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ABSTRACT 

 Improving the methods for genomic prediction and genetic parameters will increase 

accuracy and decrease the generation interval, resulting in increased genetic gain. The objective 

of this dissertation was to introduce methods to improve the accuracy, efficiency, and 

understanding of genomic prediction and genetic parameter estimation in large populations. 

Simulated datasets and datasets from dairy cattle and pig populations were used to test and analyze 

the methods. The differences in bias, accuracy, and computing time using ssGBLUP were 

negligible when blending the genomic relationship matrix with different proportions of the identity 

or pedigree relationship matrix for genotyped animals. However, a new algorithm was introduced 

that reduced the bottleneck in computing time from approximately 2 hours to less than one second. 

The number of independent chromosomes in a population is assumed to be 4NeL, where Ne is the 

effective population size and L is the genome length in Morgans (M). A segment effect model was 

compared with the true accuracy to test if all genetic variation could be explained in 4NeL 

segments. Segment accuracies maximized at 4NeL but were not as high as the true accuracy, 

suggesting a more biologically reasonable definition for segments is needed. Using genomic 



information in heritability estimation in large populations is computationally expensive. Method 

R using genomics was compared with AI-REML with genomics and reduced computing time from 

9.5 to 1.6 hours. However, the heritability estimates were not as precise and had large standard 

errors compared to the AI-REML estimates. Improvement in high-throughput phenotyping 

methods is also needed to incorporate this information into genetic evaluations and increase 

genetic gain. Behavior traits were recorded using digital phenotyping in a pig population. The data 

quality was analyzed, and genetic parameters of the behavior traits and relating behavior traits to 

production traits were estimated. The behavior traits analyzed had heritabilities ranging from 0.19 

to 0.57 and had low to moderate genetic correlations with production traits. As the amount of 

phenotypic and genomic information is increasing rapidly, methods must be improved 

continuously to utilize the information and incorporate it into genetic evaluations. 

INDEX WORDS: big data, digital phenotyping, heritability, independent chromosome 

segments, prediction accuracy, single-step GBLUP 
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CHAPTER 1 

 

INTRODUCTION 

 

 Genetic evaluations are used in populations to quantify the genetic performance of 

individuals to enhance production or health. Data and technological advancement are rapidly 

increasing, and some standard genomic prediction and genetic parameter estimation methods have 

become insufficient. Predictions and estimations must be unbiased, accurate, and efficient to 

maintain positive genetic gain and capture correct biological features. The quantity of phenotypic 

and genotypic information and the rate of new data-collecting technology are exponentially 

increasing; therefore, the advancement of genetic evaluation methodology must continue to be 

able to utilize and understand the wealth of information.  

 The objective of this dissertation was to introduce and analyze methods to improve 

genomic prediction and genetic parameter estimation in large populations. A literature review on 

the foundations of estimation and prediction methods, challenges of large d atasets, and 

applications of precision agriculture is present in Chapter 2. Chapter 3 compares accuracy, bias, 

and computing time for blending the genomic relationship matrix with different proportions of the 

identity matrix or the pedigree relationship matrix for genotyped animals. Chapter 4 explains the 

characteristics and statistical properties of independent chromosomes and the function of 

chromosome segments in genomic prediction methods. A twist on an old heritability estimation 

method, Method R, is introduced in Chapter 5 with the inclusion of genomic information. This 
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chapter presents the reduction in computing time for heritability estimation with genomics using 

method R compared to AI-REML. Chapter 6 evaluates data collected by digital phenotyping, a 

data cleaning protocol, including behavior traits in a genomic evaluation and their relationship 

with production traits, and the application and implications of digital phenotyping. The overall 

conclusions of this dissertation are presented in Chapter 6.  
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CHAPTER 2 

 

LITERATURE REVIEW 

 

GENETIC AND GENOMIC PREDICTIONS 

 The fundamentals of the rate of genetic change are represented in the “Breeder’s Equation” 

(Lush, 2013): 

ΔG =
rBV,BV̂ iσ𝑎

2  

L
. 

[1] 

Where ΔG is the rate of genetic change per unit time, rBV,BV̂  is the accuracy of selection, i is 

selection intensity, σ𝑎
2  is the additive genetic variance, and L is the generation interval. The 

numerator must be increased, and the denominator must be decreased for faster genetic change. 

Estimated breeding values (EBV) must be calculated to determine the genetic trends. Genomic 

EBV (GEBV) can be further decomposed into GEBV = w1PA + w2YD + w3PC + w4DGV −

w5PP, where PA is parent average, YD is yield deviation, PC is progeny contribution, DGV is 

direct genomic value, and PP is pedigree prediction based on the subset of animals that are 

genotyped (Wiggans and VanRaden, 1991). (G)EBV can be predicted from best linear unbiased 

predictor (BLUP) evaluations (Henderson, 1949; Henderson, 1950). 

 Mixed model equations allow simultaneous estimation of fixed and random effects. The 

standard BLUP MME can be expressed as: 

[
𝐗′𝐗 𝐗′𝐙
𝐙′𝐗 𝐙′𝐙+ λ𝐈

] [𝛃

𝒖̂
] = [

𝐗′𝐲

𝐙′𝐲
], 

[2]  
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where 𝐗 is an incidence matrix relating fixed effects to animals, 𝐙 is an incidence matrix relating 

random effects to animals, λ is the variance ratio (
𝜎𝑒

2

𝜎𝑎
2 ; residual variance divided by additive genetic 

variance), 𝐈 is the identity matrix, 𝛃 is a vector of estimated fixed effects, 𝒖̂ is a vector of predicted 

random effects, and 𝐲 is a vector of phenotypes. Henderson (1973) was the first to introduce 

pedigree relationship information into the MME. When animals are assumed unrelated, 𝐈 is used; 

however, when relationships are included, 𝐈 can be replaced with the inverse of A (pedigree 

relationship matrix), G (genomic relationship matrix), or H (combination of pedigree and genomic 

relationship matrix). The animal model was established when the inverse of A could be built 

directly, eliminating the computing expense of inverting the matrix (Henderson, 1976; Quaas, 

1976). The solutions of the additive genetic random effect are described as (G)EBV. Assuming 

the animal model, the expectations and variances for equation 2 are assumed to be: 

𝐸 [

𝐲
𝒖
𝒆
] = [

𝐗𝛃
𝟎
𝟎

] 
[3] 

𝑉𝑎𝑟 [
𝐲
𝒖
𝒆
] = [

𝐕 𝐙𝐆 𝐑
𝐆𝐙′ 𝐆 𝟎
𝐑 𝟎 𝐑

], 
[4] 

 

where 𝐕 = 𝐙𝐆𝐙′ + 𝐑, 𝐆 = 𝐀σ𝑢
2  (𝐀 can be replaced with 𝐈, 𝐆, or 𝐇 depending on the model), and 

𝐑 = 𝐈σ𝑒
2. 

 The human genome project paved the way for the future of genomics (Sachidanandam et 

al., 2001). Sequencing technology advanced, and single nucleotide polymorphism (SNP) chips 

became widely used in humans, animals, and plants. Various SNP densities can be used depending 

on the purpose, such as identifying new mutations (high density), capturing relationships and SNP 

related to quantitative trait loci (QTL; medium density), or parentage verification (low density). 

Genotypes can also be imputed up or down to fit a desired density. Meuwissen et al. (2001) 
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proposed using markers to predict genetic value and increase the rate of genetic gain in 

populations. Marker-assisted selection (MAS) was introduced, where animals were selected based 

on a desired marker profile for a specific trait. Few markers were used due to the high cost of 

genotyping at this time. MAS worked well for traits of a few genes but not for the production traits 

that are quantitative in nature. The need for technology and models to detect and analyze enough 

SNP to explain the variation in quantitative traits became apparent. As Fisher (1919) demonstrated 

with the infinitesimal model, the variation in a quantitative trait is due to an infinitely large number 

of genes that all have a very small impact on the phenotype.  

 A simple marker model can be used to estimate the effect of a marker in complete or 

incomplete linkage disequilibrium (LD) with a QTL and is considered an additive model: 

𝐲 = 𝐗𝛃 + 𝐙𝒂 + 𝒆 [5] 

Where 𝐙 relates markers with animals, and 𝒂 is a vector of allele effects. Lande and Thompson 

(1990) suggested using the markers that are associated only with traits of interest. However, 

associations can differ across populations, which will cause bias, reducing the power of QTL 

detection (Legarra et al., 2018). Meuwissen et al. (2001) suggested to assume all markers are QTL 

and use all available markers to reduce bias and estimate a whole genetic effect based on markers. 

Using all markers becomes an issue when the number of markers is greater than the number of 

genotyped animals, creating more parameters to be estimated than the data available. This can be 

accommodated by treating the SNP effects as random, which allows all effects to be estimated 

together.  

 SNP-BLUP is used for estimating marker effects and is expressed as: 

[𝐗′𝐗 𝐗′𝐙
𝐙′𝐗 𝐙′𝐙 + 𝐈λ

] [𝛃

𝒂
] = [

𝐗′𝐲

𝐙′𝐲
] 

[6] 

with 𝑉𝑎𝑟(𝒂) = 𝐃 = 𝐈σa
2 and 𝑉𝑎𝑟(𝒆) = 𝐑 = 𝐈σe

2, where 𝒂 is a vector of marker effects and the 

other variables are defined above.  SNP-BLUP assumes the same variance for each SNP. Other 
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methods exist that do not have this assumption. BayesA assumes heterogeneous variances per SNP 

by providing information on the marker variances a priori (Meuwissen et al., 2001; Gianola et al., 

2009). BayesB is similar to BayesA, except it assumes a subset of SNP has no effect (Meuwissen 

et al., 2001; Gianola et al., 2009). BayesC assumes homogenous variance for all SNP except for a 

subset of SNP with no effect (Habier et al., 2011). These SNP-based methods quantify allelic 

similarities between individuals.  

 VanRaden (2008) proposed two methods for explaining genomic relationships between 

individuals using standardized covariances. The first method proposes that individuals are a sum 

over marker effects: 𝒖 = 𝐙𝒂. Whereas the (co)variance matrix can be rearranged as:  

𝑉𝑎𝑟(𝒖) = 𝐙𝑉𝑎𝑟(𝒂)𝐙′ = 𝐙𝐃𝐙′ = 𝐙𝐙′σ𝑎
2 .  [7] 

To standardize, the variance must be divided by the variance of the breeding values (𝜎𝑢
2) for the 

set of animals, and assuming the population is in Hardy-Weinberg and Linkage Equilibrium, 𝜎𝑢
2 =

2 ∑ 𝑝𝑖𝑞𝑖𝜎𝑎
2𝑛𝑠𝑛𝑝

𝑖=1 . Therefore, the genomic relationship matrix is: 

𝐆 =
𝐙𝐙′

2∑ 𝑝𝑖𝑞𝑖
𝑛𝑠𝑛𝑝

𝑖=1

. 
[8] 

The second method is used less frequently and includes unique weights per marker: 𝐆 = 𝐙𝐃𝑤𝐙′. 

When 𝐈 is replaced by 𝐆 in eq. 2, the model is genomic BLUP (GBLUP).  

 The main limitation of GBLUP is the exclusion of animals without genotypes. Methods 

are available to combine information from genotyped and non-genotyped animals in multiple steps 

(VanRaden et al., 2009); however, this is time-consuming and introduces biases. Therefore, single-

step GBLUP (ssGBLUP) was proposed where a relationship matrix exists for genotyped and non-

genotyped animals (Legarra et al., 2009; Misztal et al., 2009; Aguilar et al., 2010; Christensen and 

Lund, 2010). The basis of ssGBLUP is to consider 𝐀 as a priori relationship information and 𝐆 as 

the observed relationship information (Legarra et al., 2009). Therefore, the non-genotyped animals 
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(𝐮𝟏) could obtain observed relationship information via the genotyped animals (𝐮𝟐) based on the 

joint distribution of their breeding values: 

𝑝(𝒖1, 𝒖2) = 𝒑(𝒖2)𝒑(𝒖1|𝒖2). [9] 

Where the joint relationships can be shown in matrix form as: 

𝐇 = (
𝑣𝑎𝑟(𝒖1) 𝑐𝑜𝑣(𝒖1, 𝒖2)

𝑐𝑜𝑣(𝒖1, 𝒖2) 𝑣𝑎𝑟(𝒖2)
). 

[10] 

After rearranging and simplification: 

𝐇 = 𝐀 + [𝐀12𝐀22
−1 𝟎

𝟎 𝐈
] [

𝐈
𝐈
] [𝐆 − 𝐀22][𝐈 𝐈] [

𝐀22
−1𝐀21 𝟎

𝟎 𝐈
]. [11] 

When 𝐈 is replaced by 𝐇 in eq. 2, the model is called ssGBLUP. The inverse of 𝐇 is needed to 

solve the MME. Directly building 𝐇−𝟏 is possible and more straightforward than building 𝐇 

(Aguilar et al., 2010; Christensen and Lund, 2010): 

𝐇−𝟏 = 𝐀−𝟏 + [
𝟎 𝟎

𝟎 𝐆−𝟏 − 𝐀𝟐𝟐
−𝟏]. 

[12] 

 Today, ssGBLUP is the most popular methodology used in genetic evaluations when genotyped 

and non-genotyped animals are included (Bermann et al., 2022). 

 

ESTIMATION OF GENETIC PARAMETERS 

 The two most used methods for estimating variance parameters are restricted maximum 

likelihood (REML) and Gibbs sampling. REML was developed by Patterson and Thompson 

(1971). For the model in eq. 2, REML estimates are given by maximizing the log of the likelihood 

function and deriving with respect to 𝐆 and 𝐑. Where the likelihood function is: 

𝑙(𝐲|𝒖|𝛃,𝐑, 𝐆) = 𝑙(𝐲|𝒖|𝛃,𝐑)𝑙(𝒖|𝐆). [13] 

After expanding, removing terms that are not functions of the parameters of interest, multiplying 

by -2, and taking the log, the log-likelihood function becomes (Verbyla, 1990): 

−2L ∝ ln|𝐑| + ln|𝐆| + 𝐲 ′𝐑−1𝐲− 2𝐲 ′𝐑−1𝐗𝛃− 2𝐲 ′𝐑−1𝐙𝒖+ 𝛃′𝐗′𝐑−1𝐗𝛃

+ 2𝛃′𝐗′𝐑−1𝐙𝒖+ 𝒖′𝐙′𝐑−𝟏𝐙𝒖+ 𝒖′𝐆−𝟏𝒖. 

[14] 
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After deriving with respect to 𝐆 and 𝐑, the estimates of the variance parameters are found. REML 

is widely used because of its resistance to selection bias, and the variance estimates are always 

located within the parameter space. Its disadvantages, however, involve its high cost for large or 

complex models. Inverting the left-hand side of the MME every iteration becomes essentially 

impossible with large genomic models.  

 The Gibbs sampler is a Monte Carlo Markov Chain (MCMC) sampling algorithm and is a 

special case of the Metropolis-Hastings algorithm (Geman and Geman, 1984). Gibbs sampling is 

based on sampling from a conditional distribution when marginalizing by integrating over a joint 

distribution is difficult. The full conditional distributions of the model parameters of interest (𝐆 

and 𝐑) are needed to implement Gibbs sampling. By sampling from the conditional distributions, 

the joint distribution can be approximated. These can be derived by constructing the joint posterior 

distribution and taking only the terms that are a function of the parameter of interest. The joint 

posterior distribution is the product of the likelihood function and the prior distributions, and for a 

multivariate mixed linear model, is represented as: 

𝑝(𝛃, 𝒖, 𝐑, 𝐆|𝐲) ∝ 𝑝(𝐲|𝛃, 𝒖, 𝐑)𝑝(𝒖|𝐀, 𝐆)𝑝(𝐑|ν𝑒 , 𝐒𝑒)𝑝(𝐆|𝜈𝑢, 𝐒𝑢) [15] 

  
The full conditional distribution of the parameter of interest, 𝐑, in eq. 2 is as follows:  

𝑝(𝐑|𝛃,𝒖, 𝐆, 𝐲)~𝐼𝑊[(𝑛 + 𝜈𝑒 ), (𝐕𝑒 + 𝐒𝑒 ) [16] 

  
which is a scaled inverted Wishart distribution with (𝑛 + 𝜈𝑒 ) degrees of belief and scaling matrix 

(𝐕𝑒 + 𝐒𝑒), where 𝐕𝑒 = [
𝒆1

′ 𝒆1 𝒆1
′ 𝒆2

𝒆′2𝒆1 𝒆2
′ 𝒆2

], 𝒆𝑖 = 𝒚𝑖 − 𝐗𝑖𝛃𝑖 − 𝐙𝑖𝒖𝑖, and 𝐒𝑒  is a matrix of flat prior 

(“guesses”) for the residual variances. The full conditional distribution of the parameter of interest, 

𝐆, in eq. 2 is as follows:  

𝑝(𝐆|𝛃,𝑢, 𝐑, 𝐲) ∼ 𝐼𝑊[(𝑞 + 𝜈𝑢), (𝐕𝑢 + 𝐒𝑢) [16] 
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which is a scaled inverted Wishart distribution with (𝑞 + 𝜈𝑢) degrees of belief and scaling matrix 

(𝐕𝑢 + 𝐒𝑢), where 𝐕𝑢 = [
𝒖1

′ 𝐀−1𝒖1 𝒖1
′ 𝐀−1𝒖2

𝒖′2𝐀−1𝒖1 𝒖2
′ 𝐀−1𝒖2

], and 𝐒𝑢  is a matrix of flat prior (“guesses”) for 

the genetic variances. The convergence of the Gibbs sampler is slow, it requires a large number of 

rounds, and can have high correlations between successive samples. However, due to its ability to 

manage complex traits or models, it is widely used.  

 

CHALLENGES OF LARGE DATASETS 

 Generally, populations of the same species share a large proportion of their genetic 

material; thus, phenotypic or genotypic information can be redundant. Sequencing every animal 

in a population will give unnecessary overlapping information. Memory and computing costs can 

be reduced by using SNP instead of whole genome sequence. Additionally, high throughput 

phenotyping is becoming more widespread. In some cases, data are collected every second or less 

or in a continuous video accumulation. At a point, the information related to the unique individual 

will be captured, and additional information will be excessive. Therefore, methods to reduce 

redundant information genotypically and phenotypically can be adapted. 

 As the number of genotyped animals increases, the inversion of 𝐆 becomes unfeasible due 

to its dense properties. As livestock populations have small effective population sizes, they are 

highly related and 𝐆 is not full rank. Pocrnic et al. (2016b) found that the dimensionality of 

genomic information can be explained by the number of largest eigenvalues that explain 99% of 

the variation. They tested several livestock species and found 5,570 in broiler chickens, 6,083 in 

pigs, 14,555 in Angus cattle, 16,645 in Jersey cattle, and 19,379 in Holstein cattle. The limited 

dimensionality insinuates that many haplotype blocks and chromosome segments exist in the 

populations. The redundancy of genomic information can be quantified by the number of 
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independent chromosome segments (Me), corresponding to the number of largest eigenvalues that 

explain 99% of the variation (Pocrnic et al., 2016a). Stam (1980) postulates that Me = 4NeL, where 

Ne is the effective population size, and L is the genome length in Morgans. Thus, for populations 

with smaller Ne, the smaller the dimensionality of 𝐆. 

Therefore, Misztal et al. (2014) proposed a sparse representation of 𝐆−𝟏  created by 

recursion on a “core” subset of genotyped animals with the size of the rank of 𝐆. Initially, the core 

subset were animals with high accuracy or “proven” and the noncore subset would be animals with 

lower accuracy, typically younger animals; thus, the method was named the Algorithm for Proven 

and Young (APY). However, Fragomeni et al. (2015) showed that random animals can be used as 

core and give an accurate inverse. 𝐆 can be partitioned as: 

𝐆 = [
𝐆cc 𝐆cn

𝐆nc 𝐆nn

], 
[17] 

where 𝑐 and 𝑛 represent blocks for core and noncore animals, respectively. Then, 𝐆𝐴𝑃𝑌
−𝟏  can be 

obtained directly as (Misztal, 2016): 

𝐆APY
−𝟏 = [𝐆cc

−𝟏  𝟎
𝟎 𝟎

] + [−𝐆cc
−𝟏𝐆cn

𝐈
]𝐌nn

−𝟏[−𝐆nc𝐆cc
−𝟏 𝐈], [18] 

where 𝐌nn = 𝑑𝑖𝑎𝑔(𝐆nn − 𝐆nc𝐆cc
−𝟏𝐆cn). As the number of genotyped animals increases, the 

computing and memory costs increase almost linearly (Fragomeni et al., 2015). APY with 

ssGBLUP is now widely used in genomic evaluations.  

 Additionally, high-throughput phenotyping is becoming widely used in livestock 

phenotyping, creating big data challenges (Koltes et al., 2019). A surplus of information comes 

with this technology and is widely under-utilized. A challenge with big phenotypic data is that 

they are often not clean data (Morota et al., 2018). With the rapid development of high-throughput 

technologies and the influx of data, verification and validation of data quality are essential. The 

power of automated phenotyping can lead to faster decision-making, animal health alerts, and 
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overall faster genetic gain (Berckmans and Guarino, 2017; Wolfert et al., 2017). Mistakes in the 

automation process could be detrimental to the population in the short and long term. For example, 

a glitch in an automated animal health system could cause illnesses or deaths that were preventable, 

or selecting phenotypes that are not a biological representation of the true trait could lead to 

unwanted population changes. Therefore, removing noise and eliminating errors are essential for 

utilizing high-throughput data. 

 

PRECISION AGRICULTURE 

 Precision agriculture is becoming more prevalent and can improve plant and animal 

production by capturing larger quantities of phenotypic data, increasing accuracy and, thus, 

speeding up the rate of genetic gain (Brito et al., 2020). The majority of precision agriculture is 

seen digitally, such as picture or video information; however, many other avenues of precision 

agriculture exist to capture information. For example, accelerometers to quantify activity and 

behavior (Andriamandroso et al., 2016), microphones to identify stress (Moura et al., 2008; 

Exadaktylos et al., 2014), or sensors to measure respiratory rate (Strutzke et al., 2019). Digital 

precision agriculture has been utilized in real-time monitoring for welfare traits (Berckmans, 

2014), infrared thermography for sickness or skin damage (Harris-Bridge et al., 2018), imaging to 

detect body condition scores (Azzaro et al., 2011), or video to compare behavior to production 

traits (Obermier et al., 2023). 

 Two main uses of precision livestock are to capture novel traits and to gain more 

measurements of existing traits with higher accuracy. As manual labor becomes more costly over 

time, technology becomes more inexpensive. For example, automatic milking systems have 

proven to substantially save in labor costs (Mathijs, 2004; Bijl et al., 2007). Often, the more elite 
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animals have phenotypes recorded, and the commercial-level animals do not. In turn, if the 

commercial-level animals had phenotypes recorded, this would increase the accuracy of the 

breeding candidates and improve genetic gain (Pérez-Enciso and Steibel, 2021). Digital 

phenotyping could provide a method to implement data recording on the commercial level with 

reduced or no manual labor costs.  

Additionally, digital phenotyping could provide a way to analyze the animal’s 

characteristics more precisely than the human eye. For example, with categorically measured traits 

(such as body condition score), human technicians may score the animals in whole or half number 

increments from one to ten, while a digital data extracting algorithm could give a score with more 

detailed increments with greater accuracy. Overall, with precision agriculture, more information 

with higher accuracy will be implemented into genetic evaluations and the decision-making of 

animal production and well-being.  
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CHAPTER 3 

 

IMPACT OF BLENDING THE GENOMIC RELATIONSHIP MATRIX WITH DIFFERENT 

LEVELS OF PEDIGREE RELATAIONSHIPS OR THE IDENTITY MATRIX ON GENETIC  

EVALUATIONS1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
1 Hollifield M. K., M. Bermann, D. Lourenco, I. Misztal. 2022. JDS Communications. 3(5):343-347. Reprinted here 

with permission of the publisher.  
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SUMMARY 

For single-step GBLUP, the genomic relationship matrix (𝐆) is blended with a positive 

definite matrix for inversion to solve the mixed model equations. Conventionally, 𝐆 is blended 

with a proportion of the numerator relationship matrix for genotyped animals (A22); however, 

blending with A22 can take excess time, while blending with an identity matrix (I) may take less 

time and guarantees the non-singularity of 𝐆. The purpose of this study was to compare differences 

in the reliability and inflation of GEBV, convergence rate, and elapsed wall-clock time when 

blending G with different proportions of A22 or I and introduce a more efficient blending 

algorithm. Using a U.S. Holstein population of 9.7 million animals in the pedigree and 569,404 

genotypes, negligible differences in performance were observed in blending with 0.001I and 

0.05A22. The optimized blending algorithm reduced the computing time from approximately two 

hours to five minutes for 𝐀22  and less than one second for I. 

 

ABSTRACT 

Evaluations using single-step GBLUP require blending the genomic relationship matrix 

(𝐆) with a positive definite matrix to ensure non-singularity for solving the mixed model equations 

(MME). Many organizations blend G with a proportion of the numerator relationship matrix for 

genotyped animals (A22) to improve stability and possibly add a residual polygenic effect. 

However, when nearly all the polygenic variance is explained by G, blending with 𝐀22  may cause 

inflation and add excess computing time; thus, blending with an identity matrix (I) multiplied by 

a small value may be a better solution. The objective of this study was to evaluate changes in 
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reliability and inflation of GEBV, convergence rate, elapsed wall-clock time for blending G with 

different levels of A22 or I, and develop a more time-efficient blending method. A U.S. Holstein 

cattle dataset was used with 9.7 million animals in the pedigree, 569,404 animals with genotypes, 

and 10.1 million stature phenotypes. Blending 𝐆 by adding a small value to the diagonal elements 

had comparable performance to 𝐀22  with fewer rounds to convergence required to solve the system 

of equations. Reliability and inflation of GEBV ranged from 0.63 to 0.68 and 0.86 to 0.89 for all 

blending scenarios tested. The current blending default in the BLUPF90 software is to replace G 

with (1 – β)G + βA22, where β equals 0.05. In this study, β values of 0.30, 0.20, 0.05, 0.01, 0.005, 

and 0.001 were evaluated with A22 and I. Negligible differences in elapsed computing time 

between the blending types and levels were observed. Subsequently, the current blending 

algorithm used in the BLUPF90 family of programs was optimized, reducing the blending time 

from approximately 2 hours to five minutes for 𝐀22  and less than one second for I. The new time 

difference between blending with 𝐀22  or I is negligible and not computationally critical. The 

results indicate that blending 𝐆 with 𝐀22  does not have clear advantages over blending with a small 

proportion of I. 

 

MAIN BODY 

Single-step genomic best linear unbiased predictor (ssGBLUP) allows estimating the 

breeding values jointly for genotyped and non-genotyped animals (Aguilar et al., 2010, 

Christensen and Lund, 2010). For solving the mixed model equations (MME), the main difference 

between ssGBLUP and the pedigree-based best linear unbiased predictor (PBLUP) is in the 

covariance matrix for the breeding values. In PBLUP, the inverse of the numerator relationship 

matrix (𝐀−1) is used, whereas in ssGBLUP is replaced by 𝐇−1. The matrix 𝐇−1 is composed of 
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𝐀−1, the inverse of the genomic relationship matrix (𝐆−1), and the inverse of the numerator 

relationship matrix for genotyped animals (𝐀22
−1) as follows: 

𝐇−1 = 𝐀−1 + [
0 0
0 𝐆−1 − 𝐀22

−1]. 
(1) 

Calculating such matrices can be referred to as the “genomic setup,” which typically 

involves computing 𝐆, adding (“blending”) it to a small fraction of a positive definite matrix; 

usually an identity matrix (I) or 𝐀22 , to guarantee its non-singularity (VanRaden, 2008), tuning to 

make it compatible with 𝐀22  (Vitezica et al., 2011), and inverting it. The current default in 

BLUPF90 is blending implemented first and then tuning. McWhorter et al. (2021) found 

predictions were unbiased, accurate, and neither over- nor under-dispersed with either order. When 

solving the MME, 𝐀−1  is calculated following Henderson’s rules (Henderson, 1976, Quaas, 1976, 

1988). For small evaluations, 𝐀22  is calculated with Colleau (2002) and inverted, whereas for 

large-scale evaluations, a product 𝐀22
−1𝐪 is calculated as proposed by Masuda et al. (2016). 

Typically, 𝐆 is constructed using the first method of VanRaden (2008): 

𝐆 =
𝐙𝐙′

2∑𝑝𝑗(1 − 𝑝𝑗)
 , 

(2) 

where 𝐙 = 𝐌 − 𝐏, 𝑝𝑗  is the allele frequency of the second allele at locus 𝑗, calculated based on 

observed allele frequencies, 𝐌 is a genotypic matrix relating marker alleles to individuals with the 

number of rows equal to the number of animals and the number of columns equal to the number 

of SNP, and 𝐏 is a matrix containing 2𝑝𝑗 .  

The blending step is frequently done as (1 − 𝛽)𝐆 + 𝛽𝐀22, where 𝛽 reflects the proportion 

of residual polygenic variance not accounted for by 𝐆 (Habier et al., 2007, Liu et al., 2016, 

Mäntysaari et al., 2017). Blending in this way creates a non-singular 𝐆 and is equivalent to fitting 

a residual polygenic effect (RPG) in the model (Liu et al., 2014). However, when nearly all QTL 
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were identified, using 𝐀22  for blending reduced accuracy while using a fraction of I for blending 

did not (Fragomeni et al., 2017). The results from the study of Himmelbauer et al. (2021) showed 

that blending with 𝛽 greater than 0.001 introduced biases for bulls with many genotyped progeny. 

It is standard for 𝛽 to be equal to 0.05; although, depending on the population parameters and 

quality of genomic information, values of 𝛽 can vary from 0.01 to 0.50 (Lourenco et al., 2020). 

Larger values of 𝛽 are used when the markers do not adequately explain the additive genetic 

variance or to reduce the effect of the genomic information (Meyer et al., 2018).  

When the number of genotyped animals is large, 𝐆−1 cannot be computed. In such a case, 

𝐆−1 can be replaced by 𝐆APY
−1 , which is calculated with the Algorithm of Proven and Young (APY; 

(Misztal et al., 2014, Misztal, 2016).  Let 𝐆 be partitioned as  

𝐆 = [
𝐆𝑐𝑐 𝐆𝑐𝑛

𝐆𝑛𝑐 𝐆𝑛𝑛

],           (3) 

where the subscripts c and n denote the blocks for core (proven) and non-core (young) animals, 

respectively. Using APY, the inverse of 𝐆 (𝐆𝐴𝑃𝑌
−1 ) can be obtained directly as: 

𝐆𝐴𝑃𝑌
−1 = [𝐆𝑐𝑐

−1 𝟎
𝟎 𝟎

] + [−𝐆𝑐𝑐
−1𝐆𝑐𝑛

𝐈
]𝐌𝑛𝑛

−1[−𝐆𝑛𝑐𝐆𝑐𝑐
−1 𝐈], (4) 

where 𝐌𝑛𝑛 = 𝑑𝑖𝑎𝑔(𝐆𝑛𝑛 − 𝐆𝑛𝑐𝐆𝑐𝑐
−1𝐆𝑐𝑛) is a diagonal matrix.  

APY reduces computational costs by utilizing concepts of effective population size and the 

limited dimensionality of the genomic relationship matrix (Fragomeni et al., 2015, Masuda et al., 

2016, Pocrnic et al., 2016). Previous studies have successfully tested APY in various species 

(Ostersen et al., 2016, Mäntysaari et al., 2017, Gonzalez-Peña et al., 2019, Nilforooshan and Lee, 

2019). For Holsteins, 15,000 eigenvalues corresponded to 98% of the variation and realized 

accuracies peaked using this number of randomly chosen core animals (Pocrnic et al., 2016). In 

addition to APY, other options are available for single-step with large genomic data, such as 
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ssGTBLUP (Mäntysaari et al., 2017), single-step Bayesian Regression (Fernando et al., 2014), 

single-step SNP-BLUP (Liu et al., 2014, Taskinen et al., 2017), and using reduced-dimension 

singular value decomposition of the genotype matrix (Ødegård et al., 2018). Although APY makes 

it possible to obtain a sparse representation of 𝐆−1 (𝐆APY
−1 ) that well-depicts the population structure 

without inverting the entire 𝐆 directly, blending is still needed because of the inverse of 𝐆 for core 

animals. The computing time of the genomic setup may be a limiting factor to timely accomplish 

large-scale evaluations when the number of genotyped animals exceeds one million. Therefore, 

this study aimed to compare the efficiency of blending 𝐆 with 𝐈 versus 𝐀22 , analyze the reliability 

and inflation of the resulting GEBV, and develop an improved blending algorithm.  

The current implementation of APY in preGSf90 follows the methods in Masuda et al. 

(2016), and at the time of the development, the number of genotyped animals was small; therefore, 

the algorithm was efficient. Now that the number of genotyped U.S. Holsteins is nearing 5 million 

(Council of Dairy Cattle Breeding, 2022), a more efficient blending method is required for feasible 

routine evaluations. Because of the structure of 𝐆𝐴𝑃𝑌
−1  and for memory efficiency, only 𝐆𝑐𝑐 and 𝐆𝑐𝑛 

are stored as dense matrices, whereas for 𝐆𝑛𝑛, only its diagonals (𝐠𝑛) are stored. In the blending 

proposed by Masuda et al. (2016), all the columns of 𝐀22  are calculated, but only the elements 

corresponding to 𝐆𝑐𝑐, 𝐆𝑐𝑛, and 𝐠𝑛 are added to these matrices. The rest of the elements are used 

for calculating the average of the diagonal and off-diagonal elements of 𝐀22 , which are required 

for the tuning of 𝐆. Since the only elements of 𝐀22  needed are those corresponding to 𝐆𝑐𝑐, 𝐆𝑐𝑛, 

and 𝐠𝑛, we propose an optimized algorithm that computes only the rows of 𝐀22  corresponding to 

the core animals instead of calculating all the columns of 𝐀22 . The elements of 𝐀22  corresponding 

to 𝐠𝑛 are the inbreeding coefficients added to the value of one for the non-core animals. They are 
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calculated before computing any row of 𝐀22  because the method for calculating these rows 

requires the inbreeding coefficients (Colleau, 2002). 

The primary purpose of blending 𝐆 with 𝐀22  is to make 𝐆 nonsingular, which is attainable 

with 𝐈. Blending with 𝐀22  may cause unwanted bias, and blending with 𝐈 should require less 

computing time. To evaluate this, we compared the reliability and inflation of GEBV, number of 

rounds required for convergence, and elapsed wall-clock time for blending when blending 𝐆 with 

various proportions (0.30, 0.20, 0.05, 0.01, 0.005, 0.001) of 𝐀22  and 𝐈. A U.S. Holstein dataset 

provided by The Council on Dairy Cattle Breeding (Bowie, MD) was used in this study. Stature 

phenotypes were available from 10,067,745 animals. The pedigree file included 9,730,943 

animals, from which 569,404 animals had 60,671 SNP markers after quality control. SNP with 

minor allele frequency lower than 0.05, call rates lower than 0.9, or a difference greater than 0.15 

between expected and observed frequency of heterozygous were removed during quality control. 

Animals with call rates lower than 0.9 or parent-progeny Mendelian conflicts were removed during 

quality control. Of the genotyped animals included after quality control, 21,127 were sires, 59,723 

were dams, and 32,855 had stature phenotypes.  For APY, 15,000 genotyped  animals were 

randomly chosen as core. 

A partial dataset was created for validation by removing phenotypes from daughters of 

bulls that have at least 50 daughters with records in 2014. Genomic EBV (GEBV) were calculated 

for the whole (GEBVw) and partial (GEBVp) datasets using the BLUP90IOD2OMP1 software 

(version 3.119; (Tsuruta et al., 2001, Tsuruta and Misztal, 2008). Estimates of daughter yield 

deviations (DYD) for validation bulls were obtained using the whole dataset with the method of 

Liu et al. (2004) and the algorithm of Mrode and Swanson (2004). The regression coefficient (𝑏1) 

and the coefficient of determination (𝑟2 ) between DYD and GEBVp_x were used to measure the 
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inflation and reliability of predictions for validation bulls, respectively, where x denotes the 

blending combination tested (0.30, 0.20, 0.05, 0.01, 0.005, or 0.001 multiplied by 𝐀22  or I).  

The results for the validation are shown in Figure 3.1. None of the 𝑏1 nor 𝑟2  values between 

DYD and GEBVp_x differ by more than 0.05, indicating consistent outputs of the models. The 

lowest 𝑟2  values were seen with the blending coefficient of 0.30 for both matrices tested. To 

compare the GEBV of the various blending combinations to the current blending default in the 

BLUPF90 programs (0.05𝐀22 ), GEBVw_0.05𝐀22  was regressed on GEBVw_x, and the correlation 

coefficients (𝑟) and 𝑏1 of the two were calculated for the genotyped animals and are shown in 

Figure 3.2. When comparing with the same blending proportion, there were negligible differences 

between 𝑏1 and 𝑟 for 𝐈 and 𝐀22 . For GEBVw_0.05𝐀22  regressed on GEBVw of 0.30, 0.20, 0.01, 

0.005, or 0.001 𝐀22  blending combination, 𝑟 and 𝑏1 ranged from 0.99 to 0.98 and 0.99 to 0.97, 

respectively, indicating very little inflation and strong association. For GEBVw_0.05𝐀22  regressed 

on GEBVw of each 𝐈 blending combination, 𝑟 was 0.99 and 𝑏1 ranged from 0.98 to 0.97. The 

differences observed here are negligible and suggest no differences in reliability or inflation of 

GEBV when blending 𝐆 with a small value multiplied by 𝐈 compared with 𝐀22 . 

The number of rounds until convergence using preconditioner conjugate gradient with 

iteration on data (Tsuruta et al., 2001) were compared for each blending combination to quantify 

the computational efforts and are shown in Table 3.1. The termination criterion was 10-12 with a 

convergence criterion of C = ‖𝐛 − 𝐀𝐱‖2/‖𝐛‖2, where the mixed model equations are 𝐀𝐱 = 𝐛. 

For every blending combination, the convergence patterns were steady, and there was no indication 

of divergence. The 0.001𝐀22  and 0.001𝐈 blending combinations had the most iterative rounds to 

convergence (599 and 596, respectively). The blending scenario of 0.30𝐈 took 251 rounds to 

converge, which was the fewest observed (Table 3.1). The fewer rounds necessary for convergence 
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suggest a more well-conditioned system of equations. However, the results do not indicate a 

concerningly high number of rounds or a diverging system for any blending combinations tested.  

One would assume blending with I would drastically reduce computing time since I is 

sparse, and the direct creation of 𝐀22  would be avoided. Using the algorithm by Masuda et al. 

(2016), the elapsed wall-clock time for creating and blending 0.05𝐀22  and 0.05I with 0.95𝐆 were 

both around 1 hour and 54 minutes, with no notable difference (Table 3.1). This lack of difference 

in computing time between blending with the two matrices can be attributed to the algorithm in 

Masuda et al. (2016); as mentioned above, all columns of 𝐀22  were calculated for the tuning of 𝐆, 

regardless of the matrix used for blending. In contrast, only the rows of 𝐀22  relating to core animals 

were calculated in the optimized algorithm, which reduced computing time. With the optimized 

blending algorithm, blending 0.95𝐆 with 0.05𝐀22  took 5 minutes, and with 0.05𝐈, it took less than 

one second. Blending 𝐆 for large-scale evaluations is efficient with the optimized algorithm using 

either 𝐀22  or I. Although blending with 𝐈 is remarkably faster than with 𝐀22  using the new 

algorithm, an elapsed computing time of approximately five minutes is not critical. Additionally, 

the peak memory use was 78.57GB and did not differ between models. 

The new algorithm can include virtually any number of genotyped animals in the genomic 

set-up for ssGBLUP with APY. Using 0.001𝐈 for blending is enough for inverting and has no 

negative consequences on reliability and inflation. Moreover, the weight applied to the blending 

matrix should be determined by the portion of the genetic variance the markers explain. The results 

may differ depending on the dataset and values of 𝛽 used. For each blending proportion tested, 𝐈 

had fewer convergence rounds than 𝐀22 , and the least was with 0.30𝐈. The differences in reliability 

and inflation of GEBV when blending 𝐆 with various proportions of 𝐀22  and 𝐈 were negligible, 

and the computing time is no longer a limiting factor with the new algorithm. Therefore, the 
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decision of which matrix to use to ensure the non-singularity of 𝐆 is trivial for the implementation 

of ssGBLUP. 
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TABLES 

Table 3.1. The elapsed wall-clock time for blending in minutes and the number of rounds to reach 

the convergence criterion of 10-12 for obtaining the solutions of the system of equations for each 

blending scenario with the new and old algorithm. The blending scenarios are the matrices added 

to (1 – β1)G2 to obtain an invertible G. 

Blending 

Scenario 
Algorithm 

Elapsed wall-clock 

time for blending (min) 

Rounds to 

Convergence3 

0.30A22
4 

new 2.4 333 

old 54.6 333 

0.20A22 
new 2.9 349 

old 66.0 346 

0.05A22 
new 5.2 416 

old 113.6 418 

0.01A22 
new 2.5 487 

old 61.0 487 

0.005A22 
new 2.3 536 

old 98.7 534 

0.001A22 
new 3.9 599 

old 98.0 594 

0.30I5 
new 2.6 251 

old 62.2 251 

0.20I 
new 3.0 257 

old 61.9 257 

0.05I 
new <0.1 362 

old 113.5 362 

0.01I 
new <0.1 470 

old 111.3 468 

0.005I 
new <0.1 530 

old 77.2 532 

0.001I 
new <0.1 596 

old 76.0 598 
1The proportion of residual polygenic variance not accounted for by G 

2Genomic relationship matrix 
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3The average elapsed wall-clock time per iteration round was 7.3 seconds for all scenarios  

4Numerator relationship matrix for genotyped animals 

5Identity matrix 

 

FIGURES 

 

Figure 3.1. Regression coefficient (𝑏1) and coefficient of determination (𝑟2 ) of DYD on GEBV 

calculated with a partial dataset (GEBVp) with all GEBVp_x blending scenarios, where x denotes 

the blending combination tested, as shown on the x-axis.  
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Figure 3.2. Regression coefficient (𝑏1) and correlation coefficient (𝑟) of GEBVw using 0.05A22 

blending on GEBVw_x, where x is the blending combination tested as shown in the legend, and w 

refers to the whole dataset.  
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CHAPTER 4 

 

EXPLORING THE STATISTICAL NATURE OF INDEPENDENT CHROMOSOME 

SEGMENTS2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
2 Hollifield, M K., M. Bermann, D. Lourenco, and I. Misztal. 2023. Livestock Science. 270 

(105207). Reprinted here with permission of the publisher. 
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ABSTRACT 

Previous research in genomics developed the concept of independent chromosome 

segments and suggested that genomic prediction works on capturing the segment effects rather 

than on LD to QTL. The number of independent chromosome segments (Me) was posited as 4NeL, 

a function of effective population size (Ne) and genome length (L) in Morgans (M). The objective 

of this study was to determine whether the physical segments are approximately consecutive 

haplotype blocks of length ¼ M, with the number of haplotype blocks for each physical location 

equal to Ne. In a simulated population, the number of animals randomly selected as reference 

animals is represented as Na. For all animals, the genome was split into equal-sized segments 

represented as Ns. For each specific location, segments of non-reference animals were assigned 

the most similar segment of one reference animal. Genomic analyses estimated the value of the 

segment effects, and breeding values were a sum of all segment effects for a specific animal. 

Accuracies of segment effects were calculated by correlating the true breeding values (TBV) and 

the breeding values based on segments. Segment effect accuracies were compared with the true 

accuracy calculated by the correlation of TBV and genomic estimated breeding values (GEBV) 

computed using GBLUP. Accuracies were maximized at Na=Ne, Ns=4L, but they were not as high 

as in GBLUP. Accuracies may be smaller using the statistical concept of segments due to 

approximations based on computing limitations, as the origin of each segment and the 

recombination sites were unknown in the simulation. Therefore, random animals served as 

reference animals, and each non-reference animal received the most similar segment of a reference 

animal instead of a linear combination of such segments. Genomic selection acts partially on ¼ M 
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long chromosome segments, and using the statistical definition of segments moderately explains 

the accuracy. More complex simulations are needed to investigate the issue thoroughly.   

 

INTRODUCTION 

The genome is inherited in large segments from each parent and is a mosaic of ancestral 

segments broken in each generation (Pääbo, 2003). In any population, an arbitrary past generation 

can be designated as the “founder” generation, and each chromosome in subsequent generations is 

a composite of segments that originated from this generation (MacLeod, 2005). Alleles are 

strongly associated with each other on the portions of segments inherited unbroken from the 

founder population. Thus, the potential for selection on segments exists if enough information is 

present to explain the independent chromosome segments (Pocrnic et al., 2019). According to 

Stam (1980), the number of independent chromosome segments (Me) is based on the number of 

chromosome junctions in a finite population and is equal to 4NeL, where Ne is the effective 

population size, and L is genome length in Morgans (M). Goddard (2009) estimated Me as 

2NeL/log(4NeL) due to the variation in relationships in the population, and Hayes et al. (2009) 

used 2NeL, an approximation between Stam (1980) and Goddard (2009). 

Genomic selection works by estimating independent chromosome segment effects 

(Goddard, 2009). Experimentally, Me has been related to the number of the largest eigenvalues 

that explain 98−99% of the genetic variation in the genomic relationship matrix (G), as the 

dimensionality of genomic information is approximately 4NeL (Pocrnic et al., 2016a). Misztal et 

al. (2014a) proposed the Algorithm of Proven and Young (APY), an efficient computation of the 

inverse of G by using recursion on a small subset of animals, which serve as holders of linear 

combinations of independent chromosome segments. Initially, the core subset of animals used for 
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APY were those with high accuracy or “proven” with many records. However, further studies have 

shown that predictions are accurate when Me random animals are used as the core subset for APY 

(Fragomeni et al., 2015; Pocrnic et al., 2016a; Bradford et al., 2017). The success of the APY 

algorithm affirms the validity of the segment model. 

While the concept of the independent chromosome segments seems valid, the physical 

nature of the segments is not known. However, it can be posited as one of two concepts. In the 

first concept, the genome is composed of approximately ¼ M consecutive blocks, and each block 

holds Ne different segments (or haplotypes). Each segment is associated with an additive value, 

and a breeding value is a sum of the additive values of the segments. In the second concept, each 

founder animal contributes approximately 1M blocks to progeny, and after several generations, 

approximately 4NeL segments are formed; they can be of different sizes per population. Like 

before, each segment is associated with an additive value, and the value of a segment is a weighted 

sum of its components. MacLeod et al. (2005) looked at transition points between consecutive 

segments, suggesting that the segments form a continuous block but not necessarily a fixed size 

across the genome; about 12 SNP per one chromosome segment was required to detect 90% of 

transitions. 

The objective of this study was to investigate the statistical nature of independent 

chromosome segments using the first concept since the second one is difficult to implement as it 

is uncertain how to explicitly identify independent segments after many generations. We tested if 

all additive genetic information can be composed in 4NeL independent chromosome segments, if 

equal-sized blocks well represent physical aspects of chromosome segments, and if the accuracy 

of segment effects is close to the true accuracy.  
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MATERIALS AND METHODS 

DATA SIMULATION 

Data were simulated using QMSim software and replicated five times (Sargolzaei and 

Schenkel, 2009). A historical population undergoing drift and mutation was generated and 

consisted of 1,000 generations, gradually increasing from 1,000 to 100,000 individuals with 

random mating, no selection, and no migration. From the last generation of the historical 

population, five males and 2,000 females were randomly sampled to create a recent population 

with an effective population size of 20. Ten non-overlapping generations of the recent population 

were created by random mating, no selection, equal sex ratio, and  a litter size of one for a total 

population size of 20,005, with 8,966 males and 11,039 females. One polygenic trait was simulated 

for each animal with a phenotypic variance of 1.0 and heritability of 0.3. The last three generations 

were genotyped, and each genome contained ten, one M long chromosomes, for a total genome 

length of ten M. Each chromosome had 5,000 evenly allocated biallelic SNP markers, totaling 

50,000 SNP per genome. Randomly distributed among the chromosomes were 1,660 QTL 

affecting the trait that were biallelic and had equal frequencies in the first generation with allelic 

effects sampled from a gamma distribution with a shape parameter of 0.4. The mutation rate per 

locus per generation was assumed to be 2.5 x 10-5 for QTL and markers with recurrence.  

 

MODELS AND COMPUTATIONS 

A group of animals was selected to generate conceptual independent chromosome 

segments. Hereinafter, these animals will be referred to as “reference” animals. The reference 

animals were selected from the genotyped animals in the last three generations. Each animal’s 

genome, composed of 50,000 SNP, was split into discrete segments. To test the effects of the 
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theoretical 4NeL independent chromosome segments, Ne (20) reference animals and 4L (40) 

segments per animal were analyzed. We conducted two main analyses: i) reference animals were 

selected randomly or by the least related animals in the population, and ii) various numbers of 

segments and reference animals were compared.  

The least related reference animals were those with the maximum difference in SNP codes 

compared to all other animals and were determined by 𝑚𝑎𝑥(∑∑ |𝑞𝑟𝑠 − 𝑞𝑡𝑠|) where 𝑟 is the animal 

with the maximum sum of SNP codes (𝑞) compared to the rest of the genotyped population (𝑡), 

and 𝑠 is the allele. A random number generator determined the animals chosen as the random 

reference animals. All reference and non-reference animals were genotyped, and only the 

genotyped animals were used in the analyses. To investigate the behavior around 4N eL segment 

effects, the number of segments per animal (Ns) varied while the number of reference animals (Na) 

remained fixed to Ne (20). Similarly, Ns was fixed to 4L (40) as Na varied. The actual effective 

population size and genome length in the simulation did not change; only the number of artificially 

created segments changed to estimate the accuracy of segment effects. Each segment of each non-

reference animal was assigned to a reference animal segment that was the most similar. Only the 

effects of the reference animal’s chromosome segments were tested to evaluate independent 

chromosome segment effects. The chromosome segments of each animal were denoted as 𝑐𝑖𝑗, 

where 𝑐 is the jth segment of the ith animal. Altogether, there were NaNs segment effects total, and 

the ijth segment effect was numbered as (i – 1)Na + j. The similarities per non-reference segment 

were calculated by 𝑚𝑖𝑛(∑ |𝑐𝑘𝑗 − 𝑐𝑙𝑗|), where k is the reference animal with the minimum sum of 

the SNP codes in segment j for non-reference animal l. The effects of the hypothetical independent 

chromosome segments were estimated using in-house software written in Fortran with the model: 

𝐲 = 𝟏μ + 𝐙𝐬𝒔 + 𝒆; (1) 
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where 𝐲 is a vector of phenotypes, 𝐙𝐬 is an incidence matrix relating the assigned reference animal 

segments to all animals, s is a random vector of estimated segment effects, and 𝒆 is a random 

vector of errors. We assumed the variances were var(s) = 0.3I and var(e) = 0.7I. 

Accuracies were computed to investigate the theoretical number of 4N eL independent 

chromosome segments containing all genetic information in a population. Accuracies were 

calculated for animals in the last generation by 𝑐𝑜𝑟(𝐓𝐁𝐕, 𝐙𝐬𝐬̂), where 𝐙𝐬𝐬̂ is a vector of breeding 

values based on segments, and 𝐓𝐁𝐕 is a vector of the true breeding values outputted by QMSim. 

Accuracies of segment effects were compared with the true accuracy (i.e., 𝑐𝑜𝑟(𝐓𝐁𝐕, 𝐆𝐄𝐁𝐕)). 

GEBV were computed in the BLUPF90 software suite (Misztal et al., 2014b) using the GBLUP 

model: 

𝐲 = 𝟏μ + 𝒖 + 𝒆, (2) 

in which 𝒖 is a random vector of breeding values, and 𝐲 and 𝒆 are defined as in the previous model. 

The variances were assumed to be var(u) = 0.3𝐆 and var(e) = 0.7𝐈. The coefficients used for the 

variances were the same as the variance parameters used for the simulation. A standard genomic 

relationship matrix was constructed for 𝐆 using the first method of (VanRaden, 2008):  

𝐆 =
𝐖𝐖 ′

2 ∑ 𝑝𝑗(1−𝑝𝑗 )
  (3) 

where 𝐖 is a centered matrix of gene content and 𝑝𝑗  is the allele frequency of marker 𝑗. 

 

RESULTS AND DISCUSSION 

 

Accuracies of estimated chromosome segment effects with random and the least related 

animals as reference animals are shown in Figures 4.1 and 4.2. In Figure 4.1, Na is fixed to Ne (20), 

and in Figure 4.2, Ns is fixed to 4L (40). It was hypothesized that accuracy is maximized if enough 
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information is available to explain 4NeL independent chromosome segments, which aligns with 

the theory that there is no new genetic information if all 4NeL independent chromosome segments 

are explained (Pocrnic et al., 2019). 

 The purple lines in Figures 4.1 and 4.2 indicate where 4NeL chromosome segment effects 

are estimated and are close to where accuracy is maximized and begins to plateau or decrease. The 

maximum accuracy of segment effects was 0.69 for both random and least related reference 

animals, and the accuracy of GBLUP was 0.90. The results suggest that 4L segments of Ne 

reference animals contain all additive information in the population. However, the accuracy of 

GBLUP is greater than that of the chromosome segment effects, suggesting that the chromosome 

segments do not account for all genetic variation as they were calculated. It was presumed that if 

the reference animals were the most unrelated to each other, accuracy would be greater since more 

of the variation in the population would be captured and more ancestral segments would be 

accounted for than randomly chosen reference animals. Similar to the initial proposition of APY, 

the core was defined as the “proven” animals with many records and progeny, hence the animals 

with the most information and greatest genetic impact on the population (Misztal et al., 2014a). 

Core animals have since been redefined, and random animals are appropriate to use as core and 

produce the same accuracy as the previous definition (Fragomeni et al., 2015).  

 To better represent the mosaic nature of segments, segments of non-reference animals in 

this study could have been composed of inherited segments of true founder animals. In this way, 

the contributing segments from the true founders and recombination sites can be traced throughout 

the successive generations. Breeding values would be a weighted sum of the combination of 

founder segments. The chromosome segments are held in haplotype blocks and result from 

recombination. In each generation, the blocks become more mosaic but retain the unbroken 
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independent chromosome segments. In Meuwissen et al. (2001), haplotypes were defined as 1 cM 

regions in the genome and using BLUP, the accuracy of these haplotype effects was 0.73. 

However, only a few major genes were simulated to explain the additive genetic variance of the 

trait, unlike the polygenic traits of interest in commercial livestock populations. 

 Pocrnic et al. (2016a) showed that approximately NeL largest eigenvalues explain most 

variation in the 𝐆 matrix, and 4NeL largest eigenvalues were the maximum that could explain more 

variation. Likewise, in Figures 4.1 and 4.2, the accuracies did not increase beyond 4NeL segments. 

Segment accuracies did not reach the true accuracy (0.9) for 4NeL segments for both random and 

least related reference animals, suggesting the construction of the segments in this study did not 

align with biological properties. Stam (1980) derived the pdf of segment length as 𝑓(𝑥) =

8Ne

(1+4Ne𝑥)3 with the mean equal to 1/(4Ne). The segments in this study remained equal in length for 

every segment effect estimation, inferring that the largest segments were potentially not captured. 

Ferdosi et al. (2016) compared the optimal haplotype length for three different methods of building 

relationship matrices and for three traits. The three methods for creating haplotype relationship 

matrices were distinct windows (non-overlapping), sliding windows (overlapping), and total 

minimum similarity (counting the number of identical SNP in contiguous segments). For all three 

methods, using haplotypes of one-SNP was proved to be the same as the G matrix of VanRaden 

(2008), and using haplotypes of length greater than one segment improved the accuracy and peaked 

at an optimum length. The optimum length for all three methods ranged from 7-40 SNP for scrotal 

circumference, 7-11 for age at puberty, and 2-11 for weight at first corpus luteum. It is expected 

that haplotype length differs by trait due to the assumption that groups of SNP formed into 

haplotypes are in LD with QTL, which affects the trait of interest (Calus et al., 2008). Similarly, 

our results presented greater accuracies for segment length greater than one SNP but peaked or 
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plateaued as the size increased. Assuming 50k equidistant SNP and a genome length of 30 M, the 

¼ M blocks would each be about 400 SNP long. Thus, in our model, the segments were much 

longer than haplotypes. 

 Suppose segment size is directly proportional to the amount of variance explained. In that 

case, a small number of the largest segments may explain the majority of the variance, while small 

segments or individual SNP explain the remaining variance, analogous to the distribution of 

eigenvalues. Pocrnic et al. (2016b) found that realized accuracies peaked with APY when the 

number of core animals was equal to the number of eigenvalues that explained 99% of the variation 

in 𝐆. The optimal number of core animals is about 14,000 for Holstein and Angus cattle, 12,000 

for Jersey cattle, and 6,000 for broiler chickens and pigs. Considering Ne and L for each respective 

species, the optimal number of core animals corresponded to approximately 4NeL, aligning with 

previous literature on independent chromosome segments and redundancy in the 𝐆 matrix (Stam, 

1980; Daetwyler et al., 2008; Goddard, 2009; Hayes et al., 2009). 

It is expected that if nearly all variation in 𝐆 can be explained by the independent 

chromosome segments, then breeding values of n animals are linear functions of these segments. 

As aforementioned, DNA is inherited from ancestors as contiguous blocks formed by 

recombination throughout the evolution of the population (Pääbo, 2003). Biologically, in violation 

of present concepts of physical chromosome segments, this study used constant segment size, and 

recombination locations were not considered. Edriss et al. (2013) found a slight increase in 

accuracy when fitting haplotypes based on genealogical trees compared to fitting individual SNP, 

suggesting a better prediction when accounting for recombination. Other studies have shown that 

the accuracy of genomic predictions increase as the genetic relationships are better represented by 

the markers (Habier et al., 2007; Habier et al., 2010). MacLeod (2005) provides a comprehensive 
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description of chromosome segments and their role in inbred populations; the population used in 

this study is not inbred. The results presented indicate some agreement with expectation, but it is 

not complete; perhaps accounting for recombination will better follow the physical properties of 

segments. Add something here about following segments down generations and using the 4NeL 

most occurring segments in the population. 

 

CONCLUSION 

Approximately 4NeL chromosome segments contain almost all the genetic information that 

can be explained in a population. It is important to notice that Me is a statistical concept, and how 

those Me segments are physically organized in haplotype blocks depends on linkage 

disequilibrium. Haplotype blocks become a mosaic of founder animals as generations proceed; 

however, further investigation is needed on the definition and characteristics of physical  

chromosome segments. If each segment has an additive value and can be ranked, genomic 

predictions can potentially be based on weighted averages of the segments.  
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FIGURES 

 

Figure 4.1. Accuracies of chromosome segment effects with random and least related reference 

animals. The number of reference animals is fixed to Ne (20). Accuracies of chromosome segment 

effects were calculated by correlating the TBV and the estimated segment effect. The true accuracy 

was calculated by correlating the TBV and GEBV. The purple line represents 4N eL independent 

chromosome segments. 
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Figure 4.2. The number of chromosome segments per animal is fixed to 4L (40). The methods and 

components are the same as in Figure 4.1.  
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CHAPTER 5 

 

ESTIMATION OF HERITABILITY WITH GENOMIC INFORMATION BY METHOD R3 
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ABSTRACT 

Estimating heritabilities with large genomic models by established methods such as 

restricted maximum likelihood (REML) or Bayesian via Gibbs sampling is computationally 

expensive. Alternatively, heritability can be estimated indirectly by method R and by maximum 

predictivity, referred to as MaxPred here, at a much lower computing cost. By method R, the 

heritability used for predictions with whole and partial data is considered the best estimate when 

the predictions based on partial data are unbiased relative to those with the complete data. By 

MaxPred, the heritability estimate is the one that maximizes predictivity. This study aimed to 

compare heritability estimation with genomic information using average information REML (AI-

REML), method R, and MaxPred. A simulated population was generated with ten generations of 

5,000 animals each and an effective population size of 80. Each animal had one record for a trait 

with a heritability of 0.3, a phenotypic variance of 10.0, and was genotyped at 50k SNP. In method 

R, the heritability estimate is found when the expectation of a regression coefficient is equal to 

one. The regression is the EBV of selection candidates calculated with the whole dataset regressed 

on the EBV of selection candidates calculated from a partial dataset. In this study, we used the 

GBLUP framework, and therefore, GEBV were calculated. The partial dataset was created by 

removing the last generation of phenotypes. Predictivity was defined as the correlation between 

the adjusted phenotypes of the selection candidates and their GEBV calculated from the partial 

data. We estimated the heritability for populations that included between three and ten generations. 

In every scenario, predictivity increased as more data was used and was the highest at the simulated 
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heritability. However, the predictivity for all data subsets and all heritabilities compared did not 

differ more than 0.01, suggesting MaxPred is not the best indication for heritability estimation. 

For the whole dataset, the heritability was estimated as 0.30 ± 0.01, 0.26 ± 0.01, and 0.30 ± 0.04 

for AI-REML without genomics, AI-REML with genomics, and method R with genomics, 

respectively. Heritability estimation with genomics by method R reduced timing by 83%, implying 

a reduction in computing time from 9.5 hours to 1.6 hours, on average, compared to AI-REML 

with genomics. Method R has the potential to estimate heritabilities with large genomic 

information at a low cost when many generations of animals are present; however, the standard 

error can be high when only a few iterations are used. 

 

INTRODUCTION 

Heritabilities change over time due to selection, and the variance components used in the 

genetic evaluations need to be updated periodically. The magnitude of changes depends on the 

selection intensity and available genetic variation (Falconer, 1996; Walsh and Lynch, 2018). 

Additionally, some changes may be due to resource allocation constraints (Rauw, 2008) that are 

difficult to model. With the decrease in genotyping costs and, thus, the increase in the number of 

genotyped animals, traditional methods for variance component estimation (VCE) are becoming 

too costly or impossible (Misztal et al., 2021). Under genomic selection, the selection intensity is 

greater, possibly causing more rapid changes in genetic parameters compared to non-genomic 

selection. For example, Hidalgo et al. (2020) found large changes in heritability and genetic 

correlation for some traits in a swine population a few years after genomic selection was 

implemented. Therefore, with the rapid change in genetic parameters due to selection and the 

increase in data size, a feasible method to estimate heritabilities is needed. 
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The most popular methods for estimating variance components are REML (Patterson and 

Thompson, 1971) and Bayesian via Gibbs sampling (Gianola and Fernando, 1986). They have 

good theoretical properties (Gianola et al., 2009) and, with sparse matrix implementation (Misztal, 

2008), could support large models. REML, by Monte Carlo sampling, could support models with 

a large number of parameters (Matilainen et al., 2013). However, with genomic information,  

mixed model equations are no longer sparse as the genomic component creates a dense subblock 

(Misztal et al., 2021). For smaller datasets, computations were much faster compared with larger 

datasets and were facilitated by using a sparse matrix package that recognizes dense blocks in a 

matrix and processes them using parallel computing (Masuda et al., 2015). Since the inverse of the 

genomic relationship matrix can be approximated by a sparse matrix for populations with a small 

effective population size using the algorithm for proven and young (Misztal et al., 2014; 𝐆APY
−1 ), 

Junqueira et al. (2022) attempted REML using 𝐆APY
−1  in single-step GBLUP. However, no savings 

in computing resources were observed as the inverse of the pedigree relationship matrix for 

genotyped animals was dense since sparse representations such as APY do not work for this matrix.  

One way to reduce computing costs when doing VCE in large, genotyped populations is to 

use a subset of individuals with genotypes. However, this can introduce bias due to data 

preselection if the animals are not randomly chosen for genotyping or phenotyping (Bussiman et 

al., 2023; Patry and Ducrocq, 2011). Consequently, this bias propagates to GEBV. Therefore, 

using the entire dataset can help avoid biases. Before genomics, one method used for heritability 

estimation of complete populations was method R (Reverter et al., 1994b). Method R depends on 

the property of mixed models, where the expectation of the regression coefficient of breeding 

values obtained with the complete data on breeding values obtained with the partial data equals 1 

when the correct variance ratio is used. Because estimates of mixed model equations do not depend 
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on absolute variances but on variance ratios, method R is suitable for estimating heritabilities but 

not the actual variances. While models supported by method R were initially restricted to single-

trait with one additive effect, formulas exist for models with correlated effects (Druet et al., 2001). 

Method R was used successfully to estimate additive and dominance variance ratios, which 

require large data sets for small standard errors (Misztal, 1997).  Estimation of variance ratios 

without genomic information was successful with the complete dairy, beef, and pig populations 

and for traits of low to high heritability (Culbertson et al., 1998; Gengler et al., 1998; Misztal et 

al., 1998). Because method R requires only an initial variance ratio value and the calculation of 

breeding values for partial and complete data sets, computations are manageable for any data size 

where the genetic evaluation is possible, including for the largest models. Likewise, method R 

should be applicable to genomic models. Some limitations of method R include its inability to 

estimate variances of the random effects separately from the other random effects, estimate genetic 

correlations between traits, and its lack of theoretical properties (Reverter et al., 1994a; Misztal, 

1997). Therefore, method R would not be suitable for models with multiple correlated traits or 

multiple random effects. However, Druet et al. (2001) showed that estimating genetic covariances 

between direct and maternal effects is possible. Another method applicable to estimating 

heritabilities with large genomic datasets would be selecting variance components that maximize 

the predictivity, hereinafter denoted as MaxPred, where predictivity is the correlation between 

genomic estimated breeding values and adjusted phenotypes (Legarra et al., 2008). Finding such 

components would require a grid search and would be applicable to any data size. This study aimed 

to analyze heritability estimation by method R and MaxPred and compare the estimates to those 

obtained by average information REML (AI-REML) in the presence of genomic information.  
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MATERIALS AND METHODS 

DATA SIMULATION  

 QMSim software (Sargolzaei and Schenkel, 2009) was used for data simulation. A 

historical population of 1,000 generations with a constant size of 50,000 animals was generated 

with random mating, no selection, and no migration. A bottleneck effect was simulated by reducing 

the population to 20,000 animals over 1,800 generations. From the last generation of the historical 

population, 20 unrelated males and 5,000 unrelated females were randomly selected as the 

breeding individuals for the first recent generation to create an effective population size equal to 

80. A single phenotype was simulated for each animal for a trait with a QTL heritability of 0.3, no 

polygenic effect, an overall heritability of 0.3, and a phenotypic variance of 10. Ten generations 

were simulated with an effective population size constant at 80, litter size equal to one, equal 

probability of male or female progeny, random mating, replacement ratio of 0.9 for sires and 0.4 

for dams, and the selection and culling decisions were based on high and low GEBV, respectively. 

GEBV were calculated externally using blup90iod3 (Misztal et al., 2014b) with a GBLUP model: 

𝐲 = 𝒖 + 𝒆, [1] 

where 𝐲 is a vector of phenotypes, 𝒖 is a random vector of breeding values, and 𝒆 is a random 

vector of residuals. The blup90iod3 program uses an iteration on data method with a convergence 

criterion of 10-12. The covariance matrices were assumed to be:  

Var [
𝒖
𝒆
] = [

𝐆𝜎𝑎
2 0

0 𝐈𝜎𝑒
2
], 

[2] 

where 𝜎𝑎
2 and 𝜎𝑒

2 are variances for the additive genetic and residual effects, respectively, 𝐈 is the 

identity matrix, and 𝐆 is the genomic relationship matrix created using the first method of 

(VanRaden, 2008): 
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𝐆 =
𝐖𝐖 ′

2 ∑ 𝑝𝑗(1−𝑝𝑗 )
, [3] 

  

where 𝐖 = 𝐌 − 𝐏, 𝑝𝑗  is the allele frequency of marker 𝑗, calculated using observed allele 

frequencies, 𝐌 relates individuals to marker genotypes, and 𝐏 is a matrix containing columns of 

 2𝑝𝑗. To avoid singularity of 𝐆, 𝐆 was replaced with 𝐆∗, where 𝐆∗ = 0.95𝐆 + 0.05𝐈. For GEBV 

calculations for selection and culling purposes, 𝜎𝑎
2 and 𝜎𝑒

2 were assumed to be 3.0 and 7.0, 

respectively, as initialized in the simulation parameters. 

All 50,020 animals in the population were genotyped, and the genome consisted of 29 

chromosomes, each of length 1 Morgan, 52,896 biallelic evenly spaced markers, and 1,247 

biallelic randomly spaced QTL. The allelic effects were sampled from a gamma distribution with 

shape parameter 0.4, and the mutation rate was recurrent per generation and assumed to be 2.5 x 

10-5 per locus for QTL and markers. The simulation was replicated twelve times, the two replicates 

that deviated the most from the average phenotype and average variance components were 

discarded, and the remaining ten replicates were analyzed separately. Results are shown as an 

average of the ten replicates with their respective standard deviations.   

MODELS AND COMPUTATIONS 

To compare the heritability estimation by method R, variance components were estimated 

using the AI-REML algorithm implemented in blupf90+ (Misztal et al., 2014b) with and without 

genomic information. Three to ten consecutive generations beginning with the first generation 

were analyzed (i.e., 1-3, 1-4, …, 1-10), as Hollifield et al. (2021) showed insufficient accuracies 

with intervals of less than three generations. For VCE by method R and AI-REML with genomic 

information (AIGREML), a GBLUP-based model was assumed, and Henderson’s mixed model 

equations were used to predict GEBV: 
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[𝐗
′𝐗 𝐗′𝐙

𝐙′𝐗 𝐙′𝐙+ λ𝐆−𝟏] [β̂

𝒖̂
] = [

𝐗′𝐲

𝐙′𝐲
], 

[4] 

where 𝐲 and the covariance matrices are as mentioned above, the inverse of 𝐆 is as constructed in 

equation 3,  β̂ is a scalar of the mean, 𝒖̂ is a random vector of additive genetic effects, λ is the 

variance ratio defined as 
𝜎𝑒

2

𝜎𝑎
2 , and 𝐗 and 𝐙 are incidence matrices relating elements of 𝐲 to elements 

of β̂ and 𝒖̂, respectively (Henderson, 1949; Henderson, 1950). Both 𝐆 and 𝐆−𝟏  were reconstructed 

for each data subset using observed allele frequencies. For AI-REML without genomic information 

(AIREML), a similar model was used, but 𝐆 is replaced by 𝐀, where 𝐀 is the numerator 

relationship matrix of the genotyped animals.  

Whole and partial datasets were created for validation purposes (i.e., to obtain predictivity 

and statistics from method R), and their solutions are denoted as 𝒖̂𝑤  and 𝒖̂𝑝, respectively. For 

every subset of data analyzed, the partial dataset was created by removing the most recent 

generation of data, and the validation animals were those that had their phenotypes removed in the 

partial dataset.  

METHOD R 

 Reverter et al. (1994b) propose a technique to estimate heritability by regressing the EBV 

of validation animals obtained using the whole dataset on EBV of validation animals obtained with 

a dataset where the phenotypes of the validation animals are removed. With the correct heritability, 

the expectation of the regression is 1. Previous studies have compared other heritability estimation 

methods; however, genomics were not included (Misztal et al., 1997; Misztal, 1997; Druet et al., 

2001; Duangjinda et al., 2001).  In this study, the regression of breeding values obtained with the 

whole on breeding values obtained with the partial data was calculated as (adapted from Reverter 

et al., 1994a):   
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𝑏𝑤,𝑝 =
𝒖̂𝑤

′ 𝒖̂𝑝

𝒖̂𝑝
′ 𝒖̂𝑝

. 
[5] 

Note that eq. [5] does not contain the relationship matrix as in Reverter et al. (1994a) 

( 𝑏𝑤,𝑝 =
𝒖̂𝑤

′ 𝐀−1𝒖̂𝑝

𝒖̂𝑝
′ 𝐀−1𝒖̂𝑝

). This is because relationship information is included in the calculation of 

𝒖̂𝑤  and 𝒖̂𝑝, and is not needed for the regression. Leaving the relationship matrices out does not 

change the statistics. This was also observed by Legarra & Reverter (2018) who developed the LR 

validation method based on Method R. Additionally, unnecessarily including 𝐀−𝟏 or 𝐆−𝟏  matrix 

in the numerator and denominator products to obtain 𝑏𝑤,𝑝 increases computing time. Predictions 

𝒖̂𝑤  and 𝒖̂𝑝 were calculated using blup90iod3 (Misztal et al., 2014b).  

For method R, the variance ratios compared had numerators of 1.5, 2.0, 2.5, 3.0, 3.5, and 

4.0. The same heritability was used to calculate 𝒖̂𝑤 and 𝒖̂𝑝, and the same 𝐆 matrix as AIGREML 

was used. To keep the phenotypic variance constant for each variance ratio assessed, the variance 

ratio was calculated as 𝜆 =
𝜎𝑒

2+(𝜎𝑎
2−𝑥)

𝑥
, where 𝜎𝑒

2 and 𝜎𝑎
2 are the additive genetic and residual 

variances estimated by AIGREML by blupf90+ and 𝑥 represents one of the values as mentioned 

above. Thus, the denominator of the variance ratio is one of the six values mentioned above, and 

the numerator is adjusted so that all variance ratio values maintain the same phenotypic variance 

as estimated by AIGREML. Using prior estimates from AIGREML to fix the phenotypic variance 

in the 𝜆 equation could create bias. Additional research should be conducted to compare method  

R with differing phenotypic variances. When two values of 𝑏𝑤,𝑝 were found closest to and 

marginally above and below 1.0, a line was fit between these two values, and the estimated 

variance ratio was obtained when 𝑏𝑤,𝑝 equals 1.0. The variance ratios were on the x-axis, and 𝑏𝑤,𝑝 
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values were on the y-axis. Then, the x value where y is equal to 1 was found and used as the 

variance ratio estimate for method R.   

We compared six different heritabilities to analyze the behavior of method R, where 

heritability was calculated as ℎ2 =
𝜎𝑎

2

𝜎𝑎
2+𝜎𝑒

2 ; however, six heritabilities are not required. One only 

needs to find where 𝑏𝑤,𝑝 is marginally above and below 1. An algorithm could be implemented to 

iterate until a convergence criterion is met, potentially giving a more precise estimate. Method R 

without genomic information was not analyzed in this study. The 𝜎𝑒
2 and 𝜎𝑎

2  values used as inputs 

in the formula for 𝜆 could be obtained from AIREML without genomics or from previous 

estimates. In this study, variances estimated by AIGREML were used because they were 

obtainable with the data size. Pedigree-based estimates could provide an initial baseline for traits 

where a reasonable heritability estimate is unknown. The heritability estimates by method R will 

not be affected by the initial values used; however, more iterations may be needed to find values 

where 𝑏𝑤,𝑝 is marginally above and below 1.  

MAXIMUM PREDICTIVITY (MAXPRED) 

 Adjusted phenotypes (yc) were used for predictivity and were calculated using the solution 

for the mean from the model [4] with the whole data as yc = 𝐲 − 𝟏μ̂. Predictivity was calculated 

for all generation intervals using heritabilities equal to 0.15, 0.20, 0.25, 0.30, 0.35, and 0.40. For 

validation, the predictivity was calculated for the validation animals by 𝑟 = 𝑐𝑜𝑟(𝐲𝑐 , 𝒖̂𝑝). It was 

hypothesized that predictivity would be maximized with the best-fitting variance ratio, and the 

heritability could be estimated by finding the values that maximized predictivity.  
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RESULTS AND DISCUSSION 

HERITABILITY ESTIMATION 

 Heritability estimates by AIREML, AIGREML, and method R were compared using 

intervals with three to ten generations of data. Figure 5.1 shows heritability estimates using the 

three methods for intervals with the base held constant at the first generation and increasing by 

one generation. The heritability estimates on average were 0.30 ± 0.01, 0.26 ± 0.01, and 0.30 ± 

0.05 for AIREML, AIGREML, and method R, respectively. The AIREML and AIGREML 

estimates had smaller standard errors consistent with varying amounts of data. In contrast, the 

method R estimates had larger standard errors and were more variable with varying amounts of 

data, which aligns with the results in Duangjinda et al. (2001). Reverter et al. (1994a) compare 

subsequent evaluations to determine the heritability estimate; however, other studies create a 

partial dataset by removing a random percentage of animals from the whole dataset (Misztal, 1997; 

Duangjinda et al., 2001). The standard error could be decreased if the heritability estimation was 

repeated with various partial datasets, reducing the sampling variance (Misztal et al., 1997). 

The lower heritability estimates from AIGREML compared to AIREML are consistent 

with recent studies comparing heritability with and without genomic information in populations 

undergoing genomic selection (Hidalgo et al., 2020; Richter et al., 2022). However, the variances 

in this study were not scaled against the same base, which could add bias to the estimations. In 

older studies where genomic preselection was not yet present, similar heritabilities but lower 

standard errors were estimated using genomic information in a pig population (Forni et al., 2011) 

and in a dairy cattle population (Veerkamp et al., 2011). As genomic selection was simulated in 

the study, the heritability estimates with AIREML may be biased as genomics were not considered, 

and therefore, the information used for selection decisions was not included. However, the 
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heritability parameter in the simulation was set to 0.3, and all data subsets begin with generation 

1.  

  As the properties of method R are based on finding unbiased breeding values, we analyzed 

𝑏𝑤,𝑝 of GEBV calculated with heritabilities estimated by AIGREML by regressing 𝒖̂𝑤  on 𝒖̂𝑝for 

all generation intervals, as shown in Figure 5.2. The GEBV by AIGREML were slightly under-

dispersed for all subsets of data. When more data was used, the distribution among replicates was 

smaller than for subsets with less data. This aligns with the results shown in Figure 5.1 and suggests 

that the heritability estimates by AIGREML were underestimated, and thus the GEBV are under-

dispersed. As stated in Misztal (1997), a 𝑏𝑤,𝑝 greater than one denotes an estimated additive 

variance that is too small and, thus, an estimated heritability that is lower than the correct value. 

Elapsed wall-clock times in minutes for AIGREML and method R for various dataset sizes 

are shown in Figure 5.3. For each subset of data, the method R process included calculating and 

saving 𝐆−1 once per subset of data and calculating 𝒖̂𝑤  and 𝒖̂𝑝 using iteration on data for the six 

variance ratios compared. The times presented in Figure 5.3 include the average computing time 

for all factors in the method R process per replicate.  Method R was faster than AIGREML for all 

amounts of data, and elapsed time increased as the amount of data increased. On average, for ten 

generations of data (50,020 genotypes and phenotypes), method R took 1.6 hours, and AIGREML 

took 9.5 hours. It is important to note that Method R, as implemented in this study, has a stopping 

criterion instead of a convergence criterion, which is based on grid search. However, an iterative 

algorithm could be implemented and possibly increase the resolution of the method R heritability 

estimates but a possible increase in computing time. Alternatively, convergence criteria could be 

implemented with an iterative algorithm instead of fitting a line to solve for the variance ratio 
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estimates. This way, more precise estimates could be possible, and research should be conducted 

for further testing. 

Ultimately, the time savings by method R are due to its utilization of efficient methods to 

solve for breeding values as implemented in blup90iod3 (Misztal et al., 2014) and the avoidance 

of costly variance component estimation methods. Method R can have a linear cost with the 

number of genotyped or phenotyped animals, and it is feasible whenever a genetic evaluation is 

possible. Methods based on REML have quadratic memory requirements and have close to cubic 

costs with the number of genotyped animals. Methods based on Gibbs sampling have a quadratic 

cost but also a long computing time due to the high number of samples needed. Hence, method R 

can be applied to the large datasets when the mixed model equations are not explicitly stored. In 

contrast, methods based on storing mixed model equations are inherently limited. Another option 

is to use SNPBLUP as an alternative to GBLUP, whereas efficient SNPBLUP-based software 

exists (Lee and van der Werf, 2016; Lidauer et al., 2011). 

MAXPRED 

 Predictivities are shown in Figure 5.4. The values ranged from 0.23 to 0.39 and increased 

as the number of generations of data increased in the interval. The values for all subsets of data 

increased, peaked, and decreased. However, the curves are relatively flat, and there were minimal 

differences between the predictivity for all heritabilities compared. The curves were flatter when 

all data was used, and a more substantial peak was present when fewer generations of data were 

used. In agreement with previous studies, predictivity is dependent on the amount of data used and 

the correctness of the model (Legarra et al., 2008). Specifically, in a sire model with all sires having 

the same number of daughters, the predictivity does not largely depend on heritability. A small 
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numerical example using a sire model is presented in Appendix A to show the lack of major change 

in predictivity as the variance ratio substantially changes. 

VALIDATION 

 TBV and GEBV calculated with heritability estimates from AIGREML and method R were 

compared. Correlations, regression coefficients (𝑏1), and intercepts (𝑏0) were calculated on linear 

regressions of combinations of TBV, GEBV by AIGREML, and GEBV by method R. The 

correlation, 𝑏1, and  𝑏0  of the regressions using intervals of generations 1-10 and 1-3 are shown in 

Table 5.1. The whole dataset and a subset with the first three generations of data were used to 

compare the performance of method R with large and small datasets. Correlations were 1.0 

between GEBV by AIGREML and GEBV by method R using all generations and for the first three 

generations. As the simulated population was under genomic selection, it is expected that the 

GEBV using variance components estimated with genomic information will be more similar 

compared to EBV calculated from non-genomic models. Correlations and 𝑏1 for TBV regressed 

on GEBV by AIGREML and TBV regressed on GEBV by method R were closer to 1.0 when all 

generations were used and deviated further from 1.0 when only the first three generations were 

used. This is as expected, as accuracies tend to be higher with more data. The intercept, however, 

was closer to the expected value of 0.0 when the first three generations were used compared to all 

generations. Because selection was simulated in this population, the phenotypes are changing 

directionally with each generation; therefore, bias is expected to increase with more generations 

of data. All validation comparisons between GEBV by AIGREML and TBV and GEBV by method 

R and TBV are identical or overlap when accounting for the standard error. This suggests that  the 

GEBV calculated with heritabilities from either AIGREML or method R have negligible 
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differences, and it is promising that method R can be used as a fast alternative to REML or 

Bayesian methods for heritability estimation in single-trait GBLUP models.  

 

 

CONCLUSIONS 

 The main advantage of heritability estimation with genomics using method R is its ability 

to process any size model for which the genetic evaluation is possible. Although its heritability 

estimates do not have the theoretical properties of REML, method R is a quick way to compute 

the estimates. Additional VCE should be conducted prior to implementing the variance ratio 

obtained by method R into official evaluations. Further research on method R with genomics is 

needed for multiple trait models, complex models, and real data.  
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APPENDIX 5.1 

Numerical example of predictivity as heritability changes using a sire model: 

𝐲 = 𝛍 + 𝒔 + 𝒆 

𝜆 =  
𝜎𝑒

2

𝜎𝑠
2
= 

(4 − ℎ2)

ℎ2
 

Assuming that: 𝜆1 = 7; 𝜆2 = 0.5; 𝜆3 = 50 

𝐲 = [120 176 154 138 162]′ 

𝐀 = [

1 0 0 0.5
0 1 0.5 0
0 0.5 1 0

0.5 0 0 1

] 

For 𝜆1 = 7,  

λ1𝐀
−1 = [

9.33 0 0 −4.67
0 9.33 −4.67 0
0 −4.67 9.33 0

−4.67 0 0 9.33

] 

[
 
 
 
 
5 2 1 1 1
2 11.33 0 0 −4.67
1 0 10.33 −4.67 0
1 0 −4.67 10.33 0
1 −4.67 0 0 10.33 ]

 
 
 
 

[
 
 
 
 
𝜇̂

𝑠1̂

𝑠2̂

𝑠3̂

𝑠4̂]
 
 
 
 

=

[
 
 
 
 
750
282
176
154
138]

 
 
 
 

 

[
 
 
 
 
𝜇̂
𝑠1̂

𝑠2̂

𝑠3̂

𝑠4̂]
 
 
 
 

=

[
 
 
 
 
150.54
−2.68
3.29
1.82

−2.42 ]
 
 
 
 

 

𝐲∗ = (𝐲 − 𝐗𝐁̂)′𝐙 

𝐲∗ = [−19.07 25.46 3.46 −12.53]′ 

𝑐𝑜𝑟(𝐲∗, 𝒔̂) = 0.96 
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𝜆 𝑐𝑜𝑟(𝐲∗, 𝒔̂)  

0.5 0.96 

7 0.96 

50 0.95 
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TABLES 

Table 5.1 Correlation, regression coefficient (𝑏1), and intercept (𝑏0) of TBV regressed on GEBV 

by AIGREML, GEBV by method R, and GEBV by AIGREML on GEBV by method R. Results 

using data from generations 1-10 and generations 1-3 are shown.  

𝑦, 𝑥 Correlation 𝑏1 𝑏0 

 1-10 1-3 1-10 1-3 1-10 1-3 

TBV, AIGREML 0.95 ± 0.00 0.73 ± 0.01 1.01 ± 0.00 1.04 ± 0.02 3.93 ± 0.19 0.41 ± 0.09 

TBV, Method R 0.95 ± 0.00 0.73 ± 0.01 1.01 ± 0.01 1.01 ± 0.03 3.93 ± 0.19 0.41 ± 0.09 

AIGREML, Method R 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 0.97 ± 0.02 0.00 ± 0.00 0.00 ± 0.00 
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FIGURES 

 

Figure 5.1 Heritability estimates using AIGREML, AIREML, and method R with genomics for 

generation intervals with the base generation constant at generation 1. 
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Figure 5.2 The regression coefficient (𝑏𝑤,𝑝) of GEBV from AIGREML with the whole dataset 

regressed on GEBV from AIGREML with the partial dataset for various subsets of data over 10 

replicates.  
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Figure 5.3 Elapsed wall-clock time in minutes for heritability estimation using AIGREML and 

method R for various dataset sizes.  
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Figure 5.4 Analyzing the MaxPred method by calculating predictivity as 𝑐𝑜𝑟(𝐲𝑐 , 𝒖̂𝑝), with 𝒖̂𝑝 

from AIGREML with partial data for subsets of data with 3 to 10 generations of data and 

heritabilities equal to 0.15, 0.20, 0.25, 0.30, 0.35, and 0.40. 

 

 

 

 

 

 

 



 

 

 

78 

 

 

CHAPTER 6 

 

ESTIMATING GENETIC PARAMETERS OF DIGITAL BEHAVIOR TRAITS AND THEIR 

RELATIONSHIP WITH PRODUCTION TRAITS IN PUREBRED PIGS4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
4 Hollifield, M. K., C. Y. Chen, E. Psota, J. Holl, D. Lourenco, I. Misztal. 2024. Genetics Selection Evolution. 

56(29). Reprinted here with permission of the publisher.  
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ABSTRACT 

BACKGROUND 

With the introduction of digital phenotyping and high-throughput data, traits that were 

previously difficult or impossible to measure directly have become easily accessible, offering the 

opportunity to enhance the efficiency and rate of genetic gain in animal production. It is of interest 

to assess how behavioral traits are indirectly related to the production traits during the performance 

testing period. The aim of this study was to assess the quality of behavior data extracted from day-

wise video recordings and estimate the genetic parameters of behavior traits and their phenotypic 

and genetic correlations with production traits in pigs. Behavior was recorded for 70 days after on-

test at about 10 weeks of age and ended at off-test for 2008 female purebred pigs, totaling 119,812 

day-wise records. Behavior traits included time spent eating, drinking, laterally lying, sternally 

lying, sitting, standing, and meters of distance traveled. A quality control procedure was created 

for algorithm training and adjustment, standardizing recording hours, removing culled animals, 

and filtering unrealistic records. 

RESULTS 

Production traits included average daily gain (ADG), back fat thickness (BF), and loin 

depth (LD). Single-trait linear models were used to estimate heritabilities of the behavior traits and 

two-trait linear models were used to estimate genetic correlations between behavior and production 

traits. The results indicated that all behavior traits are heritable, with heritability estimates ranging 
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from 0.19 to 0.57, and showed low-to-moderate phenotypic and genetic correlations with 

production traits. Two-trait linear models were also used to compare traits at different intervals of 

the recording period. To analyze the redundancies in behavior data during the recording period, 

the averages of various recording time intervals for the behavior and production traits were 

compared. Overall, the average of the 55- to 68-day recording interval had the strongest phenotypic 

and genetic correlation estimates with the production traits. 

CONCLUSIONS 

 Digital phenotyping is a new and low-cost method to record behavior phenotypes, but 

thorough data cleaning procedures are needed. Evaluating behavioral traits at different time 

intervals offers a deeper insight into their changes throughout the growth periods and their 

relationship with production traits, which may be recorded at a less frequent basis. 

 

BACKGROUND 

High-throughput phenotyping, digital data recording, and novel traits have recently 

become topics of interest in animal production. With advancements in technology, phenotypes can 

be collected with higher accuracy, in greater quantities, and new traits that are difficult or 

impossible to measure directly can be captured (Brito et al., 2020). Applications include sensors, 

wearable technology, imaging, video, and audio recording to assess body temperature (Sellier et 

al., 2014), stress (Lee et al., 2015), disease (Ferrari et al., 2008; Ahmed et al., 2015), behavior 

(Siegford et al., 2023), or overall health (Sa et al., 2015; Neethirajan et al., 2017). 
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In pork production, meat quality and quantity are economically relevant traits that are under 

genetic or genomic selection. Determining the meat characteristics of an animal may not be 

possible until the peak of production age or slaughter (Neethirajan et al., 2009). ]. If a trait that can 

be measured early in an animal's life is indicative of later production traits, it allows for earlier 

selection and culling decisions, which can reduce the generation interval. In addition, incorporating 

phenotypes from progeny at the multiplication or commercial level would benefit  nucleus level 

parents and enhance accuracy of the genomic estimated breeding values (GEBV) of the elite 

animals. As collecting phenotypes can be costly and labor-intensive, automated data collection via 

digital phenotyping could increase data collection at a low cost and with more precision than 

human labor (Neethirajan et al., 2023; Bortoluzzi et al., 2023). Traits that are of interest to capture 

using digital phenotyping are those that are heritable and that are genetically related to, or that 

affect an animal’s economically relevant production traits. 

Animal behavior is one example of such a trait but recording behavior using cameras is 

challenging due to the difficulty in identifying individual animals. Technologies to obtain 

automated long-term individualized behavior data include the use of radio frequency identification 

(RFID; Brown-Brandl et al., 2017), ultra-wideband (Zhuang et al., 2020) and visual fingerprinting 

(Ravoor et al., 2020) for animal recognition in a pen. However, these methods are fundamentally 

limited in spatial resolution (RFID and ultra-wideband) and reliability (visual fingerprinting). An 

alternative approach that provides reliable identification relies on industry-standard ear tags, albeit 

intermittently, i.e. when the ear tag is exposed to the camera (Psota et al., 2022). Regardless of 

which method is used, thorough data cleaning is always necessary to ensure that the information 

captured is realistic and accurate. 
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Behavior traits that are genetically correlated to production traits can be used for genetic 

improvement, including activity levels (Obermier et al., 2023), eating patterns (Putz et al., 2019), 

and management refinement (Berckmans and Norton, 2016). The goal of this study was to create 

a data quality control procedure and investigate behavior traits that can be captured by digital 

phenotyping and their phenotypic and genetic correlations with production traits. 

 

MATERIALS AND METHODS 

DATASET 

 The data were provided by PIC (Genus Company, Hendersonville, TN) and included 

119,812 day-wise behavior records for 2008 pigs collected between August 26, 2021, and May 23, 

2023. All animals were housed on the same farm and belonged to two lines of purebred pigs. 

Digital behavior phenotypes were extracted from video recordings and included the daily 

cumulative time each animal spent eating, drinking, lying laterally, lying sternally, sitting, and 

standing, and the distance traveled. Whereas, standing refers to the raised position which also 

includes walking or running. The recording period began after the on-test, at about 10 weeks of 

age, and ended at off-test, for 70 recording days. There were 12 cameras that recorded 14 hours 

per day (5:00 a.m. to 7:00 p.m.), with one camera per pen and two pens per room had cameras. 

The two cameras in the same room recorded simultaneously throughout the recording period. The 

recording group was defined as the animals under the same camera with the same recording start 

date. 
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 All video was processed by a multi-object tracking algorithm to extract individualized 

activity data. The first stage of processing consisted of detecting individual pigs using a customized 

version of the DeepCut pose estimation algorithm (Pishchulin et al., 2016) that detects mid-points, 

snouts, and right ear tag locations and associated these with individuals. For each detected 

midpoint, a convolutional neural network (CNN) also estimated the posture of the pig and whether 

the pig was eating. Snout locations were used to limit the possible locations where eating can take 

place and to estimate drinking activities based on proximity to the feeder and waterer, respectively.  

 Once detected, each pig was tracked using Hungarian matching (Kuhn, 1955) to follow 

detected pigs from one frame to the next, with pigs that were not detected assumed to “stay put” 

in their previous locations. The most challenging aspect of reliable tracking is maintaining identity, 

for which a custom ear tag reading method developed by PIC was used  (Psota et al., 2022). This 

method allows tags to be read at low resolution with challenging perspectives, motion blur, noise, 

and shadows.  

 Of the 2008 animals with digital behavior records, 1705 had production trait records. The 

production traits included average daily gain (ADG), back fat thickness (BF), loin depth (LD). All 

production traits were captured at off-test, at about 20 weeks of age, i.e. at the end of the recording 

period. 

 To validate the system's accuracy in determining location, posture, and identification, a 

trial with 36 randomly selected pigs was conducted (six from each of six pens, with each pen 

housing 19 pigs). These pigs were distinctly marked for easy identification in video footage. 

Across five days, 330 annotated images were produced by the tracking algorithm to highlight each 

pig's location, posture, and ear tag identification. The cross-checker was tasked with first 
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identifying the pig with specific paint markings in the image. If the pig could not be reliably 

identified, this image was not included in the analysis. If it could be identified with high 

confidence, its identity was compared to the known identity from the table of paint -ID 

correspondences. Its posture and eating/drinking status were also manually recorded and compared 

to the automated activity detections. Overall, the pigs of interest were all identified in more than 

95% of the images and used to evaluate accuracy. Preliminary validation metrics precision, recall, 

and F1-score indicated an accuracy of correctly annotating location, posture, and identity greater 

than 97% (Agha et al., 2024). 

DATA CLEANING PROCEDURE 

Since digital phenotyping is a recently developed and evolving data collection technique, 

quality control efforts are needed. After analyzing the data patterns, several observations were 

made that suggested that, under certain conditions, the data may not be reliable. As the equipment 

was set-up and calibrated, and the farm standard operating procedures and data-extracting 

algorithms were being created and adjusted, a “learning period” was designated. The “learning 

period” spanned from the beginning of the recording period, August 21, 2021, to March 17, 2022, 

and the data collected during this period were discarded from the analyses. After the learning 

period, the average recording time per day by each camera became more consistent, and the start 

and end dates for each 70-day recording group became more cyclic than before the learning period.  

The data for each pig and each day were summarized into cumulative time spent in each 

behavior, position, or distance traveled over a 14-hour period. Therefore, days with less than eight 

hours of recording time were removed as this is not representative of the behavior for the total 14 

hours. Days with less than 14 hours and more than 8 hours of recording time were scaled up to 14 
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hours by dividing the daily record by the number of recording hours and multiplying by 14. The 

data for culled animals on the day they were extracted from the pen were removed, as the time 

when an animal was extracted from the pen was not available, so it is not known how many hours 

to account for the culled animal’s activity for that day. The start and end days of the recording 

period were also removed from the analyses due to the lack of the full 14 recording hours and 

disruptions from loading and unloading the animals. 

After further examination of the data, some records for distance traveled were biologically 

impossible compared to the time spent standing. For example, one animal stood for only three min 

and was recorded to have traveled 600 m. After investigation, it was determined that the data-

extracting algorithm accumulated meters traveled if the animal was rotating while in a sitting 

position. To account for this, the daily distance data were truncated to 15 m per min standing, and 

all daily records that exceeded this ratio were discarded. The data extracting algorithm will be 

modified for future studies to prevent recording distance while the animal is in the sitting position. 

After data cleaning, 77,423 daily records from 1327 animals remained. The average eating 

time, distance, and recording time per day after the learning period and following data cleaning 

are shown in Fig. 6.1 a, b and c, and the summary statistics for the behavior traits are in Table 6.1. 

Since the data in Fig. 6.1 a, b and c are averaged over the recording days, they include animals of 

various ages and at different stages of the recording period. The peak shown in the average eating 

time is because, at that time, only young pigs were recorded and they spend more time at the feeder 

than older pigs. It should be noted that the drinking time behavior measures time spent at the 

waterer, not the amount of water consumed. 

Only animals with off-test production records were used to estimate genetic parameters, 
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which included 71,999 daily behavior records from 1079 animals, among which 563 were of one 

line and 516 were of a different line. Summary statistics for the production traits of these animals 

are in Table 6.2.  

MODEL AND ANALYSES 

 Variance components were estimated using the blupf90+ program (Misztal et al., 2014; 

Lourenco et al., 2022) that applies a single-trait and a two-trait linear model. The equation for all 

models can be expressed as: 

𝐲 = 𝐗𝛃 + 𝐙𝐮 + 𝐖𝟏𝐥 + 𝐖𝟐𝐜+ 𝐞, 

 

[1] 

where 𝐲 is the vector of phenotypes, 𝛃 is the vector of the fixed line effects, 𝐮, 𝐥, and 𝐜 are random 

vectors of additive genetic, common litter, and contemporary group effects, respectively. 

Contemporary groups were represented by off-test day and year. A pen or camera effect was not 

included in the model because it was confounded with the litter effect. Elements of 𝐲 are related 

to elements 𝐮, 𝐥, and 𝐜 by incidence matrices 𝐙, 𝐖𝟏, and 𝐖𝟐, respectively, and 𝐞 is a random vector 

of residuals. For single-trait models, the covariance matrices were assumed to be: 

Var [

𝐮
𝐥
𝐜
𝐞

] =

[
 
 
 
 
𝐀σu

2 0 0 0

0 𝐈σl
2 0 0

0 0 𝐈σc
2 0

0 0 0 𝐈σe
2]
 
 
 
 

, 

 

[2] 

where 𝐀 is the numerator relationship matrix, 𝐈 is the identity matrix, and σu
2 , σl

2, σc
2, and σe

2 are 

variances for the additive genetic, common litter, contemporary group, and residual effects, 
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respectively.  

For two-trait models, the vectors 𝐮, 𝐥, and 𝐜, and 𝐞 were assumed to be distributed as 

multivariate normal with mean zero and the following covariance structure: 

Var [

𝐮
𝐥
𝐜
𝐞

] = [

𝐀 ⊗ 𝐆 0 0 0
0 𝐈 ⊗ 𝐋 0 0
0 0 𝐈 ⊗ 𝐂 0
0 0 0 𝐈 ⊗ 𝐑

],  

 

[3] 

where 𝐆 is the additive genetic (co)variance matrix between the two traits, 𝐋 is the common litter 

(co)variance matrix, 𝐂 is the contemporary group (co)variance matrix, and 𝐑 is the residual 

(co)variance matrix. Single-trait models were used for heritability estimation for the behavior 

traits. Two-trait models were used to analyze the relationship between behavior and production 

traits and to determine the redundancy in the 70 recording days by splitting the recording time into 

separate periods and determining the relationship of behavior traits in each period with those for 

the full recording time or with a production trait. 

 

RESULTS AND DISCUSSION 

BEHAVIOR TRENDS 

All results shown are with data after the learning period and cleaning. Trends in average 

behavior and posture over the recording period based on the clean data for animals with off-test 

records are shown in Fig. 6.2 a and b. The data showed a decreasing pattern for eating time, 

distance traveled, and standing time as the pigs aged. These trends agree with Hyun and Ellis 
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(2001), who showed that younger pigs eat more meals per day and eat less per meal than older 

pigs. A slight increasing pattern was seen for time lying laterally and sternally as pigs aged. Figure 

6.3 shows the average eating time per recording group over the recording period, where each line 

is a unique recording group. The substantial variation in behavior between recording groups is 

shown as in eating time trends in Fig. 6.3. Therefore, it is important to have an adequate data 

cleaning procedure and statistical model to separate genuine variation between groups from noise. 

We also observed that the pigs spent more time lying laterally and less time lying sternally in the 

warmer months than in the cooler months, which agrees with studies from Ekkel et al. (2003) and 

Huynh et al. (2005). The trends of the average lateral lying time, sternal lying time, and 

temperature over the recording date are shown in Fig. 6.4. The temperature data were retrieved 

from the NASA POWER website (https://power.larc.nasa.gov/data-access-viewer/) using the 

longitude and latitude coordinates of the farm and reflect the average outside air temperature at a 

height of two meters. Similarly, Aarnink et al. (2001) found that the relative number of pigs that 

lay laterally increased by 1.8% for each degree Celsius rise in temperature. There was no pattern 

seen for drinking time as the pigs aged. 

BEHAVIOR TRAIT HERITABILITIES AND CORRELATIONS 

 Table 6.3 shows estimates of phenotypic and genetic correlations, and of heritabilities. 

Eating time had the highest heritability estimate among the behavior traits, at 0.57, with a standard 

error of 0.12. The behavior trait with the lowest heritability estimate was laterally lying at 0.19, 

with a standard error of 0.07. The standard errors of the heritability estimates of the behavior traits 

were sizeable, ranging from 0.07 to 0.13, likely observed due to the small size of the dataset and 

the lack of multiple generations with records. The behavior traits with the strongest phenotypic 
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correlation estimates were standing time and distance (0.67) and laterally lying time and sternally 

lying time (-0.82). The same trait combinations had the strongest genetic correlation estimates, i.e. 

0.93 ± 0.03 for standing time and distance and -0.84 ± 0.04 for laterally lying time and sternally 

lying time. These estimates are expected, as generally, the animals are in a standing position while 

mobile and may prefer one lying position over the other, especially if the 70 days of recording 

time is during consistently hot or cold weather.  

REDUNDANCY IN RECORDING TIME 

To determine whether all 70 days of recording time were necessary, we analyzed 

phenotypic correlations of daily and weekly intervals for the same trait and fit ted two-trait models 

with a time interval of a behavior trait as one trait and either the total average of the behavior trait 

or a production trait as the second trait. In general, estimates of phenotypic correlations between 

daily and weekly intervals of the same trait became stronger as the recording time progressed  and 

were stronger closer to the end of the recording period compared to the beginning. This suggests 

that the animals behaved more similarly as they aged and adapted to their environment, which 

infers redundant information. For example, Fig. 6.5 a and b show estimates of phenotypic 

correlations between daily and weekly averages for distance traveled ; the correlation for weeks 1 

and 2 was 0.68, while the correlation for weeks 8 and 9 was 0.82. Days closer to the end of the 

recording period had stronger correlations than days at the beginning of the recording period. Thus, 

not all 70 recording days are needed to capture the behavior of the animals or to associate the 

production traits with behaviors.  

For the two-trait models, the behavior traits were split into five intervals: days 1-13, 14-26, 

27-40, 41-54, and 55-68. Estimates of phenotypic and genetic correlations were compared between 
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the two traits and are shown in Figs. 6.6 a and b and 7a and b, respectively. For all traits, generally, 

the middle intervals had higher correlations with the total average compared to intervals at the 

beginning and end of the recording time, and estimates of genetic correlations were higher than 

estimates of phenotypic correlations. For phenotypic and genetic correlations between intervals 

and total recording period average, eating time had the lowest phenotypic correlation estimate, at 

0.73 for the 1- to 13-day interval, and the lowest genetic correlation estimate at 0.95 for the 55-to 

68-day interval, respectively. The highest phenotypic correlations were 0.94, for laterally lying 

and sternally lying, and sitting for the 27- to 40-day interval and 0.94 for sitting for the 41-to 54-

day interval. The highest genetic correlation estimates were 1.00 for laterally lying, sternally lying, 

sitting, and standing for the 27- to 40-day interval, 1.00 for laterally lying, sternally lying, and 

drinking time for the 41- to 54-day interval, and 1.00 for sitting for the 55- to 68-day interval.  

A genetic correlation of 1.00 indicates that the two traits have the same genetic basis. 

Therefore, if recording is to capture the average behavior of the animals from the on-test period 

until the off-test period, then the same information, or the most informative data, can be captured 

during days 27-40 of this period, as this interval has a 1.00 genetic correlation with the total 

average of the recording period. As storing videos is very costly, recording for the entire 70 days 

is not necessary, as the behavior of the animal becomes redundant, and the overall behavior 

patterns can be captured in a span of two weeks. The closer the genetic correlations are to 0, the 

weaker the relationship between the two traits, indicating that the traits give different  genetic 

information.  

RELATIONSHIPS BETWEEN BEHAVIOR AND PRODUCTION TRAITS 

 The purpose of this study was to determine if a relationship exists between an animal’s 



 

 

 

91 

behavior and its production performance. If a sufficiently strong relationship exists, the behavior 

data could predict the production trait phenotypes before the animal’s off-test. Two-trait models 

were fit to estimate the relationship between behavior traits and production traits. To determine if 

the behavior during a specific time span in the recording period had a stronger relationship with 

the production traits than the average behavior trait for the entire period, behavior traits measured 

over five recording intervals were analyzed also in two-trait models with production traits.  

 The strongest positive genetic and phenotypic correlations between average behavior 

across the full recording period and production traits were estimated for lateral lying time and 

ADG (0.50 ± 0.18) and sternal lying time and LD (0.29), respectively (Fig. 6.8 a, b, c). The 

strongest negative genetic and phenotypic correlations were estimated between distance and ADG 

(-0.57 ± 0.10 and -0.30, respectively). The strongest positive genetic correlation between average 

behavior traits for the five time periods and production traits was estimated between the average 

lateral lying time for the 55-68-day interval and ADG (0.55 ± 0.19). The strongest negative genetic 

correlation was estimated between average distance for the 55-68-day interval and ADG (-0.70 ± 

0.11). Intuitively, time spent lying and distance traveled are expected to have the strongest genetic 

correlations with ADG, as an animal that expends less energy is expected to grow faster. Obermier 

et al. (2023) also found that pigs that spent more time lying and that were less active had higher 

growth rates and greater body weight at a given age. Sitting time was the behavior trait that was 

estimated to be least phenotypically and genetically correlated with all production traits, while 

distance was estimated to be the most correlated. As eating and drinking time only consider the 

amount of time spent at the feeder and waterer and not the quantity of feed or water consumed, it 

is expected that these traits are not strongly correlated with the production traits. The period with 

the strongest genetic correlations between behavior and production traits was the 55-68-day 
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interval, and the period with the weakest correlations was the 27-40-day interval. Therefore, the 

last two to three weeks before off-test can best capture the relationship between behavior and 

production traits. 

CONCLUSIONS 

Digital phenotyping for behavior traits recorded at an individual level provides an 

opportunity to further understand the association between behavior and production performance. 

Although behavior and production traits are not highly correlated , this study introduces the 

possibility of capturing behavior information and its potential association with production. 

Obtaining additional information on breeding candidates can increase accuracy of (G)EBV, 

leading to greater genetic improvement. The link between digital behavior data and economically 

relevant production traits is of interest, and digital phenotyping is a low-cost method to obtain this 

information on performance. High-throughput phenotyping is a new method for data collection; 

therefore, extensive quality control measures are needed before implementing the results into 

evaluations. The results of this study suggest that some pig behaviors, such as standing time, 

distance traveled, and laterally laying time, are phenotypically and genetically associated with 

ADG, BF, and LD. The behavior of animals two to three weeks before the off-test date had the 

strongest genetic correlations with the production traits. Digital phenotyping is promising for 

enhancing the efficiency, profitability, and rate of genetic gain in pig production. 
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TABLES 

Table 6.1 Summary statistics for digital behavior traits after data cleaning  

Trait Mean Median SD Min Max 

Eating time 56.41 54.41 19.55 0.00 165.96 

Drinking time 7.25 6.36 4.51 0.0 84.65 
Laterally lying time 287.52 285.45 90.81 6.06 718.70 
Sternally lying time 359.12 358.20 73.59 79.84 716.75 

Sitting Time 22.97 18.06 18.13 0.00 260.19 
Standing time 170.28 168.60 52.21 0.00 611.34 

Distance (meters) 872.55 827.31 357.47 0.00 3589.54 
SD: standard deviation 

Traits recorded in time are shown in min 

 

Table 6.2 Summary statistics for production traits 

Trait Mean Median SD Min Max 

ADG, g 710.59 710.77 63.98 510.90 934.00 
BF, mm 8.33 8.00 2.30 4.58 17.12 
LD, mm 66.34 66.10 5.40 51.50 83.10 

ADG: average daily gain; BF: back fat thickness; LD: loin depth; SD: standard deviation 
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FIGURES 

 

Figure 6.1 Average eating, distance, and recording time per group over time. (a) Average eating 

time in minutes. (b) Average distance in meters. (c) Average recording time in hours.  
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Figure 6.2 Average behavior and posture trends per individual over time. Eating time, drinking 

time, laterally lying, standing, and sternally lying are shown in h. Sitting is shown in min and 

distance is shown in m. (a) Behavior trends and (b) Posture trends. 
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Figure 6.3 Average eating time per group over time. 
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Figure 6.4 Average lateral lying time, sternal lying time, and temperature over time. 

The temperature data were obtained from the NASA POWER website 

(https://power.larc.nasa.gov/data-access-viewer/) using the longitude and latitude coordinates of 

the farm and were the average air temperatures at a height of two m above the surface of the earth.  
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Figure 6.5 Estimates of phenotypic correlations of average daily and weekly distance traveled. 

The data used are from the dataset after the data cleaning procedure and for animals with off-test 

records. (a) Average daily distance traveled and (b) Average weekly distance traveled.  
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Figure 6.6 Estimates of phenotypic correlations between the total average and the average of each 

recording time interval for each behavior trait. 

All traits are expressed in min, expect for distance which is expressed in m. (a) Traits: distance 

traveled, drinking time, eating time and (b) Traits: laterally lying time, sternally lying time, sitting 

time, standing time. 



 

 

 

105 

 

Figure 6.7 Estimates of genetic correlations (standard errors) between the total average and the 

average of each recording time interval for each behavior trait. 

All traits are expressed in min, expect for distance which is expressed in m. (a) Traits: distance 

traveled, drinking time, eating time and (b) Traits: laterally lying time, sternally lying time, sitting 

time, standing time. 
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a 

b 

c 

Genetic correlations between ADG and behavior trait time intervals 

Time 

Period 

Eating 

Time 

Drinking  

Time 

Lateral 

Lying 

Sternal 

Lying 
Sitting Standing Distance 

All 0.14 ± 0.23 

 

 

-0.10 ± 0.15 
 

  

Days 1-13 

 

0.41 ± 1.75 
 

-0.06 ± 0.16 

 

 

 

Days 14-26  
  

-0.01 ± 0.24   
 

Days 27-40 0.12 ± 0.21 
 

 

-0.22 ± 0.22  
 

 

Days 41-54 -0.05 ± 0.14 
 

0.50 ± 0.66 -0.05 ± 0.14 
   

Days 55-68 -0.09 ± 0.21 0.05 ± 0.66 

 

-0.13 ± 0.16 

 

 
 

 

0.36 ± 0.17 

0.55 ± 0.19 

0.23 ± 0.18 

0.32 ± 0.21 
 

0.35 ± 0.27 

0.50 ± 0.14 

0.45 ± 0.36 

0.48 ± 0.21 

0.52 ± 0.25 

0.49 ± 0.15 

0.26 ± 0.15 

0.32 ± 0.26 

0.21 ± 0.15 

0.30 ± 0.20 

0.36 ± 0.24 

-0.56 ± 0.11 

-0.41 ± 0.10 

-0.40 ± 0.10 

-0.43 ± 0.09 

-0.51 ± 0.08 

-0.55 ± 0.10 

-0.57 ± 0.10 

-0.55 ± 0.14 

-0.47 ± 0.12 

-0.46 ± 0.11 

-0.63 ± 0.14 

-0.70 ± 0.11 

0.27 ± 0.23 

0.16 ± 0.15 

Genetic correlations between BF and behavior trait time intervals 

Time 

Period 

Eating 

Time 

Drinking  

Time 

Lateral 

Lying 

Sternal 

Lying 
Sitting Standing Distance 

All 0.18 ± 0.07 

 

 

-0.04 ± 0.09  

 

 

Days 1-13 

 

  
-0.22 ± 0.13 

 

 

 

Days 14-26  
 

 -0.18 ± 0.16 -0.03 ± 0.09 -0.05 ± 0.07 

 

Days 27-40 

 

 
 

-0.08 ± 0.10 -0.01 ± 0.07  

 

Days 41-54   0.14 ± 0.09 0.05 ± 0.09 -0.02 ± 0.08   

Days 55-68 0.05 ± 0.08 0.02 ± 0.16 
 

 -0.04 ± 0.09 
 

 

 

-0.23 ± 0.14 0.22 ± 0.07 

0.13 ± 0.09 

0.23 ± 0.08 

0.21 ± 0.11 
 

0.21 ± 0.13 

0.19 ± 0.09 

0.37 ± 0.19 

0.26 ± 0.10 

0.21 ± 0.16 

0.20 ± 0.11 

-0.01 ± 0.08 

0.11 ± 0.12 

-0.17 ± 0.07 

-0.10 ± 0.07 

-0.14 ± 0.08 

-0.22 ± 0.09 

-0.28 ± 0.08 

-0.26 ± 0.09 

-0.11 ± 0.10 

-0.21 ± 0.14 

-0.34 ± 0.13 

-0.37 ± 0.10 

0.19 ± 0.08 

0.11 ± 0.08 

0.29 ± 0.12 

0.14 ± 0.10 

0.14 ± 0.10 

Genetic correlations between LD and behavior trait time intervals 

Time 

Period 

Eating 

Time 

Drinking  

Time 

Lateral 

Lying 

Sternal 

Lying 
Sitting Standing Distance 

All 0.03 ± 0.10 

 

 

0.09 ± 0.12  

 

 

Days 1-13 

 

  -0.01 ± 0.14 

 

 
 

Days 14-26    0.10 ± 0.20 0.11 ± 0.13 
 

 

Days 27-40 
 

 

 

0.10 ± 0.14 0.12 ± 0.12 
 

 

Days 41-54 

  
 

0.14 ± 0.13 0.22 ± 0.14 
 

 

Days 55-68  
 

 

 

 

 

 

 

 

 

0.00 ± 0.11 

0.19 ± 0.11 

-0.38 ± 0.10 

0.32 ± 0.25 

0.09 ± 0.10 

-0.07 ± 0.12 
 

-0.12 ± 0.12 

-0.12 ± 0.11 

0.08 ± 0.14 

0.20 ± 0.14 

0.26 ± 0.17 

0.28 ± 0.12 

0.20 ± 0.13 

0.27 ± 0.18 

-0.38 ± 0.10 

-0.25 ± 0.12 

-0.30 ± 0.12 

-0.42 ± 0.13 

-0.44 ± 0.11 

-0.47 ± 0.12 

-0.34 ± 0.16 

-0.43 ± 0.15 

-0.58 ± 0.16 

-0.01 ± 0.09 

0.15 ± 0.13 

-0.10 ± 0.13 

0.08 ± 0.14 -0.12 ± 0.11 -0.38 ± 0.32 

0.20 ± 0.15 

0.25 ± 0.17 

-0.36 ± 0.15 

-0.57 ± 0.21 
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Figure 6.8 Estimates of genetic correlations (standard errors) between production traits, and time 

intervals or total averages of each behavior trait. 

The cells with green circles denote a positive correlation, whereas the cells with red circles denote 

a negative correlation and the size of the circle indicates the strength of the correlation. The cells 

without color indicate a range of genetic correlations that passed through 0.0 when the standard 

error was considered. (a) ADG, (b) BF and (c) LD. 
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CHAPTER 7  

 

CONCLUSIONS 

 

 Continuous improvement in genomic predictions and genetic parameter estimations is 

needed as the amount of data increases, technology improves, and populations change. Methods 

to enhance genetic gain can be improved by increasing accuracy, eliminating bias, speeding up 

computing time, and incorporating more information into genetic evaluations. This dissertation 

provided a new algorithm for blending the genomic relationship matrix that decreased computing 

time, investigated the biological understanding of independent chromosome segments in terms of 

explaining additive genetic variation, tested a heritability estimation method with genomics, which 

resulted in faster estimation, and explored behavior traits captured by digital phenotyping and their 

relationship with production traits.  

The results showed substantial improvement in genomic prediction and genetic parameter 

estimation. The findings from the study on method R with genomics show that heritability can be 

estimated for virtually any size model for which genetic evaluation is feasible. Capturing the 

genetic variation in a population is possible when all the independent chromosome segments are 

explained. However, the independent chromosome segments were not well represented in this 

study. The opportunity to have more information on more traits and more animals exists by 

incorporating digital phenotyping into production systems. Additionally, with the improved 

blending algorithm, large genetic evaluations will be obtainable in less time. The optimization of 
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methods for genomic predictions will enhance the quality of genetic evaluations, leading to more 

precise selection decisions and increased genetic gain.  

 


