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Abstract
Kommadath, A. (2012). Genomic regulation of oestrous behaviour in dairy cows.
PhD thesis, Wageningen University, the Netherlands
Concurrent to the impressive improvement achieved over the last few decades for
the trait of milk production in dairy cows was a steady decline in several fertility
traits including oestrous behaviour (OB). An understanding of the genomic
regulation of OB, which is currently lacking in dairy cows, will present new
opportunities for managing this trait to help improve fertility. The research
described in this thesis therefore aimed to achieve this understanding by studying
gene expression in the bovine anterior pituitary (AP) and four brain areas
(amygdala, hippocampus, dorsal hypothalamus and ventral hypothalamus) that are
involved in regulating OB. A series of different analyses were performed that
included model based association of gene expression with OB scores, gene coexpression and differential expression. In the association analyses, the identified
genes included those previously not known to be related to OB associated
processes as well as several genes expressed in mid-cycle that may have a function
in the proper expression of OB at the next oestrus. Expected genes known to be
involved in OB associated processes like socio-sexual behaviour (e.g. OXT, AVP,
GABRA6, HTR2A, DRD2), anxiety, stress and feeding motivation (e.g. POMC,
MCHR1, TTR) were found along with genes associated with nervous system related
processes (e.g. CHRM1, CHRM3, CHRNA5, CTLA4, IL1RL1, MARCO), suggesting a link
between neuronal plasticity and OB. In the co-expression analyses, biological terms
found common to several OB correlated consensus modules included general
cellular processes like oxidative phosphorylation, ribosome and biosynthetic
processes, indicating increased transcription and protein synthesis. These
processes are primary events in the activation of neuronal cells and pathways
involved in female reproductive behaviour and they precede the oestrogen driven
expansion of dendrites and synapses. Hub genes within the OB correlated modules
(e.g. NEFL, NDRG2, GAP43, THY1, TCF7L2 etc.) are strong candidates among genes
regulating OB expression. Further, we showed the phenomenon of chromosomal
regional regulation of transcription to exist in the bovine genome. To conclude, this
study has revealed important new aspects of the genomic regulation of OB in dairy
cows with the key findings presented within the framework of the GAPPS modules.
The new knowledge could be used to optimize fertility of dairy cows by aiding to
improve existing or to devise novel reproductive management tools like diagnostic
tools to determine the reproductive health, energy and fertility status of the cow,
oestrus detection tools and so on.
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General introduction

1 General introduction

1.1 Dairy cow fertility
Dairy farming is one of the basic agricultural based occupations providing direct
and indirect livelihoods to scores of people around the world. Milk, the main
product of dairy farming, is a highly valued and nutritious food source which is
either consumed as such or forms the raw material from which several dairy based
products are processed. Today, dairy processing is a high end industry, which along
with dairy farming, contributes considerably to the economy of several nations.
The European Union (EU) holds a dominant position in the world dairy market. The
dairy exports from the EU-25 amounted to 21 billion Euros in the year 2009, which
was over 70% of the total international trade in dairy products (Tacken et al.,
2009). To keep the dairy industry profitable is therefore important to the economy
of the EU as well as several major dairy producing nations in the world like India,
US, Canada, Australia and New Zealand.
The average milk yield potential of dairy cows worldwide has more than doubled in
major dairy breeds over the past half century thanks to breeding programmes that
intensively selected animals with a high breeding value for milk production traits.
During the last 25 years (1985-2010), average 305-day milk production of pedigree
Holstein-Friesian cows in the Netherlands has increased from 5765 kg to 8804 kg
(CRV, 2010). Starting at about the same period as that when rapid increases in milk
yield potential were being achieved, a declining trend was noticed for several
fertility traits in the dairy cow (Royal et al., 2000b, Roxstrom et al., 2001, Veerkamp
et al., 2003). This led to the belief that the two events were linked. It later became
evident that a negative genetic correlation exists between production traits and
fertility traits (Pryce and Veerkamp, 1999, Royal et al., 2000a, Roxstrom et al.,
2001, Berry et al., 2003). However, genetics only contributes to approximately half
of the progress in milk yield while the rest is attributed to improved environmental
factors like better nutrition, housing, health and management (Pryce and
Veerkamp, 2001).
Similar to milk production, the factors affecting fertility traits are multiple and
interacting. In addition to genetics, the declining trend in fertility traits is partly due
to the type of dairy management and production system followed and partly to
nutritional demands and physiological adaptations of the cow in response to high
milk production (Butler, 2000, Lucy, 2001, Butler, 2003, Lucy, 2003). Darwash et al.
(1997) broadly defined fertility in dairy cows as the accomplishment of pregnancy
at the desired time which encompasses “the inherent capacity of the cow to
establish ovarian function postpartum, to show overt oestrus, and to conceive and
maintain pregnancy when inseminated at the appropriate time”. Complementary
13
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to this, Royal et al. (2000a) defined subfertility as “any condition leading to a failure
to establish pregnancy following completion of uterine involution”. Here, involution
refers to the process by which the uterus returns to its normal pre-pregnant state
at 40–50 days after parturition. Reproductive success of the dairy cow is linked to
its body energy reserves (Roche, 2006), which may be compromised especially
during early and peak lactation periods. The metabolic responses in the cow to low
energy reserves involve signalling molecules and hormones which are central not
only to the somatotrophic axis that regulates the partitioning of energy/nutrients
but also to the hypothalamic-pituitary-ovarian axis that regulates reproductive
function (Chagas et al., 2007, Garnsworthy et al., 2008) (Figure 1.1).
It is encouraging to note that dairy breeding programmes in the Scandinavian
countries successfully managed to maintain fertility levels in dairy cows along with
significant increases in their milk yield potential (Philipsson and Lindhé, 2003, Pryce
et al., 2004). This success, in spite of the low heritability of fertility traits, typically
below 0.05 (Veerkamp and Beerda, 2007), and their negative correlation with
production traits, was achieved by means of breeding programmes employing
multi-trait selection indices that included both fertility and milk production traits
(Pryce et al., 2004). Similar breeding programmes initiated in other countries over
the past decade have successfully arrested and subsequently begun improving
fertility traits in dairy cows, although the rate of progress has been slow. Strategies
employing genomics techniques can help improve the rate of genetic progress by
allowing selection at an earlier stage, even as early as foetal life. Marker assisted
selection is applicable in commercial dairy breeding and is particularly useful for
traits that are difficult to measure, exhibit low heritability, and/or are expressed
late in development (Spelman and Garrick, 1997). The most abundant of these
markers, called SNPs (Single Nucleotide Polymorphisms), hold great promise to
improve breeding strategies especially with the recent advances in genomic
selection (Hayes et al., 2009). Although marker based selection techniques do not
require information on the actual genes that regulate the trait under selection, it
would be advantageous to know what these genes are and their functions in order
to understand how the trait is regulated. Research directed at understanding the
regulation of fertility traits could lead to the development of better management
practices and tools to optimize fertility of dairy herds (Veerkamp and Beerda, 2007,
Beerda et al., 2008), for example, by aiding development of diagnostic tools to
determine the reproductive health, energy and/or fertility status of the cow, or of
tools to detect oestrus and so on.
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1.2 Hormonal regulation of reproductive cycle in female
mammals
The hormonal regulation of the reproductive or oestrous cycle is well studied in
mammalian species and several hormone-driven mechanisms in the brain that
influence mammalian oestrous behaviour or female sexual behaviour are known
(Pfaff, 2005). Key hormones regulating the oestrous cycle in mammals are:
gonadotropin-releasing hormone (GnRH) produced in the hypothalamus; folliclestimulating hormone (FSH) and luteinizing hormone (LH) produced in the anterior
pituitary; oestrogen (E2) and progesterone (P4) produced in the ovaries; and
prostaglandin produced in the uterus (Downey, 1980). Some of these hormones
also influence the expression of oestrous behaviour by targeting specific brain
areas, directly or indirectly. For example, E2 dependent gene transcription in the
hypothalamus and midbrain establishes the neural circuitry required for lordosis
behaviour in female rats (Pfaff, 2005), which is characterised by a vertebral
dorsiflexion to permit mating and fertilization.
Organs other than the brain, including liver, adipose, and muscle, link reproduction
and metabolism through the production of several metabolites and hormones, with
the growth hormone (GH) being the principal coordinator of these activities (Lucy,
2003). GH stimulates these organs to release metabolites such as glucose and nonesterified fatty acids and also the pancreas and gut, to promote the release of

Figure 1.1 Interactions between regulatory mechanisms that control the hypothalamicpituitary-ovarian axis and the somatotropic axis (adapted from Chagas et al. (2007) and
Garnsworthy et al. (2008)). The negative (-ve) feedback by E2 and IGF-I on the release of
GnRH by the hypothalamus is indicated. The hormonal profiles for FSH, LH, E2 and P4 across
the oestrous cycle are also depicted.
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several hormones and metabolites like insulin, insulin-like growth factor 1 (IGF-I),
ghrelin, and leptin that signal back to the centres in the brain that control appetite
and reproduction (Lucy, 2003). Figure 1.1 represents the interaction between
regulatory mechanisms that control the hypothalamic-pituitary-ovarian axis and
the somatotropic axis thereby linking reproductive process with nutritional and
metabolic inputs (adapted from Chagas et al.(2007) and Garnsworthy et al.(2008)).
The oestrous cycle has two phases - follicular phase which ends with a surge
release of gonadotrophins (LH and FSH) from the anterior pituitary accompanied by
ovulation; and a luteal phase in which P4 is secreted from the corpus luteum. The
oestrous cycle is driven primarily by GnRH, which is secreted into the hypophyseal
portal system in a pulsatile fashion from the terminals of GnRH neurons originating
around the preoptic area and mediobasal hypothalamus at the base of the brain
(Garnsworthy et al., 2008). These neurons represent the final output component of
a neuronal network that integrates multiple environmental and internal factors to
regulate reproductive hormone secretion (Herbison, 1998). The secretion of GnRH
from the hypothalamus into the pituitary portal vessels is governed by two distinct
control mechanisms: the pulsatile and surge mode centres. The former, called the
GnRH pulse generator, plays a role as the master regulator of the reproductive
function and its activity is regulated by neuropeptides like neuropeptide Y,
cholecystokinin-octapeptide and melanocortins (Okamura and Ohkura, 2007).
Whereas FSH induces follicular development, both FSH and LH together stimulate
the production of hormones E2 and P4 in the ovary. The hormones E2 and P4, via a
negative feedback action on the hypothalamic-pituitary-ovarian axis, help maintain
low levels of FSH and LH through most of the oestrous cycle. However, towards
proestrus, the rising E2 levels have a positive feedback on LH secretion, resulting in
the LH surge that causes ovulation. This pre-ovulatory rise in E2 is responsible for
the hormonally based components of oestrous behaviour (Houpt, 2011). The role
of GnRH is to synchronize reproductive behaviour with the ovulatory surge of LH
(Mong and Pfaff, 2003). E2 is one of the principal determinants of GnRH neuron
functioning and, acting as a classic homeostatic feedback molecule between gonad
and brain, is critical in enabling GnRH neurons to exhibit fluctuating patterns of
biosynthetic and secretory activity (Herbison, 1998). Gore and Roberts (1995)
reported that an increase in GnRH primary transcript expression occurred early in
proestrus, and Petersen et al. (1996) found that this increased transcription was
initiated by an E2 dependent signal. GnRH neurons are also affected by signals from
neurotransmitters like glutamate that act via the N-methyl D-aspartate receptor
(NMDAR), which in itself is regulated by E2 (Gore, 2001).
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1.3 Oestrous behaviour
Female sexual behaviour or oestrous behaviour (OB) is an active process
comprising copulation as well as critical non-copulatory behaviours that precede
and facilitate mating. In many mammals, sexual behaviour only occurs at a specific
stage of a female’s oestrous cycle, in synchrony with the timing of ovulation.
Because of the temporal and adaptive links between female mating and ovulation,
it is not surprising that these two processes are usually regulated by the same
factors, E2 and P4 (Kauffman et al., 2010). In cows, during the period of oestrus
(phase of oestrous cycle when the female exhibits OB and is sexually receptive to
the male), the following behavioural signs are exhibited: flehmen, restlessness,
sniffing the vulva of another cow, resting with chin on the back of another cow,
mounting other cows and standing heat. Scoring based on observation of these
signs has been used as a way to detect and quantify the intensity of oestrus (van
Eerdenburg et al., 1996, Roelofs et al., 2005). The proper detection of oestrus is
important to ascertain the optimum time for insemination of the cow. Intensive
oestrus signalling relates to high reproductive performance (Garcia et al.).
However, the expression of OB has decreased both in duration and intensity over
generations of cows coinciding with the period in which rapid increases in milk
yield potential was achieved (Lopez et al., 2004). The duration of oestrus, defined
as the time between the first and last recorded standing event, has reduced from
an average of 14.9 h in Friesian cattle in 1976 (Esslemont and Bryant, 1976) to
about 7 h in the modern Holstein cows (Lopez et al., 2004). Short heat periods and
the absence of clear behavioural signs of heat make farmers fail to detect heat or
misjudge the optimum time of insemination of their cows, resulting in financial
losses due to reduced conception rates and increased calving intervals. Therefore,
better techniques to detect or improve the expression of OB can help improve
fertility in dairy cows.

1.4 Brain regions regulating oestrous behaviour
Underlying all socio-sexual behaviour is the fundamental arousal of brain and
behaviour (Pfaff, 2005). Studies in rodents show that female reproductive
behaviour in mammals centres on E2 actions in the hypothalamus (Pfaff, 2005)
with a significant role for the ventromedial hypothalamus (VMH) followed by
others like the arcuate nucleus, pre-optic area, paraventricular nucleus and
suprachiasmic area nuclei (Etgen, 1987, Richmond and Clemens, 1988,
Matuszewich et al., 2000, Richards et al., 2010). E2 was shown to up-regulate
expression of proteins implicated in stimulating neuronal plasticity and altering
signal transduction in the VMN in ovariectomized rats, which could be involved in
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priming female sexual behaviour (Mo et al., 2008). The brain regions used by E2 to
activate GnRH neurons are the antero-ventral periventricular nucleus in rats and
the mediobasal hypothalamus in mice, monkeys and ewes (Herbison, 1998). Based
on extensive literature review, Newman (1999) postulated the existence of a social
behaviour network that included six limbic system areas that are reciprocally
interconnected anatomically: lateral septum, medial preoptic area, anterior
hypothalamus, VMH, midbrain and central amygdaloid nuclei of the stria
terminalis. Limbic regions, such as the hippocampus and amygdala, that have
connections to the hypothalamic–pituitary–adrenal axis, may be targets for E2’s
effects on anxiety and depression (Walf and Frye, 2006) and have functions related
to sexual behaviour and associated emotional responses (Gallagher and Chiba,
1996, Salamon et al., 2005). The importance of the amygdala in regulating sexual
behaviour is conclusive from several studies. The medial nucleus of amygdala is
one of the major E2 concentrating sites in the brain (Stumpf, 1970) and has
direct input into the core of the VMH (Krettek and Price, 1977) thus suggesting that
it can influence lordosis by directly acting on the VMH. Metabolic conversion of P4
to 3α,5α-tetrahydroprogesterone, which is important for P4 facilitated sexual
receptivity of rats and hamsters takes place in the ventral tegmental area of the
brain (Frye and Vongher, 2001, Frye et al., 2008). Thus the limbic structures of the
brain along with the pituitary gland that forms part of the hypothalamic–pituitary–
ovarian axis are among the main centres that regulate OB.

1.5 Neuroendocrine and genomic regulation of oestrous
behaviour
A recent review (Boer et al., 2010) discusses the current knowledge on the
hormonal and genomic regulation of OB. Most of our current understanding of the
genomic regulation of OB comes from studies in rodents. E2 is among the most
important endocrine regulators of reproduction and are ligands for either E2
receptor alpha (ERα) or beta (ERβ). The molecular mechanisms by which E2 affects
the response of target tissues may be based on genomic or non-genomic actions.
Genomic actions of E2 are those wherein its binding to either of the ER isoforms
results in regulation of transcription of genes. In the central nervous system,
several genes are also regulated in this manner including certain norepinephrine
receptors to promote lordosis behaviour (Mong and Pfaff, 2004). Norepinephrine
signalling to VMH neurons presents one way for linking generalized arousal
pathways, through hormone sensitive signal transduction channels and ionic
currents, to hormone-sensitive reproductive behaviours (Lee and Pfaff, 2008). Pfaff
et al. (2008) provided an overview of genes whose transcript levels are affected by
18
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E2 acting in the hypothalamic or preoptic neurons through its receptors. These E2
responsive genes whose products foster female sex behaviours include GnRH and
its receptor (GnRHR), P4 receptor (PGR), adrenergic and muscarinic receptors,
oxytocin (OXT) and its receptor (OXTR), encephalin and opioid receptors and nitric
oxide synthase (Pfaff et al., 2008, Vasudevan and Pfaff, 2008). It was reported that
serotonin has a role in mediating hypothalamic control of sexual behaviour in E2primed ovariectomized rats and that LH-releasing hormone has opposing effects on
the control of lordosis behaviour (Foreman and Moss, 1978). Similarly, dopamine
has an inhibitory role in the control of sexual receptivity (Everitt and Fuxe, 1977).
Suppression of Prostaglandin D synthetase by E2 in the preoptic area may account
for increased generalized arousal and movement evident in E2-treated females
(Mong et al., 2003). Salamon et al. (2005) demonstrated that amygdalar regulation
of the female sexual cycle is mediated by E2 related signalling molecules which
exert their influences on ovulation and sexual behaviour via coupled nitric oxide
release.
The non-genomic actions of E2 are rapid effects, generally initiated at the plasma
membrane by the natural ligand, 17β-oestradiol, resulting in the activation of signal
transduction pathways within target cells (Vasudevan and Pfaff, 2008).
Reproductive behaviour in female rodents is dependent both on gene expression as
well as kinase activation and changes in neuronal excitability by E2, thus supporting
the hypothesis that rapid signalling cascades initiated at the membrane by E2 can
lead to changes in transcription from E2 response element-containing genes
(Vasudevan and Pfaff, 2008).
Based on information on gene inductions by E2 acting in the brain, effect on
downstream genes and their physiological routes of action, Mong and co-workers
(Mong et al., 2003, Mong and Pfaff, 2004) suggested a set of modules which help to
account for the causal relations between sex hormones and female mating
behaviours. These modules abbreviated as GAPPS are described below:
1. Growth (G) response, dependent on hormones E2 and P4 that allows for a
greater range of neuronal input and output connections for the hormonefacilitated, behaviour-directing hypothalamic neurons.
2. Amplification (A) of the E2 effect by P4, in part through the downstream genes
like ERα, ERβ, OXT and OXTR.
3. Preparation (P) of the female for mating behaviour through indirect behavioural
means – the reduction of anxiety and a partial analgesia effected through OXT and
OXTR as well as the genes for encephalin and its receptors.
4. Permission (P) phase which refers to the permissive actions by hypothalamic
neurons for the mating behaviour to occur. Here, neurotransmitter receptor
19

1 General introduction

induction by E2 permits the neural circuit for lordosis behaviour to be activated.
Key players here are the α1-adrenoceptor and muscarinic acetylcholine receptors
in the ventromedial nucleus (VMN) of the hypothalamus.
5. Synchronisation (S) of mating behaviour with ovulation. Here E2 inducts the
genes for GnRH, GnRH receptor and LH releasing hormone under positive feedback
to synchronize OB with the ovulatory surge of LH which in turn triggers ovulation.
Though the GAPPS modules were based on studies mainly in rodents, some of the
processes within these modules could very likely overlap with processes involved in
the regulation of OB in dairy cows. However, the extent of this overlap has not yet
been studied.

1.6 Gene expression and its regulation
The process of gene expression is universal to all living organisms and refers to all
steps involved in the creation of a functional gene product, either a protein via
messenger RNA (mRNA) or other functional RNA like ribosomal RNA, transfer RNA
or microRNA (miRNA). In eukaryotes, protein-coding gene expression begins with
gene transcription to produce a primary transcript called pre-mRNA, which is then
subjected to various post transcriptional modifications like 5’ capping, 3’ cleavage,
polyadenylation and splicing to create the mature mRNA. This mRNA is then
transported out of the nucleus to the cytoplasm where it is translated to protein.
The biosynthesis of proteins ends with post-translational modifications. The entire
process is complex and requires fine regulation at every step.
The best-studied level of gene regulation is at the DNA sequence level which
involves two types of elements: cis-acting and trans-acting elements. Promoters,
enhancers and silencers belong to the former whereas DNA-binding transcription
factors (TFs), cofactors, miRNAs, chromatin-remodelling systems and RNA
polymerases are part of the latter. The roles and mechanism of action of all these
gene regulatory factors are well-studied and therefore not reviewed here. The
most numerous of all regulatory factors are the trans-acting TFs and miRNAs. The
miRNAs are a recently discovered class of non-protein-coding transcripts about 1923 nucleotides long that act by binding to complementary sequences on target
mRNAs. Several reviews elaborate the similarities and differences between TFs and
miRNAs and their gene regulatory mechanisms (Chen and Rajewsky, 2007, Hobert,
2008). While TFs act at gene transcriptional level to positively or negatively
regulate transcription, miRNAs act at post-transcriptional level, acting mostly
through repression of the mRNAs (Pillai et al., 2007, Vasudevan et al., 2007).
Individual TFs and miRNAs can control several tens to hundreds of target genes and
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conversely, individual genes may be controlled by a combination of TFs and
miRNAs.
Other levels of gene regulation in addition to sequence level are at the chromatin
level and the nuclear level (van Driel et al., 2003). Gene regulation at the chromatin
level involves changes in chromatin structure that are controlled by factors such as
histone modification and DNA methylation. This level of regulation acts usually at
the level of gene clusters, allowing switches between different functional states.
Finally, gene regulation at the nuclear level involves the dynamic spatial
organization of the genome inside the nucleus. Evolutionary constraints have
shaped the genome organisation at all three levels to allow for efficient control of
gene expression (Castillo-Davis et al., 2002, Eisenberg and Levanon, 2003,
Vinogradov, 2004, Janga et al., 2008, Nie et al., 2010a, Nie et al., 2010b). A
manifestation of this is the finding that genes are also clustered on chromosomes
based on their activity. For example, it has been shown that there exist regions on
the chromosomes with highly expressed genes called RIDGEs (Regions of Increased
Gene Expression) and others with lowly expressed genes called anti-RIDGEs (Caron
et al., 2001, Versteeg et al., 2003, Gierman et al., 2007) compared to the average
expression level across the genome. Interestingly, certain genomic features
observed for RIDGEs were in striking contrast with those for anti-RIDGEs (Versteeg
et al., 2003). RIDGEs were found to be gene dense, GC rich and Short Interspersed
Element (SINE) repeat rich and mostly harboured genes with shorter than average
intron sizes. In contrast, anti-RIDGES showed low gene density, were AT rich and
Long Interspersed Element (LINE) repeat rich and had comparatively higher intron
sizes. Based on their findings, Versteeg et al. (2003) postulated that RIDGEs globally
govern the expression levels of their embedded genes and that this higher level
regulation of gene transcription was dependent on factors that act on
chromosomal domains like chromatin conformation and position in the nucleus.
The studies mentioned above have shown that the phenomenon of chromosomal
regional regulation of transcription occurs in several mammalian species and also
chicken. It is therefore likely to occur in bovines too, though not yet proven.

1.7 Gene expression measurement and analysis
Gene expression is the most fundamental level at which an organism’s genotype
dictates its phenotype. A measure of gene expression is thus quite valuable and
finds multiple applications in science and medicine. Technologies for gene
expression measurement have been evolving rapidly over the past decade with
conventional techniques like Northern blotting and Reverse transcription
polymerase chain reaction (RT-PCR) giving way to high throughput genome wide
21
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approaches like Serial analysis of gene expression (SAGE), DNA microarrays and
more recently Next-generation sequencing technologies like RNA-seq.
Conventionally, DNA microarray technology was used to identify differentially
expressed genes in cells/tissues/organs between groups of individuals belonging to
contrasting classes based on, for example, physiological stages, disease status,
stages in cell cycle and such qualitative attributes. However, when the trait of
interest is quantitative (e.g. OB), the grouping of individuals into qualitative classes,
ignoring the continuous scale, is indistinct and dilutes the available information. In
such cases, the association between gene expression and phenotypic trait is better
analysed using the individual quantitative measurements (Reiner-Benaim et al.,
2007). Recent studies on microarray gene expression data have successfully linked
genes to quantitative traits of interest by correlation, linear regression or complex
regression models (Blalock et al., 2004, Jia and Xu, 2005, Qu and Xu, 2006, Jia et al.,
2008). Microarray technology, though a genome-wide approach, can only measure
transcripts for which a probe has been designed for on the array. Further, the
probes need to be well annotated to genes for use in post analysis procedures like
gene ontology and pathway analysis. While interpreting the results of these post
analysis procedures, it is important to keep in mind that although useful, there is an
inherent bias to be expected in these procedures. This is due to the unbalanced
information available for gene functions. Since a lot of research has been done on
cancer and immunology, there is a lot known about gene functions related to
these. In comparison, not much is known about genes with functions related to the
nervous system and behaviour. The recent whole genome assemblies available for
several species including livestock have contributed to improved gene annotation.
This has greatly enhanced the value of microarray analysis because a lot more is
now known about genes for which probes have been designed on the microarrays.
For the domestic cow (Bos taurus), considered a model for ruminants, genome
assemblies were published by two different groups in April 2009: the Btau 4.0
assembly (Liu et al., 2009) and the UMD 2.0 assembly (Zimin et al., 2009). The
bovine genome contains about 2,87 Gbp, of which over 90% has been mapped to
29 autosomes and the X chromosome. The coverage for the bovine Y chromosome
is significantly lower and work in underway to improve this. Of an estimated 22,000
protein-coding genes on the bovine genome, a core set of 14,235 orthologs were
shown to be shared among 7 mammalian species (The Bovine Genome Sequencing
and Analysis Consortium et al., 2009). Thus, gene expression studies benefit from
comparative genomics where information on orthologous genes from a better
studied species is used in species which are less well studied.
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1.8 Outline of this thesis
Most of the current knowledge on genomic regulation of OB is based on research
done in rodents. Not much is known about genomic regulation of OB in dairy cows
and other farm animals. The major aim of this thesis was to improve the
understanding of genomic regulation of OB in dairy cows by studying gene
expression in the bovine anterior pituitary and four brain areas (amygdala,
hippocampus, dorsal hypothalamus and ventral hypothalamus) that are involved in
regulating OB. This knowledge will present new opportunities for managing the
trait of OB to improve fertility in dairy cows. The questions we addressed were:
which genes and which biological processes associated with variations in the
expression of OB in dairy cows and were likely to be involved in OB regulation. To
answer these questions, a large scale microarray experiment was designed and
performed, followed by a series of different analyses that included model based
association of gene expression with OB scores, gene co-expression and differential
expression. Genes thus found were subsequently studied in detail to identify
biological processes or pathways they are part of.
The experiment involved recording of OB in 28 healthy Holstein Friesian cows from
30 days in milk (DIM) onwards till their time of sacrifice which varied between 77
and 139 DIM. The OB was quantified as heat scores and the scores from multiple
consecutive cycles per cow were averaged to obtain the average heat score per
cow. Of the 28 cows, 14 were sacrificed at the start of their oestrous cycle (day0)
and 14 around mid-cycle (day12). Following sacrifice, tissue samples were collected
from the anterior pituitary and four brain areas (Figure 1.2).

Figure 1.2 Schematic diagram of bovine brain showing selected brain areas and anterior
pituitary.
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Total cytoplasmic RNA extracted from individual tissue samples were hybridized on
Bovine 24K oligonucleotide (70-mer) microarrays designed and produced by the
Bovine
Oligonucleotide
Microarray
Consortium
(BOMC),
USA
(http://www.bovineoligo.org/). A total of 280 arrays (i.e. 28 cows x 5 tissues
samples x 2 dye swaps) were prepared in a common reference design with the dye
labels swapped between individual samples from each tissue and a reference
sample consisting of equal proportions of pooled RNA from all tissues of all cows.
Microarray data pre-processing and analysis was done using the LIMMA (Linear
models for microarray data) package (Smyth, 2005) within Bioconductor project
(Gentleman et al., 2004) of R statistical programming language (http://www.rproject.org). Gene expression levels expressed as M-values (2 log differentialexpression ratio of sample versus reference) were thus obtained for each tissue per
cow. This data was used for all subsequent analyses described in the following
chapters.
In Chapter 2, we aimed to identify and study those genes that were associated with
OB among genes expressed in the bovine anterior pituitary either at the start of
oestrous cycle or at the mid-cycle, or regardless of the phase of cycle. Gene
expression was modelled as a function of the orthogonally transformed average
heat score values using a Bayesian hierarchical mixed model on data from day 0
cows alone, day 12 cows alone and the combined data from day 0 and day 12 cows.
A similar approach was followed for the analysis of the four bovine brain areas, the
findings of which are reported in Chapter 3. Our objective in Chapter 4 was to
identify genes and biological processes shared among the bovine anterior pituitary
and four brain areas that act together to regulate OB. For this, we investigated
networks of co-expressed genes between these tissues. In Chapter 5, we explored
the existence of chromosomal regional regulation of transcription in the bovine
genome and certain genomic features of genes within these regions and of the
tissue-specific and housekeeping genes. Finally in Chapter 6, I discuss the main
findings of all the previous chapters to arrive at a more complete picture of the
genomic regulation of OB in dairy cows. I end the discussion with remarks on the
steps needed to apply the new knowledge in practice to help optimize fertility in
dairy cows.
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Abstract
Intensive selection for high milk yield in dairy cows has raised production levels
substantially but at the cost of reduced fertility, which manifests in different ways
including reduced expression of oestrous behaviour. The genomic regulation of
oestrous behaviour in bovines remains largely unknown. Here, we aimed to identify
and study those genes that were associated with oestrous behaviour among genes
expressed in the bovine anterior pituitary either at the start of oestrous cycle or at
the mid-cycle (around day 12 of cycle), or regardless of the phase of cycle. Oestrous
behaviour was recorded in each of 28 primiparous cows from 30 days in milk
onwards till the day of their sacrifice (between 77 and 139 days in milk) and
quantified as heat scores. An average heat score value was calculated for each cow
from heat scores observed during consecutive oestrous cycles excluding the cycle
on the day of sacrifice. A microarray experiment was designed to measure gene
expression in the anterior pituitary of these cows, 14 of which were sacrificed at
the start of oestrous cycle (day 0) and 14 around day 12 of cycle (day 12). Gene
expression was modelled as a function of the orthogonally transformed average
heat score values using a Bayesian hierarchical mixed model on data from day 0
cows alone (analysis 1), day 12 cows alone (analysis 2) and the combined data from
day 0 and day 12 cows (analysis 3). Genes whose expression patterns showed
significant linear or non-linear relationships with average heat scores were
identified in all three analyses (177, 142 and 118 genes, respectively). Gene
ontology terms enriched among genes identified in analysis 1 revealed processes
associated with expression of oestrous behaviour whereas the terms enriched
among genes identified in analysis 2 and 3 were general processes which may
facilitate proper expression of oestrous behaviour at the subsequent oestrus.
Studying these genes will help to improve our understanding of the genomic
regulation of oestrous behaviour, ultimately leading to better management
strategies and tools to improve or monitor reproductive performance in bovines.
Key words: oestrous behaviour, gene expression pattern, quantitative trait,
anterior pituitary, dairy cow
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2.1 Introduction
Several decades of intensive selection for high milk yield in dairy cows has raised
production levels substantially, but at the cost of reduced fertility as the
unfavourable genetic correlation between milk yield and fertility traits used to be
ignored (Royal et al., 2000; Roxstrom et al., 2001). The expression of oestrous
behaviour (heat), a key fertility trait that marks the fertile period in cows, has
decreased both in duration and intensity over generations of cows selected for high
milk yield (Lopez et al., 2004). Short heat periods and the absence of clear
behavioural signs of heat make farmers fail to detect heat or misjudge the
optimum time of insemination of their cows, resulting in financial losses because of
prolonged interval from calving to first insemination, reduced conception rates and
increased calving intervals.
Some key hormones that regulate oestrous cycle in mammals are gonadotropinreleasing hormone (GnRH) produced in the hypothalamus; follicle-stimulating
hormone (FSH) and luteinizing hormone (LH) in the anterior pituitary; oestrogen
and progesterone in the ovaries; and prostaglandin in the uterus. These hormones
may influence the expression of oestrous behaviour by targeting specific brain
areas, directly or indirectly. For example, oestrogen dependent gene transcription
in the hypothalamus and midbrain establishes the neural circuitry required for
lordosis behaviour in female rats (Pfaff, 2005). The hormonal regulation of oestrous
cycle is well studied and several hormone-driven mechanisms in the brain that
influence the mammalian sexual behaviour are known (Pfaff, 2005), but specific
knowledge on the genomic regulation of oestrous behaviour in cows is lacking.
Understanding the genomic regulation of oestrous behaviour may help to develop
better management strategies and tools to improve or monitor reproductive
performance in bovines (Veerkamp and Beerda, 2007).
Conventionally, DNA microarray technology is used to identify differentially
expressed genes between groups of individuals belonging to contrasting classes of
a phenotypic trait of interest. However, when the trait of interest is quantitative
(e.g. oestrous behaviour quantified as heat score), the grouping of individuals into
qualitative classes, ignoring the continuous scale, is indistinct and dilutes the
available information. In such cases, the association between gene expression and
phenotypic trait is better analysed using the individual quantitative measurements
(Reiner-Benaim et al., 2007). Recent studies on microarray gene expression data
have successfully linked genes to quantitative traits of interest by correlation, linear
regression or complex regression models (Blalock et al., 2004; Jia and Xu, 2005; Qu
and Xu, 2006; Jia et al., 2008). Some of these models have the added advantage
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that they account for non-linear relationships between gene expression and
phenotypic trait that occur because of complex interactions among genes in
regulatory networks. The Bayesian hierarchical mixed model developed by Jia et al.
(2008) fits linear as well as nonlinear associations between gene expression
patterns and quantitative measures of a trait using orthogonal polynomials.
Here, the Bayesian hierarchical mixed model was used for the objective to identify
and study those genes that were associated with oestrous behaviour among genes
expressed in the bovine anterior pituitary, either at the start of oestrous cycle, or at
the mid-cycle (around day 12 of cycle), or regardless of the phase of cycle.

2.2 Material and Methods
Phenotypic data recording and tissue isolation
The current study is a part of an experiment which was originally set up to
investigate differential gene expression in brain tissue samples of Holstein Friesian
(HF) cows, which were either of a low or high genetic merit for fertility and which
belonged to two different stages of oestrous cycle. However, here we focus on
identifying genes whose expression profiles were associated with oestrous
behaviour at the start or mid of oestrous cycle, or regardless of the phase. The
associated gene lists thus identified were compared for similarities or differences.
No tests were performed to identify genes that significantly differ in their level of
expression between the groups of animals in different phases.
Twenty-eight healthy HF heifers were selected for this study, of which 14 belonged
to a lower fertility group with estimated breeding values (EBVs) for fertility ranging
between 93 and 97 whereas the remaining 14 belonged to a higher fertility group
with values ranging between 101 and 103. The EBVs are expressed on a
standardised scale with 100 as the base value and with a standard deviation of 4
units for EBV with a reliability of 0.80. The base value of 100 corresponds to the
average EBV of black and white HF cows born in the year 2000. The EBV for fertility
was based on the traits: time to first insemination, percentage non-return within
56 days after first insemination and interval between calvings (NRS, 2009). The
EBVs for fertility of the selected heifers were calculated using the EBVs for fertility
of their sire (weighing factor 2) and their dam’s sire (weighing factor 1).
At least 4 weeks before their expected calving date, the experimental heifers were
moved to a free stall barn with slatted concrete floor at the Waiboerhoeve
research farm at Lelystad in the Netherlands and reared under identical conditions
of feeding and management. The age of the heifers at calving varied between 22
and 30 months, with calving dates in the period from September 2006 to December
2006. After calving, the cows were observed daily for the signs of oestrous
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expression during two observation periods of 30 min each: one in the morning
(after milking but before feeding) and one in the evening (after milking and
feeding). Cows were kept in one group of animals of similar age, which over time
ranged in size from 15 to 30 animals. At the start and end of the study, cows from
the main herd were added to the experimental group so as to maintain a group size
of at least 15 individuals. Oestrous behaviour was expressed as heat scores, with
specific behaviours being weighted according to the scoring protocol described by
Van Eerdenburg (2006): mucous vaginal discharge (three points), flehmen (three
points), restlessness (five points), being mounted but not standing (ten points),
sniffing the vulva of another cow (ten points), resting with chin on the back of
another cow (fifteen points), mounting other cows, or attempting to do so (thirtyfive points), mounting head side of other cows (forty-five points), standing heat
(hundred points). Heat scores per 30 min observation bouts were calculated by
adding up the recorded occurrence of each specific behaviour multiplied by its
weight as per the scoring protocol described above. However, the recording of the
occurrence of restlessness behaviour was limited to one per observation bout.
From 30 days in milk (DIM) onwards, milk progesterone levels were assessed twice
a week. Ovarian structure was evaluated by trans-rectal ultrasonography either
performed on alternate days or daily during the week preceding expected oestrus.
The time of oestrus was established on the basis of milk progesterone levels and
trans-rectal ultrasonography to help determine the right moment of euthanizing
cows and not miss those with possible silent heat. Cows in silent heat were
awarded a heat score of 0. Cows were assumed to be in oestrus when the
cumulative heat score from two consecutive observation periods exceeded 50
points. An average heat score value was calculated for each cow to quantify the
degree to which it expressed oestrous behaviour (i.e. as a trait) based on its heat
scores at oestrus observed during all consecutive oestrous cycles from 30 DIM
onwards, excluding the heat score at oestrus on the day of sacrifice. All cows were
euthanized in the period ranging between 77 and 139 DIM by intravenous injection
of 20 ml of T61. They were sacrificed in a stress-free, quick and standardised way,
between 8 and 11 am, in a room only a few metres away from their home section.
Fourteen of the 28 cows were euthanized at the start of their oestrous cycle
(hereafter indicated as day 0) and the remaining 14 were euthanized at mid-cycle
around day 12 (hereafter indicated as day 12) when milk progesterone levels were
high. Each group of 14 cows that were euthanized at a particular time point
consisted of seven cows with high and seven with low-genetic merit for fertility.
Within an hour of death, tissue samples from the anterior pituitary and brain areas,
that is the hippocampus, amygdala, dorsal and ventral hypothalamus, were
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collected, snap-frozen in liquid nitrogen and stored at −70°C until the RNA isolation
was made.
The study was approved by the Animal Care and Ethics Committee of the Animal
Sciences Group of Wageningen University and Research Centre, Lelystad.
RNA isolation and microarray hybridisation
The procedure used for RNA isolation from all the separate brain samples collected
was similar to that described by Niewold et al. (2007) but without the sodium
citrate/NaCl precipitation step. Bovine 24K oligonucleotide (70-mer) microarrays
designed and produced by the Bovine Oligonucleotide Microarray Consortium
(BOMC) (http://www.bovineoligo.org/) were used. A total of 56 arrays were
prepared in a common reference design with the dye labels swapped between
individual anterior pituitary samples and a reference sample consisting of equal
proportions of RNA from the anterior pituitary, hippocampus, amygdala, dorsal
hypothalamus and ventral hypothalamus of all 28 cows. Exactly 5 μg of RNA was
used per labelling using the RNA MICROMAX TSA™ labelling and detection kit
(Perkin-Elmer, Boston, MA, USA). Following hybridization, cover slips were
removed after allowing a 5 min delay at room temperature followed by three
washings of 15 min each in: 2 × SSC (saline sodium citrate) + 0.2% SDS (at 42°C), 2 ×
SSC (room temperature) and 0.2 × SSC (room temperature). The rest of the
protocol conformed to that described by Niewold et al. (2007). Part of the
processed slides were scanned using ScanArray 5000 (Packard Biosciences,
Billerica, MA, USA), part using ScanArray Express (Perkin-Elmer, Boston, MA, USA)
and the remaining using GenePix 4200A (Molecular Devices, Sunnyvale, CA, USA),
with identical settings. Image processing was performed using GenePix Pro 6
software. All processed images were visually inspected for proper data recording
and any bad spots that remained undetected by the software were manually
flagged.
Pre-processing of microarray data
LIMMA (linear models for microarray data) package (Smyth, 2005) within
Bioconductor project (Gentleman et al., 2004) of R statistical programming
language (http://www.r-project.org/) was used for pre-processing the microarray
data including microarray data quality checking. The quality of the array data was
checked by means of several data visualisation plots such as image plots, MA-plots,
density plots and box plots. The image plots of the background intensities for the
two dyes showed that the background was inconsistent within and between arrays.
Background correction was therefore required and was performed using the
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‘normexp + offset’ method (Ritchie et al., 2007) available in LIMMA. This method
always produces positive corrected values so that no spot information is lost. In
addition, an offset of 50 was used to stabilise the variability of the log-ratios (Mvalues) as a function of intensity. Within array normalisation was performed using
print tip loess method, which is a good method to correct for spatial effects and
intensity dependent biases. To make the arrays comparable, between arrays
normalisation was performed using quantile method, which equalizes the intensity
distribution across all arrays. A comparison of the MA-plots and box plots on data
before and after normalisation showed that the normalisation procedure followed
had corrected intensity dependent biases and made the ranges of intensity
distributions comparable across arrays. On the basis of observations of the abovementioned plots, we concluded that the microarray data quality was good and that
the background correction and array normalisation procedures followed were
adequate. The M-values per probe of the dye-swap pairs for each individual were
averaged (after reversing the sign of M-value for one of the dye channels) to obtain
the gene expression data. As the gene expression data was generated using a two
colour common reference design microarray experiment, the gene expression
levels in the anterior pituitary were assessed relative to expression levels in
reference tissue consisting of samples from the anterior pituitary and four brain
areas as obtained during two phases of the oestrous cycle. This means that genes
with negative M-values were lower expressed in the anterior pituitary than in the
common reference while genes with positive M-values were higher expressed in
the anterior pituitary than in the common reference.
Associating heat scores with gene expression data
The Bayesian hierarchical mixed model developed by Jia et al. (2008) was used to
associate quantitative phenotypes to expressed genes using orthogonal
polynomials. In this model, the expression level of gene i (Y i ) across N subjects, as a
function of the phenotypic value of a quantitative trait, Z, is given by:

Yi(Z ) = α i + β i ( Z ) + ε i
where

α i is the gene specific intercept for gene i, β i

(Z) is an arbitrary function

describing the relationship between the gene expression of gene i and the
phenotypic values and ε i is the random error term with assumed normal
2
distribution, N(0, σ ε ). Using orthogonal polynomials to describe the functional
relationships between the model parameters and Z, followed by a linear
contrasting scheme to remove the mean expression (μ) of each gene (Qu and Xu,
2006), the model becomes:
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p

y i = Yi (Z) − µ = ∑ X j β ij + ε i
j =1

where p is the order of the orthogonal polynomial (j) and X is an Nxp matrix
denoting Z after transformation to its orthogonal polynomials. In the mixed model,
the gene specific regression coefficient (β ij ) is assumed to be sampled from a
mixture of two normal distributions: one with a very small variance, N(0,∂) and one
2
2
−4
with a larger variance, N(0,σ j ),where ∂ = 10 (a small positive number) and σ j is
th
an unknown variance assigned to the j polynomial. This approach used by Jia et al.
(2008) is based on a procedure called stochastic search variable selection
developed by George and McCulloch (1993). The variable η ij = {0,1} is used to
indicate whether β ij is sampled from the distribution with the small variance in
which case β ij is approximating 0 or whether β ij is sampled from the distribution
with the large variance, in which case β ij will have a non-trivial value and should be
2
2
estimated from the data. Both variance components, σ j and σ ε are estimated by
borrowing information across all genes. Using the Markov Chain Monte Carlo
th
simulation, the association status of gene i with the j polynomial is determined
based on the posterior mean of η ij . According to this association status, genes are
p
clustered in 2 clusters. More details can be found in Jia et al. (2008).
For the current study, we used the above mentioned algorithm of Jia et al. (2008)
coded in SAS® language, kindly provided by the authors. Average heat score was
selected as the quantitative phenotype to associate with gene expression, as it was
the most representative for the trait oestrous behaviour. This was determined in a
principal component analysis where oestrous behaviour related parameters as
collected over time were correlated, with heat scores showing the strongest
loadings (B. Beerda, unpublished results). The interpretation of the results obtained
in the association methodology used in this study differs from that for differential
gene expression analysis in LIMMA where contrasting groups of individuals are
compared against each other for significant differences in gene expression levels
without considering its association with a quantitative trait.
The clustering program was run on SAS® software, Version 9.1 of the SAS® System
for Windows. Gene expression was modelled as a function of average heat score
transformed into third order polynomials, thereby clustering genes into eight
binary based categories. The categories were represented as 000, 100, 010, 001,
110, 101, 011 and 111. Genes with no association in all three orders of the
polynomial belong to cluster 000, those with a linear association alone belong to
cluster 100, those with a linear and quadratic association belong to cluster 110 and
so on. The algorithm was run for 10,000 iterations with a burn-in period of 5000
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Table 2.1 Description of the three analyses and their objectives.
Analysis

Data

Objective

1

Gene expression data of
day 0 cows and their
average heat scores from
previous cycles

To identify genes of which the expression in
the bovine anterior pituitary at the start of
oestrus was associated with oestrous
behaviour

2

Gene expression data of
day 12 cows and their
average heat scores from
previous cycles

To identify genes of which the expression in
the bovine anterior pituitary around mid-cycle
(dioestrus) was associated with oestrous
behaviour

3

Gene expression data of
day 0 and day 12 cows and
their average heat scores
from previous cycles

To identify genes of which the expression in
the bovine anterior pituitary was associated
with oestrous behaviour regardless of the
phase of oestrous cycle

iterations. Trace plots of the estimated residual variance in consecutive iterations
showed that the parameter stabilised within a narrow range at approximately 3000
iterations and therefore the selected burn-in period of 5000 iterations was
sufficient. After the burn-in period, results of one iteration in 20 were saved,
resulting in 250 samples used for calculating posterior means of each variable. The
cut-off value for

η ij

for cluster assignment was set at 0.8 to limit the false

discovery rate (FDR) of cluster assignment below 1% (Jia and Xu, 2007).
The clustering program was run in three separate analyses (Table 2.1). To identify
genes of which the expression in the bovine anterior pituitary at the start of
oestrus was associated with oestrous behaviour (objective 1), we analysed gene
expression data of day 0 cows and their average heat scores (analysis 1). Similarly,
to identify genes of which the expression in the bovine anterior pituitary around
mid-cycle (dioestrus) was associated with oestrous behaviour (objective 2), we
analysed gene expression data of day 12 cows and their average heat scores
(analysis 2). Finally, to identify genes of which the expression in the bovine anterior
pituitary at the start of oestrus and at around mid-cycle was associated with
oestrous behaviour, that is regardless of the phase of oestrous cycle (objective 3),
we analysed together, the gene expression data of day 0 and day 12 cows and their
average heat scores (analysis 3).
Gene ontology (GO) based analysis of oestrous behaviour associated genes
For gaining insight into biological processes underlying associations between gene
expression profiles and oestrous behaviour as identified by the described clustering
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program, we performed statistical analysis for over-representation of GO terms in
sets of oestrous behaviour associated genes (study sets) in the three analyses
compared to the set of all genes represented on the array (population set). The GO
term over-representation analysis was performed using the Ontologizer (Bauer et
al., 2008), a web based software package, with the parent–child intersection
method developed by Grossmann et al. (2007) that addresses the problem of
dependencies between annotation of parent and child terms in the GO hierarchy.
The Ontologizer software uses a modified Fisher’s exact test to calculate the
statistical significance of over-represented GO terms. In addition to the study sets
and the population set, the Ontologizer software required as input, the OBO (Open
Biomedical Ontologies) file and the GO association file, both of which were
available for download from the website of the GO project
(http://www.geneontology.org/). The OBO file consists of GO terms, their
definition and structure, whereas the GO association file maps gene products
(protein, gene and transcript, etc.) to GO terms. Here, the OBO and GO association
files downloaded on 22 July 2008 were used. The microarray probe annotation file
provided by the BOMC (http://www.bovineoligo.org/) for the bovine
oligonucleotide array provides the Ensembl ID (http://www.ensembl.org/) of the
best matching human homologous protein for 16,464 probes in the array. As
human genes are better annotated than bovine genes, it was decided to use the
human homologous protein information for the GO-based analysis. The human
homologous protein Ensembl IDs were converted to the corresponding UniProt ID
(http://www.uniprot.org/) wherever possible using the ‘g:Convert’ module of the
web-based tool ‘g:Profiler’ (Reimand et al., 2007) as the majority of the GO terms
in the GO association file were mapped to UniProt IDs followed by Ensembl and
NCBI RefSeq IDs (http://www.ncbi.nlm.nih.gov/RefSeq/). After filtering out genes in
the population set without any GO term associations, 7635 genes remained. The
GO analysis was performed separately on the list of genes from each associated
cluster in each analysis and also with the combined list of genes from all associated
clusters per analysis because associated genes from different clusters could be
involved in common biological processes. To reduce the stringency of FDR control
on the small number of genes having GO annotation and thereby observe general
trends in the data, the adjusted P-value cut-off of correction for multiple testing by
Benjamini-Hochberg method was relaxed to 0.35 while still considering only GO
terms with ordinary P-value below 0.01 as significant.
Further, the GO analysis was re-performed by defining a smaller refined set of
genes as the population set. The refined set included only genes that were
expressed in the anterior pituitary with variability across samples and excluded
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genes, which were either not expressed or whose expression remained fairly
constant across all samples. To determine this refined population set, we filtered
out genes whose expression values had an inter-quartile range less than 0.5 across
all the array samples, leaving a total of 9608 genes. After filtering out genes in this
set without any GO term associations, 2461 genes remained.

2.3 Results
The trait of expressing oestrous behaviour was quantified as a cow’s average heat
score. Data from one of the day 0 cows was excluded from further analysis because
of its high outlier heat score (1750). The average heat scores for the remaining 13
day 0 cows ranged from 0 to 405, with a mean value of 178.4 (standard deviation
125.7), and the average heat scores for the 14 day 12 cows ranged from 2 to 505,
with a mean value of 244.7 (standard deviation 175.4). These scores were used
with the corresponding gene expression data to run the three analyses as already
described. The total number of heat score associated genes found per cluster in
each analysis is provided in Table 2.2, including the number of genes for which
UniProt/Ensembl annotated gene product information was available. All three
analyses showed that over 99% of the genes had no association with heat scores.
Genes that were associated with heat scores typically showed linear, quadratic or
cubic relationships and only a few showed combinations of these relations. The
combined numbers of associated genes in all clusters in the three analyses were
177, 142 and 118, respectively. Figure 2.1 presents a Venn diagram showing the
Table 2.2 Association status of gene expression patterns to average heat score in the three
analyses.
Cluster

Association status

No. of genes in cluster (no. of genes with
UniProt/Ensembl annotated gene product)
Analysis 1

Analysis 2

Analysis 3

1 (000)

No association

23319

23354

23378

2 (100)

Linear

45 (35)

65(48)

23(18)

3 (010)

Quadratic

85 (60)

25(16)

10(4)

4 (001)

Cubic

37 (33)

35(21)

76(57)

5 (110)

Linear + Quadratic

2 (2)

3(3)

1(1)

6 (101)

Linear + Cubic

1 (0)

12(11)

6(6)

7 (011)

Quadratic + Cubic

7 (6)

1(1)

1(1)

8 (111)

Linear + Quadratic + Cubic

0 (0)

1(1)

1(1)

177 (135)

142(101)

118(88)

Combined clusters 2 to 8
(all associated genes)
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analysis 1 (177)

analysis 2 (142)

analysis 3 (118)
Figure 2.1 Venn diagram of number of genes identified as associated with heat score in the
three analyses.

number of oestrous behaviour associated genes found per analysis and their
overlap. The number of common genes that were associated with oestrous
behaviour across analyses was lower when comparing the results from analyses 1
and 2 than comparing those from 1 and 3 or 2 and 3. The difference in the sets of
genes identified in the three analyses indicates that the relationship between gene
expression profiles and oestrous behaviour depend on the phase of oestrous cycle.
Some of the genes/probes had limited or no annotation in the microarray probe
annotation file provided by BOMC, in which case, we reverted to the recent reannotation of the bovine microarray probes (Version 2, Ensembl 50: 11 September
2008) by the European Animal Disease Genomics Network of Excellence for Animal
Health and Food Safety (EADGENE) (http://www.eadgene.info). Supplementary
Table A (Additional file 1) provides a list of all oestrous behaviour associated genes
found in the three analyses along with their annotation from 2 sources – BOMC and
EADGENE.
Of the nine genes associated with oestrous behaviour in all three analyses,
interestingly, three genes were immunoglobulin related and one was folliclestimulating hormone beta (FSHB) subunit, a key hormone in the regulation of
oestrous cycle. Figure 2.2 shows the association of gene expression profile of FSHB
with heat score for the three analyses – a linear relationship in analysis 1, cubic in
analysis 2 and quadratic in analysis 3. Unfortunately, the association status of LH,
another key hormone in the regulation of oestrous cycle could not be ascertained
as probes for LH beta subunit were not present on the array. Several genes in the
list of heat score associated genes are known from literature to be related to
oestrous expression. These included prolactin (PRL) precursor, pituitary-specific
positive transcription factor 1 (PIT1) and melanin-concentrating hormone (MCH)
which associated with oestrous behaviour in analyses 1 and 2 separately but not in
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Figure 2.2 Association of gene expression profile of FSH (beta) gene with heat score in the
a
three analyses. Note difference in scale in Figure 2.2a.

analysis 3. Further, considering a few examples of associated genes with a nervous
system related function, Homo sapiens neurotrimin precursor (HNT), associated
with oestrous behaviour in analyses 1 and 3, neurokinin-B precursor (NKB) and
neurogenic differentiation factor 2 (NEUROD2) associated with oestrous behaviour
only in analysis 1.
The genes that showed associations with oestrous behaviour were further analysed
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based on their GO annotations provided by BOMC. The significant GO terms in the
clusters of heat score associated genes in analyses 1, 2 and 3 are given in Tables
2.3, 2.4 and 2.5, respectively. The study count and population count provided in the
tables correspond to the number of gene products annotated to the particular
over-represented GO term in the cluster being analysed and in the whole array,
respectively. It was noticed that certain GO terms enriched in the combined cluster
were different from the terms in the separate cluster analysis.
Considering only those GO terms that were supported by at least four genes,
significant terms within the GO category ‘biological processes’ for analysis 1 were:
‘behaviour’; ‘secretion’; ‘nervous system development’ and ‘antigen processing and
presentation’ and for analysis 2 was ‘multicellular organismal process’. Within the
GO category ‘molecular function’ the following terms resulted: from analysis 1 –
‘major histocompatibility complex (MHC) class I receptor activity’ and ‘identical
protein binding’; and from analysis 2 – ‘hormone activity’. Within the GO category
Table 2.3 Gene ontology (GO) terms over-represented in clusters of heat score associated
genes from analysis 1 (day0 cows) (adjusted P < 0.35).
GO ID

GO term

P - Adj. P - Study Population
GO
a
Count
category value value Count

Cluster 010 (quadratic)
GO:0032393

MHC class I receptor activity

M

< 0.001 0.212

2

5

GO:0007610

Behaviour

B

0.002 0.323

5

169

GO:0046903

Secretion

B

0.003 0.323

4

139

GO:0031225

Anchored to membrane

C

0.003 0.323

3

58

GO:0042802

Identical protein binding

M

0.004 0.323

4

239

GO:0048732

Gland development

B

0.004 0.323

2

24

GO:0046870

Cadmium ion binding

M

0.005 0.323

1

1

GO:0007399

Nervous system development

B

0.005 0.323

8

350

GO:0048154

S100 beta binding

M

0.006 0.323

1

2

GO:0031984

Organelle sub compartment

C

0.006 0.323

1

6

GO:0042995

Cell projection

C

0.007 0.329

4

181

GO:0045202

Synapse

C

0.008 0.337

3

91

Clusters 2 - 8 combined
GO:0032393

MHC class I receptor activity

M

< 0.001 < 0.001

4

5

GO:0042611

MHC protein complex

C

< 0.001 0.257

4

18

GO:0005576

Extracellular region
C
0.001 0.257 16
Antigen processing and
GO:0019882
B
0.001 0.257
4
presentation
a
B – Biological Process; M – Molecular Function; C – Cellular Component.
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Table 2.4 Gene ontology (GO) terms over-represented in clusters of heat score associated
genes from analysis 2 (day 12 cows) (adjusted P < 0.35).
GO ID

GO term

GO
P - Adj. P - Study Population
a
category value value Count
Count

Cluster 010 (quadratic)
Multicellular organismal
GO:0032501
process
GO:0005516 Calmodulin binding

M

0.003 0.324

2

94

GO:0016829

M

0.003 0.324

2

71

Cluster 001 (cubic)
Generation of precursor
GO:0006091
metabolites and energy
Cluster 101 (linear + cubic)

B

< 0.001 0.231

3

159

GO:0030276

M

0.001 0.111

1

6

Lyase activity

Clathrin binding

B

< 0.001 0.068

8

1496

Clusters 2 - 8 combined
GO:0005576

Extracellular region
C
< 0.001 < 0.001 19
Regulation of development,
GO:0040034
B
< 0.001 0.056
2
heterochronic
GO:0005179 Hormone activity
M
< 0.001 0.078
5
Multicellular organismal
GO:0032501
B
0.002 0.343 19
process
a
B – Biological Process; M – Molecular Function; C – Cellular Component.

743
3
42
1496

Table 2.5 Gene ontology (GO) terms over-represented in clusters of heat score associated
genes from analysis 3 (day 0 + day 12 cows) (adjusted P < 0.35).
GO ID

GO term

P - Adj. P - Study Population
GO
a
Count
category value value Count

Cluster 100 (linear)
GO:0001871

Pattern binding
Mesenchymal cell
GO:0010463
proliferation
Cluster 110 (linear + quadratic)

M

0.001 0.226

2

58

B

0.002 0.265

1

1

GO:0048511

B

0.006 0.279

1

37

a

Rhythmic process

B – Biological Process; M – Molecular Function; C – Cellular Component.

‘cellular component’, both analyses 1 and 2 generated the term ‘extracellular
region’ and analysis 1 produced in addition ‘cell projection’ and ‘MHC protein
complex’. Genes identified in analysis 3 did not have any significant enriched GO
term with at least four genes. The gene products in the over represented GO terms
are presented in Supplementary Tables B, C and D (Additional file 2) for analyses 1,
2 and 3, respectively.
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When the GO analysis was re-performed with a population set consisting of only
the genes expressed with a certain variability across samples, the top listed over
represented GO terms corresponded to those found in the earlier analysis but the
order of ranking of the terms based on P-values differed and the P-values were less
significant because of the smaller population size. However, to understand the
general trends in the biological processes enriched in the lists of heat score
associated genes, the choice of either population set did not matter in this case.

2.4 Discussion
Gene expression profiles in the anterior pituitary of dairy cows were associated
with oestrous behaviour by applying a Bayesian hierarchical mixed model based
method for clustering genes on the basis of their linear, quadratic or cubic relation
with a quantitative phenotype of interest, that is heat score. Genes in a regulatory
network may interact in complex ways (feedback mechanisms, cooperation or
competition between genes) to result in non-linear associations between gene
expression levels and phenotype. Therefore it is advantageous to use a model that
accounts for both linear and non-linear associations, for example, through
polynomial regression. In this study, we began the microarray data analysis with
pre-processing steps performed in LIMMA. However, for the association analysis,
we did not attempt to model polynomial regression in LIMMA but instead we chose
the SAS program developed by Jia et al. (2008) in which polynomial regression was
already implemented. Jia et al. (2008) reported that their method was a better and
faster algorithm to detect quantitative trait associated genes in comparison to
similar methods like the one described by Qu and Xu (2006) based on an
expectation-maximization (EM) algorithm. The increased speed is achieved by
logically fixing the number of clusters beforehand thereby obviating the need for
extra model evaluations for determining optimal cluster number as required in the
EM algorithm. In our study, we tested the association between gene expression
values and phenotypic trait measurements transformed in three orders of
orthogonal polynomials, and consequently, fixed the number of clusters to eight.
By running the three analyses, as defined earlier, we were able to detect several
genes associated with the expression of oestrous behaviour. Each analysis took less
than 6 h to complete on a normal desktop computer. Analyses were performed to
identify genes that were associated with heat score during different phases of the
oestrous cycle but not intended to identify genes differentially expressed between
these phases. Analysis 1 identified genes that may have a direct association with
the expression of oestrous behaviour whereas analysis 2 identified genes that may
be involved in facilitator processes that prepare the cow for later oestrous
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behaviour. Analysis 3 identified genes whose expression during both phases of the
cycle may be associated with the expression of oestrous behaviour. The increased
power gained by the greater number of data points in analysis 3 revealed
significant genes that did not show up in the other two analyses. The overlap in the
results from the three analyses indicate that certain genes that were directly
associated with the expression of oestrous behaviour at oestrus were also involved
in oestrous behaviour related processes at other phases in the cycle.
An alternative approach for doing three separate analyses would be to add nested
regressions to account for phase-specific associations in a single model. However,
we were not able to do so within the current framework of the SAS program as the
algorithm followed would not support the steps following the model fitting if we
altered the model by adding nested regressions. This could be taken up as a useful
feature to add to the existing algorithm in the future.
It is likely that some of the genes predicted by this program to be associated with
heat scores are false positives. To test the robustness of the algorithm used, we
performed multiple runs of the algorithm on data from analysis 1 as a test case.
The overlap between the original lists of associated genes reported here and the
three repeated test runs were 79%, 83% and 88%. This showed that the algorithm
was reasonably robust. In addition, we also did a leave-one-out analysis, although
we realise that this analysis would give drastic results given the size of the current
dataset. Nevertheless, even in the worst-case scenario using the smallest dataset
(analysis 1), the overlap varied from 44% to 76% depending on the position of the
data point removed. As expected, the differences were not only in the number of
associated genes found but also the pattern of association it was assigned to.
Owing to the small number of data points available, leaving out even one data
point was expected to result in a change in the pattern of the association and
thereby changes in the association status. Therefore, the relatively low number of
animals sampled in this study was a constraint on this methodology due to which,
especially the higher order relationships captured by, this method seemed to be in
some cases an artefact of the method and were less reliable. For datasets of the
size as in this study, it would be better to initially focus on the more reliably
predicted linearly associated genes and then carefully consider genes that are
associated with higher order relationships. The results may be checked for genes
already known from literature to be involved in regulating oestrous. Further, rather
than focusing on individual genes found associated by this method, it would be
more reliable to focus on those genes that were together involved in certain
biological processes as detected in the GO term enrichment analyses.
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Known oestrus regulating genes and new candidate genes associated with
oestrous behaviour
On the basis of annotation of the list of genes identified to be associated to
oestrous behaviour (Supplementary Table A in Additional file 1), the list included
genes that encoded for hormones, transcription factors, signalling molecules or
other gene products. Some of these genes could be identified to have a function
related to oestrous regulation and/or behaviour, examples of which are discussed
below.
Among the key hormones known to regulate the oestrous cycle, probes for GnRH
and LH were, unfortunately, not represented on the DNA microarray while the beta
subunit of FSH was. FSHB was found to be associated with heat score either linearly
or non-linearly in all the three analyses (Figure 2.2). Transient rises in FSH drive the
emergence and growth of small antral follicles, with FSH concentrations reaching
peak values around 28 h after the onset of a new oestrous cycle (Mihm and Austin,
2002). Relatively high expression levels of the FSHB gene may mirror a general
good functioning of pituitary gonadotropes, promoting gonadotropin-induced
steroidogenesis by ovarian follicles with the resulting oestrogens facilitating
oestrous behaviour (Pfaff, 2005). PRL was associated with the oestrous behaviour
in analysis 1. PRL, usually associated with lactation, is a multifunctional hormone
that has been reported to have a negative effect on sexual arousal (Bancroft, 2005).
Oestrous behaviour may, therefore, be enhanced at lower PRL level. The findings
indicate, to some degree, the opposite functioning of biological processes
underlying lactation and reproduction. Some of the genes that were found to be
associated with oestrous behaviour have known functions related to behaviour or
nervous development, making them likely candidates regulating the oestrous
behaviour expression. These include HNT and synapsin-2 as found in analyses 1 and
3; neurexophilin-2, PIT1 and MCH in analyses 1 and 2; tachykinin-3 precursor
(containing NKB and neuromedin-K), NEUROD2 and early growth response protein
1 (EGR1) found in analysis 1. EGR1 regulates LH (beta subunit) gene expression in
the pituitary gland (Lee et al., 1996). Relatively high LH activity, like that of FSH,
may reflect appropriate functioning of pituitary gonadotropes and responsiveness
to the oestrogens that synchronise oestrous behaviour and LH surge-induced
ovulation. Similarly, PIT1 may be an important regulator of oestrous behaviour due
to its function as a transcription factor that activates expression of growth
hormone and PRL genes. MCH is a neuropeptide whose administration in female
rats stimulates sexual behaviour (Gonzalez et al., 1996) and proestrus FSH and LH
releases, which resembles the effect produced by GnRH (Chiocchio et al., 2001).
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Possibly, it plays a similar role in regulating bovine oestrous behaviour. The
predominant expression site for MCH is not the pituitary but the hypothalamus,
hence the relatively negative expression values noticed for this gene in all cows at
both phases.
The gene product sodium/potassium-transporting ATPase subunit alpha-3
(ATP1A3) was found to be heat score associated in analysis 1. ATP1A3 has been
implicated in rapid-onset dystonia parkinsonism, characterised by sudden onset of
neurological symptoms over hours to a few days (de Carvalho Aguiar et al., 2004),
suggesting a role in the sudden onset of behavioural changes like during oestrus.
Several genes annotated to have immunological function were found to be
associated with oestrous behaviour in all three analyses. Genes with immunological
function were also identified in a related study by Beerda et al. (2008) on the same
experimental cows as in this study but using tissue from the ventral tegmental area
of the brain. In their study, an analysis using LIMMA for differential gene expression
between groups of day 0 and day 12 cows demonstrated up-regulation of multiple
immunoglobulin superfamily proteins in day 0 cows. Immunoglobulin superfamily
proteins may play important roles in brain developmental processes and the
functioning of neuronal networks in adults because they provide the ideal structure
for protein–protein interactions and, thus, cell-cell interactions (Rougon and
Hobert, 2003). Immunoglobulins may facilitate remodelling of synaptic networks,
which occurs during oestrogen promoted female sexual behaviour (Pfaff, 2005).
The genes discussed above can be linked to oestrous behaviour on the basis of
earlier reports on the functioning of their products, which identifies them as
candidates for regulating oestrous behaviour in dairy cows. The heat score
associated genes found in the different analyses may help us to postulate
hypotheses on the genomic regulation of oestrous behaviour. There were several
oestrous behaviour associated genes that are not currently annotated or whose
function in the brain is still unknown and these genes may be of particular interest
to target in future research.
Biological processes associated with oestrous behaviour
Gene ontology analysis of genes found in the different clusters of the three
analyses revealed over-represented GO terms. The highest number of overrepresented GO terms was found in analysis 1, confirming that relationships
between gene expression profiles and oestrous behaviour are most strong around
the time of oestrus. As expected, the biological processes, ‘behaviour’, ‘secretion’,
and ‘nervous system development’ emerged from analysis 1. Also, the GO term,
‘antigen processing and presentation’, enriched in analysis 1 was in line with
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expectations, given the role of immunoglobulins in remodelling of synaptic
networks, which occurs during oestrogen promoted female sexual behaviour. Some
of the over-represented GO terms, particularly in analyses 2 and 3, had no clear
relationship with oestrous behaviour or fertility, and may represent more general
processes that facilitate oestrous expression at a later phase. It would be
interesting to study further the genes associated with these processes for useful
new insights.
Some of the GO terms that emerged from the three analyses were supported by
only a few genes in the study set. In part, this resulted from the limited number of
genes for that GO term appearing on the whole array. For example, the term
‘cadmium ion binding’ in analysis 1 and ‘mesenchymal cell proliferation’ in analysis
3 have only one gene each in the study set and in the whole array associated to it.
The GO terms that are based upon only few genes need to be evaluated critically
regarding their importance in the regulation of oestrous behaviour, as it could be
that these terms appear enriched just by chance.

2.5 Conclusions
The Bayesian hierarchical mixed model based clustering method used in this study
was successful in detecting the oestrous behaviour associated genes based on the
pattern of the relationship of the expression values of these genes with the
quantitative phenotype i.e. heat score. Although most of the oestrous behaviour
associated genes and the biological processes they controlled were activated
around the time of oestrus, there were also genes expressed in mid-cycle that
associate with oestrous behaviour, indicating that these genes may play a role in
facilitating the next oestrus. Studying these genes and the processes they control
will help improve our understanding of the genomic regulation of oestrous
behaviour expression, ultimately leading to better management strategies or tools
to improve or monitor reproductive performance. The list of oestrous behaviour
associated genes identified may be useful for studying gene networks and also for
inferring possible functions for non-annotated genes. On the basis of success of this
method, a similar study may be repeated on other brain areas already sampled in
this experiment. The results could then be integrated to get an overall view of the
gene expression patterns of oestrous behaviour associated genes in different brain
areas and the likely genetic cross-talk between them and how they contribute to
the expression of oestrous behaviour.
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Abstract
Background
The decline noticed in several fertility traits of dairy cattle over the past few
decades is of major concern. Understanding of the genomic factors underlying
fertility, which could have potential applications to improve fertility, is very limited.
Here, we aimed to identify and study those genes that associated with a key
fertility trait namely estrous behavior, among genes expressed in four bovine brain
areas (hippocampus, amygdala, dorsal hypothalamus and ventral hypothalamus),
either at the start of estrous cycle, or at mid cycle, or regardless of the phase of
cycle.
Results
An average heat score was calculated for each of 28 primiparous cows in which
estrous behavior was recorded for at least two consecutive estrous cycles starting
from 30 days post-partum. Gene expression was then measured in brain tissue
samples collected from these cows, 14 of which were sacrificed at the start of
estrus and 14 around mid-cycle. For each brain area, gene expression was modeled
as a function of the orthogonally transformed average heat score values using a
Bayesian hierarchical mixed model. Genes whose expression patterns showed
significant linear or quadratic relationships with heat scores were identified. These
included genes expected to be related to estrous behavior as they influence states
like socio-sexual behavior, anxiety, stress and feeding motivation (OXT, AVP, POMC,
MCHR1), but also genes whose association with estrous behavior is novel and
warrants further investigation.
Conclusions
Several genes were identified whose expression levels in the bovine brain
associated with the level of expression of estrous behavior. The genes OXT and AVP
play major roles in regulating estrous behavior in dairy cows. Genes related to
neurotransmission and neuronal plasticity are also involved in estrous regulation,
with several genes and processes expressed in mid-cycle probably contributing to
proper expression of estrous behavior in the next estrus. Studying these genes and
the processes they control improves our understanding of the genomic regulation
of estrous behavior expression.
Key words: estrous behavior, gene expression pattern, quantitative trait, brain,
dairy cow
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3.1 Background
Maintaining good fertility and thereby optimum reproductive performance in dairy
cows is of great economic importance for the dairy industry. Knowledge on factors
influencing fertility is already being applied to improve or regulate fertility. For
example, the importance of limiting negative energy balance in early lactation cows
for proper reproductive performance is well recognized [1,2]. Insight into the
hormonal regulation of estrous cycle has found practical application to artificially
regulate the cycle in farm animals and to manage or treat fertility related problems.
However, current understanding of genomic factors underlying fertility is limited
and this obstructs the development of novel genomic tools and managemental
strategies for improving and optimizing reproductive performance, such as
biomarkers to monitor the fertility status of cows. Studying the genomic factors
underlying fertility may help to optimize nutritional or management systems that
improve reproductive performance [3] and also to explain the genetic basis for the
decline in several fertility traits of high producing dairy cows. Currently it is known
that this decline may be partly attributed to physiological adaptations by the cow
to high milk production [4].
Among the fertility traits, the expression of estrous behavior (heat), a key fertility
trait that marks the fertile period in cows, has decreased both in duration and
intensity over generations of cows selected for high milk yield [5]. Short heat
periods and the absence of clear behavioral signs of heat cause farmers to fail to
detect heat or to misjudge the optimum time of insemination of their cows,
resulting in financial losses due to prolonged interval from calving to first
insemination, reduced conception rates and increased calving intervals.
In an effort to understand the genomic regulation of estrous behavior expression in
dairy cows, a microarray experiment was set up to study gene expression levels in 4
different brain areas and the anterior pituitary of cows sacrificed at either the start
of estrus (day0 of estrous cycle) or at mid-cycle (day12). Differential gene
expression analysis between day0 and day12 cows for each of these tissues
revealed a limited number of significant genes in the anterior pituitary alone and
none in the brain areas (detailed results not reported here). When the trait of
interest is quantitative, as in this case (estrous behavior quantified as heat score),
the grouping of individuals into qualitative classes dilutes the available information.
Therefore, the association between gene expression and phenotypic trait may be
better analyzed using the individual quantitative measurements. Using this
approach in an earlier study, we identified a set of a few hundred probes out of
approximately 24,000 probes on a bovine microarray corresponding to genes
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whose level of expression in the anterior pituitary of experimental cows associated
with the degree to which the individual cows expressed estrous behavior [6].
Among these probes were genes encoding hormones like FSH and prolactin, whose
roles in estrous regulation are well-known. Further, biological processes relevant to
estrous behavior were over-represented in this set of genes. These results give
confidence in the association analysis methodology followed, though experimental
validation is needed to determine to what extent the associated genes regulate
estrous behavior. In addition to the anterior pituitary, it is likely that a number of
areas of the cow brain also have genes whose levels of expression associate with
the degree to which cows express estrous behavior. Studies in rodents have
revealed that estrogen dependent female reproductive behavior happens via wellorchestrated genomic responses in the forebrain with the hypothalamus playing a
major role [7,8]. Areas in the limbic region of the forebrain like the amygdala and
hippocampus were found to have functions related to sexual behavior and
associated emotional responses [9,10]. As yet, there have been no studies in cows
linking gene expression in the brain to estrous behavior. Identifying and studying
genes whose level of expression in different brain areas of cows associate with the
degree to which these cows express estrous behavior will help improve our
understanding of genomic factors underlying fertility.
The objective here is to identify and study those genes that associated with estrous
behavior, among genes expressed in four bovine brain areas (hippocampus,
amygdala, dorsal hypothalamus and ventral hypothalamus), either at the start of
estrous cycle, or at mid cycle, or regardless of the phase of cycle.

3.2 Results
The degree of estrous behavior expression was quantified as a cow's average heat
score using heat scores recorded from at least two consecutive cycles (Table 3.1).
The data from one of the day0 cows was excluded from further analysis because of
its high outlier value of 1750 for average heat score, which we attributed to that
cow's several consecutive attempts to mount other cows during one observation
period. The average heat scores for the remaining 13 day0 cows ranged from 0 to
405, with a mean value of 178.4 (SD 125.7), and the average heat scores for the 14
day12 cows ranged from 2 to 505, with a mean value of 244.7 (SD 175.4). The
average heat scores were used with the corresponding gene expression data to run
the three analyses per brain area as summarized in Table 3.2.
Additional file 1 lists the associated genes found in each analysis and describes the
pattern of association between gene expression and heat score for each of the
genes in the list. The patterns noticed were: linear (positive or negative slopes) or
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Table 3.1 Average heat scores of the experimental cows sacrificed at day0 or day12 of
estrous cycle.
day0 Cow Nr

Heat score

day12 Cow Nr

Heat score

d0_5006
d0_9284

0
37

d12_1528
d12_9303

2
4

d0_3739

43

d12_8860

5

d0_8855

53

d12_1773

75

d0_1194

137

d12_8873

157

d0_1821

175

d12_7724

198

d0_8870

191

d12_1520

257

d0_5507

200

d12_7942

275

d0_1786

206

d12_1607

318

d0_3472

246

d12_1822

368

d0_6487

248

d12_1638

383

d0_3747

378

d12_6956

404

d0_7008

405

d12_8857

475

d0_5125 *

1750

d12_2540

505

* Data from this cow was not used in the analysis due to outlier heat score value.
Table 3.2 Description of the three analyses and their objectives.
Analysis

Data

Objective

day0

Gene expression data from the
tested brain area of day0 cows
and their average heat scores

To identify genes of which the expression
in the tested brain area at the start of
estrus was associated with estrous
behavior

day12

Gene expression data from the
tested brain area of day12
cows and their average heat
scores

To identify genes of which the expression
in the tested brain area around mid-cycle
(diestrus) was associated with estrous
behavior

day0
+day12

Gene expression data from the
tested brain area of day0 and
day12 cows and their average
heat scores

To identify genes of which the expression
in the tested brain area was associated
with estrous behavior regardless of the
phase of estrous cycle

quadratic (positive/convex shaped or negative/concave shaped curves). The total
number of heat score associated probes found common to all 5 Gibbs sampling
chains per analysis in each brain area is provided in Figure 3.1. Additional file 2
depicts Venn diagrams that show the number of overlapping probes between
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Figure 3.1 Number of estrous behavior associated probes found in 4 brain areas
and anterior pituitary (AM-Amygdala; HC-Hippocampus; DH-Dorsal Hypothalamus;
VH-Ventral Hypothalamus; AP-Anterior Pituitary).
the different brain areas per analysis. The overlap was highest between the DH and
VH and then between the AM and HC. The figure 3.1 and the additional file 2
includes the results of the re-analysis on the AP as well, for which the number of
associated probes found for the three analyses (82, 63 and 23 for day0, day12 and
day0+day12 respectively) were now considerably lower than the numbers (177,
142 and 118 for day0, day12 and day0+day12 respectively) from the association
analysis with third order polynomials and one Gibbs sampling chain per analysis as
done earlier [6]. For the different brain areas, the percentage of associated probes
found common to all chains per analysis varied from 50-80%. For day0, a relatively
high number of heat score associated probes were detected for AM and AP (146
and 82 respectively) whereas for day12 this was true for VH (104). For DH, the
numbers were approximately equal at day0 and day12 (51 and 50 respectively).
Figure 3.2 provides the association patterns for three genes whose expression
values were found to be associated with heat score at day0. For AVP and MCHR1, a
linear trend was observed in HC and AM respectively whereas for OXT, a quadratic
trend was observed in DH.
Of the total 640 unique probes found associated with heat score in all analyses and
brain areas, 372 had gene annotations. Sets of genes associated with functional
categories which we group as: "transcription and regulation of gene expression",
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Figure 3.2 Association patterns of gene expression profile with heat scores for three estrous
behavior associated genes at day0.

"detection of and responses to stimuli" and "signaling pathways" each made up
about 15% of the genes that were identified. In the category "detection of and
responses to stimuli" we included the genes involved in neurotransmission through
encoding for neurotransmitters/hormones (OXT, POMC, AVP, CCK, CGA) or
neurotransmitter receptors (GABRA6, HTR2A, MCHR1, CHRM1, CHRM3, DRD2,
CHRNA5) and metabolizing enzymes (PTGDS, PTGIS, PTGR1, ACHE, SULT4A1). We
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Table 3.3 Significantly enriched Gene Ontology Biological Process terms in the estrous
behavior associated gene lists*
Gene Ontology Biological Process term

day0

day12

day0+day12

Behavior related terms
regulation of female receptivity; reproductive
behavior in a multicellular organism; female
mating behavior; maternal aggressive behavior;
maternal behavior; parental behavior
grooming behavior

HC

DH

HC

locomotory behavior

AP

+

behavior

AP

+

AP

+

HC

Neurotransmission and signaling related term
neurological system process
regulation of neurotransmitter levels

AP

transmission of nerve impulse

AP

regulation of synaptic transmission

DH

+

cell surface receptor linked signal transduction
cell-cell signaling

DH
HC

+

+
+

second-messenger-mediated signaling

VH

response to cAMP

DH

Wnt receptor signaling pathway

DH

phosphoinositide-mediated signaling

VH

Ion regulation related terms
ion transport
elevation of cytosolic calcium ion concentration
negative regulation of ion transmembrane
transporter activity
cytosolic calcium ion homeostasis

AP

+

DH
AM
AM

* Only terms with p < 0.10 and FDR < 0.20 are included. Terms typical of other organs (these
terms appeared here due to genes with different functions in different organs) have been
removed from this summary table. Where the term is supported by 5 or more genes in the
+
gene list, the corresponding brain area is followed by a sign whereas in cases where the
term is supported by only 2-4 genes, the sign is absent.

could also identify 5 more sets of genes, each consisting of between 5 to 10% of the
total genes. These included genes associated with: "transport and localization"
(positioning of a substance or cellular entity, like sorting nexin family member
genes), "transporter activity" (e.g. calcium channels and Na+/K+ transport),
"metabolism" (e.g. glucose and amino acid metabolism or steroidogenesis), "cell
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cycle" (here including processes linked to DNA folding and repair) and "multiorganism processes". In the last category we included immune system related
genes like CTLA4, IL1RL1, MARCO, FCRLA and IL33.
A detailed list of all significant enriched GO and KEGG pathway terms (p < 0.10)
found in the different brain areas and analyses is provided in Additional file 3. For
illustration, a summary of only those GO biological processes that cleared a FDR
cutoff of 20% is provided in Table 3.3. Several relevant processes related to
behavior, neurotransmission and signaling, and ion regulation were found
especially in day0. The presence of enriched processes related to behavior like
'grooming behavior', 'regulation of female receptivity' and 'female mating behavior'
within the associated genes found in HC indicates the key role of the genes AVP
and OXT that contribute to these processes. Terms related to neurotransmission
and signaling and the associated ion regulation terms too have biological
implications related to estrous behavior as evident from the discussion below on
some of the genes that contribute to these processes.

3.3 Discussion
Variation in the behavioral trait to express estrous behavior was found to be
associated with variation in the expression of genes in the cow's brain areas: DH,
VH, HC and AM and also the AP, an endocrine gland pivotal in synchronizing
estrous behavior with hormonal and ovarian events preceding ovulation. The
choice of these tissues for this study was based on their reported involvement in
regulating female sexual behavior. Although genes differ in their influence on
specific traits, it is tempting to consider the AM to be of relatively higher
importance for regulating estrous behavior as the largest number of associated
genes was found here at day0 and because AM is known for its central role in
regulating emotions. Key genes and biological processes as identified from the lists
of heat score associated genes are discussed next and linked to estrous behavioral
expression, though the links are not always as expected.
Genes and biological processes associated with estrous behavior in line with
expectations
An association with heat scores was detected for the CGA gene, which encodes for
the alpha subunit of glycoprotein hormones (FSH, LH, TSH), with associations being
time and brain area specific. It seems that cows with clear expression of estrous
behavior have relatively high expression of this gene in the hypothalamus around
mid-cycle and low expression around start of estrus.
The OXT gene was found associated in the HC and DH whereas the AVP gene was
found associated in the HC and AM. The known functional properties of these
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genes contributed to several enriched GO terms in the DAVID analysis, especially
those related to female mating behavior. Oxytocin is released within the brain
where it acts on specific oxytocin receptors to elicit effects like female sexual
receptivity, grooming behavior and partner bonding [11]. In the presence of
estrogen, oxytocin exerts an anxiolytic effect thereby favoring courtship and mating
[12,13]. Similar to oxytocin, AVP is associated with sexual behavior and bonding
[14] and its expression is under control of the steroids progesterone and estrogen
[15,16]. In mice, the absence of estrogen receptors (ERα and ERβ) impairs social
recognition similar to the effect of OXT gene deletion [17]. Studies with rodents
and humans [18] demonstrate that oxytocin and vasopressin modulate complex
socio-sexual behavior, typically under the influence of reproductive steroid
hormones. The present association of OXT and AVP in several brain areas is in line
with the above mentioned findings and suggests a major influence of these genes
on estrous behavior expression in dairy cows.
The genes CCK, POMC, MCHR1, GABRA6, HTR2A and DRD2, which associated with
heat score in at least one brain area, are known to modulate emotional states like
anxiety and satiety [19-21] or even sexual motivation. In sheep, dopaminemediated D2 receptor (DRD2) signaling in the mediobasal hypothalamus affects
female sexual motivation and receptivity [22]. Interactions between monoamines
(dopamine, serotonin, noradrenaline) and steroid hormones play a major role in
the integration of reproductive behavior and gonadal function [23]. The perception
and awareness of male-related cues differs with the stage of estrous cycle, with
releases of monoamines (linked to HTR2A and DRD2) and gamma-aminobutyric
acid (GABA) (linked to GABRA6) in the mediobasal hypothalamus being triggered by
such cues only when ewes are in estrus [24]. We found serotonin receptor 2A
(HTR2A) associated with heat score at day12 in VH. Studies in female rats and
hamsters have shown the inhibitory and facilitatory effects of serotonin receptor
agonists and antagonists on the hypothalamic regulation of sexual receptivity
[25,26], and this regulation is also mediated by GABAergic neurons interacting with
serotonin containing neurons [27].
Noteworthy, are the heat score associated genes (PTGDS, PTGIS, PTGFR) that
regulate prostaglandin functioning. In the central nervous system, prostaglandins
are involved in functions like thermoregulation and influencing neuronal
morphology. Prostaglandins are also known to be under the influence of estradiol
[28] and are capable of directly affecting neurons that synthesize and secrete
gonadotropin-releasing hormone [29].
Another heat score associated gene, TTR, a carrier of thyroid hormone, is known to
influence anxiety [30], behavioral activity [31] and mental functions [32]. The
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melanin-concentrating hormone receptor, MCHR1, plays a role in metabolic rate
and feed intake [33]. Changes in anxiety behavior and feeding motivation are likely
to facilitate mating.
The present association between heat scores and the expression of ACHE and
several cholinergic receptors (CHRM1, CHRM3 and CHRNA5) may be explained by
the effect of the neurotransmitter, acetylcholine on arousal, plasticity and reward.
The products of the muscarinic cholinergic receptor genes, CHRM1 and CHRM3, are
2+
G q -protein coupled receptors whose activation releases intracellular Ca via the
phospholipase C - inositol 1,4,5-trisphosphate signaling pathway [34]. The genes for
phospholipase C and inositol triphosphate kinase (PLCB2, ITPKA) and several
protein kinases were also found associated to heat score. These findings may be
explained based on the hypothesis put forward by Kow and Pfaff [35] that the
membrane actions of estrogen can modulate the genomic actions of estrogen and
that this transcriptional potentiation was mediated via signaling pathways requiring
2+
the activation of certain protein kinases and increased intracellular Ca .
Genes and biological processes unexpectedly associated with estrous behavior
The finding of expected processes related to estrus as described in the previous
section supports assumed neurophysiological mechanisms underlying female
sexual behavior in dairy cows. Here, examples are given of more novel candidate
genes and mechanisms. The TAC3 gene encodes the protein tachykinin (or
neurokinin B), which in humans has been considered a critical regulator of
gonadotropins (LH, FSH) via regulating GnRH secretion [36]. The present findings
encourage further investigation towards the importance of tachykinin associated
mechanisms in dairy cow fertility. Behavioral changes during estrus represent
changes in central perception and processing of information, i.e. cognition, and
some of the genes that associated with heat scores have been linked to cognition,
e.g. PEBP1, MOBP, LTA4H and KCNN2. PEBP1 has been suggested to be involved in
chronic stress-induced memory impairment [37], MOBP has been linked to mood
disorders [38], LTA4H to depression in women [39], and KCNN2 to anxiety and
stress responses [40].
The gene LIPN1 in mice seems to establish a cross-talk between reproduction and
metabolic events [41] and was here associated with heat scores. Also the POU1F1
gene, which encodes transcription factors involved in activation of growth
hormone and prolactin, was found associated with heat score in the AP on day0.
This gene may contribute in part to the generally observed reduction in estrous
behavior in high producing cows. The heat score associated gene GARNL1 is noted
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here because it has been linked to egg productivity in laying hens [42] and, thus,
may have a fertility related function.
A number of heat score associated genes have been linked to the immune system,
e.g. CTLA4, IL1RL1, MARCO, FCRLA, IL33, CCL26 and CXCL10, indicating the
importance of cell-cell interactions. It has been shown that immunoglobulin
superfamily proteins may play important roles in brain developmental processes
and the functioning of neuronal networks in adults because they provide the ideal
structure for protein-protein interactions and, thus, cell-cell interactions [43].
Remodeling of synaptic networks, which occurs during estrogen promoted female
sexual behavior [7], may also be facilitated by immunoglobulins. Together with the
many associated genes that are known to regulate cell fate, activity and
morphology, this seems to underline the importance of neural tissue plasticity in
the appropriate expression of estrous behavior.
The gene product Sodium/potassium-transporting ATPase subunit alpha-3
(ATP1A3), which was found to be associated to heat score at estrus in AP in our
earlier study was also found in VH. ATP1A3 has been implicated in rapid-onset
dystonia parkinsonism (RDP), characterized by sudden onset of neurological
symptoms over hours to a few days [44], suggesting a role in the sudden onset of
behavioral changes like during estrus.
Estrous behavior associated genes expressed at estrus and mid-cycle
Including data from both day0 and day12 cows in a combined analysis not only
revealed genes that were associated with estrous behavior regardless of phase of
cycle but also resulted in greater statistical power and helped reveal some
associated genes which could not be found in the separate analysis. For example,
DRD2 (dopamine receptor D2) gene has been found associated in DH. However,
care needs to be taken to interpret the results of the combined analysis where an
associated gene was also found in one or both of the separate analyses. There
could be cases where the day0+day12 combined analysis found an associated gene
because of the effect of a strong association found in one of the separate analyses.
An example of this case is HTR2A which did not associate with heat scores on day0,
2
2
but did on day12 (R = 0.27) and also weakly (R = 0.1) in the day0+day12 combined
analysis, probably as a carryover effect.
Interesting observations were also made by investigating associated genes that
appeared in several brain areas and analyses. For example, the gene SLC17A7
found in VH at day0 and in the combined analysis and also in the AP, is known to
mediate the uptake of glutamate into synaptic vesicles at presynaptic nerve
terminals of excitatory neural cells and may also mediate the transport of inorganic
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phosphate [45]. The gene could be a contributor to neurotransmission associated
with estrous behavior expression and was one of the genes contributing to several
ion transport related GO terms found enriched in the DAVID analysis. The gene
NKD1, found in several brain areas across all analyses, was seen to contribute to
several GO terms related to binding and signal transduction. It has been reported
to have a role as an antagonist of Wnt signaling pathway which may influence the
development of neurons in dorsal midbrain [46], suggesting again a link between
neuronal plasticity and estrous behavior. The gene ANO8, also found associated in
several brain areas and analyses, is a member of the anoctamin family which has
been implicated in calcium ion-activated chloride channels that perform several
important functions including neuronal excitability.

Figure 3.3 Schematic representation of key genes found associated with estrous behavior
and their relationship with estrus. Some of the key genes whose expressions in the brain
areas were found associated with estrous behavior are depicted here along with
mechanisms affected during estrus that are important for estrous behavior. GnRH released
from the DH stimulates release of FSH and LH from the AP which in turn influences the ovary
to release estrogen and progesterone (Hypothalamic-pituitary-gonadal axis). In the brain
areas, estrogen influences expression of OXT and AVP, which play major roles in the
regulation of sexual behavior. The neurotransmitter receptors, GABRA6, HTR2A and DRD2
affect sexual motivation, whereas CHRM1, CHRM3 and CHRNA5 along with “immune
related” genes like CTLA4, IL1RL1 and MARCO affect neuronal plasticity. The genes POMC,
MCHR1 and TTR are involved in altering anxiety, stress and feeding motivation.
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To summarize, several genes were found here whose expression levels in the brain
areas were associated with the degree to which cows express estrous behavior. For
some of these genes, there is a known function relating them to processes
regulating estrous behavior, while for others, the current association suggests such
a relation. We propose that the genes OXT and AVP play major roles in regulating
estrous behavior along with genes affecting neurotransmission and neuronal
plasticity. Genes, whose expression in mid-cycle associated with estrous behavior,
may contribute to preparing the cow for the next estrus. Figure 3.3 depicts the key
findings. This study may assist in the search for biomarkers for estrus detection or
in screening for the most likely genes within QTLs associated with fertility. Further
research with more animals sampled at multiple time points in the estrous cycle
may improve our understanding of the dynamic regulation of estrous behavior over
the cycle. Nevertheless, this first study provides an understanding of some of the
genes and processes related to expression of estrous behavior in dairy cows.

3.4 Conclusions
The study predicted estrous behavior associated genes in the 4 brain areas at two
time points of the estrous cycle. These included genes expected to be related to
estrous behavior as they influence states like socio-sexual behavior, anxiety, stress
and feeding motivation (OXT, AVP, POMC, MCHR1), but also genes whose
association with estrous behavior is novel and warrants further investigation.
Studying these genes and the processes they control improves our understanding
of the genomic regulation of estrous behavior expression, ultimately leading to
better management strategies or tools to improve or monitor reproductive
performance.

3.5 Methods
Data recording, sample isolation and microarray hybridization
Estrous behavior was recorded in 28 healthy Holstein Friesian cows from 30 days in
milk (DIM) onwards till their time of sacrifice which varied between 77 and 139
DIM. The estrous behavior recorded in these cows were quantified as heat scores
and the scores from multiple consecutive cycles per cow were averaged to obtain
the average heat score per cow [6]. Of the 28 cows, 14 were sacrificed at the start
of their estrous cycle (day0) and 14 around mid-cycle (day12). Following sacrifice,
brain tissue samples were collected from 4 brain areas: amygdala (AM),
hippocampus (HC), dorsal hypothalamus (DH) and ventral hypothalamus (VH).
Since the brain areas are not clearly demarcated, a standardized system was used
for positioning and dissecting the brain which ensured that the collected samples
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representing each brain area in all cows were identical. The procedure followed for
collecting brain samples is described in detail in Additional file 4. The study was
approved by the Animal Care and Ethics Committee of the Animal Sciences Group
of Wageningen University and Research Centre, Lelystad.
RNA extracted from brain tissue samples were hybridized on Bovine 24K
oligonucleotide (70-mer) microarrays designed and produced by the Bovine
Oligonucleotide
Microarray
Consortium
(BOMC),
USA
(http://www.bovineoligo.org/). This array was amongst the few whole genome
bovine spotted microarrays available at the time this experiment was performed in
the year 2007-08. The choice of microarray technology over RNA sequencing, which
was not a well-established technology then, was appropriate for fulfilling the
objectives of this study in a precise and cost effective manner. The procedures
followed for RNA preparation and microarray hybridization were as described in
our earlier study [6]. The purity of the total RNA was assessed using the A260/280
ratios given by NanoDrop spectrophotometer and found to have a ratio above 1.8
indicating good quality RNA. In addition, we also performed agarose gel
electrophoresis for a visual inspection of the RNA integrity. There was no indication
of degraded RNA as deduced from the intensities of the 28S and 18S bands. Based
on the combination of results of NanoDrop and gel electrophoresis, we were
satisfied with the quality of RNA extracted by our extraction procedure. Five μg
RNA was used per labelling using the RNA MICROMAX TSA labelling and detection
kit (Perkin-Elmer). A total of 224 arrays (i.e. 28 cows × 4 brain areas × 2 dye swaps)
were prepared in a common reference design with the dye labels swapped
between individual samples from each brain area and a reference sample
consisting of equal proportions of RNA from all four brain areas as well as AP of all
cows. Processed slides were scanned using GenePix 4200A (Molecular Devices),
with identical settings and the images processed using GenePix Pro 6 software
(Molecular Devices). Regarding microarray quality and validation, a recent reannotation of the probes in this array following the drafting of the bovine genome
ensured that only good quality probes were considered in further analysis (details
in the second following section). All array hybridizations and processing were done
in a standard lab with experienced personnel using a standard microarray platform.
Moreover, the experimental design used 14 biological replicates per time point
which is relatively large and sufficient for a sound statistical analysis and the use of
dye swap technical replication also improves the analysis. Given the above facts,
we believe that a PCR validation of the individual probes was not required, the
more so because we analysed clusters of genes instead of individual genes.
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The array experiment data is publicly accessible on ArrayExpress (accession: ETABM-916 on http://www.ebi.ac.uk/arrayexpress).
Microarray data analysis and identification of estrous behavior associated genes
Microarray data pre-processing and analysis was done using the LIMMA (Linear
models for microarray data) package [47] within Bioconductor project [48] of R
statistical programming language (http://www.r-project.org), identical to the
procedures described and used in our earlier study [6]. Gene expression levels
expressed as M-values (log differential-expression ratio of sample versus reference)
were thus obtained for each brain area per cow. For each gene, we then modeled
its expression level across all cows as a function of the cows' average heat score.
For this we used the Bayesian hierarchical mixed model developed by Jia et al. [49]
that employs orthogonal polynomials to quantify linear and non-linear associations
between quantitative phenotypes and gene expression data. We used the
algorithm of Jia et al. [49] coded in SAS® language which the authors kindly
provided. The program was run on SAS® software, Version 9.1 of the SAS® System
for Windows. Similar to the approach in our previous study on the AP [6], here we
used the SAS program for three separate analyses on data from each of the 4 brain
areas to achieve the objectives of this study (summarized in Table 3.2). However, in
contrast to the procedure followed in our earlier study, where gene expression was
modeled as a function of average heat score with third order polynomials, here we
used second order polynomials. The Bayesian hierarchical mixed model used here
remains the same as was explained in our earlier study [6]. However, we limited
our analyses to two orders, linear and quadratic, because the resulting
relationships for third order polynomials were observed to be less reliable
considering the low number of animals used in this study. For each gene, posterior
probabilities were obtained for the two regression coefficients to be different from
zero. Genes were considered to have a significant association when the posterior
probability of at least one of the regression coefficients was larger than 0.80,
thereby limiting the FDR to below 1% [50]. We performed the Gibbs sampling
chains multiple times (arbitrarily set to 5 chains with each chain running 10,000
iterations of which 5000 were burn-in) for each analysis of a particular brain area
and only those genes that appeared significant in all chains were considered in the
functional analysis (see next section). By doing so, we limited the variations due to
Gibbs sampling.
Functional analysis of estrous behavior associated genes
The original annotation of the bovine 24 K oligonucleotide microarray provided by
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BOMC dates back to June 2007. For our analysis, we used the bovine
oligonucleotide array probe re-annotation (Version 5) based on Ensembl
(http://www.ensembl.org) release 56 (October 2009) provided on the EADGENE
website by the authors of the oligo-set re-annotation pipeline, sigReannot [51]. For
the re-annotation, out of the 23,496 probes (all control probes removed) on the
bovine oligonucleotide array, only 16,620 probes that were assigned a quality score
between 1 and 4 based on their specificity to hits on the bovine genome were
considered. Probes with quality scores between 5 and 7 had either no hits or
multiple hits and were not annotated as they were not specific.
For gaining insight into biological processes underlying estrous behavior, we
performed functional analyses of the sets of estrous behavior associated genes
(study sets) identified in the 3 analyses for the 4 brain areas and the anterior
pituitary. To increase the accuracy of functional analysis, we used the re-annotated
probes information. The probe re-annotation also provides the Ensembl gene ID of
the orthologous human genes for 14,585 probes, which we used in the functional
analysis instead of bovine genes so as to benefit from the greater gene annotation
information available for human species.
Functional analysis was done using DAVID bioinformatics resources [52,53], a freely
available web-based tool (http://david.abcc.ncifcrf.gov/) that integrates biological
data from several sources including GO [54] and biological pathway databases. In
order to get an indication of the major processes over-represented among the
annotated probes (genes) in the study sets (all linear/quadratic associated genes in
each of the 3 analyses for the 4 brain areas), we interpreted the significance of the
DAVID results based on EASE score (p value derived from a modified Fisher's exact
test) [55] threshold set at 0.10. We did not consider multiple testing correction as it
was too conservative for our purpose of discovery of biological themes in our study
sets. Genes in the study sets were tested for enriched GO terms and KEGG [56]
pathway terms using DAVID functional annotation tool. The population set against
which the study set genes were tested consisted of the Ensembl IDs of the
orthologous human genes, of which 11,589 remained after removing duplicates.

Additional material
Additional file 1. Association patterns between gene expression and heat score of
estrous behavior associated genes identified in the four brain areas and anterior
pituitary.
http://www.biomedcentral.com/content/supplementary/1471-2164-12-200-s1.pdf
Additional file 2. Venn diagrams showing the number of overlapping probes
between the different brain areas per analysis.
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http://www.biomedcentral.com/content/supplementary/1471-2164-12-200-s2.pdf
The figures in brackets represent the total number of estrous behavior associated
probes found in each brain area per analysis. Here, AM - Amygdala; HC Hippocampus; DH - Dorsal Hypothalamus; VH - Ventral Hypothalamus; AP Anterior Pituitary.
Additional file 3. Significantly enriched Gene Ontology and KEGG pathway terms in
the estrous behavior associated gene lists.
http://www.biomedcentral.com/content/supplementary/1471-2164-12-200-s3.pdf
Table shows all terms with p < 0.10 and includes gene ontology terms in the 3
categories: Biological Process, Molecular function and Cellular component.
Additional file 4. Collection of brain samples and pituitary from the experimental
cows.
http://www.biomedcentral.com/content/supplementary/1471-2164-12-200-s4.pdf
Procedure followed for collection of anterior pituitary and brain samples:
amygdala, hippocampus, dorsal hypothalamus and ventral hypothalamus (with
pictures).
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Abstract
Background
The expression of EB, a key fertility trait in dairy cows, has been declining over the
past few decades both in intensity and duration. Knowledge of the genomic factors
underlying EB, which is currently lacking, may lead to novel applications to improve
fertility. Our objective was to identify genes and biological processes shared among
the bovine anterior pituitary (AP) and four brain areas that act together to regulate
EB by investigating networks of co-expressed genes between these tissues.
Results
We used a systems biology approach called Weighted gene co-expression network
analysis (WGCNA) for defining gene co-expression networks using gene expression
data from the following tissues collected from 14 cows at estrus: AP, dorsal
hypothalamus (DH), ventral hypothalamus (VH), amygdala (AM) and hippocampus
(HC). Consensus modules of co-expressed genes were identified between the
networks for the AM-DH, HC-DH, VH-DH, AP-DH and AM-HC tissue pairs. The
correlation between the module’s eigengene (weighted average gene expression
profile) and levels of EB exhibited by the experimental cows were tested. EB
correlated modules (absolute correlation > 0.3 and p < 0.2) were found enriched
for gene ontology terms like glial cell development and regulation of neural
projection development as well as for KEGG pathway terms related to brain
degenerative diseases. General cellular processes like oxidative phosphorylation,
ribosome and biosynthetic processes were found enriched in several correlated
modules, indicating increased transcription and protein synthesis. Stimulation of
ribosomal RNA synthesis is known from rodent studies to be a primary event in the
activation of neuronal cells and pathways involved in female reproductive behavior
and this precedes the estrogen driven expansion of dendrites and synapses. Similar
processes therefore operate in cows too to affect EB. Hub genes within EB
correlated modules (e.g. NEFL, NDRG2, GAP43, THY1, TCF7L2 etc.) are strong
candidates among genes regulating EB expression.
Conclusions
The study improved our understanding of the genomic regulation of EB in dairy
cows by providing new insights into genes and biological processes shared among
the bovine AP and brain areas acting together to regulate EB. The new knowledge
could lead to novel management strategies to monitor and improve reproductive
performance in dairy cows.
Key words: gene co-expression, estrous behavior, WGCNA, brain, dairy cow
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4.1 Background
Dairy cow fertility is a trait of great economic importance to dairy farmers and dairy
industry, therefore losses due to sub-fertility or infertility are of major concern [1].
We now have a basic understanding of the physiological mechanisms that influence
the multi-factorial trait of fertility [2], especially the hormones involved and the link
with nutrition and energy balance [3]. At the genomic level, gene expression
studies on tissues and organs involved in female reproductive processes, embryo
development and implantation and maintenance of pregnancy have helped to
identify candidate genes and biological processes related to fertility [4-7]. This has
contributed to our understanding of the genomic regulation of certain aspects of
fertility and may lead to novel applications to improve fertility. However, there is a
lack in understanding of genomic factors underlying fertility traits that are
regulated by the brain and pituitary, for example, estrous behavior (EB). The
expression of EB, a key fertility trait, has been declining both in intensity and
duration over the past few decades along with the decline in several other fertility
traits [8]. The proper expression of EB is important because it helps the farmer to
identify the fertile period in the cows’ estrous cycles when artificial insemination
has the greatest chance to result in successful fertilization.
In an effort to understand the genomic regulation of EB, we performed an
experiment to study gene expression in the anterior pituitary (AP) and four brain
areas: dorsal hypothalamus (DH), ventral hypothalamus (VH), amygdala (AM) and
hippocampus (HC) at two time points of the cows’ estrous cycle: start of estrus
(day0) and mid-cycle (day12). The choice of these tissues was motivated by the fact
that the anterior pituitary and hypothalamus are part of the hypothalamicpituitary-ovarian axis and act as important centers controlling the female
reproductive cycle and behavior [9, 10] whereas the amygdala and hippocampus
have functions related to controlling sexual behavior and associated emotional
responses [11, 12]. In earlier studies [13, 14], we focused on the association
between gene expression profiles and the trait of showing EB (quantified as heat
scores) and successfully identified sets of genes in all five tissues under study that
associated with the degree to which the individual cows expressed EB. In these
studies, we looked separately per tissue into EB associated gene expression.
However, in real life scenario, the expression of a complex trait like behavior may
be the result of intricate interactions between the different tissues in response to
hormonal, visual, physiological and other signals. Therefore, studying gene coexpression patterns preserved among the AP and brain areas may shed light on
biological processes shared among these tissues acting together in regulating EB
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expression. It has been shown that gene expression profiles across microarray
samples can be highly correlated and genes with similar expression patterns may
form complexes, pathways, or participate in common regulatory and signaling
circuits [15-18]. Specifically, in a study of brain gene expression data, it was shown
that the transcriptomes of human brain regions were robustly organized into
modules of co-expressed genes that reflect their underlying cellular composition
[19]. Here, modules refer to clusters of highly interconnected genes within a gene
co-expression network. Other studies used co-expression networks to screen for
genes underlying complex traits, for example, body weight [20]. Therefore, gene
co-expression networks constructed from gene expression data can effectively
capture the relationships between transcripts which group as modules that reveal
biologically meaningful higher-order organization of the transcriptome [21].
The objective of this study was to identify genes and biological processes shared
among the bovine AP and four brain areas that act together to regulate EB by
investigating networks of co-expressed genes between these tissues.

4.2 Results
Estrous behavior scores and gene expression data
For each cow, the level of EB expression was quantified as its average heat score
using EB scores recorded from at least 2 consecutive cycles (Table 4.1). For
identifying modules of co-expressed genes correlated to EB, we adjusted the heat
score of one of the day0 cows to the level of the next highest cow (405) because of
its high outlier value of 1750, which we attributed to that cow’s several consecutive
attempts to mount other cows during one observation period. The average heat
scores for the remaining 13 day0 cows ranged from 0 to 405, with a mean value of
178.4 (SD 125.7).
Following pre-processing of the microarray data, gene expression levels expressed
as M-values (log differential-expression ratio between sample tissue and a common
reference which is the pool of all tissues) were obtained for each tissue per cow. Of
the 16,620 probes on the microarray that were found to be of good quality based
on re-annotation, gene expression measures for 13,234 unique genes remained
after averaging the expression levels of genes represented by multiple probes (see
Table 4.2 for a summary of the steps taken in the analysis and their results).
Consensus modules identified from co-expression networks between tissue pairs
We first checked the microarray data to ensure that the genes and arrays that were
selected for detailed analysis did not have excessive numbers of missing values.
These checks revealed that weren’t any such issues for any of the tissue pairs under
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Table 4.1 Estrous behavior expressed as heat scores.
day0 Cow Nr

Average heat score

d0_5006
d0_9284

0
37

d0_3739

43

d0_8855

53

d0_1194

137

d0_1821

175

d0_8870

191

d0_5507

200

d0_1786

206

d0_3472

246

d0_6487

248

d0_3747

378

d0_7008

405

d0_5125 †

1750

† For the analysis done here, heat score of this cow was replaced by that of the next highest
scoring cow (i.e. score of 405) due to its unrealistically high outlier value.
Table 4.2 Summary of steps taken in the analysis and their results.
Steps
Process data of 14 pairs of dye-swapped
microarrays per tissue collected from 14 cows
at day0 of estrous cycle
Select good quality probes based on probe reannotation and average the M-values of
probes representing the same gene

Results
M-values of 23,496 probes per array

16,620 good quality probes per array
representing 13,234 genes

Select the top 50% most variable genes per
tissue and identify genes shared by each tissue
within a pair

Approximately 4000-5000 genes shared
per tissue pair - AM-DH, HC-DH, VH-DH,
AM-HC and AP-DH

Perform WGCNA on the gene expression data
of shared genes within each tissue pair and
identify consensus modules

Gene co-expression networks constructed
for tissues within each pair and consensus
modules identified

Identify consensus modules within tissue pairs
whose module eigengenes correlate with
estrous behavior (EB) scores

Consensus modules that correlated with
EB - AM-DH: 1 of 3, HC-DH: 5 of 10, VHDH: 0 of 2, AM-HC: 3 of 8, AP-DH: 10 of 23

Test for enriched GOBP and KEGG pathway
terms within EB correlated consensus modules

A summary of the significant terms per
module are reported in Figure 4.1

Identify hub genes within the EB correlated
consensus modules

The top 3 hub genes per module are
reported in Table 4.3
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study: AM-DH, HC-DH, VH-DH, AM-HC and AP-DH. The clustering of arrays per
tissue based on Euclidian distance did not point to any outlier arrays. For network
construction, we chose one half of the total 13,234 unique genes on the array that
had the most variable expression levels across cows showing different levels of EB.
This choice followed by selecting only those genes shared between the tissues in
each pair resulted in between 4000 and 5000 genes per analysis, thereby also
making the analyses less computationally demanding.
While applying the Weighted gene co-expression network analysis (WGCNA) to
define gene co-expression networks using gene expression data per tissue pair, we
chose a soft-thresholding power (beta = 12) based on the criterion of approximate
scale-free topology. This was because biological networks generally follow a power
law and tend to be approximately scale-free. The genes in the network were
clustered into modules based on their connectivity strengths with all other genes in
the network. The hierarchical clustering dendrograms produced for the consensus
module identification in each pair of tissues are given in supplementary Figure S1
(posted at http://edepot.wur.nl/183833). In the applied WGCNA software tool, the
consensus modules found in the co-expression networks between tissue pairs were
labeled by colors. After excluding the grey module, that is used to hold all genes
that do not clearly belong to any other module, the number of modules found in
each tissue pair were as follows: AM-DH: 3, HC-DH: 10, VH-DH: 2, AM-HC: 8, AP-DH:
23. The highest number of genes within the consensus modules was observed for
the AP-DH pair (n=1904). This was followed by the HC-DH pair at 846, AM-HC pair
at 843, AM-DH pair at 225 and VH-DH pair at 197. A comparison of the genes within
the consensus modules in the tissue pairs that had the DH in common (AP-DH, AMDH, HC-DH and VH-DH) revealed that the highest number of genes were shared
between the AP-DH and HC-DH pairs and that 59 genes were shared among all four
pairs (Venn diagram provided in supplementary Figure S2 posted
at http://edepot.wur.nl/183833). The major biological processes enriched within
these 59 shared genes were ribosome and translation.
Consensus modules correlated with estrous behavior
The consensus modules in the co-expression networks between tissue pairs that
correlated with EB were detected based on the correlation between the module
eigengene (weighted average expression profile of all genes within the module)
and the heat scores. An absolute correlation above 0.3 was considered significant
when the corresponding p-value was below 0.2. The consensus modules that
correlated with EB are presented in Table 4.3 along with the corresponding
correlations and p-values per tissue. A module may be found significant in one
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Table 4.3 Consensus modules whose module eigengenes correlated with estrous behavior.
Nr

Modules

n

AM-DH
1

brown

40

HC-DH

Correlation (p-value) with
estrous behavior
AM

DH

0.14 (0.65)

0.4 (0.16) *

HC

DH

Top 3 hub genes

OLFM1, NEFL, LY6E

1

magenta

31

0.47 (0.093) *

−0.3 (0.31)

SLC25A47, TP53I3, CRYAA

2

red

51

0.62 (0.016) *

0.014 (0.96)

MATN1, MCM9, MTR

3

black

45

0.49 (0.078) *

0.026 (0.93)

CENPI, EXOSC1, DEPDC7

4

blue

152

0.47 (0.089) *

0.32 (0.28)

RPL13A, RPS20, RPL18

5

green

59

0.55 (0.039) *

0.26 (0.37)

CEP63, KRTAP13-1, AQP3

AM

HC

AM-HC
1

red

52

−0.052 (0.86)

0.48 (0.081) *

NUP160, CCL21, NCAPG2

2

pink

34

−0.33 (0.25)

0.47 (0.091) *

MED22, GBA, TP53I3

3

green

77

0.32 (0.28)

0.42 (0.14) *

RPL18, HSPA8, RPS17

AP

DH

AP-DH

NGEF, FAM5C, C1QTNF5

1

greenyellow

74

0.42 (0.14) *

0.0098 (0.97)

2

midnightblue

58

0.4 (0.15) *

0.37 (0.2)

NEFL, VSNL1, NDRG2

3

salmon

71

0.4 (0.16) *

0.35 (0.23)

RNF128, PODNL1, HS3ST6

4

black

88

0.4 (0.16) *

0.26 (0.37)

ENTPD6, MGC134087,
PHF13

5

purple

77

0.39 (0.17) *

0.26 (0.37)

MRPL40, HSCB, POLR2B

6

turquoise

343

−0.38 (0.18) *

0.22 (0.45)

SPG11, FRS2, GPC3

7

magenta

84

−0.42 (0.14) *

0.17 (0.57)

KBTBD10, FNDC3A, IBSP

8

brown

114

−0.39 (0.18) *

−0.13 (0.65)

CHEK1, CBLL1, FANK1

9

pink

86

−0.34 (0.25)

−0.39 (0.18) *

NPY2R, A5PK81,TMEM107

10

lightcyan

54

−0.38 (0.19) *

0.09 (0.77)

MAN2C1, TRDN,SLC16A11

The consensus modules (labeled by colors) in the co-expression networks between tissue
pairs whose module eigengenes correlated with estrous behavior scores are presented here.
Modules with an absolute correlation above 0.3 and having a p-value below 0.2 (in brackets)
are indicated by * symbol. The top 3 hub genes within these modules based on their intramodular connectivity measures (kME) are also presented. The VH-DH pair did not have any
estrous behavior correlated consensus modules.
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tissue of the pair but not in the other. This difference in the correlation between
the EB scores and module eigengenes for the same module between the individual
tissues of a pair is due to the fact that the gene expression profiles per gene are not
exactly the same between the tissues. The highest number of significant modules
were found in the AP-DH pair i.e. 10 whereas the VH-DH pair had none. The AM-DH
pair had only one significant module, the HC-DH pair had five (p < 0.1) and the AMHC had four (p < 0.1). Also presented in Table 4.3 are the top 3 hub genes within
each EB correlated module i.e. the most highly connected genes in each module
based on their module eigengene based intra-modular connectivity measures
(kME). The complete list of all genes in all the EB correlated consensus modules,
ordered by their kME measures, is presented in supplementary Table S1 (posted
at http://edepot.wur.nl/183833). Also presented there are the corresponding gene
significance (GS) values which are a measure of the correlation of that gene’s
expression with EB across all samples per tissue pair.
Tests for enriched Gene Ontology Biological Process (GOBP) terms and KEGG
pathway terms in the EB correlated modules revealed significant terms in several
modules in all the tissue pairs except the VH-DH. The results are summarized in
Figure 4.1 whereas the full list can be found in supplementary Table S2 (posted
at http://edepot.wur.nl/183833). Some of the key GOBP terms found in both AMDH and HC-DH pairs were translation, biosynthetic process and glial cell
development. The terms translation and biosynthetic process were also found in
the AM-HC pair but in addition, there were terms like reproduction, intracellular
signaling cascade and production of molecular mediator of immune response. In all
3 pairs, the KEGG terms included one or more of the following: ribosome, oxidative
phosphorylation and Alzheimer's disease. The terms enriched in the AP-DH pair
shared less with the other tissue pairs and included GOBP terms like response to
caffeine, release of calcium ion and regulation of neuron projection development,
regulation of axon diameter and neuron differentiation. The top KEGG terms found
here were amyotrophic lateral sclerosis, biosynthesis of alkaloids and
Glycolysis/Gluconeogenesis. The ‘midnight blue’ module in the AP-DH pair was
especially interesting as it showed several nervous system related processes. From
the biological processes found enriched in the different consensus modules in the
five tissue pairs, it seems that processes specifically related to nervous system
functioning are few whereas the majority relates to general cellular processes.
There were also several modules that did not reveal any significant GOBP or KEGG
pathway terms.
As an example, we visualized as a network the ‘midnight blue’ module found in the
AP-DH (Figure 4.2). The nodes in this network correspond to genes in the module
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Figure 4.1 Biological processes within consensus modules between tissue pairs that
correlated with estrous behavior. The genes in the consensus modules found in coexpression networks between tissue pairs that significantly correlated with estrous behavior
scores (absolute correlation > 0.3 and p < 0.2) were tested for over-represented GOBP and
KEGG pathway terms. Those modules which showed significant GOBP and KEGG terms (p <
0.1) are presented here within boxes corresponding to each tissue pair: AM-DH, HC-DH, VHDH, AP-DH and AM-HC.

and the edges correspond to the inter-genic connection strengths. It may be noted
that most of the strongest connections are between genes that are also wellconnected with other genes i.e. the hub genes. The kME measures may be used to
prioritize candidate genes for further in-depth studies and validation. The top 10
hub genes in the ‘midnight blue’ network (colored blue, Figure 4.2) were: NEFL,
VSNL1, NDRG2, AVP, GAP43, BCAS1, HAPLN2, THY1, OXT and TCF7L2. The known
functions of these hub genes indicated that they could be strong candidates among
genes regulating EB. These genes are discussed in detail in the following section.
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Figure 4.2 Network visualization of the ‘midnight blue’ consensus module in the AP-DH pair.
Nodes represent the genes in the module and edges represent the inter-genic connection
strengths. The 10 nodes with the highest intra-modular connectivity measures (kME) are
colored blue. In general, nodes with higher kME values are placed towards the center of the
network and have higher inter-genic connection strengths.

4.3 Discussion
The objective of this study was to identify genes and biological processes shared
among the bovine AP and four brain areas that act together to regulate EB by
investigating networks of co-expressed genes between these tissues. For this, we
used a systems biology approach called WGCNA. The gene sets or modules thus
identified were based on unsupervised clustering and not a priori defined. The
genes in a module may have a common function which can be ascertained based
on pathway or gene ontology enrichment tests. Further, the most connected genes
within a module, i.e. the hub genes, may indicate the most important genes that
drive the process regulated by the genes in the module. WGCNA has been used
successfully in a wide variety of studies to identify gene co-expression modules and
genes within them that relate either to a trait or disease condition of interest [2288
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25] or that reflect underlying cellular composition or function of a tissue [19, 26] or
that are conserved between species to help understand aspects of tissue evolution
[27]. One of the strengths of this method is that the problem of multiple testing
corrections is eliminated. This is because here the tested correlation is between the
trait and the module eigengene and not to individual gene expression levels.
Further, studying gene co-expression promises new insights by suggesting that the
co-expressed genes may be responding to common transcriptional regulatory
factors or signals even in different tissues.
The highest number of consensus modules and genes within them that correlated
with EB were found in the AP-DH pair. This may be a reflection of the fact that the
AP and DH play roles as centers in the hypothalamic-pituitary-ovarian axis that
regulate reproduction and fertility via the sex hormones. Also, the high number of
consensus modules may indicate multiple biological processes that are either
associated with the physiological state of estrus or that co-ordinate the regulation
of the female reproductive cycle via a high level of communication between these
areas and the gonads and via responding to common signals especially estrogen.
The fact that a number of modules correlate with EB may indicate that several
genes and biological processes across the AP and brain areas work together in the
regulatory mechanism for EB expression. Knowledge of the components in this
regulatory mechanism will help improve our understanding of EB regulation. Overrepresented GOBP terms in modules significantly correlated with EB included
general brain processes like glial cell development, memory, astrocyte activation,
regulation of neuron projection development, axon diameter and neurogenesis, or
neurodegenerative diseases like Alzheimer's and Parkinson's diseases. Several of
these processes were also found enriched among genes found associated with EB
in our earlier studies at individual tissue level [13, 14]. From the current coexpression study, it becomes evident that these are important processes shared
among the AP and brain areas and hints at a coordinated regulation via regulatory
factors or signals across these tissues. We also found genes involved in general
cellular processes like oxidative phosphorylation, glycolysis/gluconeogenesis and
ribosome. These general processes have been classified as general constitutive or
as having housekeeping functions in several tissues [28] and were recognized as
principal pathways in the brain [29, 30] to meet the high energy demands.
However, these processes are also enhanced during stress and vary with the stage
of estrous cycle. It has been shown that progesterone and estrogen increase the
oxidative capacity of whole-brain mitochondria and the activity of cytochrome c
oxidase, a major mitochondrial enzyme responsible for oxidative respiration [31].
Further, a study of the cerebral cortex in female rats at different stages of the
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estrous cycle indicated a significant increase of the oxidative metabolism of the
posterior cortex in the estrus and proestrus phases compared to the diestrus phase
[32]. The increased synthesis of ribosomal RNA in the ventromedial hypothalamus
has been reported to be one of the early effects of estrogen administered subcutaneously in ovariectomised rats and represents a primary event in the activation
of neuronal cells and neuronal pathways involved in female reproductive behavior
[33]. Estrogen driven expansion of dendrites and synapses follows from the
stimulation of ribosomal RNA synthesis [9, 10]. Similar processes as identified in
rodent studies therefore operate in cows too to affect EB.
The genes with the highest intra-modular connectivity per module i.e hub genes,
are generally the most important in the network and are supposed to be key
regulators. Studying these genes can reveal the biological process driven by
modules in the network. We found that the hub genes in some modules (e.g.
midnight blue) had a common function related to behavior regulation, nervous
system processes or energy metabolism, while in other modules, a common
function could not be ascertained for the hub genes. In the latter case, it may be an
indication that these genes are involved in some common hitherto unassigned
function in the mechanisms regulating EB. We take here the example of the hub
genes in the ‘midnight blue’ module found in AP-DH pair. Several of the top 10 hub
genes in this module are known to have functions that could explain their role in EB
regulation. For example, NEFL is known to encode the light chain neurofilament
protein comprising the axoskeleton and thereby functionally maintains the
neuronal caliber and also plays a role in intracellular transport to axons and
dendrites. The role of NEFL in protein phosphatase-1 targeting to neuronal
membranes and cytoskeleton and its potential for regulating the
dephosphorylation of phosphoproteins implicated in synaptic plasticity has been
shown [34]. Other hub genes involved in neuronal growth or plasticity include
NDRG2 [35], THY1 [36] and GAP43 [37]. Another hub gene, TCF7L2, encodes a high
mobility group (HMG) box-containing transcription factor [38] and is an important
effector in the Wnt signaling pathway [39], that is active in the development of the
blood brain barrier. The gene VSNL1 is a neuronal calcium sensor that has recently
been identified as part of a signaling complex associated with purinergic receptors
[40]. These functions may link to findings of our earlier studies [13, 14] where we
concluded that synaptic plasticity is of importance for proper expression of EB.
Further, hub genes like OXT and AVP, that encode the pituitary hormones oxytocin
and arginine vasopressin, were also found in our earlier studies [13, 14] as key
genes whose expressions within individual tissues were correlated to EB and are
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known from literature to have important regulatory functions related to sociosexual behavior [41-43].
The relatively low number of animals in a network based study affects the
statistical significance of the relationships found here. Despite this, the moderate
correlation levels and the fact that many of the genes found here have biological
relevance to the trait under study, indicates that even with a relatively high p-value
cut-off of 0.2 chosen to identify consensus modules that correlated to EB, the
genes within these modules may be considered as candidates regulating EB. It
should be noted that the products of some of the genes within the co-expressed
modules may fall in different cellular compartments and may have no possibility for
physical interaction in vivo. Nevertheless, their belonging together in a module may
indicate that the co-expressed genes across tissues may be responding to common
regulatory factors or signals. Thereby new hypotheses may be formulated on how
the AP and brain areas function together in regulating the trait of EB. A recent
study showed that though transcriptome organization was generally poorly
preserved between brain and blood, there were certain genes in the consensus
modules, especially those involved in basic cellular processes, that exhibited a
strong preservation [44]. Therefore in future, the correlation between the level of a
protein or metabolite secreted in the milk or blood and the gene expression profile
of genes found correlated to EB here may be studied. Highly correlated cases may
be potential biomarkers which could be considered for development of quick
assays to determine the estrus status of the cow. Biomarkers for estrus may also be
developed from EB correlated gene products from the brain that cross the blood
brain barrier or those from the AP which can potentially be measured in the blood.

4.4 Conclusions
To conclude, the study improved our understanding of the genomic regulation of
EB in dairy cows by providing new insights into genes and associated biological
processes shared among the bovine AP and brain areas acting together to regulate
EB. The new knowledge could lead to development of novel management
strategies to monitor and improve reproductive performance in dairy cows, for
example, biomarkers for estrus detection.

4.5 Methods
Phenotypic data recording and gene expression measurements
The microarray experiment was carried out as part of a study aimed at identifying
and studying genes that contribute to differences in EB expression and fertility
levels of dairy cows. The procedures followed for EB recording, tissue collection,
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RNA extraction and microarray hybridization were as described in our earlier
studies [13, 14]. Briefly, EB was recorded in 28 healthy Holstein Friesian cows from
30 days in milk (DIM) onwards till their time of sacrifice which varied between 77
and 139 DIM i.e. after at least 2 estrous cycles. The EB recorded per cow were
quantified as heat scores and the scores from multiple consecutive cycles per cow
were averaged to obtain the average heat score per cow. Samples from 4 brain
areas (DH, VH, AM and HC) and the AP were collected from these cows, 14 of which
were sacrificed at start of estrus (day0) and 14 at mid of estrous cycle (day12). The
cows were euthanized in a stress-free, quick and standardized way and all efforts
were made to minimize suffering. The study was approved by the Animal Care and
Ethics Committee of the Animal Sciences Group of Wageningen University and
Research Centre, Lelystad (Approval ID 2006087a). RNA extracted from tissue
samples were hybridized on Bovine 24K oligonucleotide (70-mer) microarrays
designed and produced by the Bovine Oligonucleotide Microarray Consortium
(BOMC), USA (http://www.bovineoligo.org/). A total of 280 arrays (i.e. 28 cows x 5
tissues x 2 for dye swaps) were prepared in a common reference design with the
dye labels swapped between individual samples from each tissue and a reference
sample consisting of equal proportions of RNA from all tissues of all cows.
Microarray data pre-processing and analysis was done using the LIMMA (Linear
models for microarray data) package [45] within Bioconductor project [46] of R
statistical programming language (http://www.r-project.org). Gene expression
levels expressed as M-values (log differential-expression ratio of sample versus
reference) were thus obtained for all probes per array.
The array design (accession number: A-MEXP-1781) and the array experiment data
(accession number: E-TABM-916) are publicly accessible on ArrayExpress
(http://www.ebi.ac.uk/microarray-as/ae/). The original annotation of the bovine
24K oligonucleotide microarray provided by BOMC dates back to June 2007. For
our analysis, we used the bovine oligonucleotide array probe re-annotation
(Version 5) based on Ensembl (http://www.ensembl.org) release 56 (October 2009)
provided on the EADGENE website (http://www.eadgene.info/ToolsResources/
EADGENEOligoSetsAnnotationFiles/tabid/324/Default.aspx) by the authors of the
oligo-set re-annotation pipeline, sigReannot [47]. For the re-annotation, out of the
23,496 probes (excluding control probes) on the bovine oligonucleotide array, only
16,620 probes that were assigned a quality score between 1 and 4 for their
specificity to hits on the bovine genome were considered. Probes with quality
scores between 5 and 7 had either no hits or multiple hits and were not annotated
as they were not specific.
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For the analysis done here, we used only the data from the day0 cows. The Mvalues of genes represented by multiple probes were averaged, leaving gene
expression data of 13,234 unique genes per array. The various steps taken in the
analysis are summarized in Table 4.2.
Construction of gene co-expression networks and identification of consensus
modules between tissue pairs
For this analysis, we chose to study gene co-expression patterns in tissues taken as
pairs with the DH in common i.e. AP-DH, VH-DH, AM-DH and HC-DH pairs. This was
because the hypothalamus is the master regulatory center within the
hypothalamic-pituitary-ovarian axis that listens to hormonal signals and stimulates
the AP to release hormones by secreting releasing factors and signaling by neural
pathways. It is likely that the genes influencing EB expression in other tissues would
have an expression profile similar to that in the DH when the cows are in estrus and
under the influence of estrogen. The genes with a similar expression profile may be
detected as preserved modules of genes between the different tissues. In addition,
we also analyzed the AM-HC pair, as these tissues are physically and functionally
close to each other with both involved in emotional responses and likely to be
inter-communicating while affecting EB.
To begin with, genes and arrays having an excessive number of missing values were
tested for and removed if any. The arrays were then clustered to identify any
outliers. From the 13,234 unique good quality genes in the array, only the top 50
per cent genes with the most variable expression per tissue were selected. Among
these, only those genes shared between each pair of tissues under study were used
for network construction. The selection was done because the most interesting
genes would be the ones whose varying expression contributes to the value of the
trait expressed. Genes whose expression remains the same in all cases would
generally not be associated with the varying trait. Further, analyzing a subset of the
most interesting genes instead of taking all genes together makes the procedures
involved in network construction and analysis less computationally demanding.
For defining gene co-expression networks and identifying consensus modules of coexpressed genes among tissue pairs, we used a systems biology approach called
Weighted Gene Co-expression Network Analysis [48, 49] implemented in R
statistical programming language (http://www.r-project.org) as a freely available
software package called WGCNA. Briefly, WGCNA is a network based gene
screening method that integrates information on gene significance (correlation
between gene expression and a trait of interest) and module membership to
identify candidate genes affecting a trait. Detailed tutorials with examples for the
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use of this method can be found at http://www.genetics.ucla.edu/labs/horvath/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/index.html. Pearson correlations
were first calculated for all pairs of genes across all microarray samples, followed
by a noise reduction step where these correlations were weighted by raising their
absolute values to a certain power, beta. This soft-thresholding power, beta, was
determined using the scale free topology criterion, a property of most biological
networks. For the resulting weighted network, gene co-expression modules were
defined as branches of a hierarchical clustering tree. Specifically, we used average
linkage hierarchical clustering with the topological overlap similarity measure to
define a cluster tree. The topological overlap is a robust measure of
interconnectedness, which keeps track of shared patterns of connection strengths.
For branch cutting (module detection) we used the dynamic branch-cutting
algorithm [50] implemented in WGCNA to detect modules larger than 20 genes.
The modules that are shared between the tissues in each pair (consensus modules)
were then identified and assigned unique color labels.
Characterization of consensus modules that correlate with estrous behavior
The consensus modules whose module eigengenes correlated with EB (absolute
correlation>0.3 and p<0.2) were identified using a function within WGCNA package
that correlates module eigengenes with trait values. The module eigengene is the
most representative gene expression in the module and corresponds to the first
principal component of that module. The correlation is tested by taking the module
eigengenes as covariates of a multivariate regression model that regresses the trait
of EB expressed as heat scores on the eigengenes transcriptome [21].
For gaining insight into biological processes underlying EB, we performed functional
analyses of the genes within the EB correlated modules (study sets) using R
package GOstats [51]. Genes in the study sets were tested for enriched Gene
Ontology Biological Process [52] terms and KEGG [53] pathway terms. Bovine
Ensembl IDs were used for the study sets whereas the population set consisted of
Entrez gene IDs as required by the GOstats package. Of the 13,234 unique good
quality genes on the array, 12,655 remained after conversion to Entrez gene IDs.
The genes in the consensus modules were ordered by their module eigengene
based intra-modular connectivity measures (kME) to identify genes with the
highest connectivity. The most important genes in the network are usually the
most well-connected with other genes and are called hub genes. As an example, we
looked in detail at the known functions of the top hub genes in one of the EB
correlated consensus modules for their likely relation with EB regulation. Further,
we visualized this module as a network with the nodes representing the genes and
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the edges representing the inter-genic connection strengths. We used a function in
WGCNA to export the genes from the weighted network data of these modules in a
form that was compatible for visualization using the ‘Cytoscape’ software [54]. We
chose a cut-off threshold of 0.2 to filter out low strength connections between
genes in the network.
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Figure S1. Consensus gene dendrograms and modules of co-expressed genes
identified by weighted gene co-expression network analysis for the tissue pairs.
Presented here are the gene dendrograms produced by clustering the dissimilarity
based on consensus topological overlap for each tissue pair: AM-DH, HC-DH, VHDH, AP-DH and AM-HC. The corresponding modules of co-expressed genes are
represented by colors in the color row below the dendrograms.
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Figure S2. Venn diagram comparing genes in all consensus modules per tissue pair.
The genes in all consensus modules of the AP-DH, AM-DH, HC-DH and VH-DH tissue
pairs are compared here to determine the overlap of genes among them.
Table S1. Genes within consensus modules among tissue pairs that significantly
correlated with estrous behavior.
The Ensembl IDs and gene symbols of the genes within each of the estrous
behavior correlated consensus modules are presented for AM-DH, HC-DH, AP-DH
and AM-HC tissue pairs. No significantly correlated modules were found in the VHDH pair. The genes within each consensus module are ordered by their intramodular connectivity measures (kME). The corresponding gene significance values
(correlation of gene expression with estrous behavior) are also reported.
Table S2. Gene Ontology Biological Process and KEGG pathway terms enriched in
consensus modules among tissue pairs that significantly correlated with estrous
behavior.
The consensus modules (labeled by colors) in the co-expression networks between
tissue pairs whose module eigengenes correlated with estrous behavior scores with
an absolute correlation above 0.3 and having a p-value below 0.2 in at least one of
the tissues in each pair were tested for enriched GOBP and KEGG pathway terms.
Those terms that were supported by at least two genes and had a BenjaminiHochberg (BH) corrected p-value below 0.1 are reported. Here, GOBPID stands for
gene ontology biological process ID; ExpCount stands for expected number of
genes in the module that would relate to the GO/KEGG term; Count stands for
actual number of genes in the module that relate to the term; and Size stands for
the number of genes in the population set (total genes on the microarray
considered in the study) that relate to the term.
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Abstract
Eukaryotic genes are distributed along chromosomes as clusters of highly
expressed genes termed RIDGEs (Regions of IncreaseD Gene Expression) and lowly
expressed genes termed anti-RIDGEs, interspersed among genes expressed at
intermediate levels or not expressed. Previous studies based on this observation
suggested a dual mechanism of gene regulation, where, in addition to transcription
factors, the chromosomal domain influences the expression level of their
embedded genes. The objectives here were to provide evidence for the existence
of chromosomal regional regulation of transcription in the bovine genome, to
analyse the genomic features of genes located within RIDGEs versus anti-RIDGEs
and tissue-specific genes versus housekeeping and to examine the genomic
distribution of genes subject to positive selection in bovines. Gene expression
analysis of four brain tissues and the anterior pituitary of 28 cows identified 70
RIDGEs and 41 anti-RIDGEs (harbouring 3735 and 1793 bovine genes respectively)
across the bovine genome which are significantly higher than expected by chance.
Housekeeping genes (defined here as genes expressed in all five tissues) were overrepresented within RIDGEs but tissue-specific genes (genes expressed in only one
of the five tissues) were not. Housekeeping genes and genes within RIDGEs had, in
general, higher expression levels and GC content but shorter gene lengths and
intron lengths than tissue-specific genes and genes within anti-RIDGES. Our findings
suggest the existence of chromosomal regional regulation of transcription in the
bovine genome. The genomic features observed for genes within RIDGEs and
housekeeping genes in bovines agree with previous studies in several other species
further strengthening the hypothesis of selective pressure to keep the highly and
widely expressed genes short and compact for transcriptional efficiency. Further,
positively selected genes were found non-randomly distributed on the genome
with a preference for RIDGEs and regions of intermediate gene expression
compared to anti-RIDGEs.
Key words: regulation of transcription, RIDGE, bovine, brain, positive selection
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5.1 Introduction
Eukaryotic genes are not randomly distributed along chromosomes but organised
as clusters of highly expressed genes, termed RIDGEs (Regions of IncreaseD Gene
Expression), and lowly expressed genes, termed anti-RIDGEs [1], interspersed
among genes expressed at intermediate levels or not expressed. Certain genomic
features observed for RIDGEs were in striking contrast with those for anti-RIDGEs
[2]. RIDGEs were found to be gene dense, GC rich and SINE repeat rich and mostly
harboured genes with shorter than average intron sizes. In contrast, anti-RIDGES
showed low gene density, were AT rich and LINE repeat rich. Surprisingly, the gene
expression patterns of highly and weakly expressed chromosomal regions were
roughly similar in all 12 human tissues analysed [1,2]. Based on their findings,
Versteeg et al. [2] postulated that RIDGEs globally govern the expression levels of
their embedded genes and that this higher level regulation of gene transcription
was dependent on factors that act on chromosomal domains like chromatin
conformation and position in the nucleus. The existence of this novel domain wide
transcription regulatory mechanism, in addition to the well-known regulatory
mechanism at the individual gene level that involve transcription factors and
regulatory sequences on the gene, was proven in a later study by Gierman et al. [3].
They showed that the expression levels of identical green fluorescent protein (GFP)
reporter constructs integrated at several different chromosomal positions
corresponded to the overall expression level of genes within the domains of
integration. To explain this, a dual mechanism of gene regulation was suggested
wherein transcription factors determine a basal level of transcription for a gene,
whereas the chromosomal domain in which the gene was located determined its
ultimate expression level. They also established a range for the sizes of such
chromosomal domains by showing that the correlation between GFP expression
and domain activity was highest for window sizes of roughly 19–79 genes around
the integration sites.
The observation of clusters of highly expressed genes was reported to be a
consequence of the clustering of housekeeping (HK) genes, which in turn, was
probably the outcome of selective pressure to position widely expressed genes in
genomic regions where the higher-order chromatin structure allows better
accessibility to the transcription machinery [4,5]. However, RIDGEs are not
restricted to HK genes, but encode tissue-specific (TS) genes too [2]. Moreover, not
all genes on a RIDGE are highly expressed but the average expression level of all
genes per cluster taken together would be higher than the average gene expression
across the genome. Nevertheless, RIDGEs consist of a higher proportion of HK
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genes than would be expected by chance and the HK genes share certain genomic
features with genes on RIDGEs such as higher expression levels and shorter lengths
for introns, genes and coding sequences [6,7]. It has been proposed that since
transcription is an energy expensive process, there is an evolutionary selection
pressure for economy of transcription to keep widely and highly expressed genes
short and compact [6,8,9,10].
The phenomenon of domain wide regulation of transcription has been shown to
exist in several species: mammals (human, mouse) [1,2,3,11,12], flies (drosophila)
[13,14] and recently in birds (chicken) [6]. Though believed to be a feature for all
eukaryotes, this has been experimentally verified only in a few species. The
recently published bovine genome assembly [15] allowed us for the first time to
investigate the existence of chromosomal regional regulation of transcription in
bovines using a brain transcriptome dataset of closely related tissues: Amygdala
(AM), Hippocampus (HC), Dorsal Hypothalamus (DH), Ventral Hypothalamus (VH)
and Anterior Pituitary (AP). Prior to this study, it was not known whether the
phenomenon of chromosomal regional regulation of transcription existed in bovine
genome and whether the genomic features for RIDGEs and anti-RIDGEs reported in
earlier studies in other species could be expected in bovines as well. It was also not
known whether the above mentioned findings could be expected when closely
related tissues are analysed as was done here, which is in contrast to previous
studies that used gene expression data from a wide variety of tissues.
A study on expression levels of genes subject to positive selection [16] showed that
positively selected genes, in general, had reduced expression levels and were
expressed in a TS manner in several human tissues. Targets of positive selection
have been linked to complex trait phenotypes in humans and primates where
adaptation to local environmental changes has been the driving force. Likewise, in
laboratory, farm and companion animals, human intervention in the form of
domestication and intensive artificial selection may have been additional drivers
[16,17,18,19,20]. Therefore the quest for genes controlling complex traits of
interest in domesticated animals may be supported by finding signatures of
positive selection and regional patterns of gene expression that help narrow down
the regions on the genome to look for these genes.
The primary objectives of this study were: 1. to provide evidence for the existence
of chromosomal regional regulation of transcription in the bovine genome, 2. to
analyse the genomic features of genes located within RIDGEs versus anti-RIDGEs
and TS genes versus HK, and 3. to examine the genomic distribution of genes
subject to positive selection in bovines.
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Here, HK refers to genes expressed in all five tissues studied here and TS refers to
genes expressed in only one of the five tissues.

5.2 Results
Gene expression data
The normalised transformed gene expression data matrix analysed here consisted
of average expression per tissue for 13,234 bovine Ensembl genes (Table S1). Prior
to averaging, a hierarchical cluster analysis of the normalised gene intensities per
individual per tissue showed clustering by tissue type. Among the brain areas, the
AM and HC clustered closer to each other and so did DH and VH, whereas the AP
stood out as a separate cluster (Figure S1). The chromosome lengths and
chromosome wise distribution of all bovine Ensembl genes and of those bovine
genes on the BOMC array represented by good quality probes (see Materials and
Methods section) are shown in Figure 5.1. The number of Ensembl genes
represented on the re-annotated BOMC array was roughly 50% of the total known
Ensembl genes on each chromosome. The total bovine genome size analysed in this
study was 2,608,296,415 bp which was approximately 91% of the latest bovine

Figure 5.1 Chromosome wise distribution of Ensembl genes on bovine genome and
microarray. The number of Ensembl genes on each chromosome of the bovine genome and
those represented on the microarray are depicted by bar plots. The chromosome length is
overlaid on this plot.
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genome assembly version Btau_4.0 [15,21] having an estimated genome size of
2.87 Gb. Chromosomes 3, 5, 7, 18 and 19 have the most genes, with over 1100
each. The bovine chromosomes 18 and 19 (BTA18 and BTA19), though ranked 21st
and 23rd respectively by length, are ranked fifth and third respectively by the
number of genes harboured. We used the ‘Synteny Tracker’ tool [22] to identify
syntenic regions between the bovine and human genomes. The high gene density
of these bovine chromosomes corresponds to the high gene density of their
syntenic human chromosomes. BTA18 shared a large syntenic region with HSA19
which has the highest gene density amongst human chromosomes [23]and also
with HSA16 which is of moderate gene density [24]. Likewise, BTA19 was almost
entirely syntenic with HSA17 which has the second highest gene density amongst
human chromosomes [25].
Genomic regions of high and low gene expression identified
RIDGEs and anti-RIDGEs were so selected that each covers approximately 10% of
the bovine genome (see Materials and Methods section). For our dataset, this
criterion was satisfied by taking the expression thresholds as 1.25 times larger than
the genomic median expression value in the case of RIDGEs and 1.45 times lower
than the genomic median expression value for anti-RIDGEs. With the chosen
window size of 39 genes and genome coverage threshold of 10%, a reasonable

Figure 5.2 Chromosome wise distribution of RIDGEs and anti-RIDGEs. The number of RIDGEs
and anti-RIDGEs found per chromosome (based on median gene expression with a window
size of 39 genes) is depicted here.
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number of RIDGEs and anti-RIDGEs could be identified: 70 RIDGEs harbouring 3735
bovine Ensembl genes and 41 anti-RIDGEs harbouring 1793 bovine Ensembl genes.
The chromosome wise distribution of these RIDGEs and anti-RIDGEs is shown in
Figure 5.2 and their genomic locations on the bovine genome are provided in Table
S2. The chromosome wise transcriptome maps based on median expression
depicting the identified RIDGEs and anti-RIDGEs are given in Figure S2.
Higher number of RIDGEs and anti-RIDGEs found than expected by chance
A permutation test repeated 10000 times using the same window size (39 genes)
and threshold for RIDGE identification (1.25 times larger than the genomic median
expression value) as used in our analysis showed that there was only about a 10%
chance for obtaining an equal or higher number of RIDGEs (mean = 60.13, s.d. =
7.07) than what was found in our analysis (n = 70). A similar test for anti-RIDGEs
revealed that there was less than 1% chance for obtaining an equal or higher
number of anti-RIDGEs (mean = 24.44, s.d. = 4.92) than what was found in our
analysis (n = 41).
Transcriptome maps in four brain areas and anterior pituitary are highly
correlated
Spearman rank correlation test on pair-wise comparisons of transcriptome maps of
all tissues showed high correlations (Figure 5.3), with an average correlation of 0.91
(all p-values below 2.2e-16). The highest correlations are between DH and VH and
between AM and HC. All brain areas are more correlated with each other than with
the anterior pituitary. The similarity in the transcriptome maps across tissues was
clearly visible taking chromosome 2 as an example (Figure 5.4).

Figure 5.3 Pair wise correlations between tissues based on median expression values of all
genes per tissue. AP-Anterior Pituitary, AM-Amygdala, HC-Hippocampus, DH-Dorsal
Hypothalamus, VH-Ventral Hypothalamus.
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Figure 5.4 Tissue wise transcriptome maps for chromosome 2. Transcriptome maps for AP,
HC, AM, DH, VH and one based on the average of the median gene expressions across all 5
tissues. The y-axis shows the median gene expression levels (log transformed normalised
gene intensities ranging from 9 to 14) for the 579 Ensembl genes on chromosome 2
represented on the array (AP-Anterior Pituitary, AM-Amygdala, HC-Hippocampus, DH- Dorsal
Hypothalamus, VH-Ventral Hypothalamus).

‘Housekeeping’ and ‘Tissue-specific’ genes identified
In order to define the threshold for expression, the normalized expression
intensities of all genes and negative controls across all arrays and tissues was
determined (Figure 5.5). The threshold for expression defined as the 99.9%
quantile value of the log transformed expression levels of negative controls across
all arrays, was 11.94. Figure 5.5 also shows the number of tissues in which the
expressed genes are distributed, where ‘1’ represents the TS genes expressed only
in one tissue (total of 1035 for the five tissues), ‘2’ represents genes expressed in 2
tissues and so on. Number ‘5’ represents genes expressed in all 5 tissues which we
defined here as HK genes (total of 3651). The distribution of the 1035 TS genes
across individual tissues is also shown (see Table S3 for list of HK and TS genes). The
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Figure 5.5. Determination of expressed genes and their tissue wise distribution. The blue line
in the graph on the left represents expression levels of negative controls on the microarray
and the red line represents that of all other probes. The 99.9% quantile value of expression
levels of all negative controls across all arrays was 11.94, which was taken as the threshold
above which a gene was considered as expressed. The graph on the right depicts the number
of tissues in which the expressed genes are distributed and their tissue wise distributions.
Here, ‘1’ represents the ‘tissue-specific’ genes i.e. expressed only in one tissue (total of
1035), ‘2’ represents genes expressed in 2 tissues and so on. Number ‘5’ represents genes
expressed in all five tissues which we defined here as ‘housekeeping’ genes (total of 3651).
(AP-Anterior Pituitary, AM-Amygdala, HC-Hippocampus, DH- Dorsal Hypothalamus, VHVentral Hypothalamus).

maximum number of TS genes was seen for the AP (490) which is an endocrine
gland. The brain areas, being all of neurological tissue type, share a lot of functions
in common and therefore genes. Hence the number of unique TS genes found were
smaller (141 for AM, 102 for HC, 239 for DH, 63 for VH). Functional analysis of the
orthologous human genes of the bovine genes (human orthologues used for better
annotation information available) in R package ‘GOstats’ (see Materials and
Methods) revealed enriched gene ontology and KEGG pathway terms for the HK
and TS genes (Table S4). In most cases, the terms were not significant at a
Benjamini-Hochberg p-value threshold of 0.1, hence the top 10-15 terms were
considered to get an indication of the most important functions. Briefly, functional
analysis of TS genes per tissue revealed processes like ‘negative regulation of
synaptic transmission, glutamatergic’, ‘negative regulation of transmission of nerve
impulse’ and ‘regulation of behaviour’ for the anterior pituitary, and processes like
‘androgen receptor signalling pathway’, ‘neurotransmitter catabolic process’,
‘behavioural response to pain’ for the brain areas. For HK genes, general processes
related to ATP synthesis, mitotic activity and translation, typical of most tissues,
were found to be enriched.
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Housekeeping genes are over-represented on RIDGEs but tissue-specific genes are
not
Based on 10,000 random samples, the mean percentage overlap between the
randomly sampled genes (equivalent in number to the total HK genes) and the
RIDGE genes was found to be 17.55% (s.d. = 0.53). However, the overlap between
actual HK genes found in our analysis and the RIDGE genes was 23.28% (850 out of
3651 HK genes) which was clearly above expectation (p<0.01). Similarly, the mean
percentage overlap between the randomly sampled genes (equivalent in number
to the total TS genes) and the RIDGE genes, was found to be 17.52% (s.d. = 1.14).
However, the overlap between actual TS genes found in our analysis with RIDGE
genes was found to be 13.14% (136 out of 1035 TS genes) which was clearly below
expectation (p<0.01).
Differences observed in several genomic features of RIDGE versus anti-RIDGE
genes and ‘Housekeeping’ versus ‘Tissue-specific’ genes
The gene length and average intron length were significantly lower in HK genes
compared to TS genes and also significantly lower in genes located on RIDGEs
compared to anti-RIDGEs. In contrast, the GC content was significantly higher in HK
genes compared to TS genes and also significantly higher in genes located on
RIDGEs compared to anti-RIDGEs (Figure 5.6). Further, transcript length and exon
count were significantly lower in HK genes compared to TS genes whereas these
were not significantly different between genes on RIDGEs compared to antiRIDGEs. Differences in exon length were non-significant in both cases (Figure S3).
The results of these comparisons are summarized in Table 5.1.
Table 5.1 Comparisons of genomic features of housekeeping vs. tissue-specific genes and of
genes on RIDGEs vs. anti-RIDGEs.
Genomic features

Housekeeping vs. Tissuespecific genes

RIDGE vs. anti-RIDGE
genes

1

Gene length

Lower *

Lower *

2

Intron length

Lower *

Lower *

3

GC content

Higher *

Higher *

4

Transcript length

Lower *

Non-significant

5

Exon count

Lower *

Non-significant

6

Exon length

Non-significant

Non-significant

* p<0.01
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Figure 5.6 Genomic features of housekeeping vs. tissue-specific genes and of genes present
on the RIDGEs vs. anti-RIDGEs. The following genomic features are represented here: Gene
length, Intron length and GC content. The p-values of the significance of difference between
the genomic feature comparisons are given below each pair of box plots separated by a box
plot depicting the feature for all genes together. The bottom and top of the box are
represents the 25th and 75th percentile (the lower and upper quartiles, respectively), and
the band near the middle of the box represents the 50th percentile (the median). The ends
represent the lowest datum still within 1.5 IQR of the lower quartile, and the highest datum
still within 1.5 IQR of the upper quartile. Any data not included between the ends are plotted
as an outlier with a dot (HK - housekeeping genes, TS - tissue-specific genes).
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Genes subject to positive selection are not randomly distributed on the genome
Out of the 71 genes reported to be subject to positive selection [21], 54 could be
mapped to bovine Ensembl genes with a known genomic location. Of these 54
genes, 12 were found to be located within RIDGEs whereas only one was within an
anti-RIDGE (Table S5). This suggests that genes under positive selection are not
randomly distributed on the genome (p<0.01) but are less likely to be within antiRIDGEs i.e. more likely to be found within RIDGEs and regions of intermediate gene
expression.

5.2 Discussion
Hierarchical clustering of the arrays showed that arrays clustered based on tissue
type but not on days (day0 and day12). The AP being an endocrine gland is clearly
different from the brain tissues and this was evident in the clustering results.
Among the brain areas, the AM and HC tended to cluster together which may be
explained by the close physical and functional proximity between these tissues in
the brain. Similarly, the DH and VH are closer to each other physically and
functionally as they share many nuclei.
A number of regions of high and low gene expression along the chromosomes were
identified. The probability to find as many regions of high and low gene expression
as found in our analysis purely by chance is below 10% for RIDGEs and below 1%
for anti-RIDGEs, suggesting that RIDGEs and anti-RIDGEs are not a random feature
but have an underlying purpose. Given the fact that our data is based on only about
13,000 genes corresponding to good quality probes on the array, we expect more
significant results if we had greater number of genes under study. Therefore, even
the relatively high 10% chance for RIDGEs may be considered to reflect the trend
that RIDGEs are not a random feature in bovine genome. Moreover, the high
correlations among the transcriptome maps from the five tissues studied here
suggest that regional differences in transcription are a general trend in the bovine
genome. High correlations in the global transcriptome profile between diverse
tissues have been reported earlier in other species [8].
HK and TS genes were also identified and the fact that HK genes were significantly
over-represented on RIDGEs indicates that most of these genes are expressed at a
relatively high level. The observations on genomic features of RIDGE versus antiRIDGE genes and of HK versus TS genes are in agreement with previous studies on
human, chicken and other vertebrates. Hence this study extends these general
observations also to bovines. The high degree of correlation between gene
expression levels and genomic features may indicate an evolutionary adaptation
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for energy efficiency of transcription by keeping genes which are highly and widely
expressed, short and compact [6,8,9,10].
Analysis of the TS genes for enriched gene ontology terms revealed neurological
processes as expected for TS genes. For the HK genes, even though our definition
was based on only 5 tissues of which 4 were of neurological type, processes
enriched among those genes were general processes related to energy
metabolism, cell division, transcription etc. expected of most tissues and cells as
they are HK functions. However, it is not possible to conclusively prove that all
these genes as truly HK in the absence of information from other diverse tissues
and physiological conditions of expression. Hence the HK genes reported here, as
defined earlier, only represent genes expressed in all brain tissues represented
here and the anterior pituitary.
RIDGEs were suggested to be preferred sites for formation of chromosomal
aberrations, development of gene deregulation as in tumours and evolutionary
breakpoints in mammalian evolution [26]. Here, we found that positively selected
genes were preferentially distributed on RIDGEs and regions of intermediate gene
expression compared to anti-RIDGEs. This finding seems to contradict that in an
earlier study [16], where it was shown that positively selected genes had reduced
expression levels and were expressed in a TS manner in several human tissues.
However, it may be noted that selection pressures acting on bovines could be quite
different than those in humans, particularly because of the effects of domestication
and intensive artificial selection in bovines for traits preferred by humans. For
example, positively selected genes in bovines include a number of immune related
genes which probably arose in response to the substantial rumen microbial load or
due to keeping cattle in herds where rapid disease transmission is a persistent
threat [21]. Other points to note while comparing our results with those of other
studies which may be based on a large number of diverse tissues is that our
definition of HK and TS genes are based on only five closely related tissues and that
HK genes as defined in our study could overlap with brain-specific genes of other
studies.
To conclude, our findings suggest the existence of chromosomal regional regulation
of transcription in the bovine genome. The HK and TS genes reported here
represent a useful resource for further studying bovine brain expressed genes. The
genomic features observed for genes within RIDGEs and HK genes in bovines agree
with previous studies in several other species further strengthening the hypothesis
of selective pressure to keep the highly and widely expressed genes short and
compact for transcriptional efficiency. Another striking observation was that
positively selected genes were non-randomly distributed on the genome with a
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preference for RIDGEs and regions of intermediate gene expression compared to
anti-RIDGEs.

5.2 Materials and Methods
Ethics Statement
The study was approved by the Animal Care and Ethics Committee of the Animal
Sciences Group of Wageningen University and Research Centre, Lelystad (Approval
ID 2006087a).
Microarray experiment description and analysis
The microarray experiment was carried out as part of a study aimed at identifying
and studying genes that contribute to differences in oestrous behaviour expression
and fertility levels of dairy cows [27]. Briefly, oestrous behaviour was recorded in
28 healthy Holstein Friesian cows from 30 days in milk (DIM) onwards till their time
of sacrifice which varied between 77 and 139 DIM i.e. after at least 2 oestrous
cycles. Samples from 4 brain areas (dorsal hypothalamus, ventral hypothalamus,
amygdala and hippocampus) and the anterior pituitary were collected from these
cows, 14 of which were sacrificed at start of oestrus and 14 at mid of oestrous
cycle. The cows were euthanized in a stress-free, quick and standardized way and
all efforts were made to minimize suffering.
RNA extracted from brain tissue samples were hybridized on Bovine 24K
oligonucleotide (70-mer) microarrays designed and produced by the Bovine
Oligonucleotide
Microarray
Consortium
(BOMC),
USA
(http://www.bovineoligo.org/). The procedures followed for tissue collection, RNA
isolation and microarray hybridization were as described in our earlier study [27].
Briefly, a total of 280 arrays (i.e. 14 cows×2 phases×5 tissues×2 for dye swaps) were
prepared in a common reference design with the dye labels swapped between
individual samples from each brain area and a reference sample consisting of equal
proportions of RNA from all tissues of all cows. Microarray data pre-processing and
analysis was done using the LIMMA (Linear models for microarray data) package
[28] within Bioconductor project [29] of R statistical programming language
(http://www.r-project.org). Briefly, background correction was performed using
LIMMA's ‘normexp’ method (with an offset of 50) followed by within-array ‘print
tip loess’ normalisation and between-arrays quantile normalisation (‘Aquantile’
method). We then transformed the normalized data, converting M-values back to
normalised intensity values so that we could perform an intensity based analysis
rather than ratio based. The final gene expression data matrix analysed here was
obtained by averaging the intensities of the red and green labelled samples per
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individual per tissue, then averaging the median gene expression across individuals
per phase, and finally averaging the expression values for genes represented by
multiple probes on the array.
All microarray experiment data is MIAME compliant and has been deposited in
ArrayExpress (http://www.ebi.ac.uk/microarray-as/ae/) (accession number: ETABM-916). The original annotation provided by BOMC for the bovine 24K
oligonucleotide microarray dates back to June 2007. For our analysis, we used the
bovine oligonucleotide array probe re-annotation (Version 5) based on Ensembl
(http://www.ensembl.org) release 56 (October 2009) provided on the EADGENE
website (http://www.eadgene.info/ToolsResources/EADGENEOligoSetsAnnotation
Files/tabid/324/Default.aspx) by the authors of the oligo-set re-annotation
pipeline, sigReannot [30]. For the re-annotation, out of the 23,496 probes
(excluding control probes) on the bovine oligonucleotide array, only 16,620 probes
that were assigned a quality score between 1 and 4 for their specificity to hits on
the bovine genome were considered. Probes with quality scores between 5 and 7
had either no hits or multiple hits and were not annotated as they were not
specific.
Identifying genomic regions of high and low gene expression
Similar to the protocol followed by Nie et al. [6] for identifying regions of high and
low gene expression levels, we first calculated the gene expression levels along the
chromosome at the position of every gene on it using moving medians based on a
window size of 39 genes i.e. the median of the expression level of that gene and
that of 19 genes flanking it on either side. The Robust Scatter Plot Smoothing
technique (function ‘runmed’ in R package ‘stats’) was used to calculate the moving
median gene expression. The chosen window size of 39 genes falls within the range
of sizes established for chromosomal domains [3] and is similar to the size used in
earlier studies [1,2,6]. We then defined RIDGEs and anti-RIDGEs as those regions on
the chromosome that contain contiguous stretches of at least 10 gene positions
where the moving median gene expression level at each gene position is a certain
fold threshold higher or lower than the overall genomic median expression for the
bovine transcriptome [1,2,3,6]. These higher and lower fold thresholds were
identified by testing a range of thresholds to select the ones that resulted in the
identification of RIDGEs and anti-RIDGEs to cover about 10% of the genome each.
As a consequence, the gene expression fold thresholds are not symmetric. The
choice of 10% coverage is arbitrary and we could have chosen other realistic
genome coverage thresholds above or below this level too, provided enough genes
are selected from RIDGEs and anti-RIDGEs to support the study of the genomic
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features for genes in these regions. Here, we chose 10% genome coverage
threshold to maintain uniformity with previous studies [6,26] and to provide a
reasonable number of genes for further study. The rationale for using a genome
coverage threshold, in addition to expression fold threshold, was to ensure that the
total region studied is constant for both RIDGEs and anti-RIDGEs. In the absence of
any prior knowledge on the presence and extent of coverage of RIDGEs and antiRIDGEs on bovine genome and given the fact the there are several criteria that
could affect the size of the RIDGEs and anti-RIDGEs, we set the genome coverage
threshold to a constant value in order to make the study consistent. In addition, the
criteria of genomic coverage thresholds will make the methodology used in this
study scalable to any microarray platform or species.
Testing the probability of finding RIDGEs and anti-RIDGEs by chance
We know from studies in other species that RIDGEs and anti-RIDGEs represent a
higher order structure in the genome and there is a non-random distribution or
clustering of genes based on their expression levels [1]. Here, after identifying
RIDGEs and anti-RIDGEs with the criteria we defined, we tested whether the
numbers of RIDGEs and anti-RIDGEs identified in bovines were indeed greater than
that expected by random chance. The number of regions identified would be a
function of the region size which depends on criteria we defined i.e. a combination
of thresholds for gene expression level, genome coverage, window size and
contiguous stretch of gene positions satisfying the gene expression threshold. Nie
et al. [6] showed that with window sizes of 29, 39 and 59, the number of RIDGEs
identified reduced proportionately but it was still significantly higher in the actual
genome than on a randomised genome based on permutations of gene positions.
Here too, we do the random permutation test to test whether, with similar
settings, there would be an over-representation of regions with overall high or low
gene expression on the actual genome compared to the randomised genome. In
brief, the test involved permuting the genomic locations of Ensembl genes on the
genome and repeating the RIDGE/anti-RIDGE analysis 10,000 times to create
10,000 random transcriptome maps and then comparing the number of
RIDGEs/anti-RIDGEs thus identified to the number identified in the actual analysis.
Testing the correlation between tissue-specific transcriptome maps
To test for pair wise correlations among the transcriptome maps on all the
chromosomes (applied to the running median expression values with window size
of 39 genes) across tissues, the non-parametric Spearman correlation test was used
on the ranks of the paired transcriptome maps.
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Identifying ‘Housekeeping’ and ‘Tissue-specific’ genes and their functional
analysis
We defined a threshold level for expression as the 99.9% quantile value of the
expression levels of all negative controls on the array. Genes expressed above this
level specifically in one tissue alone were defined as TS genes and those expressed
in all five tissues were defined as HK genes. In order to test whether the identified
TS genes and HK genes contained genes with specific functions expected of these
categories, a functional analysis was done using R package ‘GOstats’ [31]. To take
advantage of the better annotation available for human genes, we first converted
the cattle genes to their orthologous human genes. Genes in the study sets were
tested for enriched Gene Ontology (GO) [32] terms and KEGG [33] pathway terms.
The population set against which the study set genes were tested consisted of the
Ensembl IDs of the orthologous human genes, of which 11,589 remained after
removing duplicates.
Testing RIDGEs for over-representation of housekeeping or tissue-specific genes
For testing if HK genes are over-represented on RIDGEs, we first randomly sampled
the same number of genes from the total Ensembl genes on the array as the
number of HK genes found in our analysis. We repeated this sampling procedure
10000 times and for each random sample, we calculated the percentage overlap of
the sampled genes with the genes found to be present on the RIDGEs. We
performed a similar procedure to test if TS genes are over-represented on RIDGEs.
Based on these, we derived the distributions of expected percentages of HK genes
and of TS genes on RIDGEs under the null hypothesis. We compared this with the
actual percentage of HK genes and TS genes found on RIDGEs in our analysis.
Genomic features of RIDGE versus anti-RIDGE genes and ‘Housekeeping’ versus
‘Tissue-specific’ genes
Similar to the protocol followed by Nie et al. [6], genomic features of RIDGEs versus
anti-RIDGEs and HK versus TS genes were determined and the significance of the
differences between each pair for all features were statistically tested using
Wilcoxon rank-sum test (function ‘Wilcox.test’ in R package ‘stats’). The features
compared were: gene length (genomic length), intron length (averaged intron
length of all transcripts per gene), GC content, transcript length, exon count and
exon length. The information required for these calculations was retrieved from
st
the Ensembl genome database using BioMart [34] on 1 September 2010.
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Genomic distribution of genes subject to positive selection in bovines
To analyse the relation between chromosomal regions of differing gene expression
levels and genes under positive selection, we examined the genomic distribution of
71 bovine genes previously identified as being subject to positive selection [21].
Using Fisher's Exact Test, we tested whether the positively selected genes have a
non-random pattern of distribution on the genome with respect to RIDGEs, antiRIDGEs or regions of intermediate gene expression levels.

Supporting Information
Figure S1. Hierarchical clustering of microarrays.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s001
Hierarchical cluster analysis of the gene expression intensities for all individuals
showed that arrays from the same brain area tended to cluster together but the
effect of day was not evident. (AP-Anterior Pituitary, AM-Amygdala, HCHippocampus, DH-Dorsal Hypothalamus, VH-Ventral Hypothalamus).
Figure S2. Chromosome wise transcriptome maps depicting the identified RIDGEs
and anti-RIDGEs.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s002
The y-axis shows the median gene expression levels (log transformed normalised
gene intensities ranging from 9 to 14) for the Ensembl genes on each chromosome
represented on the array. The solid red and blue lines depict the RIDGEs and antiRIDGEs respectively whereas the dotted red and blue lines represent the
expression threshold to qualify as RIDGE or anti-RIDGE respectively.
Figure S3. Genomic features of housekeeping vs. tissue-specific genes and of genes
present on the RIDGEs vs. anti-RIDGEs.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s003
The following genomic features are represented here: Transcript length, exon
count and exon length. The p-value of the significance of difference between the
genomic feature comparisons is given below each pair of boxplots separated by a
boxplot depicting the feature for all genes together. The bottom and top of the box
are represents the 25th and 75th percentile (the lower and upper quartiles,
respectively), and the band near the middle of the box represents the 50th
percentile (the median). The ends represent the lowest datum still within 1.5 IQR of
the lower quartile, and the highest datum still within 1.5 IQR of the upper quartile.
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Any data not included between the ends are plotted as an outlier with a dot (HK housekeeping genes, TS - tissue-specific genes).
Table S1. Expression data of 13,234 genes in five bovine tissues.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s004
Table S2. Genomic locations of RIDGEs and anti-RIDGEs on the bovine genome.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s005
Table S3. List of housekeeping and tissue-specific genes.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s006
Table S4. Enriched Gene Ontology and KEGG pathway terms in the lists of
housekeeping and tissue-specific genes.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s007
Table S5. Genomic locations of genes subject to positive selection and their overlap
with RIDGEs/ anti-RIDGEs.
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.
1371/journal.pone.0020413.s008
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6.1 Background
Oestrous behaviour (OB) is considered one of the key fertility traits in dairy cows.
Modern dairy farming systems practise artificial insemination (AI) of cows. Proper
timing of AI is crucial to maximize conception rates. The timing of AI is determined
based on the observation of behavioural signs of oestrus which is the phase in
oestrous cycle when the cow is sexually receptive or "in heat". Therefore it is
important that cows express OB well enough to enable proper detection of oestrus.
Several management tools now exist to aid oestrus detection. Most of these are
based on recording of increased physical activity or evidence of the cow having
been mounted by herd mates or teaser animals or on the milk/blood progesterone
profile. The expression of OB has however been declining both in intensity and
duration over the past few decades along with the decline in several other fertility
traits (Lopez et al., 2004). Poor oestrus detection leads to missing the appropriate
timing for AI which in turn results in poor conception rates, extended inter-calving
intervals and associated financial losses. An understanding of the genomic
regulation of OB in dairy cows will present new opportunities for managing this
trait to help improve fertility of dairy cows. Considerable work has been done to
understand the genomic mechanisms regulating OB using model animals, mainly
rodents (Frohlich et al., 1999, Lee and Pfaff, 2008, Pfaff et al., 2008, Vasudevan and
Pfaff, 2008, Pfaff et al., 2011). However, little or no research has been conducted to
study the same in dairy cows or other farm animals. The research described in this
thesis therefore aimed to improve the understanding of genomic regulation of OB
in dairy cows by studying gene expression in the bovine anterior pituitary (AP) and
four brain areas (amygdala (AM), hippocampus (HC), dorsal hypothalamus (DH) and
ventral hypothalamus (VH)) that are involved in regulating OB.
In chapters 2 and 3, we specifically addressed the analyses of the gene expression
data from the AP and brain areas to identify genes whose expression patterns
showed significant linear or non-linear associations with OB scores. In chapter 4,
we investigated gene co-expression networks to identify genes and biological
processes shared among the AP and four brain areas that act together to regulate
OB. In chapter 5, we looked into the phenomenon of chromosomal regional
regulation of transcription and certain genomic properties of genes belonging to
these regions as well as of tissue-specific and housekeeping genes in the AP and
brain areas. The main findings of the chapters 2-5 are discussed in the following
sections to arrive at a more complete picture of the genomic regulation of OB in
dairy cows. Genes differentially expressed in the AP between day0 and day12 are
then discussed in the context of OB related processes. This is followed by a brief
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discussion on regulation of gene expression. The advantages and limitations of the
analytical methods used in this thesis are discussed next followed by some points
that would be useful to consider in future studies on genomic regulation of OB. I
end this chapter with a discussion on the steps needed to apply the new knowledge
in practice to optimize fertility in dairy cows.

6.2 Genomic regulation of oestrous behaviour in dairy
cows
The genomic regulation of OB in dairy cows is discussed here using the framework
of the GAPPS modules (Mong et al., 2003, Mong and Pfaff, 2004). As introduced in
chapter 1, GAPPS represents a set of five modules, based mainly on studies in
rodents, to help explain the causal relations between sex hormones and female
mating behaviour. A summary of the main findings is provided in Table 6.1.
Table 6.1 Oestrous behaviour associated genes and processes in dairy cows known to
correspond to processes within the GAPPS modules.
GAPPS modules
Growth

Characteristics
Increase in the input /
output connections for
behaviour-directing
hypothalamic neurons

Corresponding genes and processes in cows
Synaptic plasticity
• Immune related genes - CTLA4, IL1RL1,
MARCO
• Neurotransmitter receptors - CHRM1,
CHRM3, CHRNA5
• Ribosomal genes - RPL14, RPL18, RPL24,
RPS11, RPS18
• Others - NEFL, NDRG2, THY1

Amplification

Amplification of
PGR gene up-regulated in the AP at day0
oestrogen effect by
progesterone mediated
by progesterone receptor

Preparation

Preparation for mating

Permission

Permissive actions by
Arousal, activation of protein kinases and
2+
hypothalamic neurons for release of Ca
the mating behaviour to
• CHRM1, CHRM3, CHRNA5, PLCB2, ITPKA
occur

Synchronisation

Synchronise mating
Prostaglandin regulators
behaviour with ovulation • PTGDS, PTGIS, PTGFR
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Female sexual receptivity
• OXT, AVP, HTR2A, DRD2, GABRA6
Anxiolytic effect
• OXT, TTR, KCNN2
Altered feeding motivation and mood
• POMC, MCHR1, MOBP, LTA4H
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The first of these modules is the hormone dependent Growth (G) response, driven
by oestrogen and progesterone that triggers an increase in the input and output
connections for behaviour-directing hypothalamic neurons. This may be considered
equivalent to processes related to synaptic plasticity found in our analyses. The
genes responsible for synaptic plasticity were found here not only in the
hypothalamic neurons but also other brain areas and the AP during the time of
oestrus. Several “immune-related” genes found in the association studies (chapters
2-3) like CTLA4, IL1RL1, MARCO, FCRLA, IL33, CCL26 and CXCL10 may facilitate
remodelling of synaptic networks. It has been shown that immunoglobulin
superfamily proteins play important roles in brain developmental processes and
the functioning of neuronal networks in adults because they provide the ideal
structure for protein–protein interactions and, thus, cell-cell interactions (Rougon
and Hobert, 2003). The co-expression study (chapter 4) also revealed certain hub
genes within gene co-expression networks between brain areas and AP that have
functions related to neuronal growth or plasticity - NEFL (Terry-Lorenzo et al.,
2000), NDRG2 (Takahashi et al., 2005), THY1 (Rege and Hagood, 2006) and GAP43
(Gispen et al., 1991). The gene NEFL, for example, regulates the dephosphorylation
of phosphoproteins implicated in synaptic plasticity. Further, several ribosomal
genes associated with OB in the association studies (RPL24) or the co-expression
studies (RPL14, RPL18, RPS11, RPS18 etc.) across several brain areas. The increased
synthesis of ribosomal RNA in the ventromedial hypothalamus has been reported
to be one of the early effects of oestrogen administered sub-cutaneously in
ovariectomised rats and represents a primary event in the activation of neuronal
cells and neuronal pathways involved in female reproductive behaviour (Jones et
al., 1990). Oestrogen driven expansion of dendrites and synapses follows from the
stimulation of synthesis of ribosomal RNA (Mong and Pfaff, 2004, Pfaff, 2005).
The second module in GAPPS is the Amplification (A) of the oestrogen effect by
progesterone mediated by nuclear progesterone receptor (PGR). In our study, the
expression of PGR was not found associated with the level of OB in any of the
tissues studied. However, a differential expression analysis between day0 and
day12 of the oestrous cycle (described in section 6.3) revealed that PGR was upregulated in the AP at day0. Therefore the increased expression of PGR during day0
supports the amplification of the oestrogen effect in cows which is a requisite for
OB to occur. However, the level of OB displayed did not depend on the PGR
expression level.
Next, the Preparation (P) module in GAPPS refers to preparation of the female for
mating which involves analgesia, anxiety reduction, social recognition and
aggression. Among the genes found associated with OB in several brain areas in our
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analyses were oxytocin (OXT) and arginine vasopressin (AVP). Oxytocin, produced
by the supraoptic and paraventricular nuclei of the hypothalamus is released within
the brain where it acts on specific oxytocin receptors to elicit effects like female
sexual receptivity, grooming behaviour and partner bonding (Leng et al., 2008). In
the presence of oestrogen, oxytocin exerts an anxiolytic effect, mediated by
increases in oxytocin binding density in the lateral septum, thereby favouring
courtship and mating (McCarthy et al., 1997, Mong and Pfaff, 2004). Similar to
oxytocin, vasopressin is associated with sexual behaviour and bonding and its
expression is under the control of oestrogen and progesterone (Patisaul et al.,
2003, Kalamatianos et al., 2004, Curley and Keverne, 2005, Donaldson and Young,
2008). The genes POMC, MCHR1, CCK, DRD2, HTR2A and GABRA6, which associated
with OB score in at least one of the brain areas studied here (details in chapter 3),
are known to modulate emotional states like anxiety and satiety (Rex et al., 1997,
Marsh et al., 2002, Uhart et al., 2004, Millington, 2007). The link between fertility
and appetite is evident from the finding of genes POMC and MCHR1, both of which
play roles in feeding behaviour, metabolic rate and feed intake (Marsh et al., 2002,
Millington, 2007). It is known that interactions between monoamines (dopamine,
serotonin, noradrenaline) and steroid hormones play a major role in the integration
of reproductive behaviour and gonadal function (Fabre-Nys, 1998). In ewes,
dopamine-mediated D2 receptor (DRD2) signalling in the mediobasal hypothalamus
is known to affect female sexual motivation and receptivity (Fabre-Nys et al., 2003).
Further, the perception and awareness of male-related cues differs with the stage
of oestrous cycle, with releases of monoamines (linked to HTR2A and DRD2) and
gamma-aminobutyric acid (GABA) (linked to GABRA6) in the mediobasal
hypothalamus being triggered by such cues only when ewes are in oestrus (FabreNys et al., 1997). Studies in female rats and hamsters have shown the inhibitory
and facilitator effects of serotonin receptor agonists and antagonists on the
hypothalamic regulation of sexual receptivity (Uphouse, 2000, Caldwell and Albers,
2002). This regulation is also mediated by GABAergic neurons interacting with
serotonin containing neurons. Many other genes that we found in our analyses are
known from studies in other species to play a role in emotional responses, e.g. TTR
has been linked to anxiety (Sousa et al., 2004), MOBP to mood disorders (Sokolov,
2007), LTA4H to depression (Zhao et al., 2009) and KCNN2 to anxiety and stress
responses (Mitra et al., 2009).
The next GAPPS module called Permission (P) refers to the permissive actions by
hypothalamic neurons for the mating behaviour to occur. Involved in this process
are noradrenergic (NA) α-1b receptors as well as muscarinic receptors which are
induced by oestrogen in the ventromedial hypothalamic neurons. Our finding of
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the association between OB scores and the expression of ACHE and several
cholinergic receptors (CHRM1, CHRM3 and CHRNA5) can be explained by the effect
of the neurotransmitter acetylcholine on arousal, plasticity and reward. The
products of the muscarinic cholinergic receptor genes, CHRM1 and CHRM3, are G q 2+
protein coupled receptors whose activation releases intracellular calcium (Ca ) via
the phospholipase C - inositol 1,4,5-trisphosphate signalling pathway (Billups et al.,
2006). The genes for phospholipase C and inositol triphosphate kinase (PLCB2,
ITPKA) and several protein kinases were also found associated to OB scores. These
findings can be explained based on the hypothesis put forward by Kow and Pfaff
(2004) that the membrane actions of oestrogen can modulate the genomic actions
of oestrogen and that this transcriptional potentiation is mediated via signalling
pathways requiring the activation of certain protein kinases and increased
2+
intracellular Ca .
Finally, the OB score associated genes (PTGDS, PTGIS, PTGFR) that regulate
prostaglandin functioning may be involved in the last GAPPS module, i.e.
Synchronisation (S) of mating behaviour with ovulation where oestrogen inducts
GnRH. Prostaglandins are known to be under the influence of oestrogen (Amateau
and McCarthy, 2002) and are capable of directly affecting neurons that synthesize
and secrete gonadotropin-releasing hormone (Jasoni et al., 2005, Clasadonte et al.,
2011).
It was thus possible to place many of the genes and processes that we identified as
associated with bovine OB regulation within the framework of the GAPPS modules.
This provided new insight into the similarity of processes involved in the genomic
regulation of OB in dairy cows compared to rodent models, though certain
individual genes may vary between the two species. There were also several OB
associated genes which were not well-annotated or whose current annotation does
not reveal its role in OB regulation. These genes will be especially interesting to
target in future research to establish their potential role in OB regulation.

6.3 Genes differentially expressed between oestrus and
mid-cycle
To identify genes whose expression related to the phase of the oestrous cycle, we
performed differential expression analyses of the AP and the brain areas between
day0 and day12 cows (unpublished study). This analysis revealed 29 differentially
expressed probes (27 up regulated and 2 down regulated) in the AP and none in
the brain areas that showed at least a 2-fold change in expression at a p-value of
below 0.01. The failure to identify any differentially expressed genes in the brain
areas between the two phases may be because of one or more of the following
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reasons: phase specific genes were expressed in the brain at levels too low to be
detected or at levels that did not differ significantly between the phases or certain
probes corresponding to phase specific genes were missing on the microarray.
Regarding the differentially expressed probes in the AP, only 10 probes had specific
genes annotated to them based on the microarray probe re-annotation (Casel et
al., 2009) that we followed. These included the following genes, all of which were
up-regulated at day0: NPPC, SULF2, PGR, PDLIM3, LARP1, C17ORF48, KIAA1755,
FXC1, CLEC14 and KAZN. This small number of genes did not reveal any significant
biological processes to explain their functioning together using gene ontology (GO)
(Ashburner et al., 2000) and KEGG pathway (Kanehisa and Goto, 2000) enrichment
tests. However, the functions of some of the differentially expressed genes fitted
with key biological processes associated with OB regulation namely anxiolytic
activities and synaptic plasticity in the brain (Frohlich et al., 1999, Lee and Pfaff,
2008, Pfaff et al., 2008, Vasudevan and Pfaff, 2008, Pfaff et al., 2011). For example,
the product of the gene NPPC called C-type natriuretic peptide (CNP) was
suggested to have a role in mediating anxiety in rats via a mechanism that depends
on corticotrophin-releasing hormones (Bíró et al., 1996, Montkowski et al., 1998).
Anxiolytic effects mediated by hormones like oxytocin are known to favour
courtship and mating during oestrus (McCarthy et al., 1997, Mong and Pfaff, 2004),
and NPPC could also be playing a part in this process. Further, extensive localisation
of CNP transcripts have been reported in several brain areas like the olfactory
nuclei of the forebrain, anteroventral periventricular nuclei and arcuate nuclei of
the hypothalamus, limbic cortices and hippocampal subfields CA1-3 (Langub et al.,
1995), some of which are known to be involved in mediating emotional responses.
Another gene, SULF2 was found to be associated with neurite outgrowth, synaptic
plasticity and behaviour in mice (Kalus et al., 2009), which are functions shared by
several other genes found in the association analyses described in the previous
section. The gene PGR was an obvious candidate because progesterone is a major
hormone regulating female reproductive cycle and it is known that reproductive
behaviours and progesterone-regulated neural responses are mediated by
progesterone receptors (Brinton et al., 2008).
The differential expression analysis therefore revealed oestrus phase up-regulated
genes in the AP some of which are known to be involved in processes related to
OB. However, not much is currently known about the other genes in the list of
differentially expressed genes to link them to processes associated with the phase
of oestrous cycle or OB. Therefore it would be interesting to investigate these
genes for novel alternative functions that have to do with processes related to
oestrus.
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6.4 Regulation of gene expression
Now that several genes and biological processes associated with OB regulation
have been identified, a valuable next step would be to identify the regulatory
factors like transcription factors (TFs) or microRNAs (miRNAs) that control the
expression of these genes. Identifying these factors is important to help reconstruct
gene regulatory networks. However, identifying genes encoding TFs in microarray
experiments is difficult because of their generally low expression levels and
because their activity is mainly regulated at the post-transcriptional level (Kel et al.,
2006). The fact that gene expression is controlled not only by individual TFs but
also by combinatorial interaction of TFs and their binding motifs on the genome
further complicates the reconstruction of gene regulatory networks. An indirect
way to determine the TFs involved is to analyse the promoters of co-expressed
genes for common TF binding sites. However, this approach has several limitations:
combinatorial regulation by TFs is not addressed in this approach; relevant TFs may
not be identified even when over-represented binding sites are found; and poor
statistical significance of the results (Kato et al., 2004). Genome-wide analysis of TF
binding sites by chromatin immunoprecipitation (ChIP) based assays like ChIP-chip
(Ren et al., 2000, Lieb, 2003) or ChIP-Seq (Robertson et al., 2007) using bovine AP
and brain tissue samples will help reveal TFs specific to these tissues. This
information combined with the OB associated genes and co-expressed genes found
in our analysis will help identify the TFs involved in regulating genes associated with
OB.
At the level of post-transcriptional gene regulation, one of the most important
players is the miRNA. A relatively large number of the known miRNAs are
expressed in the mammalian brain (Sempere et al., 2004, Nelson et al., 2006), and
at comparatively high levels (Fiore et al., 2008). Brain expressed miRNAs have been
shown to be involved in neuronal development and differentiation (Makeyev et al.,
2007, Visvanathan et al., 2007), neuronal morphogenesis (Wayman et al., 2008),
modulation of the circadian clock (Cheng et al., 2007) and in synapse functioning
(Schratt, 2009). Further, there is now evidence to link miRNAs with
neurodegenerative disorders like Alzheimer’s disease, Parkinson’s disease,
Schizophrenia and others (reviewed in Gerhard, 2009, Saba and Schratt, 2010)
where behavioural changes are evident. The above mentioned functions of miRNAs
hint to their likely involvement in the regulation of genes associated with OB,
several of which have been found here to be involved in biological processes like
synaptic plasticity or with processes affected in neurodegenerative disorders.
Stable extra-cellular miRNAs have even been identified in various body fluids, thus
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generating great interest in miRNAs as potential biomarkers and therapeutic
targets in neurological disorders (Etheridge et al., Siegel et al., 2011). Therefore
studying the role of miRNAs in the brain in relation to OB is especially interesting to
identify miRNAs associated with OB regulating genes and to explore the possibility
of their use as biomarkers. Microarrays and next generation sequencing
technologies have been developed to detect miRNAs. The current release (Release
17: April 2011) of the online repository (http://www.mirbase.org) for published
microRNA sequences and their associated annotation (Griffiths-Jones et al., 2005)
enlists 662 bovine miRNAs. However, much research is still needed to fully
understand the roles of these miRNAs, especially those expressed in the brain.
Another aspect associated with regulation of gene expression is the clustering of
genes on chromosomes based on their expression levels. Chromosomal regions of
increased or decreased gene expression (RIDGEs and anti-RIDGEs) compared to the
average gene expression across the genome have been shown in several species
(Caron et al., 2001, Versteeg et al., 2003, Gierman et al., 2007). In chapter 5, we
showed that this phenomenon of chromosomal regional regulation of transcription
exists in the bovine genome too. Further, the genes we identified as expressed in
the AP and four brain areas (which we referred to as housekeeping genes) were
over-represented within RIDGEs but genes found expressed in only one of the five
tissues studied here (referred to as tissue-specific genes) were not. Housekeeping
genes and genes within RIDGEs had, in general, higher expression levels and GC
content but shorter gene lengths and intron lengths than tissue-specific genes and
genes within anti-RIDGES. The genomic features observed for genes within RIDGEs
and housekeeping genes in bovines agree with previous studies in several other
species further strengthening the hypothesis of selective pressure to keep highly
and widely expressed genes short and compact for transcriptional efficiency
(Castillo-Davis et al., 2002, Lercher et al., 2002, Lercher et al., 2003, Vinogradov,
2004). Further, positively selected genes in bovines were found non-randomly
distributed on the genome with a preference for RIDGEs and regions of
intermediate gene expression compared to anti-RIDGEs. Targets of positive
selection have been linked to complex trait phenotypes. Therefore the quest for
genes controlling complex traits may be supported by finding signatures of positive
selection and regional patterns of gene expression that help narrow down the
regions on the genome to look for these genes.

6.5 Analytical methods used to identify genes associated
with oestrous behaviour
In chapters 2 and 3, we used a Bayesian hierarchical model based method
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(Jia et al., 2008) to identify genes whose expression patterns showed significant
linear or non-linear relationships with OB scores. Since genes in a regulatory
network may interact in complex ways (feedback mechanisms, cooperation or
competition between genes) to result in non-linear associations between gene
expression levels and phenotype, it was advantageous to use a model that
accounts for both linear and non-linear associations, for example, through
polynomial regression. Use of a Bayesian approach over frequentist also had
several advantages for the regression model applied to our data. Firstly, inferences
are based on the posterior distribution, which provides an easily interpretable
alternative to p-values. Secondly, Bayesian interval estimates obtained from
Markov chain Monte Carlo (MCMC) procedures are more appropriate in small
samples than confidence intervals from ordinary regression (Dunson, 2001).
However, as we found out in our analyses, given the relatively small number of
animals used in our experiment (14 at day0 and 14 at day12), the most reliable
associations were the linearly associated gene expression patterns. Second order
associations were less reliable whereas third order or higher associations were
untrustworthy as it was not possible to distinguish between true and spurious
associations. We tested the reliability of using the Bayesian hierarchical model
based method on our dataset by repeating the analyses three times and checking
for the consistency of results obtained as well as by performing a leave-one-out
analyses (details in chapter 2). The overlap in the results varied between 79-88%
for the repeated runs and between 44-76% for the leave-one-out analyses. As
expected, the differences were not only in the number of associated genes found
but also the pattern of association it was assigned to. Therefore, the relatively low
number of animals sampled in this study was a constraint on this methodology due
to which, especially the higher order relationships seemed to be in some cases an
artefact of the method. We therefore focussed on the more reliably predicted
linearly associated genes and then carefully considered genes with higher order
associations.
In the association based study mentioned above, we looked separately per brain
area into OB associated gene expression. However, in real life scenario, the
expression of a complex trait like behaviour may be the result of intricate
interactions between different brain areas and the AP in response to hormonal,
visual, physiological and other signals. Therefore, in chapter 4, we used a method
called ‘Weighted Gene Co-expression Network Analysis’(WGCNA) (Zhang and
Horvath, 2005, Langfelder and Horvath, 2008) to study gene co-expression patterns
preserved among relevant brain areas and AP. The study revealed additional OB
associated genes that were not found when studying the brain areas separately in
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the association study. Valuable information on hub genes (e.g. NEFL, NDRG2, THY1
etc.) and biological processes (e.g. glial cell development, regulation of neural
projection development, ribosome and biosynthetic processes etc.) shared
between brain areas acting together in regulating OB expression were obtained
(details in chapter 4). It should be noted that the products of some of the genes
within the co-expressed modules may fall in different cellular compartments and
may have no possibility for physical interaction in vivo. Nevertheless, their
belonging together in a module may indicate that the co-expressed genes across
the AP and four brain areas may be responding to common regulatory factors or
signals.

6.6 Considerations in future research
I now discuss some points to consider in follow on studies on genomic regulation of
OB in dairy cows. In our experiment, to ensure that there were at least a few cows
coming into oestrus at the same time, a group size between 15 and 30 was
maintained throughout the experiment by adding additional cows from the main
herd to replace the experimental cows that were sacrificed. In spite of this, the
number of cows that came into oestrus on a particular day still varied. This might
have contributed to variations in the intensity of OB displayed as the number of
cows in oestrus at the same time in a herd can positively influence the behaviour
displayed (Hurnik et al., 1975). Further, to avoid the effects of circadian rhythm on
gene expression related to OB, the euthanizing of the cows and sample collection
were done only during the morning within a fixed time slot. This might have
resulted in slight variations in the progression of oestrus phase in the different
cows at the time of their sacrifice. Both the above mentioned factors could have
been better controlled by synchronizing the oestrous cycle of experimental cows
using external hormonal treatments (Ryan et al., 1999). Many of the studies in
rodents and other experimental animals that aimed to study OB, in fact, used
external hormone treatments to study consequent changes in gene expression in
the brain. However, we did not follow this approach as the external hormone
treatment could alter the normal hormonal balance of the cows. The disturbed
hormonal balance may also affect the normal expression profile of genes involved
in the regulation of OB. Further, the extent to which the normal OB may deviate
due to the influence of external hormones is not clear. We therefore opted to
study genomic regulation of OB within the normal undisturbed oestrous cycle of
the experimental cows. With the current research findings as a benchmark, future
research may be conducted after oestrous synchronisation too. An improvement in
future studies could be to increase the observation periods for cows in oestrus and
134

6 General discussion

use of oestrus detection aids. Technologies like video recording of the cow herd or
pedometers or electronic devices like “Heat watch” (http://www.cowchips.net/)
would ensure that cows showing enhanced OB outside of the observation times is
accounted for.
In the current experiment, whole brain areas were used as samples for the
microarray. Using samples of specific nuclei in the brain which are known to
influence sexual behaviour could result in a more specific and sensitive gene
expression study. For example, the ventromedial nuclei (Etgen, 1987, Richmond
and Clemens, 1988), the medial pre-optic nuclei (Matuszewich et al., 2000), and
para-ventricular nuclei (Richards et al., 2010) of the hypothalamus are known to
control sexual receptivity and behaviour in female rats. Methods like laser-capture
micro-dissection (LCM)(Espina et al., 2006) can be used to specifically collect these
nuclei or subpopulations of tissue cells under direct microscopic visualization and
use them for the gene expression study, with several methods optimised for brain
tissue (Bonaventure et al., 2002, Segal et al., 2005). Bernard et al. (2011) recently
described a region-specific in situ hybridization-guided LCM method on postmortem human brain tissue coupled with gene expression quantification.
Another point to consider is to have gene expression measures from several
relevant time points across the oestrous cycle. Microarrays only provide a snapshot
of the gene expression at a particular point of time when the sample is collected.
For a broader perspective on the dynamics of gene expression across the cycle for
key genes associated with OB regulation, it would be advantageous to use tissues
collected from not only day0 and day12 but also other important time points in the
oestrous cycle that correspond to major hormonal changes. For example,
microarrays of samples collected on days just preceding oestrus would capture the
effects of the GnRH and LH surges on gene expression.
Regarding the choice of microarray platform, while one-colour or two-colour
microarray platforms are essentially equivalent in quality of performance
(Patterson et al., 2006), for the association and co-expression analyses done here,
absolute expression levels (from one-colour arrays) would make the interpretation
of results more straightforward than ratio-based expression levels (from twocolour arrays). New technologies like RNA-seq which is based on next generation
sequencing not only give absolute expression levels but also offer several
advantages over microarrays. Unlike microarrays, RNA-seq does not depend of predesigned probes but on sequencing, and therefore it can read the entire
transcriptome including currently unknown transcripts and splice variants in a
relatively unbiased way. RNA-seq is also more sensitive and has a broader dynamic
range than microarrays to measure differences in transcript levels. Though RNA-seq
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is currently an expensive technology, its costs are rapidly falling. The advantages of
RNA-seq over microarrays make it worthwhile to consider using RNA-seq
technology in future research on genomic regulation of OB.

6.7 Concluding remarks
This study has successfully identified genes and their associated biological
processes to provide a better understanding of the genomic regulation of OB in
dairy cows. To make this knowledge practically useful in dairy farming, it is
important to first validate the most promising candidate genes identified here,
especially the genes also known from literature to have functions related to OB in
other species and the hub genes from the co-expression study. How the validation
can be achieved would however be a challenge, given the difficulty to collect brain
tissue samples from cow during their lifetime. Use of laboratory animals like
rodents will allow the use of selective knock out or knock down mutants to study
the influence of genes identified in our study. There is also the possibility to use
advanced mathematical models to assist in the validation of the roles of these
genes. The use of mathematical models for oestrous cycle in cows with inputs from
physiological parameters has been reported (Boer et al., 2011). It would be
valuable to extend this model to study how changes in expression of key genes
identified in our study affect OB expression.
Following validation, the genes may be screened for biomarker development. One
possibility could be to correlate the level of specific proteins or metabolites in cow
milk or blood with the gene expression profile of genes found here to be correlated
to OB. Highly correlated cases may be considered as biomarkers for development
of quick assays to determine the oestrous status of the cow. In a recent study (Cai
et al., 2010) that identified consensus modules preserved between blood and brain
in a gene co-expression based analysis, it was shown that transcriptome
organization was generally poorly preserved between these two tissues. However,
there were certain genes in the consensus modules, especially those involved in
basic cellular processes, which exhibited a strong preservation. Some of the genes
identified in our study could be involved in the synthesis of particular metabolites
that cross the blood brain barrier or are released into the portal blood and reach
general circulation. These metabolites could potentially be measured and should
be explored for biomarker development.
Genome-wide association studies (GWAS) based on high throughput SNP
genotyping technologies is now a preferred and efficient method to identify SNPs
associated with quantitative traits. This method requires phenotypic information
on several hundreds to thousands of individuals. In dairy cattle, GWAS has
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successfully identified SNPs associated with several fertility traits and production
traits (Daetwyler et al., 2008, Lillehammer et al., 2009, Mai et al., 2010, Bouwman
et al., 2011). GWAS for OB traits, which has yet to be done, has the potential to
reveal OB associated SNPs. Combining the information on genes that associated
with OB in our analysis with positions of SNP that may be associated with OB can
potentially help identify the most relevant genes affecting OB.
To conclude, this study has revealed important new aspects of the genomic
regulation of OB in dairy cows. Key findings are presented within the framework of
the GAPPS modules (Table 6.1). The findings here would serve as a valuable
reference to provide leads on genes to follow on in future research on
understanding OB regulation. Further, it could help geneticists to prioritize the
regions on the genome, the QTLs and the genes in the vicinity of SNPs that are
associated with fertility traits. The new knowledge could also be used to optimize
fertility of dairy cows by aiding to improve existing or to devise novel reproductive
management tools like diagnostic tools to determine the reproductive health,
energy and/or fertility status of the cow, oestrus detection tools and so on.
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Concurrent to the impressive improvement achieved over the last few decades for
the trait of milk production in dairy cows was a steady decline in several fertility
traits. Oestrous behaviour (OB), a key fertility trait in dairy cows, has been declining
both in intensity and duration, thereby making it difficult for farmers to identify the
appropriate time for artificial insemination of their cows. An understanding of the
genomic regulation of OB will present new opportunities for managing this trait to
help improve fertility in dairy cows.
In Chapter 1, I begin with an introduction into the problems with fertility in high
producing cows and the current state of knowledge of the physiological and
genomic mechanisms regulating OB in female mammals. Although considerable
work has been done to understand the genomic mechanisms regulating OB using
model animals mainly rodents, little or no research has been conducted to study
the same in dairy cows. The research described in this thesis therefore aimed to
improve the understanding of genomic regulation of OB in dairy cows by studying
gene expression in the bovine anterior pituitary (AP) and four brain areas
(amygdala, hippocampus, dorsal hypothalamus and ventral hypothalamus) that are
involved in regulating OB.
Towards this aim, a large scale microarray experiment was conducted followed by a
series of different analyses that included model based association of gene
expression with OB scores, gene co-expression and differential expression. In brief,
OB was recorded in 28 healthy primiparous Holstein Friesian cows for at least two
consecutive oestrous cycles, following which, 14 were sacrificed at the start of their
oestrous cycle (day0) and 14 around mid-cycle (day12). Tissue samples were
collected from the AP and four brain areas that are involved in OB regulation. A
total of 280 microarrays (i.e. 28 cows x 5 tissues samples x 2 dye swaps) were
prepared in a common reference design to generate the gene expression data. The
data pre-processing and analysis was done using the LIMMA package within
Bioconductor project of R statistical programming language. Gene expression levels
expressed as M-values were thus obtained for each tissue per cow. This data was
used for all subsequent analyses.
In Chapter 2, we identified and studied genes that associated with OB among genes
expressed in the bovine AP either at the start of oestrous cycle or at the mid-cycle,
or regardless of the phase of cycle. Gene expression levels were modelled as a
function of the orthogonally transformed average OB scores per cow using a
Bayesian hierarchical mixed model on data from day 0 cows alone (analysis 1), day
12 cows alone (analysis 2) and the combined data from day 0 and day 12 cows
(analysis 3). Genes whose expression patterns showed significant linear or nonlinear relationships with OB scores were identified in all three analyses. Gene
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ontology terms enriched among genes identified in analysis 1 revealed processes
associated with expression of OB (e.g. ‘behaviour’, ‘secretion’, and ‘nervous system
development’) whereas the terms enriched among genes identified in analyses 2
and 3 were general processes (e.g. ‘multicellular organismal process’) which may
facilitate proper expression of OB at the subsequent oestrus.
Similar to the analysis of the gene expression data of the bovine AP described in
Chapter 2, the four bovine brain areas were analysed and their results reported in
Chapter 3. Some additional steps to refine the analyses of the brain areas included
limiting further analysis to genes whose expression patterns showed significant
linear or quadratic relationships but not third order relationships and to consider
only those genes as significant that showed up in 5 repeated runs of the Gibbs
sampling based algorithm. The identified genes included those that are known to
be involved in processes associated with OB like socio-sexual behaviour (e.g. OXT,
AVP, GABRA6, HTR2A, DRD2), anxiety, stress and feeding motivation (e.g. POMC,
MCHR1, TTR) as well as nervous system related processes (e.g. CHRM1, CHRM3,
CHRNA5, CTLA4, IL1RL1, MARCO), suggesting a link between neuronal plasticity and
OB. We also found genes whose association with OB is novel and these warrant
further investigation. Further, as in Chapter 2, here too several genes expressed in
mid-cycle were found associated with OB scores suggesting that they may have a
function in the proper expression of OB at the next oestrus.
Next, in Chapter 4, we identified genes and biological processes shared among the
bovine AP and four brain areas that act together to regulate OB. Here, gene coexpression networks were defined using the method called ‘weighted gene coexpression network analysis’ (WGCNA). Consensus modules of co-expressed genes
shared between the networks were found for several tissue pairs. Modules whose
representative expression profile correlated with the level of OB exhibited by the
individual cows were then identified. OB correlated modules were found enriched
for gene ontology terms like glial cell development and regulation of neural
projection development as well as for KEGG pathway terms related to brain
degenerative diseases. Biological terms found common to several OB correlated
consensus modules included general cellular processes like oxidative
phosphorylation, ribosome and biosynthetic processes, indicating increased
transcription and protein synthesis. Stimulation of ribosomal RNA synthesis is
known from rodent studies to be a primary event in the activation of neuronal cells
and pathways involved in female reproductive behaviour and this precedes the
oestrogen driven expansion of dendrites and synapses. Similar processes therefore
operate in cows too to affect OB. Hub genes within the OB correlated modules (e.g.
NEFL, NDRG2, GAP43, THY1, TCF7L2 etc.) are strong candidates among genes
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regulating OB expression. Thus, new insights were obtained into genes and
biological processes shared among the bovine AP and brain areas acting together
to regulate OB.
In Chapter 5, we showed the phenomenon of chromosomal regional regulation of
transcription to exist in the bovine genome. Housekeeping genes in the brain were
found over-represented within chromosomal regions of increased gene expression
(RIDGEs) but tissue-specific genes were not. Housekeeping genes and genes within
RIDGEs had, in general, higher expression levels and GC content but shorter gene
lengths and intron lengths than tissue-specific genes and genes within
chromosomal regions of decreased gene expression (anti-RIDGES). The genomic
features observed for genes within RIDGEs and housekeeping genes in bovines
agree with previous studies in several other species further strengthening the
hypothesis of selective pressure to keep the highly and widely expressed genes
short and compact for transcriptional efficiency. Further, positively selected genes
were found non-randomly distributed on the genome with a preference for RIDGEs
and regions of intermediate gene expression compared to anti-RIDGEs.
Finally in Chapter 6, I discuss the main findings of the previous chapters to arrive at
a more complete picture of the genomic regulation of OB in dairy cows. The GAPPS
modules that account for the causal relations between sex hormones and female
mating behaviours were used as a framework to discuss the OB associated genes
and processes in dairy cows (summary table provided). Genes differentially
expressed in the AP between day0 and day12 are then discussed in the context of
OB related processes. This is followed by a brief discussion on regulation of gene
expression. The advantages and limitations of the analytical methods used in this
thesis are discussed next followed by some points that would be useful to consider
in future studies on genomic regulation of OB. I end this chapter with a discussion
on the steps needed to apply the new knowledge in practice to help optimize
fertility in dairy cows.
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Gelijktijdig met de indrukwekkende verbetering die in de afgelopen decennia voor
de melkproductie bij melkkoeien is bereikt was er een gestage daling van de
vruchtbaarheid. Oestrus (Tochtigheid) gedrag (OG), een belangrijke eigenschap
vruchtbaarheid van melkkoeien, is zowel in intensiteit als in duur afgenomen
waardoor het voor de boeren moeilijk is om het juiste inseminatie moment van
hun koeien te bepalen. Een goed begrip van de genomische regulering van OG zal
nieuwe mogelijkheden bieden voor het beheer van deze eigenschap om te helpen
de vruchtbaarheid van melkkoeien te verbeteren.
In hoofdstuk 1, geef ik een introductie van de problemen met vruchtbaarheid van
hoogproductieve koeien en de huidige stand van kennis over de fysiologische en
genetische mechanismen van de regulatie van OG bij vrouwelijke zoogdieren. Er is
reeds veel werk gedaan aan de genomische regulatie mechanismen van OG in
model dieren, vooral knaagdieren, maar er is weinig of geen onderzoek verricht bij
melkkoeien. Het onderzoek beschreven in dit proefschrift is dan ook gericht op het
begrijpen van de genetische regulatie van OG bij melkkoeien door het bestuderen
van gen-expressie in de runder-hypofysevoorkwab (AP) en vier hersengebieden
(amygdala, hippocampus, hypothalamus dorsale en ventrale hypothalamus) die
betrokken zijn bij het reguleren van OG.
Hiervoor werd een groot microarray experiment uitgevoerd gevolgd door een reeks
van verschillende analyses. De associatie van genexpressie met OG scores, gen coexpressie en differentiële expressie werden bestudeerd. In het kort werd OG
bepaald bij 28 gezonde primipara Holstein Friese koeien voor ten minste twee
opeenvolgende oestruscycli, waarna, 14 koeien werden geofferd aan het begin van
hun oestrogeencyclus (dag0) en 14 koeien rond mid-cyclus (dag12). Weefsel
monsters werden verzameld uit de AP en vier hersengebieden die betrokken zijn bij
OG regulatie. Een totaal van 280 microarrays (dat wil zeggen 28 koeien x 5 weefsels
samples x 2 duplo experimenten met omkering van de kleur) gehybridiseerd
volgens de common-referentie methode om de genexpressie gegevens te
genereren. De gegevens pre-processing en analyse werd gedaan met behulp van
het Limma softwarepakket binnen het Bioconductor project in de R-statistische
programmeertaal. Genexpressie niveaus uitgedrukt als M-waarden werden aldus
verkregen voor elk weefsel per koe. Deze gegevens werden gebruikt voor alle
volgende analyses.
In hoofdstuk 2 hebben we genen geïdentificeerd en bestudeerd van de genen die
tot expressie komen in de koeien AP. De genexpressieniveaus werden geassocieerd
met de OG, hetzij bij het begin van oestrogeencyclus of in het midden van de
cyclus, of onafhankelijk van de fase van de cyclus. Genexpressie niveaus werden
gemodelleerd als een functie van het orthogonaal getransformeerde gemiddelde
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van de OG scores per koe met behulp van een Bayesiaanse hiërarchisch gemengd
model van de gegevens van dag 0 koeien alleen (analyse 1), dag 12 koeien alleen
(analyse 2) en de gecombineerde gegevens van dag 0 en dag 12 koeien (analyse 3).
Genen waarvan de expressie patronen een significante lineaire of niet-lineaire
relaties met OG scores vertoonden werden geïdentificeerd in alle drie de analyses.
Gen ontologie termen van deze genen werden geïdentificeerd. Belangrijke groepen
waren bijv. 'gedrag', 'afscheiding' en 'ontwikkeling van het zenuwstelsel’. In
analyses 2 en 3 zijn juist veel algemene processen gevonden (bijvoorbeeld
'meercellige organisme proces'), die belangrijk kunnen zijn voor de volgende
oestrus.
De vier runderen hersengebieden werden geanalyseerd en de resultaten
gerapporteerd in hoofdstuk 3. Een aantal extra stappen om de analyses van de
hersengebieden te verfijnen werden genomen, waaronder het beperken van
verdere analyse van genen tot de expressie patronen die significant lineair of
kwadratisch relaties vertonen, maar niet de derde orde relaties. Verder werden
alleen die genen die in 5 herhaalde runs waargenomen werden op basis van een
Gibbs sampling algoritme. Van de geïdentificeerde genen is bekend is dat ze
betrokken zijn bij de processen die samenhangen met OG als sociaal-seksueel
gedrag (bijv. OXT, AVP, GABRA6, HTR2A, DRD2), angst, stress en voeding motivatie
(bijv. POMC, MCHR1, TTR) en als zenuwstelsel gerelateerde processen (bijv.
CHRM1, CHRM3, CHRNA5, CTLA4, IL1RL1, MARCO). Dit suggereert een verband
tussen neuronale plasticiteit en OG. We vonden ook genen waarvan de connectie
met OG nieuw is en deze werden nader onderzocht. Verder werden net als in
hoofdstuk 2, ook hier een aantal genen gevonden die tot expressie komen in het
midden van de cyclus gevonden en associëren met OG scores wat suggereert dat zij
een functie hebben bij het reguleren van de OG bij de volgende oestrus.
Vervolgens hebben we in hoofdstuk 4 de genen en biologische processen
geïdentificeerd die steeds gelijktijdig in twee weefsels tot expressie komen,
namelijk in de AP en vier hersengebieden die samenwerken om de OG te
reguleren. Hier werden gen co-expressie netwerken volgens de methode 'gewogen
gen co-expressie-netwerk analyse' (WGCNA) geïdentificeerd. Consensus modules
van genen die in steeds 2 weefsels tot expressie komen werden gevonden voor
verschillende weefsel-paren. Modules waarvan de “eigengenes” expressie profielen
correleerde met het niveau van de OG van de individuele koeien werden
geïdentificeerd. OG gecorreleerde modules werden verrijkt voor ontologie termen
als gliale cel ontwikkeling en regulatie van neurale projectie ontwikkeling, alsmede
voor de KEGG pathway termen die gerelateerd zijn aan de hersenen degeneratieve
ziekten. Biologische termen voor verschillende OG gecorreleerde consensus
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modules voor algemene cellulaire processen zoals oxidatieve fosforylering,
ribosoom en biosynthetische processen werden gevonden, wat aangeeft dat er
verhoogde transcriptie en eiwitsynthese plaat vindt. Stimulatie van ribosomaal RNA
synthese is bekend van onderzoeken bij knaagdieren als een primaire gebeurtenis
in de activatie van neuronale cellen betrokken bij vrouwelijk reproductief gedrag en
dat vooraf gaat aan de oestrogeen-gedreven groei van dendrieten en synapsen.
Soortgelijke processen in koeien zijn dus aangetoond die ook naar OG beïnvloeden.
Hub genen binnen de OG gecorreleerd modules (bijv. NEFL, NDRG2, GAP43, THY1,
TCF7L2 etc.) zijn sterke kandidaat genen voor de regulatie van OG expressie. Zo
werden nieuwe inzichten verkregen in de genen en biologische processen die
plaatsvinden in de runderen AP en hersengebieden welke samenwerken om het
OG te reguleren.
In hoofdstuk 5 hebben we het fenomeen van chromosomale regionale regulatie
van transcriptie in de rundergenoom aangetoond. Housekeeping genen in de
hersenen werden oververtegenwoordigd gevonden binnen de chromosomale
regio’s met verhoogde genexpressie (Ridges), maar weefselspecifieke genen niet.
Housekeeping genen en genen in Ridges hadden, in het algemeen, een hogere
expressie en hogere GC inhoud, maar kortere gen lengtes en intron lengtes dan de
weefsel-specifieke genen en genen in chromosomale regio's van verminderde
genexpressie (anti-Ridges). De genomische eigenschappen waargenomen voor
genen binnen de Ridges en housekeeping genen in runderen zijn samen met
eerdere studies in verschillende andere soorten een verdere versterking van de
hypothese van selectieve druk voor de genen die hoog tot expressie komen om
kort en compact te zijn t.b.v. transcriptionele efficiency. Verder werd
geconstateerd dat positief geselecteerde genen niet-willekeurig verdeeld zijn over
het genoom maar een voorkeur voor Ridges en regio's van intermediaire
genexpressie hebben.
Tenslotte bespreek ik in hoofdstuk 6 de belangrijkste bevindingen van de
voorgaande hoofdstukken om te komen tot een meer compleet beeld van de
genomische regulatie van OG bij melkkoeien. De GAPPS modules die de causale
relaties tussen geslachtshormonen en vrouwelijke paargedrag beschrijven werden
gebruikt als een kader voor de OG geassocieerde genen en processen bij
melkkoeien (inclusief samenvattende tabel). Genen die differentieel tot expressie
komen in de AP tussen dag0 en dag12 worden vervolgens besproken in de context
van de OG gerelateerde processen. Dit wordt gevolgd door een korte discussie over
de regulatie van genexpressie. De voordelen en beperkingen van de analytische
methoden die in dit proefschrift werden gebruikt worden besproken en gevolgd
door een aantal punten die nuttig zouden zijn om te overwegen in toekomstige
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studies van de genomische regulatie van OG. Ik eindig dit hoofdstuk met een
bespreking van de stappen die nodig zijn om de nieuwe kennis in de praktijk te
brengen t.b.v. het optimaliseren van de vruchtbaarheid bij melkkoeien
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