated management

• Dilemma: high producing or resilient cow?
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UGA AB&G team
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