
                                                     

 

 

 

 

Investigating the Role of Non-Additive Genetic Effects on the Genetic 

Architecture and Control of Fertility and Reproduction  

Traits in Holsteins 

 

by 

 

Kristen Alves 

 

 

 

 

 

 

A Thesis 

presented to 

The University of Guelph 

 

 

 

 

 

In partial fulfilment of requirements 

for the degree of 

Doctor of Philosophy 

in 

Animal Biosciences 

 

 

 

 

 

 

 

 

 

Guelph, Ontario, Canada 

 

© Kristen Alves, April, 2018 

 

 

 



ii 
 

ABSTRACT 

 

 

 

INVESTIGATING THE ROLE OF NON-ADDITIVE GENETIC EFFECTS ON 

THE GENETIC ARCHITECTURE AND CONTROL OF FERTILITY AND 

REPRODUCTION TRAITS IN HOLSTEINS 

 

 

 

Kristen Alves  

University of Guelph, 2018 

Advisor:  
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In animal breeding, it is assumed that majority of the variation in a phenotype can 

be captured by gene variants which combine their effects in an additive manner. In dairy 

cattle, this assumption works well for most traits. However, for low heritability and 

complex traits such as fertility and reproduction traits, additive genetic effects may not 

capture most of the variation.  

This thesis set out to explore whether it is possible to capture interactions between 

alleles at one loci (dominance) and between alleles at different loci (additive by additive 

epistasis) to improve our understanding of the genetic architecture and control of fertility 

and reproduction traits in Holstein cattle. Additive, dominance, and epistatic genetic 

variance components using pedigree and genomic relationship matrices were estimated. 

Dominance and epistasis contributed a larger proportion of the total phenotypic variance 

than the additive model currently used in practice. Three transformations to the Hadamard 

product for deriving the epistatic relationship matrix on the estimation of epistatic genetic 

variance components was investigated. While removing the interaction of a marker with 

itself decreased the confounding between additive and epistatic genetic effects, there was 

not a clear advantage as to which matrix was best. Genomic predictions were performed to 
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assess the impact of including genomic information, epistasis, and the variants of the 

epistatic genomic relationship matrix on the reliability of and bias in model predictions. 

The results suggest fitting epistatic genetic effects in genomic evaluation models may yield 

an improvement in the prediction of breeding values and future phenotypes. Lastly, a 

genome-wide association study was performed to investigate the genetic architecture of the 

traits. The results suggest that significant epistatic genetic effects are probably due to many 

loci with a small effect rather than few loci with a large effect.  

Improving our understanding of the genetic architecture and control of fertility and 

reproduction traits will help in the proper estimation of breeding values and correct ranking 

of candidate parents for the next generation. This research emphasizes the need for a re-

examination of our tools to help detect causal links between genetic and phenotypic 

variation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 
 

 

 

 

 

 

 

 

 

This thesis is dedicated to my family. 

Thank you for your unconditional love and support. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



v 
 

ACKNOWLEDGEMENTS 

 

I would first and foremost like to thank my advisor, Dr. Flavio S. Schenkel. Thank 

you for treating me as a colleague in training, always making yourself available to offer 

suggestions and teach around issues when required. You have taught me to be an 

independent thinker, and to always question…everything! Your passion and knowledge of 

this field has been indispensable to my growth as a scientist. You have been a role model 

and a mentor, and I will be forever grateful for the opportunity to learn from you throughout 

my graduate school career.  

I would like to thank my Graduate Advisory Committee members, Dr. Andy 

Robinson, Dr. Christine Baes, and Dr. Mehdi Sargolzaei. Andy, I am here today because 

you took a chance on me 5 years ago, and without you, none of this would have been 

possible. You have taught me to be a better teacher, scientist, and person. Christine, you 

have inspired me during difficult times when I needed words of encouragement. Thank you 

for reminding me of the importance and hard work it takes to obtain a Ph.D. Mehdi, thank 

you for always having your door open, and for always being so eager to help. You have 

played a significant role in the analyses in this thesis.   

I would like to thank the CGIL faculty, staff, and grad students, especially Bill 

Szkotnicki, Dr. Luiz F. Brito, Dr. Aline Guarini, and Stephanie Lam. Bill, thank you for 

putting up with me while I took over the sloof server to run ASReml, and for meeting with 

me to help install and run packages that were necessary for the completion of this work.  

Luiz, thank you for always going above and beyond to help me. I would not have 

accomplished all that I have today without your support! Aline and Steph, thank you so 

much for your friendship. You always took the time to answer my ridiculous questions, 

you have been there for me to confide in, and you have never let me quit when things got 

hard. I am incredibly lucky to have met you both! 

I would like to thank the University of Guelph for the best 9 years! I am so grateful 

for the opportunity to study a field I love, while working directly with industry 

professionals and leaders in animal breeding and genetics research. The opportunity to 



vi 
 

attend conferences, run councils, teach courses, and develop important career and life skills 

has me well prepared to pursue a career in the working world (I hope!).   

To my family: Mom (Corrie Alves) and Dad (Rui Alves)- thank you for making me 

the person I am today. You have always encouraged me to find my passion, and achieve 

my goals. You have supported me both emotionally and financially to put me through the 

best education possible, and words cannot express how grateful I am for the sacrifices you 

have made to get me to where I am today. John McRae- thank you for always making me 

laugh until my stomach hurts. All of those drives out to Guelph for dinner have helped me 

more than you will ever know! Joselle Alves- thank you for always being there for me to 

confide in, and for always reminding me to not be so hard on myself. Brother (Ryan Alves)- 

thank you for being the best big brother a girl could ever ask for. You have motivated me 

and inspired me to work harder, and to be better everyday. Sister (Amber Scarland)- thank 

you for being my best friend, my biggest supporter, and someone I can count on no matter 

what. Tom Branston- thank you for listening to me talk about everything agriculture, 

genetics, and research related, daily! You have been there for the best times, and stuck 

around for the worst. I couldn’t imagine what these last three years would have been like 

without you. Penny Boo Boo- thank you for being the best puppy and friend! You have 

been right by my side (literally) for all the good and bad times. I have practiced so many 

presentations on you, you could probably recite my Ph.D. thesis (ruff, ruff!). Most of all, 

thank each and every one of you for always believing in me, even when I didn’t believe in 

myself. Thank you. Thank you. Thank you. I can’t say it enough. I love you all, to the 

moon and back!  

I would also like to thank Dr. Matthew Wolak, Dr. Johannes Martini, and Dr. Lorin 

Crawford for their quick and thorough correspondence regarding their previously 

published work, which was utilized throughout this thesis. 

Lastly, this project would not have been possible without the data provided by the 

Canadian Dairy Network, and the financial support of this research from Agriculture and 

Agri-Food Canada and by additional contributions from Dairy Farmers of Canada, the 

Canadian Dairy Network and the Canadian Dairy Commission under the Agri-Science 

Clusters Initiative. Thank you for providing me with the opportunity to fulfill my dreams 

of obtaining a Ph.D.!  



vii 
 

TABLE OF CONTENTS 

 

List of Tables .................................................................................................................... xi 

List of Figures .................................................................................................................. xv 

List of Abbreviations .................................................................................................... xvii 

CHAPTER 1: General Introduction ............................................................................... 1 

RATIONALE....................................................................................................................... 1 

RESEARCH AIMS AND OBJECTIVES  .................................................................................. 2 

THESIS STRUCTURE .......................................................................................................... 3 

CHAPTER 2: Literature Review  ................................................................................... 5 

IMPORTANCE OF FERTILITY AND REPRODUCTION TO THE DAIRY INDUSTRY ..................... 5 

THE ASSUMPTION OF ADDITIVITY .................................................................................... 6 

NON-ADDITIVE GENETIC EFFECTS ................................................................................... 7 

MODERN DEVELOPMENTS TO DAIRY CATTLE BREEDING PROGRAMS .............................. 8 

INCORPORATING NON-ADDITIVE GENETIC EFFECTS INTO GENETIC EVALUATIONS ......... 8 

CHALLENGES TO ESTIMATING NON-ADDITIVE GENETIC EFFECTS  ................................. 10 

CONCLUSIONS ................................................................................................................ 11 

REFERENCES ................................................................................................................... 12 

FIGURE ........................................................................................................................... 17 

CHAPTER 3: Estimation of additive and non-additive genetic effects for fertility 

and reproduction traits in Holstein Cattle using genomic information  .................... 18 

ABSTRACT ...................................................................................................................... 18 

INTRODUCTION ............................................................................................................... 19 

MATERIALS AND METHODS ............................................................................................ 21 

Data ............................................................................................................................ 21 

Statistical Analysis  .................................................................................................... 22 

Relationship Matrices ................................................................................................. 24 

Additive Matrix .......................................................................................................... 24 

Epistatic Matrix .......................................................................................................... 25 



viii 
 

Dominance Matrix...................................................................................................... 25 

Model Comparison ..................................................................................................... 26 

RESULTS ......................................................................................................................... 27 

Variance Component Estimation ............................................................................... 27 

Comparison of Models ............................................................................................... 28 

DISCUSSION .................................................................................................................... 29 

CONCLUSIONS ................................................................................................................ 33 

ACKNOWLEDGEMENTS ................................................................................................... 33 

REFERENCES ................................................................................................................... 34 

TABLES ........................................................................................................................... 38 

SUPPLEMENTARY MATERIAL .......................................................................................... 49 

CHAPTER 4: Investigation of the effect of covariance matrix construction on the 

estimation of epistatic genetic variance components for fertility and reproduction 

traits in Holstein cattle.................................................................................................... 50 

ABSTRACT ...................................................................................................................... 50 

INTRODUCTION ............................................................................................................... 51 

MATERIALS AND METHODS ............................................................................................ 52 

Dataset ........................................................................................................................ 52 

Models ........................................................................................................................ 53 

Covariance Matrix Formation .................................................................................... 54 

Model Comparison ..................................................................................................... 57 

RESULTS ......................................................................................................................... 58 

Variance Component Estimation ............................................................................... 58 

Goodness of Fit .......................................................................................................... 58 

DISCUSSION .................................................................................................................... 59 

CONCLUSIONS ................................................................................................................ 62 

ACKNOWLEDGEMENTS ................................................................................................... 62 

REFERENCES ................................................................................................................... 63 

TABLES ........................................................................................................................... 66 

 



ix 
 

CHAPTER 5: Genomic prediction of fertility and reproduction traits in Holsteins 

based on models including epistatic genetic effects  .................................................... 71 

ABSTRACT ...................................................................................................................... 71 

INTRODUCTION ............................................................................................................... 72 

MATERIALS AND METHODS ............................................................................................ 74 

Data and Editing ......................................................................................................... 74 

Statistical Analysis ..................................................................................................... 75 

Trait Models ............................................................................................................... 76 

Covariance Matrix Formation .................................................................................... 78 

Model Comparison ..................................................................................................... 80 

RESULTS ......................................................................................................................... 81 

Variance Component Estimation ............................................................................... 81 

Prediction of Breeding Values ................................................................................... 81 

Variants of GAE ......................................................................................................... 81 

Blending ..................................................................................................................... 82 

DISCUSSION .................................................................................................................... 82 

CONCLUSIONS ................................................................................................................ 86 

ACKNOWLEDGEMENTS ................................................................................................... 86 

REFERENCES ................................................................................................................... 87 

TABLES ........................................................................................................................... 90 

SUPPLEMENTARY MATERIAL .......................................................................................... 95 

CHAPTER 6: A genome-wide association study for epistatic genetic effects on 

fertility and reproduction traits in Holstein cattle ....................................................... 97 

ABSTRACT ...................................................................................................................... 97 

INTRODUCTION ............................................................................................................... 98 

MATERIALS AND METHODS .......................................................................................... 100 

Data .......................................................................................................................... 100 

The Marginal Epistasis Test (MAPIT) ..................................................................... 102 

Epistatic Breeding Values ........................................................................................ 103 

Relationship Matrices ............................................................................................... 105 



x 
 

Genome-Wide Association Analysis ....................................................................... 105 

Significance Threshold ............................................................................................. 106 

Plots .......................................................................................................................... 106 

Literature Comparisons ............................................................................................ 107 

RESULTS ....................................................................................................................... 108 

The Marginal Epistasis Test ..................................................................................... 108 

Genome-Wide Association Analysis ....................................................................... 109 

Manhattan Plots ........................................................................................................ 110 

Literature Comparisons ............................................................................................ 110  

DISCUSSION .................................................................................................................. 111 

CONCLUSIONS .............................................................................................................. 117 

ACKNOWLEDGEMENTS ................................................................................................. 117 

REFERENCES ................................................................................................................. 118 

TABLES ......................................................................................................................... 126 

SUPPLEMENTARY MATERIAL ........................................................................................ 131 

CHAPTER 7: General Conclusions ............................................................................ 178 

FINAL REMARKS ........................................................................................................... 178 

REFERENCES ................................................................................................................. 184 

 

 

 

 

 

 

 

 

 



xi 
 

List of Tables 

 

CHAPTER 3 

 

 

Table 3.1 Descriptive statistics for fertility and reproduction traits in Holstein 

cattle (N = 6,617) 

38 

 

Table 3.2 Effects included in the genetic models for genetic parameter 

estimation for heifer (○) and cow (●) traits 

39 

Table 3.3 Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), dominance 

(D) and residual (e) variances for heifers (N = 5,825) using pedigree 

relationship matrices (± SE) 

40 

Table 3.4 Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), dominance 

(D) and residual (e) variances for heifers (N = 5,825) using genomic 

relationship matrices (± SE) 

41 

Table 3.5 Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), dominance 

(D) and residual (e) variances for cows (N = 6,090) using pedigree 

relationship matrices (± SE) 

42 

Table 3.6 Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), dominance 

(D) and residual (e) variances for cows (N = 6,090) using genomic 

relationship matrices (± SE) 

43 

Table 3.7 Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) 

and its associate p-value for comparing alternative reduced models for 

heifer traits using pedigree relationship matrices 

44 



xii 
 

Table 3.8 Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) 

and its associate p-value for comparing alternative reduced models for 

heifer traits using genomic relationship matrices 

45 

Table 3.9 Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) 

and its associate p-value for comparing alternative reduced models for 

cow traits using pedigree relationship matrices 

46 

Table 3.10 Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) 

and its associate p-value for comparing alternative reduced models for 

cow traits using genomic relationship matrices 

47 

Table 3.11 Spearman’s rank correlations between the additive (MA) and full 

model (MAED) for 100% (all cows), the top 80%, 20%, 10% and 5% 

of cows for the traits with P ≤ 0.05 based on likelihood ratio tests 

48 

Table 3.S1 Estimation error correlation (𝑟) between additive (A), epistatic (I), 

and dominance (D) genetic effects for the traits with P ≤ 0.05 based 

on likelihood ratio tests 

49 

 

CHAPTER 4 

 

 

Table 4.1 Descriptive statistics for fertility and reproduction traits in Holstein 

cattle (N = 6,090) 

66 

Table 4.2 Effects included in the genetic models for genetic parameter 

estimation for the traits 

67 

Table 4.3 Abbreviation key for the models used in the analyses  68 

Table 4.4 Estimates of estimates of phenotypic variance (Vp), total heritability 

(H2) and ratios with respect to phenotypic variance for additive 

genetic (A), epistatic (I), herd year (HY) and residual (e) variances for 

cows (N=6,090) using genomic relationship matrices (± SE) … 

69 

Table 4.5 Estimation error correlations (𝑟) between the additive and epistatic 

genetic effects, Akaike Information Criterion (AIC) and the absolute 

difference (𝛥𝑖) between AIC values of comparable models  

70 



xiii 
 

CHAPTER 5 

 

 

Table 5.1 Number of animals in the data set (Total), training group (Train), 

validation group (Valid) and descriptive statistics for fertility traits in 

Holstein cattle (N = 6,090) 

90 

Table 5.2 Effects included in the genetic models for genetic parameter 

estimation for the traits 

91 

Table 5.3 Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), and residual 

(e) variances for cow traits in four different scenarios (± SE) 

92 

Table 5.4 Total heritability (H2), Pearson correlations (Corr), observed 

accuracies (Acc = Corr / √𝐻2), realized reliabilities (Rel = Acc2), and 

linear regression coefficients (b) for the cow traits in four different 

scenarios 

93 

Table 5.5 Total heritability (H2), Pearson correlations (Corr), observed 

accuracies (Acc = Corr / √𝐻2), realized reliabilities (Rel = Acc2), and 

linear regression coefficients (b) for the cow traits using four 

variations of the epistatic genomic relationship matrix 

94 

Table 5.S1 Total heritabilities (H2) and regression coefficients (b) for the traits to 

compare the effect of blending the epistatic relationship matrices 

95 

   

 

CHAPTER 6 

 

 

Table 6.1 Descriptive statistics for fertility and reproduction traits in Holstein 

cattle (N = 6,617) 

126 

Table 6.2 Effects included in the genetic models for genetic parameter 

estimation for heifer (○) and cow (●) traits 

127 



xiv 
 

Table 6.3 Proportion (%) of total phenotypic variance due to epistatic genetic 

effects (I), genomic inflation factor (λ), and number of SNPs with 

strong (P < 5% FDR) and moderate (5% FDR < P < 10% FDR) 

marginal epistatic effects for the heifer and cow traits 

128 

Table 6.4  Distribution of heifer (h) and cow (c) traits with at least one region 

(number of regions = NReg) and number of SNPs amongst regions 

(NSNP) distributed by chromosome (Chr) identified as significant from 

MAPIT and the GWAS 

129 

Table 6.5  Summary of previously published1 QTLs for the fertility and 

reproduction traits distributed by chromosome 

130 

Table 6.S1  Significant SNPs identified from MAPIT and GWAS for age at first 

insemination (AFS) in heifers 

131 

Table 6.S2 Significant SNPs identified from MAPIT and GWAS for non-return 

rate (NRR) in heifers and cows 

132 

Table 6.S3 Significant SNPs identified from MAPIT and GWAS for number of 

services (NS) in heifers and cows 

133 

Table 6.S4 Significant SNPs identified from MAPIT and GWAS for first 

insemination to conception (FSTC) in heifers and cows 

134 

Table 6.S5 Significant SNPs identified from MAPIT and GWAS for gestation 

length (GL) in heifers and cows 

135 

Table 6.S6 Significant SNPs identified from MAPIT and GWAS for calving ease 

(CE) in heifers and cows 

137 

Table 6.S7 Significant SNPs identified from MAPIT and GWAS for still birth 

(SB) in heifers and cows 

138 

Table 6.S8 Significant SNPs identified from MAPIT and GWAS for calf size 

(CZ) in heifers and cows 

141 

Table 6.S9 Significant SNPs identified from MAPIT and GWAS for calving to 

first insemination (CTFS) in cows 

143 

Table 6.S10 Abbreviation codes for Table 6.5 and summary of papers with 

previously published QTLs for the fertility and reproduction traits 

144 

 



xv 
 

List of Figures 

 

CHAPTER 2 

 

 

Figure 2.1 Trends in milk yield (●) and daughter pregnancy rate (○) for US 

Holsteins. Data are from USDA-ARS Animal Improvement 

Programs Laboratory, February 2007. Figure accredited to 

Hansen (2007). 

17 

 

CHAPTER 5 

 

 

Figure 5.S1 Distribution of records for the training (blue, N = 4,878) and 

validation (orange, N = 1,212) datasets displayed by year of birth  

96 

 

CHAPTER 6 

 

 

Figure 6.S1 Q-Q plot for age at first insemination (AFS) in heifers 146 

Figure 6.S2 Q-Q plot for non-return rate (NRR) in heifers 147 

Figure 6.S3 Q-Q plot for non-return rate (NRR) in cows 148 

Figure 6.S4 Q-Q plot for number of services (NS) in heifers 149 

Figure 6.S5 Q-Q plot for number of services (NS) in cows 150 

Figure 6.S6 Q-Q plot a first insemination to conception (FSTC) in heifers 151 

Figure 6.S7 Q-Q plot for first insemination to conception (FSTC) in cows 152 

Figure 6.S8 Q-Q plot for gestation length (GL) in heifers 153 

Figure 6.S9 Q-Q plot for gestation length (GL) in cows 154 

Figure 6.S10 Q-Q plot for calving ease (CE) in heifers 155 

Figur3 6.S11 Q-Q plot for calving ease (CE) in cows 156 



xvi 
 

Figure 6.S12 Q-Q plot for stillbirth (SB) in heifers 157 

Figure 6.S13 Q-Q plot for stillbirth (SB) in cows 158 

Figure 6.S14 Q-Q plot for calf size (CZ) in heifers 159 

Figure 6.S15 Q-Q plot for calf size (CZ) in cows 160 

Figure 6.S16 Q-Q plot for calving to first insemination (CTFS) in cows 161 

Figure 6.S17 Manhattan plot for age at first insemination (AFS) in heifers 162 

Figure 6.S18 Manhattan plot for non-return rate (NRR) in heifers 163 

Figure 6.S19 Manhattan plot for non-return rate (NRR) in cows 164 

Figure 6.S20 Manhattan plot for number of services (NS) in heifers 165 

Figure 6.S21 Manhattan plot for number of services (NS) in cows 166 

Figure 6.S22 Manhattan plot for first insemination to conception (FSTC) in 

heifers 

167 

Figure 6.S23 Manhattan plot for first insemination to conception (FSTC) in 

cows 

168 

Figure 6.S24 Manhattan plot for gestation length (GL) in heifers 169 

Figure 6.S25 Manhattan plot for gestation length (GL) in cows 170 

Figure 6.S26 Manhattan plot for calving ease (CE) in heifers 171 

Figure 6.S27 Manhattan plot for calving ease (CE) in cows 172 

Figure 6.S28 Manhattan plot for stillbirth (SB) in heifers 173 

Figure 6.S29 Manhattan plot for stillbirth (SB) in cows 174 

Figure 6.S30 Manhattan plot for calf size (CZ) in heifers 175 

Figure 6.S31 Manhattan plot for calf size (CZ) in cows. 176 

Figure 6.S32 Manhattan plot for calving to first insemination (CTFS) in cows 177 

 

 

 

 

 

 



xvii 
 

List of Abbreviations 

 

Abbreviation Description  

A Ratio of additive genetic variance to phenotypic variance 

𝐀𝐚𝐚  Epistatic (additive by additive) relationship matrix  

𝐀𝐆 Additive genomic relationship matrix (marker-based) 

𝐀𝐏 Additive genetic relationship matrix (pedigree-based) 

Acc Accuracy 

AcMcX Age at current calving by month of current calving by sex of calf by parity 

AFS Age at first insemination  

AI Artificial insemination 

AIC Akaike information criterion  

AP Age at puberty  

ApMf Age at previous calving by month of first insemination by parity 

ApMp Age at previous calving by month of previous caling by parity 

ApMpX ApMp by sex of calf 

b Bias of prediction ie. regression coefficient  

BLUP Best Linear Unbiased Predictor 

BTA Bos taurus autosome 

BV Breeding value  

CDN Canadian Dairy Network 

CE Calving ease  

Chr Chromosome 

Corr Pearson product-moment correlation coefficients 

cov Covariance  

CTFS Days from calving to first insemination 

CZ Calf size 

D Ratio of dominance genetic variance to phenotypic variance 

𝐃𝐆 Dominance genomic relationship matrix  

𝐃𝐏 Dominance relationship matric from pedigree information 



xviii 
 

df Degrees of freedom 

DGAT1 diacylglycerol O-acyltransferase 1 gene 

DGV Direct genomic breeding values 

e Ratio of residual variance to phenotypic variance 

EBV Estimated breeding value 

FDR False-discovery rate 

FSTC Days from first insemination to conception 

FWER Family wise error rate 

𝐆𝐤 Related matrix based on pairwise interaction terms between k-th variant and 

all other variants 

GA G-BLUP with an additive genetic effect 

GAE G-BLUP with additive and epistatic genetic effects 

G-BLUP Genomic Best Linear Unbiased Predictor 

GEBV Genomic estimated breeding value 

GL Gestation length 

GS Genomic selection 

GWAS Genome-wide association study 

h2 Heritability (ratio of additive genetic variance to total phenotypic variance) 

H2 Total heritability (ratio of the sum of additive and epistatic variances to the 

total phenotypic variance) 

HWE Hardy-Weinberg Equilibrium  

HY Herd by year of birth 

I Ratio of epistatic genetic variance to phenotypic variance 

IBD Identical by descent  

LD Linkage disequilibrium 

LogL Log-likelihood 

LPI Lifetime Performance Index 

LRT Likelihood ratio test 

MA Model with only an additive genetic effect 

MAD Model with an additive and model genetic effect 

MAE Model with an additive and epistatic genetic effect 



xix 
 

MAED Model with an additive, epistatic, and dominance genetic effect 

MAF Minor allele frequency 

MAPIT Marginal Epistasis Test 

Mf Month of first insemination 

MfX Month of first insemination by sex of calf 

MVN Multivariate normal distribution 

n Number of individuals 

NReg Number of regions on a chromosome 

NSNP Sum of the number of SNPs on a chromosome in significant regions 

NRR 56-day non-return rate 

NS  Number of services  

𝑝 Number of SNP markers 

PA P-BLUP with an additive genetic effect 

PAE P-BLUP with additive and epistatic genetic effects 

P-BLUP Pedigree-based Best Linear Unbiased Predictor 

Pos SNP position in base pairs  

Q-Q Quantile-quantile plot 

QTL Quantitative trait loci 

𝑟 Estimation error correlation 

𝑅 Spearman’s rank correlation 

Reg Chromosome region  

Rel Realized reliability 

REML Restricted maximum likelihood  

RYM Region by year of birth by month of birth  

SB Stillbirth 

SC Sire of calf 

SD Standard deviation 

SE Standard error 

SNP Single Nucleotide Polymorphism 

SS Service sire  

SSR Single SNP generalized mixed linear model  



xx 
 

T AI technician 

var Variance  

Vp Phenotypic variance  

λ Genomic inflation factor (lambda) 

χ2 Chi-squared distribution 

 



1 
 

CHAPTER 1 

General Introduction 

 

RATIONALE 

The relationship between a phenotype and a genotype is immensely complex. In 

animal breeding, it is assumed that the majority of variation in a phenotype can be captured 

by gene variants which combine their effects in an additive manner. The additive genetic 

merit (also referred to as breeding value) is predicted in genetic evaluations based on the 

common ancestors in the pedigree, or with the use of single nucleotide polymorphism 

markers. In dairy cattle, the assumption of additivity seems to work well for most 

production and conformation traits. However, low heritability, complex traits, such as 

fertility and reproduction have their breeding values still poorly predicted.  

As fertility and reproduction traits are added to national selection indices, the ability 

to accurately rank animals for these traits has become of increasing interest to producers 

and breeding companies. This is because the profitability of the dairy industry is based on 

the longevity of the producing animals, which is directly influenced by the cow’s ability to 

reproduce. The ability to accurately rank animals comes from predicting breeding values 

close to their true values. However, the accuracy of predicted breeding values currently 

achieved in genetic evaluations for fertility and reproduction traits is low (0.35-0.40), 

which suggests a substantial fraction of the genetic variance has yet to be captured.  

Genetic variance can be broken down into that due to additive, and non-additive 

genetic effects. The genetic effect is called additive when combining effects of the alleles 

at two or more loci is equal to the sum of their individual allele effects; whereas non-

additive genetic effects result from the interactions among alleles both within (dominance) 

and across (epistasis) gene loci. 

At the genotypic level, it is expected that fertility and reproduction traits are 

controlled by many genes, which have the potential to interact. While additive genetic 

effects often capture most of the genetic variation for economically important traits in 

livestock, it is believed that these potential interactions for fertility and reproduction traits 
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would contribute to an important non-additive genetic component. Yet, dairy cattle 

breeding programs worldwide ignore non-additive genetic effects for all economically 

important traits. 

Recent studies have shown that non-additive genetic effects can contribute as much 

information as additive genetic effects, and sometimes they contribute even more to total 

phenotypic variance than the additive component. Inclusion of non-additive genetic effects 

has also been shown to improve the prediction accuracy and reduce bias of predicted 

phenotypes. However, non-additive genetic effects are ignored in dairy cattle breeding 

programs due to data structure limitations, computational demands, and over-

parameterization of the model. Consequently, the impact of non-additive genetic effects on 

fertility and reproduction traits in dairy cattle is not well understood.  

The availability of genotypic information for cows from the 10,000 Cow Genome 

Project in Canada makes the estimation of non-additive genetic effects on fertility and 

reproduction traits more feasible. Thus, this thesis set out to explore whether it is possible 

to unravel additive and non-additive genetic effects for fertility and reproduction traits. It 

was hypothesized that the inclusion of non-additive genetic effects in the evaluation of 

fertility and reproduction traits would help to improve our understanding of the genetic 

architecture and control of fertility and reproduction traits in dairy cattle, and consequently 

improve the accuracy of predicting breeding values. 

 

RESEARCH AIMS AND OBJECTIVES 

The overall goal of this thesis was to improve our understanding of the genetic 

architecture and control of fertility and reproduction traits for potentially improving the 

accuracy of prediction of breeding values in Holstein cattle. This thesis combines classical 

quantitative genetic concepts for estimating non-additive genetic effects, with the modern 

developments and availability of genotypic information. The main objectives were to:  

1. Investigate the role of non-additive genetic effects on fertility and reproduction 

traits by estimating additive, epistatic, and dominance genetic variance 

components for Holstein cattle using pedigree and genomic relationship 

matrices; 
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2. Investigate the effect of covariance matrix construction on epistatic (additive 

by additive) genetic variance component estimation; 

3. Perform genomic predictions on fertility and reproduction traits in Holstein 

cattle to assess the impact of including genomic information, epistasis, and 

variants of the epistatic genomic relationship matrix on the reliability of and 

bias in model predictions; 

4. Identify the proportion of SNPs with marginal epistatic genetic effects for 

fertility and reproduction traits in Holsteins, and perform a modified genome-

wide association analysis to test the Holstein cow genome for associations with 

epistatic genetic effects on fertility and reproduction traits.  

 

THESIS STRUCTURE 

The following chapters investigate ways in which non-additive genetics effects 

could help to improve our understanding of fertility and reproduction traits in dairy cattle, 

aiming to improve accuracy of genetic evaluation for these traits.  

 Chapter 2 is a detailed review of the literature related to non-additive genetic 

effects. It provides information about the challenges associated with fertility and 

reproduction traits in the dairy industry. It defines the assumption of additivity vs. non-

additivity, and discusses some recent research which highlights the importance, challenges, 

and limitations associated with the statistical modelling of these biological effects.  

 Chapter 3 presents the genetic and genomic components of variance for the 

additive, epistatic, and dominance genetic effects for fertility and reproduction traits in 

Holstein cattle. It highlights the differences between using traditional pedigree-based 

BLUP and marker-based BLUP approaches to estimate non-additive genetic effects. It also 

describes some challenges and limitations to using these approaches.  

Chapter 4 investigates the effect of two previously published transformations to the 

Hadamard product operation of deriving the epistatic genomic relationship matrix on the 

estimation of genetic variance components. Here, we propose a third additional 

transformation to the epistatic matrix. We also explore the three types of SNP encoding on 



4 
 

the transformed matrices, and the effect of SNP encoding of epistatic genetic variance 

estimates.  

Chapter 5 investigates whether the inclusion of genomic information and epistatic 

genetic effects would increase the accuracy of prediction and reduce prediction bias for 

fertility and reproduction traits in Holstein cattle. We compare the effect of the four variants 

of the epistatic genomic relationship matrices proposed in Chapter 4 on the prediction 

accuracy and bias of the traits. Lastly, the effect of blending a polygenic effect during the 

construction of the epistatic genomic relationship matrix and its effect on the bias of the 

predicted adjusted phenotypes was explored.  

Chapter 6 attempts to identify genomic regions associated with significant epistatic 

effects which contribute to the genetic architecture and control of fertility and reproduction 

traits. Here, we use an R package to detect the proportion of SNPs with marginal epistatic 

genetic effects for fertility and reproduction traits. We also propose a novel technique for 

performing a genome-wide association study to test the Holstein cow genome for 

associations with epistatic genetic effects by substituting epistatic breeding values as 

pseudo-phenotypes.  

Chapter 7 presents an overall discussion of the results obtained in the previous 

chapters. This chapter also summarizes the future opportunities for the use of non-additive 

genetic effects in dairy cattle genetic evaluations.  
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CHAPTER 2 

Literature Review 

 

IMPORTANCE OF FERTILITY AND REPRODUCTION TRAITS TO THE DAIRY INDUSTRY 

Historically, dairy cattle breeding programs have focused primarily on milk 

production and cow conformation traits. It is believed that the stresses associated with high 

milk production are associated with the risk of reduced fertility and reproduction (Figure 

2.1; via Hansen, 2007). Fertility and reproduction traits are of considerable economic 

importance to the dairy cattle industry, as poor fertility is associated with higher veterinary 

costs, calf loss, and lower production of cows (Capitan et al. 2015). Thus, fertility and 

reproduction traits have gained significantly more economic importance over the last two 

decades (Chesnais et al. 2016).  

For a trait to be considered for selection in dairy cattle populations, it must have 

sufficiently large genetic variation, it should be clearly defined, measurable at a low cost, 

and consistently recorded (Miglior et al. 2017). However, fertility and reproduction traits 

are sex limited, have a low heritability, and are often difficult to measure. They are also 

dependent on a combination of direct effects of the cow, indirect effects of the bull, and 

management practices of the farmer (Miglior et al. 2017). For example, calving ease 

depends on the pelvic dimensions of the dam, as well as the sire effects from the size of 

the calf (Pausch et al. 2011). Despite the complexity of these traits, continuous 

measurements of indicator traits including the number of services required for conception, 

non-returns to first insemination, the interval from calving to first insemination, and 

calving interval, brought forth the opportunity to integrate fertility and reproduction into 

dairy cattle breeding programs worldwide (Miglior et al. 2017).  

In 2005, health and fertility traits were added to the Lifetime Performance Index 

(LPI) in Canada. Today, there is a relative emphasis on health and fertility traits in the LPI 

of 13.9% in Holsteins. The specific traits linked to reproduction are herd life (2.0% 

emphasis) and daughter fertility (6.7% emphasis) (Canadian Dairy Network, 2017). Since 

these traits were incorporated into the LPI in 2005, small improvements have been made. 
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However, the complexity of fertility and reproduction traits makes it difficult to achieve 

high genetic progress. 

THE ASSUMPTION OF ADDITIVITY 

The goal of selection in animal breeding programs is to improve economically 

important traits in the next generation (Ibtisham et al. 2017). A brilliant geneticist and 

statistician, Fisher, provided a conceptual framework of how to think about the inheritance 

of traits, which made it possible to apply concepts from Mendelian genetics to the selection 

of quantitative phenotypes. The model that Fisher proposed is that an infinite number of 

Mendelian factors (referred to as alleles) each make a small contribution to produce an 

overall phenotype. This model is additive, which means that the combined effect of all 

alleles is produced by summing up their individual allele effects.  

Selection in dairy cattle breeding took advantage of this assumption of additivity, 

which combined phenotypic and pedigree information of individuals and their relatives to 

generate estimated breeding values (EBVs) using the Best Linear Unbiased Predictor 

(BLUP) method proposed by Henderson (1984). EBVs for fertility traits are used as a 

selection criterion in attempts to reduce calving problems (Van Tassel et al. 2003; Freer, 

2008). The difficulty of using this method for the selection of fertility and reproduction 

traits arises from the low heritability (i.e. small additive genetic variance in proportion to 

a large phenotypic variance) reported for most of the considered traits.  

Genetic selection for fertility and reproduction traits is always associated with a 

large residual variance (e.g., Vitezica, Varona, and Legarra, 2013). Although this has been 

attributed to the large effect of environment, management, and low quality of the data 

(Miglior et al. 2017), it could also suggest that a substantial proportion of the genetic 

variation has yet to be captured.  
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NON-ADDITIVE GENETIC EFFECTS 

Together with the assumption of additivity, Fisher also added additional parameters 

to account for non-additive genetic effects. These parameters were, and still are, considered 

nuisance parameters which were included to account for anomalies in the model. These 

parameters were defined as ‘dominance’ - the interaction between two alleles at a locus, 

and ‘epistasis’- the interaction between two or more loci. As summarized by Wolak (2012), 

dominance and epistasis are expected to contribute substantially to variation in 

fitness  (Wright, 1929; Haldane, 1932; Fisher, 1958; Crnokrak and Roff, 1995; Merilä and 

Sheldon, 1999); and they may determine the extent to which additive genetic variance 

increases after bottlenecks (Cockerham and Tachida, 1988; Goodnight, 1988; Willis and 

Orr, 1993; Barton and Turelli, 2004). Epistasis can shape additive genetic effects and 

variances during processes such as mutation and selection  (Cockerham and Tachida, 

1988; Goodnight, 1988; Willis and Orr, 1993; Barton and Turelli, 2004), which has 

consequences for the evolution of sex and recombination  (Charlesworth, 1990). Epistasis 

also plays an integral part in speciation through the evolution of Dobzhansky-Muller 

incompatibilities (Crow and Kimura, 1970; Orr, 1995; Welch, 2004). The direction of 

genetic correlations between fitness-related traits may depend on the amount of dominance 

variance (Curtsinger, Service, and Prout, 1994; Roff, 1997; Merilä and Sheldon 1999); 

dominance potentially causes inbreeding depression or heterosis (Roff, 1997), especially 

in small populations of conservation concern  (Waldmann et al. 2008); and sex-linked 

dominance effects may play a role in the evolution of sexually dimorphic traits (Fairbairn 

and Roff, 2006).  

While many geneticists agree that these non-additive genetic effects exist, they do 

not agree on how common and influential the phenomenon is, and whether it needs to be 

considered in genetic studies (e.g., Hill, Goddard, and Visscher, 2008 vs. Huang et al. 

2012). Modelling non-additive genetic effects explicitly might be required for the proper 

estimation of breeding values (BVs) and correct ranking of candidate parents for the next 

generation (Morota et al. 2014). However, dominance and epistasis are still ignored in 

animal breeding programs worldwide, as the assumption of additivity seems to work well 

enough for most traits. 

http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b40
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b16
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b10
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b6
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b23
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b23
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b5
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b14
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b39
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b39
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b1
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b5
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b5
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b14
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b39
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b1
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b4
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b7
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b29
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b8
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b32
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b23
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b32
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b37
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b9
http://onlinelibrary.wiley.com/doi/10.1111/j.2041-210X.2012.00213.x/full#b9
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MODERN DEVELOPMENTS TO DAIRY CATTLE BREEDING PROGRAMS 

The introduction of genomic selection (GS) proposed by Meuwissen, Hayes, and 

Goddard (2001) into modern breeding schemes has revolutionized the dairy industry 

(Ibtisham et al. 2017). Genomic estimated breeding values (GEBV) can now be predicted 

for young animals without phenotypes, with accuracies as high as 90% for production and 

conformation traits. GEBVs are calculated as the sum of effects of dense markers evenly 

distributed across the entire genome, which emulates the assumption of additivity 

originally applied in traditional evaluations. Thus, the power of GS has made exceptional 

changes to the genetic progress achieved in production and conformation traits (Brito et al. 

2017).  

The development of GS has also slightly improved the efficiency of selection for 

sex-limited (eg., milk yield), low heritable and hard to measure (eg., fertility) traits (Brito 

et al. 2017; Ibtisham et al. 2017). However, the moderate accuracy of selection achieved 

in fertility and reproduction traits (0.35-0.40) suggests that a substantial proportion of the 

genetic variation is not being captured in genomic evaluations. The low accuracy of 

selection achieved in fertility and reproduction traits offers an opportunity for us to 

investigate and re-evaluate our current prediction methods. It is hypothesized that a 

substantial amount of the missing variation in fertility and reproduction may be attributable 

to non-additive genetic effects, and inclusion of non-additive genetic effects would 

improve the accuracy of genetic evaluations.  

INCORPORATING NON-ADDITIVE GENETIC EFFECTS INTO GENETIC EVALUATIONS 

In theory, non-additive genetic effects are of little relevance in GS because selection 

acts additively (Aliloo et al. 2016). However, recent research suggests that if additive and 

non-additive genetic effects are considered together, analyses may yield higher statistical 

power for partitioning components of variance for complex traits in most livestock species 

(Bolormaa et al. 2015; Lopes et al. 2015; Su et al. 2012). Bolormaa et al. (2015) found 

dominance effects to be important in growth, carcass, and fertility traits in beef cattle.  

Lopes et al. (2015) found dominance effects to play an important role in number of teats in 

pigs. Su et al. (2012) estimated dominance variance and epistatic variance accounted for 

5.6% and 9.5% of the total phenotypic variance of daily gain in pigs, respectively.  
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Hoeschele and VanRaden (1991) also reported that the ratios of dominance 

variance to additive genetic variance were 118% and 161%, and the ratios of epistatic 

variance to additive genetic variance were 59% and 2% for days open and service period 

in US Holstein, respectively. Palucci et al. (2007) reported that the non-additive genetic 

effects were in general as large, or greater than the additive genetic variance for fertility 

traits in Canadian Holsteins.  

Studies have also shown that the inclusion of non-additive genetic effects in GS can 

increase reliability and reduce bias of predicted GEBV. Esfandyari et al. (2016) found that 

including both additive and dominance genetic effects in the analysis of litter size in 

Landrace and Yorkshire pigs improved prediction accuracy and reduced the biasedness of 

genomic predictions for all lines. Su et al. (2012) found that by including dominance and 

epistatic effects in the model for average daily gain in pigs, reliabilities in genomic 

predicted breeding values for animals without performance records increased by 1%.  

Yet, studies in cattle (Aliloo et al. 2016) have shown that including dominance 

and/or epistasis in the model was not consistently advantageous. There is limited 

information available about the possibility of non-additive effects improving the prediction 

of phenotypic responses (Nazarian and Gezan, 2016). These inconsistencies may indicate 

the difficulty to disentangle additive and non-additive genetic components.  

Recently, non-additive genetic effects have also been proposed as a main factor 

explaining the missing heritability (i.e., the proportion of heritability not explained by the 

top associated variants from genome-wide association studies, GWAS) (Eichler et al. 

2010; Visscher et al. 2012). However, only a few studies have performed GWAS to detect 

non-additive genetic effects in fertility and reproduction traits in cattle.  

Aliloo et al. (2015) is one study found which performed a genome scan with 

408,255 markers to try to identify chromosomal regions associated with additive, 

dominance, and epistatic variability in milk yield and calving interval. A number of 

significant epistatic effects for milk yield on Bos Taurus autosomes (BTA) 14 were found 

in Holsteins and Jerseys. However, these effects were likely to be associated with the 

mutation in the diacylglycerol O-acyltransferase 1 (DGAT1) gene, as the associations were 

gone when the additive effect for the DGAT1 mutation was included in the epistatic model. 
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They also found significant genomic regions with suggestive dominance effects for milk 

yield (BTA2, 3, 5, 26 and 27) and for fertility (BTA1, 2, 3, 7, 23, 25 and 28).  

Studies in other livestock species, such as beef cattle and pigs, have mapped non-

additive genetic effects to fertility traits including percentage of normal sperm at the age 

of 24 months, age at first detected corpus luteum, post partum anoestrus interval (Bolormaa 

et al. 2015), number of piglets born alive, litter size, and number of teats (Coster et al. 

2012; Lopes et al. 2015). Bolormaa et al. (2015) validated many significant dominance 

effects for growth and fertility traits in beef cattle at individual SNPs in a GWAS.  

Often the researchers comment that applying the estimates of non-additive genetic 

effects has not been widely used in livestock breeding because it is difficult to estimate 

these effects accurately, and most genetic evaluation systems aim to estimate additive 

genetic effects (ie, BVs) (Lopes et al. 2015; Bolormaa et al. 2015). However, the 

availability of cow phenotypes and genotypes in Canada represents a new opportunity to 

estimate non-additive genetic effects for fertility traits in Holstein dairy cattle.  

CHALLENGES TO ESTIMATING NON-ADDITIVE GENETIC EFFECTS 

It is possible to exploit individual genetic differences due to non-additive genetic 

effects by designing breeding programs that maximize favorable allelic combinations 

(Muñoz et al. 2014). However, identifying these differences depends on the ability to 

dissect the additive and non-additive genetic effects of the trait at a causal level. Under 

idealized conditions, such as random mating, lack of mutation, and lack of selection 

pressure (Gianola and de los Campos, 2008; Hill, 2010), additive and non-additive genetic 

effects are orthogonal. However, in breeding populations these genetic values are often 

confounded (Lynch and Walsh, 1998; Hill, 2010; Muñoz et al. 2014), where a proportion 

of variance due to the interaction of alleles can manifest as additive genetic variance (Hill, 

Goddard, and Visscher, 2008). Thus, ignoring non-additive genetic effects inflates the 

estimate of additive genetic variance. Overestimation of additive genetic variance is a 

problem in breeding programs as it inflates the BV, resulting in exaggerated expected 

genetic gains. 
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To separate additive and non-additive genetic effects, data structure plays an 

important role. Separating additive and non-additive effects requires a mating design with 

a large number of close, full sib relatives (Muñoz et al. 2014). Van Tassell, Wiggans, and 

Misztal (2000) suggested a minimum of 20% full sibs in the population to be successful in 

estimating non-additive genetic variation. Due to operational or biological constraints, it 

can be difficult to generate large full-sib families (Baltunis et al. 2009; Muñoz et al. 2014). 

Su et al. (2012) also mentioned that having full relationship information over multiple 

generations may help to decrease the confounding of additive and non-additive effects. 

Thus, inaccurate pedigree information can also be a limiting factor. Lastly, incomplete 

specification of the model (e.g., due to the lack of power to estimate some effects) has also 

been addressed as a limitation to modelling non-additive genetic effects (Tenesa and Haley, 

2013). Despite the challenges associated with estimating these effects, the availability of 

genotypic information for heifers and cows makes the estimation of non-additive genetic 

effects more feasible.  

CONCLUSIONS 

In conclusion, the dairy industry has begun to shift their focus towards novel traits, 

such as fertility and reproduction traits, which have a direct impact on the longevity of the 

producing animal. Thus, it is important to continue enhancing our understanding of the 

genetic architecture and control of these traits. One approach is to investigate the impact 

of including dominance and epistatic genetic effects in genetic evaluations, as the impact 

of these effects on fertility and reproduction traits in Canadian Holstein cattle is not well 

understood.  

Dominance and epistasis have been shown to be important from an evolutionary 

perspective, and because of their role in the selection response (Hansen, 2013). Therefore, 

it is expected that separating additive and non-additive genetic components would lead to 

a finer dissection of the genetic architecture of fertility and reproduction traits. 

Understanding the genetic architecture of these traits could have an impact on the future 

design and implementation of breeding strategies in the dairy industry.  
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FIGURE 

 

 

 

Figure 2.1: Trends in milk yield (●) and daughter pregnancy rate (○) for US Holsteins. 

Data are from USDA-ARS Animal Improvement Programs Laboratory, February 2007. 

Figure accredited to Hansen (2007).  
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ABSTRACT 

Non-additive genetic effects are usually ignored in animal breeding programs due 

to data structure (e.g. incomplete pedigree), computational limitations, and over-

parameterization of the models. However, non-additive genetic effects may play an 

important role in the expression of complex traits in livestock species, such as fertility and 

reproduction traits. In this study, components of genetic variance for additive and non-

additive genetic effects were estimated for a variety of fertility and reproduction traits in 

Canadian Holstein cattle using pedigree and genomic relationship matrices. Four linear 

models were used: 1) additive genetic model; 2) a model including both additive and 

epistatic (additive by additive) genetic effects; 3) a model including both additive and 

dominance effects; and, 4) a full model including additive, epistatic, and dominance genetic 

effects. Nine fertility and reproduction traits were analyzed, and models were run 

separately for heifers (N = 5,825) and cows (N = 6,090). For some traits, a larger proportion 

of phenotypic variance was explained by non-additive genetic effects than by additive 

effects, indicating that epistasis, dominance, or a combination thereof, are important. 

Epistatic genetic effects contributed more to the total phenotypic variance than dominance 

genetic effects. Although these models varied considerably in the partitioning of the 

components of genetic variance, the models including a non-additive genetic effect did not 
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show a clear advantage over the additive model based on likelihood ratio tests. The 

partitioning of variance components resulted in a re-ranking of animals based solely on the 

animals’ additive genetic effects between models, indicating that adjusting for non-additive 

genetic effects could affect selection decisions made in dairy cattle breeding programs. 

These results suggest that non-additive genetic effects play an important role in some 

fertility and reproduction traits in Canadian Holstein cattle.  

 

INTRODUCTION 

Genomic selection (GS) has revolutionized modern breeding schemes and has 

contributed substantially to the increased accuracy of breeding values (BV) especially for 

young individuals. Consequently, a reduced generation interval and increased genetic 

progress for traits of interest (Sun et al. 2014) compared to traditional evaluation methods 

have been observed since the large-scale adoption of GS in routine dairy cattle breeding 

programs (VanRaden, 2008). However, relatively few studies have focused on estimating 

non-additive genetic effects. Non-additive genetic effects have been ignored due to 

incomplete pedigrees, computational limitations, requirement of individual phenotypes 

(i.e., Estimated Breeding Values (EBV’s) cannot be used as pseudo phenotypes), and 

because selection acts additively (Aliloo et al. 2016). Nevertheless, it is suggested that 

estimating non-additive genetic effects (epistatic and dominance effects) could improve 

the accuracy of genomic selection in complex traits (Sun et al. 2014; Ober et al. 2015; 

Nazarian and Gezan, 2016).   

Fertility and reproduction traits are complex traits that are fundamental in dairy 

breeding. However, the low heritability and low accuracy of selection associated with these 

traits makes it difficult to achieve high rates of genetic progress in them. The availability 

of genomic information for cows enables the investigation of the role of non-additive 

genetic effects on fertility and reproduction traits in Canadian dairy cattle. 

Aliloo et al. (2016) reported dominance variation for fertility traits to be 1.2% in 

Holstein, and also observed that the accuracy of prediction of phenotypes was slightly 

increased by including dominance effects in genomic evaluation models. Sun et al. (2014) 
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reported an estimate of 5 to 7% for dominance variance ratio (
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) in milk production 

of Holsteins, and found that the model that accounted for both additive and dominance 

effects fit the data better compared to the model that accounted solely for additive effects. 

The model that included additive and dominance effects also resulted in a higher prediction 

accuracy (Sun et al. 2014).  

One of the most important consequences of ignoring non-additive genetic effects is 

the biased evaluation of individuals, and subsequently, incorrect rankings based on EBVs 

(Aliloo et al. 2016). Aliloo et al. (2016) used Spearman’s rank correlations to compare the 

rank of animals calculated using a model with only an additive genetic effect, to a model 

in which animals were ranked on total genetic value. They found correlations between the 

rank of animals to be lower than 1.0 (≥ 0.8), suggesting a slight re-ranking of animals 

would occur, especially among the top animals (Aliloo et al. 2016).  If the contribution of 

non-additive genetic effects to the total phenotypic variance is significant, including non-

additive genetic effects in genetic evaluation models could improve EBVs (additive 

effects) and lead to better selection decisions (Aliloo et al. 2016).  

The range of estimated contributions of non-additive genetic variance to total 

genetic variance differs across studies (Aliloo et al. 2016; Ertl et al. 2014; Nishio and Satoh 

et al. 2014; Su et al. 2012; Sun et al. 2014). Inconsistencies may be explained by trait 

definitions, the size of the dataset used in the analyses, estimation of non-additive genetic 

relationships between individuals (using pedigree or genomic information), the models 

used to estimate yield deviations, pre-selection of genotyped animals, breed and population 

specific differences, and confounding between additive and dominance variances 

(Vitezica, Varona, and Legarra, 2013). 

 The objective of this study was to investigate the role of non-additive effects on 

fertility and reproduction traits by estimating additive, epistatic, and dominance genetic 

variance components for Holstein cattle using pedigree and genomic relationship matrices. 
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MATERIALS AND METHODS 

Data  

Phenotypes. Phenotype data from animals born from 1953 to 2015 were obtained 

from the Canadian Dairy Network (CDN, Guelph, Ontario, Canada). The initial dataset 

consisted of 1,815,584 records and contained information on the animals’ date of birth, 

region (defined by province), calving information, first insemination, service sire, 

technician of first insemination, sex of the calf, number of services, and a variety of fertility 

and reproduction traits. The traits included in this study were: age at first insemination 

measured in days (AFS); days from calving to first insemination (CTFS); first 

insemination 56 d non-return rate (NRR), used as an early indication of conception rate; 

numbers of services (NS); days from first insemination to conception (FSTC); gestation 

length (GL), measured as an interval from the last insemination to the subsequent calving; 

calving ease (CE), scored from 1 to 4, with 1 corresponding to unassisted calving and a 

higher value indicating more difficult calving; stillbirth (SB), defined as 0 (dead calf) or 1 

(alive calf); and calf size (CZ), scored from 1 to 4 with a higher value indicating a larger 

calf. AFS was considered a heifer trait only, while CTFS was considered a cow trait only. 

Animals which had missing information when creating the fixed and random 

effects, and animals without genotypes were removed from the dataset. Thus, phenotype 

data for 6,617 females were analyzed in this study. Of those females, 5,825 had a heifer 

record and 6,090 had cow records. Of the heifers, 87% were also present in the cow data 

set.  Repeated records from later parities were removed. Data editing, normality testing and 

descriptive statistics were performed using SAS software version 9.2 (SAS Institute, Cary 

NC, 2011). Descriptive statistics and the distribution of records by parities are presented in 

Table 3.1.  

Pedigree. The pedigree of the 6,617 females used in the analyses consisted of 

156,869 animals, recorded for an average of 5.3 generations. Sire-by-dam combinations 

appearing more than once gave 8,982 full-sib families in the pedigree, with an average 

family size of 3 individuals. The pedigree was pruned at 8 generations and 5 generations, 

and variance component estimates were compared. The variance component estimates did 

not differ when 5 generations were used instead of 8 generations (data not shown). Thus, a 
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5-generation pedigree was used for the remainder of the analysis due to the computational 

demands of estimating non-additive genetic effects. The pedigree was analyzed using the 

software CFC (Sargolzaei, Iwaisaki, and Colleau, 2006). 

Genotypes. Genotypes were available for 40,417 animals: 33,568 males and 6,849 

females. Bulls were genotyped with the Illumina BovineSNP50 Chip (50K) (Illumina Inc., 

San Diego, CA), while cows were genotyped with 50K chip or with lower density and 

imputed to 50K using FImpute software (Sargolzaei, Chesnais, and Schenkel, 2014a). 

Single Nucleotide Polymorphisms (SNP) information for 45,187 SNP markers were 

available before editing. SNPs were excluded based on the following criteria: Minor allele 

frequency (MAF) less than 5% (3,558 SNPs removed), SNP call rate lower than 95% (zero 

SNPs removed), animal call rate lower than 95% (zero SNPs removed), Hardy Weinberg 

equilibrium (HWE) with P-value smaller than 10-5, heterozygosity higher than expected 

by > 0.15 points (772 SNPs removed). Genotyping quality control was performed using 

snp1101 (Sargolzaei, 2014b). After editing, the genotype data consisted of 40,874 SNPs 

for 6,617 females.  

 

Statistical Analysis 

Trait models. Single trait models for the traits evaluated in this study were adapted 

from Jamrozik et al. (2005). Fixed and random effects included in the models for each trait 

for heifers and cows are shown in Table 3.2. The fixed effects included in the models were: 

region by year of birth by month of birth (RYM); month of first inseminations (Mf); month 

of first insemination by sex of calf (MfX); age at current calving by month of current 

calving by sex of calf by parity (AcMcX); age at previous calving by month of first 

insemination by parity (ApMf); age at previous calving by month of previous calving by 

parity (ApMp); and ApMp by sex of calf (ApMpX). The random effects included in the 

models were: herd by year of birth (HY); artificial insemination technician (T); service sire 

(SS); sire of calf (SC); and animal additive genetic effect (A). HY was included in the 

model to account for contemporary group. Age classes were set up on a monthly scale. 

Four seasons of birth were defined as: December-February, March-June, July-September, 

and October-November. Sex of calf was coded in 3 categories: female, male and unknown 
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(unrecorded) sex. Residuals were assumed to be uncorrelated. Although NRR, CE, SB and 

CZ were recorded as categorical traits, they were analyzed by linear models. 

Environmental factors not included in the model were assumed to be the same for all 

records or contributed to the residual. The models` assumptions include:  

HY ~ N(0, 𝐈σhy 
2 ), T ~ N(0, 𝐈σt 

2), ss ~ N(0, 𝐀𝐬𝐬σss 
2 ), sc ~ N(0, 𝐀𝐬𝐜σsc 

2 ), a ~ N(0, 𝐀σa 
2 ), and   

e ~ N(0, 𝐈σe 
2 ), where σhy 

2 is the herd year variance, σt 
2 is the AI technician variance, σss 

2  is 

the service sire variance, σsc 
2 is the sire of calf variance, σa 

2 is the additive genetic variance, 

σe 
2  is the residual variance, 𝐈 is an identity matrix, and 𝐀𝐬𝐬, 𝐀𝐬𝐜, and 𝐀 are additive genetic 

relationship matrices for their respective effects and traced back five generations.  

Estimating non-additive genetic effects. Four linear animal models including or 

omitting epistatic genetic effects (additive by additive), dominance genetic effects, or a 

combination thereof, were used for univariate analyses on all nine traits. The random 

effects (epistatic and dominance genetic effects) were entered one by one to determine their 

effects on variance component estimation for each trait. The random genetic effects in the 

models were described as:  

 

Model 1: Animal model with only an additive genetic effect: 

𝐲 = 𝐗𝛃 +  𝐙𝐚𝐚 + 𝐞  (MA), 

Model 2: Animal model with an additive genetic effect and epistatic genetic effect: 

𝐲 = 𝐗𝛃 +  𝐙𝐚𝐚 +  𝐙𝐢𝐢 + 𝐞  (MAE), 

Model 3: Animal model with an additive genetic effect and dominance genetic effect:     

𝐲 = 𝐗𝛃 +  𝐙𝐚𝐚 +  𝐙𝐝𝐝 + 𝐞  (MAD), 

Model 4: Animal model with an additive genetic effect, dominance genetic effect, and 

epistatic genetic effect: 

𝐲 = 𝐗𝛃 +  𝐙𝐚𝐚 + 𝐙𝐢𝐢 +  𝐙𝐝𝐝 +  𝐞  (MAED), 
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where y is a vector of measurements for AFS, NRR, NS, FSTC, CTFS, GL, CE, SB, or 

CZ; 𝛃 is a vector of systematic effects, including fixed effects of RYM, Mf, MfX, AcMcX, 

ApMf, ApMp, and/or ApMpX, depending on the trait; 𝐚 is a vector of random animal 

additive genetic effects; 𝐢 is a vector of random epistatic genetic effects (additive by 

additive); 𝐝 is a vector of random dominance genetic effects; e is a vector of random 

residuals; and 𝐗, 𝐙𝐚, 𝐙𝐢, and 𝐙𝐝 are the corresponding incidence matrices. Assumptions for 

the additive genetic effects are above, and assumptions for the epistatic and dominance 

genetic effects include: 𝐢 ~ N(𝟎, 𝐀𝐚𝐚σaa 
2 ) and 𝐝 ~ N(𝟎, 𝐃σd 

2 ); where σaa 
2 is the epistatic 

variance, σd 
2 is the dominance variance, and 𝐀𝐚𝐚 and 𝐃 are the epistatic and dominance 

genetic relationship matrices, respectively. All models were fitted using the restricted 

maximum likelihood (REML) procedure as implemented in ASReml 3.0 (Gilmour et al. 

2009).  

 

Relationship Matrices  

Additive, epistatic, and dominance relationship matrices can be constructed based 

on pedigree or genome-wide marker information. However, genomic relationship matrices 

have the advantage of capturing both Mendelian segregation and the genetic links through 

unknown common ancestors, which are usually not available in the known pedigree (Su et 

al. 2012). Components of genetic variance for additive, epistatic, and dominance genetic 

effects were estimated using pedigree information and genome-wide markers.  

 

Additive Matrix  

Pedigree. The additive genetic relationship matrix (𝐀𝐏) is a discrete matrix, 

computed using the Tabular method (Henderson, 1976). The additive genetic relationship 

matrix was calculated using the makeA function of the R package “nadiv” (Wolak, 2012), 

with R software version 3.1.3 (R Core Team, 2015). 

Genotypes. The additive genomic relationship matrix (𝐀𝐆) was based on SNP 

marker information, which is expected to be more precise than the additive relationship 

matrix (𝐀𝐏), as it is based on realized genomic relationships, not expected relationships 
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based on pedigree information. AG was created in snp1101 according to the VanRaden 

method (Sargolzaei, 2014b; VanRaden, 2008).  Briefly, 𝐀𝐆 =
𝐙𝐙′

∑ 2piqi
 , where the elements 

of 𝐙 are equal to −2pi, qi − pi , and 2qi for aa, Aa and AA genotypes, respectively; pi and 

qi are the allele frequencies of “A” and “a” alleles at marker i in the population. 

 

Epistatic Matrix  

The epistatic relationship matrix (additive by additive) was derived from the 

additive relationship matrices according to Su et al. (2012).  𝐀𝐚𝐚  is 𝐀 ⊗ 𝐀, where 𝐀𝐚𝐚 is 

the epistatic relationship matrix, 𝐀 is the additive relationship matrix either based on 

pedigree information or based on SNP marker information, and ⊗ is the direct product 

(Hadamard product operation) of the matrices. 

 

Dominance Matrix  

Pedigree. The dominance relationship matrix from pedigree information (𝐃𝐏) was 

created using the makeD function of the R package “nadiv” (Wolak, 2012) in R software 

version 3.1.3 (R Core Team, 2015). This function uses the coefficient of fraternity to 

compute 𝐃𝐏. The coefficient of fraternity, Δij, is the probability that single-locus genotypes 

(both alleles) of animals i and j are identical by descent (IBD) (Lynch and Walsh, 1998). 

The coefficient of fraternity is commonly derived from the coefficients of co-ancestry, θij, 

defined as the probability that randomly chosen alleles from individuals i and j are IBD. 

Thus, the coefficient of fraternity was defined as: Δij= θmi mj
θfi fj

 + θmi fj
θfi mj

 (Lynch and 

Walsh, 1998). This formula is based on the logic that there are two ways by which a 

genotype of i can be IBD with that of j: (1) allele descending from the mother of animal i 

(mi) may be IBD with that descending from the mother of animal j (mj) and that the allele 

descending from the father of i (fi) is IBD with that from the father of j (fj), or (2) the allele 

from mi may be IBD with that from fj, and that from fi may be IBD with that from mj. This 

formula is an approximation, as it assumes that the four probabilities are independent of 

each other as described by Ovaskainen, Cano, and Merilä (2008). Thus, assumptions such 

as no inbreeding (de Boer and van Arendonk, 1992), and ignoring dominance connections 
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through grandparents must be made for computational tractability (Misztal, Lawlor, and 

Gengler, 1997). 

Genotypes. The dominance genomic relationship matrix (𝐃𝐆) was derived according 

to Su et al. (2012). The matrix was created using the cgrm.D function of the package 

“cpgen” (Heuer, 2015), using R software version 3.1.3 (R Core Team, 2015).  The 

dominance genomic relationship matrix is 𝐃𝐆 =
𝐌𝐌′

∑(2piqi)(1−2piqi)
. For 𝐃𝐆, aa, Aa and AA 

genotypes in M were respectively re-coded as −2piqi, 1 − 2piqi, and −2piqi. This leads 

to the expectation of an off-diagonal element of zero for two unrelated animals, and a 

diagonal element of one for a non-inbred animal (Su et al. 2012). The 𝐃𝐆 matrix, a realized 

dominance relationship matrix, is analogous to the pedigree-based numerator dominance 

relationship matrix. Coding the genotypes in this way estimates pure additive and 

dominance effects which are non-orthogonal to each other and are more in line with the 

biological definition of such effects (Nazarian and Gezan, 2016).  

 

Model Comparison  

Akaike Information Criterion (AIC). AIC was used to compare models as it 

penalizes the likelihood based on the number of parameter estimates (Akaike, 1974). This 

is a relative measure, and the model with the lowest AIC is generally preferred. 

Likelihood Ratio Test (LRT). Goodness of fit for each model was evaluated using 

the Log likelihood (logL) value. LRT was used to determine the superiority of the full 

model compared to a reduced model, under a null model with a 50/50 mixture of two Chi-

square distributions, one with degrees of freedom (df) equal to the difference in number of 

random effects, and another with 0 df (Self and Liang, 1987; Su et al. 2012; Aliloo et al. 

2016). The LRT statistic was computed using the model: 𝐿𝑅𝑇 = −2 (𝑙𝑜𝑔𝐿𝑟𝑒𝑑𝑢𝑐𝑒𝑑 −

 𝑙𝑜𝑔𝐿𝑓𝑢𝑙𝑙). 

Rank. To evaluate the effect of including non-additive genetic effects in the 

models, animals were ranked based on their EBVs from: 1) the model including only 

additive genetic effects (MA), and 2) the full model (MAED) for traits with P ≤ 0.05 

according to likelihood ratio test. Comparisons were made between all of the cows, and 
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then the top 80%, 20%, 10% and 5% of cows as a generalization of the selection 

differentials in a four-path selection program (dam of dam, sire of dam, dam of sire, and 

sire of sire, respectively). Spearman’s rank formula is: 𝑅 =  
𝑐𝑜𝑣(𝑟𝑎𝑛𝑘1,𝑟𝑎𝑛𝑘2)

√𝑣𝑎𝑟(𝑟𝑎𝑛𝑘1)∗√𝑣𝑎𝑟(𝑟𝑎𝑛𝑘2)
 , where 

𝑅 is the correlation coefficient, 𝑟𝑎𝑛𝑘1 is the rank of EBV’s from MA; 𝑟𝑎𝑛𝑘2 is the rank 

of EBV’s from MAED; 𝑐𝑜𝑣 is the covariance between the ranks; and 𝑣𝑎𝑟 is the variance. 

This formula is used when accounting for the possibility of ties in ranking.  

Estimation error correlations.  A difficulty when estimating non-additive genetic 

variances is that the additive covariance between relatives is highly confounded with other 

similarities between relatives, not caused by non-additive genetic effects (e.g. full siblings 

display similar phenotypes because of  maternal and environmental effects; Wolak, 2012). 

An output parameter from ASReml (.vvp) contains the estimation error (co)variances 

among the variance component estimates derived from the “Average Information” matrix 

in animal models that utilize the Average Information algorithm (Gilmour et al. 2009) to 

obtain REML parameter estimates (Wolak, 2012). Estimation error correlations (𝑟) were 

calculated using these (co)variances to assess the dependency of the additive and non-

additive genetic variance components in the full model (MAED) among traits with P ≤ 

0.05 based on LRT. The estimation error correlation was calculated as: 𝑟 =
𝑐𝑜𝑣(𝑥,𝑦)

√𝑣𝑎𝑟(𝑥)∗𝑣𝑎𝑟(𝑦)
 

where 𝑟 is the estimation error correlation, 𝑐𝑜𝑣(𝑥, 𝑦) is the estimation error covariance 

between random genetic effect 𝑥 and random genetic effect 𝑦, 𝑣𝑎𝑟(𝑥) is the estimation 

error variance of random genetic effect  𝑥, and 𝑣𝑎𝑟(𝑦) is the estimation error variance of 

random genetic effect 𝑦.   

 

RESULTS 

Variance Component Estimation 

Variance proportions. Estimates of additive genetic variance, epistatic genetic 

variance, and dominance genetic variance differed significantly among traits and models. 

Tables 3.3 and 3.4 report variance proportions for the genetic effects for heifer traits using 

pedigree and genomic information, respectively. Tables 3.5 and 3.6 report variance 

proportions for the genetic effects for cow traits using pedigree and genomic information, 
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respectively. In general, the proportion of phenotypic variance due to epistasis was larger 

than the proportion of variance due to dominance across all of the fertility and reproduction 

traits in both heifers and cows. Incorporating non-additive genetic effects into the models 

reduced the proportion of phenotypic variance due to additive genetic effects for most 

traits. Epistatic variance explained between 1.2 to 34% of the total phenotypic variance for 

fertility and reproduction traits, and dominance variance explained between 0.8 to 46% 

depending on the trait. Standard errors were often large when estimating non-additive 

genetic effects, especially when using pedigree relationship matrices.  

Heritability estimates. Narrow-sense heritability was calculated by finding the ratio 

of additive genetic variance to total phenotypic variance from the models using either 

pedigree relationship matrices (𝐀𝐏) or genomic relationship matrices (𝐀𝑮). Heritabilities 

were often higher when using 𝐀𝐏 as compared to 𝐀𝑮. The heritabilities are listed in Table 

3.3 – Table 3.6 under “A”.  

 

Comparison of Models  

Goodness of fit. AIC and LRT for the pedigree and genomic models are reported 

in Tables 3.7 and 3.8 for heifers and Tables 3.9 and 3.10 for cows, respectively. For most 

traits, the logL value was higher for MAED than for the other three models, suggesting that 

models with epistasis and dominance genetic effects fit the data better. However, for most 

traits including a non-additive genetic effect showed no clear advantage based on LRT. 

LRT was significant when using genomic relationship matrices for FSTC, CE, and SB, in 

heifers and GL in cows compared to MA and MAD but not for MAE. The best model for 

heifer and cow traits according to AIC was not always in agreement with the conclusions 

from LRT criterion.  

Rank. When all animals were ranked using their EBVs obtained from MA and 

MAED, rank correlations (𝑅) were almost always greater than 0.9. However, 𝑅 decreased 

when focusing on a smaller proportion of the top-ranking animals (>0.8) (Table 3.11).  
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Estimation error correlations. The estimation error correlations (𝑟) between the 

random genetic effects were often high and negative (|𝑟| = 0.03 – 1; see Supplementary 

Material, Table 3.S1).  

DISCUSSION 

The use of pedigree and SNP-marker-based models to separate additive from non-

additive genetic variances for fertility and reproduction traits in Canadian Holstein cattle 

was assessed. The genomic relationship matrices in this study were constructed using the 

centered approach as described by VanRaden (2008) and Su et al. (2012). By centering the 

matrices, the matrices have the properties that the expectation of an off-diagonal element 

is zero for two unrelated individuals, and the diagonal element is one for a non-inbred 

individual (Su et al. 2012). This method is useful as it makes the genomic relationship 

matrices analogous to the pedigree-based numerator relationship matrices, allowing for a 

direct comparison of genomic based estimates of variance components with the pedigree-

based counterparts.  

While the proportion of non-additive genetic effects relative to phenotypic variance 

was large for several of the fertility and reproduction traits, the estimates differed between 

pedigree models and the marker-based counterparts. These differences indicate that the two 

approaches are distinct in their ability to properly partition the genetic variance into its 

various components, as also found by Muñoz et al. (2014) and Lopes et al. (2015). These 

differences could arise from the fact that pedigree-based BLUP (P-BLUP) estimates the 

expected fraction of shared alleles assuming the infinitesimal model, whereas marker-

based BLUP (G-BLUP) identifies, with a high degree of certainty, the actual fraction of 

allele sharing (Muñoz et al. 2014). Thus, the deviations observed between the two methods 

(P-BLUP vs G-BLUP) could be the result of Mendelian sampling.  

Several studies have aimed at partitioning non-additive genetic effects using 

pedigree information, and found that the variance components due to non-additive genetic 

effects are often small (Baltunis et al. 2007; Araújo, Borralho, and Dehon, 2012; Muñoz 

et al. 2014). Contrary to what has been commonly observed in other complex traits, non-

additive genetic effects estimated from pedigree information in this study represented a 

moderate proportion of the total phenotypic variance for several of the fertility and 



30 
 

reproduction traits examined. However, these estimates also had large standard errors, 

especially for the estimates of dominance effects. A large standard error for dominance 

estimates was also found by Vitezica, Varona, and Legarra (2013), which illustrates the 

difficulties in obtaining a good estimate of dominance variance from pedigree information.  

In P-BLUP, the additive genetic variance was often higher than the estimates 

achieved from G-BLUP. This finding suggests that non-additive genetic effects can 

manifest themselves as additive genetic effects and, therefore, non-additive genetic effects 

are more efficiently partitioned using genetic marker information. The use of matrices 

derived from markers has been related to a better capacity to separate random effects in a 

model (Lee et al. 2010; Muñoz et al. 2014). Thus, using genomic information to estimate 

the proportion of variance due to non-additive genetic effects resulted in an increase in the 

precision of estimates. Evidence from several other studies indicate that G-BLUP based on 

𝐀𝐆 yields more accurate predictions of breeding values (BVs) and of future phenotypes 

compared to its pedigree-based counterpart, 𝐀𝐏 (VanRaden, 2008; Muñoz et al. 2013; 

Vitezica, Varona, and Legarra, 2013), and this study suggests that it also leads to a finer 

dissection of genetic components from phenotypic data. The models which included non-

additive genetic effects for most of the traits indicated that epistasis, dominance, or a 

combination thereof, are as important as additive effects, and sometimes much larger than 

the contribution of the additive effects.  

The significant differences among models according to AIC and LRT varied. Thus, 

there was no clear advantage of one model relative to the others for all the traits. Although 

including non-additive genetic effects in the model did not demonstrate a clear advantage 

when testing goodness of fit, the models did vary considerably in their partitioning of the 

genetic variance components. Muñoz et al. (2014) and Aliloo et al. (2016) also found that 

including non-additive genetic effects was not consistently advantageous in the fit of the 

models. This is not surprising, as the additive genetic effect captures part of the epistasis 

and dominance effects, thus the additive model should not differ substantially when non-

additive genetic effects are omitted (Falconer and Mackay, 1996, Muñoz et al. 2014). 

Regardless, the partitioning of the various components into epistasis and dominance effects 
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not only changes our understanding of the control of these complex traits, but also the 

ranking of the animals based on estimated BVs.  

Spearman’s rank correlation was generally high (> 0.90) for most traits. However, 

the correlation decreased when looking at a smaller proportion of the top-ranking animals 

(Table 3.11). Therefore, there is a likely bias in the estimated breeding value when only 

the additive genetic effect is included in the model, and subsequently leads to an incorrect 

ranking of the animals. This finding suggests that considering non-additive genetic effects 

could be an important aspect of BV estimation.  

Although it may be impractical to select for non-additive genetic effects as only 

one quarter of the epistatic effects and zero of the dominance effects are passed through 

generations (compared to one half of the additive genetic counterpart), understanding the 

genetic architecture and their control of a trait would allow breeders to adjust for non-

additive genetic effects. Adjusting for significant non-additive genetic effects should result 

in more accurate BVs, and thus help to better identify highly performing individuals and 

those which should be culled. Adjusting for non-additive genetic effects can be expected 

to improve the overall performance of the herd, optimizing breeding programs by selecting 

animals for favorable allele combinations (Muñoz et al. 2014; Aliloo et al. 2016).  

The dependency among random effects was also assessed to identify the best model 

by calculating estimation error correlations among genetic variance component estimates 

(Wolak, 2012). As described by Muñoz et al. (2014), the best dissection of the variance 

components occurs when estimates of variance components are uncorrelated. In models 

that included additive, epistatic, and dominance effects (MAED), the correlation matrices 

indicate a large, negative estimation error correlation between additive and epistatic 

variances, and additive and dominance variances. These correlations indicate that the 

additive and non-additive genetic effects are confounded, providing evidence to the 

difficulties associated with dissecting additive and non-additive genetic effects. For 

example, correlations of -0.95 between A and E for FSTC indicate no statistical power to 

separate the two. This is, in part, due to the fact that additive and non-additive genetic 

components are not typically independent in breeding populations (Muñoz et al. 2014). In 
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this case, when the model increases the estimate of the A variance, it does so by taking it 

directly from the I variance, and vice versa (Personal Communication, Wolak, M., 2017).  

When estimating non-additive genetic variances using G-BLUP, the assumption 

that all SNPs are normally distributed with equal variance is made, which may not be 

satisfactory for a trait where few markers have large effect, while most markers have null 

effect or very small effect (not the case for the majority of economically important traits in 

livestock species). The G-BLUP approach may not be optimal, but it is a simple and 

feasible approach for estimating additive and non-additive variances and predicting 

genomic breeding values (Su et al. 2012). Another limitation in estimating non-additive 

genetic effects is that for a high number of markers, the number of potential interactions 

becomes unreasonably high, and evaluating all of these interactions is unpractical. A 

genome-wide association study (GWAS) will be performed to gain a better understanding 

of the relationship between these complex traits and non-additive genetic effects.   

Another limitation in estimating non-additive genetic effects may arise from the 

application of linear models to analyze categorical traits. To use linear models to analyze 

categorical traits, an underlying normal distributed liability must be assumed (Ojango et 

al. 2011). Linear models are used because of the ease of implementation, however 

Fernando, Billingsley, and Gianola (1983) indicated that some of the properties of BLUP 

do not hold with categorical traits. Meijering and Gianola (1985) performed a simulation 

study and found that the advantage of a threshold model increased as the incidence of the 

binary trait and its heritability decreased. Thus, for low-heritability traits such as SB, NRR, 

CE, and CZ, a threshold model might provide better estimates of variance proportions. 

However, other studies suggest that the increased complexity of threshold models 

outweighs the benefits (Misztal, Gianola, and Foulley, 1989; Mark, 2004; Jamrozik et al. 

2005). This may be especially true for estimating non-additive genetic effects as it is 

already computationally demanding.  

The current study was based on data from purebred Holstein cows. However, non-

additive genetic variation is expected to be much larger in a crossbred population than that 

in a purebred population (Su et al. 2012; Vitezica, Varona, and Legarra, 2013). 

Nonetheless, the results from this study indicate that non-additive genetic effects do 
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contribute to the variance of complex traits, and the inclusion of these effects may yield an 

improvement in genetic evaluations. In the next research steps, the effect of the covariance 

matrix construction on the estimation of epistatic genetic variance components for fertility 

and reproduction traits in Holstein cattle will be investigated.  

 

CONCLUSIONS 

Additive by additive epistatic genetic effects account for a large proportion of the 

total phenotypic variance (up to 34%) for several fertility and reproduction traits. 

Dominance genetic effects also account for a proportion of the total phenotypic variance 

(up to 46%), however the standard errors of the estimates were large. Although the rank 

correlation for all cows was relatively high (> 0.90), the re-ranking of animals in the top 

cows suggests that non-additive genetic effects play an important role in fertility and 

reproduction traits, and should be considered when designing breeding schemes and 

defining selection models. The findings also suggest that adjusting for significant non-

additive genetic effects should result in more accurate estimated breeding values, and thus 

help to better identify the best breeding animals and those which should be culled. The 

results of this study contribute to the understanding of the genetic architecture of the 

analyzed fertility and reproduction traits in dairy cattle. 
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TABLES 

 

 

Table 3.1. Descriptive statistics for fertility and reproduction traits in Holstein cattle (N = 6,617) 

Parity1 Trait2 N3 Mean SD4 Min Max 

 

 

First 

(N = 5,825) 

AFS 5,771 446 44 292 637 

NRR 5,777 0.68 0.46 0 1 

NS 5,770 1.60 1.00 1 9 

FSTC 5,644 21 35 0 205 

GL 5,620 278 6.30 240 300 

CE 5,124 1.60 0.71 1 4 

SB 5,123 0.88 0.32 0 1 

CZ 5,196 2.00 0.57 1 3 

 

 

Later 

(N =6,090) 

NRR 5,942 0.53 0.50 0 1 

NS 5,934 2.10 1.50 1 18 

CTFS 5,940 77 21 14 243 

FSTC 5,571 35 46 0 206 

GL 5,812 279 6.50 240 300 

CE 5,326 1.30 0.57 1 4 

SB 5,326 0.96 0.20 0 1 

CZ 5,388 2.20 0.57 1 3 
1First = first parity heifers, Later = cows in 2nd (N = 5,915), 3rd (N = 133), and ≥ 4th (N = 42) parities.  
2AFS = age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC = 

first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf 

size, CTFS = calving to first insemination. 
3N = number of records  
4SD = standard deviation 
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Table 3.2. Effects included in the genetic models for genetic parameter estimation for heifer 

(○) and cow (●) traits 
 Fixed effect2  Random effect3 

Trait1 RYM Mf MfX AcMcX ApMf ApMp ApMpX  HY T SS SC A 

AFS ○        ○    ○ 

NRR ○ ● ○       ●    ○ ● ○ 

● 

○ ●  ○ ● 

NS ○ ● ○      ●    ○ ●    ○ ● 

FSTC ○ ● ○      ●    ○ ●    ○ ● 

GL ○ ●  ○    ●  ○ ●   ○ ● ○ ● 

CE ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

SB ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

CZ ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

CTFS    ●     ●      ●       ● 

1AFS = age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC 

= first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = 

calf size, CTFS = calving to first insemination. 
2RYM = region by year of birth by month of birth, Mf = month of first insemination, MfX = month 

of first insemination by sex of calf, AcMcX = age at current calving by month of current calving by 

sex of calf by parity, ApMf = age at previous calving by month of first insemination by parity, ApMp 

= age at previous calving by month of previous calving by parity, ApMpX = ApMp by sex of calf 
3 HY = herd by year of birth, T = AI technician, SS = service sire, SC = sire of calf, A = random 

animal effect 
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Table 3.3. Estimates of phenotypic variance (Vp) and ratios with respect to phenotypic variance 

for additive genetic (A), epistatic (I), dominance (D) and residual (e) variances for heifers (N = 

5,825) using pedigree relationship matrices (± SE) 

Trait1 Model2 Vp A I D e 

AFS 

MA 

MAE 

MAD 

MAED 

1,742.4 

1,734.0 

1,742.3 

1,734.0 

0.026 (0.01) 

0.013 (0.03) 

0.026 (0.01) 

0.013 (0.03)  

 

0.043 (0.07) 

 

0.043 (0.07)  

 

 

0 

0 

0.46 (0.02) 

0.43 (0.05) 

0.46 (0.02) 

0.43 (0.05) 

NRR 

MA 

MAE 

MAD 

MAED 

0.22 

0.22 

0.22 

0.22 

0.0003 (0.009) 

0.0003 (0.009) 

0 

0 (0.02)  

 

0 

 

0  

 

 

0.007 (0.08) 

0.008 (0.10)  

0.95 (0.01) 

0.95 (0.01) 

0.94 (0.08) 

0.94 (0.01) 

NS 

MA 

MAE 

MAD 

MAED 

1.0 

1.0 

1.0 

1.0 

0.025 (0.02)  

0  

0.016 (0.02)  

0  

 

0.075 (0.04)  

 

0.066 (0.06)  

 

 

0.085 (0.2)  

0.030 (0.2)  

0.93 (0.02)  

0.88 (0.04)  

0.85 (0.10)  

0.86 (0.10)  

FSTC 

MA 

MAE 

MAD 

MAED 

1,263.5 

1,255.8  

1,263.5 

1,255.7 

0.021 (0.01) 

0 (0.04)  

0.021 (0.01)  

0 (0.04)  

 

0.060 (0.10)  

 

0.060 (0.10)  

 

 

0  

0 (0.2)  

0.92 (0.02)  

0.88 (0.08)  

0.92 (0.02)  

0.88 (0.20) 

GL 

MA 

MAE 

MAD 

MAED 

36.6 

36.0 

36.6 

36.0 

0.10 (0.03)  

0.047 (0.06)  

0.10 (0.04)  

0.0472 (0.06)  

 

0.13 (0.10)  

 

0.13 (0.20)  

 

 

0 (0.20)  

0 (0.20)  

0.79 (0.03)  

0.71 (0.09) 

0.79 (0.20)  

0.71 (0.20) 

CE 

MA 

MAE 

MAD 

MAED 

0.48 

0.48  

0.48 

0.48 

0.123 (0.03) 

0.118 (0.08)  

0.123 (0.03)  

0.118 (0.08)  

 

0.0128 (0.20)  

 

0.0129 (0.20)  

 

 

0 

0  

0.79 (0.04) 

0.78 (0.10)  

0.79 (0.04)  

0.78 (0.10) 

SB 

MA 

MAE 

MAD 

MAED 

0.11 

0.11 

0.11 

0.11 

0.13 (0.03)  

0.13 (0.03)  

0.068 (0.04)  

0.068 (0.04)  

 

0  

 

0  

 

 

0.46 (0.20)  

0.46 (0.20)  

0.85 (0.03)  

0.85 (0.03)  

0.45 (0.20)  

0.45 (0.20) 

CZ 

MA 

MAE 

MAD 

MAED 

0.32 

0.32 

0.33 

0.33 

0.068 (0.03)  

0.0399 (0.06)  

0.042 (0.03)  

0.029 (0.06)  

 

0.0728 (0.10)  

 

0.0378 (0.01)  

 

 

0.215 (0.20)  

0.204 (0.20)  

0.81 (0.03)  

0.77 (0.10)  

0.63 (0.20) 

0.61 (0.20) 
1AFS = age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC = first 

insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size 
2MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, MAED = 

additive, epistatic, and dominance model (full model)  
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Table 3.4. Estimates of phenotypic variance (Vp) and ratios with respect to phenotypic 

variance for additive genetic (A), epistatic (I), dominance (D) and residual (e) variances for 

heifers (N = 5,825) using genomic relationship matrices (± SE) 

Trait1 Model2 Vp A I D e 

AFS 

MA 

MAE 

MAD 

MAED 

1,739.4 

1,740.5 

1,739.4 

1,740.3 

0.022 (0.01) 

0.019 (0.01) 

0.022 (0.01) 

0.019 (0.01) 

 

0.042 (0.04) 

 

0.042 (0.04) 

 

 

0 

0 

0.47 (0.02) 

0.43 (0.02) 

0.47 (0.02)  

0.43 (0.04)  

NRR 

MA 

MAE 

MAD 

MAED 

0.22  

0.22 

0.22 

0.22 

0 

0 

0 

0 

 

0 

 

0 

 

 

0 

0 (0.02) 

0.95 (0.01) 

0.95 (0.01)  

0.95 (0.02)  

0.95 (0.02) 

NS 

MA 

MAE 

MAD 

MAED 

1.0 

1.0 

1.0 

1.0 

0.0034 (0.01)  

0  

0 (0.01)  

0  

 

0.097 (0.05)  

 

0.097 (0.06)  

 

 

0.014 (0.03)  

0 (0.02)  

0.95 (0.01)  

0.86 (0.05) 

0.94 (0.02) 

0.86 (0.05) 

FSTC 

MA 

MAE 

MAD 

MAED 

1,261.8 

1,263.9 

1,262.1 

1,263.9 

0.011 (0.01)  

0 

0.009 (0.01)  

0  

 

0.15 (0.06)  

 

0.15 (0.06)  

 

 

0.0059 (0.03)  

0  

0.93 (0.01)  

0.79 (0.06)  

0.92 (0.02)  

0.79 (0.06) 

GL 

MA 

MAE 

MAD 

MAED 

36.4 

36.4 

36.4 

36.4 

0.092 (0.02)  

0.080 (0.02)  

0.092 (0.02)  

0.080 (0.02)  

 

0.11 (0.08)  

 

0.11 (0.08)  

 

 

0 (0.03)  

0 (0.03)  

0.80 (0.02)  

0.70 (0.08)  

0.80 (0.03)  

0.70 (0.08)  

CE 

MA 

MAE 

MAD 

MAED 

0.48 

0.48 

0.48 

0.48 

0.0756 (0.02) 

0.0524 (0.02)  

0.0756 (0.02)  

0.0524 (0.02)  

 

0.23 (0.09)  

 

0.23 (0.09)  

 

 

0 (0.03)  

0 (0.03)  

0.83 (0.02)  

0.62 (0.09)  

0.83 (0.02)  

0.62 (0.09) 

SB 

MA 

MAE 

MAD 

MAED 

0.10 

0.11 

0.10 

0.11 

0.073 (0.02)  

0.046 (0.02)  

0.073 (0.02)  

0.046 (0.02)  

 

0.34 (0.10)  

 

0.34 (0.10)  

 

 

0 (0.03)  

0  

0.90 (0.02)  

0.59 (0.10)  

0.90 (0.02)  

0.59 (0.10)  

CZ 

MA 

MAE 

MAD 

MAED 

0.32 

0.32 

0.32 

0.32 

0.054 (0.02)  

0.044 (0.02)  

0.042 (0.02) 

0.033 (0.02)  

 

0.091 (0.09)  

 

0.085 (0.09)  

 

 

0.038 (0.03)  

0.037 (0.03)  

0.83 (0.02)  

0.75 (0.08)  

0.80 (0.03)  

0.73 (0.09) 
1AFS = age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC = first 

insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size 
2MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, 

MAED = additive, epistatic, and dominance model (full model)  
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Table 3.5. Estimates of phenotypic variance (Vp) and ratios with respect to phenotypic 

variance for additive genetic (A), epistatic (I), dominance (D) and residual (e) variances for 

cows (N = 6,090) using pedigree relationship matrices (± SE) 

Trait1 Model2 Vp A I D e 

NRR 

MA 

MAE 

MAD 

MAED 

0.25 

0.25 

0.25 

0.25 

0.011 (0.01)  

0 

0 

0  

 

0.045 (0.04)  

 

0.010 (0.06)  

 

 

0.15 (0.10)  

0.13 (0.20)  

0.97 (0.02) 

0.93 (0.04) 

0.83 (0.10)  

0.84 (0.10) 

NS 

MA 

MAE 

MAD 

MAED 

2.2 

2.2 

2.2 

2.2 

0.015 (0.02)  

0  

0.015 (0.02)  

0 

 

0.071 (0.05)  

 

0.071 (0.05)  

 

 

0  

0  

0.94 (0.02)  

0.89 (0.05)  

0.94 (0.02) 

0.89 (0.05) 

CTFS 

MA 

MAE 

MAD 

MAED 

446.1 

442.4  

446.1 

442.4 

0.049 (0.02) 

0.022 (0.04)  

0.049 (0.02)  

0.022 (0.04)  

 

0.076 (0.09)  

 

0.076 (0.09)  

 

 

0 

0 

0.68 (0.02)  

0.63 (0.07)  

0.68 (0.02)  

0.63 (0.07) 

FSTC 

MA 

MAE 

MAD 

MAED 

2,087.6 

2,082.3 

2,087.6 

2,082.2 

0.0066 (0.01)  

0  

0.0066 (0.01)  

0  

 

0.026 (0.03)  

 

0.026 (0.03)  

 

 

0 

0  

0.97 (0.01)  

0.95 (0.03)  

0.97 (0.01)  

0.95 (0.03) 

GL 

MA 

MAE 

MAD 

MAED 

40.1 

39.1 

40.7 

39.6 

0.13 (0.03)  

0.036 (0.07)  

0.11 (0.04)  

0.031 (0.07)  

 

0.24 (0.20)  

 

0.21 (0.20)  

 

 

0.22 (0.20)  

0.16 (0.20)  

0.78 (0.04)  

0.63 (0.10)  

0.57 (0.20)  

0.50 (0.20) 

CE 

MA 

MAE 

MAD 

MAED 

0.32 

0.32 

0.32  

0.32  

0.038 (0.02) 

0.038 (0.02)   

0.036 (0.03)  

0.036 (0.03)  

 

0 

 

0  

 

 

0.024 (0.20)  

0.024 (0.20)  

0.85 (0.03)  

0.85 (0.03)  

0.82 (0.10)  

0.82 (0.10) 

SB 

MA 

MAE 

MAD 

MAED 

0.037 

0.037 

0.037 

0.037 

0.024 (0.02)  

0.024 (0.02)  

0.0090 (0.03)  

0.0090 (0.03)  

 

0 

 

0  

 

 

0.12 (0.20)  

0.12 (0.20)  

0.96 (0.02)  

0.96 (0.02)  

0.86 (0.20)  

0.86 (0.20) 

CZ 

MA 

MAE 

MAD 

MAED 

0.33 

0.32 

0.33 

0.32 

0.072 (0.03)  

0 (0.06)  

0.072 (0.03) 

0  

 

0.20 (0.20)  

 

0.20 (0.07)  

 

 

0 (0.20)  

0  

0.79 (0.03)  

0.66 (0.10)  

0.79 (0.20)  

0.66 (0.07) 
1NRR = non-return rate to 56 days NS = number of services, CTFS = calving to first insemination, FSTC = 

first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size. 
2MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, 

MAED = additive, epistatic, and dominance model (full model)  
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Table 3.6. Estimates of phenotypic variance (Vp) and ratios with respect to phenotypic 

variance for additive genetic (A), epistatic (I), dominance (D) and residual (e) variances for 

cows (N = 6,090) using genomic relationship matrices (± SE) 

Trait1 Model2 Vp A I D e 

NRR 

MA 

MAE 

MAD 

MAED 

0.25 

0.25 

0.25 

0.25 

0.011 (0.01) 

0.005 (0.01) 

0.011 (0.01) 

0.005 (0.01) 

 

0.056 (0.07) 

 

0.056 (0.07)  

 

 

0 

0  

0.97 (0.01) 

0.92 (0.01) 

0.97 (0.01) 

0.92 (0.06)  

NS 

MA 

MAE 

MAD 

MAED 

2.2 

2.3 

2.2 

2.3 

0.033 (0.01)  

0.022 (0.01)  

0.030 (0.02)  

0.020 (0.02)  

 

0.10 (0.08)  

 

0.098 (0.08)  

 

 

0.010 (0.03)  

0.0084 (0.03)  

0.93 (0.02)  

0.84 (0.07)  

0.92 (0.02) 

0.83 (0.07) 

CTFS 

MA 

MAE 

MAD 

MAED 

445.3 

445.2 

445.3 

445.2 

0.022 (0.01) 

0.013 (0.01) 

0.022 (0.01)  

0.013 (0.01) 

 

0.10 (0.06)  

 

0.10 (0.06)  

 

 

0 

0 

0.70 (0.02)  

0.61 (0.06)  

0.70 (0.02) 

0.61 (0.06) 

FSTC 

MA 

MAE 

MAD 

MAED 

2,090.0 

2,090.0 

2,090.2 

2,090.2 

0.027 (0.01)  

0.027 (0.01)  

0.027 (0.01) 

0.027 (0.01)   

 

0  

 

0 

 

 

0 

0 

0.95 (0.01)  

0.95 (0.01)  

0.95 (0.01)  

0.95 (0.01) 

GL 

MA 

MAE 

MAD 

MAED 

39.9 

40.0 

39.9 

40.0 

0.10 (0.02)  

0.065 (0.02)  

0.099 (0.02) 

0.063 (0.02)  

 

0.28 (0.09)  

 

0.28 (0.09)  

 

 

0.010 (0.03)  

0.0097 (0.03)  

0.80 (0.02)  

0.56 (0.08)  

0.80 (0.03)  

0.55 (0.09) 

CE 

MA 

MAE 

MAD 

MAED 

0.32 

0.32 

0.32 

0.32 

0.017 (0.01) 

0.017 (0.01)  

0.017 (0.01)  

0.017 (0.01)  

 

0 (0.06)  

 

0  

 

 

0 (0.03)  

0  

0.87 (0.02)  

0.87 (0.07)  

0.87 (0.03)  

0.87 (0.02) 

SB 

MA 

MAE 

MAD 

MAED 

0.037 

0.037 

0.037 

0.037 

0.023 (0.01)  

0.017 (0.02)  

0.019 (0.02)  

0.014 (0.02)  

 

0.044 (0.08)  

 

0.042 (0.08)  

 

 

0.012 (0.03)  

0.011 (0.03)  

0.96 (0.01)  

0.93 (0.07)  

0.96 (0.03)  

0.92 (0.08) 

CZ 

MA 

MAE 

MAD 

MAED 

0.33  

0.33 

0.33 

0.33 

0.049 (0.01)  

0.031 (0.02)  

0.049 (0.02)  

0.031 (0.02)  

 

0.15 (0.09)  

 

0.15 (0.09)  

 

 

0 (0.03)  

0 (0.03)  

0.81 (0.02)  

0.68 (0.08)  

0.81 (0.03)  

0.68 (0.08) 
1NRR = non-return rate to 56 days NS = number of services, CTFS = calving to first insemination, FSTC = 

first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size. 
2MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance 

model, MAED = additive, epistatic, and dominance model (full model)  
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Table 3.7. Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) and its 

associate p-value for comparing alternative reduced models for heifer traits using pedigree 

relationship matrices 

Trait1 Model2 AIC # Parameters LogL3 LRT df4 P-value 
AFS MA 43,849.64† 3 -1,921.8 0.2 2 0.90 

 MAE 43,851.30 4 -1,921.7 0 1 1 

 MAD 43,851.64 4 -1,921.8 0.2 1 0.65 

 MAED 43,853.30 5 -1,921.7    

NRR MA -2,186.33 5 1,098.2 0 2 1 

 MAE -2,184.33 6 1,098.2 0 1 1 

 MAD -2,184.33 6 1,098.2 0 1 1 

 MAED -2,182.346† 7 1,098.2    

NS MA 6,023.86† 3 -3,008.9 0.8 2 0.37 

 MAE 6,024.95  4 -3,008.5 0 1 1 

 MAD 6,025.56  4 -3,008.8 0.6 1 0.67 

 MAED 6,026.92 5 -3,008.5    

FSTC MA 43,750.94† 3 -1,872.5 0.6 2 0.74 

 MAE 43,752.94 4 -1,872.3 0.2 1 0.65 

 MAD 43,752.94 4 -1,872.5 0.6 1 0.44 

 MAED 43,754.48 5 -1,872.2    

GL MA 21,674.01† 4 -10,833.0 0.8 2 0.67 

 MAE 21,675.11 5 -10,832.6 0 1 1 

 MAD 21,676.01 5 -10,833.0 0.8 1 0.37 

 MAED 21,677.11 6 -10,832.6    

CE MA 2,141.33† 4 -1,066.7 0 2 1 

 MAE 2,143.33 5 -1,066.7 0 1 1 

 MAD 2,143.33 5 -1,066.7 0 1 1 

 MAED 2,145.33 6 -1,066.7    

SB MA -4,482.30  4 2,245.2 3.2 2 0.20 

 MAE -4,480.30† 5 2,245.2 3.2 1 0.074 

 MAD -4,483.55 5 2,246.8 0 1 1 

 MAED -4,481.55 6 2,246.8    

CZ MA 370.45† 4 -181.2 1 2 0.61 

 MAE 372.23 5 -181.1 0.8 1 0.37 

 MAD 371.45 5 -180.7 0 1 1 

 MAED 373.39 6 -180.7    
†Best model according to AIC criteria 
1 AFS= age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC = first 

insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size. 
2 MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, 

MAED = additive, epistatic, and dominance model (full model)  
3LogL = log likelihood  
4df = degrees of freedom for the LRT 

*P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001  
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Table 3.8. Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) and its associate 

p-value for comparing alternative reduced models for heifer traits using genomic relationship 

matrices. 

Trait1 Model2 AIC # Parameters LogL3 LRT df4 P-value 
AFS MA 43,841.68† 3 -1,917.8 1 2 0.61 

 MAE 43,842.59 4 -1,917.3 0 1 1 

 MAD 43,843.68 4 -1,917.8 1 1 0.32 

 MAED 43,844.59 5 -1,917.3    

NRR MA -2,186.33 5 1,098.2 0 2 1 

 MAE -2,184.33 6 1,098.2 0 1 1 

 MAD -2,184.33 6 1,098.2 0 1 1 

 MAED -2,182.33† 7 1,098.2    

NS MA 6,027.93 3 -3,011.0 4.4 2 0.11 

 MAE 6,025.68† 4 -3,008.8 0 1 1 

 MAD 6,029.51 4 -3,010.8 4 1 0.046*  

 MAED 6,027.68 5 -3,008.8    

FSTC MA 43,752.56 3 -1,873.3 6.2 2 0.045* 

 MAE 43,748.44† 4 -1,870.2 0 1 1 

 MAD 43,754.50 4 -1,873.3 6.2 1 0.013* 

 MAED 43,750.44 5 -1,870.2    

GL MA 21,651.38† 4 -10,821.7 2 2 0.37 

 MAE 21,651.49 5 -10,820.7 0 1 1 

 MAD 21,653.38 5 -10,821.7 2 1 0.16 

 MAED 21,653.49 6 -10,820.7    

CE MA 2,131.96 4 -1,062.0 6 2 0.050* 

 MAE 2,128.08 5 -1,059.0 0 1 1 

 MAD 2,133.96 5 -1,062.0 6 1 0.014* 

 MAED 2,130.08† 6 -1,059.0    

SB MA -4,485.71 4 2,246.9 9.8 2 <0.01** 

 MAE -4,493.50 5 2,251.8 0 1 1 

 MAD -4,483.71† 5 2,246.9 9.8 1 <0.01** 

 MAED -4,491.50 6 2,251.8    

CZ MA 364.47† 4 -178.2 2.4 2 0.30 

 MAE 365.59  5 -177.8 1.6 1 0.21 

 MAD 364.85 5 -177.4 0.8 1 0.37 

 MAED 366.06 6 -177.0  2  
†Best model according to AIC criteria 
1 AFS= age at first insemination, NRR = non-return rate to 56 days NS = number of services, FSTC = first 

insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size. 
2 MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, 

MAED = additive, epistatic, and dominance model (full model)  
3LogL = log likelihood  
4df = degrees of freedom for the LRT 

*P ≤ 0.05, **P ≤0.01, ***P ≤0.001   
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Table 3.9. Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) and its 

associate p-value for comparing alternative reduced models for cow traits using pedigree 

relationship matrices 

Trait1 Model2 AIC # Parameters LogL3 LRT df4 P-value 
NRR MA -1,003.39 5 506.7 1.6 2 0.45 

 MAE -1,002.35 6 507.2 0.6 1 0.44 

 MAD -1,003.03 6 507.5 0 1 1 

 MAED -1,001.06† 7 507.5    

NS MA 10,721.15 3 -5,357.6 2 2 0.37 

 MAE 10,721.13† 4 -5,356.6 0 1 1 

 MAD 10,723.15 4 -5,357.6 2 1 0.16 

 MAED 10,723.13 5 -5,356.6    

CTFS MA 38,157.77† 3 -9,075.9 1 2 0.61 

 MAE 38,158.88 4 -9,075.4 0 1 1 

 MAD 38,159.77 4 -9,075.9 1 1 0.32 

 MAED 38,160.88 5 -9,075.4    

FSTC MA 44,471.26† 3 -2,232.6 0.6 2 0.74 

 MAE 44,472.57 4 -2,232,3 0 1 1 

 MAD 44,473.26 4 -2,232,6 0.6 1 0.44 

 MAED 44,474.57 5 -2,232.3    

GL MA 21,847.24 4 -10,919.6 2.6 2 0.27 

 MAE 21,847.11† 5 -10,918.6 0.6 1 1 

 MAD 21,848.24 5 -10,919.1 1.6 1 0.21 

 MAED 21,848.66 6 -10,918.3    

CE MA 500.28† 4 -246.1 0 2 1 

 MAE 502.28 5 -246.1 0 1 1 

 MAD 502.25 5 -246.1 0 1 1 

 MAED 504.25 6 -246.1     

SB MA -8,895.06 4 4,451.5 0.6 2 0.74 

 MAE -8,893.06 5 4,451.5 0.6 1 0.44 

 MAD -8,893.53 5 4,451.8 0 1 1 

 MAED -8,891.53† 6 4,451.8    

CZ MA 499.57 4 -245.8 2.6 2 0.27 

 MAE 499.02† 5 -244.5 0 1 1 

 MAD 501.57 5 -245.8 2.6 1 0.11 

 MAED 501.02 6 -244.5    
†Best model according to AIC criteria 
1NRR = non-return rate to 56 days NS = number of services, CTFS = calving to first insemination, FSTC = first 

insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ = calf size. 
2 MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, MAED = 

additive, epistatic, and dominance model (full model)  
3LogL = log likelihood  
4df = degrees of freedom for the LRT 
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Table 3.10. Akaike Information Criterion (AIC) and Likelihood Ratio Test (LRT) and its 

associate p-value for comparing alternative reduced models for cow traits using genomic 

relationship matrices 

Trait1 Model2 AIC # Parameters LogL3 LRT df4 P-value 
NRR MA -1,003.39 5 507.0 0.6 2 0.74 

 MAE -1,002.35 6 507.3 0 1 1 

 MAD -1,003.03 6 507.0 0.6 1 0.44 

 MAED -1,001.06† 7 507.3    

NS MA 10,714.51 3 -5,354.3 1.8 2 0.41 

 MAE 10,714.89 4 -5,353.4 0 1 1 

 MAD 10,716.37 4 -5,354.2 1.6 1 0.21 

 MAED 10,714.51† 5 -5,353.4    

CTFS MA 38,157.77† 3 -9,079.7 3.6 2 0.17 

 MAE 38,158.88 4 -9,077.9 0 1 1 

 MAD 38,159.77 4 -9,079.7 3.6 1 0.058 

 MAED 38,160.88 5 -9,077.9    

FSTC MA 44,465.69† 3 -2,229.8 0 2 1 

 MAE 44,467.69 4 -2,229.8 0 1 1 

 MAD 44,467.69 4 -2,229.8 0 1 1 

 MAED 44,469.69 5 -2,229.8    

GL MA 21,828.19 4 -10,910.1 9.6 2 <0.01** 

 MAE 21,820.68† 5 -10,905.3 0 1 1 

 MAD 21,830.09 5 -10,910.0 9.4 1 <0.01** 

 MAED 21,822.59 6 -10,905.3    

CE MA 502.47† 4 -247.2 0 2 1 

 MAE 504.47 5 -247.2 0 1 1 

 MAD 504.47 5 -247.2 0 1 1 

 MAED 506.47 6 -247.2    

SB MA -8,895.82 4 4,451.9 0.4 2 0.82 

 MAE -8,894.12 5 4,452.1 0 1 1 

 MAD -8,893.96 5 4,452.0 0.2 1 0.65 

 MAED -8,853.84† 6 4,452.1    

CZ MA 499.13 4 -245.6 2.8 2 0.25 

 MAE 498.37† 5 -244.2 0 1 1 

 MAD 501.13 5 -245.6 2.8 1 0.094 

 MAED 500.37 6 -244.2    

†Best model according to AIC criteria 
1NRR = non-return rate to 56 days NS = number of services, CTFS = calving to first insemination, 

FSTC = first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ 

= calf size. 
2 MA = additive model, MAE = additive and epistatic model, MAD = additive and dominance model, 

MAED = additive, epistatic, and dominance model (full model) 
3LogL = log likelihood 
4df = degrees of freedom for the LRT *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001 

 



48 
 

Table 3.11. Spearman’s rank correlations between the additive (MA) and full model 

(MAED) for 100% (all cows), the top 80%, 20%, 10% and 5% of cows for the traits 

with P ≤ 0.05 based on likelihood ratio tests  

Trait1 100% 80% 20% 10% 5% 

NS 0.983 0.972 0.872 0.871 0.840 

FSTC 0.988 0.979 0.895 0.880 0.855 

CE 0.990 0.983 0.928 0.914 0.890 

SB 0.991 0.985 0.937 0.904 0.842 

GL 0.991 0.985 0.937 0.907 0.853 
1NS = number of services in heifers, FSTC = first insemination to conception, CE = calving 

ease 1NS = number of services in heifers, FSTC = first insemination to conception, CE = 

calving ease scored 1 to 4, with a higher value indicating poorer calving ease in heifers, SB = 

stillbirth defined as 0 (dead) or 1 (alive calf) in heifers, GL = gestation length measured as an 

interval from the last insemination to the subsequent calving in cows 
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SUPPLEMENTARY MATERIAL 

 

 
 

Table 3.S1. Estimation error correlation (𝑟) between additive (A), 

epistatic (I), and dominance (D) genetic effects for the traits with 

P ≤ 0.05 based on likelihood ratio tests 

Trait1 Combination 𝑟  

NS A + I -0.87 

 A + D 0.08 

 I + D -0.44 

FSTC A + I -0.95 

 A + D 1.00 

 I + D -0.95 

CE A + I -0.37 

 A + D -0.46 

 I + D -0.06 

SB A + I -0.43 

 A + D 0.31 

 I + D -0.97 

GL A + I -0.41 

 A + D -0.41 

 I + D -0.03 
1NS = number of services in heifers, FSTC = first insemination to 

conception, CE = calving ease scored 1 to 4, with a higher value 

indicating poorer calving ease in heifers, SB = stillbirth defined as 0 

(dead) or 1 (alive calf) in heifers, GL = gestation length measured as an 

interval from the last insemination to the subsequent calving in cows 
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ABSTRACT 

Incorporating interactions between genes to help improve the understanding of the 

genetic architecture of complex traits has been discussed extensively. Fitting all pairwise 

interactions between SNPs can make the problem of fitting interactions untreatable, and 

the inference of the biological role of these interactions difficult. In this study, the effect of 

three transformations to the Hadamard product operation for deriving the additive by 

additive epistatic relationship matrix on the estimation of epistatic genetic variance 

components was investigated. The dataset analyzed contained eight fertility and 

reproduction traits for 6,090 Holstein cows genotyped for 40,874 SNPs. Removing the 

interaction of a marker with itself decreased the estimation error correlation (i.e. 

confounding) between additive and epistatic genetic effects. However, there was not a clear 

advantage as to what construction of the epistatic relationship matrix was best. Total 

genetic variance explained by the models increased when epistatic genetic effects were 

included in the model. Assuming the interactions detected by the epistatic models have a 

biological significance, inclusion of an epistatic genetic effect would improve our 

understanding of the genetic architecture and control of fertility and reproduction traits in 

dairy cattle. However, the question to which degree the models are describing real 

interactions between genes or are simply statistical artifacts of the data remains open. 
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INTRODUCTION 

Quantitative genetic models partition genetic variance into additive and non-

additive genetic components. It is assumed that the majority of variation in a phenotype 

can be captured by gene variants which combine in an additive manner. However, some 

studies in dairy cattle have aimed to partition additive and epistatic effects (additive by 

additive) for production and fertility traits (Palucci et al. 2007; Sun et al. 2014; Aliloo et 

al. 2016; Alves et al. 2018). These studies have shown that epistatic genetic effects are 

important for complex traits, and the estimates from traditional pedigree-based models 

differ from their marker-based counterparts.  

Under an infinitesimal model, Henderson (1985) suggested the epistatic 

relationship matrix (𝐀𝒂𝒂) could be derived by performing the Hadamard product operation 

(⊗) of the additive relationship matrix (𝐀𝒂𝒂 =  𝐀 ⊗ 𝐀). The Hadamard product operation 

of the additive relationship matrix creates a matrix with every interaction between SNPs 

counted twice (ie. above and below the diagonal), and includes the interaction of a marker 

with itself (on the diagonal). The previous studies referenced above on the epistatic effects 

used the assumption of an infinitesimal model. While this assumption would be valid if we 

had access to an infinite number of markers, a genomic relationship matrix with 50k SNP 

markers would not be sufficient to satisfy the infinitesimal assumption according to the 

limit proposed by Jiang and Reif (2015).   

Two transformations to the epistatic relationship matrix from above were proposed 

by Martini et al. (2016).  These equations transform the Hadamard product of matrices to, 

1) avoid double counting for interactions between SNPs, and 2) remove the interaction of 

a marker with itself. Despite these transformations being proposed, to our knowledge, the 

application of these matrices in dissecting additive and epistatic genetic effects have yet to 

be studied on a real livestock population with genomic information.   

In addition, although the coding of SNP genotypes of either, {0, 1, 2}, {-1, 0, 1} or 

centered by the allele frequencies, has been shown to have no effect on the predictive ability 

of the additive genetic model (Stranden and Christensen, 2011), encoding of the SNP 

genotypes was reported to matter for epistasis models (He, Wang, and Parida, 2015). In the 

centered approach to constructing the genomic relationship matrix, as described by 
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VanRaden (2008), the realized genetic similarities from the genomic relationship matrix 

are scaled to be similar to the numerator relationship matrix by subtracting a matrix of 

allele frequencies. Thus, using the centered genomic relationship matrix to construct the 

epistatic relationship matrix results in epistatic effects based on an underlying marker effect 

for each pair of markers according to their frequencies in the dataset. While centering the 

SNPs is used because it estimates additive effects which are more in line with the biological 

definition of such effects, rather than their statistical definition (Nazarian and Gezan, 

2016), the effect on the estimates of epistatic genetic variance components and the 

biological interpretation of these components should be further investigated. 

The objective of this study was to investigate the effect of covariance matrix 

construction on epistatic variance component estimation. Here, an additional 

transformation to the epistatic matrix was proposed, and the three types of SNP encoding 

on the transformed matrices were assessed.  

 

MATERIALS AND METHODS 

Dataset  

Phenotypes. Phenotype data from animals born from 1953 to 2015 were obtained 

from the Canadian Dairy Network (CDN, Guelph, ON, Canada). The cow traits included 

in this study were: first insemination 56 d non-return rate (NRR), used as an early 

indication of conception rate; number of services (NS); days from calving to first 

insemination (CTFS); days from first insemination to conception (FSTC); gestation length 

(GL), measured as an interval from the last insemination to the subsequent calving; calving 

ease (CE), scored from 1 to 4, with 1 corresponding to unassisted calving and a higher 

value indicating more difficult calving; stillbirth (SB), defined as 0 (dead calf) or 1 (alive 

calf); and calf size (CZ), scored from 1 to 4 with a higher value indicating a larger calf. 

Although NRR, CE, SB and CZ were recorded as categorical traits, they were analyzed by 

linear models.  

Animals without genotypes were removed from the dataset resulting in phenotypes 

for 6,090 females. Only the first record for every cow was kept (heifer records were 

removed). Data editing, normality testing and descriptive statistics were performed using 
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SAS software version 9.2 (SAS Institute, Cary NC, 2011). Descriptive statistics for the 

traits are presented in Table 4.1.  

Genotypes. Genotypes were available for 33,568 bulls and 6,849 cows. Bulls were 

genotyped with the Illumina BovineSNP50 Chip (50K) (Illumina Inc., San Diego, CA), 

while cows were genotyped with 50K chip or with lower density and imputed to 50K using 

FImpute software (Sargolzaei, Chesnais, and Schenkel, 2014). Single Nucleotide 

Polymorphism (SNP) information for 45,187 SNP markers were available before editing. 

SNPs with minor allele frequency (MAF) above 5%, call rates greater than 95%, Hardy 

Weinberg equilibrium (HWE) with P-value larger than 0.00001 and heterozygosity lower 

than expected by 0.15 points were used for further analysis. These quality control measures 

and extracting cows left a final data set with 40,874 SNPs and 6,090 cows.  

 

Models  

The models for the traits were adapted from Jamrozik et al. (2005). Fixed and 

random effects included in the models for each trait are shown in Table 4.2. Environmental 

factors not included in the model were assumed to be the same for all records or contributed 

to the residual. 

Fixed effects. The fixed effects were: region by year of birth by month of birth 

(RYM); age at current calving by month of current calving by sex of calf by parity 

(AcMcX); age at previous calving by month of first insemination by parity (ApMf); age at 

previous calving by month of previous calving by parity (ApMp); and ApMp by sex of 

calf (ApMpX). Age classes were set up on a monthly scale. Four seasons of birth were 

defined as: December-February, March-June, July-September, and October-November. 

Sex of calf was coded in 3 categories: female, male and unknown (unrecorded) sex. 

Random effects. The random effects were: herd by year of birth (HY); AI 

technician (T); service sire (SS); sire of calf (SC); animal additive genetic effect (A); and 

epistatic genetic effect (I). HY was included in the model to account for contemporary 

group. Residuals were assumed to be uncorrelated. The models` assumptions include:  

HY ~ N(0, 𝐈σhy 
2 ), T ~ N(0, 𝐈σt 

2), ss ~ N(0, 𝐀𝐬𝐬σss 
2 ), sc ~ N(0, 𝐀𝐬𝐜σsc 

2 ), a ~ N(0, 𝐀𝐆σa 
2 ), 
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i ~ N(0,  𝐀𝒂𝒂𝒙
σi 

2), and e ~ N(0, 𝐈σe 
2 ), where σhy 

2 is the herd year variance, σt 
2 is the AI 

technician variance, σss 
2  is the service sire variance, σsc 

2 is the sire of calf variance, σa 
2 is 

the additive genetic variance, σi 
2 is the epistatic genetic variance, σe 

2  is the residual 

variance, 𝐈 is an identity matrix, and 𝐀𝐬𝐬, and 𝐀𝐬𝐜 are additive genetic relationship matrices 

for their respective effects and traced back in the pedigree five generations, 𝐀𝐆 is an 

additive genomic relationship matrix, and  𝐀𝒂𝒂𝒙
 is the epistatic genetic relationship matrix 

for the x-th equation (described below in Covariance Matrix Formation).  

Modelling epistasis. Five linear animal models including an additive genetic effect 

and an epistatic genetic effect were used for univariate analysis of the traits. The models 

were: 𝐲 = 𝐗𝛃 + 𝐙𝐚𝐚 +  𝐞 for Eq.A and 𝐲 = 𝐗𝛃 +  𝐙𝐚𝐚 +  𝐙𝐢𝐢 + 𝐞 for Eq.1 – Eq.4; where 

y is a vector of measurements for NRR, NS, CTFS, FSTC, GL, CE, SB, or CZ; β is a vector 

of systematic effects, including fixed effects of RYM, AcMcX, ApMf, ApMp, and/or 

ApMpX, depending on the trait; a is a vector of random animal additive genetic effects; i 

is a vector of random epistatic genetic effects (additive by additive); e is a vector of random 

residuals; and 𝐗, 𝐙𝐚, and 𝐙𝐢 are the corresponding incidence matrices. Eq. A and Eq.1 – 4 

are described below in Covariance Matrix Formation. All models were fitted using the 

restricted maximum likelihood (REML) procedure as implemented in ASReml 4.1 

(Gilmour et al. 2015). 

 

Covariance Matrix Formation  

 Throughout this section, the following notations were used: let n be the number of 

genotypes having phenotypic records, and p be the number of markers. Let X = (𝑥𝑖𝑗) be the 

n x p matrix of SNP markers, where 𝑥𝑖𝑗 equals the number of a chosen allele at the j-th 

locus for the i-th genotype. Let 𝑥𝑖 be the i-th row of the matrix X, which is the marker 

profile of the i-th genotype. Let 𝑝𝑗 be the allele frequency of the j-th marker.  

Additive matrix. The additive genomic relationship matrix (𝐀𝐆) is an n x n genomic 

relationship matrix among all genotypes. 𝐀𝐆 was created in snp1101 according to the 

VanRaden method (Sargolzaei, 2014; VanRaden 2008). Briefly, 
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𝐀𝐆 =
𝐙𝐙′

∑ 2pjq𝑗
 (Eq.A) 

where 𝒁 = (𝑧𝑖𝑗) is an n x p matrix with 𝑧𝑖𝑗 = 𝑥𝑖𝑗 − 2𝑝j. The 𝐀𝐆 matrix approaches the well-

known numerator relationship matrix (𝐀𝑷) as the number of markers increases (Habier, 

Fernando, and Dekkers, 2007). 

Epistatic effects. Focusing exclusively on additive by additive epistasis, four 

epistatic relationship matrices were constructed. The epistatic relationship matrices were 

constructed in R (R Core Team, 2015). All four of the epistatic relationship matrices were 

blended with 5% of the expected relationship matrix for polygenic effects to guarantee 

singularity.  

The classic construction of the epistatic relationship matrix ( 𝐀𝒂𝒂𝟏
) is obtained by 

performing the Hadamard product operation (⊗) of the additive genomic relationship 

matrix (𝐀𝐆; described above):  

 𝐀𝒂𝒂𝟏
= 𝐀𝐆  ⊗ 𝐀𝐆  (Eq.1) 

Thus, this matrix considers every interaction between markers twice, and includes the 

interaction of a marker with itself. This variant of the epistatic matrix is of importance since 

it assumes an infinitesimal model, and can serve as a reference (Henderson 1985; Martini 

et al. 2016). This method for constructing the epistatic genomic relationship matrix was 

used by Sun et al. (2014) and Aliloo et al. (2016). 

When the number of markers is large, Jiang and Reif (2015) proved that the 

Hadamard product of the additive relationship matrix is equivalent to a model with explicit 

epistatic effects of markers:  

𝑦 = 1𝑛𝜇 +  ∑ 𝒁𝑖𝑎𝑖
𝑝
𝑖=1 + ∑ ∑ (𝒁𝑖 ∙  𝒁𝑗)𝑣𝑖𝑗 + 𝑒𝑝

𝑗=𝑖+1
𝑝−1
𝑖=1    (1) 

where 𝑦 refers to the n-dimensional vector of phenotypic records; 1𝑛 is an n-dimensional 

vector of additive genotypic values; 𝜇 is the population mean; 𝒁𝑖 is the i-th column of the 

matrix 𝒁; 𝑎𝑖 is the additive effect of the i-th marker; 𝒁𝑖 ∙  𝒁𝑗  is the element-wise product 

of the two vectors 𝒁𝑖  and 𝒁𝑗; 𝑣𝑖𝑗 is the additive by additive epistatic effect of the i-th and 

j-th marker; and 𝑒 is the vector of residual terms. The limit proposed by Jiang and Reif 
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(2015) suggests that 50k SNP markers with a MAF = 0.05 for the quality control is not 

sufficient to satisfy the infinitesimal assumption.  

 Martini et al. (2016) proposed two transformations to the epistatic matrix to adjust 

for double counting for interactions, and including the interaction of a marker with itself. 

The first transformation being: 

 𝐀𝒂𝒂𝟐
 =  0.5𝐀𝒂𝒂𝟏

− 0.5(𝒁𝑖 ∙𝒁𝑗 )( 𝒁𝑖 ∙𝒁𝑗 )’  (Eq.2) 

where  𝐀𝒂𝒂𝟏 , 𝒁𝒊  , and  𝒁𝒋 are as described above, and  𝐀𝒂𝒂𝟐
 is the epistatic genomic 

relationship matrix from Eq.2. This matrix transforms the Hadamard product of matrices 

by removing the interaction of a marker with itself.  

The second transformation being:  

 𝐀𝒂𝒂𝟑
 =  0.5𝐀𝒂𝒂𝟏

+ 0.5(𝒁𝑖 ∙𝒁𝑗 )( 𝒁𝑖 ∙𝒁𝑗 )’  (Eq.3) 

where  𝐀𝒂𝒂𝟏 , 𝒁𝑖  , and  𝒁𝑗 are as described above, and  𝐀𝒂𝒂𝟑
 is the epistatic genomic 

relationship matrix from Eq.3. This matrix transforms the Hadamard product of matrices 

by counting each interaction between SNPs once, but including the interaction of a marker 

with itself. The proof of these transformations can be found in the “Supporting 

Information” of Martini et al. (2016).  

 Here, we propose an additional transformation (Eq.4) to the Hadamard product of 

matrices, where we create a matrix which counts each interaction between SNPs once, and 

remove the interaction of a marker with itself. Thus, Eq.4 uses the matrix from Eq.3, and 

sets the diagonal of the matrix equal to zero.   

 In summary, Eq.1 counts interactions between SNPs twice, and includes the 

interaction of a marker with itself; Eq.2 counts interactions between SNPs twice, but 

removes the interaction of a marker with itself; Eq.3 counts interactions between SNPs 

once, but includes the interaction of a marker with itself; Eq.4 counts interactions between 

SNPs once, and removes the interaction of a marker with itself. Table 4.3 contains an 

abbreviation key describing the models used in the analyses.  
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SNP encoding. The four epistatic genomic relationship matrices described above 

were created with SNPs coded as {0, 1, 2}, {-1, 0, 1} and centered by the allele frequencies. 

These three variations of the epistatic genomic relationship matrix were included in the 

analysis to determine the effect of SNP encoding on the estimation of epistatic genetic 

variance components.  

 

Model comparison 

Total Heritability. The amount of total genetic variance explained by the models 

was calculated as the total heritability (H2 = ratio of additive genetic variance to total 

phenotypic variance for Eq.A, and H2 = ratio of the sum of additive variance and epistatic 

variance to the total phenotypic variance for Eq.1 – Eq.4)  

Estimation error correlation. A difficulty when estimating non-additive genetic 

variance is that the additive covariance between relatives is highly confounded with other 

similarities between relatives not caused by non-additive genetic effects (ie. full siblings 

display similar phenotypes because of maternal and environment effects) (Wolak, 2012). 

An output parameter from ASReml (.vvp) contains the estimation error (co)variances 

among the variance component estimates derived from the “Average Information” matrix 

in animal models that utilize the Average Information algorithm (Gilmour et al. 2015) to 

obtain REML parameter estimates (Wolak, 2012). Estimation error correlations (𝑟) were 

calculated using these (co)variances to determine the amount of confounding between the 

additive and epistatic genetic effects for all of the traits for each model:  

𝑟 =
𝑐𝑜𝑣(𝑎,𝑖 )

√𝑣𝑎𝑟(𝑎)∗𝑣𝑎𝑟(𝑖)
  (2) 

where 𝑟 is the estimation error correlation, 𝑐𝑜𝑣(𝑎, 𝑖 ) is the estimation error covariance 

between the additive and epistatic genetic effect, 𝑣𝑎𝑟(𝑎) is the estimation error variance 

of the additive effect, and 𝑣𝑎𝑟(𝑖) is the estimation error variance of the epistatic genetic 

effect.  
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Akaike Information Criterion. Comparisons were made between models using the 

Akaike Information Criterion (AIC) (Akaike, 1974). According to Burnham and Anderson 

(2004), it is imperative to rescale AIC to:  

𝛥𝑖 = AICi – AICmin  (3) 

where AICmin is the minimum of the different AICi values. This transformation forces the 

best model to have 𝛥𝑖 = 0.  These 𝛥𝑖 allow for meaningful interpretations of the model 

comparisons without the unknown scaling constants and sample size issues that enter AIC 

values (Burnham and Anderson, 2004). Models having 𝛥𝑖 ≤ 2 have substantial support for 

the i-th model; 4 ≤ 𝛥𝑖 ≤ 7 have considerably less support for the i-th model, and 𝛥𝑖 > 10 

have essentially no support for the i-th model; i.e.,  the larger the value for 𝛥𝑖, the more 

plausible the model with AICmin. 

 

RESULTS 

Variance Component Estimation 

Total heritability and estimates of variance components are reported in Table 4.4. 

In general, the proportion of phenotypic variance (Vp) due to epistasis (I) was larger than 

the proportion of variance due to additive (A) effects. However, standard errors were high, 

especially for estimates of epistatic effects. The proportion of variance due to herd-year 

(HY) effect did not change between equations. Eq.1 had the lowest residual variance for 

four (NRR, NS, GL, CZ) of the eight traits. The matrices from genotypes coded with {0, 

1, 2} and {-1, 0, 1} were singular, and the analysis in ASReml was aborted (data not 

shown). 

 

Goodness of Fit 

Estimation error correlations (𝑟), AIC values, and 𝛥𝑖 for the models are reported in 

Table 4.5. Eq.2 always had the lowest estimation error correlation between the additive 

and epistatic genetic effects (|𝑟| = 0.16 – 0.40). However, there was not a clear advantage 

for any of the epistatic relationship matrices based on AIC.   
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DISCUSSION 

Increasing knowledge about biological pathways and gene networks implies that 

epistasis is important (eg., Huang et al. 2012), and contributes more to total genetic 

variance than the additive genetic counterpart (Palucci et al. 2007; Sun et al. 2014; Aliloo 

et al. 2016; Alves et al. 2018). Quantifying genetic variance precisely requires additive and 

epistatic genetic effects which are uncorrelated, and requires the assumption of no linkage 

(Kempthorne, 1954). However, this is not feasible under linkage disequilibrium (LD) and 

selection.  

Under LD and selection, a large proportion of variance due to interactions of alleles 

(dominance and epistasis) can manifest as additive variance (Hill, Goddard, and Visscher, 

2008). Studies have confirmed that the additive variance can be overestimated in the 

additive-only model, as the additive-only model captures some non-additive variation (Su 

et al. 2012; Muñoz et al. 2014; Sun et al. 2014). The results from this study corroborate 

with these previous observations, as the inclusion of an epistatic genetic effect resulted in 

a decrease in the additive genetic variance. However, the standard errors of the estimates 

were high, especially for estimates of epistatic effects. Yet, overestimation of additive 

variance is a problem in breeding programs as it inflates the breeding value (BV), resulting 

in exaggerated expected genetic gains. The expected gains accumulate over generations, 

and thus modelling epistasis in genetic evaluations is one approach that could be used to 

reduce this bias.   

As described by Muñoz et al. (2014), the best dissection of the variance components 

occurs when estimates of variance components are uncorrelated. When comparing the 

approaches to model the epistatic genetic effects using the estimation error correlations, 

Eq.2 always outperformed the other equations (i.e. had a lower estimation error correlation 

between the additive and epistatic genetic effects). Thus, removing the interaction of a 

marker with itself resulted in less confounding between the additive and epistatic genetic 

effects. The other epistatic relationship matrices resulted in moderate-to-high estimation 

error correlations (|𝑟| = 0.38-0.72). These correlations indicate there is still difficulties 

associated with dissecting additive and epistatic genetic effects. This is in part due to the 
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fact additive and epistatic genetic effects are not independent in breeding populations 

(Muñoz et al. 2014). Thus, it is difficult to dissect genetic variance into its components.  

Difficulties in dissecting additive and epistatic genetic variances also arise from the 

coding of the markers. When the centered version of the additive matrix is used, it is scaled 

by a matrix of marker genotype frequencies. Thus, the underlying marker effect for each 

pair of interactions is in line with the frequency of that marker in the population. In turn, 

the construction of the epistatic relationship matrix based on these frequencies results in 

effects that are non-orthogonal, making it difficult to distinguish between additive and 

epistatic genetic variance (Martini et al. 2016). The non-orthogonality of the variance-

covariance matrices can be a problem when variance components are estimated 

simultaneously (Falconer and Mackay 1996; Martini et al. 2016). The models with SNPs 

coded as {0, 1, 2} and {-1, 0, 1} did not converge in this study, providing an opportunity 

for future research.   

Therefore, quantifying genetic variance precisely is difficult due to the confounding 

of the additive and epistatic genetic effects. Confounding of additive and epistatic genetic 

variance arises from LD and selection, and from the coding of the SNP markers in the 

construction of the matrices. But in addition to there being difficulties associated with 

dissecting additive and epistatic genetic variance components, we are also limited by our 

ability to apply these variance component estimates to help improve our understanding of 

the genetic architecture and control of complex traits. This limitation arises from 

misinterpreting the magnitude of interactions, per the construction of the covariance 

matrix.  

An important point to make when modelling epistasis using the Hadamard product 

is that the Hadamard product of a genomic relationship matrix implicitly models more 

variances than desired, and that fraction of “undesired” variances increases with the degree 

of interaction (Martini et al. 2016). Some studies in dairy cattle genetics which have aimed 

to partition additive and epistatic (additive by additive) effects for production and fertility 

traits using this approach argue that epistasis is as important as additive effects, and 

sometimes much larger than the contribution of the additive effects (Palucci et al. 2007; 

Sun et al. 2014; Aliloo et al. 2016). Although this variant of the epistatic matrix is of 
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importance since it assumes an infinitesimal model, and can serve as a reference 

(Henderson 1985; Martini et al. 2016), fitting all pairwise interactions between SNPs over-

parameterizes the model making inference of the biological interaction difficult. For 

example, we found that transforming the Hadamard product to count for interactions 

between markers once, removing the interaction of a marker with itself, or a combination 

thereof, often resulted in a decrease in the epistatic genetic variance, and in turn a decrease 

in total genetic variance explained by the model. Thus, if all pairwise interactions are 

incorporated into the model, the magnitude of individual interactions should be interpreted 

with caution. 

When comparing the approaches to model the epistatic genetic effects using AIC, 

there was not a clear advantage to one matrix over the other. However, these models did 

vary considerably in their partitioning of genetic variance. Hill et al. (2008) argued that 

additive variance typically counts for over half, and often close to 100% of total genetic 

variance, even if there are interactions at the level of gene action. Conversely, the genetic 

variance decomposition in this study suggests that although the additive genetic variance 

from the additive-only model can be inflated and capture some variation due to epistasis, 

inclusion of an epistatic effect, where epistatic genetic variance is present, does increase 

the amount of total genetic variance explained. This can be realized by looking at total 

heritability (H2), and the decrease of residual variance when epistatic genetic effects are 

included in the model. Assuming the interactions detected by the epistatic models have a 

biological significance, these findings suggest that the inclusion of epistasis in genomic 

prediction would result in a more accurate predicted BV. However, the question to which 

degree the models are describing real interactions between genes or are simply statistical 

artifacts of the data remains open.  

The advantage of transforming the Hadamard product to model interactions is the 

ability to build on the model by incorporating different levels of biological hierarchy. For 

example, it is possible to create these relationship matrices using interacting genes or 

pathways instead of individual markers, defining a genetic distance between genotypes that 

depends on the network structure (Martini et al. 2016), or incorporating information on 

haplotypes rather than individual SNPs. A possible limitation to this method is that it only 
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considers second order epistasis. Higher order epistasis can be approximated using the 

Hadamard product, however it involves more data. Modelling more interactions also comes 

at the cost of increasing computational demands, and further over-parameterization of the 

model. Nevertheless, investigating techniques of how to construct relationships between 

these different levels of biological hierarchy will be important as one moves into an era of 

research focused on functional genomics. In the next research steps, genomic predictions 

based on models including epistatic genetic effects will be performed.   

 

CONCLUSIONS 

Quantifying genetic variance precisely in a breeding population is difficult due to 

confounding of the additive and epistatic genetic effects. Although the estimation error 

correlation between the additive and epistatic genetic effects was the lowest when the 

interaction of a marker with itself was removed, there was not a clear advantage to 

constructing the epistatic relationship matrix in this way according to AIC. Consequently, 

if all pairwise interactions between SNPs are incorporated into the model, the interpretation 

of the magnitude of these interactions should be completed with caution. The genetic 

variance decomposition in this study suggests that inclusion of an epistatic genetic effect 

will increase the amount of total genetic variance explained for fertility and reproduction 

traits compared to the additive-only model. Assuming the interactions detected by the 

epistatic models have a biological significance, inclusion of an epistatic genetic effect in 

the dissection of genetic variance components does improve our understanding of the 

genetic architecture and control of fertility and reproduction traits in dairy cattle. 
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TABLES 

 

 

Table 4.1. Descriptive statistics for fertility and reproduction traits in Holstein 

cattle (N = 6,090) 

Trait1 N2 Mean SD3 Min Max 

NRR 5,942 0.53 0.50 0 1 

NS 5,934 2.10 1.50 1 18 

CTFS 5,940 77 21 14 243 

FSTC 5,571 35 46 0 206 

GL 5,812 279 6.50 240 300 

CE 5,326 1.30 0.57 1 4 

SB 5,326 0.96 0.20 0 1 

CZ 5,388 2.20 0.57 1 3 
1NRR = first insemination non-return rate to 56 days after first insemination as a heifer, 

NS = number of services, CTFS = days from calving to first insemination, FSTC = days 

from first insemination to conception, GL = gestation length measured as an interval from 

the last insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 

1 corresponding to unassisted calving and a higher value indicating poorer calving ease, 

SB = stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a 

higher value indicating a larger calf 
2N = number of records  
3SD = standard deviation 
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Table 4.2. Effects included in the genetic models for genetic parameter estimation for the 

traits 

 Fixed effects2  Random effects3 

Trait1 RYM AcMcX ApMf ApMp ApMpX  HY T SS SC A 

NRR ●     ●    ●  ● ●  ● 

NS ●     ●    ●    ● 

CTFS ●   ●   ●     ● 

FSTC ●     ●    ●    ● 

GL ●    ●  ●   ● ● 

CE ●  ●     ●   ● ● 

SB ●  ●     ●   ● ● 

CZ ●  ●     ●   ● ● 

1NRR = first insemination non-return rate to 56 days after first insemination as a heifer, NS = 

number of services, CTFS = days from calving to first insemination, FSTC = days from first 

insemination to conception, GL = gestation length measured as an interval from the last 

insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating poorer calving ease, SB = 

stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a higher value 

indicating a larger calf 
2RYM = region by year of birth by month of birth, AcMcX = age at current calving by month of 

current calving by sex of calf by parity, ApMf = age at previous calving by month of first 

insemination by parity, ApMp = age at previous calving by month of previous calving by parity, 

ApMpX = ApMp by sex of calf 
3 HY = herd by year of birth, T = AI technician, SS = service sire, SC = sire of calf, A = random 

animal effect 
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Table 4.3. Abbreviation key for the models used in the analyses  

Model Description 

EqA additive-only model 

Eq1 counts interactions between SNPs twice, and includes the interaction of a 

marker with itself 

Eq2 counts interactions between SNPs twice, but removes the interaction of a 

marker with itself 

Eq3 counts interactions between SNPs once, but includes the interaction of a 

marker with itself 

Eq4 counts interactions between SNPs once, and removes the interaction of a 

marker with itself 
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Table 4.4. Estimates of estimates of phenotypic variance (Vp), total heritability (H2) and ratios 

with respect to phenotypic variance for additive genetic (A), epistatic (I), herd year (HY) and 

residual (e) variances for cows (N=6,090) using genomic relationship matrices (± SE) 

Trait1 Eq2 Vp H2
 A I HY e 

NRR 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

0.3 

0.3  

0.3 

0.3 

0.3 

0.011 

0.060 

0.027 

0.059 

0.060 

0.011 (0.010) 

0.006 (0.011) 

0.012 (0.010) 

0.002 (0.014) 

0.002 (0.013) 

 

0.054 (0.068) 

0.015 (0.077) 

0.057 (0.071) 

0.056 (0.065) 

0.004 (0.006) 

0.004 (0.006) 

0.004 (0.006) 

0.004 (0.006) 

0.004 (0.005) 

0.967 (0.013) 

0.918 (0.063) 

0.952 (0.079) 

0.920 (0.062) 

0.922 (0.055) 

NS 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

2.2 

2.3 

2.3 

2.3 

2.2 

0.033 

0.117 

0.059

0.094 

0.033 

0.033 (0.013) 

0.025 (0.014) 

0.033 (0.013) 

0.023 (0.016) 

0.033 (0.013)  

 

0.092 (0.073) 

0.026 (0.079) 

0.071 (0.072) 

0.000 (0.000) 

0.041 (0.009) 

0.041 (0.009) 

0.040 (0.009)  

0.040 (0.009) 

0.041 (0.009) 

0.926 (0.015) 

0.843 (0.069) 

0.901 (0.079) 

0.865 (0.063) 

0.926 (0.015) 

CTFS 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

445.3 

445.4 

450.9 

455.7 

485.7 

0.022 

0.117 

0.038 

0.128 

0.086 

0.022 (0.008) 

0.014 (0.009)  

0.022 (0.008) 

0.009 (0.010) 

0.011 (0.010)  

 

0.103 (0.057) 

0.016 (0.060) 

0.119 (0.057) 

0.075 (0.049) 

0.275 (0.020) 

0.273 (0.020) 

0.272 (0.024) 

0.266 (0.020) 

0.251 (0.025) 

0.703 (0.021) 

0.611 (0.055) 

0.690 (0.052) 

0.608 (0.049) 

0.664 (0.032) 

FSTC 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

2090.0 

2090.0 

2282.6 

2090.0 

2090.0 

0.027 

0.027

0.141 

0.027 

0.027 

0.027 (0.013) 

0.027 (0.013) 

0.030 (0.012) 

0.027 (0.013) 

0.027 (0.013) 

 

0.000 (0.000) 

0.111 (0.074) 

0.000 (0.000) 

0.000 (0.000) 

0.024 (0.008) 

0.024 (0.008)  

0.022 (0.007) 

0.024 (0.008) 

0.024 (0.008) 

0.948 (0.015) 

0.948 (0.015) 

0.838 (0.075) 

0.948 (0.015) 

0.948 (0.015)  

GL 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

39.9 

40.1 

43.4 

41.5 

44.5 

0.102 

0.339 

0.203 

0.258 

0.168 

0.102 (0.019) 

0.071 (0.020) 

0.097 (0.017) 

0.067 (0.022) 

0.076 (0.025) 

 

0.268 (0.089) 

0.106 (0.077) 

0.191 (0.086) 

0.092 (0.07) 

0.036 (0.009) 

0.035 (0.009) 

0.033 (0.009) 

0.034 (0.009) 

0.032 (0.009) 

0.802 (0.023) 

0.566 (0.082) 

0.710 (0.071)  

0.651 (0.073) 

0.746 (0.050) 

CE 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

0.3 

0.3 

0.3 

0.3 

0.3 

0.017 

0.019 

0.026 

0.017 

0.017 

0.017 (0.012) 

0.017 (0.013) 

0.017 (0.012) 

0.017 (0.015) 

0.017 (0.016)  

 

0.002 (0.074) 

0.009 (0.091) 

0.000 (0.080) 

0.000 (0.082)  

0.105 (0.015) 

0.105 (0.015) 

0.104 (0.016)  

0.105 (0.015) 

0.105 (0.018)  

0.866 (0.019) 

0.864 (0.070) 

0.857 (0.086) 

0.866 (0.071) 

0.866 (0.062) 

SB 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

0.03 

0.03 

0.04 

0.04  

0.04 

0.023 

0.063 

0.023 

0.144 

0.060 

0.023 (0.012) 

0.017 (0.014) 

0.023 (0.012) 

0.001 (0.016) 

0.015 (0.017) 

 

0.046 (0.079) 

0.000 (0.000) 

0.143 (0.082) 

0.045 (0.077) 

0.014 (0.007) 

0.014 (0.007)  

0.014 (0.007) 

0.014 (0.007) 

0.013 (0.007)  

0.964 (0.014) 

0.923 (0.072)  

0.964 (0.014) 

0.843 (0.072) 

0.927 (0.064) 

CZ 

EqA 

Eq1 

Eq2 

Eq3 

Eq4 

0.3 

0.3  

0.3 

0.3 

0.3 

0.049 

0.181 

0.140 

0.113 

0.083 

0.049 (0.015) 

0.033 (0.016)  

0.049 (0.014) 

0.036 (0.019) 

0.040 (0.021) 

 

0.148 (0.085)  

0.091 (0.078) 

0.077 (0.082) 

0.043 (0.078) 

0.122 (0.015) 

0.121 (0.015) 

0.113 (0.016) 

0.120 (0.015) 

0.116 (0.018)  

0.813 (0.021) 

0.682 (0.079) 

0.732 (0.072) 

0.750 (0.070) 

0.785 (0.054) 
1NRR = non-return rate to 56 days, NS = number of services, CTFS = calving to first insemination, 

FSTC = first insemination to conception, GL = gestation length, CE = calving ease, SB= still birth, CZ 

= calf size.  
2Abbreviations in Table 4.3  
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Table 4.5. Estimation error correlations (𝑟) between the additive and epistatic genetic 

effects, Akaike Information Criterion (AIC) and the absolute difference (𝛥𝑖) between AIC 

values of comparable models  

Trait1 Model2 𝑟 AIC # Parameters 𝛥𝑖
3 

NRR Eq1 

Eq2 

Eq3 

Eq4 

-0.50 

0.25 

-0.71 

-0.72 

-1,002.69† 

-1,002.09 

-1,002.65 

-1,000.67 

6  

0.60 

0.04 

2.02 

NS Eq1 

Eq2 

Eq3 

Eq4 

-0.41 

0.21 

-0.58 

-0.45 

10,714.99† 

10,716.41 

10,715.53 

10,716.51 

4  

1.42 

0.54 

1.52 

CTFS Eq1 

Eq2 

Eq3 

Eq4 

-0.42 

0.20 

-0.63 

-0.65 

38,163.50 

38,167.25 

38,162.73† 

38,165.21 

4 0.77 

4.52 

 

2.48 

FSTC Eq1 

Eq2 

Eq3 

Eq4 

-0.45 

0.27 

-0.45 

-0.45 

44,467.69 

44,466.05† 

44,467.69 

44,467.69 

4 1.64 

 

1.64 

1.64 

GL Eq1 

Eq2 

Eq3 

Eq4 

-0.38 

0.16 

-0.56 

-0.57 

21,820.70† 

21,828.54 

21,825.64 

21,828.91 

5  

7.84 

4.94 

8.21** 

CE Eq1 

Eq2 

Eq3 

Eq4 

-0.47 

0.22 

-0.64 

-0.65 

504.47 

504.46† 

504.47 

504.47 

5 0.01 

 

0.01 

0.01 

SB Eq1 

Eq2 

Eq3 

Eq4 

-0.55 

-0.40 

-0.70 

-0.72 

-8,894.17 

-8,893.82 

-8,896.87† 

-8,893.99 

5 2.70 

3.05 

 

2.88 

CZ Eq1 

Eq2 

Eq3 

Eq4 

-0.44 

0.22 

-0.62 

-0.63 

498.17† 

499.96 

500.29 

500.86 

5  

1.79 

2.12 

2.69 
†Best model according to AIC criteria 
1NRR = non-return rate to 56 days, NS = number of services, CTFS = calving to first insemination, 

FSTC = first insemination to conception, GL = gestation length, CE = calving ease, SB= still birth, 

CZ = calf size.  
2Abbreviations in Table 4.3 
3𝛥𝑖 = AICi – AICmin as described by Burnham and Anderson (2004). 𝛥𝑖   ≤ 2 = substantial support 

for i-th model, 4 ≤ 𝛥𝑖   ≤ 7 = less support for i-th model compared to the best model. 
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ABSTRACT 

The goal of this study was to investigate whether or not the inclusion of genomic 

information and epistatic genetic effects would increase the accuracy of predicted adjusted 

phenotypes and reduce prediction bias for fertility and reproduction traits in Holstein cattle. 

Phenotypic and genotypic records were available for 6,090 cows. Eight cow traits were 

assessed including 56-day non-return rate (NRR), number of services (NS), calving to first 

insemination (CTFS), first insemination to conception (FSTC), gestation length (GL), 

calving ease (CE), stillbirth (SB), and calf size (CZ). Four scenarios were assessed for their 

ability to predict adjusted phenotypes which included: 1) traditional pedigree-based Best 

Linear Unbiased Prediction (P-BLUP) with an additive genetic effect; 2) P-BLUP with 

additive and epistatic (additive by additive) genetic effects; 3) genomic BLUP (G-BLUP) 

with an additive genetic effect; and 4) G-BLUP with additive and epistatic genetic effects. 

Four variants of the epistatic relationship matrix were also compared. Prediction accuracy 

was computed as the Pearson correlation between adjusted phenotypes and predicted BVs 

divided by the square root of the total heritability (ratio of the sum of additive and epistatic 

variance to the total phenotypic variance). Fitting epistatic genetic effects had no effect on 

FSTC, CE, or SB, but produced slightly more accurate estimates of adjusted phenotypes 

for CTFS, GL, and CZ compared to the traditional additive genetic model. However, fitting 



72 
 

epistatic genetic effects resulted in an underestimation of predicted adjusted phenotypes, 

opposite to the overestimation observed when epistatic effects were not modelled. 

Removing the interaction of a marker with itself seemed to improve the bias of direct 

genomic values compared to adjusted phenotypes. Our findings suggest that epistatic 

genetic effects contribute to the variance of some fertility and reproduction traits, and their 

inclusion in genomic evaluation models may yield an improvement in the prediction of 

BVs and future phenotypes. However, the inclusion of epistatic genetic effects in the 

genomic prediction of fertility and reproduction traits is complex and should be 

investigated further.  

 

INTRODUCTION 

The ultimate goal of animal breeding programs is to improve economically 

important traits in subsequent generations. In dairy cattle, the breeding goals have changed 

over time (Miglior et al. 2017) and more recently, the dairy industry has begun to shift their 

focus towards selection for novel traits, such as fertility and reproduction traits, which have 

a direct impact on the longevity of the producing animal (Chesnais et al. 2016). As fertility 

and reproduction traits are added to national selection indices, the ability to accurately rank 

and select animals for these traits based on genetic merit has become of increasing interest 

to producers and breeding companies. Nevertheless, selection for fertility and reproduction 

traits is difficult as the traits are sex limited, measured late in life, have a low heritability, 

and are often difficult to measure. 

The introduction of genomic selection (GS) has revolutionized modern breeding 

schemes by increasing the accuracy of predicted breeding values (BVs) for young 

individuals. More accurate predictions of BVs are obtained by combining dense molecular 

genetic markers spread across the genome and phenotypic information, with statistical 

models based on additive genetic effects. While the development of GS has made 

exceptional changes to the genetic progress achieved in production and conformation traits, 

the moderate accuracy (0.35-0.40) of GS achieved for fertility and reproduction traits in 

Holstein cattle suggests that these traits may be controlled by effects which are not 

currently accounted for.  
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Although quantitative genetic models partition genetic variance into additive and 

non-additive genetic components, it is assumed that most of the variation in a phenotype 

can be captured by gene variants which combine in an additive manner. While this seems 

to work well for most traits, there is increasing evidence that complex traits, such as fertility 

and reproduction traits, are the product of synergistic forces spanned by large numbers of 

genetic polymorphisms within the genome (e.g., Huang et al. 2012). The current practice 

of ignoring genetic interactions between markers offers an opportunity to diversify the 

approach for genome assisted prediction in hopes to increase the accuracy of predicted 

BVs.   

Since the term “epistasis” was first invented by William Bateson 100 years ago to 

describe the discrepancy between the expected and observed phenotypic ratios, the term 

has since expanded to describe any set of complex interactions among genetic loci 

(Phillips, 2008). Focusing on second order additive by additive epistasis, studies have 

shown that epistatic genetic effects contribute to total genetic variance (Palucci et al. 2007; 

Sun et al. 2014; Aliloo et al. 2016; Alves et al. 2018a), and improve the prediction accuracy 

and unbiasedness of the trait when included in the model for genomic prediction (Su et al. 

2012; Sun et al. 2014; Ober et al. 2015). The ability to construct epistatic genetic 

relationship matrices from pedigree or SNP markers allows epistasis to be incorporated 

into a variant of genomic prediction, known as Genomic Best Linear Unbiased Prediction 

(G-BLUP). Yet, few studies have investigated the inclusion of epistasis in the prediction 

of BVs for fertility and reproduction traits since the availability of marker information for 

cows.  

Under an infinitesimal model, Henderson (1985) suggested that the epistatic 

relationship matrix ( 𝐀𝒂𝒂) could be derived by performing the Hadamard product operation 

(⊗) of the additive relationship matrix ( 𝐀𝒂𝒂 =  𝐀 ⊗ 𝐀). The Hadamard product 

operation of the additive relationship matrix creates a matrix with every interaction 

between SNPs counted twice (i.e., above and below the diagonal), and includes the 

interaction of a marker with itself (on the diagonal). However, recent studies have proposed 

transformations to create three variants of the epistatic relationship matrix to avoid double 
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counting for interactions between SNPs, removing the interaction of a marker with itself, 

or a combination thereof (Martini et al. 2016; Alves et al. 2018b). 

The objective of this study was to perform genomic predictions on various fertility 

and reproduction traits in Holstein cattle to assess the impact of including genomic 

information, epistasis, and variants of the epistatic genomic relationship matrix on the 

reliability of and bias in model predictions. 

 

MATERIAL AND METHODS 

Data and Editing 

Phenotypes. Phenotype data from animals born from 1953 to 2015 were obtained 

from the Canadian Dairy Network (CDN, Guelph, ON, Canada). The cow traits included 

in this study were: first insemination 56 d non-return rate (NRR), used as an early 

indication of conception rate; number of services (NS); days from calving to first 

insemination (CTFS); days from first insemination to conception (FSTC); gestation length 

in days (GL), measured as an interval from the last insemination to the subsequent calving; 

calving ease (CE), scored from 1 to 4, with 1 corresponding to unassisted calving and a 

higher value indicating more difficult calving; stillbirth (SB), defined as 0 (dead calf) or 1 

(alive calf); and calf size (CZ), scored from 1 to 4 with a higher value indicating a larger 

calf. Although NRR, CE, SB and CZ were recorded as categorical traits, they were 

analyzed by linear models.  

Data editing. Records with missing phenotypic data, and animals without 

genotypes were removed from further analyses. Thus, phenotype data for 6,617 females 

were available in this study. Of those females, 6,090 had cow records (DATAall = 6,090); 

the remaining cows were only present as heifers and their records were removed. Repeated 

records from later parities were also removed. DATAall consisted of 2nd parity (N = 5,915), 

3rd parity (N = 133) and ≥ 4th parity (N = 42) cows. Data editing, normality testing and 

descriptive statistics were performed using SAS software version 9.2 (SAS Institute, Cary 

NC, 2011). Descriptive statistics are presented in Table 5.1.  
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DATAall was divided into a training dataset (DATAtrain = 4,878) and validation 

dataset (DATAval = 1,212) by a cut off year of birth of 2012 and born in the month of July 

or later (see “Supplementary Material”, Figure 5.S1, for distribution of records by year of 

birth). DATAtrain were used as a training group to predict adjusted phenotypes of the 

genotyped cows in DATAval. DATAtrain had 364 cows who had a daughter in DATAval. The 

number of animals for the training and validation sets for specific traits is shown in Table 

5.1.  

Pedigree. The pedigree consisted of 156,869 animals, recorded for an average of 5 

generations. Sire-by-dam combinations appearing more than once gave 8,982 full-sib 

families in the pedigree, with an average family size of 3 individuals. The pedigree was 

pruned at 5 generations due to the computational demands of estimating epistatic genetic 

effects. The pedigree was analyzed using the software CFC (Sargolzaei, Iwaisaki, and 

Colleau, 2006). 

Genotypes. Genotypes were available for 40,417 animals with 45,187 Single 

Nucleotide Polymorphisms (SNPs): 33,568 males and 6,849 females. Bulls were 

genotyped with the Illumina BovineSNP50 Chip (50K) (Illumina Inc., San Diego, CA), 

while cows were genotyped with 50K chip or with lower density and accurately imputed 

to 50K using FImpute software (Sargolzaei, Chesnais, and Schenkel, 2014). Quality control 

was performed using snp1101 (Sargolzaei, 2014), resulting in 40,874 SNPs for 6,090 cows. 

SNPs were removed based on the following criteria: minor allele frequency (MAF) less 

than 5% (3,558 SNPs removed), SNP call rate lower than 95% (zero SNPs removed), 

animal call rate lower than 95% (zero animals removed), Hard-Weinberg equilibrium 

(HWE) with P-value smaller than 0.00001, heterozygosity higher than expected by > 0.15 

points (772 SNPs removed). 

 

Statistical Analysis  

P-BLUP vs. G-BLUP. Four scenarios were assessed to determine their effect on 

variance component estimation for each trait:  1) traditional pedigree-based Best Linear 

Unbiased Prediction (P-BLUP) with an additive genetic effect in the model (PA); 2) P-

BLUP with additive and epistatic (additive by additive) genetic effects (PAE); 3) genomic 
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BLUP (G-BLUP) with an additive genetic effect (GA); and 4) G-BLUP with additive and 

epistatic genetic effects (GAE). DATAall were used for variance component estimation. 

Total heritability (H2 = ratio of the sum of additive and epistatic variance to the total 

phenotypic variance) for each scenario were calculated from this analysis.  

The same four scenarios (PA, PAE, GA, and GAE) were assessed for their ability 

to predict adjusted phenotypes (adjusted for all known fixed and random environmental 

effects). Estimated breeding values (EBVs) were obtained from PA and PAE, and direct 

genomic breeding values (DGVs) were obtained from GA and GAE. These scenarios were 

chosen to compare the use of traditional evaluations to the use of genomic information on 

cows, and to determine whether fitting epistatic genetic effects would help to better predict 

the adjusted cow phenotypes.  

Variants of GAE. Four variants of the epistatic genomic relationship matrix were 

assessed for their ability to predict adjusted phenotypes: 1) a matrix which counts 

interactions between SNPs twice, and includes the interaction of a marker with itself 

(Eq.1); 2) a matrix which counts interactions between SNPs twice, but removes the 

interaction of a marker with itself (Eq.2); 3) a matrix which counts interactions between 

SNPs once, but includes the interaction of a marker with itself (Eq.3); and 4) a matrix 

which counts interactions between SNPs once, and removes the interaction of a marker 

with itself (Eq.4). DGVs were obtained from Eq.1 – Eq.4. These equations were used to 

compare the ability of models with different epistatic genomic relationship matrices to 

predict adjusted cow phenotypes, and to determine the effect of blending the constructed 

matrices with their expected counterparts.  

 

Trait Models 

Single trait models for the traits evaluated in this study were adapted from Jamrozik 

et al. (2005). Fixed and random effects, in addition to the genetic effects, which were 

included in the models for each trait are shown in Table 5.2. All models were fitted using 

the Restricted Maximum Likelihood (REML) procedure as implemented in ASReml 4.1 

(Gilmour et al. 2015). 
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Fixed effects. The fixed effects were: region by year of birth by month of birth 

(RYM); age at current calving by month of current calving by sex of calf by parity 

(AcMcX); age at previous calving by month of first insemination by parity (ApMf); age at 

previous calving by month of previous calving by parity (ApMp); and ApMp by sex of 

calf (ApMpX). Age classes were set up on a monthly scale. Four seasons of birth were 

defined as: December-February, March-June, July-September, and October-November. 

Sex of calf was coded in 3 categories: female, male and unknown (i.e., unrecorded). 

Random effects. The random effects were: herd by year of birth (HY); artificial 

insemination (AI) technician (T); service sire (SS); sire of calf (SC); animal additive 

genetic effect (A); and epistatic genetic effect (I). HY was included in the model to account 

for contemporary group. Residuals were assumed to be uncorrelated. The models’ 

assumptions included:  

HY ~ N(0, 𝐈σhy 
2 ), T ~ N(0, 𝐈σt 

2), ss ~ N(0, 𝐀𝐬𝐬σss 
2 ), sc ~ N(0, 𝐀𝐬𝐜σsc 

2 ), a ~ N(0, 𝐀σa 
2 ),    

i ~ N(0,  𝐀𝒂𝒂𝑿
σi 

2), and e ~ N(0, 𝐈σe 
2 ), where σhy 

2 is the herd year variance, σt 
2 is the AI 

technician variance, σss 
2  is the service sire variance, σsc 

2 is the sire of calf variance, σa 
2 is 

the additive genetic variance, σi 
2 is the epistatic genetic variance, σe 

2  is the residual 

variance, 𝐈 is an identity matrix, and 𝐀𝐬𝐬, and 𝐀𝐬𝐜 are additive genetic relationship matrices 

for their respective effects and traced back in the pedigree five generations, 𝐀 is an additive 

genetic relationship matrix (𝐀𝐏 if constructed with pedigree information; 𝐀𝐆 if constructed 

with genomic information), and  𝐀𝒂𝒂𝑿
 is the epistatic genetic relationship matrix for the x-

th equation (described below in Covariance Matrix Formation).  

Mixed Models. The BVs were calculated for each trait based on the following 

mixed models: 𝒚 = 𝑿𝜷 +  𝒁𝒂𝒂 + 𝒆 for PA and GA, and 𝒚 = 𝑿𝜷 +  𝒁𝒂𝒂 +  𝒁𝒊𝒊 + 𝒆 for 

PAE, GAE, and Eq.1 – Eq.4, where 𝒚 is a vector of adjusted phenotypes (adjusted for all 

known fixed and random environmental effects); 𝜷 is a vector of fixed effects; 𝒂 is a vector 

of random animal additive genetic effects; 𝒊 is a vector of random epistatic genetic effects 

(additive by additive); e is a vector of random residuals; and 𝑿, 𝒁𝒂, and 𝒁𝒊, are the 

corresponding incidence matrices.  
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Covariance Matrix Formation  

Throughout this section, we use the following notations: let n be the number of 

genotypes having phenotypic records, and p be the number of markers. Let X = (𝑥𝑖𝑗) be the 

n x p matrix of SNP markers, where 𝑥𝑖𝑗 equals the number of a chosen allele at the j-th 

locus for the i-th genotype. Let 𝑥𝑖 be the i-th row of the matrix X, which is the marker 

profile of the i-th genotype. Let 𝑝𝑗 be the allele frequency of the j-th marker.  

Pedigree. The numerator relationship matrix (𝐀𝐏) was created using the makeA 

function of the R package “nadiv” (Wolak, 2012), with R software version 3.1.3 (R Core 

Team, 2015).  The epistatic relationship matrix derived from pedigree information ( 𝐀𝒂𝒂𝑷
) 

was constructed from 𝐀𝐏 by performing the Hadamard product operation (⊗) according 

to Su et al. (2012).  

Genotypes. The additive genomic relationship matrix (𝐀𝐆) is an n x n matrix created 

in snp1101 according to the VanRaden method (Sargolzaei, 2014; VanRaden, 2008):  

𝐀𝐆 =
𝐙𝐙′

∑ 𝟐𝐩𝐢𝐪𝐢
 

where 𝒁 = (𝑧𝑖𝑗) is an n x p matrix with 𝑧𝑖𝑗 = 𝑥𝑖𝑗 − 2𝑝j. The 𝐀𝐆 matrix approaches the well-

known numerator relationship matrix (𝐀𝑷) as the number of markers increases (Habier, 

Fernando, and Dekkers, 2007). 𝐀𝐆 was blended with 5% of the expected relationship 

matrix for polygenic effects to guarantee singularity of the 𝐀𝐆 matrix. The epistatic 

genomic relationship matrix derived from genomic information ( 𝐀𝒂𝒂𝑮
) was constructed 

from 𝐀𝐆 by performing the Hadamard product operation (⊗) according to Su et al. (2012). 

Thus, the 5% polygenic effect was blended prior to multiplication of the matrices.  

 Epistatic matrix variants. Focusing exclusively on additive by additive epistasis, 

four variants of the epistatic relationship matrix were constructed in R (R Core Team, 

2015). All four of the epistatic relationship matrices were blended with a 5% polygenic 

effect after construction to invert the matrix.  
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The classic construction of the epistatic relationship matrix ( 𝐀𝒂𝒂𝟏
) was derived by 

performing the Hadamard product operation (⊗) of the additive genomic relationship 

matrix (𝐀𝐆 without a polygenic effect):  

 𝐀𝒂𝒂𝟏
= 𝐀𝐆  ⊗ 𝐀𝐆  (Eq. 1) 

This matrix considered every interaction between markers twice, and included the 

interaction of a marker with itself. This variant of the epistatic matrix is of importance since 

it assumes an infinitesimal model, and can serve as a reference (Henderson 1985; Martini 

et al. 2016). 

 Martini et al. (2016) proposed two transformations to the epistatic matrix to adjust 

for double counting for interactions, and including the interaction of a marker with itself. 

The first transformation being: 

 𝐀𝒂𝒂𝟐
 =  0.5𝐀𝒂𝒂𝟏

− 0.5(𝒁𝑖 ∙𝒁𝑗 )( 𝒁𝑖 ∙𝒁𝑗 )’  (Eq.2) 

where  𝐀𝒂𝒂𝟏 is as described above,  𝒁𝑖 ∙𝒁𝑗  is the element-wise product of the two vectors 

𝒁𝑖  and 𝒁𝑗, and  𝐀𝒂𝒂𝟐
 is the epistatic genomic relationship matrix from Eq.2. This matrix 

transforms the Hadamard product of matrices by removing the interaction of a marker with 

itself. The second transformation being:  

 𝐀𝒂𝒂𝟑
 =  0.5𝐀𝒂𝒂𝟏

+ 0.5(𝒁𝑖 ∙𝒁𝑗 )( 𝒁𝑖 ∙𝒁𝑗 )’  (Eq.3) 

where  𝐀𝒂𝒂𝟏 , 𝒁𝑖  , and  𝒁𝑗 are as described above, and  𝐀𝒂𝒂𝟑
is the epistatic genomic 

relationship matrix from Eq.3. This matrix transforms the Hadamard product of matrices 

by counting each interaction between SNPs once, and including the interaction of a marker 

with itself. The proof of these transformations can be found in the “Supporting 

information” of Martini et al. (2016).  

 An additional transformation was proposed by Alves et al. (2018b) to create a 

matrix where each interaction between SNPs is counted once, and the interaction of a 

marker with itself is removed (i.e., Eq.3 is used and the diagonals are set zero).  
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In summary, Eq.1 counts interactions between SNPs twice, and includes the 

interaction of a marker with itself; Eq.2 counts interactions between SNPs twice, but 

removes the interaction of a marker with itself; Eq.3 counts interactions between SNPs 

once, but includes the interaction of a marker with itself; Eq.4 counts interactions between 

SNPs once, and removes the interaction of a marker with itself. 

 

Model Comparison  

Correlation. Pearson product-moment correlation coefficients (Corr) were 

calculated between breeding values (EBVs or DGVs) and adjusted phenotypes for each of 

the models in R software (R Core Team, 2015).  

Accuracy. The accuracy (Acc) of the EBVs from PA and PAE, and DGVs from 

GA, GAE, and Eq.1-4, were derived for each validation population as the Corr between 

EBVs (or DGVs) and adjusted phenotypes, divided by the square root of the total 

heritability (i.e., Acc = Corr / √𝐻2).  

Reliability. The realized reliability (Rel) was calculated as the squared Acc (i.e., Rel 

= Acc2).  

Bias. Bias of prediction (i.e., regression coefficient, b) was calculated using a 

simple linear regression in R software (R Core Team, 2015) of the adjusted phenotypes on 

the EBVs (or DGVs).  

Blending. The effect of blending the matrix with a 5% polygenic effect before and 

after matrix multiplication was assessed by comparing results from GAE and Eq.1 (i.e., 

𝐀𝐚𝐚𝐆
 was blended prior to matrix multiplication, and  𝐀𝒂𝒂𝟏

 was blended after matrix 

multiplication).  
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RESULTS 

Variance Component Estimation  

Estimates of additive genetic variance and epistatic genetic variance differed 

among traits and models. In general, the proportion of phenotypic variance (Vp) due to 

epistasis (I) was larger than the proportion of variance due to additive (A) effects (Table 

5.3). Standard errors were often large when estimating epistatic genetic effects, especially 

when fitting pedigree-based relationship matrices.  

 

Prediction of Breeding Values 

Total heritability, Pearson correlations, observed accuracies, realized reliabilities, 

and linear regression coefficients for the cow traits in the four different scenarios (PA, 

PAE, GA, and GAE) are reported in Table 5.4. Pearson correlations were slightly higher 

for genomic models compared to pedigree models for CTFS, FSTC, GL, and SB ranging 

from 0.032 to 0.131, and 0.020 to 0.100, respectively. Fitting epistatic genetic effects had 

no significant effect on the prediction accuracy of FSTC, CE, or SB, but produced less 

accurate estimates of adjusted phenotypes for NRR, and NS, and slightly more accurate 

estimates for CTFS and GL compared to the traditional and genomic additive genetic 

model (PA and GA). Fitting epistatic genetic effects in P-BLUP for CZ produced more 

accurate predictions of adjusted phenotypes. However, fitting epistatic genetic effects in 

G-BLUP for CZ produced less accurate prediction.  

Fitting epistatic genetic effects resulted in an underestimation of predicted adjusted 

phenotypes for NRR, CTFS, GL, and CZ, opposite to the overestimation observed when 

epistatic genetic effects were not modelled. Fitting epistatic genetic effects resulted in 

further underestimation for SB and NS, and had no effect on the bias for FSTC or CE.  

 

Variants of GAE 

Total heritability, Pearson correlations, observed accuracies, realized reliabilities, 

and linear regression coefficients for the cow traits with four variants of the epistatic 

genomic relationship matrix (Eq.1 – Eq.4) are reported in Table 5.5. These models differ 
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in the amount of total heritability explained for the traits, with not one specific model 

consistently explaining more genetic variation over the other models. The epistatic 

genomic relationship variants did not result in a significant difference in the Pearson 

correlations. However, because of the variation in genetic variability explained by the 

models, the accuracy of the predicted adjusted phenotypes varied. Removing the 

interaction of a marker with itself improved the accuracy of predicted adjusted phenotypes 

for NRR, CTFS, and SB (Eq.2), and NS, CE, and CZ (Eq.4). Removing the interaction of 

a marker with itself also improved the unbiasedness of predicted adjusted phenotypes for 

NRR, CTFS, SB, and CZ (Eq.2), and GL (Eq.4).  

 

Blending 

A concatenated table of total heritabilities and regression coefficients to compare 

the effect of blending on the bias of the traits can be found in “Supplementary Material”, 

Table 5.S1. Apart from FSTC and CE, blending the 5% polygenic effect after performing 

the Hadamard product of the matrices (i.e.,  𝐀𝒂𝒂𝟏
) always reduced the bias of predicting 

adjusted phenotypes.  

 
 

DISCUSSION 

Incorporating interactions between genes to help improve our understanding of the 

genetic architecture of complex traits has been discussed extensively, and has been 

assessed as potentially useful for the prediction of complex traits (e.g., Su et al. 2012; 

Muñoz et al. 2014; Martini et al. 2016). Evidence from other studies indicates that G-BLUP 

with an epistatic genetic effect would yield more accurate predictions of BVs and future 

phenotypes compared to its pedigree-based counterpart, and would improve the prediction 

unbiasedness for the trait (Su et al. 2012; Sun et al. 2014; Ober et al. 2015). Thus, it was 

expected that the model which included genomic information and epistatic genetic effects 

(GAE) would result in the most accurate predicted adjusted phenotypes, and reduce 

prediction bias. However, there was not a clear advantage of incorporating genomic 

information and epistatic genetic effects into the prediction model.  



83 
 

Studies have shown that pedigree relationship matrices differ from their marker-

based counterparts in their ability to dissect epistatic genetic variance from additive genetic 

variance (Muñoz et al. 2014; Bouvet et al. 2016). These differences could arise from the 

fact that P-BLUP estimates the expected fraction of shared alleles, where as G-BLUP 

identifies the actual fraction of allele sharing (Muñoz et al. 2014). This difference has been 

demonstrated by the decrease in epistatic genetic variance for FSTC and CZ, and increase 

in epistatic genetic variance for NRR, NS, CTFS, and GL (Table 5.3). 

Muñoz et al. (2014) and Bouvet et al. (2016) showed that G-BLUP models reduce 

the overestimation of additive variance, and improve the estimation of epistatic genetic 

effects by minimizing the downward bias associated with the estimation of epistatic 

variance. We found the bias was reduced when GAE was compared to its pedigree-based 

counterpart (PAE) for NRR, NS, GL, and CZ, but not for the other traits (Table 5.4). In 

addition, Pearson correlations were only slightly higher for genomic models compared to 

pedigree models for CTFS, FSTC, GL, and SB. Hence, there was not a clear indication as 

to which method predicts adjusted phenotypes more accurately for the traits. The 

interpretation of these results is complex, as the precise dissection of additive and epistatic 

genetic variance is difficult.  

 The precise dissection of additive and epistatic genetic variance is difficult due to 

the confounding of the additive and epistatic genetic effects. Confounding arises from 

linkage disequilibrium (LD) and selection, and from the coding of the SNP markers in the 

construction of the matrices (Alves et al. 2018b). Thus, a proportion of variance due to the 

interaction of alleles can manifest of additive genetic variance (Hill, Goddard, and 

Visscher, 2008; Su et al. 2012; Sun et al. 2014). Overestimation of additive genetic 

variance is a problem in breeding programs as it inflates the EBVs, resulting in exaggerated 

expected genetic gains. The results from this study corroborate with these previous 

observations, as the inclusion of an epistatic genetic effect resulted in a decrease in the 

additive genetic variance. 

While quantifying genetic variance precisely in a breeding population is difficult 

due to the confounding of the additive and epistatic genetic effects, understanding the 

relationship between these effects would improve the understanding of the genetic 



84 
 

architecture and control of these traits. Previous studies have attempted to dissect additive 

and epistatic genetic variance using pedigree and genomic information, and have found 

that the epistatic genetic variance can contribute a substantial proportion to total phenotypic 

variance (Muñoz et al. 2014; Bouvet et al. 2016).  

In this study, we observed that the epistatic genetic effects account for a large 

proportion of the total phenotypic variance (i.e., up to 28%) for several of the fertility and 

reproduction traits. Assuming the interactions detected by the epistatic genetic effects in 

this study have a biological significance, the variance components could provide evidence 

for the interpretation of accuracies of the predicted adjusted phenotypes. For example, we 

have shown that FSTC, CE, and SB have close to zero epistatic genetic variance in 

proportion to total phenotypic variance (0 to 2.7%, 0%, and 0 to 4.4%, respectively) when 

fitting the Hadamard product of matrices. In parallel, fitting epistatic genetic effects in the 

prediction model had no effect on the prediction accuracy for FSTC, CE, and SB. Whereas, 

the epistatic genetic variance for CTFS and GL contributes more variation in proportion to 

total phenotypic variance (7.6 to 10% and 24 to 28%, respectively) than FSTC, CE, and 

SB, and thus the inclusion of an epistatic genetic effect resulted in slightly more accurate 

predicted adjusted phenotypes for these traits. As follows, it can be suggested that the 

inclusion of epistatic genetic effects, where they contribute to the phenotypic variance of 

the trait, will slightly increase the accuracy of predicted adjusted phenotypes. 

 Contrarily, the ratio of epistatic genetic variance to total phenotypic variance for 

NRR, NS, and CZ were low-to-moderate (0.5 to 5.6%, 2.2 to 10%, and 3.1 to 15%, 

respectively), and yet the inclusion of an epistatic genetic effect in the prediction model 

resulted in less accurate predicted adjusted phenotypes. This could provide evidence as to 

which models are describing real interactions between genes, compared to ones that are 

simply modelling statistical artifacts of the data. Because, if these variance components 

were indeed dissecting epistatic genetic variance due to real interactions between SNPs 

from the additive genetic variance, one would expect to get more accurate predictions. 

However, one needs to keep in mind that the adjusted phenotypes used as proxy of the BVs 

are themselves lowly accurate.  
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Interestingly, the inclusion of an epistatic genetic effect in the model for NRR, NS, 

and CZ results in an additive genetic variance close to zero. This suggests that when the 

model increases the estimate of the epistatic genetic variance, it does so by taking it directly 

from the additive genetic variance, and vice versa (Personal Communication, Wolak, M., 

2017). This is in part due to the fact that the additive and epistatic genetic effects could be 

confounded, and might explain why the BVs were underestimated.  

The variants of the epistatic genetic relationship matrix varied in the amount of total 

genetic variance explained by the model. However, the Pearson correlation between the 

DGVs and adjusted phenotypes did not change significantly. While there were no clear 

advantages to one matrix over the other, Eq.2 resulted in the least bias estimates for NRR, 

CTFS, SB, and CZ. This is an important result as a previous study has also shown that 

when comparing the approaches to model the epistatic genetic effects using the estimation 

error correlation, Eq.2 always outperformed the other equations (i.e., had a lower 

estimation error correlation between the additive and epistatic genetic effects) (Alves et al. 

2018b). Thus, removing the interaction of a marker with itself resulted in less confounding 

between the additive and epistatic genetic effects. Together with the results from this study, 

there is evidence that transforming the epistatic genetic relationship matrix to remove the 

interaction of a marker with itself may be the best way to model epistatic genetic effects in 

future studies.  

Overall, the accuracies observed in this study were likely underestimated due to the 

low accuracy of the adjusted cow phenotypes, impelled by the limited size of the cow 

training population used here. In addition, since adjusted phenotypes are not very accurate, 

a lower correlation between EBVs (or DGVs) and adjusted phenotypes does not necessarily 

mean to be further away from predicting the true BV of the animal.  

The question of whether interactions should be modelled in breeding programs 

remains open, since interactions between genes can be “lost” when other alleles change 

(Martini et al. 2016). However, by selecting for a combination of traits, we are inevitably 

selecting for a favourable combination of alleles. In addition, while selection for novel 

traits in the dairy industry continues, the ability to accurately rank and select animals for 

these traits based on genetic merit is important to manage long-term genetic gain. 
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Therefore, further research in this area is needed to find ways to more precisely dissect 

additive and epistatic genetic variance, and fully exploit the potential benefits of 

incorporating interactions between genes to improve our understanding of the genetic 

architecture of complex traits.  In the next research steps, a genome-wide association study 

to detect regions of the Holstein cow genome associated with epistatic genetic effects was 

performed.  

 

CONCLUSIONS 

It was expected that the model which included genomic information and epistatic 

genetic effects would result in the most accurate predicted BVs, and reduce prediction bias. 

However, Pearson correlations were only slightly higher for genomic models compared to 

pedigree models for CTFS, FSTC, GL, and SB, and the bias was reduced for NRR, NS, 

GL, and CZ with the inclusion of genomic information, but not for the other traits. In 

addition, while epistatic genetic variance explained between 0 and 28% of the total 

phenotypic variance for the analyzed fertility and reproduction traits, there was not a clear 

advantage to incorporating epistatic genetic effects into the prediction model to improve 

prediction accuracy or reduce prediction bias. Although the Pearson correlation between 

the DGVs and adjusted phenotypes did not change significantly between the four variants 

of the epistatic genetic relationship matrix, removing the interaction of a marker with itself 

seems to improve the bias of DGVs compared to adjusted phenotypes. These results 

suggest that epistatic genetic effects do contribute to the variance of some fertility and 

reproduction traits, and their inclusion in genomic evaluation models may yield an 

improvement in the prediction of BVs and future phenotypes. 
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TABLES 

 

 

Table 5.1. Number of animals in the data set (Total), training group (Train), validation 

group (Valid) and descriptive statistics for fertility traits in Holstein cattle (N = 6,090)  

Trait1 Total Train Valid Mean SD2 Min Max 

NRR 5,942 4,737 1,205 0.53 0.50 0 1 

NS 5,934 4,731 1,203 2.10 1.50 1 18 

CTFS 5,940 4,735 1,205 77 21 14 243 

FSTC 5,571 4,560 1,011 35 46 0 206 

GL 5,812 4,663 1,149 279 6.50 240 300 

CE 5,326 4,281 1,045 1.30 0.57 1 4 

SB 5,326 4,281 1,045 0.96 0.20 0 1 

CZ 5,388 4,344 1,044 2.20 0.57 1 3 
1NRR = first insemination non-return rate to 56 days after first insemination as a heifer, NS 

= number of services, CTFS = days from calving to first insemination, FSTC = days from 

first insemination to conception, GL = gestation length measured as an interval from the last 

insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating poorer calving ease, SB = 

stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a higher value 

indicating a larger calf 
2SD = standard deviation 
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Table 5.2. Effects included in the genetic models for genetic parameter estimation for 

the traits 

 Fixed effects2  Random effects3 

Trait1 RYM AcMcX ApMf ApMp ApMpX  HY T SS SC A 

NRR ●     ●    ●  ● ●  ● 

NS ●     ●    ●    ● 

CTFS ●   ●   ●     ● 

FSTC ●     ●    ●    ● 

GL ●    ●  ●   ● ● 

CE ●  ●     ●   ● ● 

SB ●  ●     ●   ● ● 

CZ ●  ●     ●   ● ● 

1NRR = first insemination non-return rate to 56 days after first insemination as a heifer, NS 

= number of services, CTFS = days from calving to first insemination, FSTC = days from 

first insemination to conception, GL = gestation length measured as an interval from the last 

insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating poorer calving ease, SB = 

stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a higher 

value indicating a larger calf 
2RYM = region by year of birth by month of birth, AcMcX = age at current calving by month 

of current calving by sex of calf by parity, ApMf = age at previous calving by month of first 

insemination by parity, ApMp = age at previous calving by month of previous calving by 

parity, ApMpX = ApMp by sex of calf 
3HY = herd by year of birth, T = AI technician, SS = service sire, SC = sire of calf, A = 

random animal effect 
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Table 5.3. Estimates of phenotypic variance (Vp) and ratios with respect to 

phenotypic variance for additive genetic (A), epistatic (I), and residual (e) 

variances for cow traits in four different scenarios (± SE) 

Trait1 Model2 Vp A I E 

NRR 

PA 

PAE 

GA 

GAE 

0.25 

0.25 

0.25 

0.25 

0.011 (0.01) 

0 

0.011 (0.01) 

0 

 

0.045 (0.04) 

 

0.056 (0.07) 

0.97 (0.02) 

0.93 (0.04) 

0.97 (0.01) 

0.92 (0.01) 

NS 

PA 

PAE 

GA 

GAE 

2.2 

2.2 

2.2 

2.3 

0.015 (0.02) 

0 

0.033 (0.01) 

0.022 (0.01) 

 

0.071 (0.05) 

 

0.10 (0.01) 

0.94 (0.02) 

0.89 (0.05) 

0.93 (0.02) 

0.84 (0.07) 

CTFS 

PA 

PAE 

GA 

GAE 

446.1 

442.4 

445.3 

445.2 

0.049 (0.02) 

0.022 (0.04) 

0.022 (0.01) 

0.013 (0.01) 

 

0.076 (0.09) 

 

0.10 (0.06) 

0.68 (0.02) 

0.63 (0.07) 

0.70 (0.02) 

0.61 (0.06) 

FSTC 

PA 

PAE 

GA 

GAE 

2,087.6 

2,082.3 

2,090.0 

2,090.0 

0.007 (0.01) 

0 

0.027 (0.01) 

0.027 (0.01) 

 

0.026 (0.03) 

 

0 

0.97 (0.01) 

0.95 (0.03) 

0.95 (0.01) 

0.95 (0.01) 

GL 

PA 

PAE 

GA 

GAE 

40.1 

39.1 

39.9 

40.0 

0.13 (0.03) 

0.036 (0.07) 

0.10 (0.02) 

0.065 (0.02) 

 

0.24 (0.20) 

 

0.28 (0.09) 

0.78 (0.04) 

0.63 (0.10) 

0.80 (0.02) 

0.56 (0.08) 

CE 

PA 

PAE 

GA 

GAE 

0.32 

0.32 

0.32 

0.32 

0.038 (0.02) 

0.038 (0.02) 

0.017 (0.01) 

0.017 (0.01) 

 

0 

 

0 

0.85 (0.03) 

0.85 (0.03) 

0.87 (0.02) 

0.87 (0.07) 

SB 

PA 

PAE 

GA 

GAE 

0.037 

0.037 

0.037 

0.037 

0.024 (0.02) 

0.024 (0.02) 

0.023 (0.01) 

0.017 (0.02) 

 

0 

 

0.044 (0.06) 

0.96 (0.02) 

0.96 (0.02) 

0.96 (0.01) 

0.93 (0.07) 

CZ 

PA 

PAE 

GA 

GAE 

0.33 

0.32 

0.33 

0.33 

0.072 (0.03) 

0 

0.049 (0.01) 

0.031 (0.02) 

 

0.20 (0.20) 

 

0.15 (0.09) 

0.79 (0.03) 

0.66 (0.10) 

0.81 (0.02) 

0.68 (0.08) 
1NRR = first insemination non-return rate to 56 days after first insemination as a cow, NS 

= number of services, CTFS = days from calving to first insemination, FSTC = days from 

first insemination to conception, GL = gestation length measured as an interval from the 

last insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating poorer calving ease, 

SB= stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a 

higher value indicating a larger calf.  
2MA = additive model, MAE = additive and epistatic model, MAD = additive and 

dominance model, MAED = additive, epistatic, and dominance model (full model)  
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Table 5.4. Total heritability (H2), Pearson correlations (Corr), observed 

accuracies (Acc = Corr / √𝐻2), realized reliabilities (Rel = Acc2), and linear 

regression coefficients (b) for the cow traits in four different scenarios 

Trait1 Scenario2 H2,3 Corr Acc Rel b 

NRR PA 0.045 0.024* 0.113 0.013 1.205   
 PAE 0.045 0.023 0.108 0.012 1.633   
 GA 0.061 0.020 0.081 0.007 0.806†   
 GAE 0.061 0.017 0.069 0.005 1.601   

NS PA 0.071 0.044* 0.165 0.027 1.844   
 PAE 0.071 0.043 0.161 0.026 3.609   
 GA 0.122 0.034 0.097 0.009 0.444   
 GAE 0.122 0.029 0.083 0.007 0.662†   
CTFS PA 0.098 0.076 0.243 0.059 0.629 

 PAE 0.098 0.079 0.252 0.064 1.432 

 GA 0.113 0.079 0.235 0.055 0.804† 

 GAE 0.113 0.080* 0.238 0.057 1.483 

FSTC PA 0.026 0.020 0.124 0.015 1.512 

 PAE 0.026 0.020 0.124 0.015 1.137† 

 GA 0.027 0.032* 0.195 0.038 0.589 

 GAE 0.027 0.032* 0.195 0.038 0.589 

GL PA 0.276 0.100 0.190 0.036 0.779 

 PAE 0.276 0.103 0.196 0.038 2.762 

 GA 0.345 0.129 0.220 0.048 0.871† 

 GAE 0.345 0.131* 0.223 0.050 1.320 

CE PA 0.038 0.025* 0.128 0.016 0.454† 

 PAE 0.038 0.025* 0.128 0.016 0.454† 

 GA 0.017 -0.008 -0.061 0.004 -0.191 

 GAE 0.017 -0.008 -0.061 0.004 -0.191 

SB PA 0.024 0.054 0.349 0.122 1.334 

 PAE 0.024 0.054 0.349 0.122 1.334 

 GA 0.061 0.062* 0.251 0.063 1.326† 

 GAE 0.061 0.062* 0.251 0.063 1.764 

CZ PA 0.200 0.064 0.143 0.020 0.826† 

 PAE 0.200 0.070* 0.157 0.025 1.725 

 GA 0.181 0.024 0.056 0.003 1.205 

 GAE 0.181 0.023 0.054 0.003 1.633 
1NRR = first insemination non-return rate to 56 days after first insemination as a cow, NS = 

number of services, CTFS = days from calving to first insemination, FSTC = days from first 

insemination to conception, GL = gestation length measured as an interval from the last 

insemination to the subsequent calving, CE = calving ease scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating poorer calving ease, SB= 

stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with a higher value 

indicating a larger calf.  
2PA = P-BLUP with additive genetic effect, PAE = P-BLUP with additive and epistatic genetic 

effect, GA = G-BLUP with additive genetic effect, GAE = G-BLUP with additive and epistatic 

genetic effect 
3Total heritability from Alves et al. (2018a) 

*Highest correlation between EBV (DGV) and adjusted phenotype 

†Regression coefficient closest to one 
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Table 5.5. Total heritability (H2), Pearson correlations (Corr), observed accuracies 

(Acc = Corr / √𝐻2), realized reliabilities (Rel = Acc2), and linear regression coefficients 

(b) for the cow traits using four variations of the epistatic genomic relationship matrix  

Trait1 Model2 H2,3 Corr Acc Rel b 

NRR Eq1 0.060 0.017 0.069 0.005 1.317 

 Eq2 0.027 0.018* 0.110 0.012 0.710† 

 Eq3 0.059 0.017 0.070 0.005 3.161 

 Eq4 0.060 0.017 0.069 0.005 3.562 

NS Eq1 0.117 0.029 0.085 0.007 0.605 

 Eq2 0.059 0.033* 0.136 0.018 0.496 

 Eq3 0.094 0.031 0.101 0.010 0.678† 

 Eq4 0.033 0.033* 0.182 0.033 0.515 

CTFS Eq1 0.117 0.080* 0.234 0.055 1.310 

 Eq2 0.038 0.080* 0.410 0.168 0.792† 

 Eq3 0.128 0.079 0.221 0.049 2.357 

 Eq4 0.086 0.079 0.269 0.073 1.484 

FSTC Eq1 0.027 0.032* 0.195 0.038 0.589† 

 Eq2 0.141 0.032* 0.085 0.007 0.519 

 Eq3 0.027 0.032* 0.195 0.038 0.589† 

 Eq4 0.027 0.032* 0.195 0.038 0.589† 

GL Eq1 0.339 0.131 0.225 0.051 1.219 

 Eq2 0.203 0.129 0.286 0.082 0.838 

 Eq3 0.258 0.132* 0.260 0.068 1.272 

 Eq4 0.168 0.131 0.320 0.102 1.046† 

CE Eq1 0.019 -0.008* -0.058 0.003 -0.188† 

 Eq2 0.026 -0.005 -0.031 0.001 -0.914 

 Eq3 0.017 -0.005 -0.038 0.001 -0.981 

 Eq4 0.017 -0.007 -0.054 0.003 -0.286 

SB Eq1 0.063 0.062 0.247 0.061 1.732 

 Eq2 0.023 0.062 0.409 0.167 1.326 

 Eq3 0.144 0.063 0.166 0.028 4.352 

 Eq4 0.060 0.063 0.257 0.066 1.961 

CZ Eq1 0.181 0.077 0.181 0.033 1.357 

 Eq2 0.140 0.081* 0.216 0.047 0.920† 

 Eq3 0.113 0.079 0.235 0.055 1.265 

 Eq4 0.083 0.080 0.278 0.077 1.119 
1NRR = first insemination non-return rate to 56 days after first insemination as a cow, NS = number of 

services, CTFS = days from calving to first insemination, FSTC = days from first insemination to 

conception, GL = gestation length measured as an interval from the last insemination to the subsequent 

calving, CE = calving ease scored from 1 to 4, with 1 corresponding to unassisted calving and a higher 

value indicating poorer calving ease, SB= stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size 

scored 1 to 4, with a higher value indicating a larger calf  
2EqA = additive-only model, Eq1 = counts interactions between SNPs twice, and includes the interaction 

of a marker with itself, Eq2 = counts interactions between SNPs twice, but removes the interaction of a 

marker with itself, Eq3 = counts interactions between SNPs once, but includes the interaction of a marker 

with itself, Eq4 = counts interactions between SNPs once, and removes the interaction of a marker with 

itself  
3Total heritability from Alves et al. (2018b) 
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SUPPLEMENTARY MATERIAL 

 

 

Table 5.S1. Total heritability (H2) and regression coefficient (b) for the 

traits to compare the effect of blending the epistatic relationship matrices  

Trait1 Matrix2 H2 b 

NRR  𝐀𝒂𝒂𝑮
 0.061 1.601 

  𝐀𝒂𝒂𝟏
 0.060 1.317 

NS  𝐀𝒂𝒂𝑮
 0.122 0.662 

  𝐀𝒂𝒂𝟏
 0.117 0.605 

CTFS  𝐀𝒂𝒂𝑮
 0.113 1.483 

  𝐀𝒂𝒂𝟏
 0.117 1.310 

FSTC  𝐀𝒂𝒂𝑮
 0.027 0.589 

  𝐀𝒂𝒂𝟏
 0.027 0.589 

GL  𝐀𝒂𝒂𝑮
 0.345 1.320 

  𝐀𝒂𝒂𝟏
 0.339 1.219 

CE  𝐀𝒂𝒂𝑮
 0.017 -0.191 

  𝐀𝒂𝒂𝟏
 0.019 -0.188 

SB  𝐀𝒂𝒂𝑮
 0.061 1.764 

  𝐀𝒂𝒂𝟏
 0.063 1.732 

CZ  𝐀𝒂𝒂𝑮
 0.181 1.633 

  𝐀𝒂𝒂𝟏
 0.181 1.357 

1NRR = first insemination non-return rate to 56 days after first insemination as 

a cow, NS = number of services, CTFS = days from calving to first 

insemination, FSTC = days from first insemination to conception, GL = 

gestation length measured as an interval from the last insemination to the 

subsequent calving, CE = calving ease scored from 1 to 4, with 1 corresponding 

to unassisted calving and a higher value indicating poorer calving ease, SB= 

stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size scored 1 to 4, with 

a higher value indicating a larger calf  
2 𝐀𝒂𝒂𝑮

 = epistatic genomic relationship matrix with 5% polygenic effect blended 

prior to Hadamard product,  𝐀𝒂𝒂𝟏
= epistatic genomic relationship matrix with 

5% polygenic effect blended after Hadamard product 
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Figure 5.S1. Distribution of records for the training (blue, N = 4,878) and validation 

(orange, N = 1,212) datasets displayed by year of birth  
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CHAPTER 6 

 

A genome-wide association study for epistatic genetic effects on fertility and 

reproduction traits in Holstein cattle 

 

K. Alves*,1, C. F. Baes*, M. Sargolzaei*†, J. A. B. Robinson*, and F. S. Schenkel* 

 

*Center for Genetic Improvement of Livestock, Department of Animal Biosciences, 

University of Guelph, 50 Stone Road East, Guelph, Ontario N1G 2W1, Canada 

† The Semex Alliance, Guelph, Ontario, N1G 2W1, Canada  

 
 

ABSTRACT 

In this study, a genome scan was performed with 41,640 single nucleotide 

polymorphism (SNP) markers to identify chromosomal regions associated with epistatic 

(additive by additive) effects. Nine fertility and reproduction traits were analyzed on 5,825 

heifers and 6,090 cows with phenotypes and genotypes from a population of Canadian 

Holsteins. The Marginal Epistasis Test (MAPIT) was used to identify SNPs with 

significant marginal epistatic effects at a chromosome-wise 5% and 10% false discovery 

rate (FDR) level. Quantile-quantile (Q-Q) plots for MAPIT suggest that the significant 

SNPs are likely threatened by population stratification. Thus, -log10(P) values were 

adjusted by the genomic inflation factor (λ) to correct for the bias on the P-values and 

minimize the possible effects of stratification. After adjustments, MAPIT identified regions 

with significant marginal epistatic effects for heifers on BTA5 for age at first insemination 

(AFS), BTA3 and 24 for non-return rate (NRR), BTA16 and 28 for gestation length (GL), 

BTA1, 4, and 17 for stillbirth (SB). For the cow traits, MAPIT identified regions on BTA11 

for GL, BTA11 and 16 for SB, and BTA19 for calf size (CZ). An additional approach for 

mapping epistasis in a genome-wide association study was also proposed, in which the 

genome scan was performed using estimates of epistatic breeding values as the input 

pseudo phenotypes, computed using single trait animal models. SNPs were identified at 

the chromosome-wise 5% and 10% FDR level for all traits.  For the heifer traits, significant 
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regions were found on BTA7 for AFS, BTA12 for non-return rate (NRR), BTA14 and 19 

for gestation length (GL), BTA19 for calving ease (CE), BTA5, 24, 25, and X chromosome 

for SB, BTA23 and X chromosome for calf size (CZ), and X chromosome for number of 

services (NS). For the cow traits, significant regions were found on BTA29 and X 

chromosome for NRR, BTA11, 16, and X chromosome for SB, BTA2 for GL, BTA28 for 

CZ, BTA19 for calving to first insemination (CTFS), and X chromosome for NS and first 

insemination to conception (FSTC). The results suggest that the epistatic genetic effects 

are probably due to many loci with a small effect rather than few loci with a large effect 

and/or single SNP marker alone can not capture the epistatic effects well. The genomic 

architecture of fertility and reproduction traits is complex, and these results will need to be 

validated in an independent population to be confirmed. 

 

INTRODUCTION 

It has long been hypothesized that effects beyond additivity could contribute to a 

large proportion of the phenotypic variation in complex traits. Epistasis (the interaction 

between alleles at different loci) is thought to play a key role in defining the genetic 

architecture underlying complex traits (eg., Huang et al. 2012), and in speciation through 

evolution (Crow and Kimura 1970; Orr, 1995; Welch, 2004). Despite early controversies 

over the importance of epistasis, modelling epistatic genetic interactions has been shown 

to increase the total genetic variance explained by the model (Palucci et al. 2007; Sun et 

al. 2014; Aliloo et al. 2016; Alves et al. 2018), and improve the accuracy and unbiasedness 

of predicting future phenotypes (Su et al. 2012; Sun et al. 2014; Ober et al. 2015). Recently, 

epistasis has also been proposed as a main factor explaining missing heritability (i.e., the 

proportion of heritability not explained by the top associated variants from genome-wide 

association studies, GWAS) (Eichler et al. 2010; Visscher et al. 2012).  

GWASs are beneficial as they can identify common genetic factors that may be 

responsible for the variation in complex traits. Recently, GWAS of female fertility and 

reproduction traits have been carried out using 50K Single Nucleotide Polymorphism 

(SNP) genotypes on several cattle breeds (Pryce et al. 2010; Sahana, Guldbrandtsen, and 

Lund, 2011; Schulman et al. 2011; Berry et al. 2012; Jaton et al. 2015; Nayeri et al. 2016). 
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These studies identified significant markers associated with fertility and reproduction traits 

on several chromosomes, with few of these regions being identified consistently across 

studies.  

With recent research suggesting the importance of epistasis for complex traits in 

genomic selection (GS), many statistical methods have been developed to identify epistasis 

in GWAS. These methods differ in selecting a testing unit (Ma, Clark, and Keinan, 2013), 

search strategy (Prabhu and Pe’er, 2012; Lippert et al. 2013; Lewinger et al. 2013), and 

calculating test statistics (Tang et al. 2009; Ueki and Cordell, 2012). However, these 

methods all focus on explicitly searching for pairwise or high-order interactions (Crawford 

et al. 2017). These methods often suffer from heavy computational demands and low 

statistical power because of the large search space (i.e., (
𝑝
2

) pairwise combinations for 𝑝 

SNP markers). Thus, few studies have performed a GWAS to map epistatic genetic effects 

related to fertility and reproduction traits in dairy cattle.  

Alternative approaches to mapping epistatic genetic effects have been proposed to 

reduce the computational demands by improving the efficiency of the search algorithm. An 

attractive alternative to mapping epistatic genetic effects was proposed by Crawford et al. 

(2017); The Marginal Epistasis Test (MAPIT) tests each variant on its marginal epistatic 

effect (i.e. the combined pairwise interaction effects between a given variant and all other 

variants). By testing marginal epistatic effects, candidate markers involved in epistasis can 

be identified without the need to identify the exact partners with which the variants interact. 

This method alleviates the statistical and computational demands associated with standard 

epistatic mapping methods by taking advantage of a recently developed variance 

component estimation method for efficient parameter inference and P-value computation 

(Zhou, 2016). 

A traditional GWAS focuses on finding associations between SNPs and a trait by 

looking at one variant at a time and identifying associations with significant additive 

genetic effects. Here, an additional approach to mapping epistasis in a GWAS was 

proposed, in which the genome scan is performed using estimates of epistatic breeding 

values (BVs) as the input phenotype. Estimates of epistatic BVs can be computed using 

single trait animal models with the inclusion of a random epistatic genetic effect. It was 
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hypothesized that the variation in epistatic BVs will allow for identifying SNPs in the 

genome associated with significant epistatic genetic effects for the traits. 

The objectives of this study were to: 1) identify the proportion of SNPs with 

marginal epistatic genetic effects for fertility and reproduction traits in Holsteins, and 2) 

perform a modified GWAS to test the Holstein cow SNP genotypes for associations with 

epistatic genetic effects on fertility and reproduction traits. In this work, only second order 

additive by additive epistatic effects were considered. The ultimate goal of this study was 

to obtain a better understanding of the genetic architecture and control of genetic effects 

on fertility and reproduction traits.  

 
 

MATERIALS AND METHODS 

Data 

Phenotypes. Phenotype data from animals born from 1953 to 2015 were obtained 

from the Canadian Dairy Network (CDN, Guelph, Ontario, Canada). The dataset contained 

information on the animals’ date of birth, region (defined by province), calving 

information, first insemination, service sire, technician of first insemination, sex of the calf, 

number of services, and a variety of fertility and reproduction traits. The traits included in 

this study were: age at first insemination measured in days (AFS); days from calving to 

first insemination (CTFS); first insemination 56 d non-return rate (NRR), used as an early 

indication of conception rate; numbers of services (NS); days from first insemination to 

conception (FSTC); gestation length (GL), measured as an interval from the last 

insemination to the subsequent calving; calving ease (CE), scored from 1 to 4, with 1 

corresponding to unassisted calving and a higher value indicating more difficult calving; 

stillbirth (SB), defined as 0 (dead calf) or 1 (alive calf); and calf size (CZ), scored from 1 

to 4 with a higher value indicating a larger calf. AFS was considered a heifer trait only, 

while CTFS was considered a cow trait only. Although NRR, CE, SB and CZ were 

recorded as categorical traits, they were analyzed by linear models. 

 



101 
 

Editing. Animals which had missing information when creating the fixed and 

random effects, and animals without genotypes were removed from the dataset. Thus, 

phenotype data for 6,617 females were analyzed in this study. Of those females, 5,825 had 

a heifer record and 6,090 had cow records. Of the heifers, 87% were also present in the 

cow data set.  Repeated records from later parities were removed. Data editing, normality 

testing and descriptive statistics were performed using SAS software version 9.2 (SAS 

Institute, Cary NC, 2011). Descriptive statistics are presented in Table 6.1.  

Genotypes. Genotypes were available for 40,417 individuals (n): n = 33,568 males, 

n = 6,849 females. Bulls were genotyped with the Illumina BovineSNP50 Chip (50K) 

(Illumina Inc., San Diego, CA), while cows were genotyped with 50K chip or with lower 

density and imputed to 50K using FImpute software (Sargolzaei, Chesnais, and Schenkel, 

2014). Genotype information for 45,953 Single Nucleotide Polymorphism (SNP) markers 

were available before editing. SNP markers were spread across 29 Bos Taurus autosomes 

(BTA) and the pseudo-autosomal region of chromosomes X and Y (labelled here 

chromosome 30), chromosome X (labelled here chromosome 31). Genotyping quality 

control was performed using snp1101 (Sargolzaei, 2014) based on the following criteria: 

Minor allele frequency (MAF) less than 5% (3,558 SNPs removed), SNP call rate lower 

than 95% (zero SNPs removed), animal call rate lower than 95% (zero SNPs removed), 

Hardy Weinberg equilibrium (HWE) with P-value smaller than 10-5 and heterozygosity 

higher than expected by > 0.15 points (772 SNPs removed). After editing the genotype data 

and removing males and females without phenotypes, the dataset consisted of 41,640 SNPs 

and 6,617 females. All SNPs were included in further analyses to estimate their effects and 

associations with the traits. However, SNPs on the sex chromosomes (766 SNPs) were 

removed when building the genomic relationship matrix (𝐀𝐆, described below in section 

6.3.4 Relationship Matrices) for the GWAS. 
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The Marginal Epistasis Test (MAPIT) 

The goal of this test is to identify p variants that have non-zero interaction effects 

with any other variant. Therefore, MAPIT works by examining one variant at a time. To 

do so, the null hypothesis that variant k (k = 1,…, p) has no interaction effect with any other 

variant is tested. This same null hypothesis is specified in the variance component model, 

as 𝐻𝑜: σ2 = 0, where the variance component (σ2) captures the total variation of epistatic 

interaction effects between the k-th variant and all other variants (i.e., σ2 is used to test the 

marginal epistatic effect for the k-th variant).  

Variance Component Estimation. As described by Crawford et al. (2017), the 

standard method for variance component estimation (restricted maximum likelihood, 

REML) cannot be used for marginal epistatic mapping because its slow computation speed 

is further exacerbated by the fact that the variance component model changes for every 

variant of k, and thus variance component parameters are required to be estimated 

repeatedly across genome-wide variants. Thus, MAPIT follows the recently developed 

MQS method for efficient variance component estimation and testing (Zhou, 2016). MQS 

is based on the method of moments, and provides a simple, analytic estimation form that 

allows for exact P-value computation. Details on how the “mapit” package estimates 

variance components with MQS can be found in the “Point Estimates” section of Crawford 

et al. (2017).  

Detecting Significant SNPs. Trait phenotypes that have been adjusted for all 

known fixed and random environmental effects, and genotypes that were centered and 

standardized to have a mean of 0 and standard deviation of 1 were imported into R and 

analyzed using the R package “mapit” (Crawford et al. 2017), with R software version 

3.1.3 (R Core Team, 2015). The hybrid procedure was used as it combines the advantages 

of the normal test and Davies method, producing calibrated P-values while remaining 

computationally efficient. The “CompQuadForm” R package is used to compute P-values 

from the Davies method in “mapit” (Duchesne and Lafaye De Micheaux, 2010). The 

Davies method can yield a P-value equal to 0 when the true P-value is extremely small.  
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The approximate version of the Davies method was used, where the following model is 

fitted:  

𝑦 =  𝜇 + 𝑥𝑘𝛽𝑘 +  𝑔𝑘 + 𝑒 

where y is an n-vector of adjusted phenotypes for n individuals, 𝜇 is an intercept term, 𝑥𝑘 

is an n-dimensional genotype vector for the k-th variant that is the focus of the model, 𝛽𝑘 

is the corresponding additive effect size, 𝑔𝑘 = ∑ (𝑥𝑘  ○ 𝑙 ≠𝑘 𝑥𝑙)𝛼𝑙 is the summation of all 

pairwise interaction effects between the k-th variant and all other variants with l 

representing any of the p variants other than the k-th variant, and 𝑒 is the n-vector of 

residual errors. The distribution of 𝑔𝑘 and 𝑒 are MVN(0,𝐆𝐤σ2) and MVN(0,𝐈τ2), 

respectively, where MVN denotes a multivariate normal distribution, σ2 is the marginal 

epistatic effect variance, τ2 is the residual error variance, 𝑮𝒌 is a relatedness matrix 

computed based on pairwise interaction terms between the k-th variant and all other 

variants, and 𝐈 is an identity matrix. MAPIT does not fit the covariance between related 

individuals to account for possible population stratification.  

 

Epistatic Breeding Values 

The estimates of epistatic breeding values to be used in place of phenotypes for the 

genome scan were obtained using single trait animal models. The models were adapted 

from Jamrozik et al. (2005). Fixed and random effects included in the models for each trait 

are shown in Table 6.2. Environmental factors not included in the model were assumed to 

be the same for all records or contributed to the residual. All models were fitted using the 

REML procedure as implemented in ASReml 4.1 (Gilmour et al. 2015). 

Fixed effects. The fixed effects included in the models were: region by year of birth 

by month of birth (RYM); month of first inseminations (Mf); month of first insemination 

by sex of calf (MfX); age at current calving by month of current calving by sex of calf by 

parity (AcMcX); age at previous calving by month of first insemination by parity (ApMf); 

age at previous calving by month of previous calving by parity (ApMp); and ApMp by sex 

of calf (ApMpX). Age classes were set up on a monthly scale. Four seasons of birth were 

defined as: December-February, March-June, July-September, and October-November. 

Sex of calf was coded in 3 categories: female, male and unknown (unrecorded) sex. 
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Random effects. The random effects (excluding random animal genetic effects) 

included in the models were: herd by year of birth (HY); artificial insemination technician 

(T); service sire (SS); and sire of calf (SC). HY was included in the model to account for 

contemporary group. Residuals were assumed to be uncorrelated. The models` assumptions 

include: HY ~ N(0, 𝐈σhy 
2 ), T ~ N(0, 𝐈σt 

2), ss ~ N(0, 𝐀𝐬𝐬σss 
2 ), sc ~ N(0, 𝐀𝐬𝐜σsc 

2 ) and 

e ~ N(0, 𝐈σe 
2 ), where σhy 

2 is the herd year variance, σt 
2 is the AI technician variance, σss 

2  is 

the service sire variance, σsc 
2 is the sire of calf variance, σe 

2  is the residual variance, 𝐈 is an 

identity matrix, and 𝐀𝐬𝐬 and 𝐀𝐬𝐜 are additive genetic relationship matrices for their 

respective effects and traced back five generations.  

Random animal genetic effects. A linear animal model including an additive and 

epistatic genetic effect (additive by additive) was used for univariate analyses on all nine 

traits. The random genetic effects in the models were described as:  

𝐲 = 𝐗𝛃 +  𝐙𝒐𝐨 +  𝐙𝐚𝐚 +  𝐙𝐢𝐢 + 𝐞 

where y is a vector of measurements for AFS, NRR, NS, FSTC, CTFS, GL, CE, SB, or 

CZ; 𝛃 is a vector of systematic effects, including fixed effects of RYM, Mf, MfX, AcMcX, 

ApMf, ApMp, and/or ApMpX, depending on the trait; 𝑜 is a vector of random effects, 

including effects of HY, T, SS and SC, depending on the trait, 𝐚 is a vector of random 

animal additive genetic effects; 𝐢 is a vector of random epistatic genetic effects (additive 

by additive); e is a vector of random residuals; and 𝐗, 𝐙𝐨, 𝐙𝐚, and 𝐙𝐢 are the corresponding 

incidence matrices. Assumptions for the animal genetic effects include: a ~ N(0, 𝐀𝐆σa 
2 ) 

and 𝐢 ~ N(𝟎, 𝐀𝐆𝐚𝐚σaa 
2 ) where σa 

2 is the additive genetic variance, σaa 
2 is the epistatic genetic 

variance, 𝐀𝐆 is an additive genomic relationship matrix, and 𝐀𝐆𝐚𝐚 is the epistatic genomic 

relationship matrix.  
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Relationship Matrices  

 Additive Matrix. The additive genomic relationship matrix (𝐀𝐆) was created in 

snp1101 according to the VanRaden method (Sargolzaei, 2014; VanRaden, 2008).  Briefly, 

𝐀𝐆 =
𝐙𝐙′

∑ 2piqi
 , where the elements of 𝐙 are equal to −2pi, qi − pi , and 2qi for aa, Aa and 

AA genotypes, respectively; pi and qi are the allele frequencies of “A” and “a” alleles at 

marker i in the population. 

Epistatic Matrix. The epistatic genomic relationship matrix (additive by additive; 

𝐀𝐆𝐚𝐚 ) was derived by performing the direct product of 𝐀𝐆 according to Su et al. (2012).  

 

Genome-Wide Association Analysis  

 Method. A single SNP generalized mixed linear model (SSR) was used to perform 

the GWAS using snp1101 software (Sargolzaei, 2014). The estimates of epistatic BVs 

described above were used as pseudo-phenotypes in the analysis. To account for population 

stratification effects, a random animal effect was fit in the model with (co)variance 

structure based on the genomic relationship matrix (𝐀𝐆). 𝐀𝐆 was built in snp1101 using 

VanRaden’s method (Sargolzaei, 2014). The model was: 

𝒚𝒊 = µ + 𝛃𝒈𝒊 + 𝐚𝒊 + 𝐞𝒊 

where 𝒚 is a vector of pseudo phenotypes (epistatic BVs) for AFS, NRR, NS, FSTC, CTFS, 

GL, CE, SB, or CZ for the i-th cow; µ is the overall mean; 𝛃 is the linear regression 

coefficient (allele substitution effect) of the SNP; 𝒈𝒊 is the SNP genotype of the i-th cow, 

which was coded as 0, 1, and 2 for SNP genotypes BB, AB, and AA, respectively; 𝐚𝒊 is a 

vector of random animal additive genetic effects for the i-th cow; and 𝐞𝒊 is a vector of 

random residuals.  

 Random effects were assumed to be normally distributed with means equal to zero 

and covariance structure equal to:  

Var [
𝐚𝒊 
𝐞𝒊

]=  [
𝐀𝐆σa

2   0

  0 𝐈σe
2] 
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where 𝐀𝐆 is the genomic relationship matrix; I is an identity matrix; and σa
2 and σe

2 are the 

additive genetic variance and residual variances, respectively.  

 

Significance Threshold 

False Discovery Rate (FDR). Due to the low heritability of the traits and the limited 

size of the data set, higher power to detect prospective associations during this first 

screening of the genome was the objective. Significance of association for a SNP was 

determined using a chromosome-wise false discovery rate (FDR) threshold of 5% and 10% 

for MAPIT and GWAS to identify significant associations and trends, respectively.  FDR 

is the proportion of “discoveries” (ie., significant results) that are false positives. Thus, 

markers that have P < 5% FDR are deemed to have a strong association, and markers that 

have a 5% FDR < P < 10% FDR are deemed to have a moderate association. Regions on 

the chromosomes with more than 1 significant SNP located within 2 Mb (~2 cM) from the 

center of the region were defined. 

Genomic Inflation Factor (λ). A genomic inflation factor defined as lambda (λ) 

was used to provide evidence of population stratification. λ is defined as the median of the 

observed χ2 test statistic, divided by the expected median of the χ2 distribution under the 

null hypothesis (Devlin and Roeder, 1999). The expected value of λ is equal to 1, which 

indicates no bias in the test statistics (-log10(P)). If λ is less than or equal to 1, no adjustment 

to -log10(P) is necessary. If λ is greater than 1, all subsequent -log10(P) values for a set of 

markers are divided by λ to adjust for the bias on the P-values, and minimize the possible 

effects of stratification (Hinrichs, Larkin, and Suarez, 2011). If adjustments to the -log10(P) 

values were necessary, they were performed prior to applying the 5% and 10% FDR 

thresholds to detect significant associations and constructing the Manhattan plots.  

 

Plots 

Quantile-quantile (Q-Q) plots. Q-Q plots were used to visualize the deviation of 

the observed P-values from the expected P-values under the null hypothesis. The observed 

distributions of -log10(P) for each SNP are sorted from largest to smallest, and plotted 

against expected values from a theorteical chi-squared (χ2) distribution. In the case where 
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there are no causal polymorphisms, the Q-Q plot should show a solid line matching X=Y; 

in the case where there are causal polymorphisms, X=Y until it sharply curves upward at 

the end, representing the small number of true associations among thousands of 

unassociated SNPs; if there is an early separation of the expected from the observed, many 

moderately significant P-values are more significant under the null hypothesis (Ehret, 

2010). These plots were used to visualize if population stratification exists in the analyzed 

population. λ was reported with the Q-Q plots to define the amount of inflation associated 

with the observed P-values compared to the expected P-values. Q-Q plots were created in 

R software version 3.1.3 (R Core Team, 2015).  

Manhattan Plots. Manhattan plots were used to visualize the P-values of the SNPs 

distributed by chromosome for MAPIT and GWAS. If λ was greater than 1, the Manhattan 

plots were constructed after -log10(P) was adjusted. The interpretation of these plots is 

slightly different than what is used for traditional Manhattan plots, where spikes across 

chromosomes suggest loci where variants associated with epistatic effects are located.  

Manhattan plots for MAPIT were created in R software version 3.1.3 (R Core 

Team, 2015), using the R package “qqman” (Turner, 2017). While significant associations 

for MAPIT were detected at chromosome-wise 5% and 10% FDR levels, the “qqman” 

package only plots genome-wide thresholds. Thus, threshold lines were not plotted for the 

MAPIT Manhattan plots.   

Manhattan plots for the GWAS were created in snp1101 (Sargolzaei, 2014), with 

chromosome-wise 5% and 10% FDR significance levels specified.  

 

Literature Comparisons  

 Previously reported QTLs were identified for comparisons with MAPIT and 

GWAS results using Cattle QTLdb (Hu, Park, and Reecy, 2016).  Cattle QTLdb contains 

cattle QTL and association data curated from published data. The current release of Cattle 

QTLdb was on December 21st 2017, and contains 108,040 QTLs/associations from 827 

publications.  
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RESULTS 

The Marginal Epistasis Test 

Recall, the Davies method can yield a P-value equal to 0 when the true P-value is 

extremely small. SB in cows had 23 SNPs with P = 0.  The minimum exact P-value 

reported for SB in cows was 2.23 x 10-11. Thus, the P-value for the 23 SNPs with P = 0 

were reported to have a P ≈ 1 x 10-12 so they could be included in the remaining analyses. 

Q-Q plots for the observed P-values are shown in Supplementary Material, Figure 

6.S1 to Figure 6.S16. The Q-Q plots from MAPIT show an observed distribution of P-

values close to the expected distribution under a null hypothesis for some of the fertility 

traits (CE in heifers, NRR in heifers and cows). However, there is an early separation of 

the expected from the observed plots for all other traits from the MAPIT analysis (ie., X ≠ 

Y), suggesting that the statistics generated (P-values) show evidence of systematic bias. 

Specifically, the observed distributions of the significant SNPs from MAPIT are above the 

expected statistics, and are likely threatened by population stratification as relationships 

between relatives were not fit during the MAPIT analysis.  

A summary of the genomic inflation factors (λ) for MAPIT can be found in Table 

6.3. Adjustments for CE in heifers and NRR in heifers and cows were not made as λ was 

below 1, and equal to 1 for the traits, respectively. However, all P-values observed by 

MAPIT for the other traits were adjusted by dividing -log10(P) by the corresponding λ to 

minimize the possible stratification effects, prior to identifying SNPs with strong and 

moderate marginal epistatic effects, and constructing the Manhattan plots.  

The number of SNPS with strong (P < 5% FDR) and moderate (5% FDR < P < 

10% FDR) marginal epistatic effects for heifers and cows are reported in Table 6.3. A total 

of 101 SNPs were found to have significant marginal epistatic effects. Of those SNPs, 30 

contributed to significant regions for the traits. Of the 30 SNPs identified in significant 

regions, 19 of them were found on chromosomes that were previously reported for the traits 

in the literature, and 4 of the SNPs were in the same position on the chromosome. The 

proportion of SNPs with strong to moderate marginal epistatic genetic effects varied from 

0% to 0.06% of the SNPs for the traits. None of the chromosomal regions were consistently 
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identified within traits (heifer vs. cow) or across traits. However, 2 of the SNPs identified 

to have marginal epistatic effects for CZ in cows were also significantly associated with 

the epistatic BVs from the GWAS. The percentage of phenotypic variance explained by 

epistatic genetic effects from a previous study (Alves et al. 2018) was not directly 

proportional to the number of SNPs with significant marginal epistatic effects.  

The distribution of heifer and cow traits with at least one region identified as 

significant from MAPIT are reported in Table 6.4. After adjustments, MAPIT identified 

regions with significant marginal epistatic effects for heifers on BTA5 for age at first 

insemination (AFS), BTA3 and 24 for non-return rate (NRR), BTA16 and 28 for gestation 

length (GL), BTA1, 4, and 17 for stillbirth (SB). For the cow traits, MAPIT identified 

regions on BTA11 for GL, BTA11 and 16 for SB, and BTA19 for calf size (CZ). Specific 

SNP IDs and genome locations which satisfied the strong and moderate chromosome-wise 

FDR threshold can be found in Supplementary Material, Table 6.S1 to Table 6.S9.  

 

Genome-Wide Association Analysis 

The Q-Q plots from the GWAS analysis show an observed distribution of P-values 

close to the expected distribution under a null hypothesis for all of the fertility traits (λ ≈ 

1; Table 6.3), so no P-values from the GWAS analysis were adjusted. For some traits (AFS, 

NS, GL, CE, and SB in heifers, and FSTC and CTFS in cows) the line sharply curves 

upwards at the end, potentially representing the small number of true associations among 

thousands of unassociated SNPs. For the remaining traits, the SNPs declared significant 

may be false positives, as the observed distribution of P-values did not deviate upwards at 

the end from the expected distribution. CE for cows is missing Q-Q plot (b) since the 

average information matrix was singular due to the small epistatic BVs associated with this 

trait.  

 Performing a GWAS with epistatic BVs as pseudo-phenotypes captured significant 

SNPs at the chromosome-wise 5% and 10% FDR for all traits. The number of SNPS with 

strong (P < 5% FDR) and moderate (5% FDR < P < 10% FDR) associations with the 

epistatic BVs for heifers and cows are reported in Table 6.3. The proportion of SNPs with 

strong to moderate associations varied from 0% to 0.08% of the SNPs for the traits. A total 
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of 204 SNPs were found to be significantly associated with the epistatic BVs in the GWAS. 

Of those SNPs, 128 SNPs contributed to significant regions for the traits. Of the 128 SNPs 

in significant regions, 57 SNPs were found on the same chromosome as QTLs previously 

reported from the literature, and 20 SNPs were found in the same regions on those 

chromosomes.  

A summary of the chromosomes, number of regions, and sum of the number of 

SNPs per chromosome within significant regions identified from the GWAS are reported 

in Table 6.4. For the heifer traits, significant regions were found on BTA7 for AFS, BTA12 

for NRR, X chromosome (31) for NS, BTA14 and 19 for GL, BTA19 for CE, BTA5, 24, 

25, and X chromosome (31) for SB, and BTA23 and X chromosome (31) for CZ. For the 

cow traits, significant regions were found on BTA29 and X chromosome (31) for NRR, X 

chromosome (31) for NS, FSTC, and SB, BTA2 for GL, BTA28 for CZ, and BTA19 for 

CTFS. Specific SNP IDs identified from the GWAS for each trait at the FDR chromosome-

wise level of 10% and 5% for heifer and cow traits are presented in Supplementary 

Material, Table 6.S1 to Table 6.S9. The same SNPs were not identified consistently within 

traits (heifer vs. cow). The average information matrix for the analysis of CE was singular 

due to the small epistatic BVs associated with this trait (average epistatic breeding value = 

4.13 x 10-8), so the analysis was aborted.  

 
Manhattan Plots 

  Manhattan plots comparing the MAPIT P-values (a) and GWAS P-values (b) can 

be found in Supplementary Material, Figure S17-32. CE for cows is missing Manhattan 

plot (b) for the same previously mentioned reason.  

 

Literature Comparisons  

 A summary of previously published QTLs for the fertility and reproduction traits 

distributed by chromosome are presented in Table 6.5. Abbreviation codes for Table 6.5 

and a brief summary of the papers with previously published QTLs for the fertility and 

reproduction traits are presented in Supplementary Material, Table 6.S10. Although 

association analysis has been performed for AFS (eg., Liu et al. 2017), no QTLs have been 
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previously published for AFS on Cattle QTLdb. Thus, comparisons were made with QTLs 

identified for age at puberty (AP), which is a trait measured in beef heifers as an indicator 

of first estrus (ie., when the first insemination would occur).  

 In general, regions associated with the traits (QTLs) have been identified on many 

chromosomes in several different cattle breeds. AP, CE, NRR, and NS are in the top 15 out 

of 580 traits for number of QTL/associations on Cattle QTLdb (10,544; 3,540; 2,419; and 

1,698 QTL/associations, respectively). Most studies do not include the X chromosome for 

GWAS analyses.  

 

DISCUSSION 

With recent research suggesting the importance of epistasis for complex traits, 

statistical methods are being developed to identify epistasis in GWAS. The advent of high 

throughput technologies has provided researchers with an unprecedented opportunity to 

make use of dense marker information (Ziegler et al. 2008; Cantor et al. 2010; Moore et al. 

2010). A limitation to using this dense marker information for detecting epistasis is that for 

a high number of markers, the number of potential interactions becomes unreasonably high, 

and evaluating all of these interactions is unpractical. While an exhaustive pairwise 

interaction search testing all interactions between SNPs provides a good baseline for 

comparison, it is extremely computationally demanding as the number of markers 

increases, and it results in a loss of power to detect significant interactions. An exhaustive 

search has also been shown to work better for SNPs with large effects (Crawford et al. 

2017), which is not the expectation for complex traits such as the fertility and reproduction 

traits examined in this study.  

A two-step filtering process to detect epistasis has also been used in some studies 

(Aliloo et al. 2015), where SNPs with significant additive genetic effects are identified, 

and the pairwise interaction between those SNPs is investigated. The two-step filtering 

process can be more powerful than the exhaustive search strategy depending on the 

correlation between the marginal additive effect size, and the probability of being involved 

in epistasis across genome-wide SNPs. It is also much more computationally feasible than 

the exhaustive search strategy. However, it is likely that SNPs in epistasis are missed. Since 
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epistasis has been proposed as a main factor explaining missing heritability (Eichler et al. 

2010; Visscher et al. 2012), it is important to re-examine our tools to detect causal links 

between genetic and phenotypic variation.  

Here, we have presented results from the Marginal Epistasis Test (MAPIT) 

proposed by Crawford et al. (2017). MAPIT estimates and tests a SNPs marginal epistatic 

effect (i.e., the combined epistatic effect between the examined SNP and all other SNPs). 

Thus, MAPIT identifies SNPs that exhibit non-zero epistatic interactions with any other 

SNP, without the need to identify the specific marker combinations that drive the epistatic 

association. MAPIT gains advantage in detecting epistasis in the polygenic setting with a 

large number of interactions, each with a small effect (Crawford et al. 2017). Thus, it is an 

attractive alternative for detecting epistasis in complex traits. 

Although it was expected that the traits with a higher proportion of phenotypic 

variance due to epistatic genetic effects would have a higher number of SNPs with 

significant marginal epistasis, this was not always the case. One explanation for this 

difference is that epistasis is simply a departure from additivity in multi-locus penetrance. 

It has been demonstrated that such statistical interactions are scale dependent (Greenland 

et al. 2008), and by simply rescaling the y-axis, it is possible to remove epistasis (An et al. 

2009). Thus, the existence of epistasis is dependent upon the scale of the response, and 

consequently also on the choice of the model. Therefore, it is not surprising that some 

models might find strong epistasis, whereas others applied to the same data might find little 

or no epistasis (An et al. 2009). Thus, the unpredictable relationship between epistatic 

variance component estimation and MAPIT demonstrates the complexity of the genomic 

architecture of fertility and reproduction traits, and the difficulties associated with detecting 

epistatic genetic effects.  

While SNPs with significant marginal epistatic effects were identified in this study, 

the early separation of the observed P-values in the Q-Q plots for some of the traits suggest 

that many moderately significant P-values are more significant than expected under the 

null hypothesis. This result demonstrates that population stratification (ie., systematic 

differences in allele frequencies between subpopulations in the group of individuals being 
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investigated) (Ehret, 2010) exists in our data. Population stratification is more prevalent 

when genomic relationships are not fit in the model, which is the case in MAPIT.  

Due to the high inflation of the observed P-values, the test statistics were adjusted 

by the genomic inflation factor (λ). This adjustment to the test statistics allowed for a less 

conservative procedure to control for multiple testing. By controlling FDR rather than 

family-wise error rate, (FWER; as with the Dunn-Sidák correction used by Crawford et 

al. 2017), more power is gained to detect significant associations.  

Although genomic regions were only detected for a few traits with MAPIT, 80% of 

the regions were on chromosomes that have been previously reported with 

QTLs/associations for the same traits. In addition, QTLs/associations were found in the 

same regions on the chromosomes for SB on BTA11 (13.7 – 13.7 Mb; Schulman et al. 

2008) and 16 (68.9 – 72.4 Mb; Cole et al. 2011), suggesting that the significant SNPs 

detected by MAPIT have convincing associations with the traits of interest. However, 

MAPIT should be replicated with a covariance matrix detailing population structure effects 

in another study to remove additional steps taken to adjust the test statistics, and validate 

the identified SNPs.  

One limitation to MAPIT is the inability to directly identify the interaction pairs 

that drive individual association (Crawford et al. 2017). Thus, while identifying SNPs with 

significant marginal epistatic effects is an important first step, it is still unclear which 

variants the SNPs interact with. Exploring approaches that identify the detailed epistatic 

associations will be an important to understanding the role of these genomic regions in the 

control of fertility and reproduction traits. Nevertheless, this process has identified a set of 

SNPs that may be worth further exploration in the detection of epistasis in future research.  

We also proposed and tested a novel approach for detecting SNP variants that are 

involved in epistasis in GWAS by substituting the epistatic breeding value (BV) as the 

phenotype in the genome scan. The power of QTL detection depends on the heritability of 

the trait, the size of the data set, and the effect size of the QTL (Liu et al. 2017). As this is 

a first screening of the genome on low heritable traits with a limited size data set, 

chromosome-wise FDR levels at 5% (significant) and 10% (trends) were used to have to 

power to detect prospective associations. Using this method, significant genomic regions 
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(ie., peaks in the Manhattan plot) associated with epistatic BVs were identified for all traits. 

While individual SNPs were also identified, stand alone SNPs are more likely to be false 

positives.  

The interpretation of epistasis in GWAS is complex, as interacting SNPs can have 

cancelling effects, resulting in epistatic BVs of 0. Substituting epistatic BVs in place of 

phenotypes in the genome scan would only identify epistasis between SNPs producing a 

phenotypic response in the positive or negative direction. Additionally, spikes on a 

chromosome would only be present if variants in that region were interacting with 

themselves, causing a change in the trait, or capturing the epistatic effects from variants 

located elsewhere.  

In addition, the success of a GWAS in identifying quantitative trait loci (QTLs) 

with epistatic effects is more complicated than the traditional GWAS. Identifying QTLs 

with additive effects is controlled by r2, where r is the correlation between genetic marker 

and causative mutation (i.e., the amount of linkage disequilibrium (LD) between the 

observed SNP and the unobserved causal variant); detection of epistasis (pairwise additive 

by additive effects) depends on r4 (Aliloo et al. 2015). Thus, when detecting epistasis in a 

GWAS, there is a much higher reliance on LD. As the number of genotyped dairy cattle is 

steadily increasing, incorporating whole genome sequence could reduce the problem of 

high dependency on LD in detection of epistasis, and should be investigated in future 

research (Aliloo et al. 2015).  

Traditional GWAS studies have been carried out on fertility and reproduction traits 

on several cattle breeds (see Supplementary Material, Table 6.S10). These studies have 

identified significant markers associated with fertility and reproduction traits on several 

chromosomes, with few of these regions being identified consistently across studies (Table 

6.5). While these studies focused on reporting associations based on additive genetic 

effects, comparisons with the results from this study to describe patterns of epistasis are 

rational as part of the estimated additive genetic effects in a traditional model are due to 

additive by additive epistatic interactions (Falconer and Mackay, 1996, pg. 154).  
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Regions on corresponding chromosomes to those published in the literature were 

identified from the GWAS in the present study for AFS on BTA5; NRR on BTA12; GL 

on BTA14, and 18; SB on BTA5, 25, and X chromosome; and CE on BTA19. 

QTLs/associations were found in the same regions on the chromosomes in the present study 

for GL on BTA14 (3.7 – 18.5 Mb; Maltecca et al. 2009) and 18 (55.3 – 56.4 Mb; Thomasen 

et al. 2008), and for SB on BTA25 (25.6 – 27.0 Mb; Müller et al. 2017), suggesting that 

these regions are also associated with epistasis. However, the regions identified for the 

other traits on the same chromosome were at least greater than 5 Mb away from the regions 

identified in the literature. 

Differences of QTL positions could be caused by inconsistent LD patterns, or 

inefficient QTL detection power. For example, extensive LD persistence in dairy cattle (up 

to 100kb) might lead to the low precision of QTL region detection (Liu et al. 2017). The 

challenges associated with LD include the potential that alleles tested in GWAS may not 

be the true causative alleles, and instead may be in LD with the causative allele which 

decreases the measurable effect size. In addition, common SNPs in LD with a rare variant 

may lead to the detection of false associations (Koch, 2014). The power of QTL detection 

also depends on the effect size of the QTL. In a small data set, only genes with large effect 

could be detected (Liu et al. 2017), especially when corrections for multiple testing are 

made. Therefore, a possible reason for the lack of significant SNPs identified within all 

regions previously reported is that the genetic architecture underlying the traits are due to 

a large number of genes with small effects, but not one having an effect large enough to be 

detected. In addition, some studies report QTL locations based on genetic distances in units 

of Morgans (or centimorgan) rather than the physical distances (Mb or kb) as reported in 

this study. While, Cattle QTLdb translates the genetic distances into physical distances, 

these locations may not be exact (Hu, Park, and Reecy, 2016).  

Liu et al. (2017) identified several genes which could be strong candidate genes for 

female fertility in Holsteins, including ZMIZ1, and FAM213A on BTA28. These genes 

were identified by validating candidate SNPs from Chinese Holsteins using Nordic 

Holstein data.  The genomic region (34.0 ~ 37.6 Mb) on BTA28 was a QTL segregating 

for CTFS in Chinese Holsteins and Nordic Holsteins. Although this region was not 
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identified for CTFS in the present study, a close region was found for CZ in cows (37.7 – 

39.0 Mb). However, the reported functions of ZMIZ1 and FAM213A are associated directly 

with poor fertility in cows. Thus, it is likely another candidate gene for CZ is in this region.  

It was confirmed that the X chromosome would be important for the underlying 

genetic architecture and control of the fertility and reproduction traits analyzed in this 

study. The X chromosome had the largest number of SNP effects and identified regions for 

the traits NRR, NS, FSTC, SB, and CZ. The effects were in three regions on the X 

chromosome; 1 to 20 Mb, 35 to 65 Mb, and 100 to 140 Mb. The X chromosome also had 

the largest number of SNP effects in Cole et al. (2011), where they performed a GWAS of 

31 production, health, reproduction and body conformation traits in contemporary U.S. 

Holstein cows. Thus, future analyses aiming to understand the true biological basis of 

fertility and reproduction traits should include the X chromosome.  

Furthermore, some novel QTL regions were detected using MAPIT and the 

epistatic BVs as pseudo-phenotypes in GWAS. Six regions were found on BTA7 consisting 

of 15 significant SNPs for AFS. Novel regions were also found for NRR on BTA24 and 

29; GL on BTA2, 11, and 16; SB on BTA17 and 24; CZ on BTA23 and 28; and CTFS on 

BTA19. Since these regions have not been previously reported, subsequent in silico 

analyses should be performed to search for potentiation positional and functional candidate 

genes involved in epistasis for these traits in the identified positions.  

Lastly, 29.7% of the SNPs identified from MAPIT were found to be associated with 

regions for the traits (ie., two or more SNPs within 2 Mb). Whereas, 63% of the SNPs 

identified in the GWAS were associated with regions for the traits. It would appear that the 

GWAS did a better job at detecting regions. However, 63% of the SNPs in regions 

identified from MAPIT were on chromosomes that have been previously reported to have 

QTLs/associations with the traits, with 30% of the SNPs being in the same positions. 

While, 46% of the SNPs in regions identified from the GWAS were on chromosomes that 

have been previously reported to have QTLs/associations with the traits, with 16% of the 

SNPs being the same positions. By examining specific proportions of SNPs identified from 

the two analyses, MAPIT seems to have lower accuracy with higher precision (ie., detects 

less chromosomes, but those detected are in the proper position), opposed to the GWAS 
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with higher accuracy but lower precision (ie., detects the chromosomes, but not the 

position). Future analyses identifying positional and functional candidate genes from these 

analyses would be valuable in determining which method is better at detecting regions 

associated with epistasis in the genome.  

 
 

CONCLUSIONS 

This genome-wide association study attempted to detect regions of the Holstein 

cow genome associated with additive by additive epistasis. The Marginal Epistasis Test 

detected regions associated with AFS, NRR, GL, SB and CZ. However, MAPIT should be 

replicated in an independent population to validate the identified SNPs, and to determine 

whether the inclusion of a covariance matrix accounting for population structure would 

reduce the possible population stratification observed in this study. The novel approach to 

detecting epistasis identified several regions associated with epistasis. Some regions were 

validated in previous literature, but subsequent in silico analyses should be performed to 

search for potentiation positional and functional candidate genes involved in epistasis for 

these traits in the identified positions.  The results from MAPIT and GWAS support the 

polygenic hypothesis for all of the fertility and reproduction traits.  
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TABLES 

 

Table 6.1. Descriptive statistics for fertility and reproduction traits in Holstein cattle (N = 

6,617) 

Parity1 Trait2 N3 Mean SD4 Min Max 

 

 

First 

(N = 5,825) 

AFS 5,771 446 44 292 637 

NRR 5,777 0.68 0.46 0 1 

NS 5,770 1.60 1.00 1 9 

FSTC 5,644 21 35 0 205 

GL 5,620 278 6.30 240 300 

CE 5,124 1.60 0.71 1 4 

SB 5,123 0.88 0.32 0 1 

CZ 5,196 2.00 0.57 1 3 

 

 

Later 

(N =6,090) 

NRR 5,942 0.53 0.50 0 1 

NS 5,934 2.10 1.50 1 18 

CZ 5,388 2.20 0.57 1 3 

FSTC 5,571 35 46 0 206 

GL 5,812 279 6.50 240 300 

CE 5,326 1.30 0.57 1 4 

SB 5,326 0.96 0.20 0 1 

CTFS 5,940 77 21 14 243 
1First = first parity heifers, Later = cows in 2nd (N = 5,915), 3rd (N = 133), and ≥ 4th (N = 42) parities.  
2AFS = age at first insemination as a heifer, NRR = first insemination non-return rate to 56 days 

after first insemination, NS = number of services, FSTC = days from first insemination to 

conception, GL = gestation length measured as an interval from the last insemination to the 

subsequent calving, CE = calving ease scored from 1 to 4, with 1 corresponding to unassisted 

calving and a higher value indicating poorer calving ease, SB = stillbirth defined as 0 (dead) or 1 

(alive calf), CZ = calf size scored 1 to 4, with a higher value indicating a larger calf, CTFS = days 

from calving to first insemination. 
3N = number of records  
4SD = standard deviation 
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Table 6.2. Effects included in the genetic models for genetic parameter estimation for heifer 

(○) and cow (●) traits 

 Fixed effect2  Random effect3 

Trait1 RYM Mf MfX AcMcX ApMf ApMp ApMpX  HY T SS SC A 

AFS ○        ○    ○ 

NRR ○ ● ○       ●    ○ ● ○ ● ○ ●  ○ ● 

NS ○ ● ○      ●    ○ ●    ○ ● 

FSTC ○ ● ○      ●    ○ ●    ○ ● 

GL ○ ●  ○    ●  ○ ●   ○ ● ○ ● 

CE ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

SB ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

CZ ○ ●    ○ ●     ○ ●   ○ ● ○ ● 

CTFS    ●     ●      ●       ● 

1AFS = age at first insemination (heifer trait only), NRR = first insemination non-return rate to 56 days 

after first insemination as a heifer, NS = number of services, FSTC = days from first insemination to 

conception, GL = gestation length measured as an interval from the last insemination to the subsequent 

calving, CE = calving ease scored from 1 to 4, with 1 corresponding to unassisted calving and a higher 

value indicating poorer calving ease, SB = stillbirth defined as 0 (dead) or 1 (alive calf), CZ = calf size 

scored 1 to 4, with a higher value indicating a larger calf, CTFS = days from calving to first insemination 

(cow trait only) 
2RYM = region by year of birth by month of birth, Mf = month of first insemination, MfX = month of 

first insemination by sex of calf, AcMcX = age at current calving by month of current calving by sex 

of calf by parity, ApMf = age at previous calving by month of first insemination by parity, ApMp = age 

at previous calving by month of previous calving by parity, ApMpX = ApMp by sex of calf 
3HY = herd by year of birth, T = AI technician, SS = service sire, SC = sire of calf, A = random animal 

effect 
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Table 6.3. Proportion (%) of total phenotypic variance due to epistatic genetic 

effects (I), genomic inflation factor (λ), and number of SNPs with strong (P < 

5% FDR) and moderate (5% FDR < P < 10% FDR) epistatic effects from 

MAPIT and GWAS for the heifer and cow traits 

   MAPIT  GWAS 

 Trait1 I2 λ Strong Moderate  λ Strong Moderate 

HEIFERS AFS 4.2 1.1796* 6 3  0.9973 5 12 

 NRR 0.0 0.8948 0 7  1.0083 1 4 

 NS 9.7 1.4487* 0 0  1.0118 4 1 

 FSTC 14.8 1.3945* 4 2  1.0111 1 1 

 GL 11.0 1.4621* 5 5  1.0113 7 14 

 CE 23.3 1.0020 1 0  1.0516 5 2 

 SB 33.9 1.2642* 10 3  0.9919 18 15 

 CZ 9.1 1.1201* 0 7  1.0026 7 23 

COWS NRR 5.6 0.8613 0 1  1.0075 1 22 

 NS 10.0 1.4515* 2 1  1.0131 2 8 

 FSTC 0.0 1.1257* 0 3  1.0229 7 2 

 GL 28.2 1.5440* 0 3  0.9994 2 7 

 CE 0.0 1.2572* 2 2     

 SB 4.4 2.5450* 24 3  1.0241 9 11 

 CZ 14.9 1.1118* 1 5  1.0030 4 4 

 CTFS 10.4 1.6626* 0 1  1.0123 4 0 
1AFS = age at first insemination, NRR = first insemination non-return rate to 56 days after first 

insemination as a heifer, NS = number of services, FSTC = days from first insemination to 

conception, GL = gestation length measured as an interval from the last insemination to the 

subsequent calving, CE = calving ease scored from 1 to 4, with 1 corresponding to unassisted 

calving and a higher value indicating poorer calving ease, SB = stillbirth defined as 0 (dead) or 1 

(alive calf), CZ = calf size scored 1 to 4, with a higher value indicating a larger calf, CTFS = days 

from calving to first insemination 
2I = Proportion of total phenotypic variance due to epistatic genetic effects from Alves et al. (2018) 

*λ > 1 = test statistics (-log10(P)) were divided by lambda prior to identifying significant SNPs 
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Table 6.4. Distribution of heifer (h) and cow (c) traits with at least one region 

(number of regions = NReg) and number of SNPs amongst regions (NSNP) distributed 

by chromosome (Chr) identified as significant from MAPIT and the GWAS  

Chr Trait1 NReg NSNP Method2 

1 SBh* 1 2 MAPIT 

2 GLc 1 2 GWAS 

3 NRRh* 2 4 MAPIT 

4 SBh* 1 2 MAPIT 

5 AFS* 1 2 MAPIT 

 SBh* 1 5 GWAS 

7 AFS 6 15 GWAS 

11 GLc 1 3 MAPIT 

 SBc** 1 2 MAPIT 

12 NRRh* 1 2 GWAS 

14 GLh** 1 4 GWAS 

16 GLh 1 4 MAPIT 

 SBc** 1 2 MAPIT 

17 SBh 1 2 MAPIT 

18 GLh** 3 13 GWAS 

19 CEh* 1 3 GWAS 

 CZc* 1 3 MAPIT 

 CTFS 1 2 GWAS 

23 CZh 1 2 GWAS 

24 NRRh 1 2 MAPIT 

 SBh 1 6 GWAS 

25 SBh** 1 5 GWAS 

28 GLh* 1 2 MAPIT 

 CZc 1 4 GWAS 

29 NRRc 1 2 GWAS 

31 NRRc  2 6 GWAS 

 NSh 1 2 GWAS 

 NSc 3 6 GWAS 

 FSTCc 2 4 GWAS 

 SBh* 4 12 GWAS 

 SBc* 4 13 GWAS 

 CZh 5 20 GWAS 
1AFS = age at first insemination, NRR = non-return rate to 56 days, NS = number of 

services, FSTC = first insemination to conception, GL = gestation length, CE = calving 

ease, SB = stillbirth, CZ = calf size, CTFS = calving to first insemination 
2METHOD = regions identified from the Marginal Epistasis Test (MAPIT) and genome-

wide association study (GWAS) with strong (P < 5% FDR) and moderate (5% FDR < P < 

10% FDR) associations with the traits 

*QTL on the same chromosome previously published for the trait 

**QTL on the same chromosome and region previously published for the trait 
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Table 6.5. Summary of previously published1 QTLs for the fertility and reproduction traits 

distributed by chromosome 

 Trait3 

Chr2 AP NRR NS FSTC GL CE SB CZ CTFS 

1 G B   H E, Y E   

2 G B, Y     E   

3  B, J L W R, AC  E   

4  S, T K T R, Y I, AC I, Z  O, T 

5 N S   H, R E, T, Y T  U, T 

6     Q E, C, L, Y Z X T 

7  J   Q, R, AC E, T E, L, T   

8    W R, AC A, AC E   

9  L, V, Y L T R E, A E AC  

10  Z  T R AC   O 

11 G T L T   E, L, Z  O 

12  S, V   AC E   T 

13     H, R, AB L, AB E  O, U, X 

14 F S, Z  T Q  E  U 

15  L L W Y L E, Z AC O 

16    W   E  O 

17  H    E, A E  O, U 

18    T R, AC E, D, T, AC E, D, P, T, Z AC O, T 

19 G S, T  W Q T E AC  

20 G H, L    AC E AC  

21 G   T H H, T, AC E  O, T, U 

22    T   E AC  

23  T  T  A E, Z  T 

24    W AC A   O 

25  H   H H, AC T AC  

26    T, W Q, AC E    

27  T  W  A    

28     R, AC AC    

29   L W H, Q E E, P  F 

31    W  E E   
1Abbreviation code and summary of papers found in Supplementary Material Table 6.S10 
2BTA 1-29, and sex chromosome X (31) 
3AP = age at puberty (heifer trait only), NRR = non-return rate to 56 days, NS = number of services, 

FSTC = first insemination to conception, GL = gestation length, CE = calving ease, SB = stillbirth, CZ 

= calf size, CTFS = calving to first insemination (cow trait only) 
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SUPPLEMENTARY MATERIAL 

 

 

Table 6.S1. Significant SNPs identified from MAPIT and GWAS for age at first 

insemination (AFS) in heifers  

SNP ID Chr1 Reg2 Pos3 P-value α4 

BTA-87039-no-rs 5 1 14770370 1.76E-07 0.05† 

BTA-02257-rs29009814 5 1 14864337 1.87E-06 0.05† 

ARS-BFGL-NGS-99477 6 - 28867782 2.27E-05 0.05† 

ARS-BFGL-NGS-100768 6 - 118922500 9.86E-05 0.10† 

BTB-01632886 7 1 863880 2.75E-07 0.05 

BTB-00080498 7 1 1817682 7.67E-04 0.10 

BTB-02004898 7 2 2391922 5.79E-04 0.10 

ARS-BFGL-NGS-89847 7 2 2457750 2.16E-04 0.10 

ARS-BFGL-NGS-34666 7 2 2699675 4.11E-04 0.10 

ARS-BFGL-NGS-14297 7 2 2771486 8.39E-05 0.05 

ARS-BFGL-NGS-110900 7 3 5027447 7.49E-04 0.10 

ARS-BFGL-NGS-67299 7 3 6097996 5.09E-04 0.10 

ARS-BFGL-NGS-101854 7 3 6134663 6.24E-05 0.05 

ARS-BFGL-NGS-110939 7 4 7180163 3.10E-06 0.05 

ARS-BFGL-NGS-32106 7 4 7582588 5.72E-04 0.10 

ARS-BFGL-NGS-57208 7 5 16611621 6.24E-04 0.10 

ARS-BFGL-NGS-109627 7 5 16699971 3.54E-04 0.10 

BTB-00318749 7 6 72446116 2.15E-04 0.10 

BTB-00318760 7 6 72473118 5.42E-04 0.10 

ARS-BFGL-NGS-31787 13 - 59916883 1.70E-05 0.05† 

HAPMAP59273-RS29027283 19 - 22963249 3.39E-05 0.05 

ARS-BFGL-NGS-104970 23 - 13185570 4.54E-05 0.05† 

BTA-55695-no-rs 23 - 17632524 7.74E-05 0.05† 

ARS-BFGL-NGS-70438 25 - 33438819 8.91E-05 0.10 

ARS-BFGL-NGS-97040 31 - 125905926 1.26E-04 0.10† 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the 

center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 
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Table 6.S2. Significant SNPs identified from MAPIT and GWAS for non-return rate (NRR) in 

heifers and cows  

SNP ID Chr1 Reg2 Pos3 P-value α4 

 HEIFERS 

HAPMAP49704-BTA-67707 3 - 43797496 3.21E-05 0.10 

BTB-01924446 3 1 47737541 1.92E-04 0.10† 

ARS-BFGL-NGS-112061 3 1 48961484 4.14E-05 0.10† 

Hapmap57732-rs29023272 3 2 50804085 7.92E-05 0.10† 

Hapmap60328-rs29027404 3 2 52266974 1.98E-04 0.10† 

ARS-BFGL-NGS-110438 7 - 27258897 8.88E-06 0.05 

ARS-BFGL-NGS-38172 12 1 58155716 3.79E-05 0.10 

ARS-BFGL-NGS-79581 12 1 58237388 3.79E-05 0.10 

ARS-BFGL-NGS-5469 18 - 1798615 4.62E-05 0.10 

Hapmap50041-BTA-58215 24 1 3283496 9.88E-05 0.10† 

BTB-00876889 24 1 3342966 1.18E-04 0.10† 

ARS-BFGL-NGS-100098 29 - 29688117 1.13E-04 0.10† 

 COWS 

ARS-BFGL-NGS-15111 19 - 23314971 8.84E-05 0.10† 

ARS-BFGL-NGS-34295 27 - 10296459 5.39E-05 0.05 

ARS-BFGL-NGS-118400 29 1 30201805 1.12E-04 0.10 

HAPMAP46626-BTA-65446 29 1 31693910 1.33E-04 0.10 

BTB-01050603 30 - 138831892 1.24E-03 0.10 

HAPMAP52730-RS29023191 31 - 5920404 2.26E-04 0.10 

BTB-01492482 31 - 8748450 1.77E-03 0.10 

ARS-BFGL-NGS-117664 31 - 13523881 9.14E-04 0.10 

HAPMAP54040-SS46526239 31 - 20272359 1.71E-03 0.10 

ARS-BFGL-NGS-105056 31 - 30733317 1.26E-03 0.10 

ARS-BFGL-NGS-30930 31 - 33240013 1.16E-03 0.10 

BTA-30155-NO-RS 31 - 40031351 2.29E-03 0.10 

BTA-95765-NO-RS 31 - 53386645 3.67E-04 0.10 

ARS-BFGL-NGS-80859 31 1 61237718 7.15E-04 0.10 

ARS-BFGL-NGS-111131 31 1 61828996 8.21E-04 0.10 

HAPMAP47488-BTA-108016 31 1 62219936 2.36E-03 0.10 

HAPMAP53723-RS29024435 31 2 65799258 1.22E-03 0.10 

HAPMAP22750-BTA-147676 31 2 65919715 8.04E-05 0.10 

ARS-BFGL-NGS-12600 31 2 65969117 5.91E-04 0.10 

ARS-BFGL-NGS-21478 31 - 86237856 2.18E-03 0.10 

ARS-BFGL-NGS-86950 31 - 100392833 2.07E-03 0.10 

HAPMAP33830-BES1_CONTIG387_886 31 - 103244750 1.32E-04 0.10 

ARS-BFGL-NGS-116873 31 - 109041641 4.05E-04 0.10 

HAPMAP55484-RS29018895 31 - 114484952 1.15E-03 0.10 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 

 



133 
 

Table 6.S3. Significant SNPs identified from MAPIT and GWAS for number of services (NS) in 

heifers and cows 

SNP ID Chr1 Reg2 Pos3 P-value α4 
HEIFERS 

ARS-BFGL-NGS-72599 9 - 84138533 3.14E-06 0.05 

ARS-USMARC-PARENT-AY914316-RS17871403 18 - 48812014 8.87E-05 0.10 

ARS-BFGL-NGS-422 31 1 1951610 8.22E-05 0.05 

ARS-BFGL-NGS-84839 31 1 1975098 4.19E-06 0.05 

HAPMAP50258-BTA-120446 31 - 125033467 4.12E-05 0.05 

COWS 

ARS-BFGL-NGS-6837 4 - 108709290 2.37E-05 0.05† 

ARS-BFGL-NGS-26259 16 - 3099778 5.49E-05 0.10† 

ARS-BFGL-NGS-38778 17 - 63515768 1.58E-05 0.05 

ARS-BFGL-BAC-31015 22 - 57167665 1.01E-05 0.05† 

ARS-BFGL-NGS-55000 28 - 1135437 9.47E-05 0.10 

ARS-BFGL-NGS-60152 28 - 39872208 2.40E-04 0.10 

HAPMAP33720-BTA-154540 31 1 8095146 4.72E-05 0.05 

BTB-01492482 31 1 8748450 3.21E-04 0.10 

HAPMAP50651-BTA-30576 31 2 13211995 4.37E-04 0.10 

ARS-BFGL-NGS-117664 31 2 13523881 8.71E-04 0.10 

HAPMAP44022-BTA-122750 31 - 15464441 5.11E-04 0.10 

HAPMAP33830-BES1_CONTIG387_886 31 3 103244750 1.45E-04 0.10 

ARS-BFGL-NGS-41228 31 3 104030273 2.40E-04 0.10 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 
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Table 6.S4. Significant SNPs identified from MAPIT and GWAS for first insemination to 

conception (FSTC) in heifers and cows  

SNP ID Chr1 Reg2 Pos3 P-value α4 

HEIFERS 

ARS-BFGL-NGS-89868 7 - 67399054 2.88E-05 0.05† 

BTB-01259803 7 - 89734142 2.28E-05 0.05† 

ARS-BFGL-NGS-72599 9 - 84138533 7.66E-06 0.05 

BTB-01884176 19 - 63309223 7.46E-05 0.10† 

ARS-BFGL-NGS-103847 21 - 5660254 1.17E-05 0.05† 

ARS-BFGL-NGS-102618 28 - 43609377 4.54E-05 0.05† 

BTB-01679091 30 - 148398942 1.15E-3 0.10† 

ARS-BFGL-NGS-84839 31 - 1975098 1.10E-04 0.10 

COWS 

ARS-BFGL-NGS-112212 5 - 24451576 8.43E-05 0.10† 

ARS-BFGL-NGS-96175 5 - 117133270 1.08E-04 0.10† 

ARS-BFGL-NGS-80691 23 - 28792687 1.53E-04 0.10 

ARS-BFGL-NGS-110889 23 - 34339845 5.68E-06 0.05 

ARS-BFGL-NGS-432 24 - 38199461 6.62E-05 0.10† 

HAPMAP52730-RS29023191 31 - 5920404 2.83E-04 0.05 

HAPMAP33720-BTA-154540 31 1 8095146 3.33E-05 0.05 

BTA-113074-NO-RS 31 1 9799051 6.27E-04 0.10 

ARS-BFGL-NGS-117664 31 - 13523881 4.83E-05 0.05 

BTA-11235-RS29016998 31 - 24424105 1.85E-04 0.05 

HAPMAP33830-BES1_CONTIG387_886 31 2 103244750 2.05E-04 0.05 

ARS-BFGL-NGS-21363 31 2 104576536 1.08E-04 0.05 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 
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Table 6.S5. Significant SNPs identified from MAPIT and GWAS for gestation length (GL) in 

heifers and cows 

SNP ID Chr1 Reg2 Pos3 P-value α4 

HEIFERS 

BTB-01502164 4 - 95309262 2.10E-05 0.05 

BTB-00753516 11 - 19344832 1.30E-05 0.05† 

HAPMAP25384-BTC-001997 14 1 2217163 4.93E-05 0.05 

HAPMAP24715-BTC-001973 14 1 2239085 6.82E-05 0.05 

ARS-BFGL-NGS-3122 14 1 2721633 7.97E-05 0.05 

ARS-BFGL-NGS-103064 14 1 2754909 9.85E-06 0.05 

HAPMAP25217-BTC-067767 14 - 4943963 3.09E-04 0.10 

BTB-01762641 16 1 32718173 2.44E-04 0.10† 

Hapmap40684-BTA-16356 16 1 33641966 4.16E-05 0.05† 

Hapmap41467-BTA-18750 16 1 34021608 4.64E-06 0.05† 

ARS-BFGL-NGS-108369 16 1 36135810 2.44E-04 0.10† 

ARS-BFGL-NGS-5291 16 - 43742398 7.11E-05 0.05† 

ARS-BFGL-NGS-39953 18 1 14146373 3.40E-04 0.10 

ARS-BFGL-NGS-31386 18 1 14208633 1.21E-04 0.10 

ARS-BFGL-NGS-107284 18 1 14302556 1.23E-04 0.10 

BTB-01627667 18 2 21458411 2.58E-04 0.10 

ARS-BFGL-BAC-36240 18 2 21714679 1.89E-04 0.10 

HAPMAP51594-BTA-42721 18 2 21776593 9.69E-04 0.10 

ARS-BFGL-NGS-37312 18 3 51826636 4.33E-04 0.10 

ARS-BFGL-NGS-114962 18 3 52716347 2.79E-04 0.10 

ARS-BFGL-BAC-36969 18 3 53498385 3.64E-04 0.10 

ARS-BFGL-NGS-116232 18 3 53790007 2.91E-04 0.10 

ARS-BFGL-NGS-17290 18 3 54028686 3.46E-04 0.10 

ARS-BFGL-NGS-89650 18 3 54376451 1.31E-04 0.10 

BTA-43816-NO-RS 18 3 55256431 1.69E-06 0.05 

ARS-BFGL-NGS-52810 19 1 52557638 2.05E-05 0.05† 

ARS-BFGL-BAC-36395 23 - 45882034 1.13E-04 0.10 

HAPMAP43799-BTA-17809 25 - 19123438 4.03E-05 0.05 

ARS-BFGL-NGS-110981 28 1 5800772 9.03E-05 0.10† 

ARS-BFGL-NGS-111192 28 1 5965031 2.24E-04 0.10† 

BTA-31115-no-rs 30 - 147679291 8.71E-04 0.10† 

COWS 

ARS-BFGL-NGS-102509 2 - 21290918 1.16E-04 0.10 

ARS-BFGL-NGS-72090 2 1 30011666 7.11E-05 0.10 

BTA-47106-NO-RS 2 1 30226235 4.91E-05 0.10 

ARS-BFGL-NGS-110390 2 - 133599634 4.33E-05 0.10 

HAPMAP49938-BTA-26588 5 - 51569462 2.32E-05 0.05 

ARS-BFGL-NGS-108438 11 - 56617997 4.43E-05 0.10 

ARS-BFGL-NGS-106460 11 - 71365918 4.44E-05 0.10 

ARS-BFGL-BAC-7319 11 1 83972216 8.78E-05 0.10† 

Hapmap39967-BTA-111376 11 1 88596997 1.21E-04 0.10† 

ARS-BFGL-NGS-45263 11 1 88621486 1.27E-04 0.10† 
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Table 6.S5 for GL in cows continued 

SNP ID Chr1 Reg2 Pos3 P-value α4 

ARS-BFGL-NGS-109285 18 - 57589121 7.08E-05 0.10 

ARS-BFGL-NGS-43932 19 - 30985781 4.17E-05 0.05 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the 

region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 
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Table 6.S6. Significant SNPs identified from MAPIT and GWAS for calving ease (CE) in 

heifers and cows  

SNP ID Chr1 Reg2 Pos3 P-value α4 

HEIFERS 

Hapmap49738-BTA-75486 5  10335741 2.20E-05 0.05† 

BTB-01779799 14 - 25351733 1.20E-05 0.05 

ARS-BFGL-NGS-42624 19 1 14272340 2.43E-05 0.05 

ARS-BFGL-NGS-30368 19 1 14548101 2.61E-05 0.05 

ARS-BFGL-NGS-45350 19 1 15280834 7.16E-05 0.05 

ARS-BFGL-NGS-5085 20 - 13842919 3.22E-06 0.05 

ARS-BFGL-NGS-59084 23 - 37504267 9.24E-05 0.10 

BTA-66497-NO-RS 29 - 34027829 0.000113 0.10 

COWS 

BTB-01359804 5 - 7808480 2.24E-08 0.05† 

BTB-01447256 13 - 34162016 4.83E-05 0.10† 

BTB-00636189 16 - 34820781 7.08E-05 0.10† 

ARS-BFGL-NGS-63969 27 - 6747482 4.53E-05 0.05† 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



138 
 

Table 6.S7. Significant SNPs identified from MAPIT and GWAS for still birth (SB) in heifers 

and cows 

SNP ID Chr1 Reg2 Pos3 P-value α4 

HEIFERS 

Hapmap26189-BTA-157760 1 - 20676181 8.77E-05 0.10† 

BTA-17925-no-rs 1 1 92856829 4.21E-05 0.10† 

BTA-17923-no-rs 1 1 92958471 1.28E-06 0.05† 

ARS-BFGL-NGS-61983 2 - 3647999 3.21E-05 0.10 

ARS-BFGL-NGS-63022 4 - 21854602 3.49E-05 0.05† 

BTB-00567011 4 1 82049617 2.56E-06 0.05† 

BTB-00567063 4 1 82602144 2.07E-06 0.05† 

BTB-01312667 4 - 90808106 6.80E-05 0.05† 

HAPMAP49290-BTA-74411 5 - 84086946 1.11E-04 0.05 

ARS-BFGL-NGS-111064 5 1 108811739 7.56E-06 0.05 

ARS-BFGL-NGS-40280 5 1 108987909 1.03E-05 0.05 

ARS-BFGL-NGS-118038 5 1 109024613 2.17E-04 0.10 

ARS-BFGL-NGS-38292 5 1 109084970 4.88E-05 0.05 

ARS-BFGL-NGS-62390 5 1 109754388 2.43E-05 0.05 

ARS-BFGL-NGS-41699 6 - 18866879 4.41E-07 0.05† 

ARS-BFGL-NGS-37053 10 - 7652531 3.35E-06 0.05† 

ARS-BFGL-NGS-38778 17 1 63515768 3.44E-05 0.05† 

Hapmap60900-rs29022475 17 1 63626189 1.22E-04 0.10† 

BTB-01834216 24 1 36274529 1.53E-04 0.10 

ARS-BFGL-BAC-28286 24 1 37791212 2.45E-05 0.05 

ARS-BFGL-NGS-32658 24 2 48593796 2.13E-04 0.10 

ARS-BFGL-NGS-112695 24 2 48618537 1.31E-04 0.10 

ARS-BFGL-NGS-31604 24 2 50952847 5.95E-04 0.10 

ARS-BFGL-NGS-93376 24 2 51508537 2.39E-04 0.10 

ARS-BFGL-NGS-84525 24 - 59409204 2.62E-04 0.10 

HAPMAP39879-BTA-101999 25 1 21655452 3.13E-04 0.10 

ARS-BFGL-NGS-94143 25 1 21779048 9.78E-06 0.05 

BTB-00901496 25 1 23449201 3.06E-04 0.10 

HAPMAP57584-RS29014865 25 1 23509298 3.52E-05 0.05 

ARS-BFGL-NGS-63213 25 1 24955774 5.74E-04 0.10 

ARS-BFGL-BAC-41932 25 - 33293815 5.64E-05 0.05† 

ARS-BFGL-NGS-104963 29 - 41133252 5.73E-05 0.05 

Hapmap51582-BTA-31036 30 - 14624406 2.18E-04 0.05† 

HAPMAP33513-BTA-158474 31 1 7163976 2.29E-04 0.05 

HAPMAP41447-BTA-118863 31 1 7268125 8.85E-04 0.10 

BTA-112878-NO-RS 31 2 17249271 5.91E-04 0.05 

HAPMAP35038-BES1_CONTIG457_1211 31 2 17621019 1.46E-04 0.05 

HAPMAP35271-BES8_CONTIG212_428 31 3 49506722 1.05E-04 0.05 

BTA-98709-NO-RS 31 3 49939818 9.44E-05 0.05 

ARS-BFGL-NGS-14514 31 3 50440169 4.32E-05 0.05 

HAPMAP51128-BTA-104367 31 3 52549777 2.36E-05 0.05 

HAPMAP48999-BTA-104365 31 3 52591329 2.36E-05 0.05 
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Table 6.S7 for SB in heifers continued      

SNP ID Chr1 Reg2 Pos3 P-value α4 

BTA-95765-NO-RS 31 3 53386645 4.31E-04 0.05 

ARS-BFGL-NGS-15510 31 4 57791184 7.78E-04 0.10 

HAPMAP42174-BTA-30187 31 4 57844861 7.22E-04 0.10 

HAPMAP45920-BTA-30353 31 - 91958434 9.52E-04 0.10 

COWS 

BTA-28579-no-rs 2 - 59536355 1.93E-05 0.05† 

ARS-BFGL-NGS-104680 3 - 1079354 1.93E-05 0.05† 

ARS-BFGL-NGS-94819 3 - 9722400 1.93E-05 0.05† 

INRA-611 3 - 51399357 1.93E-05 0.05† 

BTB-00154681 3 - 107698286 1.93E-05 0.05† 

Hapmap40886-BTA-111629 4 - 2132412 1.93E-05 0.05† 

BTB-00103730 6 - 12804438 1.93E-05 0.05† 

Hapmap40209-BTA-21871 7 - 61174151 1.93E-05 0.05† 

ARS-BFGL-NGS-118369 8 - 61716855 1.93E-05 0.05† 

Hapmap47110-BTA-82837 8 - 111399634 1.93E-05 0.05† 

ARS-BFGL-NGS-55116 10 - 69811463 1.93E-05 0.05† 

BTB-00461599 11 1 13681749 1.93E-05 0.05† 

Hapmap41990-BTA-85501 11 1 13730813 1.93E-05 0.05† 

ARS-BFGL-NGS-32610 11 - 98254996 1.93E-05 0.05† 

ARS-BFGL-NGS-105662 12 - 87694731 7.50E-05 0.10 

ARS-BFGL-NGS-116031 13 - 46001887 1.93E-05 0.05† 

ARS-BFGL-NGS-31787 13 - 59916883 6.53E-05 0.05† 

BTB-00622293 15 - 84003126 7.26E-05 0.10 

Hapmap46938-BTA-114095 16 1 69795545 1.93E-05 0.05† 

ARS-BFGL-NGS-19358 16 1 70754436 1.93E-05 0.05† 

BTA-03693-no-rs 19 - 14090834 1.93E-05 0.05† 

ARS-BFGL-NGS-87069 21 - 48483069 1.93E-05 0.05† 

ARS-BFGL-NGS-107625 22 - 55639415 9.86E-05 0.10† 

Hapmap50155-BTA-91877 23 - 20348228 1.93E-05 0.05† 

ARS-BFGL-NGS-6739 25 - 10946226 1.93E-05 0.05† 

BTB-00974697 28 - 3378937 1.31E-04 0.10 

BTA-26697-NO-RS 31 1 1665338 1.63E-03 0.10 

BTB-01913068 31 1 3521743 2.51E-03 0.10 

ARS-BFGL-NGS-94205 31 2 7200715 6.24E-05 0.05 

HAPMAP27211-BTA-158473 31 2 7247092 1.70E-04 0.05 

ARS-BFGL-NGS-7156 31 2 7288581 1.56E-04 0.05 

HAPMAP56639-RS29021780 31 2 7313040 3.71E-05 0.05 

HAPMAP33720-BTA-154540 31 2 8095146 1.15E-04 0.05 

ARS-BFGL-NGS-22717 31 - 28763766 2.90E-04 0.10† 

HAPMAP44001-BTA-109460 31 - 48657807 9.13E-04 0.10 

HAPMAP24388-BTA-21551 31 - 85584376 4.34E-04 0.05 

ARS-BFGL-NGS-25590 31 - 90816210 1.36E-03 0.10 

Hapmap41175-BTA-119342 31 - 113886633 1.93E-05 0.05† 

Hapmap34068-BES2_Contig513_1168 31 - 115968607 4.75E-04 0.10† 
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Table 6.S7 for SB in cows continued      

SNP ID Chr1 Reg2 Pos3 P-value α4 

HAPMAP33343-BTA-111447 31 - 121076442 1.69E-03 0.10 

ARS-BFGL-NGS-108359 31 3 133255573 1.93E-05 0.05† 

ARS-BFGL-NGS-5374 31 3 135373633 1.68E-04 0.05 

ARS-BFGL-NGS-11506 31 3 136385169 3.23E-04 0.05 

ARS-BFGL-NGS-5024 31 3 136433897 1.34E-03 0.10 

ARS-BFGL-NGS-47196 31 4 139490243 6.31E-04 0.05 

ARS-BFGL-NGS-13852 31 4 139818794 1.43E-03 0.10 

BTA-27090-NO-RS 31 4 141600702 2.33E-03 0.10 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT  
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Table 6.S8. Significant SNPs identified from MAPIT and GWAS for calf size (CZ) in heifers 

and cows  

SNP ID Chr1 Reg2 Pos3 P-value α4 

HEIFERS 
HAPMAP57108-RS29012366 3 - 119022767 4.87E-05 0.10 

Hapmap49928-BTA-24568 4 - 7624594 1.00E-04 0.10† 

ARS-BFGL-NGS-22423 4 - 25235840 4.37E-05 0.10† 

BTB-01298839 4 - 54705552 2.00E-04 0.10† 

ARS-BFGL-NGS-110647 4 - 75579874 1.64E-04 0.10† 

HAPMAP32035-BTA-129548 14 - 84013201 4.90E-05 0.10 

ARS-BFGL-NGS-83607 16 - 1756016 6.39E-05 0.10† 

BTA-39853-no-rs 16 - 13022533 4.99E-05 0.10 

ARS-BFGL-NGS-95687 23 1 29213375 6.33E-05 0.10 

BTA-68781-NO-RS 23 1 30711619 1.54E-04 0.10 

HAPMAP23163-BTA-34330 24 - 14481810 8.28E-05 0.10 

HAPMAP51145-BTA-111985 31 - 2503495 7.60E-04 0.10 

ARS-BFGL-NGS-114256 31 1 8134652 3.12E-03 0.10 

ARS-BFGL-NGS-19235 31 1 9313604 2.93E-03 0.10 

BTA-95835-NO-RS 31 1 10995036 3.92E-04 0.05 

BTA-16957-NO-RS 31 - 56846129 6.34E-04 0.10 

ARS-BFGL-NGS-117477 31 2 116610879 1.89E-04 0.05 

HAPMAP39908-BTA-29558 31 2 116685582 6.15E-05 0.05 

BTA-29556-NO-RS 31 2 116741189 5.44E-05 0.05 

HAPMAP54169-RS29027455 31 2 117015183 8.47E-04 0.10 

ARS-BFGL-NGS-22632 31 2 117329969 1.89E-03 0.10 

ARS-BFGL-NGS-103423 31 - 124915751 6.09E-04 0.10 

HAPMAP51431-BTA-30607 31 3 129887133 2.00E-03 0.10 

HAPMAP55735-RS29020533* 31 3 129911571 1.55E-03 0.10 

HAPMAP41822-BTA-30608 31 4 130070306 7.18E-04 0.10 

ARS-BFGL-NGS-118474* 31 4 130112536 2.03E-03 0.10 

HAPMAP60891-RS29021100 31 4 130223687 2.32E-03 0.10 

ARS-BFGL-NGS-81605 31 4 131806987 9.73E-05 0.05 

HAPMAP51911-BTA-65366 31 4 132833299 8.31E-04 0.10 

HAPMAP40670-BTA-120809 31 4 132924805 1.19E-03 0.10 

BTA-65371-NO-RS 31 4 133129839 2.73E-03 0.10 

ARS-BFGL-NGS-103151 31 5 134602363 3.29E-04 0.05 

ARS-BFGL-NGS-107943 31 5 136790063 1.26E-03 0.10 

HAPMAP44214-BTA-15727 31 5 136832710 1.55E-03 0.10 

ARS-BFGL-NGS-47196 31 - 139490243 4.70E-04 0.05 

COWS 

BTB-01600567 2 - 15510901 1.54E-05 0.05 

ARS-BFGL-NGS-115957 11 - 86182547 2.50E-05 0.05 

ARS-BFGL-BAC-12431 12 - 17954678 1.13E-04 0.10† 

Hapmap31728-BTA-127926 12 - 85986433 1.19E-05 0.05† 

BTB-01243104 14 - 77941252 6.88E-05 0.10 

Hapmap60111-rs29017285 16 - 34295245 6.35E-05 0.10† 

ARS-BFGL-NGS-38784 19 1 42393606 2.65E-04 0.10† 

ARS-BFGL-NGS-111247 19 1 42425855 8.11E-05 0.10† 

UA-IFASA-2616 19 1 46986075 1.83E-04 0.10† 

HAPMAP49249-BTA-64138 28 1 37716831 4.41E-05 0.05 
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Table 6.S8 for CZ in cows continued 

SNP ID Chr1 Reg2 Pos3 P-value α4 

ARS-BFGL-NGS-23193 28 1 38004515 3.34E-04 0.10 

BTB-01713276 28 1 38136070 2.02E-04 0.10 

HAPMAP51014-BTA-64282 28 1 39007759 8.18E-05 0.05 

ARS-BFGL-NGS-62736 31 - 16123681 1.13E-04 0.10 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of the 

region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 

*SNP also identified by MAPIT with P < 10% FDR 
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Table 6.S9.  Significant SNPs identified from MAPIT and GWAS for calving to first 

insemination (CTFS) in cows  

SNP ID Chr1 Reg2 Pos3 P-value α4 

BTB-00134789 3 - 69455528 1.61E-05 0.05 

BTA-121766-NO-RS 6 - 83256899 2.19E-05 0.05 

ARS-BFGL-NGS-44370 15 - 84778401 6.84E-05 0.10† 
ARS-BFGL-NGS-100899 19 1 28095023 2.78E-05 0.05 

ARS-BFGL-NGS-23470 19 1 29970036 1.68E-05 0.05 
1Chr = chromosome 
2Reg = region with more than 1 significant SNP located within 2Mb (~2 cM) from the center of 

the region  
3Pos = SNP position in base pairs 
4α = significant at false discovery rate threshold of 10% (0.10) or 5% (0.05) 

†SNP identified as significant from MAPIT 
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Table 6.S10. Abbreviation codes for Table 6.5 and summary of papers with previously published 

QTLs for the fertility and reproduction traits 

Code Reference Breed Analysis 

A Ashwell et al. 2005 North American Holstein-

Friesian  

Regression interval mapping 

was used to detect QTL  

B Ben Jemaa et al. 2008 French Holstein, Normande, 

and Montbeliarde 

A multi-marker regression 

model was employed 

C Bongiorni et al. 2012 Piedmontese cattle The family-based test for 

association was performed 

D Brand et al. 2010 German Holstein cattle Linkage disequilibrium analyses 

were used for QTL detection. A 

mixed model was used for 

association analysis 

E Cole et al. 2011 Holstein cows Least-squares regression was 

used 

F Collis et al. 2012 Brahman and Tropical 

Composite cattle. 

A mixed model was used 

G Fortes et al. 2013 Brahman and Tropical 

Composite cattle 

Mixed-model ANOVA was 

performed 

H Frischknecht et al. 

2017 

Brown Swiss 

 

A mixed model approach was 

used 

I Giblin et al. 2010 Holstein-Friesian dairy 

cattle 

Weighted mixed models were 

used 

J Guillaume et al. 2007  French Holstein. 

 

Half-sib linear regression was 

performed 

K Höglund et al. 2014 Nordic Holstein cattle Single-locus regression analysis 

was performed using a linear 

mixed model 

L Holmberg and 

Andersson-Eklund, 

2006  

Swedish Red and Swedish 

Holstein breed. 

 

The QTL analyses were 

performed for each trait 

separately with a multi-marker 

regression approach 

M Holmberg et al. 2007 Swedish Holstein or 

Swedish Red 

Combined linkage and linkage 

disequilibrium analysis was 

used 

N Lirón et al. 2012 Angus cattle The MIXED procedure was 

used 

O Liu et al. 2017 Chinese Holstein and 

Nordic Holstein cattle 

A linear mixed model analysis 

was implemented 

P Magee et al. 2010  Holstein-Friesian cattle. 

 

Weighted mixed linear models 

were used 

Q Maltecca et al. 2009 Holstein x Jersey or 

Holstein 

A regression model and interval 

mapping analysis were used 

    

    

https://www.ncbi.nlm.nih.gov/pubmed/?term=Lir%26%23x000f3%3Bn%20JP%5BAuthor%5D&cauthor=true&cauthor_uid=22480211
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Table 6.S10 abbreviations and paper summaries continued 

Code Reference Breed Analysis 

R Maltecca et al. 2011 US Holstein and Italian 

Brown cattle 

 

GWAS was performed using 

regression through Bayesian-

LASSO coupled with a multiple 

shrinkage framework 

S Minozzi et al. 2013 Holstein cattle. 

 

Genome-wide association with 

mixed model and regression 

was performed 

T Müller et al. 2017 AI Holstein sires 

 

Combined linkage 

disequilibrium and linkage 

analysis was conducted 

U Nayeri et al. 2015 Canadian Holstein cattle A single-SNP regression mixed 

linear model was used 

V Olsen et al. 2011 Norwegian Red cattle. 

 

A putative QTL on BTA12 was 

fine-mapped first by an 

approach fitting all SNPs in the 

region simultaneously, then by 

LDLA analysis 

W Peters et al. 2013 Brangus (3/8 Brahman x 5/8 

Angus) heifers 

Bayes-C methodology was used 

X Sahana et al. 2013 Nordic Red Holsteins  

 

A linear mixed model was used 

Y Schrooten et al. 2000  Holstein-Friesian cattle A multi-marker regression 

model was used 

Z Schulman et al. 2008 Finish Ayrshire cattle. 

 

Multiple linear regression and 

variance component analysis 

were used 

AB Sikora et al. 2011 Irish Holstein-Friesian cattle 

 

Weighted mixed linear models 

were used 

AC Thomasen et al. 2008 Danish Holstein 

 

QTL regression approach. 

Multi-trait models were fitted 

using a variance component 

method 

 

 

 

 

 

 

 

 



146 
 

(a) AFS MAPIT 

 

(b) AFS GWAS 

 

Figure 6.S1. Q-Q plot for age at first insemination (AFS) in heifers. (a) AFS MAPIT = 

P-values for all SNPs from the Marginal Epistasis Test, (b) AFS GWAS = P-values from 

the GWAS using epistatic BVs. Black dots represent P-values using MAPIT and GWAS. 

For both scenarios, the observed -log10(P) of the P-value from MAPIT and GWAS are 

plotted against the expected -log10(P) expected values from a theoretical χ2 distribution. 

Genomic inflation factor (λ) reported in bottom right corner.  

 



147 
 

(a) NRR MAPIT 

 

(b) NRR GWAS 

 

Figure 6.S2. Q-Q plot for non-return rate (NRR) in heifers. (a) NRR MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) NRR GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) NRR MAPIT 

 

(b) NRR GWAS 

 

Figure 6.S3. Q-Q plot for non-return rate (NRR) in cows. (a) NRR MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) NRR GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) NS MAPIT 

 

(b) NS GWAS 

 

Figure 6.S4. Q-Q plot for number of services (NS) in heifers. (a) NS MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) NS GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) NS MAPIT 

 

(b) NS GWAS 

 

Figure 6.S5. Q-Q plot for number of services (NS) in cows. (a) NS MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) NS GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) FSTC MAPIT 

 

(b) FSTC GWAS 

 

 

Figure 6.S6. Q-Q plot at the chromosome-wise level of first insemination to conception 

(FSTC) in heifers. (a) FSTC MAPIT = P-values for all SNPs from the Marginal Epistasis 

Test, (b) FSTC GWAS = P-values from the GWAS using epistatic BVs. For both scenarios, 

-log10(P) of the P-value from MAPIT and GWAS are plotted against position on each 

chromosome. Black dots represent P-values using MAPIT and GWAS. For both scenarios, 

the observed -log10(P) of the P-value from MAPIT and GWAS are plotted against the 

expected -log10(P) expected values from a theoretical χ2 distribution. Genomic inflation 

factor (λ) reported in bottom right corner. 
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(a) FSTC MAPIT 

 

(b) FSTC GWAS 

 

Figure 6.S7. Q-Q plot for first insemination to conception (FSTC) in cows. (a) FSTC 

MAPIT = P-values for all SNPs from the Marginal Epistasis Test, (b) FSTC GWAS = P-

values from the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value 

from MAPIT and GWAS are plotted against position on each chromosome. Black dots 

represent P-values using MAPIT and GWAS. For both scenarios, the observed -log10(P) 

of the P-value from MAPIT and GWAS are plotted against the expected -log10(P) expected 

values from a theoretical χ2 distribution. Genomic inflation factor (λ) reported in bottom 

right corner. 

 



153 
 

(a) GL MAPIT 

 

(b) GL GWAS 

 

Figure 6.S8: .Q-Q plot for gestation length (GL) in heifers. (a) GL MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) GL GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) GL MAPIT 

 

 

(b) GL GWAS 

 

Figure 6.S9. Q-Q plot for gestation length (GL) in cows. (a) GL MAPIT = P-values for 

all SNPs from the Marginal Epistasis Test, (b) GL GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) CE MAPIT 

 

(b) CE GWAS 

 

Figure 6.S10. Q-Q plot for calving ease (CE) in heifers. (a) CE MAPIT = P-values for 

all SNPs from the Marginal Epistasis Test, (b) CE GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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CE MAPIT 

 

 

Figure 6.S11. Q-Q plot for calving ease (CE) in cows. CE MAPIT = P-values for all 

SNPs from the Marginal Epistasis Test. -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Black dots represent P-values using 

MAPIT and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT 

and GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) SB MAPIT 

 

(b) SB GWAS 

 

Figure 6.S12. Q-Q plot for stillbirth (SB) in heifers. (a) SB MAPIT = P-values for all 

SNPs from the Marginal Epistasis Test, (b) SB GWAS = P-values from the GWAS using 

epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS are 

plotted against position on each chromosome. Black dots represent P-values using MAPIT 

and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT and 

GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) SB MAPIT 

 

(b) SB GWAS 

 

Figure 6.S13. Q-Q plot for stillbirth (SB) in cows. (a) SB MAPIT = P-values for all 

SNPs from the Marginal Epistasis Test, (b) SB GWAS = P-values from the GWAS using 

epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS are 

plotted against position on each chromosome. Black dots represent P-values using MAPIT 

and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT and 

GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) CZ MAPIT 

 

(b) CZ MAPIT 

 

Figure 6.S14. Q-Q plot for calf size (CZ) in heifers. (a) CZ MAPIT = P-values for all 

SNPs from the Marginal Epistasis Test, (b) CZ GWAS = P-values from the GWAS using 

epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS are 

plotted against position on each chromosome. Black dots represent P-values using MAPIT 

and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT and 

GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) CZ MAPIT 

 

(b) CZ GWAS 

 

Figure 6.S15. Q-Q plot for calf size (CZ) in cows. (a) CZ MAPIT = P-values for all SNPs 

from the Marginal Epistasis Test, (b) CZ GWAS = P-values from the GWAS using 

epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS are 

plotted against position on each chromosome. Black dots represent P-values using MAPIT 

and GWAS. For both scenarios, the observed -log10(P) of the P-value from MAPIT and 

GWAS are plotted against the expected -log10(P) expected values from a theoretical χ2 

distribution. Genomic inflation factor (λ) reported in bottom right corner. 
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(a) CTFS MAPIT 

 

(b) CTFS GWAS 

 

Figure 6.S16. Q-Q plot for calving to first insemination (CTFS) in cows. (a) CTFS 

MAPIT = P-values for all SNPs from the Marginal Epistasis Test, (b) CTFS GWAS = P-

values from the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value 

from MAPIT and GWAS are plotted against position on each chromosome. Black dots 

represent P-values using MAPIT and GWAS. For both scenarios, the observed -log10(P) 

of the P-value from MAPIT and GWAS are plotted against the expected -log10(P) expected 

values from a theoretical χ2 distribution. Genomic inflation factor (λ) reported in bottom 

right corner. 
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(a) AFS MAPIT 

 

(c) AFS GWAS 

 

Figure 6.S17. Manhattan plot for age at first insemination (AFS) in heifers. (a) AFS 

MAPIT = P-values for all SNPs from the Marginal Epistasis Test, (b) AFS GWAS = P-

values from the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value 

from MAPIT and GWAS are plotted against position on each chromosome. Chromosomes 

are shown in alternating colours for clarity, with 29 autosomes, chromosome 30 

corresponding to the pseudo autosomal part of chromosome X and Y, and chromosome 31 

being the X chromosome. Red line representing 5% FDR and green line representing 10% 

FDR. 
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(a) NRR MAPIT 

 

(b) NRR GWAS 

 

Figure 6.S18. Manhattan plot for non-return rate (NRR) in heifers. NRR MAPIT = P-

values for all SNPs from the Marginal Epistasis Test. -log10(P) of the P-value from MAPIT 

and GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) NRR MAPIT 

 

(b) NRR GWAS 

 

 

Figure 6.S19. Manhattan plot for non-return rate (NRR) in cows. (a) NRR MAPIT = 

P-values for all SNPs from the Marginal Epistasis Test, (b) NRR GWAS = P-values from 

the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT 

and GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) NS MAPIT 

 

(b) NS GWAS 

 

Figure 6.S20. Manhattan plot for number of services (NS) in heifers. (a) NS MAPIT = 

P-values for all SNPs from the Marginal Epistasis Test, (b) NS GWAS = P-values from 

the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT 

and GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) NS MAPIT 

 

(b) NS GWAS 

 

Figure 6.S21. Manhattan plot for number of services (NS) in cows. (a) NS MAPIT = 

P-values for all SNPs from the Marginal Epistasis Test, (b) NS GWAS = P-values from 

the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT 

and GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) FSTC MAPIT 

 

(b) FSTC GWAS 

 

Figure 6.S22. Manhattan plot at the chromosome-wise level of first insemination to 

conception (FSTC) in heifers. (a) FSTC MAPIT = P-values for all SNPs from the 

Marginal Epistasis Test, (b) FSTC GWAS = P-values from the GWAS using epistatic BVs. 

For both scenarios, -log10(P) of the P-value from MAPIT and GWAS are plotted against 

position on each chromosome. Chromosomes are shown in alternating colours for clarity, 

with 29 autosomes, chromosome 30 corresponding to the pseudo autosomal part of 

chromosome X and Y, and chromosome 31 being the X chromosome. Red line representing 

5% FDR and green line representing 10% FDR. 
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(a) FSTC MAPIT 

 

(b) FSTC GWAS 

 

Figure 6.S23. Manhattan plot for first insemination to conception (FSTC) in cows. (a) 

FSTC MAPIT = P-values for all SNPs from the Marginal Epistasis Test, (b) FSTC GWAS 

= P-values from the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-

value from MAPIT and GWAS are plotted against position on each chromosome. 

Chromosomes are shown in alternating colours for clarity, with 29 autosomes, 

chromosome 30 corresponding to the pseudo autosomal part of chromosome X and Y, and 

chromosome 31 being the X chromosome. Red line representing 5% FDR and green line 

representing 10% FDR. 
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(a) GL MAPIT 

 

(b) GL GWAS 

 

Figure 6.S24. Manhattan plot for gestation length (GL) in heifers. (a) GL MAPIT = P-

values for all SNPs from the Marginal Epistasis Test, (b) GL GWAS = P-values from the 

GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and 

GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) GL MAPIT 

 

 

(b) GL GWAS 

 

Figure 6.S25. Manhattan plot for gestation length (GL) in cows. (a) GL MAPIT = P-

values for all SNPs from the Marginal Epistasis Test, (b) GL GWAS = P-values from the 

GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and 

GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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(a) CE MAPIT 

 

(b) CE GWAS 

 

Figure 6.S26. Manhattan plot for calving ease (CE) in heifers. (a) CE MAPIT = P-

values for all SNPs from the Marginal Epistasis Test, (b) CE GWAS = P-values from the 

GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and 

GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome. Red line representing 5% FDR and green line representing 10% FDR. 
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CE MAPIT 

 

Figure 6.S27. Manhattan plot for calving ease (CE) in cows. CE MAPIT = P-values for 

all SNPs from the Marginal Epistasis Test. -log10(P) of the P-value from MAPIT and 

GWAS are plotted against position on each chromosome. Chromosomes are shown in 

alternating colours for clarity, with 29 autosomes, chromosome 30 corresponding to the 

pseudo autosomal part of chromosome X and Y, and chromosome 31 being the X 

chromosome.  
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(a) SB MAPIT 

 

(b) SB GWAS 

 

Figure 6.S28. Manhattan plot for stillbirth (SB) in heifers. (a) SB MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) SB GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Chromosomes are shown in alternating 

colours for clarity, with 29 autosomes, chromosome 30 corresponding to the pseudo 

autosomal part of chromosome X and Y, and chromosome 31 being the X chromosome. 

Red line representing 5% FDR and green line representing 10% FDR. 
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(a) SB MAPIT 

 

(b) SB GWAS 

 

Figure 6.S29. Manhattan plot for stillbirth (SB) in cows. (a) SB MAPIT = P-values for 

all SNPs from the Marginal Epistasis Test, (b) SB GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Chromosomes are shown in alternating 

colours for clarity, with 29 autosomes, chromosome 30 corresponding to the pseudo 

autosomal part of chromosome X and Y, and chromosome 31 being the X chromosome. 

Red line representing 5% FDR and green line representing 10% FDR. 
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(a) CZ MAPIT 

 

(b) CZ GWAS 

 

Figure 6.S30. Manhattan plot for calf size (CZ) in heifers. (a) CZ MAPIT = P-values 

for all SNPs from the Marginal Epistasis Test, (b) CZ GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Chromosomes are shown in alternating 

colours for clarity, with 29 autosomes, chromosome 30 corresponding to the pseudo 

autosomal part of chromosome X and Y, and chromosome 31 being the X chromosome. 

Red line representing 5% FDR and green line representing 10% FDR. 
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(a) CZ MAPIT 

 

(b) CZ GWAS 

 

Figure 6.S31. Manhattan plot for calf size (CZ) in cows. (a) CZ MAPIT = P-values for 

all SNPs from the Marginal Epistasis Test, (b) CZ GWAS = P-values from the GWAS 

using epistatic BVs. For both scenarios, -log10(P) of the P-value from MAPIT and GWAS 

are plotted against position on each chromosome. Chromosomes are shown in alternating 

colours for clarity, with 29 autosomes, chromosome 30 corresponding to the pseudo 

autosomal part of chromosome X and Y, and chromosome 31 being the X chromosome. 

Red line representing 5% FDR and green line representing 10% FDR. 
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(a) CTFS MAPIT 

 

(b) CTFS GWAS 

 

Figure 6.S32. Manhattan plot for calving to first insemination (CTFS) in cows. (a) 

CTFS MAPIT = P-values for all SNPs from the Marginal Epistasis Test, (b) CTFS GWAS 

= P-values from the GWAS using epistatic BVs. For both scenarios, -log10(P) of the P-

value from MAPIT and GWAS are plotted against position on each chromosome. 

Chromosomes are shown in alternating colours for clarity, with 29 autosomes, 

chromosome 30 corresponding to the pseudo autosomal part of chromosome X and Y, and 

chromosome 31 being the X chromosome. Red line representing 5% FDR and green line 

representing 10% FDR. 
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CHAPTER 7 

General Conclusions  

 

FINAL REMARKS 

 The goal of genetic selection in animal breeding programs is to improve 

economically important traits in the next generation. Fertility and reproduction traits are of 

considerable economic importance to the dairy industry, as poor fertility is associated with 

higher veterinary costs, calf loss, and lower production of cows (Capitan et al. 2015). 

Although selection for health and fertility traits in Canada began in 2005, it is difficult to 

make progress in them because they are sex-limited, difficult to measure, have a low 

heritability, and they depend on the management practice of the farmer and indirect effects 

of the bull (Miglior et al. 2017). The immense complexity of the relationship between the 

phenotypes and genotypes for fertility and reproduction traits offers an opportunity to 

investigate and re-evaluate currently used evaluation models.  

 Recent research has suggested the importance of non-additive genetic effects for 

complex traits. For example, if additive and non-additive genetic effects are considered 

together, analyses have been shown to yield higher capability for correctly partitioning 

components of variance for complex traits in most livestock species (Su et al. 2012; 

Bolormaa et al. 2015; Lopes et al. 2015). Inclusion of non-additive genetic effects in 

genomic evaluation models have been shown to increase reliability and reduce bias of 

predicted breeding values (BVs) (Su et al. 2012; Esfandyari et al. 2016), and non-additive 

genetic effects have been proposed as a main factor accounting for the proportion of 

heritability not explained by the top associated variants from genome-wide association 

studies (GWAS) (Eichler et al. 2010; Visscher et al. 2012). Thus, this thesis set out to 

explore whether it is possible to unravel additive and non-additive genetic effects for 

fertility and reproduction traits, and determine whether the inclusion of non-additive 

genetic effects in variance component estimation, genomic prediction, and genome-wide 

association studies would improve our understanding of the genetic architecture and 

control of these complex traits.  
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 Chapter 3 investigated the role of non-additive genetic effects on fertility and 

reproduction traits by estimating additive, epistatic, and dominance genetic variance 

components for Canadian Holstein cattle using pedigree and genomic relationship 

matrices. Additive by additive epistatic genetic effects, and dominance genetic effects 

accounted for a larger proportion of the total phenotypic variance than the additive model 

currently used in practice (up to 34% and up to 46%, respectively). However, the standard 

errors of the estimates for the dominance genetic effects were large. Although the rank 

correlation of predicted BVs for all cows was relatively high (>0.90), the re-ranking of 

animals in the top cows suggest that non-additive genetic effects play an important role in 

fertility and reproduction traits, and the inclusion of non-additive genetic effects could 

change selection decisions in dairy cattle breeding programs.  

 While Chapter 3 served as a good baseline for identifying additive, epistatic and 

dominance genetic variance components, the confounding between the random effects in 

the model provided evidence to the difficulties associated with precisely dissecting additive 

and non-additive genetic effects. This is, in part, due to the fact that additive and non-

additive genetic components are not typically independent in breeding populations (Muñoz 

et al. 2014). Thus, alternative approaches to model non-additive genetic effects were 

investigated to determine if one could more precisely quantify genetic variance in a 

breeding population. The following chapters focused exclusively on additive by additive 

epistasis, as the proportion of total phenotypic variance due to dominance genetic effects 

using genomic information in Chapter 3 was close to zero for most traits, and the standard 

errors associated with these estimates were large.  

 Under an infinitesimal model, the additive by additive epistatic relationship matrix 

can be derived by performing the Hadamard product operation of the additive relationship 

matrix (Henderson, 1985). Fitting all pairwise interactions between SNPs to model additive 

by additive epistasis can make incorporating interactions between genes difficult as it is 

computationally demanding, and makes the inference of the biological role of these 

interactions difficult. In addition, Jiang and Reif (2015) showed that while the infinitesimal 

model assumption would be valid if we had access to an infinite number of markers, a 

genomic relationship matrix with 50k SNP markers is not sufficient to satisfy the 
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assumption. Thus, in Chapter 4, we investigated the effect of the covariance matrix 

construction on the estimation of epistatic genetic variance components for the fertility and 

reproduction traits.  

Two transformations to the epistatic relationship matrix were proposed by Martini 

et al. (2016), which avoid double counting for interactions between SNPs, and removing 

the interaction of a marker with itself. In addition, a third transformation to the epistatic 

matrix was proposed, which does not double count interactions between SNPs and removes 

the interaction of a marker with itself. Removing the interaction of a marker with itself 

decreased the estimation error correlation (i.e. confounding) between additive and epistatic 

genetic effects. However, there was not a clear advantage to any of the transformed 

matrices compared to the Hadamard product operation according to the Akaike Information 

Criterion (AIC). Consequently, if all pairwise interactions between SNPs are incorporated 

into the model, the matrix implicitly models more interactions than desired. Thus, the 

interpretation of the magnitude of these interactions should be completed with caution. 

 In Chapter 5, genomic predictions for fertility and reproduction traits were 

performed to assess the impact of including genomic information, epistasis, and variants 

of the epistatic genomic relationship matrix on the reliability and bias of the model 

predictions. While it was expected that the model which included genomic information and 

epistatic genetic effects would result in the most accurate predicted adjusted phenotypes 

and reduced prediction bias, this was not always the case. Pearson correlations between 

adjusted phenotypes and direct genomic values (DGVs) were only slightly higher for 

genomic models compared to pedigree models for some traits. Although epistatic genetic 

variance explained up to 28% of the total phenotypic variance for some of the analyzed 

fertility and reproduction traits, there was not a consistent advantage to incorporating 

epistatic genetic effects into the model to improve prediction accuracy or reduce bias for 

these traits. In addition, variants of the epistatic relationship matrix did not affect the 

accuracy. However, removing the interaction of a marker with itself did improve the bias 

of DGVs compared to adjusted phenotypes.  
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 Although there was not a consistent advantage to including epistatic genetic effects 

in genomic evaluation models, epistatic genetic effects were ultimately found to contribute 

to the variance of some of the traits. Thus, their inclusion in genomic evaluation models 

may allow for alternate selection strategies to maximize progeny performance. For 

example, when epistasis is ignored, the measured values of progeny (i.e., BVs estimated 

from covariances of relatives) include fractions of the additive by additive variances. Only 

small fractions of the interaction components contribute to any covariance, the most being 

¼, and the contributions between more than two loci being even smaller (Falconer and 

Mackay, 1996, pg. 154). However, the only way of estimating the additive variance is from 

covariances of relatives. Thus, a proportion of variance due to the interaction of alleles can 

manifest as additive variance. When additive by additive (epistatic) genetic effects are 

explicitly fit in the model, the overestimation of additive variance due to the contribution 

of interactions is reduced, resulting in “true” additive genetic and epistatic genetic 

components. Since additive by additive epistasis contributes to the response to selection, 

selection based on epistatic BVs could be an alternative strategy to maximize progeny 

performance for complex traits in the future.  

 While geneticists agree that interactions between genes exist, they do not agree on 

how common and influential the phenomenon is for selection response (eg., Hill, Goddard, 

and Visscher, 2008 vs. Huang et al. 2012). One of the most commonly cited arguments for 

the unimportance of epistasis in selection is that although some epistatic effects are 

transferred from parents to offspring, changes due to selection are transient in that they are 

due to a buildup of linkage disequilibrium (LD), that will decay if selection is relaxed 

(Griffing,1960). However, in a selection-dominated regime, such as the dairy cattle 

industry under discussion, LD should be generated consistently and in a directional fashion 

(Paixão and Barton, 2016). In addition, studies have shown that although the impact of 

epistasis is negligible for the response of the trait mean over a single generation, the impact 

of epistasis may increase exponentially with time and magnitude of change by modulating 

the additive genetic variance (Hansen, 2013; Paixão and Barton, 2016). Thus, investigating 

alternative strategies to incorporate selection for epistasis may be an area to research for 

complex traits in the future.  
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 The objective of Chapter 6 was to identify genomic regions associated with 

epistatic genetic effects, which contribute to the genetic architecture and control of fertility 

and reproduction traits. With recent research suggesting the importance of epistasis for 

complex traits, many statistical methods have been developed to identify epistasis in 

GWAS. An attractive alternative approach was the Marginal Epistasis Test (MAPIT) 

proposed by Crawford et al. (2017), as it gains an advantage in detecting epistasis in the 

polygenic setting with a large number of interactions, each with a small effect, as expected 

in fertility and reproduction traits. In addition, it is less computationally demanding than 

the alternative exhaustive pairwise search.   

While SNPs with significant marginal epistatic effects were identified, the quantile-

quantile (Q-Q) plots suggest that the significant SNPs are likely threatened by population 

stratification. Thus, the test statistics were adjusted by the genomic inflation factor. After 

adjusting the test statistics and correcting for multiple testing using 5% and 10% FDR, 

significant regions were identified for AFS, NRR, GL, SB and CZ. However, MAPIT 

should be replicated with a covariance matrix detailing population structure effects in 

another study, to remove additional steps taken to adjust the test statistics, and validate the 

identified SNPs in the present study.  

In this genome-wide association study, a novel approach to detect SNPs associated 

with epistasis was also proposed, by performing a genome scan with estimates of epistatic 

BVs used as the input phenotype. The novel approach to detecting epistasis identified 

regions associated with epistasis at the chromosome-wise FDR level for all of the traits. As 

this was a preliminary exploratory screening of the Holstein genome for epistatic effects 

for fertility and reproduction traits, subsequent analysis should follow to validate the 

findings with another population. In addition, a search for potential positional and 

functional candidate genes in these regions would help to uncover the role of these regions 

in the control of the fertility and reproduction traits.  

In conclusion, it was possible to unravel additive and non-additive genetic effects 

for fertility and reproduction traits in Holstein cattle. Theoretical estimates of additive and 

non-additive genetic variance components were obtained, which can be used as a baseline 

for defining the size and type of epistasis that is involved in the fertility and reproduction 
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traits in Holstein cattle. The exploratory GWAS analyses also identified regions of the 

genome significantly associated with epistasis, which can be used as a starting point for 

future studies trying to identify patterns of epistasis in the genotype-phenotype map. 

 The dairy industry has entered an era of selecting for novel traits which have a 

direct impact on the longevity of the producing animal. Improving our understanding of 

the genetic architecture and control of these traits will help in the proper estimation of BVs 

and correct ranking of candidate parents for the next generation. In turn, selection for novel 

traits will have a direct impact on the future design and implementation of breeding 

strategies in the dairy industry.  

While incorporating these novel traits into selection programs should help to breed 

more balanced and profitable animals, the relationship between the phenotype and 

genotype of these traits is immensely complex. Thus, this research emphasizes the need for 

a re-examination of our tools to help detect causal links between phenotypic and genetic 

variation for complex traits which will be inevitably incorporated into selection indices in 

the near future.  

 

 

 

 

 

 

 

 

 

 

 



184 
 

REFERENCES 

 

Bolormaa, S., J.E. Pryce, Y. Zhang, A. Reverter, W. Barendse, B. Hayes, and M. Goddard.  

Non-additive genetic variation in growth, carcass and fertility traits of beef cattle.  

Genet. Sel. Evol. 47(1):26. doi.org/10.1186/s12711-015-0114-8  

Capitan, A., P. Michot, A. Baur, R. Saintilan, C. Hozé, D. Valour, F. Guillaume, D.  

Boichon, A. Barbat, D. Boichard, L. Schilber, and S. Fritz. 2015. Genetic tools to 

improve reproduction traits in dairy cattle. Reprod. Fertil. Dev. 27(1):14-21  

Crawford, L., P. Zeng, M. Sayan, and X. Zhou. 2017. Detecting epistasis with the marginal  

epistasis test in genetic mapping studies of quantitative traits.  PLoS Genet. 

13(7):e1006869 doi.org/10.1371/journal.pgen.1006869 

Eichler, E.E., J. Flint, G. Gibson, A. Kong, S.M. Leal, J.H. Moore, and J.H. Nadeau. 2010.  

Missing heritability and strategies for finding the underlying causes of complex 

disease. Nat. Rev. Genet. 11(6):446– 450.  

Esfandyari, H., P. Bijma, M. Henryon, O.F. Christensen, and A.C. Sarensen. 2016.  

Genomic prediction of crossbred performance based on purebred Landrace and 

Yorkshire data using a dominance model. Genet. Sel. Evol. 48(1): doi: 

10.1186/s12711-016-0220-2 

Falconer, D.S. and T.F.C. Mackay. 1996. Introduction to Quantitative Genetics. Ed 4.  

Longmans Green, Harlow, Essex, UK.  

Forneris, N.S., Z.G. Vitezica, A. Legarra, and M. Pérez-Enciso. 2017. Influence of  
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