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ABSTRACT

THRESHOLD MODELS FOR GENOME-WIDE ASSOCIATION MAPPING OF

FAMILIAL BREAST CANCER INCIDENCE IN HUMANS

NASIR ELMESMARI

2017

Breast cancer is the second most fatal cancer in the world and one of the most highly
harmful cancers from which people suffer. Breast cancer studies have been able to uncover
some knowledge about genetic susceptibility for familial breast cancer in humans. Hence,
determining genetic factors may potentially help track the disease, as well as discover the
cancer in early stages, or perhaps before it starts. In addition, this may allow early
determination of possible treatment strategies which will make it easier to prevent the
disease. In this context, it is important to determine whether the heritability of breast cancer
incidence is greater than zero, which can be investigated if there is a potential genetic
component playing a role in the incidence of the disease. Traits with zero heritability are
said to be completely subject to environmental factors, so genetics has no effect at all.
Heritability is important because it indicates the extent of genetic variations which could
provide a reason for the infection. In the case that heritability is found to be greater than
zero, it is useful to estimate the single nucleotide polymorphism (SNP) effects, which may
potentially determine the genes or the genomic regions that are associated with the

incidence of breast cancer.

This study used data for three families with BRCAX as exome sequences provided

by the University of Nebraska Medical Center and the Institutional Review Boards of
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Creighton University. Specifically, the data consisted of pedigree information for 167
individuals from three families, including information on whether each person had breast
cancer or not (binary trait, positive or negative). Genomic data was available for 22
individuals among the 167. Theoretically, heritability as well as SNP effects can be
estimated using a variety of approaches, but given the data available for this study, the best
strategy was to combine both the pedigree-based data and the genomic data in one matrix.
This matrix offers an advantage over other approaches that use only one of these datasets.
The data was analyzed using a threshold model and Gibbs sampling algorithm to estimate
the heritability of breast cancer incidence, as well as to predict SNP effects. The binary
response variable for breast cancer incidence was modeled such that gender (2 levels) and
family (3 levels) were the fixed effects. The effect of the subjects was the only random

effect in the model.

The heritability estimate was approximately 28%, indicating that there is a
considerable genetic component underlying the incidence of breast cancer. In addition, the
Genome-Wide Association Study (GWAS) analysis revealed that breast cancer is a
complex trait, possibly controlled by many genes. However, some areas on the genome
(specifically, chromosomes 1, 2, 4, 8, 14 and 16) may include candidate genes associated
with breast cancer incidence. These genes might be responsible for this type of cancer and
play important roles in susceptibility for the disease. The 20 SNPs with highest effects
explained more than 3.5 % of the genetic variance, which is a good indicator that their
genes are associated with breast cancer. The results of this study open the door for more
research on breast cancer incidence. Despite the limitations related to the small sample

used, the results of this study could be considered a first step for future work and
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investigation. Further studies using larger data sets may reveal more information on this

complex trait.



CHAPTER 1

GENERAL INTRODUCTION

1.1 Introduction

According to the World Health Organization (WHO), the number of patients who
die from cancer has raised up from 8.2 million in 2012 to 8.8 million in 2015. This high
number of deaths has been attributed to late diagnosis and lack of proper treatment. The
delay of diagnosis occurs even in countries that have excellent health systems [1]. In the
United States, the 2016 annual report noted 1,685,210 new cases of cancer diagnosed, as

well as 595,690 cancer deaths [2].

Developing a cure for various cancers has been a worldwide initiative in the past
two decades because it is considered to be one of the leading causes of death [3]. For
instance, breast cancer is ranked the second deadliest cancer in the world. In order to
appropriately determine cures or treatments for any disease, it is imperative that the cause
is uncovered. Understanding a disease at the point of origin will also enable earlier
diagnosis. Additionally, various types of cancer are more easily eradicated in the early
stages. Some studies have indicated that heritability is a major contributing factor for the
disease. Measuring heritability is, therefore, an important step in revealing the extent of
the variation in response attributed to biological effect. Many breast cancer studies have

been able to uncover the significance of genetic influences [4].

The history of heritability goes back to at least the 19th century. However, the
ideas surrounding heritability estimates were developed by Wright (1920) [5]. He used

the concept of heritability in his study on the coat color of guinea pigs [6]. This term is



significant because scientists use it to assess the interaction of genes and environment to
determine the survivor species under the law of natural selection. Moreover, it is vital to
estimating the potential for diseases in plants, animals and humans [7]. In a study
conducted by Taylor (1975), he found a strong relationship between cancer and a
predisposition due to exposure to ion radiation. Many patients showed extensive cell
damage which led to breast cancer. In addition, the age of the patients did not have any

role in causing cancer [8].

Roberts et al (1999) used a mixed model based on lognormal distributions to
estimate the heritability of breast cancer [9]. Two studies of twins were used to evaluate
this hypothesis, showing that the density of tissues in mammography at a given age had
high heritability [10]. Moreover, other researchers have stated that the variance and
covariance component models are useful in evaluating the heritability of breast density

measures, serum sex-hormone levels, and volumetric mammographic density [11, 12].

The most common method used to estimate heritability is the linear mixed effect
model (LME). Speed et al (2012) used an innovative approach GWAS to estimate
heritability, discovering that kinship coefficients can be computed from genome-wide
SNP genotypes, rather than from a known pedigree [13]. Cheng et al (2014) proposed a
new inferential model that was able to evaluate the heritability coefficient [14].
Heckerman et al (2016) used a linear mixed effect model for the genomic random effect
by using the kinship matrix (identity-by-descent estimates) from accurately phased
genome-wide data [15]. Fong et al (2010) presented a GWAS Analyzer; this helps to
limit a huge amount of phenotypic and genotypic data to predict the candidate gene that

causes the severity of a disease by using SNPs [16].



In animal science, Misztal et al (2009) proposed a methodology to incorporate
genomic information in addition to pedigree and phenotypic information, in one matrix
[17]. A year later, Aguilar et al (2010) used this matrix to predict breeding value [18]. El-
Dien et al (2016) presented a study in plant science as a first attempt to replace pedigree
information (numerator matrix) with the genomic relationship matrix (G-matrix). They
were then able to calculate more realistic variance components and heritability estimates
for forest trees [19]. The use of animal and plant information may help us better

understand genetic structure in humans as well.

Based on previous GWAS studies, approximately 100 common breast cancer
susceptibility alleles have been identified [20]. Genetic studies on breast cancer have
been conducted by a group from the University of Nebraska Medical Center. The authors
Wen et al (2014) observed specific and novel variances in each family related to familial
breast cancer. Moreover, they strongly recommended that adding and analyzing
phenotypic data might dramatically enhance genetic prediction and the accuracy of

disease diagnosis [21].

By following the recommendation stated in Wen et al (2014), we have used the
genomic and phenotypic combination data to predict the SNP effect. To assure that this
procedure is a novel study, we searched and compared all the studies that were cited in
Aguilar et al (2010) by using Google Scholar and the Web of Science. As far as we
know, this work is the first study focusing on human breast cancer that has used this

innovative methodology.



1.2 Data

The data in this study was gathered from three families with BRCAX as exome
sequences, as examined in a study by Wen et al (2014). This data has also been described
in another study from the University of Nebraska Medical Center by Lynch et al (2013)
[22]. The use of this data in both studies was approved by the University of Nebraska
Medical Center and the Institutional Review Boards of Creighton University. All
members of these families had signed a consent form to participate in cancer research,
with the understanding that personal information would be kept confidential, as required
by institutional privacy policies. A detailed discussion of the data can be found in the data

preparation section of Chapter 3.

1.3 The Objects of This Study

The goal of this study was to estimate the genetic parameters of this disease by
combining both the phenotypic and genomic information available to us. In addition, this
study aims to find genomic regions and specific genes with major effects associated with

familial breast cancer incidences. The general objectives this study were:

1. Prepare appropriate data for GWAS. This includes mapping to the reference
genome, removing duplicate reads, calling variants for each individual, and
merging them with the reference genome.

2. To estimate variance components and heritability for familial breast cancer
incidence.

3. To find genomic regions and specific genes with major effects associated with
familial breast cancer incidences using both genomic and phenotypic data.

To achieve these goals, the dissertation is organized as follows:



In Chapter 2, we present GWAS. Chapter 3 deals with the data preparation and
also defines standard terminologies in genomic studies, such as the structure of DNA,
gene, SNP, data and families. Additionally, the data preparation steps include mapping,
removing duplicates, SNPs calling, converting SNPs to integers and quality control for
genomic data. Chapter 4 describes the methods used, including linear mixed effects
models, maximum likelihood estimation, numerator relationship matrix, the heritability
coefficient, genomic relationship matrix, threshold model and the Gibbs sampling
method. In Chapter 5, multi-trait models will be presented, while Chapter 6 explains the
analysis using the software FORTRAN90/95 for variance components heritability and for
prediction of SNP effects and the R software for graphics. The last Chapter is the
discussion and conclusion. Figure 1.1 shows the version datasets and matrices used in the

data analysis.

167 Individuals

Family 1 p| Amatrix
Family 2
Family 3
H Matrix 1. Gibbs 1 Heritability
\ > 2 Threshol | * 2SNPeffect
22 Individuals /
G matrix
8 from family 1
8 from family 2
6 from family 3

Figure 1.1 Flowchart of the data and model matrices.



CHAPTER 2

CANCER AND GENOME-WIDE ASSOCIATION

2.1 Introduction

Cancer is the general name used to refer to a variety of similar diseases, all of
which involve some cells in the body that are continuously dividing and taking over the
tissues surrounding the affected area. Cancer can start just about anywhere in the human
body. In a healthy body, human cells divide to produce replacement cells when needed.
These new cells replace old damaged ones when they stop working. The development of
cancer in the body, however, breaks down this otherwise methodical progression. As
abnormality takes over, the cells that should die and be replaced actually endure, and
replacement cells continue to form even when they are not required. The extra cells
multiply endlessly and become tumors.

Most common types cancer produce solid tumors or masses of tissue. However,
blood cancers, such as leukemia, do not typically form tumors. When a tumor is
cancerous, it is referred to as “malignant”, which means it can attack nearby tissues. As
these tumors grow, some cancer cells can even break away from the original mass and
migrate to other areas in the body through the bloodstream or the lymph system. They
then start new tumors in locations other than the original site. Benign tumors differ from
malignant tumors. Though they can also be quite large, they do not take over or attack
nearby tissues. Benign tumors can be successfully removed and typically there is a big
chance that will not come back again. However, malignant cancers can be removed but
can continue to be produced in the body after removal. Benign brain tumors can be life

threatening but most other benign tumors are not [23].



Remarkable advancements in cancer study into the past 50 years have provided
insights into the development of cancer cells. Cancer is now defined as a disease in which
there are changes or mutations in the cell genome. These changes, or Deoxyribonucleic
acid (DNA) mutations, produce a protein that upsets the protocol between the cell
division stage and the dormancy stage, allowing continuous cell division and the
formation of cancer. At the point when cancer cells relocate to different parts of the body

where they form new tumors and crowd out normal cells, it is called "metastasis” [25].

2.2 Genes Related to Breast Cancer

Breast cancer is a main cancer in women. It affects nearly a quarter of a million
women each year in the United States alone. About 10-15% of breast cancers have
genetic ties, affecting multiple family members over generations. Recognizing that a
genetic predisposition increases susceptibility is a big step in unraveling the cause of
breast cancer for early detection, diagnosis, prognosis, and treatment [26].

Broca was the person to recognize a family with a high prevalence of breast
cancer in 1866. His wife was inflicted with early onset breast cancer. When Broca trailed
her family tree, he found four generations with a history of breast [24]. The "Broca"
report was of many that tied breast cancer to genetic predisposition, passing from one
generation to the next. He also discovered 16 cases of cancer across five generations in
one family. Fifteen were female, nine of which had breast cancers [27].

In 1972, Lynch et al. linked breast cancer with a predisposition to colon cancer.
His findings showed that the members of some families with breast cancer also had a
comparatively high predilection for cancer of the colon; some showed higher

predispositions for gastric, ovarian, and endometrial carcinoma, and some demonstrated



higher odds for brain tumors, sarcoma, and leukemia. Hall et al (1990) started mapping
the genes accountable for hereditary breast cancer, which allowed for the identification of
early lesions that are a signature of the development of breast cancer. He theorized that
Chromosome 17921 appeared to be the position of the gene indicating a predisposition to
breast cancer in families with a history of early-onset diseases. Shortly thereafter, in
1991, Lenoir et al. demonstrated an association to this same gene position with HBOC
syndrome. The gene has since become known as "BRCAL". In 1994, Miki and Swensen
noticed a strong potential for the BRCA1 gene, as it affects the predisposition to breast
and ovarian cancer. It has also been known for its positional cloning method, which is a
method to identify genes [29, 32].

A study by Wooster et al (1994) provided evidence of another locus to breast
cancer susceptibility, BRCAZ2, to a 6-centimorgan interval on chromosome 13g12-13.
Initial findings suggest that BRCAZ2 assumes a higher risk of breast cancer but, unlike
BRCAL1, does not impose any elevated risk of ovarian cancer. Mutations in BRCA 1 and
BRCA 2 are found in most of the families having six or more cases of breast cancer,
which is aligned with dominant inheritance [34]. However, Shih et al (2002) and Easton
et al (1999) said that, overall, the identified susceptibility genes are estimated to be
accountable for less than 25% of familial breast cancer, demonstrating a strong
possibility that other susceptibility genes are yet to be discovered [36]. Antoniou et al
(2003) said genetic mutations in BRCAL and BRCAZ2 genes can increase the risk of
breast cancer (60-85%) and ovarian cancer (15-40%) over a lifetime. Researchers have
attempted to discover an assumed BRCAX gene using linkage analysis to support the

genetic context for high-risk families. However, the results seem to show that many



genes are probably contributors to a predisposition to breast cancer [22, 37]. Others
hypothesized that the genetic predispositions in many BRCAXx family breast cancer cases
may be specific variations [21]. Correspondingly, several studies showed that the risk of
breast cancer could be increased with mutations in the following genes: P53, PTEN,
CHEK2, ATM, PLAB2, FGFR2 and TNRCO; other genes are still being vetted [21].
Current evidence suggest that three types of genetic predisposition exist for
familial breast cancer: (a) high-risk genes with rare mutations, but high penetrance
causing high risk of breast cancer, e.g., BRCA1 and BRCAZ2; (b) intermediate-risk genes
with rare mutations causing intermediate risk of breast cancer, e.g., CHEK2, ATM,
BRIP1, and PALB2; and (c) common modest risk genetic variants, such as the SNPs in or

close to FGFR2, TNRC9, MAP3K1, and LSP1[22].

2.3 Genome-Wide Association Analysis for Breast Cancer

Identifying and understanding genetic risk factors for complex diseases is the
main goal of human genetics. GWAS is one of several beneficial technologies used to
study designs and examine the results of analytical tools in order to identify genetic risk
factors. GWAS examines the whole genome in different individuals to see if there are
any genetic regions related to a specific trait. Determining a genetic factor will help in
tracking the disease and in discovering cancer in early stages. In addition, this can lead
the way to additional possible treatments. This information can be used in fine mapping
genes [38].

The first scientific report using genome-wide screening was in 2005 [39]. The
researchers examined patients with age-related macular degeneration and found two

SNPs with significantly different allele frequencies compared to healthy control subjects.
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Many similar studies that have been reported successfully using the genome-wide
association analysis to determine genetic variations that might contribute to a risk of type
2 diabetes, Parkinson's disease, heart disorders, obesity, Crohn's disease and prostate
cancer, as well as genetic variations that influence responses to antidepressant
medications [39, 40].

In recent years, several genetic SNPs related to breast cancer risk have also been
identified via GWAS [22]. Haiman et al (2011) combined GWAS data from women of
African ancestry (1,004 ER-negative cases from 2,745 controls) and European ancestry
(1,718 ER-negative cases out of 3,670 controls), with replication testing conducted in an
additional 2,292 ER-negative cases and 16,901 controls of European ancestry. A common
risk variant for ER-negative breast cancer at the TERT-CLPTMZ1L locus on chromosome
5p15 (rs10069690) was discovered. The variant was also implicitly linked to triple-
negative (ER-negative, progesterone receptor (PR)-negative and human epidermal
growth factor-2 (HER2)-negative) breast cancer, particularly in younger women (<50
years of age) [41].

Another study in GWAS cited single-nucleotide polymorphisms at 1p11.2 and
14q24.1 as loci for breast cancer susceptibility. The early GWAS leaned in the direction
of strong effects for both loci for ER-positive tumors. Using data from the Breast Cancer
Association Consortium (BCAC), Figueroa et al (2011) sought to determine whether
risks differ by ER, progesterone receptor (PR), human epidermal growth factor receptor 2
(HER2), grade, node status, tumor size, and ductal or lobular morphology. The data was
derived from 46,036 invasive breast cancer cases and 46,930 controls from 39 studies.

Analyses by tumor characteristics focused on subjects identifying as white women of
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European ancestry and were based on 25,458 cases, of which 87% had ER data. The SNP
at 1p11.2 revealed pointedly stronger associations with ER-positive tumors [42].

In the Triple Negative Breast Cancer Consortium (TNBCC) Stevens et al (2011)
explored 22 common breast cancer susceptibility SNPs in 2,980 Caucasian women with
triple negative breast cancer and 4,978 healthy controls. Six SNPs significantly related
with risk of triple negative breast cancer were also identified, including: rs2046210
(ESR1), rs12662670 (ESR1), rs3803662 (TOX3), rs999737 (RAD51L1), rs8170

(19p13.11) and rs8100241 (19p13.11) [43].
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CHAPTER 3

DATA PREPARATION

3.1 Introduction

In GWAS studies, researchers use complicated datasets, with the data needed for
the final statistical modeling usually prepared in multiple steps. In this chapter, we tried
to describe the various data preparation steps we used in our study. These steps include
mapping, remove duplicates, SNPs calling, converting SNPs to integers and quality
control for genomic data. We also give a short overview to the standard terminology used

in genomic studies.

3.2 The Structure and Function of DNA

In the 1940s, biologists struggled to understand how DNA could be the key to our
genetic make-up, due to the assumed simplicity of its configuration. There was awareness
that DNA was comprised of four similar types of subunits laced together on a long
polymer, and that each of the four subunits resembled one another chemically. In the
early 1950s, DNA was studied by way of a procedure known as x-ray diffraction
analysis, that distinguished the three-dimensional atomic structure of molecules. The
preliminary findings of the x-ray diffraction exposed that the configuration of DNA was
formed by two polymer strands spiraled into a helix (Figure 3.1 [147]). The detection of
the two-stranded structure of DNA was revolutionary, becoming one of the most
prominent pieces of evidence that led to the Watson-Crick Model for DNA structure. It
was only once this model was proposed in 1953 that DNA's capacity for replication and

material encoding become evident [44].
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DNA is the hereditary material in humans and almost all other living organisms;
in fact, the same DNA is present in almost every cell in a human body. DNA is most
generally located in the cell nucleus. This type of DNA is called nuclear DNA. Small

amounts of DNA are also found in mitochondria; this type of DNA called mtDNA.

Guanine Cytosine

Sugar phosphate
backbone

Figure 3.1 The two strands of DNA.

The information in DNA is stored as a code made up of four chemical bases: The
The four nucleobases that comprise the chemistry of DNA are Adenine (A), Guanine (G),
Cytosine (C), and Thymine (T). More than 99 percent of the roughly 3 billion bases of
which human DNA is comprised are identical in all people. The bases line up in different
arrangements in order to regulate the information needed to create and sustain an
organism, much like individual letters of the alphabet can combine in different orders to

form a variety of words and phrases [45].

Base pairs occur when two DNA bases attach to each other, such as A joins with
T and C joins with G. Additionally, every base pair adds a sugar and a phosphate
molecule. So the nucleotide is a combination of sugar and phosphate. Nucleotides join

together to create the famous double helix building of DNA. The double helix is formed
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in a ladder-like spiral, with the base pairs connecting horizontally, much like ladder
rungs, while the sugar and phosphate molecules create long vertical strands. Possibly the

most important characteristic of DNA is its ability to produce exact duplicates of itself.

The critical process of cell division relies on the exact replication of the DNA to
create a new cell so each new cell is a perfect copy of the original. Each double-stranded

DNA molecule has the ability to reproduce its base pairs in sequence [44].

3.3 What is a Gene

DNA molecules (comprised of base pairs) make up the standard material and
practical element of heredity, known as a gene. Genes, in turn, contain the information
necessary to create molecules called proteins, which are essential for maintaining the
body’s muscles, tissues, and organs (Figure 3.2 [148]). Human genes, for example, show
a great variety in size, ranging from just a few hundred base pairs to more than 2 million.
Research from the Human Genome Project indicates humans may have up to 25,000
genes. Over 99 percent of the genes are identical in every human. Each parent passes on a
complete set of its genes; as a result, each person has two copies of every gene. In fewer
than 1 percent of genes, the gene pairs have different patterns in their DNA bases; those
gene pairs are known as alleles. Alleles are responsible for each person’s individual

corporeal differences [44].



15

(a) Double strand
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Figure 3.2 A part of a DNA molecule coding.

3.4 Single Nucleotide Polymorphisms

As discussed above, DNA patterns are made up of chains of nucleotide bases (A,

C, Gand T). A difference at a specific location in a DNA pattern of an individual is

known as a single nucleotide polymorphism, or SNP (Figure 3.3 [149]). This deviation

can be classified as an SNP only if it is present in less than 1 percent of a given

population. A gene can be considered to have two alleles if an SNP occurs in that gene.

An SNP inside a gene can alter the pattern of the amino acids. SNPs do not only occur

within genes, but can also be found in DNA molecules that do not carry instructions for

producing proteins, which named noncoding region.

Ferson
Ferson
Ferson
Ferson
Ferson
Ferson

SNP 1 SNP 2 SNP 3

acggttagotacaattatttaaacgggaggagggattttattaaccagatgtyg
acggttatctacaattatttaaacgggaggagggattttattaaccaaatgtg
acggttaactacaattatttaaatgggaggagggattttattaaccagatgtyg
acggttaactacaattatttaaatgggaggagggattttattaaccaaatgtyg
acggttatctacaattatttaaatgggaggagggattttattaaccaaatgtg
acggttatoctacaattatttaaatgggaggagggattttattaaccaaatgtyg

Figure 3.3 Single nucleotide polymorphism in six persons.



16

Although a particular SNP may not create a disorder, some SNPs are related to
the occurance of certain diseases. These associations enable scientists to search for SNPs
in order to assess an individual's genetic predisposition to developing a disease.
Additionaly, if certain SNPs are understood to be correlated with a trait, then scientists
may inspect stretches of DNA near these SNPs in an effort to detect the gene or genes
responsible for that trait. Researchers are hopeful that awareness of an individual’s SNP
genotype will afford a basis for evaluating susceptibility to diseases and the ideal choice
of therapies [46]. A key challenge in understanding these potentials is comprehending

how and when the variants may cause a disease.

3.5 Data

This study used exome sequencing data. The data was previously analyzed in the
study by Wen et al (2014) to test genetic predispositions; in their study, only genomic
data was used. They matched all variants that were identified in the databases, while all
known variants were removed. The study includes data from three families with BRCAX
familial breast cancer (refer to Figure 3.5-3.7 and Appendix A); the families included
seventeen members with cancer, and five members without. In the first family, seven
members had cancer and one member was healthy, while in the second family, five
members had cancer and three did not. The third family included five members who had
cancer and one who remained unaffected. Data in this work were collected as blood
samples from family that have members affected by cancer, as well as those who were
not affected. The thorough genetic testing of individuals in each family displayed no
mutation in BRCAL or BRCA2. Family members over two generations were chosen for

exome sequencing based on the pedigree’s hereditary pattern of breast cancer, as well as
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the accessibility of DNA samples. Exome sequences were collected with a HiSeq™ 2000

sequencer (Illumina, San Diego, CA) with a paired-end (2 x 100).

3.6 Paired-End Reads

Paired-end reads permit users to sequence both ends of a fragment, which generates
superior sequence data that can be easily aligned (Figure 3.4 [150]). In addition to gene
fusions and unusual transcripts, paired-end sequencing enables detection of genomic

changes and elements of a repetitive sequence.

Subsequently, paired-end reads are more able to line up to a reference, and the value
of the total data set is much improved. All Illumina next-generation sequencing (NGS)

structures are capable of paired-end sequencing.

Paired-End Reads Alignment to the Reference Sequence

———
—_—
—
_

[E————————————————— Reference = —

Figure 3.4 Paired-end sequencing.
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Figure 3.7 The pedigree information of family 3.

3.7 Pipelines

Pipelines are series of computational or data manipulation steps that result with
specific data called “variants”, which are analyzable in the next-generation sequencing
studies, all these steps are shown in (Figure 3.8). Before we go to detail let us define
some terms; Reads: are sequences obtained of DNA, where each nucleotide sequences
called read. Usually each read has 100 base pair; Bowtie 2: is a tool to align sequencing
reads to reference sequences; Picard: is a tool to operate specific format such as SAM,
bam and VCF file; SAMtools: is a tool that use alignments in BAM format; BCFtools:

this tool to call variant as VCF and BCF format.

19
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Exom Data —> | Recalibration with | _ . | Changing SNP’sto
(Reads) GATK integer using R
Mapping to hg-19 SNP’S calling Quality control for
using Bowtie2 SAMtools/BCFtools genomic data
Removing of - . .
Duplicates merging SNP's “Ready to analyms.l |
using Picard VCFtools Threshold mode

Figure 3.8 Flowchart of data preparing steps.

3.7.1 Mapping with Bowtie 2

The primary measure in several relative genomic pipelines is aligning sequencing
reads to a reference genome, such as variant calling, isoform quantitation, and differential
gene expression. In many instances, the alignment step is the longest, since for each read,
the aligner has to resolve the difficult computational problem of ascertaining the read’s
most likely point of origination regarding a reference genome. Most aligners use a
genome index to quickly narrow down the list of potential alignment locales. The full-
text minute index is a fast and memory-efficient index that is being utilized by aligners.
Index-assisted aligners function by looking for all the potential ways to mutate the read
string into a string. This also happens to the reference point, which is of course, an
alignment rule, and thereby limits the number of changes. Even though this search space

is vast, several areas can be bypassed (pruned) without loss of precision. Pruning
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approaches such as double indexing and bidirectional Burrows-Wheeler Transform

(BWT) allow a rapid and thorough alignment of short reads [47].

For each read, Bowtie 2 is conducted in four steps (Supplementary Note and
Supplementary). Step 1 of Bowtie 2 involves extracting ‘seed’ substrings from the read
and its reverse complement. In step 2, the removed substrings are aligned to the reference
without gaps, using the full-text minute index. For step 3, the seed alignments are ranked,
and their locations in the reference genome are determined from the index. Finally, in
step 4, the seeds are stretched into full alignments by executing SIMD-accelerated

dynamic programming.

Langmead and Salzberg (2012) likened Bowtie 2 to four other full-text minute
index—based read aligners. Included in their comparison was Burrows-Wheeler Aligner
(BWA), BWA’s Smith-Waterman Alignment (BWA-SW) and Short Oligonucleotide
Alignment Program 2 (SOAP2), and Bowtie. They attained 100-by-100 nucleotide (nt)
paired-end HiSeq (2000) reads from a human resequencing study and took out an
arbitrary subsection of 2 million pairs. They found that the Bowtie 2 default mode was
quicker than the other BWA modes and was faster by more than 2.5 times over the BWA
default mode. All of the Bowtie 2 modes aligned a larger number of reads than either
BWA or SOAP2. In summary, they found in all cases, Bowtie 2 and BWA found more
accurate alignments than SOAP2 and Bowtie. Bowtie 2 also presented more accurate and
fewer inaccurate alignments for the unpaired reads than BWA presented over an area of

charting quality limits. For paired-end reads, the disparity was reduced.

We have mapped data in this study while considering the human genome (hg 19)

as a reference sequence using Bowtie 2 with default parameters. The rate of overall
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alignment for each subject was around 92% see Appendix B for statistics from Bowtie 2.
The output was formatted as a SAM file, then we converted it to the BAM format using

SAMtools utility [47].

3.7.2 Getting Rid of Duplicates using Picard

It has been observed that some reads pile up with the same beginning and ending
coordinates. These may be a product of PCR duplicates. The occurrence of these
replicates injected by PCR expansion is a key problem in paired short reads from next
generation sequencing. These replicates should be removed from BAM files as they may
have a critical and adverse effect on research applications. Even more crucial is the fact
that the precision of paired reads alignment could be compromised by genomic variations
that are broadly dispersed among individuals, such as copy number variations, extensive
structural variations, minor insertion or deletion (indels) variations, and SNPs. Duplicates
for this study were removed using Picard Mark Duplicates, which is the favored method

for this purpose [48].

3.7.3 Recalibration and Interrelation

The Genome Analysis ToolKit (GATK) is a software capable of incorporating the
evidence for variants from several samples with joint genotyping. It enables the use of
validated SNPs and indels to augment the accuracy of variant calling [49]. However,
many research communities lack the large, validated collections of SNPs and indels
needed to test using GATK’s Best Practices procedures due to the investment required to
obtain and curate such collections [50]. To work around the necessity for large-scale
variant validation studies, McCormick et al (2015) created the Recalibration and

Interrelation of genomic sequence data with the GATK workflow. This development
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integrated data from multiple genomic sources and identified reliable sets of variants. A
variety of factors exist that could cause erroneous results: inadequate or incorrect
reference assemblies, mistaken realignment of reads to the reference genome (mainly in
lower complexity regions and around indels), inexact base quality scores, and suboptimal
variant filtration parameters [49, 51]. Additionally, the recalibration tool tries to improve
variation quality with the machine cycle and sequence context, and by doing so, provides

not only more precise quality scores but also more broadly dispersed ones [52].

We recalibrated the base quality scores of the sequencing by synthesizing reads
into an aligned BAM file. Once completed, the quality scores in the QUAL field of each
read in the output BAM were more precise, in that the reported quality score was closer

to its actual probability of mismatching the reference genome.

3.7.4 SNPs Calling via SAMtools and BCFtools

One of the standard tasks for NGS studies is the detection of SNPs and indels in
an individual sample. SAMtools enables users to call both types of variants concurrently
using the mpileup output. In this study, variants have been called as BCF format using a
specific parameter (--skip-indels). At each position, the SAMtools searches for variants
that qualify under user-defined minimum conditions for sequence reporting. The
conditions included the quantity of supporting reads. After using BCFtools to call SNP’s
variants with the parameters -c -v (call genotypes and output variant sites only), files are
output in the Variant Call Format (VCF) format [53]. See Appendix C for output from

SAMtools to call SNP.
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3.7.5 Converting SNPs to Integers
VCF is a text file format used for the storage of marker and genotype data. The

following example (Table [54]) explains how VCF encodes data for SNPs.

Table 3.1 Variant Call Format.

Fifileformat=vCFv4.2

FEFPORMAT=<ID=GT, Number=1, Type=Integer, Description="Genotype">

FEFORMAT=<ID=GF, Number=G, Type=Float, Description="Genotype Frocbabilities">

FAFORMAT=<ID=FL, Number=G, Type=Float, Description="Fhred-scaled Genotype Likelihoods">

fCHROM  POS Io REF ATLT AT, FILTER INFC FORMAT SEMEOOL SBMEOOZ

20 1231018 r=11443 G S . EBL33 - GT /o /1

20 2300608 r=34825 C T - EBAL3S - GT:GF 0/1:. 0/1:0.03,0.87,0
20 2301308 r=5848232 T G R FA3S . GT:FL e, 1/1:=10,5,0

Each column included after first nine has genomic information called genotype.
For sample data, GT alleles are numeric; the reference REF is 0, the first ALT is 1, and
so on. As an example, the genotypes for SAMP0O01 (The tenth column in Table ) are a

homozygous reference first, followed by a heterozygous and third, a missing record.

Missing observations with levels of SNP data in some genetic analysis can offer
good estimations of genetic parameters; however, little is known about the influence of a
missing level that is higher than 90%. Traditionally, if the missing level is 15% or below,
it is known to eliminate genetic markers with incomplete observations [55, 56]. Missing
genotypes data will not include the calculations, so but we coded them 5 following

VanRaden (2008) method [57].

Our data included 22 subjects (columns) with approximately 16 million SNPs
(rows), so the rows with more than two missing SNPs were removed. This resulted in
more than 10% of the missing levels being eliminated to obtain estimations of genetic
parameters reliability. Refer to the following table (Table 3.2) which shows some of the

SNP data used. This sample represents family 1, which has eight individuals x1- x8. The
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numbers 0 and 2 represent recessive and dominant homozygous genes, with 1 being
heterozygous and 5 denoting missing alleles. We will use this data set in matrix M which

is a genomic relationships matrix (G). Refer to Section 4.7 for additional details.

Table 3.2 SNPs coded data.

X
H
X
N
X
w
X
~
X
ol
X
o
X
\‘
X
o

CHROM POS

1 808922 2 2 2 0 0 0 2 2
1 880238 0 0 0 0 0 0 0 0
1 883625 0 2 0 0 0 5 0 5
1 887560 2 0 1 1 1 1 0 1
1 887801 0 0 0 0 0 0 0 0
1 888639 2 0 0 0 2 0 0 2
1 888659 0 0 2 0 0 2 0 0
1 889158 0 0 0 0 0 0 0 0
1 889159 2 0 2 0 2 0 0 0

22 43520263 0 2 0 0 2 0 0 1
22 43528793 2 2 2 0 2 0 0 1

3.8 Quality Control for Genomic Data

Quality control (QC) of genotypes is vital to avoid false results in genome-wide
association studies. Maintaining long-term data integrity is also of the utmost importance,
especially in situations with ongoing genotyping. Some SNP data was problematic to
score because of an irregular genotype clustering pattern. Procedures were performed to

improve SNP data (25394 SNP's), including the following steps:

1) 22 markers were removed from the mitochondrial chromosome. 390 were
removed from chromosome X because some noteworthy biological insights could be

garnered by the exclusion of the X chromosome in the GWAS analysis.



26

2) SNPs with a low Minor Allele Frequency (MAF) were removed. As a rule, an
MAF threshold of 1-2% is used, but studies with smaller sample sizes might require a
higher threshold [58]. 25% was the threshold used to determine the MAF for calling

SNPs.

3) Because the precision of genotyping is extremely reliant on the quality of the
genotypes, repeated genotyping of the same samples could be misread as originating
from different individuals when call rates drop under 90% [59]. Therefore, all SNPs with

a call rate < 90% were ignored.

4) Most GWAS studies choose to eliminate markers that display significant
deviation from Hardy-Weinberg Equilibrium (HWE) because it can indicate a genotyping
or genotype calling error. On the other hand, variances from HWE might also show
selection; a sample can display deviations from HWE at loci related to a disease; it would
clearly be counter-productive to exclude these loci from a deeper inquiry. In practice,
many SNPs with an HWE p-value less than 0.001 will be extracted. However, robustly
genotyped SNPs, even if under this threshold, will remain under study. Upon checking,
the departure of heterozygous from Hardy-Weinberg Equilibrium using default value

0.15 resulted in 17857 SNPs that were ready to use [58, 60].
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CHAPTER 4

METHODOLOGY

4.1 Introduction

This chapter focuses on the methodologies that are used in the estimation of
heritability coefficient and prediction of SNP’s effects. Because the response variable in
this study is binary (affected or normal), threshold model is employed. The idea of this
technique is based on linear mixed effects models (LME) which are suitable methods in
case of continuous response variables. In order to estimate the variance components, we

utilize Gibbs Sampling.

4.2 Literature Review on GWAS

For modeling population relationships in Genome-Wide Association studies,
LME models have been recommended [61]. LME models expand on the work initially
described in the literature dealing with animal breeding. Later it was developed in the
human genetics literature, in which, an interesting genetic effect (e.g., the number of
copies of a specific allele at a specific test SNP) as a random effect, with an added fixed
effect is incorporated to model the genetic relationship between individuals [62]. In the
first few years of GWAS, linear mixed effects models were not used much due to
computational issues [63]. In more recent years, a wide array of LME methods/software

packages have surfaced [62].

In statistical analysis, needless to mention, it is critical to know the nature of our
dependent variable and model it using appropriate methods. Tong et al (1976, 1977) and

Berger and Freeman (1978) translated the categorical response into a quantitative
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response by assigning m ordered numerical values or "scores™ to the m categories. They
then proceeded as though this discrete quantitative response followed a linear mixed
effects models. Unfortunately, the assumptions implicit in many common linear mixed
effects models, including those of homogeneity of variances, may be much less
reasonable when the model is applied to a discrete response than when it is applied to a

continuous response [67].

Linear mixed effects models have commonly been used in the study of continuous
traits (e.g., see Anderson et al (2010)). They are grounded in the supposition of normality
and are easily implemented using the software that is available to the public. In the case
of longitudinal data we refer to Molenberghs and Verbeke (2000) and Fitzmaurice et al
(2011). However, results from a linear mixed effects models may be unreliable under
certain circumstances, such as, if the assumed Gaussian distribution of the response
variable is not met, for instance, due to the occurrence of outliers or skewness.
Alternatives include data transformation or a more adaptable modeling tactic [71, 72].
Ordered categorical traits are usually studied applying the threshold liability model,
which was first used by Wright (1934) in the analysis of the quantity of digits in guinea
pigs (normally have four front feet). It was also used by Bliss (1935) in toxicology trials.
In the threshold model, it is hypothesized that there is an underlying or latent variable
(liability) that has a continuous distribution [73]. A response in a specified category is
noted if the value of liability lies between the thresholds, determining the suitable

category [74-76].

When variability originates from two sources, linear mixed effects models and

threshold model with two variance components are commonly used. In genetic studies,
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variation in observations can be credited to biological and environmental influences. The
heritability coefficient is an essential quantity that gauges the percentage of overall
variability owing to biological influences [14]. Recently, Bayesian methods have been
developed for variance components estimation [77-81]. As Broemeling (1985) had
observed, each of these reviews discovered analytically intractable joint posterior
distributions of variance components. Additional marginalization regarding dispersion
parameters appears to be problematic or impossible by means of analytic. New
developments in computing have fostered the use of numerical methods in Bayesian
inference. For instance, following studies by Hammersley and Handscomb (1964), Kloek
and Van Dijk (1978), and Rubinstein and Kroese (1981) have been used these numerical

methods in econometric and Bauwens (1984,1988) in binary responses models [90].

Markov Chain Monte Carlo (MCMC) methods have granted computation of
multidimensional integrals so analytic approximations can thus be avoided. Usage of the
Gibbs sampler to analyze ordered categorical traits has been described by Zeger and
Karim (1991) and Albert and Chib (1993). It was used by McCulloch et al (1994) and

Sorensen (1995) to estimate variance components for binary data [75].

4.3 Linear Mixed Effects Models

Linear mixed effects models are beneficial in a variety of physical, biological, and
social scientific applications with variability coming from multiple sources [94, 95].
Linear mixed effects models are extensions of standard linear models (e.g., linear
regression and ANOVA). Linear mixed effects models contain fixed and random effects

hence called linear mixed effects.
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A linear mixed effects model is given by

Y=XB+Zd+¢ (4.1)

where Y is a vector of observations with dimension n x 1, B is a vector of fixed effects
with dimension px1, d is a vector of random effects with dimension g x 1. X and Z are
design matrices for the fixed and random effects with dimensions n X p and n X q,
respectively. The vector of random effects is distributed as normal with mean 0 and
variance-covariance matrix Q, d~N (0, Q). And € is a vector of normal random errors
with means 0 and variance-covariance matrix R, e~N (0, R). The vectors of random

effects d and error term & are assumed to be independent. Therefore,

da_[m1 @ o
Var[g] = [0 R
The expected value of Y is
EY)=EXB+Zd+e)=XB ; sinceE(d)= E(e)=0.

The variance-covariance matrix of Y is

V=Var(Y)=Var(Xp + Zd + ¢)

=Var(Zd + €) = ZQZ' + R since d and & are independent.

The distribution of Y can be defined in two ways:

I.  The marginal distribution of ¥ not knowing the random effects d is normal with
mean X B and variance-covariance matrix V. In other words

Y~N(XB,V). Hence, the pdf of Y is:
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1 -1 Iyr—
fO) = G exply O - XB)'V 'y - XB)].
One difficulty in linear mixed effects models is that V = ZQZ' + R is large and
often non-diagonal. Therefore, V™1 is difficult or impossible to compute by common

methods [96]. In general, the inverse of V is given by:
V'=R'-R'Z(ZR'LZ + QHZ'R™
This is true since for three nonsingular matrices A, B and C
(A+CBC)Y ' = A1+ A7 C(B '+ C'AC)C'A™?
and (ABC)"t = ¢B!A7?

ii.  The conditional distribution of the dependent variable ¥ given the random effects
d is normal with mean X + Zd and variance-covariance matrix R. In other

words, Y|d~N (X + Zd, R). Therefore, the pdf is given by

1 -1 ! y—
9WId) = 7 €XP [7 (y—XB—Zd)'R'(y — XB —Zd)]-

4.4 Maximum Likelihood Estimation of Parameters
4.4.1 Case I: Q and R are known

If matrices © and R are known, then B is the best linear unbiased estimation
(BLUE) of B and d is the best linear unbiased prediction (BLUP) of d [97-100]. The
estimates of B and d can be found by maximizing the likelihood in B and d in the joint

density function of ¥ and d as follows.

fly,d) =gyld)h(d),
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where h(d) is the pdf of d. The likelihood function is

L(B,d) = constant X exp [_?1 (y—XB—Zd)R Y (y—XB —Zd) — %d’ﬂ‘ld].
The log-likelihood function is

[(B,d) = log(constant) — [(y — XB — Zd)' R™(y — XB — Zd) + d'Q71d].
For B:

opd 1 .
o5 = ~3 [0 XB—Za)R(=2X)]

= [(y - XB —Zd)'R™'(X)]

By equating this partial derivative to zero and taking transpose, we get:

X'RIXB+ X' R 1Zd = X'R™ Y (4.2)
For d:
olp,d) 1 o L
od - 707 [(y —XB — Zd)'R™1(-2Z) — 2d’'Q™ 1]

_1 [(y —XB — Zd)'R™1(-2Z) — 2d'Q™1]
202 Y

Equating this partial derivative to zero and taking transpose we get:
ZRIXB+(ZR1Z+oQ Hd=ZRly (4.3)

From Equations (4.2) and (4.3), the mixed model equations in matrix notation will be:
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X'R1X X'R1Z Bl _[X'R'y
rp—1 'p—1 -1 ~| — Ip—1 (44)
ZR'x zZR'z+0lgl " lzrR 1y

For further technical details, we refer to [101-103].
From Equation (4.3) we have
(ZR'Z+Q VYd= ZR (Y -XB)
=3 d= ZR'Z+Q ) 1ZRY(Y-XB) (4.5)
and from Equation (4.2) we have
X'R'XB+XRZd= X'Ry.
Substituting the solution for d into this equation gives:
XRXB+XRZ[(ZRZ+Q ) *ZR (y—XB)] = X'Ry.
LetU=(Z'R™1Z + Q 1)1, then we have
XR'XB+XR'ZUZR Y (Y-XB)= X'R'Y
& XR'XB—-XR 'ZUZR 'XB=XR'Y-XR'ZUZRY
=N X(R'-RYZUZRHXB=X(R'-R'ZUZR™ MY
&  XVXB=XVy,

where V-1 = R1 — R 1ZUZ'R?

o B=XVX)1XV1y. (4.6)
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Hence B is called the generalized least-square estimate of 8. By plugging this estimator

into Equation (4.5), we obtain estimate for the vector of random effects d.

In case of general linear models with homoscedastic variance and independent

residuals, note that V = ¢21,,. Therefore, the least square estimator of B will be

B = (X’X)"'X'Y. If the matrix X'X is singular, we use a generalized inverse (e.g., see

Penrose (1955)) [103, 105-107].

If the matrix in Equation (4.4) is singular, then the solution for B and d will be based on

generalized inverse [100]

-1 I oy
Z'R” 1X ZR‘1Z+Q Z'R 'y
where M~ denote the generalized inverse of a matrix M.

4.4.2 Case II: 2 and R are unknown

The matrices X and Z in model (4.1) are known, but the elements of the matrices
2 and R maybe functions of an unobserved parameter vector @ = (84, ...,0,,)' . In
ordinary mixed effects and random ANOV A models, there is some number ¢ of random
factors, with the ith factor having gq; levels. These levels are uncorrelated with each other.
Associated with the ith random factor is a parameter o which represent the common
variance of its levels. Also, the residual effects have common variance o2, ;. The
variances o7, ..., a2, are called variance components. Let m = ¢ + 1 denote the number

of variance components then,

6;=0?,(i=12,..,m), R=0,l, Q=diag6],..,0,_1],



m-—1

V = Hml + z HiZl-Zl-'

=1

where Z; is an X g;matrix defined by the partitioning Z = (Z4, ..., Z,,,_1).

The ANOVA models are sometimes parameterized in terms of y..; = 6., and y; =

(i = 1,...,¢) rather than in terms o7, ..., 0%,,. If we had takeny; = 0; , (i = 1,2, ...,

instead of taking 8, we would have had
!2 = Hmdlag[ell, ey Qm_ll],

and

m—1
V - Hm <I+ z giZiZi,>'

=1

We will consider both maximum likelihood [28] and restricted maximum
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2
gi
2
Oc+1

m),

likelihood (REML) estimators for the variance components. We maximize the full log-

likelihood function I, in, 62, ,,and @:

lr(B,0241,01y) = —5 log|V| - (y — XB)'V " (y — XB).

A criticism of the ML estimators for the variance component is that they are

biased downward because they do not consider the loss of degrees of freedom from the

estimation of B. The ML estimator for the single “variance component” 6; has

expectation (n — p*)/n, that it is biased downward by an amount 8,p* /n, which can be

significant if the degree of freedom n — p* is sufficiently small. Here p* is the rank of the

design matrix X.
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The REML method corrects for this by defining estimators of the variance
components as the maximizers of the log-likelihood based on linearly independent error
contrasts, where n is the total number of observations from all individuals. This log-

likelihood [ that is derived by Harville (1974) is given as,

—~ 1 -
1r(B(8),0%,1,0ly) = —3 log|X'V71X| + 1p(B(6), 0%:1,61)
= —~ loglV| -7 log|X'V"1X| == (y — XB)'V"L(y — XB).

For more details on maximum likelihood and related problems we refer to Harville et al

(1977) [108].

There are computational methods that can be used to obtain ML, and REML. For
example Newton-Raphson (NR) and Fisher Scoring algorithms [60]. The NR algorithm is
an iterative procedure that computes new parameter values o2, and @ from their current
values [109]. After estimating the variance-covariance matrices £ and R, the mixed
model equations will become [110]:

X'R'X X'R 1z [B] [X R‘1Y

4.7
Z’R'X ZR'Z+Q7! (4.7)

To model biological data, there is often interest in genetic relationships that arise
from the biology of a situation. A matrix that a counts for whatever genetic relationships
that exists among individuals is called the relationship matrix or numerator relationship
matrix; we denote this matrix by (A) as described in Henderson (1976) [111]. Given the

matrix A, then, for the variance of the vector of random effects d becomes
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var(d) = 65 A . The use of A4 also extends to the case of multiple traits. For example, for

two traits, with data vectors y,, and y,, we have

Ud O4,a,4 Ud Ud d
var(d) = l ! 2 ! 21 ®4,
0d2d1 Gdz 0d2d1

where d; and d, are the corresponding vectors of random effects [112].

In genetics the matrices R = o2 I and Q = g2 A, where the variances o2 and ¢
denote residuals and additive variances. Mammals are genetically related to each other
and undergoing asexual to produce an offspring that is expected to be correlated, unless
aZ is 0 [113]. Thus, if d; is the genetic effect for subject i then v(d;) = a;;02% and
cov(di, dj) = aija(f, where the values a;; and a;; can be calculated in different ways
depending on whether the parents of subject i are known or not.

Note that A is a positive-definite matrix (unless identical twins or clones are in the
pedigree, in which case it would be positive semi-definite) [114]. Next section will show

how to calculate the elements of A.

If the matrices R and Q are nonsingular, since R~1 is an identity matrix, we can rewrite

the system (4.4) as the following:
A1-23]
Z’X 7'Z + 8A‘1 Z'
2
where é = —‘; Therefore:
0d

[ﬁ] XX ZZ+6A ] X,y
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4.5 The Numerator Relationship Matrix

The numerator relationship (A4) is a component of BLUP. When we multiply this
matrix by the additive genetic variance, it will give the variance-covariance matrix
among random subject effects. Each element (a;;) is a probability that a random gene
from a given subject i is identical by descent (IBD) to a gene in the same locus from a
subject j. In some studies termed the coefficients of kinship [115]. The dimensions of this
matrix let say we have g subjects, then the dimensions will be (g X q), also it is
symmetric. The diagonal element (a;;) represents twice the probability that two gametes
taken at random from animal i will carry identical alleles by descent. The off-diagonal
element (a;;) equals the probability that an allele selected randomly from subject i and an
allele selected randomly from subject j at the same locus are identical alleles by descent
[116]. The matrix A can be computed using a recursive method which was described by
Henderson (1976). Initially, subjects in the pedigree are coded 1 to n and ordered such
that parents precede their progeny. The following are rules to calculate the elements of

this matrix.

If both parents (f and m) of subject i are known:

aj; = a;; = O.S(ajf + ajm); j=1lto(—-1)

a; = 1+ O.S(afm)

If only one parent f is known and assumed unrelated to the mate:
aj; = a;j = O.S(afm); j=1to(j—1)

a; =1


https://en.wikipedia.org/wiki/Identity_by_descent
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If both parents are unknown and are assumed unrelated:
a;=a;=0; j=1to(j—1)
a; =1
Example:
The pedigree for a family included seven individuals

Table 4.1 Pedigree for a family of seven individuals.

Individual Father Mother

3 1 2

4 Unknown Unknown

5 3 4

6 3 4

7 3 4
[} C
| T |
O (] O

Figure 4.1. Pedigree of seven individuals.

The calculations to find the numerator relationship matrix for the pedigree table are:
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a;; =1 Both parents of individual 1 are unknown

A, =a,; =0 both parents of individual 1 or 2 are unknown

a;; = 14 0.5(asm) =140.5(0) =1 both parents of individual are known
The A matrix is:

05 0 025 025 0.25]

05 0 025 025 025

05 05 1 0 05 05 05
0 0 0 1 05 05 05
025 025 05 05 1 05 05
025 025 05 05 05 1 05
1025 025 05 05 05 05 1

In this matrix, the diagonal element for subject i (a;;) is equal to 1 + F;, where F;
is called the inbreeding coefficient of subject i [107, 116]. We are going to use the
numerator relationship matrix A in LME and threshold model in next section. The matrix

A can also be calculated using pedigreemm package in R (see Appendix D for R code):

In our case, we have Y is a vector which represents breast cancer incidence
(affected = 1 and normal = 0) with dimension 167x1, and factors namely gender and
family which will treated as fixed effects, and X is design matrix with dimensions 167x5,
where 5 is the number of levels for fixed effects (male and female and 3 families), B is
5x1 vector of parameters of fixed effects. Z is 167x167 design matrix associated with the

vector of genetic effects d.
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4.6 The Heritability Coefficient
In biological applications, the quantities d and g in (4.1) denote the genetic and
environmental effects, respectively. Given that “a central question in biology is whether

observed variation in a particular trait is due to environmental or biological factors” [57].

2
The heritability coefficient is h? = a;-:lag which represents the proportion of phenotypic

variance attributed to variation in genotypic values, is a fundamentally important
quantity. Indeed, linear mixed effects models and inference on the heritability coefficient

has been applied recently in genome-wide association studies [117, 118].

4.7 Genomic Relationships Matrix

In linear mixed effects models that include genomic relationships matrix (G) will
be more accurate than those that use expected relationships from pedigrees matrix. The
numerator relationship matrix A uses the only pedigree information to obtain
probabilities that gene pairs are identical by descent [116]. But Genomic relationship
matrix G uses the genotypic information to estimate the segment of DNA that two

individuals share [119].

To obtain the matrix, G, let M be the matrix that stipulates which marker alleles
were inherited by everyone, with dimensions of n; x s, where n, is number of
individuals with genomic information and s is number of SNP’s. M has elements from 0,
1, 2 and 5, representative of homozygote, heterozygote, other homozygote, and missing
SNP marker, correspondingly. Let P be n, X s matrix contain frequencies p; of the

second allele at each locus. Therefore, column i of P is 2(p; — 0.5) wherei = 1,2, ...,S
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[57, 119]. A G is genomic relationship matrix can be found with three different methods.

First method is:

o (M—PYM—PY
- 2¥pi(1-py)

Dividing by 2 ) p;(1 — p;) scales matrix G to be analogous to the numerator relationship
matrix A. In frequency estimates, missing genotypes (coded as 5 in the data) will not be
included in our calculations. The elements of matrix M — P set to be zero, which is the
mean of frequency of missing genotypes, other elements of M — P will standardized for

each individual’s proportion of missing genotypes [57].

The genomic inbreeding coefficient for individual j is simply G;; — 1, and
genomic relationships between individuals j and k, which are analogous to the
relationship coefficients of Wright (1922), these coefficients are obtained by dividing

elements G, by square roots of diagonals G;; and Gy.

The second method for obtaining G weights markers by reciprocals of their

expected variance instead of summing expectations across loci and then dividing:

1

——— This formula was
m[2p;(1-p;)]

G = (M — P)D(M — P)’, where D is diagonal with D;; =
proposed by Amin et al (2007) and Leutenegger et al (2003) [120, 121].

The third method to obtain G does not require all ele frequencies and instead
adjusts for mean homozygosity by regressing MM’ on A and G using the following

model:

MM’ =y,11 +y,A+E,
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Where y,and y; are the intercept and slope, respectably.

Here is an example showed how to calculate G matrix, suppose we have three individuals

and two SNP’s and suppose we have encoded AA=2, Aa=1, and aa=0.

So, matrix M with dimensions 3 X 2.

0 0 aa aa
M = [0 2] = laa AA]
1 2 ad AA

Also, matrix Py,

Frequency A for locus 1 (SNP1) =p; = % = 0.16

Frequency A for locus 2 (SNP2) = p, = 2=0.667

==
First column in P matrix is 2(p, — 0.5) = 2(0.16 — 0.5) = —0.68

Second column in P matrix is 2(p, — 0.5) = 2(0.667 — 0.5) = 0.32

P =1-0.68 0.32

—0.68 0.32

—0.68 0.32]

For the denominator 2 Y. p;(1 —p;) = 2% [0.16 = (1 — 0.16) + 0.667 * (1 — 0.667)]

Misztal et al (2009) proposed that it is possible to modify a numerator based
relationship matrix A to a matrix H that takes in both pedigree-based relationships and

genomic information A, [17]:

Let indices 1 and 2 denote ungenotyped and genotyped animals. Then
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All AlZ]
A= ,
A21 AZZ
_ A11 A12 _ O 0
H= [A21 G ] ‘“[O G—Azz]
0 0
And AA = 0 G _ AZZ]

The inverse of H can be calculated as following:

Let the inverse of matrix 4 be

a=[an 4l

To derive an inverse function of the combined relationship matrix of [122], using

the properties of the inverse of a partitioned matrix, identities from A=A = I are:

AVAL + A4y, = 1 Al
A A, + A% Ay, = I A2
AVA,, + A24,, = 0 A3
A?'A,, + A?A,, = 0,and A4
(Ay1 + 41245, 45) 7 = A A5

Using [A1] through [A4], then multiplying the whole-population matrix [18],

A,A75(G — Ap)AZ5 Ay ApA7 (G — Ayy)

H=A+ 2
l (G - AZZ)A221A21 G— A22

0

0
-1 __ -1
H'l=A +[0 61— A3
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4.8 Threshold model

This model is totally flexible. The distribution of the elements of error can be
taken to be some non-normal (e.g. logistic) distribution. Threshold model can be simply
extended to multiple responses; some are ordered categorical and others that are
quantitative. The previous study on the threshold model seems to have been confined
primarily to the case where the underlying linear model is a fixed-effects model.
McCullagh (1980) gave a comprehensive discussion of this case. Curnow and Smith
(1975) reviewed genetic applications of threshold models. Thompson and Baker (1981)
presented a device, termed a composite link function that allows threshold models to be
embedded in the framework of the generalized linear models due to Nelder and
Wedderburn (1972). The threshold model in which it is assumed that the observed
category is determined by the value of an underlying unobservable continuous response.

[67].

Suppose we have n indicate the number of observable “individuals”, and 4;
denote an underlying continuous-response variable associated with the ith of these

individuals. Take 4 = (14,15, ..., 4,,)’".

Let A follows a linear mixed effects model;

A=XB+Zd+e (4.8)

matrices X and Z and vectors 8, d and & were described in model (4.1); the only different
is the vector A which contains n x 1 unobserved continuous variable. Give the ordered

categories numbers from 1 to m. It is assumed that A; is unobserved, but we observe the
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category into which the ith individual falls or the category number 0;,i = 1,2, ..., n.

These categories determined into following relationship:
Tki—l < /1i < Tki (=4 Oi =k , (49)

where k € {1,2, ..., m}, 7y = —, T,, = +o0 and 7y, ..., T, are unknown thresholds
which partition the real numbers into m categories. Therefore, when the realized value of

A; belongs to the k interval, the observed values 0; = k.
Following this assumption, the probability-mass function of 04, ... 0, is
p(04,...,0,) = pr{0; = 0;(i = 1,...,n)}
= pr{roi_1 <A ST, (=1, ...,n)}

Harville (1984) indicate to this model for the vector o = (04, ... 0,,)" of categorical

responses as the “threshold model”.

In implementing the threshold model, there is a request to make inferences about
various functions of t, ..., 7,,—1, B , and sample of the random vector d say d.. In

special, we need to make inferences about the quantity as following:
Prx =prity <x'B+z'd+e<ty|d=d;} (4.10)

where k < k', x and z are specified vectors, and ¢ is distributed N(0, 5?) and
independent on d. The best choice of and z , which represents the condition probability
when (d = d.) that an (n + 1) individual (which follows the same model as the n

observable individuals) will belong to one of the categories k + 1, ..., k'.

Note that we can re-express the inequality (4.10) as the following:
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Ty, <A STy
(Th_, —T)/0 <W; < (tx —T1) /0 (4.11)
Where W; = (4; —11)/0,i=12,..,n,k=1.2,..,m.

In matrices notations if we have w = (W;, W,, ..., W,,)" and using vector of ones 1, we

can write;
-Q, X)[ 7 T1]+Z(a_1d)+a p (4.12)

Therefore, the threshold model can be reformulated in terms of a second threshold model
whose underlying continuous response variables correspond to (A; — 7;) /o, i =

1,2, ...,n, whose boundaries correspond to (7, —7;)/0 , k = 1,2,...,m — 1, and whose

vectors of ‘fixed’, ‘random’ and ‘residual’ effects correspond to o~ 1(—71,, 8) to 67 1d,

and to o~ L&, respectively. In the latter, the threshold model, the residual variance equals

1, the first boundary point equals 0.

From now, we assume that ¢ = 1 and 7; = 0, also the first column of X equals 1. While
these assumptions are met, we refer to the threshold model as the 'standardized threshold
model' [67]. If we suppose that 4 is observed, we could use Henderson's Best linear
unbiased prediction (BLUP) procedure to estimate x'8 + z'd. The BLUP would be
x'B + z'd where B and d denote any solution to the system of linear equations,

X'X [ﬁ] [X'A

Z'X ZZ+Q—1
There is one way to obtain the mixed model equations and hence at the BLUP, that is

finding values of B and d that maximize
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twea ([ () Loy Z2]) = ow(3iXB + 2dei Dby (50,9

= 6@ 0.0 | | o (4 =218 - zido), (4.13)
i=1

where x; and z; represent the ith rows of X and Z, respectively. Note that (4.13) is the

joint probability density function of 4 and d.
Now let us apply to the standardized threshold model (4 is unobserved) an approach
analogous to the maximization (4.12).

T

n %i
V(0100 0w Bd) = | | | $G-xiB - zido) da

i=1 Toi—l

- n{db(roi —xf-zld) - o1,  -xf-zd)}. (414

This procedure consists of estimating w't — x/8 — z/d. by w'? — x/B — z/d,, and & =

(£, t3, ..., tm—1), B and d denote any values of t, B and d, that maximize
$(04,04, ..., 0n; T, B, d) by (de; 0, Q) (4.15)
We consider the problem of computing % , B and d,. that maximize the function (4.15).

Given that o’ = [7/, B, d,'], Gianola and Foulley (1983) proceeded to find the estimator
& that maximizes the log of the density L(w). They therefore provided the following
non-linear iterative system of equations based on the first and second derivatives,

assuming a normal distribution, to obtain solutions for Az, Af and Ad,.
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Q LX L'z At P
XL X'TX X'TZ AB | = X'v (4.16)
Z'L Z'TX Z'TZ+Q lllAd, Z'V—-Q1Ad,

The calculation of some of these matrices involves p;;, which defines the probability of a

response being observed in category k assuming a normal distribution of the ith row.
pik = Pt — xiB — zid.) — P(ry_1 — x{B — z;d,)

This distribution is a function of the distance between x; 8 — z;d. and the threshold,
Likewise, the height of the normal curve at 7, under the conditions of the ith row

becomes:
bix = Pty — x{ﬁ - Z{dc)

To compute the various matrices and vectors in (10.3):

- (d)ik—;ik_ ¢ik>

=
I
b

&
Il

1

Where n;;, is the number of counts in category k of response in row i, and for the

elements of the matrix T, which is a weighting factor, are computed as:
N (b= 0
Ty = z n;. (M)
=1 Dik

And n; = Yl ng

The matrix Q is an (m-1) by (m-1) banded matrix and the diagonal elements are

calculated as:



m

Pik — Pitk+1
ik = z n; <l—l()> P k=1,..,(m—1)

= PikPi(k+1)

and for the off-diagonal elements are:

m

Qs = — Y M PicsnPic pop o (m=2)

= Pi(k+1)

and qk+1)k = Qr(ie+1)-

The matrix L is of order n by (m — 1) and its elements are calculated as:

i — Pik-1  Pick+v)- ¢ik>

S
e Lo Pik Pik+1)

The elements of the vector P are:

L et

Pik  Pitk+1)

The matrices L and P are then substituted in the system of equation (4.16) [107].

4.9 Gibbs Sampling Method
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This is a numerical integration method based on all possible conditional posterior

distributions. It was first implemented by Geman and Geman (1984). In this method, the

marginal posterior distributions generate random drawings by taking iterative samples

[107]. Wang et al (1993) used Gibbs sampling to estimate variance components in

univariate linear mixed effects model [124].
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4.9.1 Prior and Posterior Distributions

Suppose we have the following univariate linear mixed effects model:
Y=XB+Zd+¢

Where Y is a vector of observations with dimension n x 1; B is a vector of fixed effects
with dimension px1; d is a vector of random effects with dimension g X 1; & is a vector
of errors; X and Z are design matrices for the fixed and random effects with dimensions

n X p and n X q respectively. The conditional distribution that generates the vector Y is:
Y|B,d,62~N(XB + Zd, Ro?)

The matrix R here assumed to be identity with n x n dimension and ¢2 is residual

variance.

Bayesian analysis required to determine prior distributions to the unidentified
parameters. Nonetheless, the prior distributions of B, d, 2 and ¢ are needed to fulfill
the Bayesian condition of the model [124]. Commonly a flat, improper prior distribution

was used for vector B, as follows:
P(B) ~ constant (4.17)
Also, a multivariate normal distribution (MVN) was used for d:
d ~MVN(0, Ad2) (4.18)

Where A is a numerator relationship matrix. In addition, for variance components o2 and

o the priors are the scaled inverted Chi-squared distribution form:

“ve_ -1
P(021Ve,58) x (08) 7 " exp(5-v,55/08) (4.19)
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And

~Ya_ —
p(051va,s3) < (63)2 ' exp(5-v453/03) (4.20)

The parameters are degrees of belief v,, v,4, and s2, s3 for (4.19) and (4.20)
respectively. The assumption for the degrees of belief parameters v, and v, equal to zero

to find the improper priors:
p(af) « (62)7"; p(ad) « (63)7" (4.21)
The proper uniform prior is:

2 2
k 0<0° <0
0 otherwise

p(e®) o« {

The common technique for calculating the conditional densities required for
Gibbs sampling is to use the conditional independence in models (4.17-4.21) to write the

joint posterior density as:

p(ﬁdde,ffaIY)“( S ep(— 2V —XB —Zd)'(y — Xp — Zd))

X exp(——d A7 ld) (4.22)

(cfé)2
In Gibbs sampling method, the full conditional posterior for each parameter is
needed; the scaled inverted Chi-square is the full conditional posterior for residual
variance a2 which given by:

p(0¢, B, d,04ly)
Iv(0é, B, d,04y) da?

p(d71B.d, o,y)
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1 ' 1 1 .
exp (_zTg(y_Xﬁ_Zd) (Y_Xﬁ_Zd)>—g+1 exp(—r‘édA ld)

(o3)2"! (032

1 1 1
exp(— 757 d'A-1d) | 7 exp <— 52 (y—XB—-2d)'(y— Xp — Zd)> do?
d (0é)2 €

941
(652

exp (—Tiez(y—m —Zd)'(y - XB —Zd)>

n
G

exp (—Tiez(y—Xﬁ — Zd)'(y — XB —Zd>>daz

/

(o3)2"!
Because the denominator is constant with respect to g2 then:

1

p(o2IB.d o%,y) o« (02)7 'exp(- ;= (y—XB -~ Zd)'(y-XB-2d)) (423)

Where the parameters are v, = nand s?2 = (y — X — Zd)'(y — XB — Zd) /n. Each of
the Gibbs conditionals can be computed in this manner [125]. So, the full conditional

posterior for additive variance o2 is the scaled inverted Chi-squared:
p(e31B.d,02y)  (o3)2 exp(~ ;> d'A7d) (4.24)
With the parameters v, = g and s? = d'A~1d/q.
The full condition posterior of f is:
Bl d, oz, iy ~NB,(X'X)"d¢] (4.25)
Where B = (X'X)"'X'(y — Zd)

For the random vector d:

-1
d| B, o2, 02,y ~ N[d, (z'z + At %) 62] (4.26)

d
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Where d = (z'z +A1 %) Z'(y — XB — Zd)
d

After defining these four posterior distributions, implementing Gibbs sampling steps can

be shown below:

i.  setting arbitrary initial values of B, d, 62, Z;

ii. generate g2 from (4.23), and update it;

iii.  generate o7 from (4.24), and update it;

iv.  generate d from (4.26), and update it;

v. generate B from (4.25), and update it;

vi.  repeat steps (ii to v) k times, and update the values each time, where k denoted the
length of Gibbs chain (iteration). Let (62)®), (62)®), (d)® and (B)™® are the
sample points with kth iteration. Then:

vii.  repeat steps (i-vi) m times, to get m Gibbs samples. Then we have:
k k k
@)1, (0257, ... (625 ~P(a2ly)

0, (6D, ..., (0¥ ~p(aZly)
@%@, ..., @)% ~ply)
B, B, ... &R ~pBly)

Since the interest is to estimate the variance components a2 and o7, we will not monitor

vectors d and B [124].
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After getting samples, and as noted by Casella and George (1992) and Gelfand

and Smith (1990), the estimator of the marginal density of 2 is:
1 m
P2y =— > p@IBP, @, 6P, )
ma 1
j=
Similarly, the estimator of the marginal density of o2 is:

1 m
p(03ly) = — > p@HB®P. @)
=1

For threshold model; the response variable O; for each individual takes on two
possible values 1 or O; The variable is the expression of latent continuous variable 4;; this
liability of individual i. The variable O; takes 1 if A; exceeds an unknown fixed threshold
T and 0 otherwise. The variable 4; is distributed normal with mean 8 and variance 1.

Hence:
Ai|9~N(wi’9, 1)

Where 8’ = (B’,d") and B, d as defined in model (4.8), also w; is a row incidence vector
related to individual i. The conditional posterior of thresholds and liabilities are uniforms
and truncated normals, respectively. The remaining parameters (B, d, o2, o5 ) are the

same in linear mixed effect model [87].
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For giving 6, the conditional distributions of A; are independent. Therefore, the joint

density is given by
p(A16) = ITi=; ¢2, (w6, 1) = ¢, (W6, 1) (4.27)

Where ¢, (.) is a normal density, also in (4.27) put WO = X + Zd + €. However, given

the model, we have:
p(0; =116,7) = p(4; > 710,0) = [[”,,, p() dx = d(~(T —w(6))  (4.28)
Where & (.) is the cumulative distribution function of a standard normal. We can set the
constant t to 0. So the model (4.28) can be write as:
p(0; = 1|6) = d(w[6) (4.29)

Distribution of A; conditional on 6 and on 0; = o; follows a truncated normal

distribution. So for o; = 1:

Ai 1{9,1
p(ile, 0, = 1) = 22 13, > 0) (430

Where 1 (X € R) is the indicator function that takes 1 if X is contained in the set R, and

0 otherwise [87]. For o; = 0, the density is

PAi(wi6,1
p(2:16,0; = 0) = # 1(4; < 0) (4.31)
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4.10 Predicting SNP effects

Let the random effects vector d be decomposed into those for genotyped (d;) and
ungenotyped (d,,) individuals. The random effects of genotyped individuals are a

function of SNP effects g:
d,=2,9

SNP effects can be projected using genomic liability d , D which is a diagonal matrix of
weights for the variances of SNPs. Z; is a matrix linking the genotype of each locus per

the following:

o . 14
g=DZ,[Z,DZ,] "d,

Dimensions: gisS x 1,DisS x S and &; isng X 1. This is the best predictor for

SNP effects [102].
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CHAPTER 5

MULTITRAITS MODELS

5.1 Introduction

The excellent method to evaluate the subjects on different traits is a multiple trait
analysis, because it considers the relationship between these traits. Analysis of multiple
traits includes the simultaneous evaluation of subjects for more than one trait and makes
use of the genetic and phenotypic correlations between the traits. Henderson and Quaas
(1976) applied the first BLUP in multiple traits. We will present the multivariate BLUP

(MBLUP) in this chapter and give examples in its application [107].

5.2 Multiple Trait Model

The method is based on an extension of Henderson's method for practical of
relatives records in single trait model. Furthermore, the main advantage of MBLUP is
that the increase of accuracy. This accuracy depends on the absolute difference between
the residual and genetic correlations between the traits. The larger the enhancement in

efficiency is due the larger of differences in these correlations.

Suppose we have n related jubects each with records on ¢ traits, for each of the

traits we have a stack of the univariate models as following:

X, 0 .. 0 Z, 0O

o x, .. ol[®] lo z, .. of[%] [=

+
o0 0 - xJ79 [o o - z

dt et
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Where Y; is avector of the response observations for trait i, B; and d; are vectors of fixed
and random effects for the trait i, e; is vector of residuals effects for trait i, and matrices

X; and Z; are design matrices related to fixed and random effects, respectively [107].

5.3 Equal Design Matrices
If all traits are affected by the same fixed effect and records of all subjects are
taken for all traits, then the same design matrices X and Z are use for all traits.

Forexample, we have two traits and for each trait we can write the model as follows:
For the first trait:

Yi=X1+Zd1+ &
The second trait is:

Y, =X,B,+2Z5dy + &5

If we order the subjects with respect traits, we could write the multivariate model in the

following form:

v]=lo xllz]+[c zllz]+[e] 51

It is assumed that the variance of random effects d; and residuals e; given by:

d, gl gi2A 0 0
d, _ g214 g4 0 0
e; 0 0 rid 12l
e, 0 0 o1l 1yl

Var

Where G = [911 912]

is additive variance-covariance matrix for random effects. The
2

elements of matrix G are; g,, is additive variance for direct effect of trait 1; g;, = g, IS
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additive convariance between traits 1 nad 2; g, is additive variance for direct effect of

r127.
] IS

trait 2; A is the numerator relationship matrix (see section 4.5); R = [7”21 Ta

variance-convariance matrix of residuals.
The heritability for trait i can be calculated using the following formula [128]:

hiz _ Yii
Gii tTii

To solve the multivariate model (5.1) we can use mixed model equations system as the
following:

X'R1Xx X'RZ [ﬂ] [X R~ y] (5.2)
ZR X ZR'Z+A'®@G! Z'R '

Where

X= [0 X2 [ﬁllz [o zz]d [ la”dy 7]

We can rewrite MME for multivariate model with two traits as follows:

[X;R“X, X;RYX, X,R'Z, X,R?Z,
IX’2R12X1 X,R?2X, X,R?'Z, X,R??Z, |
lZ’1R11X1 Zi\RVX, Z'R“Z,+A'g'" ZiRVZZ,+A7'g 12ﬂ
Z,R*'X, Z,R?*X, Z,R*Z,+ A 'g*' Z,R¥?Z,+ A"'g??

[XiR''y; + X1R"?y,]
_ | X3R*'y, + X5,R??y,
| ZiR"y, + Z1R Yy,

Z,R*'y, + Z,R*?y,
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Where g are the elments of the inverse of the additive variance-covariance matrix, G 1.
Note that if the two traits are uncorrelated then R'? and g2 will be zero. In this case the

matirces in the equation above reduce two the single trait model [107].

Xir''X; 0 X'z, 0 [B:] [Xir'iyi]

0 X,r??x, 0 X,r?2z, |l72|_ X122y,

Zir''x, 0 Z\r1'Z, + A gt 0 ld,| |Zirty,

0 Z,r??X, 0 zyr2Z, + A7g%?la, | Lzyr?2y,
Example:

The data below are the pre-weaning gain (WWG) and postweaning gain (PWG) for five
beef calves, we interested to estimate the fixed effect (sex) and random effect (breeding

values) for all animals:

Table 5.1. Pre-weaning gain and post-weaning gain (kg) for five beef calves.

Calf  Sex Sire Dam WWG PWG

4 Male 1 - 4.5 6.8
5 Female 3 2 2.9 5.0
6 Female 1 2 3.9 6.8
7 Male 4 5 3.5 6.0
8 Male 3 6 5.0 7.5

Using MBLUP analysis. Assume that the additive genetic covariance G Matrix is:

G = WWG [20 18
PWG 118 40

And the residual covariance matrix is:
_WWGTJ40 11

R= PWG |,y 30
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Since the matrices are too large, the MME have not presented. The solutions of the

system given below:

Table 5.2 Solutions of multiple traits model.

Effects WWG PWG
Sex
1 4.361 6.800
2 3.397 5.880
Animal
1 0.151 0.280
2 —0.015 —0.008
3 —-0.078 -0.170
4 -0.010 —0.013
5 —0.270 —0.478
6 0.276 0.517
7 —0.316 —0.479
8 0.244 0.392

Where for fixed effect, 1 = male and 2 = female.

5.4 Unequal Design Matrices

In multivariate analysis, the model called unequal (unbalanced) if traits are
affected through different fixed or random effects. For example, the multiple traits model
of yields in different locations. However, in this case we can apply Henderson et al

(1976) for evaluation [128].



Example:

We have fat yield in each parity as different traits shown in the table below:

Cow Sire Dam HYS1 HYS2 FAT1 FAT2

4 1 2 1 1 201 280
5 3 2 1 2 150 200
6 1 5 2 1 160 190
7 3 4 1 1 180 250
8 1 7 2 2 285 300

For parity 1 and 2 the herd-year-season are HYS1 and HYS2, respectively; FAT1 and
FAT2 fat yield in parity 1 and 2. To estimate the breeding values (FAT1 and FA2),

assume the genetic and environmental parameters are:

135 28 165 27
G_[zs 30 9 R=1. 70
For the inverses are:
4 _ 10113 —0.105 _[0.018 —0.007
G =|_0105 01321 M R=[_g007 0.017]
1] [X,RX, X,R?X, X,RYZ, X,R?Z,
|X,R12X, X,R%2X, X,R?'Z, X,R??Z,

QU VD™

-1
1
| |
lZ’1R11X1 ZiR“X, ZiR“Z,+A7'g" ZiRVZZ,+ A—1g12J
Z,R*'X, ZyR*’X, ZyR*'Z,+A 'g*' Z,R*Z,+ A7'g*

|
|

2
1
2

[XiR'y, + X1R"?y,]
X,R*'y, + X, R*?y,
ZR''y, + Z|R"?y,
ZyR*'y, + Z;R*?y,



The matrix X, relates HYS1 effect and X, relates to HYS2 effect. The transposes of

these unequal matrices are:

X=[p 1004 e x=[g ] g1
The solutions of MME are:

Effects FAT1 FAT2
HYS

1 175.7 243.2
2 219.6 240.6

Animal

1 8.969 8.840
2 —2.999 =2.777
3 -5.970 —6.063
4 11.754 11.658
5 —16.253 -15.824
6 -17.314 -15.719
7 8.690 8.138
8 22.702 20.931

64
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CHAPTER 6

ANALYSIS

6.1 Introduction

The variance components and heritability estimates for familial breast cancer
incidence were calculated with a threshold model using the recorded binary observations
linked to the probit function (transformation). This chapter will present these programs
and the steps used for analysis. Four programs in Fortran 90/95 and R software were
used to analyze the data. All graphs in this chapter were created using R software, in
order to show the distributions and the autocorrelation functions of variance components
and heritability estimates. We estimated heritability using two methods; first, we used the
MCMCglmm Package in R for phenotypic data only and second, we included genomic

data (SNP) using the THRGIBBS1F90 program.

6.2 The MCMCglmm R Package

For the binary phenotype variable, the model is defined on an underlying latent variable:

A=XB+Zd+e (6.1)

Where X and Z are design matrices relating to fixed and random effects, respectively.
These matrices have associated parameter vectors B and d, while € is a residual vector.

The distribution of vectors d and € are assumed to be multivariate normal distribution as:

d~N(0,G) and e~N (0, R). The matrices G and R are (co)variances of the random

effects and residuals, respectively. The structure form of G in MCMCglmm is:

G=UV.84)0V,04,)® .. (6.2)
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Typically, the (co)variance matrices (V) are low-dimensional and the structured matrices
are (A) high dimensional. The terms are separated by a direct sum (@) as component
terms and each component term is formed through the Kronecker product (®). So if we

have two component terms, we can write matrix G as:

_[(v,®4,)

0
G 0 (V2®A2)]

By the same manner, we can get R:
R=W,QI,)®V,QI,)® .. (6.3)
Where V4, V., are residual variances and I, I, are identity matrices [129].
To fit the binary data y; for one trait, we use a probit link and a Bernoulli distribution:
i = B(propt™ (1))

Since we want to calculate heritability for the model (6.1), it is necessary to take into
account a supplementary source of variance coming from the probit link.
2
~ 0,
h* = — dz
o5 +os+1

This is justified by the fact that, to be strictly equivalent to a threshold model (where y is
1if 1> 0), we need to include the “variance” of the link transformation into the total

variance, which is 1 for a probit link [130].

In MCMCglmm, the prior distribution of the (co)variances is an inverse-Wishart

and a normal prior for the fixed effect. For a single variance component, an inverse-

Gamma distribution with parameters nu and v (inverse — Gamma (Z—u,"uzxv)) is a
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common choice. The possible set of parameters would be nu=0.002 and v=1, which is
actually inverse — Gamma(0.001,0.001)[131] because & = =* , § = "=, In a binary

variable, the residual variance (Vz) will be fixed to 1 and an estimate additive
variance (V). Also, when we want to estimate the heritability of binary data, it is advised

to use chi-square prior [132].

Our estimation of heritability is 0.03947 using inverse — Gamma(0.001,0.001)
which is the common prior. Using chi-square with 1 degree of freedom as prior,
heritability is 0.3369; refer to the R code in Appendix E. The diagnostic of the results

from both priors is described as follows.

Before we consider our estimation as a final estimation, we need to check the
convergence and autocorrelation of samples. In MCMCglmm output, there are two main
components (model$Sol and model$VVCV) where Sol is the posterior distribution
solution, including fixed effects, and VCV is a posterior distribution of (co)variance
matrices. First, let us look at the trace of samples from inverse — Gamma(0.001,0.001)

prior (Figure 6.1 and Figure 6.2).
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Figure 6.1 Trace of the fixed effects using inverse-Gamma (0.001, 0.001).

As we can see for each graph of the samples (Figures 6.1 and 6.2), the values are widely

spread. While the values in the graphs of samples (Figures 6.3 and 6.4) are spread

(fluctuated) in a small range, these samples were generated using chi-square with 1

degree of freedom as prior.
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Figure 6.2 Trace of the variance components inverse-Gamma (0.001, 0.001).

Also, little autocorrelation is found in the samples that were generated from inverse —

Gamma(0.001,0.001), especially in the family, animal and units (Table 1.1). However,

the autocorrelation is reasonable for the sample of additive variance generated from Chi-

square (6.2). Note that we fixed the residual variance to 1 in this prior (Figure 6.3 and

Figure 6.4).
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Figure 6.3 Trace of the fixed effects using chi-square.

Table 1.1 The autocorrelation of samples from inverse — Gamma.

Intercept  sex Family Animal
Lag 0 1.000000 1.000000 1.000000 1.000000
Lag 40 0.107780 0.227881 0.581473 0.782403
Lag 200 0.077046 0.168276 0.520311 0.531336
Lag 400 0.045379 0.141118 0.433896 0.335605
Lag 2000 0.032968 0.038969 0.125210 0.024426




Table 6.2 The autocorrelation of samples from Chi-square.

Intercept  sex Family Animal
Lag 0 1.000000 1.000000 1.000000 1.000000
Lag 40 0.171016 0.072454 0.007925 0.438784
Lag 200  0.006327 0.004607 -0.010548 0.043452
Lag400 0.011712 0.015504 0.001981 -0.004161

Lag 2000 -0.008358 0.004110

-0.013991 0.010373
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Figure 6.4. Trace of the variance component using chi-square.
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In MCMCglmm, the convergence is often very fast. Therefore, we used the Heidelberg
stationarity test to see if the convergence is reasonable; if the p-value exceeds 0.05, that
means the sample is from a stationary distribution.

Table 6.3 Convergence test of samples generated from inverse-Gamma.

Stationarity test ~ Start iteration p-value
animal passed 1 0.513
Units passed 1 0.399

Table 6.4 Convergence test of sample generated from Chi-square.

Stationarity test ~ Start iteration p-value

animal passed 1 0.435

6.3 BLUPF90 in Fortran 90/95

The analysis in this research was also completed using BLUPF90 in Fortran
90/95. These programs were originally developed as exercises for a class taught by
Ignacy Misztal at the University of Georgia [133]. Gradually, they have been upgraded
and improved by many contributors. This a family of programs for mixed-models
computations. The programs can execute data conditioning, estimate variances using
several methods, compute BLUP for very large data sets, calculate approximate accuracy,
and use SNP data for improved accuracy of breeding values for GWAS studies [134].

The programs have been designed with three goals:

i.  Flexibility to support a large set of models found in animal breeding applications.

ii.  Software simplicity to abate errors and enable modifications.
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iii.  Productivity at the algorithmic level.

The four programs used in this study are RENUMF90, THRGIBBSxF90,

POSTGIBBSF90 and POSTGSF90 [133].

a. RENUMF90
This is a program for renumbering in the BLUPF90 family of programs. It
supports multiple traits, dissimilar effects per trait, alphanumeric and numeric
fields. The program provides data statistics, preforms comprehensive pedigree
checking, and supports unknown parent groups.
b. THRGIBBS1F90
This program performs a Gibbs sampler for threshold-linear mixed effect
models involving multiple categorical and linear variables. The original program
THRGIBBSF90 was composed by DeukHwan Lee in 2001, and rewritten by
Shogo Tsuruta in 2004. This program should be used after the renumbering
program RENUMF90.
c. POSTGIBBSF90
This program was designed to calculate posterior means, standard
deviation and diagnosis of convergence. The program reads gibbs_samples and
fort.99 files from Gibbs sampling (THRGIBBS1F90) programs. The output files
from this program are postgibbs_samples, postmean, postsd and postout.
d. POSTGSF90
This program is used to obtain the prediction of SNP effects. The output
files from this program are snp_sol, chrsnp, chrsnpvar and snp_pred (the second

file contains the values of SNP effects used in Manhattan plots).
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6.3.1 The THRGIBBS1F90

The joint posterior distribution was estimated using the MCMC method based on
Gibbs sampling with the THRGIBBS1F90 software [134]. The number of iterations is
250000, with 50000 samples discarded as burn-in for convergence, with the remaining
samples being thinned using intervals of 20 samples. Ten thousand (10000) samples were
stored and used to calculate the posterior features of interest, such as posterior means and
standard deviations. The derived variance components and heritability estimates for

familial breast cancer incidence are shown in Table 6.5.

Table 6.5 Variance components and heritability estimates.

Additive Effect Residuals variance Heritability

Mean 0.0590174 0.1471117 0.2812776

SD 0.02835517 0.02496394 0.1166282
Confidence Interval 2.5% 97.5% 2.5% 97.5% 2.5%  97.5%

0.0147 0.1225 0.1019  0.19910 0.0765 0.5187

The heritability coefficient is an estimate of the amount of variation in a
phenotypic trait in a population due to genetic variation among individuals in that
population. Here it is 28% variation in the response variable, as explained by genetic

variations (SNPs).

6.4 Plots of Estimators

If we look at the histogram graphs (see Figure 6.5), each graph clearly shows
more data around the average, where the highest "bump™ is located, indicating this as
“symmetrical.” This is a good sign that the averages (for each estimator) are

approximately in the center of the data.
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Figure 6.5 Histogram with density of the variances and heritability estimates.

6.5 History and Autocorrelation Function Plots

The series of estimated values show a consistent trend, as noted in Figure 6.6. The series
of additive variance estimates fluctuate around the same value, which is approximately
0.059. Likewise, the same behavior is seen for the other two estimated values, where the
residuals variance fluctuates around 0.147 and heritability is close to 0.28. Furthermore,
the autocorrelation function (ACF) measures the correlation between pairs of random
variables. The optimal plot of ACF decays reasonably rapidly to zero, either from above
or below. We can see that all ACFs (Figure 6.7) have decayed to zero before lag 10,

which indicates that the series of samples are independent.
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It is essential to check the convergence to determine whether we are as close to
the actual value as possible. The burn-in value, at 50000, was sufficient to reach
convergence. Also, to avoid an autocorrelation issue, we used a thinning interval of 20

and noted that the autocorrelation function went to zero after a few lags, which was good.

6.6 Manhattan Plot

GWAS analysis typically reports a visualization of genome-wide association of
SNPs using a Manhattan plot. The SNP effects are displayed as their absolute values (y-
axis) against SNP location (x-axis: chromosomes and SNP positions). The higher dots
represent high SNP effects at a given position associated with familial breast cancer [96].
In this context, gene mapping based on a Manhattan plot (Figure 6.8) showed that there are
some areas on the genome (chromosomes 1, 2, 4, 8, 14 and 16) that may include candidate

genes associated with breast cancer incidence and susceptibility.

Figure 6.8 Manhattan Plot of SNPs effects.
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In the Manhattan plot (Figure 6.8), we do not use thresholds, or p-values, because
two problems may arise when we use a single SNP regression. First, thousands of tests will
be run and SNP effects will be over-estimated. Second, it is difficult to define a genomic
region with the true mutation [135, 136]. To avoid these two problems, we fitted SNP

effects simultaneously.

The 20 markers with the highest effects are shown in Table . These SNPs explained
more than 3.5% of the genetic variance, which indicates that this group of SNPs, and hence

their genes, are highly associated with the incidence of this disease.

Table 6.6 Ordered SNP effects with locations.

No SNP Effects CHROM POS GENE

1 4.371465 2 223793480 ACSL3
2 4.349453 4 187534542 FAT1

3 4.198865 1 225611661 LBR

4 3.800145 1 150999863 PRUNE
5 3.787771 4 187534375 FAT1

6 3.736460 4 187535169 FAT1

7 3.661992 8 27147716 TRIM35
8 3.661992 8 27147939 TRIM35
9 3.653323 2 44547909 SLC3A1
10 3.649030 2 224569668 PREPL
11 3.647262 14 50094913 NEMF/ DNAAF2
12 3.641489 2 44547574 SLC3A1
13 3.641489 2 44550290 PREPL
14 3.641489 2 44570804 PREPL
15 3.641489 2 44617324 CAMKMT
16 3.617063 16 71668800 MARVELD3
17 3.544095 2 217123958 MARCH4
18 3.51585 2 44550233 PREPL
19 3.498177 2 178936373 PDE11A
20 3.496521 4 187077393 FAM149A
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CHAPTER 7

DISCUSSION AND CONCLUSION

Among various types of cancer, breast cancer has been reported as the second most
deadly cancer in the world. In addition, patients who have been diagnosed as positive for
this disease face the issue that no treatment is currently available to prevent or reduce the
occurrence of this cancer [4]. For this reason, more consideration is being given to genomic
studies that are based on advanced statistical models and methodologies to track the cause
of this disease, with promising progress being achieved [26]. Finding a genetic component,
as well as a genomic region, that could be associated with breast cancer will facilitate the
diagnosis of those most likely to be infected with breast cancer in the future. This does not
just raise caution, but will also allow for early treatment, which may lead to preventing the
disease from progressing to advanced stages. In this study, we estimated the heritability of
breast cancer incidence based on the presence of breast cancer in 167 people, of which 22
had genomic information. Since the response variable was binary, a threshold model was
used [21]. In order to maximize the usage of this small data set, we decided to combine
both the pedigree data and the genomic data in one analysis [17]. This approach has been
widely used with accurate results [18]. The challenge was to scale the genomic data to the

pedigree data, so the two sources of information can be reasonably combined.

The heritability estimate for breast cancer incidence obtained in this study indicates
that genetic tracking can be used to investigate the probability of the incidence of the
disease. Furthermore, a genetic component becomes a simple indicator that a genomic
region on the DNA is associated with the incidence of this disease. For any trait with a non-

zero heritability, the genetic effects must be located somewhere on the chromosomes [137].
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The heritability estimates showed that genetics plays a key role in the incidence of this type
of cancer. In other words, there is a genetic component that can be further investigated to
determine the genes or genomic regions that might be associated with breast cancer. It is

then a matter of locating that genetic effect and genotyping the appropriate DNA.

Since the heritability estimate was higher than zero, we decided to apply a GWAS,
which will predict the effect of each marker (SNP) we have in the genomic data and provide
the extent of the genetic variation that can be explained by markers. The GWAS revealed
that several genes, with small effects for each, might be responsible for breast cancer
incidence. Specifically, SNPs on chromosomes 1, 2, 4, 8, 14 and 16 could be related to the
incidence of the disease. Some of these results confirm findings from other similar studies
[138]. Seven genes were mentioned in previous studies as related to breast cancer. The
ACSL3 (acyl-CoA synthetase long chain family member 3) gene may be one that enhances
the amount of cytotoxicity if it gets suppressed, while SREBPs are responsible for aberrant
proliferation of breast cancer cells [139]. FAT1 (FAT atypical cadherin 1) is one of the
FAT family of genes which are vital to suppress cancer cells based on their ability of
homozygous deletion; they can also help to determine oncogenic status [140]. The gene
PRUNE (prune exopolyphosphatase 1) is related to metastasis in breast cancer; when h-
PRUNE gets suppressed by dipyridamole, the connection with nm23-H1 increases, which
leads to increasing the cellular movement in the metastasis process [141]. TRIM35
(tripartite motif containing 35) cooperates in the process of the formation and increase in
the size of cell cancers [142]. SLC3AL (solute carrier family 3 member 1) is crucial because
it promotes the cysteine uptake and antioxidant N-acetylcysteine. Also it is considered

therapeutic in the treatment of breast cancer [143]. A strong relationship has been noted
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between SNPs and breast cancer risk, with one of these SNPs called "re8410," located in
the PREPL (prolyl endopeptidase-like) gene [144]. Gene MARVELD3 (MARVEL domain

containing 3) is very helpful for paracellular ion connections [145].

We also found new seven genes that could be related to breast cancer. These genes
are: LBR (lamin B receptor); NEMF (nuclear export mediator factor); DNAAF2 (dynein
axonemal assembly factor 2); CAMKMT (calmodulin-lysine N-methyltransferase);
MARCH4 (membrane associated ring-CH-type finger 4); PDE11A (phosphodiesterase

11A) and FAM149A (family with sequence similarity 149 member A).

The results of this study demonstrate that breast cancer is a complex disease,
probably controlled by many genes with small effects. Finding genes that show major
effects is uncommon for disease traits. Such traits are usually influenced by many
biological components and function factors controlled by a large number of genes.

Furthermore, disease traits are affected by environmental factors.

The main limitation of this work was the sample size. Collecting a larger sample,
as well as pedigree information in humans, is not an easy task. Further studies depend upon
the availability of larger datasets, which may then reveal more information on this complex
trait. It may also help to reduce the number of genes potentially associated with breast
cancer. Also, including the SNPs that have higher effects through fine mapping and
pathway analysis may uncover more knowledge about breast cancer incidence and help in

determining various ways to reduce and prevent the disease in the future [146].



Future works:

1) Estimating heritability coefficient using Aguilar et al (2010) approach in R software.

2) Increase the size of data by adding family or more available to get more knowledge

about breast cancer.

3) Making check these SNPs that have higher effects in pathway analysis to see if they

biological related to familial breast cancer.
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APPENDIX B

bowtie2 mapping statistics
Family 1
HEHH AT R S S A Individual 1 S T R

17496012 reads; of these:
17496012 (100.00%) were paired; of these:
756753 (4.33%) aligned concordantly 0 times
12814966 (73.25%) aligned concordantly exactly 1 time
3924293 (22.43%) aligned concordantly >1 times
756753 pairs aligned concordantly 0 times[; of these:
162244 (21.44%) aligned discordantly 1 time
594509 pairs aligned 0 times concordantly or discordantly; of these:
1189018 mates make up the pairs; of these:
744617 (62.62%) aligned O times
216524 (18.21%) aligned exactly 1 time
227877 (19.17%) aligned >1 times
97.87% overall alighment rate

HEHEH SR HH R Individual 2 SHEHEE S I

46240754 reads; of these:
46240754 (100.00%) were paired; of these:
4231915 (9.15%) aligned concordantly 0 times
32513660 (70.31%) aligned concordantly exactly 1 time
9495179 (20.53%) aligned concordantly >1 times
4231915 pairs aligned concordantly 0 times; of these:
1644471 (38.86%) aligned discordantly 1 time
2587444 pairs aligned 0 times concordantly or discordantly; of these:
5174888 mates make up the pairs; of these:
2709650 (52.36%) aligned 0 times
946097 (18.28%) aligned exactly 1 time
1519141 (29.36%) aligned >1 times
97.07% overall alignment rate

HHHHH R AT R R S R S T R R R S R R
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T T Individual 3 S TR T

23418595 reads; of these:
23418595 (100.00%) were paired; of these:
863355 (3.69%) aligned concordantly 0 times
17067338 (72.88%) aligned concordantly exactly 1 time
5487902 (23.43%) aligned concordantly >1 times
863355 pairs aligned concordantly 0 times; of these:
153832 (17.82%) aligned discordantly 1 time
709523 pairs aligned 0 times concordantly or discordantly; of these:
1419046 mates make up the pairs; of these:
914103 (64.42%) aligned 0 times
256193 (18.05%) aligned exactly 1 time
248750 (17.53%) aligned =1 times
98.05% overall alignment rate

T T Individual 4 S T T B

40313161 reads; of these:
40313161 (100.00%) were paired; of these:
1583496 (3.93%) aligned concordantly O times
28742837 (71.30%) aligned concordantly exactly 1 time
9986828 (24.77%) aligned concordantly >1 times
1583496 pairs aligned concordantly 0 times; of these:
395581 (24.98%) aligned discordantly 1 time
1187915 pairs aligned 0 times concordantly or discordantly; of these:
2375830 mates make up the pairs; of these:
1615490 (68.00%) aligned 0O times
372749 (15.69%) aligned exactly 1 time
387591 (16.31%) aligned >1 times
98.00% overall alignment rate

HHH T G T T T R B
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HERHHHEEHERGRHGEHERERHEE Individual 5 HEEHEHERHEHHEHER ST R R H TG AT

50944516 reads; of these:
50944516 (100.00%) were paired; of these:
3319899 (6.52%) aligned concordantly O times
37364337 (73.34%) aligned concordantly exactly 1 time
10260280 (20.14%) aligned concordantly >1 times
3319899 pairs aligned concordantly 0 times; of these:
1446095 (43.56%) aligned discordantly 1 time
1873804 pairs aligned 0 times concordantly or discordantly; of these:
3747608 mates make up the pairs; of these:
1709233 (45.61%) aligned 0 times
784899 (20.94%) aligned exactly 1 time
1253476 (33.45%) aligned >1 times
98.32% overall alignment rate

HH s T R R Individual 6 S R

40158059 reads; of these:
40158059 (100.00%) were paired; of these:
1320920 (3.29%) aligned concordantly O times
29257869 (72.86%) aligned concordantly exactly 1 time
9579270 (23.85%) aligned concordantly >1 times
1320920 pairs aligned concordantly 0 times; of these:
270128 (20.45%) aligned discordantly 1 time
1050792 pairs aligned 0 times concordantly or discordantly; of these:
21@1b84 mates make up the pairs; of these:
1404688 (66.84%) aligned 0 times
353131 (16.80%) aligned exactly 1 time
343765 (16.36%) aligned >1 times
98.25% overall alignment rate

HHHHH R AT R R A R R R G R H R
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HEHEHGHH G E R Individual 7 BHESEHEEEEH S EHH B S R R R

42973730 reads; of these:
42973730 (100.00%) were paired; of these:
3057263 (7.11%) aligned concordantly 0 times
31345819 (72.94%) aligned concordantly exactly 1 time
8570648 (19.94%) aligned concordantly >1 times
3057263 pairs aligned concordantly 0 times; of these:
1164237 (38.08%) aligned discordantly 1 time
1893026 pairs aligned 0 times concordantly or discordantly; of these:
3786052 mates make up the pairs; of these:
2094072 (55.31%) aligned 0 times
646607 (17.08%) aligned exactly 1 time
1045373 (27.61%) aligned >1 times
97.56% overall alignment rate

HERSHHHHH R R EREEE Individual 8 BHEHFHEEHH ST R TR B

27830687 reads; of these:
27830687 (100.00%) were paired; of these:
2927435 (10.52%) aligned concordantly 0 times
19500773 (70.07%) aligned concordantly exactly 1 time
5402479 (19.41%) aligned concordantly >1 times
2927435 pairs aligned concordantly 0 times; of these:
1062618 (36.30%) aligned discordantly 1 time
1864817 pairs aligned 0 times concordantly or discordantly; of these:
3729634 mates make up the pairs; of these:|
2084863 (55.90%) aligned 0 times
753643 (20.21%) aligned exactly 1 time
891128 (23.89%) aligned >1 times
96.25% overall alignment rate

HHHH S R S R S R B R
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Family 2
SRR R Individual 1 S R i

33419098 reads; of these:
33419098 (100.00%) were paired; of these:
5027688 (15.04%) aligned concordantly 0 times
24119293 (72.17%) aligned concordantly exactly 1 time
4272117 (12.78%) aligned concordantly >1 times
5027688 pairs aligned concordantly 0 times; of these:
1649133 (32.80%) aligned discordantly 1 time

3378555 pairs aligned 0 times concordantly or discordantly; of these:
6757110 mates make up the pairs; of these:
4756798 (70.40%) aligned 0 times
1127561 (16.69%) aligned exactly 1 time
872751 (12.92%) aligned >1 times
92.88% overall alignment rate

HEHHHHH G R R Individual 2 BHEHEHEE RS SR S B

27261117 reads; of these:
27261117 (100.00%) were paired; of these:
4333860 (15.90%) aligned concordantly O times
19462395 (71.39%) aligned concordantly exactly 1 time
3464862 (12.71%) aligned concordantly >1 times
4333860 pairs aligned concordantly 0 times; of these:
1351131 (31.18%) aligned discordantly 1 time
2982729 pairs aligned 0 times concordantly or discordantly; of these:
5965458 mates make up the pairs; of these:
4132945 (69.28%) aligned 0 times
1061209 (17.79%) aligned exactly 1 time
771304 (12.93%) aligned >1 times
92.42% overall alignment rate

HUgHHH R RS S R R R R R R R R R
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S T Individual 3 BT A A

29561523 reads; of these:
29561523 {100.00%) were paired; of these:
5644272 (19.09%) aligned concordantly 0 times
20213488 (68.38%) aligned concordantly exactly 1 time
3703763 (12.53%) aligned concordantly >1 times
5644272 pairs aligned concordantly 0 times; of these:
1434971 (25.42%) aligned discordantly 1 time
4209301 pairs aligned 0 times concordantly or discordantly; of these:
8418602 mates make up the pairs; of these:
5036006 (59.82%) aligned 0 times
1971671 (23.42%) aligned exactly 1 time
1410925 (16.76%) aligned >1 times
91.48% overall alignment rate

HEHSHHEH R EHEY Individual 4 BEE B HEH A HHHEH I H R B

25790769 reads; of these:
25790769 (100.00%) were paired; of these:
3630652 (14.08%) aligned concordantly 0 times
18918333 (73.35%) aligned concordantly exactly 1 time
3241784 (12.57%) aligned concordantly >1 times
3630652 pairs aligned concordantly 0 times; of these:
1165758 (32.11%) aligned discordantly 1 time
2464894 pairs aligned 0 times concordantly or discordantly; of these:
4929788 mates make up the pairs; of these:
3560055 (72.22%) aligned 0 times
778019 (15.78%) aligned exactly 1 time
591714 (12.00%) aligned >1 times
93.10% overall alignment rate

HHSHAH A R R R R R R R R R R
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HESH T T T Individual 5 ST T T

17433912 reads; of these:
17433912 (100.00%) were paired; of these:
3067745 (17.60%) aligned concordantly 0 times
12120755 (69.52%) aligned concordantly exactly 1 time
2245412 (12.88%) aligned concordantly >1 times
3067745 pairs aligned concordantly 0 times; of these:
894972 (29.17%) aligned discordantly 1 time

2172773 pairs aligned 0 times concordantly or discordantly; of these:
4345546 mates make up the pairs; of these:
2941382 (67.69%) aligned 0 times
807040 (18.57%) aligned exactly 1 time
597124 (13.74%) aligned »1 times
91.56% overall alignment rate

HESH T T T Individual 6 ST T T T

37657589 reads; of these:
37657589 (100.00%) were paired; of these:
6745900 (17.91%) aligned concordantly 0 times
25936201 (68.87%) aligned concordantly exactly 1 time
4975488 (13.21%]) aligned concordantly =1 times
6745900 pairs aligned concordantly 0 times; of these:
1578708 (23.40%) aligned discordantly 1 time
5167192 pairs aligned 0 times concordantly or discordantly; of these:
10334384 mates make up the pairs; of these:
6314251 (61.10%) aligned 0 times
2247352 (21.75%) aligned exactly 1 time
1772781 (17.15%) aligned =1 times
91.62% overall alignment rate

HHHHH RS AR S S R H R R S R R R R R
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HEHSHHGE RS R Individual 7 SHERHEHEHERHEHHEH B R EH R B R

35977512 reads; of these:
35977512 (100.00%) were paired; of these:
2642581 (7.35%) aligned concordantly O times
28827029 (80.13%) aligned concordantly exactly 1 time
4507902 (12.53%) aligned concordantly >1 times
2642581 pairs aligned concordantly O times; of these:
848358 (32.10%) aligned discordantly 1 time
1794223 pairs aligned 0 times concordantly or discordantly; of these:
3588446 mates make up the pairs; of these:
1960475 (54.63%) aligned 0 times
964176 (26.87%) aligned exactly 1 time
663795 (18.50%) aligned >1 times
97.28% overall alignment rate

HEHSHHGE RS Individual 8 HHERHEHHEHERHEHHEH B HHH B R

33662978 reads; of these:
33662978 (100.00%) were paired; of these:
4647026 (13.80%) aligned concordantly 0 times
24648332 (73.22%) aligned concordantly exactly 1 time
4367620 (12.97%) aligned concordantly >1 times
4647026 pairs aligned concordantly 0 times; of these:
1513512 (32.57%) aligned discordantly 1 time
3133514 pairs aligned 0 times concordantly or discordantly; of these:
6267028 mates make up the pairs; of these:
4614943 (73.64%) aligned 0 times
897139 (14.32%) aligned exactly 1 time
754946 (12.05%) aligned =1 times
93.15% overall alignment rate

HHHHHS R G A R R R R R R R R A
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Family 3
HEHHEHEH R Individual 1 SRR

35014538 reads; of these:
35014538 (100.00%) were paired; of these:
1079170 (3.08%) aligned concordantly 0 times
25523400 (72.89%) aligned concordantly exactly 1 time
8411968 (24.02%) aligned concordantly >1 times
1079170 pairs aligned concordantly 0 times; of these:
206693 (19.15%) aligned discordantly 1 time
872477 pairs aligned 0 times concordantly or discordantly; of these:
1744954 mates make up the pairs; of these:
1155676 (66.23%) aligned 0 times
270321 (15.49%) aligned exactly 1 time
318957 (18.28%) aligned >1 times
98.35% overall alignment rate

HES T R T R T Individual 2 S$HE T R

31736845 reads; of these:
31736845 (100.00%) were paired; of these:
1150292 (3.62%) aligned concordantly O times
22703841 (71.54%) aligned concordantly exactly 1 time
7882712 (24.84%) aligned concordantly >1 times
1150292 pairs aligned concordantly 0 times; of these:
277066 (24.09%) aligned discordantly 1 time
873226 pairs aligned 0 times concordantly or discordantly; of these:
1746452 mates make up the pairs; of these:
1084416 (62.09%) aligned 0 times
260096 (14.89%) aligned exactly 1 time
401940 (23.01%) aligned >1 times
98.29% overall alignment rate

HHEHH R R R R
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HE#HH T Individual 3 SHEHHE S T I

31798628 reads; of these:
31798628 (100.00%) were paired; of these:
3092650 (9.73%) aligned concordantly O times
22042378 (69.32%) aligned concordantly exactly 1 time
6663600 (20.96%) aligned concordantly >1 times
3092650 pairs aligned concordantly 0 times; of these:
1364125 (44.11%) aligned discordantly 1 time
1728525 pairs aligned 0 times concordantly or discordantly; of these:
3457050 mates make up the pairs; of these:
1670330 (48.32%) aligned 0 times
563809 (16.31%) aligned exactly 1 time
1222911 (35.37%) aligned =1 times
97.37% overall alignment rate

HEHHH AT B Individual 4 HEEHEEH

29648460 reads; of these:
29648460 (100.00%) were paired; of these:
2843326 (9.59%) aligned concordantly O times
20878239 (70.42%) aligned concordantly exactly 1 time
5926895 (19.99%) aligned concordantly >1 times
2843326 pairs aligned concordantly 0 times; of these:
1428820 (50.25%) aligned discordantly 1 time
1414506 pairs aligned 0 times concordantly or discordantly; of these:
2829012 mates make up the pairs; of these:
1049976 (37.11%) aligned 0 times
562948 (19.90%) aligned exactly 1 time
1216088 (42.99%) aligned >1 times
98.23% overall alignment rate

HHAH S T G R S S R
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HE#HEH R Individual 5 ### T

38418769 reads; of these:
38418769 (100.00%) were paired; of these:
4234333 (11.02%) aligned concordantly 0 times
26159383 (68.09%) aligned concordantly exactly 1 time
8025053 (20.89%) aligned concordantly >1 times
4234333 pairs aligned concordantly 0 times; of these:
1956741 (46.21%) aligned discordantly 1 time
2277592 pairs aligned 0 times concordantly or discordantly; of these:
4555184 mates make up the pairs; of these:
2015700 (44.25%) aligned 0 times
772282 (16.95%) aligned exactly 1 time
1767202 (38.80%) aligned >1 times
97.38% overall alignment rate

HE#HEH R R E R Individual 6 S T T T

53411156 reads; of these:
53411156 (100.00%) were paired; of these:
3214461 (6.02%) aligned concordantly 0 times
38192836 (71.51%) aligned concordantly exactly 1 time
12003859 (22.47%) aligned concordantly >1 times
3214461 pairs aligned concordantly 0 times; of these:
1503438 (46.77%) aligned discordantly 1 time
1711023 pairs aligned 0 times concordantly or discordantly; of these:
3422046 mates make up the pairs; of these:
1327096 (38.78%) aligned 0 times
688756 (20.13%) aligned exactly 1 time
1406194 (41.09%) aligned >1 times
98.76% overall alignment rate

HHAH S S
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APPENDIX C

SNPs calling using SAMtools with default parameters

Family 1
HERHERHE AT HETHETRERREEREEREE Individual 1 sREsREERHERHE T EHHHERR BT AT ERHERY

Only SMPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm21911.pileup

196987678 bases in pileup file

108123 variant positions (96630 SNP, 114593 indel)
2081 were failed by the strand-filter

29264 variant positions reported (85264 SNP, 0 indel)

HEFHEFH AR RS Individual 2 S HRHI AR AT R

Only SMNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm21918.pileup

182913245 bases in pileup file

85939 variant positions (78697 SNP, 7242 indel)

5284 were failed by the strand-filter

73806 variant positions reported (73806 SNP, 0 indel)

HE AR TR R T Individual 3 ##sEHHTHEHE AR RS HHHEE AR

Only SNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm219120.pileup

195113638 bases in pileup file

105093 variant positions (95744 SNP, 9349 indel)
7651 were failed by the strand-filter

88704 variant positions reported (88704 SNP, 0 indel)

R R R R R R R R R AR R
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HiHHHHH R Individual 4 #HssHHTHH R

Only SNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm219129.pileup

221707410 bases in pileup file

132614 variant positions (120249 SNP, 12365 indel)
12008 were failed by the strand-filter

109185 variant positions reported (109185 SNP, 0 indel)

HHHHHEHHREHER R R R Individual b ####siHH TR R R

Only 5MPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm219187.pileup

216475306 bases in pileup file

138907 variant positions (125734 SNP, 13173 indel)
12974 were failed by the strand-filter

113759 variant positions reported (113759 SNP, 0 indel)

HEHHHHH R Individual 6 #HsRHHTHH R

Only SNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm219190.pileup

200240382 bases in pileup file

109139 variant positions (97904 SNP, 11235 indel)
7953 were failed by the strand-filter

90676 variant positions reported (20676 SNP, 0 indel)

HEHARA R R R R R R R R R R R R R R HH H AR AR AR
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HERHERHERTHARH IR EAREEAREARE Individual 7 SHREER R IR R AR R AR

Only SMPs will be reported

Warning: Mo p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min ave qual: 15

P-value thresh: 0.01

Reading input from sm2151100.pileup

193071544 bases in pileup file

56626 variant positions (87003 SNP, 9623 indel)

64039 were failed by the strand-filter

81179 variant positions reported (81179 5NF, 0 indel)

HEFHERHERTHARH AR EEAREARE Individual B SHREEREERR IR AT NIRRT AR

Only SMPs will be reported

Warning: Mo p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min aveg qual: 15

P-value thresh: 0.01

Reading input from sm2151116.pileup

168683406 bases in pileup file

45503 variant positions (41853 SNP, 4004 indel)

1140 were failed by the strand-filter

40853 variant positions reported (40853 SNP, 0 indel)

B R R R R R R R R R R
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Family 2
HESHHHEBHH TR Individual 1 SBERBHBHRIHEHH BB BRI B E R

Only SNPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage: 10
Min reads2: 2

Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm32521.pileup

1293693353 bases in pileup file

81253 variant positions (76248 SNP, 5005 indel)

6492 were failed by the strand-filter

70150 variant positions reported (70150 SNP, 0 indel)

HitF R R R Individual 2 #REHERRE AR R R R
Only 5NPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage: 10
Min reads2: 2

Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325220.pileup

1103088982 bases in pileup file

71228 variant positions (67001 5NP, 4227 indel)

5243 were failed by the strand-filter

62059 variant positions reported (62059 SNP, 0 indel)

Hf#p R R R Individual 3 ##SHHEHEEEHBEH B HEHTH TR R

Only SNPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage:

10

Min reads2: 2
Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325230.pileup

1184582585 bases in pileup file

73998 variant positions (69588 SNP, 4410 indel)

3567 were failed by the strand-filter

66229 variant positions reported (66229 SNP, 0 indel)

HEHHHR R R A A R R R R R R R R R AR
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HEHHE SR R Individual 4 S$HSHHEHEEHE B IR TS

Only 5NPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325235.pileup

1110105513 bases in pileup file

71298 variant positions (66886 SNP, 4412 indel)

3999 were failed by the strand-filter

63132 variant positions reported (63132 SNP, 0 indel)

HEHH T R R Individual 5 #H#HH TS T

Only SMPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325238.pileup

778112946 bases in pileup file

49103 variant positions (46533 5NP, 2570 indel)

3092 were failed by the strand-filter

43581 variant positions reported (43581 SNP, 0 indel)

HE R Individual 6 ###EHHEHEHR R

Only SNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325239.pileup

778112946 bases in pileup file

82869 variant positions (78063 SNP, 4806 indel)

3519 were failed by the strand-filter

74387 variant positions reported (74387 SNP, 0 indel)

HERR AR R AR R R R R R R R AR R H R R R R AR
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HEAHHHHH AT R ETEEERE Individual 7 SRREHRE AT HIHE T IR AR

Only SMNPs will be reported

Warning: Mo p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325240.pileup

962885434 bases in pileup file

51541 variant positions (47783 SNP, 3758 indel)

3999 were failed by the strand-filter

44039 variant positions reported (44039 SNP, 0 indel)

HEFHHHHH AT R A ETEEERE Individua| B SRS AT HIHE T IR AR

Only SMNPs will be reported

Warning: Mo p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Minvar freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm325243.pileup

7325154595 bases in pileup file

40387 variant positions (37595 SNP, 2792 indel)
2794 were failed by the strand-filter

34535 variant positions reported (34935 SNF, 0 indel)

B R A R R e e R R R R R R e
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Family 3
HF R R R Individual 1 #EERHHHHRHH B R HHEH B

Only SNPs will be reported

Warning: No p-value threshold provided, so p-values will not be calculated
Min coverage: 10

Min reads2: 2

Min var freq: 0.2

Min avg qual: 15

P-value thresh: 0.01

Reading input from sm33951.pileup

225934110 bases in pileup file

137065 variant positions (124210 SNP, 12855 indel)
12408 were failed by the strand-filter

112822 variant positions reported (112822 SNP, 0 indel)

R Individual 2 ##HsHHTHEHH R

Only 5NPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage: 10
Min reads2: 2

Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm339549.pileup

225934110 bases in pileup file

137065 variant positions (124210 SNP, 12855 indel)
12408 were failed by the strand-filter

112822 variant positions reported (112822 SNP, 0 indel)

HEHH B HE B H B R REHEE Individual 3 #EHEHHHHHHBSHRBHH BB S

Only SNPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage: 10
Min reads2: 2

Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm339560.pileup

181391721 bases in pileup file

69378 variant positions (62932 SNP, 6446 indel)

2775 were failed by the strand-filter

60410 variant positions reported (60410 5NP, 0 indel)

HAH R R R R R R R R R R R R R R R R
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Hift R Individual 4 #RERHEHHHHFHEHH ARG HH R

Only SNPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage:
Min reads2:
Min var freq:
Min avg qual:

10
2
0.2
15

P-value thresh: 0.01

Reading input from sm3395167.pileup

181073229 bases in pileup file

70240 variant positions (63529 SNP, 6711 indel)

3135 were failed by the strand-filter

BO66E variant positions reported (60668 SNP, 0 indel)

HESHB R Individual b ##sH TR T EHH TR R R R

Only 5NPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage:
Min reads2:
Min var freq:
Min avg qual:

10
2
0.2
15

P-value thresh: 0.01

Reading input from sm3395341.pileup
194972383 bases in pileup file

94105 variant positions (85056 SNP, 9049 indel)

5623 were failed by the strand-filter
79913 variant positions reported (79913 5NP, 0 indel)
I

HEt TR R R R R EHEE Individual 6 ###HHHH T HEEHREHE R R R

Only 5NPs will be reported
Warning: No p-value threshold provided, so p-values will not be calculated

Min coverage: 10
Min reads2: 2

Min var freq: 0.2
Min avg qual: 15

P-value thresh: 0.01

Reading input from sm3395343.pileup

198289411 bases in pileup file

120509 variant positions (107945 SNP, 12564 indel)

9297 were failed by the strand-filter
99507 variant positions reported (99507 SNP, 0 indel)

HHH R R R R R R R A R R R R R R AR



APPENDIX D

HUnHp R AR T R S A R R H R
HUnfp R AR T R S R R H

HitHH Rt
#itt  Pedigree Matrix  H###
HitHH Bttt

HHAHAH AR R HH R R SR ]

install.packages("pedigreemm”)
library(pedigreemm)

id<-1:7
father<-c(NA,NA,1,NA,3,3,)
mother<-c(NA,NA,2,NA,4,4,4)

ped <- pedigree(label=id,sire=father,dam=mother)

# Computes inbreeding coefficients
F<-inbreeding(ped)
A<- getA(ped)

HHAHAH AR R R R R SRR H
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APPENDIX E

MCMCglmm Package
HEgHE R S R R A

library(Matrix)

library(coda)

library(ape)

library(MCMCglmm)

databin<-read.csv{"incedcor.csv",header=TRUE)
pedigreeb<-read.csv("pedigree.csv",header=TRUE)

prior <- list(R = list{V=1, nu=0.002), G = list(G1 = list(V=1, nu=0.002}})

modelbin <- MCMCglmm{phen ~ SEX + fami, random = ~animal, family = "ordinal",prior = prior,
pedigree = pedigreeb, data = databin, nitt = 250000,burnin = 50000, thin = 40)

heritbin <- modelbin$SVCV[, "animal"]/(modelbinSVCV[, "animal"] + modelbinSVCV], "units"] + 1
mean(herithin)

HHHH T R Diagnostic of the MCMC Sttt
plot(modelbin$Sol)
plot{modelbinSVCV)
autocorr.diag(modelbin$Sol)
autocorr.diag{modelbinSVCV)
effectiveSize(modelbinSSol)
effectiveSize(modelbinSVCV)
heidel.diag(modelbinSvVCV)
summary(modelbin)
effectiveSize(heritbin)
mean(heritbin)

HHHRHE R R R R R A R R S R R S R

priora <- list(R = list(V = 1, fix = 1), G = list(G1 = list(V = 1, nu = 1000, alpha.mu =0, alpha.V = 1))}
modelbin2 <- MCMCglmm(phen ~ SEX + fami, random = ~animal, family = "ordinal",prior =
priora, pedigree = pedigreeb, data = databin, nitt = 250000,burnin = 50000, thin = 40)

heritbin2 <- modelbin2SVCV[, "animal"]/{modelbin2SVCV[, "animal"] + modelhin2SVCV],
"units"] + 1)
I}'i######################################################################



117

HiHH R Diagnostic of the MCMC ######HHHRHRHA#H

plot(modelbin55ol)
plot(modelbin5VCV)
autocorr.diag(modelbin5Sol)
autocorr.diag(modelbinSVCV)
effectiveSize(modelbin$Sol)
effectiveSize(modelbinSVCV)
heidel.diag(modelbinSVCV)
summary(modelbin)
effectiveSize(heritbin)
mel'an{heritbin}l

HERA R R R R R R R R R R
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