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ABSTRACT

HEPATIC GENE EXPRESSION PROFILING TO PREDICT FUTURE
LACTATION PERFORMANCE IN DAIRY CATTLE

John Doelman
University of Guelph, 2011

Advisor:
Professor J.P Cant

An experiment was conducted to obtain a hepatic gene expression dataset from
postpubertal dairy heifers that could be fit to a computational model capable of predicting
future lactation performance values. The initial animal experiment was conducted to
characterize the hepatic transcriptional response to 24-hour total feed withdrawal in onehundred and two postpubertal Holstein dairy heifers using an 8329-gene oligonucleotide
microarray in a randomized block design. Plasma concentration of non-esterified fatty
acids was significantly higher, while levels of beta-hydroxybutyrate, triacylglycerol, and
glucose were significantly lower with the 24-hour total feed withdrawal. In total, 505
differentially expressed genes were identified and microarray results were confirmed by
real-time PCR. Upregulation of key gluconeogenic genes occurred despite diminished
dietary substrate and lower hepatic glucose synthesis. Downregulation of ketogenic genes
was contrary to the non-ruminant response to feed withdrawal, but was consistent with a
lower ruminal supply of short-chain fatty acids as precursors. Following the microarray
experiment, the first series of regression analyses was employed to identify relationships
between gene expression signal and lactation performance measurements taken over the
first lactation of 81 of the subjects from the original study. Regression models were

evaluated using mean square prediction error (MSPE) and concordance correlation
coefficient (CCC) analysis. The strongest validated stepwise regression models were
constructed for milk protein percentage (r = 0.04) and lactation persistency (r = 0.09). To
determine if another type of regression analysis would better predict lactation
performance, partial least squares (PLS) regression analysis was then applied. Selection
of gene expression data was based on an assessment of the linear dependence of all genes
in normalized datasets for 81 subjects against 18 dairy herd index (DHI) variables using
Pearson correlation analysis. Results were distributed into two lists based on correlation
coefficient. Each gene expression dataset was used to construct PLS models for the
purpose of predicting lactation performance.

The strongest predictive models were

generated for protein percentage (r = 0.46), 305-d milk yield (r = 0.44), and 305-d protein
yield (r = 0.47).

These results demonstrate the suitability of using hepatic gene

expression in young animals to quantitatively predict future lactation performance.
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CHAPTER ONE
GENERAL INTRODUCTION
The rapid growth in the human population has raised concerns over adequate food
production and safety. However, the increase in the production of livestock commodities
is expected to continue, particularly in developing countries. The FAO (2010) reports
that demand for milk in developing countries is expected to increase by 15 million tonnes
by 2011. Rapid progress has been made in agriculture to improve production efficiency
and total yields, however, these gains have come at a social and environmental cost. The
use of antibiotics in animal production systems promotes healthy growth and feed
efficiency. This practice can lead to antibiotic resistance within the animal, as well as in
the environment, as manure applied as fertilizer contains residues that can potentially
alter the microbial balance in the soil (Kumar et al., 2005). Pathogen resistance has
implications with human health (Davies, 1994) because particular strains are zoonotic,
capable of colonizing both animals and humans, and can easily exchange the genetic
material encoding resistance (Sundsfjord et al., 2001). In light of these concerns,
advancements in terms of selection to further improve animal efficiency and the
transition away from pharmaceutical dependency is imperative.
Traditional genetic improvement schemes in the dairy industry are typically based
on milk production and milk components. Knowledge of the genetic pedigree and
production performance of the progeny is then used to generate an estimated breeding
value on which future selection decisions are based (Goddard et al., 2010).

The

prediction of future animal performance, based on markers such as parameters included
in the glucose tolerance test (Bridges et al., 1987; Sasaki et al., 2003; Fiedorowicz et al.,
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2008), blood metabolite and hormone concentration (Swali et al., 2008; Hayhurst et al.,
2009), and growth hormone response (Baumgard et al., 2002; Weber et al., 2005; Taylor
et al., 2006), were evaluated with moderate success. Transcriptional data has yet to be
used in this regard, and the high throughput nature of microarray technology offers a
means to identify candidate markers of future performance in an efficient manner.
The role of the ruminant liver is primarily in the absorption of dietary derived
nutrients and distribution to peripheral tissues. As central to the nutritional response to
diet, the bovine liver has been the focus of recent genomic research (Grala et al., 2010;
Van Dorland and Bruckmaier, 2010; Connor et al., 2010, McCarthy et al., 2010) and is
the ideal tissue to investigate the suitability of gene expression to predict future
performance in the young ruminant.
A genomic approach to predict future phenotype has been used in various
physiological and disease states. Survival times in breast cancer recovery have been
quantitatively predicted using gene expression profile and survival times of previous
patients in correlation principal component regression (Zhao and Wang, 2010). Cao et al.
(2010) found that global gene expression from five human brain microarray datasets can
be used to predict the chronological age of a normal brain sample. Using leukemia,
prostate cancer, lymphoma and small round blue cell tumour gene expression datasets,
Dagliyan et al. (2011) were able to identify optimal predictor genes for cancer type
prediction.
A genomic approach towards developing a comprehensive model for predicting
future performance has not been addressed. The objectives of this present study were to
measure the transcriptional response to feed withdrawal in young Holstein heifers and to
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assess the suitability of using gene expression signals in the development of a model
capable of predicting lactation performance parameters.
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CHAPTER 2
LITERATURE REVIEW
2.1 Introduction
Accurate measurement in the expression of economically important traits in dairy
cattle results in a greater rate of genetic improvement. This rate of improvement could be
increased with emphasis on reproductive management, particularly in shortening the
generation interval (Schaeffer, 2006). Early identification of superior livestock has both
practical and economic benefit. Metabolic responses to GH (Weber et al., 2005; Taylor
et al., 2006), and glucose tolerance test (Bridges et al., 1987), have been measured in
young livestock towards the development of early selection systems.
As the metabolic hub in the ruminant animal, the liver is essential in the
assimilation and distribution of nutrients. Participation in glucose, lipid, amino acid and
protein metabolism are of interest, particularly in the area of dairy genomic research
(Loor et al., 2007; Al-Trad et al., 2010; Grala et al., 2010; Van Dorland and Bruckmaier,
2010, Mc Carthy et al., 2010). In view of the importance of the ruminant liver in nutrient
absorption and distribution, and because lactation is a continuation of the nutrient
delivery process, the liver is the ideal tissue for a genomic approach to the prediction of
future performance.
Recently, several research groups have used gene transcript expression as a
marker for future phenotypes through correlation analysis. Adult body size was found to
be correlated with the expression of genes during the larval stage of fruit flies
(Bochdanovits et al., 2003), gene transcripts associated with prostate cancers that
correlate with disease relapse have been identified (Bibikova et al., 2007) and gene
expression in white blood cells has been used to predict severity of coronary disease
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(Sinnaeve et al., 2009). More recently, a computational model has been developed
capable of brain-age prediction using brain gene expression datasets (Cao et al., 2010).
These examples demonstrate the suitability of using gene expression signals in a
predictive model to estimate future performance or phenotype.
Previous studies into the identification of early predictors of future performance
in young dairy animals report varying degrees of success. While correlations and
phenotypic predictions have been made using gene expression data, the use of transcript
abundance to predict future production performance, particularly in livestock, has not
been addressed.
2.2 Dairy Selection
The traditional method of sire selection in the dairy industry is based primarily on
a progeny assessment. The ability to store semen and the use of artificial insemination
(AI) allows for large scale breeding which in turn allows for a more accurate evaluation
of a bull’s net genetic merit. Use of AI has facilitated more extensive and rapid sampling
and increased selection intensity of progeny-test programs which has led to swift genetic
progress (Norman et al., 2003; Meinert and Pearson, 1992). The traditional progeny test
scheme is described in Schaeffer (2006) and effectively presents the test schedule by
timeline. The goal of a progeny test, whether in a potential sire testing program or further
assessment of a proven bull, is to evaluate to what extent traits of interest have been
passed on from parents to offspring. Selection is based on this evaluation in an effort to
accrue a herd with desirable characteristics.

This concept is known as genetic

improvement (ΔG) and is a function of accuracy of selection, intensity of selection,
genetic variation and the generation interval (Legates and Warwick, 1990):
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ΔG (/yr) = accuracy x intensity x variation
generation interval

Ultimately, genetic improvement is most rapid when the three factors in the
numerator are as large as possible and the denominator is reduced to a value within
reason (Legates and Warwick, 1990). Time is a significantly limiting factor in this
equation, denoted as the generation interval, measured as the interval of time between the
birth of parents and birth of their offspring.

This value ranges from 3 years in a

production herd (Legates and Warwick, 1990) to 5.5 years (Schaeffer, 2006) or more in a
progeny test scheme.
Accurate measurement in the expression of economically important traits in dairy
cattle at an early age potentiates a faster rate of genetic improvement and a subsequent
improvement in economy. Early and accurate measurement of production parameters
also serves to shorten the generation interval, further increasing the rate of genetic
improvement. Schaeffer (2006), reports that the average cost to prove a sire may be $50
000, or roughly $11 000 a year.

Shortening of the generation interval, or more

specifically, determination of production parameters in young heifers rather than at the
completion of lactation as in a typical progeny test scheme, could equate to immense
savings in both the AI and the dairy industry.
2.2.1 Genomic Selection
Genomic selection is a relatively new strategy used in the dairy industry that uses
single nucleotide polymorphism (SNP) chips to evaluate the genetic makeup of an
individual. SNP genotypes are then used to predict breeding values on which selection
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decisions are made. While the potential for doubling the rate of genetic gain over
traditional schemes through a reduction in generation intervals and increased selection
intensities (Schaeffer 2006, Koning et al., 2009), at the current price, this approach is
currently limited to elite breeding programs (Moser et al., 2010).
2.3 Predictors of Future Performance
The physiological characteristics of young ruminants have been measured to
evaluate their use as markers of future performance to further advance models used for
the identification and selection of superior production traits. To elicit changes in regular
metabolic function, challenges have included growth hormone-releasing factor (GRF),
catecholamine administration, exogenous glucose and insulin injection, ration
formulation, and energy restriction through feed withdrawal.
2.3.1 Bovine Somatotropin Hormone Challenge
Treatment of lactating cows with bovine somatotropin hormone (bST) primarily
alters the response of adipose tissue to homeostatic signals which affect lipid metabolism
(Sechen et al., 1989). Examination of the effect of bST administration on metabolic
response or blood metabolites (Michel et al., 1991) and in milk production and
composition (Nytes et al., 1990) in dairy cattle of high and low genetic merit revealed no
significant differences between genetic lines. Baumgard et al. (2002) and Weber et al.
(2005) report that growth hormone (GH) response to GRF was not different between two
lines of Holstein calves from cows that differed appreciably in milk yield. A GRF
challenge to measure GH release pattern and relationships between GH secretion in prepubertal Holstein-Friesian heifers and milk production measurements during lactation
also returned similar results (Taylor et al., 2006).
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2.3.2 Epinephrine Challenge
Early research findings indicated a heightened lipolytic effect of epinephrine in
bST treated dairy cows, as the observed increase in plasma NEFA response to
epinephrine was greater in the treatment group than in controls (Sechen et al., 1989).
Responses of heifers of high and low genetic merit to catecholamine administration have
been investigated. Bridges et al. (1987) observed a significant difference in plasma
glucose concentration between genetic lines following epinephrine injection but no
difference was observed following injection of norepinephrine. It was concluded that
glucose responses to challenges may offer a means of differentiating between yearling
heifers of high and low genetic merit.
2.3.3 Metabolic Response to Glucose Tolerance Challenge
The insulin response to glucose infusion has also been measured to differentiate
heifers selected for milk fat yield from high and low breeding indices. Heifers selected
for high fat milk yield had greater insulin response, indicating potential for early
identification of superior genetic merit for milk fat (Xing et al., 1993). Fiedorowicz et al.
(2008) report that the ratio of the area under the glucose and under the insulin
concentration curve following a glucose tolerance test offers a means by which values of
future milk production traits can be predicted. In a similar glucose tolerance study,
Holstein calves were injected with glucose following 24 h of feed restriction, and the
subsequent plasma glucose, non-esterified fatty acid and total ketone concentrations were
measured. It was concluded that the altered metabolite concentrations were suitable for
prediction of genetic potential of milk production and could be used as selection markers
in young animals (Sasaki et al., 2003).
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2.3.4 Metabolic Response to Feed Withdrawal
Flux et al. (1984) reported significant differences between dairy cows of high and
low genetic merit in concentration of glucose and insulin, particularly when these animals
were underfed. Land et al. (1983) made similar observations, suggesting that differences
between genetic lines may be accentuated by perturbing regular metabolic function
through underfeeding or injections of hormones or metabolites.

Xing et al. (1991)

examined the effect of acute intravenous injections of various metabolites in pre-pubertal
Friesian heifers of high and low genetic merit fed at 75 or 125% maintenance energy
requirements. Responses to metabolic challenges were not different between genetic
lines, except in NEFA response to epinephrine in heifers of high genetic merit fed at 75%
maintenance. These results are similar to the NEFA response to epinephrine seen in bST
treated lactating dairy cows as reported by Sechen et al. (1989). The effect of energetic
intake on adipose tissue cell size and density was measured in first parity heifers of high
and low genetic merit to determine the effects of selection for milk production on dietary
restriction and interaction with subcutaneous adipose structure and metabolism (Smith
and McNamara, 1990). High merit heifers on low energy ration lost more body weight
over the first lactation, had a greater decrease in adipose cell volume, and a larger
increase in density than low line animals (Smith and McNamara, 1990). These results are
similar to observations made by Land et al. (1983).
2.3.5 Metabolic and Hormone Traits
The variation in metabolic and hormone traits has been used to predict both
fertility and longevity in young Holstein calves. Swali et al. (2008) found that skeletal
size and measurements of glucose and β-hydroxybutyrate in calves are related to their
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longevity in the lactating dairy herd. In determining the relationship between metabolites
and future fertility in young calves, Hayhurst et al. (2009) report that GH may be
potentially useful in selection for fertility, and there was a significant genetic relationship
of the variables non-esterified fatty acids, GH and insulin at 126 days of age (± 12.7
days) on the sire projected transmitting ability for protein percentage.
In light of observations made in identifying potential markers of genetic merit for
lactation performance, a practical application remains to be tested. Differences between
genetic lines have been made most apparent when the animals have been subjected to
energetic restriction, similar to conditions experienced during the onset of lactation.
Although several of these studies revealed the potential usefulness of certain markers for
selection, the predictive capacity of these results remains inconclusive.
2.4 Liver Physiology
As the organ central to the energy distribution network in the ruminant, the liver
is responsible for the task of processing incoming metabolites, as an aid in digestion,
glycogen storage, and managing nutrient supply to accommodate the energetic needs of
the rest of the body (Huntington and Reynolds, 1987). The liver, fuelled by metabolites
from the portal drained viscera (PDV) removes glucose precursors and ammonia from its
blood supply as part of its functions in gluconeogenesis, ammonia detoxification and urea
synthesis (Huntington, 1990).
2.4.1 Glucose Metabolism
The ruminant liver is constantly gluconeogenic, as very little dietary glucose
passes through the PDV, necessitating glucose synthesis from short chain volatile fatty
acids (VFA)

Liver gluconeogenesis is therefore essential in the ruminant and
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maintaining a constant glucose supply is an overriding homeostatic and homeorhetic liver
function (Reynolds, 1995). Bergman et al. (1975) report that net glucose release by the
liver in fed and feed-restricted sheep accounted for 85 to 90% of total body glucose
turnover in both treatments. This liver function is imperative, particularly during the
transition from late gestation to lactation, as requirements for glucose increase two to
three-fold to support high milk production after parturition (Drackley et al., 2001).
Reynolds et al. (1988) report that on a net basis, hepatic tissues in lactating dairy cows
produce acetate and remove the majority of VFA absorbed by the PDV. They also
conclude that the bulk of carbon in glucose synthesized by the liver is derived from
propionate (55.1%), L-lactate (17.4%), and alpha-amino nitrogen (16.5%). Steinhour and
Bauman (1988) report that propionate, the primary glucose precursor for ruminants,
accounts for as much as 80% of the total glucose produced in lactating cows.
2.4.2 Amino Acid Metabolism
The amount and proportions of amino acids supplied by the PDV are moderated
in the liver for metabolism or dispersal to the rest of the body (Huntington, 1987). The
large volume of blood moving through the portal vein from the PDV carries absorbed
amino acids to the liver, resulting in a net clearance rate of around two-thirds of amino
acids from circulation on a daily basis (Reynolds et al., 1988; Wray-Cahen et al., 1997;
Hanigan et al., 2004). The liver may extract more of a specific amino acid from the portal
vein based on body requirements (Reynolds, 1995) and non-essential amino acid
extraction rates generally exceed those of essential amino acids (Reynolds et al., 1994).
The use of amino acids for glucose synthesis is dependent on substrate availability, as
propionate is used preferentially. However, it has been shown that during the parturient
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period, alanine conversion to glucose was greater than glucose synthesis from propionate
(Overton, 1998). At the onset of lactation, amino acids are mobilized from muscle
protein pools (Simmons et al., 1994) as the liver requires a large source of amino acids
for gluconeogenesis. In some nutritional circumstances, amino acids are deaminated to
provide a N source for the cytosolic synthesis of aspartate, an intermediate in urea
synthesis (Reynolds, 1995).

Rumen microbial transformation alters the form of

nitrogenous compounds, such as amino acids and endogenous urea, into microbial protein
that is absorbed post-ruminally. This is fuelled by extensive N recycling between the
body and gut pools (Reynolds and Kristensen, 2008). Ruminants absorb N as ammonia
derived from tissue metabolism and from microbial fermentation of dietary protein in the
gut, and as urea transferred to the gut via blood and saliva. The majority of N absorbed
as ammonia is converted to urea in the liver and excreted in the urine (Reynolds, 1995).
Amino acids absorbed by the liver are also used for protein synthesis and may account
for 5 to 9% of body protein synthesis in sheep and lambs (Lobley et al., 1994), though
data describing hepatic protein synthesis rates in dairy cattle are very limited (Reynolds,
1995).
2.4.3 Lipid Metabolism and Ketogenesis
Long-chain fatty acid (LCFA) is primarily oxidized in the ruminant and nonruminant liver (Allen et al., 2009) and has been the subject of numerous reviews
(Grummer et al., 1993; Drackley et al., 1999; Drackley et al., 2001). To process large
quantities of NEFA made available from the mobilization of body stores, the liver must
increase metabolic capacity (Drackley et al., 2001). Fatty liver results from the
accumulation of NEFA coupled with the inability of the liver to secrete TAG as very low
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density lipoproteins (Grummer, 1993). Hepatic LCFA metabolism has been linked to
energy balance and physiological state in dairy cattle. Drackley et al. (1991) determined
that the proportion of total palmitate uptake that was oxidized was greater in early
lactating cows (40.7%) than non-lactating cows (23.6%) and the amount that was
esterified was lower (59.3% vs. 76.2%, respectively).
Ketogenesis in the liver and PDV serves to partially oxidize fatty acids to
generate ketone bodies for further metabolism in the peripheral tissues and for use as
milk fat precursors (Drackley et al., 2001). In nonruminant species, ketogenesis is
considered a glucose sparing mechanism during periods of energy deficit (Seifer and
Englard, 1994). Hegardt (1999) report that regulation of hepatic ketogenesis occurs
through the supply of NEFA to the liver, by the activity of carnitine palmitoyltransferase
(CPT) to allow entry of fatty acyl-CoA into mitochondria for acetyl- CoA production and
through the activity of 3-hydroxy-3-methylglutaryl-CoA synthase (HMG-CoA synthase).
HMG-CoA synthase is inhibited by succinyl-CoA from the tricarboxylic acid (TCA)
cycle, which can be derived from propionate as a carbon source, indicating that a large
source of propionate could ultimately limit ketogenesis through the inhibition of HMGCoA synthase, though this scenario remains to be conclusively established (Drackley et
al., 2001). Feed withdrawal or the negative energy balance associated with the onset of
lactation causes a shift in the net use of ketones in the ruminant. Extensive production of
ketones through the incomplete β-oxidation of fatty acids leads to ketosis, a metabolic
disorder associated with inappitence, hypoglycaemia, loss of mobility and death.
The central role that the ruminant liver occupies in nutrient absorption and
distribution to peripheral tissues, including the mammary gland, makes it an ideal tissue
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for which to evaluate a genomic approach in the identification of future lactation
performance markers.
2.5 Bovine Liver Genomics
Phenotypic confirmation is the result of select expression of genes within a
genotype, under the influence of the environment in which an organism lives. On a very
basic level, transcription of the genetic code generates mRNA, which is translated into a
protein that then represents the cellular and organismal phenotype (Nguyen et al., 2002).
A fundamental assumption when quantifying the transcriptome of a particular tissue is
that it will provide information about the biochemical differences between two states
(control vs. treatment) and that these differences will provide insight into the physiology
and pathology of the condition of interest (Romero et al., 2006). As a method used to
quantify expression of mRNA species, the microarray is presently recognized as one of
the most powerful and versatile tools in genomics. This technology is now ubiquitous in
the discipline of science, quantifying the transcriptional response to a host of
physiological conditions in a variety of organisms. The advent of genomic technologies
has led to quantitative analysis of the regulatory mechanisms of DNA transcription in the
bovine liver. Specifically, bovine gene expression profiling has been used to elucidate the
transcriptional response in integral metabolic pathways during the transition period and
lactation.
2.5.1 Transcriptional Control of Glucose Metabolism
Hepatic gluconeogenesis in the ruminant is constant and relies heavily on dietary
and endogenous substrate, as little glucose is absorbed from the diet. Gluconeogenic
genes pyruvate carboxylase (PC), phosphoenoylpyruvate carboxykinase 1 (PCK1),
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fructose bisphosphatase (FBP1) and glucose 6 phosphatase (G6P) code for key
regulatory enzymes in glucose synthesis and are regulated to maintain appropriate
glucose flux (Hagopian, 2003). The enzyme for PC converts pyruvate to oxaloacetate as
the first step in the gluconeogenesis pathway and has been found to be upregulated during
nutritional restriction of ruminants (Loor et al., 2007; Velez and Donkin, 2005; McCarthy
et al., 2010). PCK1 encodes the enzyme responsible for converting oxaloacetate to
phosphoenolpyruvate, and is downregulated during periods of negative energy balance
(Young et al., 1969; Loor et al., 2007; Velez and Donkin, 2005). Loor et al. (2007) report
greater mRNA abundance of FBP1 in feed-restricted dairy cows in early lactation.
Responsible for the last step in gluconeogenesis, G6P was not differentially expressed
with the feed withdrawal in lactating dairy cows (Baird et al., 1972), but was upregulated
on the first day of realimentation in feed-restricted beef steers (Connor et al., 2010).
2.5.3 Transcriptional Regulation
Transcriptional activation and repression is dependent on the interaction of
complex signaling pathways and the subsequent response in transcription factor activity.
Regulation of these factors at the transcriptional level may also reflect a coordinated
hepatic response in the regulation of various genes and their factors to hormonal and
nutritional signals (Martinez-Jimenez et al., 2010), particularly during feed restriction.
Several key transcription factors regulate the metabolic processes that occur in the bovine
liver.
The increase in circulating glucagon during feed withdrawal activates PGC-1α
transcription, which is a coactivator of gluconeogenic gene expression (Desvergne et al.,
2006; Sugden et al., 2010). The concurrent drop in insulin levels acts to stabilize the
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PGC-1α protein and accelerate its entry into the nucleus (Li et al., 2007). Several studies
that report induction of gluconeogenic genes during feed restriction in ruminants did not
report any transcriptional activity of PGC-1α (Loor et al., 2007; Connors et al., 2010;
McCarthy et al., 2010).
The increase in circulating levels of fatty acids during feed withdrawal acts to
regulate the promoter activity of the transcription factor families hepatic nuclear factors
(HNF; Watt et al., 2003), peroxisome proliferator-activated receptors (PPAR; Pawar and
Jump, 2003) and sterol regulatory binding protein (SREBP; Jump 2002). Transcription
factor PPARα, central in fatty acid metabolism (Crestani et al., 2004), is activated
through unsaturated fatty acid ligand binding (Desvergne and Wahli, 1999) which act to
stimulate PPARα and thereby transcriptionally activate lipid oxidative genes (Reddy
2004; Desvergne and Wahli, 1999). Heterodimerization of nuclear receptor families
PPAR and RXR (Desvergne and Wahli, 1999) will then lead to the activation of many
genes involved in development, differentiation, and metabolism. Loor et al. (2007) report
an upregulation of several members of the PPAR family (PPARA, PPARD, and
PPARGC1A), while McCarthy et al. (2010) report an upregulation of RXRG in lactating
cows under negative energy balance.
The transcription factor SREBF1 controls expression of several lipogenic genes,
including ACSS2, acetyl-CoA carboxylase, fatty acid synthase, SCD1, and the
acyltransferases (Horton et al., 2002). SREBF1 expression was down regulated with the
negative energy balance associated with the onset of lactation in dairy cows (Loor et al.,
2005). SREBF2 regulates expression of cholesterolgenic enzymes ACAT2, HMGCS1,
FDFT1, and SQLE (Horton et al., 2002). In a subsequent study, Loor et al. (2007)
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documented a decrease in hepatic expression of SREBF2 and SQLE in feed-restricted,
ketotic lactating cows.
The advent of genomic technologies in the recent past has led to quantitative
analysis of the regulatory mechanisms of DNA transcription in the bovine liver.
Presently, attention is being given to the area of nutritional genomics, particularly during
the periparturient stage, as dramatic physiological changes occur at parturition and with
the onset of lactation. While literature exists documenting the transcriptional response to
the negative energy balance associated with lactation and feed restriction in mature
ruminants, very limited information is available on hepatic gene expression and
regulation in post-pubertal dairy heifers.
2.6 Gene Expression to predict phenotype
Gene expression studies, particularly those utilizing microarray technologies, are
expensive to implement and analyze, necessitating more comprehensive, non-traditional
analysis methods to detect integral biological relationships not readily apparent.
Correlation analysis has been applied to predict future phenotypes from gene expression
profiles at an earlier stage or time point in several organisms.
2.6.1 Application in Human Medicine
The application of genomic technology towards disease classification and
prediction has taken a prominent role in human medicine. An early example is cancer
classification using gene expression monitoring and a class prediction technique, where
distinct types of leukemia could be differentiated based on the transcript abundance of
certain genes that each possessed (Golub et al., 1999). The class prediction technique
was limited as a prognostic test however, as it required samples for which the outcome
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was known. Khan et al. (2001) used a genomics approach to successfully develop a
method to classify cancers and also identified a set of genes that contributed to
classification as potential candidate targets for therapy. Similar research stemming from
this early work was the expression profiling of tumours to predict outcome or response to
clinical treatment (Quackenbush, 2006). From 71 microarray analyses of excised prostate
cancers using a common-reference design, Bibikova et al. (2007) identified 16 gene
transcripts that correlated with disease relapse. In a review highlighting the use of
genomics in the development of predictive models that anticipate the risk of developing
prostate cancer, progression and response to therapy, Febbo (2009) concluded that the
application of genomic technologies to prostate cancer biology was an appropriate
approach for development of robust future classification. More recently, Dagliyan et al.
(2011) attempted to refine the established genomic tumour classification techniques using
a classification algorithm named hyper-box enclosure method (HBE). They report that
the HBE method effectively reduced the number of gene markers required to consistently
predict cancer types using different types of data sets.
A genomic approach has also been applied to predict human coronary health. To
generate a model to predict severity of coronary disease, Sinnaeve et al. (2009) measured
gene expression levels in white blood cells in patients with coronary artery disease. The
expression pattern of 160 genes that were correlated to coronary artery disease was used
to accurately predict the severity of aorta atherosclerotic lesions in human aortas.
2.6.2 Application in Developmental Biology
An example of the use of correlation between disparate time points comes from
developmental biology, where there is interest in how effects on the juvenile are
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translated into differences at the adult stage of life. From 20 Affymetrix arrays,
Bochdanovits et al. (2003) found 19 genes whose expression in fruit fly larvae correlated
with adult body size. There was some biological relevance to the well-correlated genes,
as they were associated with cell growth, cell maintenance, or growth pathways in
Drosophila melanogaster.
2.6.3 Quantitative Prediction using Microarray Data
In the development of phenotypic prediction, recent work in the area of human
neurodegenerative disorders has led to the development of a method capable of age
prediction using brain mRNA expression (Cao et al., 2010). The developed model was
capable of predicting brain age to within 11 years in normal brain samples. Survival time
probabilities have also been predicted for recovering breast cancer patients using
principal component analysis (Zhao and Wang 2010).

Survival probabilities and

distinction between high and low risk patient groups were predicted using expression
intensity values from 22,215 genes identified as differentially expressed in patients with
lymph-node-negative breast cancer.
The recent developments in the area of predicting future performance using gene
expression signal have seen an evolution from simple correlation analysis to quantitative
prediction.

The use of genomics is valuable in terms of elucidating the molecular

response associated with a physiological state and as a prognostic tool for future
phenotype.
2.7 Research Hypothesis and Objectives
To date, very few studies have addressed hepatic gene expression in the young
ruminant on the scale made possible through the use of microarrays. Microarray
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technology has been used to reveal adaptive mechanisms in liver function in lactating
dairy cows (Loor et al., 2007; Grala et al., 2010; Van Dorland and Bruckmaier, 2010;
Connor et al., 2010, McCarthy et al., 2010) and to predict future phenotype using gene
expression signals (Zhao and Wang, 2010; Cao et al., 2010; Dagliyan et al., 2011).
Investigation into the identification of early predictors of lactation performance through
the analysis of physiological characteristics in young dairy animals has been extensive,
with varying degrees of success (Bridges et al., 1987; Taylor et al., 2006; Weber et al.,
2005; Fiedorowicz et al., 2008). A genomic approach to identify markers of future
performance has yet to be made. The hypothesis of the proposed work is that differences
between cows for lactation performance measurements can be detected in the profile of
genes expressed in the liver at 12 months of age.
The objectives of this study were 1) to characterize the transcriptional response to
short term feed withdrawal in post pubertal Holstein dairy heifers using an 8329-gene
oligonucleotide microarray, 2) to identify correlations between hepatic gene expression
signal intensity and performance measures during the first lactation, 3) to investigate the
suitability of gene expression signals to predict lactation production values, and 4) to
identify a unique subset of genes whose expression signal accounts for the variability
within a lactation performance parameter.
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CHAPTER 3
TRANSCRIPT PROFILING OF THE RUMINANT LIVER INDICATES A
UNIQUE PROGRAM OF TRANCRIPTIONAL REGULATION OF KETOGENIC
ENZYMES DURING FEED WITHDRAWAL
3.1 Abstract
Ruminants rely on hepatic gluconeogenesis and ketogenesis in the fed state to
convert short-chain fatty acids produced during digestion into glucose and ketone bodies.
Fluxes through these two pathways decrease during feed withdrawal. Differences in
transcriptional regulation between ruminant and non-ruminant liver that produce alternate
responses to feed restriction have not been established. This study was conducted to
determine the hepatic transcriptional response of ruminants to an acute drop in dietary
nutrient supply. One hundred and two yearling heifers were randomly assigned to a fed or
24-h feed withdrawal treatment in a randomized block design. Liver biopsies were
conducted to obtain mRNA for microarray and quantitative real-time PCR analysis, and
blood samples were taken for plasma metabolite analysis. Plasma concentrations of nonesterified fatty acids were higher in feed-restricted heifers, while levels of βhydroxybutyrate, triacylglycerol, and glucose were decreased with the feed withdrawal.
In total, 505 differentially genes in the liver were identified and microarray results were
confirmed by real-time PCR. Despite a decline in substrate supply and a lower hepatic
production of glucose, expression of the key gluconeogenic enzymes pyruvate
carboxylase, phosphoenolpyruvate carboxykinase and fructose-1,6-bisphosphatase was
upregulated as in non-ruminants. Downregulation of cholesterologenic genes and
upregulation of fatty acid oxidative genes were consistent with SREBP-2 and PPARα
control, respectively. Ketogenesis from short-chain fatty acids was downregulated,
contrary to the non-ruminant response to feed restriction. Short-chain fatty acids may
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exert transcriptional control in the ruminant liver similar to that demonstrated in the large
intestine of non-ruminants.
Key Words: bovine, liver, gene expression, metabolism, energy balance
3.2 Introduction
As the organ central to the energy distribution network, the ruminant liver is
responsible for the task of processing incoming digestion products and managing nutrient
supply to accommodate the nutritional requirements of the rest of the body (Huntington
and Reynolds, 1987). Feed restriction results in a nutritionally extreme condition that
requires the liver to supply the entire glucose flux from lactate, amino acids and other
gluconeogenic precursors delivered from peripheral tissues. During food withdrawal, the
liver oxidizes fatty acids instead of glucose for energy, and through ketogenesis produces
beta-hydroxybutyrate as an alternative fuel for the central nervous system and periphery.
Subsequently, hepatic energy expenditure on lipid, protein and glycogen synthesis is
sharply curtailed (Lomax and Baird, 1983).
Many of the non-ruminant hepatic responses to feed restriction are mediated by
the activation and repression of key signaling and transcription factors due to changes in
circulating concentrations of nutrients and hormones. During the restriction of food
intake or fasting, insulin concentrations fall while glucagon and fatty acid concentrations
rise. Glucagon increases expression of gluconeogenic and urea cycle enzymes in liver
through protein kinase A (PKA)-mediated phosphorylation of cAMP response elementbinding protein (CREB) and dephosphorylation of CREB-regulated transcriptional
coactivator 2 (CRTC2; Koo et al., 2005). Together these two proteins activate
transcription of peroxisome proliferator-activated receptor γ coactivator-1α (PGC-1a),
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which then acts as a coactivator in gluconeogenic and urea cycle gene expression, along
with forkhead box O1a (FOXO1), hepatocyte nuclear factor-4α (HNF4α), and the
glucocorticoid receptor complex (Desvergne et al., 2006; Sugden et al., 2010). Insulin
counteracts these glucagon effects through Akt-mediated phosphorylation of CRTC2,
PGC-1α and FOXO1, leading to their exclusion from the nucleus and accelerated
degradation within the cytoplasm (Nakae et al., 2002; Dentin et al., 2007; Li et al., 2007).
Elevated fatty acid concentrations during feed withdrawal allosterically activate
hepatic peroxisome proliferator-activated receptor α (PPARα), which heterodimerizes
with the retinoid X receptor (RXR) and, in conjunction with PGC-1α and HNF4α,
stimulates expression of enzymes involved in fatty acid oxidation and ketogenesis (Koo
et al., 2004; Martinez-Jimenez et al., 2010). Hepatic expression of lipogenic enzymes is
under the control of sterol regulatory element binding protein-1c (SREBP-1c), whose
expression and nuclear activity is also regulated by insulin and glucagon signals. cAMP
dependent protein kinase (PKA) phosphorylates the liver X receptor (LXR) to inhibit
heterodimerization with RXR on the LXR response element of the SREBP-1c gene
(Yamamoto et al., 2007). Insulin stimulates transcription of SREBP-1c via the
mammalian target of rapamycin (mTOR) pathway, possibly through effects of mTOR on
LXR (Li et al., 2010). Through these transcriptional effects, capacities for hepatic amino
acid catabolism, gluconeogenesis, fatty acid oxidation and ketogenesis are increased
during feed restriction, while capacity for lipogenesis declines.
Due to the presence of fermentative microbes in the foregut, the ruminant animal
is uniquely capable of converting plant materials that are otherwise indigestible into a
form of energy that facilitates growth and development. As a consequence of rumen
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fermentation, the bulk of dietary carbohydrate is degraded to the short-chain fatty acids
acetate, propionate and butyrate, and essentially all of the remaining glucose is removed
by cells of the gastrointestinal tract prior to entry into the liver (Reynolds, 1988). The
liver is thus responsible for glucose production in the ruminant even in the fed state. In
contrast to the non-ruminant response, feed restriction decreases hepatic gluconeogenesis
in ruminants, primarily because of the lower influx of the main gluconeogenic precursor,
propionate, from the rumen (Katz and Bergman, 1969; Lomax and Baird, 1983; Reynolds
et al., 1991). The effect of feed withdrawal on gluconeogenic enzyme expression in
ruminant liver remains a matter of some controversy. Several days of feed restriction
have resulted in either no change (Filsell et al., 1969; Velez and Donkin, 2005; Young et
al., 1969) or a decrease (Loor et al., 2007) in phosphoenolpyruvate carboxykinase
(PCK1) expression. Expression of pyruvate carboxylase (PC), however, has been shown
to increase (Filsell et al., 1969; Velez and Donkin, 2005; Loor et al., 2006, 2007),
although a decrease in feed-restricted lactating cows was also reported (Baird et al.,
1972). The final step in hepatic glucose production is carried out by glucose-6phosphatase (G6Pase), whose expression was found to increase in one study (Filsell et
al., 1969) and not be affected in another (Baird et al., 1972). The differential effects of
feed restriction on PCK1 and PC expression are thought to reflect a switch from
propionate to lactate plus amino acids as the preferred gluconeogenic substrates.
Differences in transcriptional regulation between the ruminant and non-ruminant
liver that produce alternate responses to feed withdrawal have not been established.
Microarray analysis of liver samples collected from growing steers restricted in feed
intake to 65% of ad libitum for 10 weeks did not reveal effects on expression of
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components of the PGC-1α or SREBP-1c networks (Connor et al., 2010). However, the
transcriptome of dairy cows at the beginning of lactation was modified by a week-long,
50% intake restriction to contain a higher expression of PGC-1α coactivators HNF4α and
CREB binding protein/p300 associated factor (PCAF), and a lower expression of mTOR
signalling components Akt, tuberous sclerosis complex 1 (TSC1), ribosomal S6 kinase 1
(S6K1), and eukaryotic initiation factor 4E binding protein 1 (Loor et al., 2007). While
these effects are consistent with the non-ruminant response, there was no effect on PGC1α, PPARα and SREBP-1c transcript abundances.
The purpose of this research was to evaluate the hepatic transcriptional response
to feed restriction in ruminants that are neither pregnant nor lactating. A cDNA
microarray consisting of 8329 oligonucleotide probes was used to identify changes in
gene expression as a result of 24-h feed withdrawal. Because of the large mass of rumen
contents that disappears at 3 to 5 %/h (Bosch and Bruining, 1995; Leupp et al., 2009), 24
h without food does not produce a complete loss of nutrient absorption from the gut but
reduces it to approximately 35% of the fed rate. The changes observed and reported here
are therefore indicative of a transcriptional response to a moderate drop in dietary
nutrient supply.
3.3 Materials and Methods
3.3.1 Animals and Experimental Design
The University of Guelph Animal Care Committee approved all experimental
procedures and ensured the trial was conducted in accordance with guidelines of the
Canadian Council on Animal Care regulations.

One-hundred and two postpubertal

Holstein heifers between 9 and 13 months of age were randomly assigned to a 24-hour

25

total feed withdrawal or a fed treatment in a randomized block design. Heifers were
blocked by time of year according to when samples were obtained. The experiment
commenced in March 2005 and concluded in March 2007.

Following treatment

assignment, heifers were housed in groups of 5 per pen at the Elora Dairy Research
Station Heifer Facility. Heifers in the fed group were offered ad libitum access to a total
mixed ration of alfalfa and grass silage, corn silage, dry hay and mineral to provide 1.53
Mcal net energy/kg and 16.25% crude protein, on a dry matter basis; heifers in both
groups had ad libitum access to water.
3.3.2 Liver Biopsy and Blood Sampling
Blood sampling and liver biopsies were performed at 0800h, 24 hours into the
total feed withdrawal period, beginning with the feed restricted heifer group.

Liver

tissue was extracted via biopsy as previously described (Greenwood et al. 2009). Briefly,
the site of incision was shaved and disinfected using chlorhexidine solution (0.5%
chlorhexidine gluconate) and local anaesthesia (approximately 10 mL per cow;
Xylocaine†, containing 2% lidocaine hydrochloride injection USP, AstraZeneca Canada
Inc.) was administered. An incision was made in the intercostal space and 2 g of liver
tissue were extracted via biopsy using a trocar and cannula (length of 30 cm; diameter of
1 cm). Following biopsy, liver tissue was snap frozen in liquid nitrogen and stored at 80°C until total RNA isolation.
Blood samples were collected from the coccygeal vessel using sodium heparin
and potassium EDTA Vacutainers (Becton-Dickinson).

Samples were immediately

centrifuged and plasma withdrawn and frozen at -20°C until analysis. Spectrophotometric
assays were used to analyze glucose (Sigma kit no. 510-A; Raabo and Terkildsen, 1960),
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triacylglycerol (TAG; Sigma kit no. 336; McGowan et al., 1983), NEFA (NEFA C kit;
Wako Chemicals GmbH, Neuss, Germany; Johnson and Peters, 1993), and α-amino
Nitrogen (αAN; Evans et al., 1993); with the exception of αAN, assays were conducted
according to manufacturer’s instructions.
3.3.3 Total RNA Extraction, cDNA Synthesis and Labeling
Total RNA from heifer liver tissue and reference sample tissue was isolated using
both TriReagent (Ambion Inc., Austin, TX) and RNeasy Midi Kit (Qiagen, Valencia,
CA) following the manufacturer’s protocol. Total RNA of reference sample was derived
from bovine liver, spleen, and placental tissue from mature cull and/or parturient lactating
cows and stored at -80°C until use. The average RNA integrity number for all samples
was 8.1 ± 0.72. All RNA samples used for microarrays (n=102) and quantitative real-time
PCR (qRT-PCR; n=24) were evaluated using the Agilent 2000 Bioanalyzer (Agilent
Technologies Inc., Palo Alto, CA). cDNA was synthesized from ~20 µg RNA and
labelled with Alexa Fluor 555 or Alexa Fluor 647 using SuperScript Indirect cDNA
Labeling System (Invitrogen, Burlington, ON).
3.3.4 Microarrays and Quantitative Real-Time PCR
A bovine long oligonucleotide array consisting of 8329 70-mers oligonucleotide
probes spotted in duplicate was used to identify hepatic transcript profiles (Michigan
State University, Center for Animal Functional Genomics).

The array included 10

positive bovine control sequences and multiple negative control sequences.

The

complete list of annotated genes and all microarray data have been deposited in the
National Centre for Biotechnology Information (NCBI) Gene Expression Omnibus
(GEO) database (http://ncbi.nlm.nih.gov/geo/ accession no. GSE16154).
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Alexa Fluor 555 labeled reference cDNA and Alexa Fluor 647 labeled sample
cDNA, generated from 5-20 µg mRNA, were mixed and hybridized to the array. All
hybridizations were performed with a GeneTAC HybStation (Genomic Solutions, Ann
Arbor, MI) in sealed chambers using an 18-hour step-down hybridization protocol
consisting of 3 six-hour periods of 42°C, 35°C and 30°C, respectively.

Post

hybridization, arrays were subject to 3 different buffer washes while in the HybStation,
and were then dried by centrifugation. Hybridization and washing protocols have been
described previously (Cao et al., 2006).
Microarrays were scanned and quantified using a Genepix 4200A axon scanner
(Axon Instruments, Union City, USA) and processed using Gene Pix Pro 6.0 (Axon
Instruments, Inc., CA). Gene Spring GX (Agilent Technologies, Santa Rosa, CA)
analysis software was used for LOWESS normalization procedures.
For microarray validation purposes, qRT-PCR was used to measure transcript
abundance of 15 genes that were identified as either significantly differentially expressed
or as genes of interest. Primers were designed for target genes using Primer Express v3.0
(Applied Biosystems, Streetsville, ON). Specific Bos taurus mRNA sequences for target
genes were identified using sequential Basic Local Alignment Search Tool (BLASTn)
against human and mouse transcript sequences found in the UniGene database. Target
gene sequences were then imported into Primer Express v3.0. Forward and reverse
primers were optimally designed to cover exon-exon junctions to account for alternative
splicing when possible. Total liver RNA from 24 heifers (n=12 fed and n=12 feedrestricted) randomly selected across blocks and equally from each treatment group, was
reverse transcribed using a High Capacity cDNA Reverse Transcription Kit (Applied
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BioSystems, Streetsville, ON) and subject to DNase treatment (Qiagen, Valencia, CA)
for removal of any genomic contamination according to manufacturer’s instructions.
Two-hundred and seventy nanograms of purified, DNase treated sample and
reference RNA was used for Two-step qRT-PCR.

The master mix for reverse

transcription (using High Capacity cDNA Reverse Transcription Kit, Applied
Biosystems, Streetsville, ON) consisted of 2µl of 10 x Reverse Transcription Buffer,
0.8µl of 25 x dNTPs (100mM), 2µl of 10 x random primers, 1µl of MultiScribeTM
Reverse Transcriptase (50 U/µl) and 4.2µl of DNase-free water. 10µl of diluted sample
RNA was then added to make a final volume of 20µl.
The efficiency of qPCR amplification for each gene was calculated using the
standard curve method with five dilutions at each data point along the curve.
Dissociation curves were generated at the end of amplification to verify the presence of a
single product. The real time PCR Master Mix contained 10µl of 2x SYBR Green PCR
Master Mix (Applied BioSystems, Streetsville, ON), 0.8µl of Forward and Reverse
Primer (2.5µM), 4.2µl of DNase-free water and 5µl of diluted sample for a total volume
of 20µl. Real-time PCR reaction was performed in triplicate using StepOnePlus from
ABI Prism 7000 Sequence Detection System (Applied Biosystems). Melting curve was
performed after each run. The qRT-PCR results were normalized using the ΔΔCt method
with RPS9 as the housekeeping gene (Janovick-Guretzky et al., 2007).
3.3.5 Statistical Analysis
Statistical analysis on blood plasma samples was performed using Proc GLM
(SAS, SAS Institute Inc., Cary, NC) where heifer, block, and treatment were
classification effects and each metabolite was considered as dependent variables.
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Differences were considered significant at P = 0.05. Normalized microarray data was also
analyzed using Proc GLM (SAS) where heifer, block and treatment were considered
classification effects and gene expression values were dependent variables.

Proc

MULTTEST was then conducted with treatment as the classification effect for all tests
performed on gene expression values in the dataset. The multiple test correction method
of Benjamini and Hochberg (1995) was employed to control for false discovery rate.
Using a 1.2 fold change cut-off value, genes were declared as differentially expressed at
an FDR adjusted P value ≤ 0.05. The qRT-PCR results were normalized using the ΔΔCt
method and mean expression values for each gene were fitted to a statistical model using
Proc GLM in SAS where heifer, block and treatment were considered as classification
effects and each gene was a dependent variable in the model. Gene expression was
considered significant at P ≤ 0.05.
3.4 Results
3.4.1 Blood Plasma Metabolites
Plasma concentrations of NEFA, TAG, BHBA, glucose and αAN are shown in
Figure 3.1. The 24-hour feed withdrawal resulted in elevated plasma NEFA, from 61.6 to
272.3 µM (P < 0.0001). A concentration of 3.5 mM of plasma αAN in the feed-restricted
group was not significantly different from the measured 3.4 mM plasma αAN in the fed
group (P = 0.15). Treatment caused a 48% decline in plasma BHBA (P < 0.001), an 11%
decline in plasma glucose concentration (P = 0.001) and a 26% drop in plasma TAG (P =
0.0001).
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3.4.2 General Features of Altered Gene Expression
A total of 505 genes with fold change ≥ 1.2 was identified as differentially
expressed through microarray and qRT-PCR analysis. Of this list, 376 genes were
downregulated and 129 genes upregulated with a 24-hour total feed withdrawal.
Microarray results were validated using qRT-PCR analysis on a subset of DEG (Table
3.1). The primer sequences for each of the genes validated with qRT-PCR are found in
Table 3.2. With the exception of GOSR1 (P=0.005) and STMN1 (P=0.211), qRT-PCR
results were aligned with those of the microarrays.

Differentially expressed genes

identified by microarray and qPCR analysis are presented in Table 3.3. Genes involved
in metabolic pathways of interest are depicted in Figure 3.2.
3.5 Discussion
3.5.1 Hepatic Metabolic Response to Feed Withdrawal
Plasma metabolite concentrations indicate that 24-h of feed withdrawal caused a
physiological response in which the liver played an important role. Blood glucose
concentration fell, reflecting a decreased rate of hepatic gluconeogenesis from
gastrointestinal propionate. In agreement with these findings, a previous study reported
plasma glucose concentration fell 17% after 48 hours of feed restriction in postpubertal
heifers (Chelikani et al., 2004). Ruminal fermentation limits total absorption of dietary
derived glucose into the portal blood supply and into the liver, thereby dictating that the
ruminant liver is perpetually gluconeogenic, even in the fed state. The monogastric,
however, absorbs glucose from the gut and relies on gluconeogenesis to generate glucose
only after glycogen stores have been depleted after a lengthy period of time following a
meal (Frayn, 1999). NEFA concentration in the feed-restricted condition rose as a

31

consequence of mobilization from adipose tissue. Ketone bodies, particularly BHBA, are
synthesized in ruminant liver from either NEFA or butyrate arising from rumen
fermentation. The drop in plasma BHBA indicates that hepatic ketogenesis from NEFA
did not increase as much as butyrate supply from the rumen decreased. Plasma BHBA
concentrations in lactating dairy cows fed a restricted, low energy total mixed ration were
also lower during the initial period of restriction, as production by the rumen epithelium
slowed with diminishing substrate availability (Nielsen et al., 2003). Similar results were
previously reported as the net release of BHBA from the portal drained viscera was lower
in heifers (Reynolds et al., 1991) and steers (Reynolds et al., 1992) fed at slightly above
maintenance compared to nearly two-fold that amount. The drop in TAG concentration
was also likely due to less absorption of dietary derived long-chain fatty acids. The
observed decrease in ketogenesis and the decline in glucose output are not consistent with
the non-ruminant response to food restriction of similar duration (Frayn, 1999).
3.5.2 Hepatic Transcriptional Response to Feed Withdrawal
Transcript abundance for a particular enzyme can be expected to change if that
enzyme is required more or less for the physiological response to treatment. PC, PCK1
and FBP1 code for key regulatory enzymes in the gluconeogenic pathway under the
control of FOXO1 and PGC-1α and are regulated to maintain appropriate glucose flux
(Hagopian et al., 2003).

Expression of PC, the first regulatory enzyme in the

gluconeogenic pathway that converts pyruvate to oxaloacetate, was upregulated 1.6 fold
(Figure 3.2.), similar to other findings during nutritional restriction of ruminants (Loor et
al., 2007; Velez and Donkin, 2005). Recent findings indicate that the promoter 1 region
on the PC gene in glucogenic tissues may be responsive to the presence of NEFA in feed-

32

restricted cows (White et al., 2011), which is consistent with the elevated plasma NEFA
concentration and hepatic PC expression in this study. PCK1, which encodes the enzyme
responsible for converting oxaloacetate to phosphoenolpyruvate, was identified as
upregulated 1.26 fold, contrary to previous reports (Young et al., 1969; Loor et al., 2007;
Velez and Donkin, 2005). Similar to other findings (Baird et al., 1972), however, G6P
was not differentially expressed with feed restriction.

Greater abundance of FBP1

transcript (Table 3.1. and Figure 3.2.) is comparable to findings reported in lactating
dairy cows at 50% feed restriction (Loor et al., 2007), though it is likely that the effect of
negative energy balance was amplified in that study through the combination of feed
restriction and the energetic demands of lactation.
The characteristic non-ruminant response to feed withdrawal is to both mobilize
glycogen stores and stimulate gluconeogenesis to maintain blood glucose concentration
(Frayn, 1999). The upregulation of major gluconeogenic genes FBP1, PCK1 and PC
provides clear evidence of an attempt to increase hepatic gluconeogenesis in the
ruminant. However, these transcriptional effects are not consistent with the decreased
gluconeogenic flux due to reduced exogenous propionate and D-lactate availability.
LDHB was upregulated (Figure 3.3), suggesting an increased endogenous production or
hepatic utilization of L-lactate, a product of peripheral glycolysis which is recycled as a
gluconeogenic precursor during feed withdrawal (Frayn, 1999). The PC gene product is a
member of the gluconeogenic pathway from lactate and amino acids, but not from
propionate. A transcriptional change consistent with the reduced gluconeogenesis from
ruminal precursors was the downregulation of PGK1. This near-equilibrium enzyme does
not possess a large control strength over gluconeogenic flux in the presence of glucagon
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(Groen et al., 1986), meaning that a change in its expression during feed restriction
affects flux little, possibly because there is a considerable excess of the enzyme. Our
finding of upregulated FBP1 and PCK1 may be related to differences in the requirement
for excess enzyme capacities between fed and feed-restricted states. Perhaps
gluconeogenesis from a limited supply of endogenous precursors requires a higher excess
capacity than that from abundant ruminal precursors.
Lipogenic DEG were consistent with lower influx of precursors. Downregulation
of ACSS2, which converts cytosolic acetate to acetyl-CoA for use in lipid synthesis, was
observed in the feed-restricted state (Figure 3.2.). SCD1 codes for an important enzyme
in unsaturated fatty acid synthesis and was downregulated with the feed withdrawal
(Figure 3.2.), which coincides with previous findings during food withdrawal or restricted
feeding of ruminants and non-ruminants alike (Loor et al., 2007; Pohjanvirta et al., 2008;
Lkhagvador et al., 2009; Estep et al., 2009).

The gene FABP1 codes for the main

cytosolic carrier of long-chain fatty acids in liver cells, either for esterification, oxidation
or bile acid synthesis (Binas and Erol, 2007). The finding of ourselves and others (Bauer
et al., 2004; Estep et al., 2009; McCarthy et al., 2010), that FABP1 expression is
downregulated by food restriction in cattle and mice, indicates that it may facilitate
lipogenesis and bile acid synthesis more than fat oxidation.
Oxidation of lipids during feed withdrawal provides an energy source from
peripheral fat stores in the body. Both ACSL1, which codes for the preliminary step of
long-chain fatty acid activation, and ACADVL, which codes for an acyl-CoA
dehydrogenase with preference for 16-carbon fatty acids in catalyzing the first step of
mitochondrial β-oxidation (Izai et al., 1992), were upregulated in the feed-restricted
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group (Figure 3.2.) in accordance with the observed 4-fold increase in plasma NEFA as
substrate.
In contrast to the effects on genes for long-chain fatty acid catabolism,
downregulation of the short- and branched-chain acyl dehydrogenase gene, ACADSB,
during feed restriction reflected the diminishing supply of dietary derived isobutyrate and
butyrate (Figure 3.2.).

Similarly, ketogenic gene HMGCL, whose product directs

mitochondrial acetyl-CoA derived from long-chain fatty acid oxidation and exogenous
butyrate towards ketones, was downregulated during feed withdrawal. The decrease in
abundance of key transcripts for ketogenesis from short-chain fatty acids is consistent
with a lower plasma concentration of BHBA due to less butyrate supply from the rumen.
Expression of HMGCL was similarly depressed in lactating cows restricted to 50% of ad
libitum intake for up to 9 days (Loor et al., 2007) while ketogenic gene expression is
typically upregulated by as few as 2 days of food withdrawal in non-ruminants (Bauer et
al., 2004; Desert et al., 2008).
Several members of the cytochrome P450 (CYP) and alcohol dehydrogenase
(ADH) detoxifying systems were affected by feed restriction. Both systems are involved
in detoxification of endogenous substrates such as short- and long-chain fatty alcohols
and fatty acids, and numerous exogenous chemicals. In addition, the CYP proteins are
involved in cholesterol and steroid metabolism and the ADH proteins are involved in
retinoic acid signalling. Retinoic acid stimulates liver growth (Kimura et al., 2010) as a
ligand for the RAR and RXR transcription factor families, and is synthesized by the
sequential actions of ADH4 and ALDH1A1 proteins on diet-derived retinol (Theodosiou
et al., 2010). Expression of both of these genes was downregulated with the total feed
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withdrawal treatment in this study, and CYP4A11, whose product degrades retinoic acid
(Marill et al., 2002), was upregulated. These shifts suggest a decrease in retinoic acid
signalling during the feed restriction, possibly to moderate liver growth rate.
The CYP4A11 enzyme catalyzes hydroxylation of the terminal ω carbon of longand medium-chain fatty acids (Figure 3.2.). The hydroxyl group is subsequently oxidized
to a carboxyl group by alcohol and aldehyde dehydrogenases. The resulting dicarboxylic
fatty acid, when it is subjected to mitochondrial or peroxisomal β-oxidation, produces
succinyl-CoA in addition to acetyl-CoA (Hardwick, 2008). In this way, ω-oxidation
generates a gluconeogenic precursor from fatty acids that β-oxidation itself cannot. To
our knowledge, ω-oxidation of fatty acids in ruminant liver has not previously been
reported, but our finding of CYP4A11 upregulation is consistent with stimulation of
CYP4A11 expression during caloric restriction and food restriction in mice (Hardwick,
2008; Savas et al., 2009).
Another CYP, CYP27A1, which codes for a mitochondrial protein that oxidizes
cholesterol for elimination in bile acids, was downregulated with feed restriction. Several
other genes involved in cholesterol homeostasis were also affected by feed withdrawal.
ACAT2, HMGCS1, FDFT1, and SQLE code for cytosolic and microsomal enzymes that
sequentially convert acetyl-CoA to cholesterol and were all downregulated (Figure 3.2.).
These observations fit with the decline in cholesterol and bile acid synthesis that occurs
in many animals during food restriction, which has been attributed to the loss of acetylCoA precursors (Jones, 1997).

In conjunction with the downregulation of hepatic

cholesterol synthesis, we found greater transcript abundance for apolipoprotein genes
APOA1 and APOA4. These apolipoproteins aid in the mobilization of cholesterol from
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periphery for transport to the liver and their upregulation has also been observed in foodrestricted mice (Araki and Goto, 2003; Bauer et al., 2004; Sokolovic et al., 2008). Food
withdrawal reduces circulating concentrations of TAG- and cholesterol-containing
lipoprotein particles, yet removal of cholesterol from the periphery is not compromised
(Stein et al., 2003). Upregulation of APOA1 and APOA4 may provide an endogenous
source of cholesterol to the liver when de novo synthesis is downregulated.
3.5.3 Transcriptional Regulation
Upregulation in bovine liver of genes for gluconeogenesis and fatty acid
oxidation, and downregulation of those for lipogenesis and cholesterol synthesis, are
typical of the non-ruminant response to feed restriction. The canonical mechanism is that
rising glucagon levels activate PGC-1α transcription, which is a coactivator of
gluconeogenic gene expression (Desvergne and Wahli, 1999; Sugden et al., 2010).
Simultaneously, falling insulin levels stabilize the PGC-1α protein and accelerate its
entry into the nucleus (Li et al., 2007). We observed no effect of feed withdrawal on
abundance of hepatic PGC-1α transcripts, in contrast to the induction from as little as 2 h
of food restriction in mice (Yoon et al., 2001; Grasfeder et al., 2009). However, posttranscriptional regulation of the transcriptional coactivation activity of PGC-1α, via its
cellular location and phosphorylation and acetylation states (Li et al., 2007; Dominy Jr. et
al., 2010), may explain why many microarray studies, like ours, that found induction of
gluconeogenic gene expression during food restriction, have failed to detect an effect on
PGC-1α expression in either ruminants or rodents (Loor et al., 2007; Desert et al., 2008;
Sokolovic et al., 2008; McCarthy et al., 2010). The decreased abundance of PI3KCA
transcripts (Table 3.2.) suggests that insulin signalling was downregulated, which could
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contribute to post-transcriptional upregulation of PGC-1α function, with no change in its
mRNA expression, via loss of Akt-mediated phosphorylation of PGC-1α, FOXO1, and
CRTC2 (Nakae et al., 2002; Dentin et al., 2007; Li et al., 2007). The expression of PGC1α was increased in livers of fetal sheep exposed to caloric restriction in utero (Rozance
et al., 2008; Gentili et al., 2009) indicating that the mechanism is intact in ruminant
species before the ruminant dietary habit develops. The upregulation of several PGC-1αresponsive genes for gluconeogenesis (PC, PCK1, and FBP1) in our study of fully
functioning ruminants does not suggest a unique program of their transcriptional
regulation, despite the anomalous depression of gluconeogenesis during feed withdrawal.
This depression then occurs in opposition to the transcriptional response to food
restriction and appears to be primarily due to reduced substrate supply.
Downregulation of insulin signaling through PIK3CA was recapitulated in
RPS6KB1 that lies downstream of mTOR. It is through mTOR that insulin is proposed to
stimulate SREBP-1c expression, although RPS6KB1 activation is not required (Li et al.,
2010). Glucagon also inhibits SREBP1c expression by inducing phosphorylation of the
SREBP1c transcription factor, LXR (Yamamoto et al., 2007). Similar effects may be
responsible for SREBP2 downregulation during a food restriction (Krycer et al., 2010),
although ubiquitinylation and proteasomal degradation of both SREBPs due to
phosphorylation by glycogen synthase kinase 3 has also been proposed (BengoecheaAlonso and Ericsson, 2009). Nuclear activity of SREBP1c controls expression of a
multitude of lipogenic genes, including ACSS2, acetyl-CoA carboxylase, fatty acid
synthase, SCD1, and the acyltransferases (Horton et al., 2002). Of this list, only ACSS2
and SCD1 were downregulated in our study, and SREBP1c expression was not affected,
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suggesting that the lipogenic downregulation in ruminants after 24-h of total feed
withdrawal was weak. To our knowledge, effects of food restriction on SREBP1c
expression in ruminant liver have not been found by others. SREBP2, on the other hand,
controls expression of cholesterolgenic enzymes, including ACAT2, HMGCS1, FDFT1,
and SQLE (Horton et al., 2002), all of which were downregulated in our study. Thus,
although SREBP2 expression was not significantly affected by feed withdrawal, the
downregulation of a number of SREBP2-responsive genes suggests a central role for this
transcription factor. Loor et al. (2007) previously documented a decrease in hepatic
expression of SREBP2 and SQLE in food-restricted, lactating cows.
Up-regulation of hepatic expression of genes for fatty acid catabolism is usually
attributed to PPARα (Crestani et al., 2004). Elevated fatty acid concentrations
allosterically activate PPARα to heterodimerize with RXR and bind to peroxisome
proliferator response elements (PPRE) upstream of genes involved in fatty acid oxidation
and ketogenesis. In addition to activation by fatty acids, PPARα expression may be upregulated during food withdrawal (Desvergne et al., 2006; Martinez-Jimenez et al., 2010).
We found that both PPARα and RXRγ were expressed at higher levels in feed-restricted
cattle, which would account for up-regulation of the PPARα-regulated genes ACSL1,
ACADVL (Mandard et al., 2004), CYP4A11 (Hardwick, 2008), APOA1 (Vu-Dac et al.,
1998), and APOA4 (Nagasawa et al., 2007).
Although expression of genes for ketogenic enzymes is typically under PPARα
control, and PPARα expression and activity apparently increased in feed-restricted
heifers, we detected a decrease in expression of ACADSB and HMGCL for synthesis of
ketones from short-chain fatty acids. Promoters for these two genes have not been found
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to contain PPRE (Mandard et al., 2004; Lemay and Hwang, 2006) and there is little
information on their transcriptional regulation. The short-chain fatty acid butyrate is
known to affect expression of genes for its own metabolism in colonic mucosa through
butyrate response elements and through inhibition of histone deacetylase enzymes
(Camarero et al., 2003; Davie, 2003). Treatment of mouse colonic epithelial cells with
the short-chain fatty acid butyrate increased expression of HMGCL (Tabuchi et al.,
2006), so the down-regulation of ACADSB and HMGCL expression that we observed in
ruminant liver may have been due to lower concentrations of butyrate and other shortchain fatty acids during feed restriction.
In the liver of ruminants subjected to a moderate drop in dietary nutrient supply,
the

regulatory

effects

of

PGC-1α

on

gluconeogenic

genes,

SREBP2

on

cholesterologenesis, and PPARα on fatty acid oxidation were consistent with the
transcriptional response to feed withdrawal in the non-ruminant liver, and similar to the
response to a week of 50% food intake restriction in lactating cows (Loor et al., 2007).
Upregulation of key gluconeogenic genes occurred despite diminished dietary propionate,
amino acids and glycerol as substrates, and a lower hepatic production of glucose.
Downregulation of ketogenic genes was contrary to the non-ruminant response to feed
withdrawal, but was consistent with a lower influx of short-chain fatty acids from the
rumen as precursors. Short-chain fatty acids may exert transcriptional control in the
ruminant liver using mechanisms similar to those observed in the large intestine of nonruminants.
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Table 3.1. Differentially expressed genes identified by microarray and qPCR analysis
as a consequence of short term feed withdrawal in postpubertal dairy heifers (n=102)
PubMed ID
HMGCS1
ACSS2
ALDH1A1
FABP1
RPS6KB1

UniGene
Bt.49542
Bt.29433
Bt.4732
Bt.12
Bt.41950

Microarraya
Fold change
↓ 13.436
↓ 2.926
↓ 2.187
↓ 2.218
↓ 2.121

GOSR1
STMN1
APOA1
FBP1

Bt.14294
Bt.3137
Bt.49157
Bt.24314

↓ 2.249
↓ 1.950
↑ 2.433
↑ 2.279

↑ 1.092c
↓ 1.21
↑ 5.55
↑ 2.061

0.005
0.211
<.0001
<.0001

NSDHL

Bt.49296

↓ 1.891

↓ 2.902

0.0001

GLUD1

Bt.55415

↓ 2.195

↓ 2.511

0.0003

PPARA

Bt.18241

↑ 1.322

↑ 1.322

0.05

RXRG

Bt.11333

↑ 3.18

↑ 3.186

0.002

Bt.22888

---

↑ 1.035

0.315

SCD
Bt.89685
--↓ 22.745
a
FDR P ≤ 0.05;
b
n=24, composed of 12 fed and 12 feed-restricted animals;
c
Expression pattern in contrast to microarray results;
d
Genes of interest not on microarray

<.0001

NR3C1

d

d
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qPCRb
Fold change
↓ 22.20
↓ 16.034
↓ 2.110
↓ 2.675
↓ 1.231

p-value
<.0001
<.0001
<.0001
<.0001
0.024

Table 3.2. Primer Sequences of Genes used for Quantitative real-time PCR
analysis for microarray validation
PubMed ID
HMGCS1*

UniGene
Bt.49542

RTN4*

Bt.65021

ACSS2*

Bt.29433

RXRG*

Bt.11333

GOSR1*

Bt.14294

ALDH1A1*

Bt.4732

†

GLUD1*

Bt.55415

FABP1*

Bt.12

STMN1*

Bt.3137

NSDHL*

Bt.49296

RPS6KB1

Bt.41950

APOA1*

Bt.49157

FBP1

Bt.24314

PPAR*

Bt.18241

RPS9**

Bt.52718

Sequence
F1316- AGA GGA TCG GCG TGT TTT CTT
R1403- CAG ACC CTG GTG TGG CAT CT
F352- TGC TGC AAG AGG AGA TCT CTA GCT
R487- ATT TCA GGG CGG ATG TCT TCT
F1015- ACC CAA GGG CGT GTT ACA CA
R1101- TCC TCC GCA TGA AAG TCA AAC
F1005- GCT GAA CTT GCT GTT GAA CCA A
R1081- GTG ACA GGG TCA TTA GTC GAA TTC T
F149- GAC GCG ACA GGT ATA GCT CTG A
R215- TCA AAC ATT CTG TCT TGG CTT GA
F769- TCG ACA GAG GTT GGC AAA CTG
R831- GGA CAC CCT TTT CAG ATT GCT T
F1489- CCA CTT GCT CAT GTC TGT TCA AG
R1567- CGT GGG TAC AAT GGG AAT AGT TC
F264- GGA GAA GAT CAA GGC AGT GGT T
R329- ATG CCC TTG AAA GTT GTC ACA A
F271- GAC GCA AGT CCC ATG AAG CT
R331- TTC TCG TGC TCC CGT TTC TC
F763- GAT TGG GAA CGG AAA GAA CTT G
R841- GTG CTC TGC AGC CAG GAT GT
F681- TCA CCA AGG TCA CGT CAA ACT AAC
R752- TGT GTG ACT GTT CCG TCA TGA AT
F141- GAA GGA TTT TGC CAC CGT GTA
R246- GAG TTT CAG GTT GAG CTG TTT TCC
F778- CAC CGA GTA TGT CCA GAG GAA GA
R835- ACG TAC CTG GCG CCA TAG G
F584- TGA GGG CTG CAA GGG TTT C
R655- CAA CTA CGG TCA CAT TTG TCA TAC AC
F145- AAG CTG ATC GGC GAG TAT GG
R266- CGC CGC GGG TCT TTC
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Length (bp)
88

Primer Efficiency
Sample
RPS9**
0.99
92

136

1

80

87

1

82.2

77

1

78.9

67

1

80.7

63

1

82.8

79

1

92.1

66

0.99

85.2

61

1

80

79

1

85.3

72

1

69

106

1

87

58

1

76

72

1

80.4

122

---

---

Table 3.2. Continued.
* Primers designed with exon-exon junctions
** Housekeeping gene
***The PCR efficiency was calculated as follows: E= -1+10(-1/slope) x 100;
the slope was obtained by the 5 points standard curve, with a minimum R2 of 0.99.
†
Isoform not present on
microarray

43

Table 3.3. Differentially expressed genes identified by microarray and qPCR analysis in Holstein dairy heifers (n=102)
Fold
UniGene
Change
ID
Symbol
Entrez Gene Name
−1.264
Bt.60794
A2M
alpha-2-macroglobulin
−3.105
Bt.26877
ABI2
abl-interactor 2
−1.316
Bt.23226
ACADSB
acyl-CoA dehydrogenase, short/branched chain
1.211
Bt.48920
ACADVL
acyl-CoA dehydrogenase, very long chain
−1.583
Bt.87763
ACAT2
acetyl-CoA acetyltransferase 2
−1.513
Bt.19117
ACBD3
acyl-CoA binding domain containing 3
1.874
Bt.46096
ACSL1
acyl-CoA synthetase long-chain family member 1
−2.926
Bt.29433
ACSS2
acyl-CoA synthetase short-chain family member 2
−2.081
Bt.38667
ACTG1
actin, gamma 1
1.586
Bt.13633
ACTN4
actinin, alpha 4
1.476
Bt.30858
ADAM11
ADAM metallopeptidase domain 11
−1.756
Bt.19521
ADH4
alcohol dehydrogenase 4 (class II), pi polypeptide
−1.347
Bt.9697
ADH6
alcohol dehydrogenase 6 (class V)
−1.250
Bt.11337
AIFM1
apoptosis-inducing factor, mitochondrion-associated, 1
−1.342
Bt.12468
AIMP2
aminoacyl tRNA synthetase complex-interacting multifunctional protein 2
−1.707
Bt.3321
AKAP11
A kinase (PRKA) anchor protein 11
−1.748
Bt.218
AKAP4
A kinase (PRKA) anchor protein 4
−2.187
Bt.4732
ALDH1A1
aldehyde dehydrogenase 1 family, member A1
−1.424
Bt.25105
ALPK1
alpha-kinase 1
−1.569
Bt.21589
ANGPTL2
angiopoietin-like 2
−1.569
Bt.27994
ANPEP
alanyl (membrane) aminopeptidase
−1.263
Bt.35586
AP1B1
adaptor-related protein complex 1, beta 1 subunit
−1.278
Bt.37476
APBB1
amyloid beta (A4) precursor protein-binding, family B, member 1 (Fe65)
2.433
Bt.49157
APOA1
apolipoprotein A-I
17.314
Bt.15890
APOA4
apolipoprotein A-IV
−1.215
Bt.20574
AQP11
aquaporin 11
3.010
Bt.47269
ARF4
ADP-ribosylation factor 4
2.864
Bt.21704
ARFRP1
ADP-ribosylation factor related protein 1
−2.085
Bt.31716
ARL5A
ADP-ribosylation factor-like 5A
1.271
Bt.56392
ARMCX2
armadillo repeat containing, X-linked 2
1.467
Bt.18330
ASGR2
asialoglycoprotein receptor 2
1.203
Bt.20675
ASNA1
arsA arsenite transporter, ATP-binding, homolog 1 (bacterial)
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Table 3.3. Continued
Fold
UniGene
Change
ID
1.352
Bt.1370
−1.433
Bt.38344
−1.345
Bt.49442
−1.514
Bt.24649
−1.299
Bt.59699
−1.249
Bt.5269
2.008
Bt.26651
1.745
Bt.76770
1.210
Bt.888
−1.543
Bt.17557
1.858
Bt.49580
1.448
Bt.4213
−1.552
Bt.89256
−1.358
Bt.56382
−3.815
Bt.58804
−1.524
Bt.56899
−1.417
Bt.4059
−1.358
Bt.57564
−1.554
Bt.45352
−1.376
Bt.49310
−1.233
Bt.59296
1.269
Bt.22510
−1.656
Bt.13504
−1.398
Bt.91833
−1.385
Bt.14229
−1.693
Bt.15814
−1.569
Bt.5478
−1.285
Bt.25709
−1.364
Bt.26772
2.716
Bt.45267
−1.336
Bt.3961
−1.223
Bt.22496

Symbol
ASS1
ASTN2
ATF4
ATP2A2
ATXN2L
B2M
B3GNT4
BCL6B
BNIP3L
BRD8
BRP44L
BTF3
C10orf26
C11orf46
C14orf147
C15orf63
C19orf6
C1orf123
C1orf124
C1orf50
C21orf70
C2orf7
C3orf39
C3orf75
C7orf25
C8orf33
CACNB3
CACNG6
CALHM2
CAMKK2
CAPN3
CBR3

Entrez Gene Name
argininosuccinate synthase 1
astrotactin 2
activating transcription factor 4 (tax-responsive enhancer element B67)
ATPase, Ca++ transporting, cardiac muscle, slow twitch 2
ataxin 2-like
beta-2-microglobulin
UDP-GlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 4
B-cell CLL/lymphoma 6, member B
BCL2/adenovirus E1B 19kDa interacting protein 3-like
bromodomain containing 8
brain protein 44-like
basic transcription factor 3
chromosome 10 open reading frame 26
chromosome 11 open reading frame 46
chromosome 14 open reading frame 147
chromosome 15 open reading frame 63
chromosome 19 open reading frame 6
chromosome 1 open reading frame 123
chromosome 1 open reading frame 124
chromosome 1 open reading frame 50
chromosome 21 open reading frame 70
chromosome 2 open reading frame 7
chromosome 3 open reading frame 39
chromosome 3 open reading frame 75
chromosome 7 open reading frame 25
chromosome 8 open reading frame 33
calcium channel, voltage-dependent, beta 3 subunit
calcium channel, voltage-dependent, gamma subunit 6
calcium homeostasis modulator 2
calcium/calmodulin-dependent protein kinase kinase 2, beta
calpain 3, (p94)
carbonyl reductase 3
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.314
Bt.12630
1.358
Bt.8688
1.464
Bt.26536
−1.701
Bt.60810
1.266
Bt.4571
1.282
Bt.1667
1.211
Bt.58743
−1.459
Bt.49283
2.198
Bt.4417
−1.526
Bt.2749
−1.214
Bt.28409
−1.303
Bt.56566
−1.642
Bt.468
1.290
Bt.21648
−2.390
Bt.49135
−1.617
Bt.3242
−2.704
Bt.12177
−1.270
Bt.12177
−2.592
Bt.56241
−1.682
Bt.16943
1.377
Bt.9541
−1.432
Bt.38955
−1.424
Bt.19502
−1.744
Bt.28075
−1.386
Bt.49930
−1.491
Bt.31645
1.256
Bt.7492
1.714
Bt.27312
−1.469
Bt.46264

Symbol
CBX8
CCDC101
CCL21
CCNE1
CD34
CDC34
CDC42EP1
CDC42SE1
CDH2
CDKN1A
CDT1
CDV3
CFTR
CIDEB
CLCA4
CLDN2
CLDN4
CLDN4
CLIP1
CLSTN1
CNBP
COIL
COL13A1
COL4A2
COTL1
CPNE4
CREB3
CRTC2
CSRP2

Entrez Gene Name
chromobox homolog 8
coiled-coil domain containing 101
chemokine (C-C motif) ligand 21
cyclin E1
CD34 molecule
cell division cycle 34 homolog (S. cerevisiae)
CDC42 effector protein (Rho GTPase binding) 1
CDC42 small effector 1
cadherin 2, type 1, N-cadherin (neuronal)
cyclin-dependent kinase inhibitor 1A (p21, Cip1)
chromatin licensing and DNA replication factor 1
CDV3 homolog (mouse)
cystic fibrosis transmembrane conductance regulator
cell death-inducing DFFA-like effector b
chloride channel accessory 4
claudin 2
claudin 4
claudin 4
CAP-GLY domain containing linker protein 1
calsyntenin 1
CCHC-type zinc finger, nucleic acid binding protein
coilin
collagen, type XIII, alpha 1
collagen, type IV, alpha 2
coactosin-like 1 (Dictyostelium)
copine IV
cAMP responsive element binding protein 3
CREB regulated transcription coactivator 2
cysteine and glycine-rich protein 2
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.498
Bt.32324
−1.236
Bt.20057
1.790
Bt.62374
−1.859
Bt.13772
−1.606
Bt.10609
−1.396
Bt.61101
1.683
Bt.91691
1.369
Bt.44816
−1.300
Bt.49612
−1.349
Bt.3066
−1.462
Bt.61505
−1.351
Bt.44921
1.383
Bt.3902
1.322
Bt.12263
−1.514
Bt.4680
−1.600
Bt.35106
−1.555
Bt.20421
−1.309
Bt.8795
1.269
Bt.62921
−1.383
Bt.53572
−1.694
Bt.40413
−1.232
Bt.3377
−1.322
Bt.14661
−1.392
Bt.20090
1.801
Bt.87687
−1.411
Bt.12454
−1.351
Bt.59480
−1.640
Bt.91088
−1.259
Bt.34094
−2.218
Bt.12
−1.563
Bt.26767
1.562
Bt.7023

Symbol
CTNNBIP1
CTSG
CYB5D2
CYP1A1
CYP20A1
CYP27A1
CYP4A11
DCTPP1
DDX19A
DDX28
DDX49
DENND2A
DHPS
DLL4
DNAJC12
DOCK9
DPM2
DYSF
EEF1G
EEPD1
EFEMP1
EIF4A3
ELAC1
ENO2
EPHX2
ERAL1
ESPL1
EXOSC5
F11R
FABP1
FAF2
FAHD2A

Entrez Gene Name
catenin, beta interacting protein 1
cathepsin G
cytochrome b5 domain containing 2
cytochrome P450, family 1, subfamily A, polypeptide 1
cytochrome P450, family 20, subfamily A, polypeptide 1
cytochrome P450, family 27, subfamily A, polypeptide 1
cytochrome P450, family 4, subfamily A, polypeptide 11
dCTP pyrophosphatase 1
DEAD (Asp-Glu-Ala-As) box polypeptide 19A
DEAD (Asp-Glu-Ala-Asp) box polypeptide 28
DEAD (Asp-Glu-Ala-Asp) box polypeptide 49
DENN/MADD domain containing 2A
deoxyhypusine synthase
delta-like 4 (Drosophila)
DnaJ (Hsp40) homolog, subfamily C, member 12
dedicator of cytokinesis 9
dolichyl-phosphate mannosyltransferase polypeptide 2, regulatory subunit
dysferlin, limb girdle muscular dystrophy 2B (autosomal recessive)
eukaryotic translation elongation factor 1 gamma
endonuclease/exonuclease/phosphatase family domain containing 1
EGF-containing fibulin-like extracellular matrix protein 1
eukaryotic translation initiation factor 4A3
elaC homolog 1 (E. coli)
enolase 2 (gamma, neuronal)
epoxide hydrolase 2, cytoplasmic
Era G-protein-like 1 (E. coli)
extra spindle pole bodies homolog 1 (S. cerevisiae)
exosome component 5
F11 receptor
fatty acid binding protein 1, liver
Fas associated factor family member 2
fumarylacetoacetate hydrolase domain containing 2A
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Table 3.3. Continued
Fold
UniGene
Change
ID
1.314
Bt.1293
−1.266
Bt.25924
−1.240
Bt.22185
2.279
Bt.24314
−1.345
Bt.30467
1.235
Bt.55489
−1.955
Bt.14255
−1.666
Bt.14255
−1.226
Bt.25767
−1.547
Bt.26755
−1.495
Bt.65020
1.225
Bt.5457
2.160
Bt.13326
−1.440
Bt.14207
−1.508
Bt.62729
−1.597
Bt.1248
1.700
Bt.28019
−1.408
Bt.31797
1.219
Bt.91346
−1.595
Bt.15656
−2.195
Bt.55415
1.356
Bt.64580
1.239
Bt.4311
−1.252
Bt.2981
−2.249
Bt.14294
−1.593
Bt.18701
−2.749
Bt.227
−2.395
Bt.227
−1.369
Bt.47057
−1.592
Bt.26796
1.319
Bt.4705
1.223
Bt.4607

Symbol
FAM125A
FAM64A
FAM82A2
FBP1
FBXW11
FCHO1
FDFT1
FDFT1
FFAR3
FKBP15
GALNTL4
GAP43
GAS7
GCAT
GFER
GGA2
GH1
GIPC1
GLI3
GLT8D1
GLUD1
Gm6834
GNAI2
GNB2L1
GOSR1
GRIA3
GSTA3
GSTA3
GTF2H1
GZMH
HDGF
HEATR7A

Entrez Gene Name
family with sequence similarity 125, member A
family with sequence similarity 64, member A
family with sequence similarity 82, member A2
fructose-1,6-bisphosphatase 1
F-box and WD repeat domain containing 11
FCH domain only 1
farnesyl-diphosphate farnesyltransferase 1
farnesyl-diphosphate farnesyltransferase 1
free fatty acid receptor 3
FK506 binding protein 15, 133kDa
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase-like 4
growth associated protein 43
growth arrest-specific 7
glycine C-acetyltransferase
growth factor, augmenter of liver regeneration
golgi-associated, gamma adaptin ear containing, ARF binding protein 2
growth hormone 1
GIPC PDZ domain containing family, member 1
GLI family zinc finger 3
glycosyltransferase 8 domain containing 1
glutamate dehydrogenase 1
predicted pseudogene 6834
guanine nucleotide binding protein (G protein), alpha inhibiting activity polypeptide 2
guanine nucleotide binding protein (G protein), beta polypeptide 2-like 1
golgi SNAP receptor complex member 1
glutamate receptor, ionotrophic, AMPA 3
glutathione S-transferase alpha 3
glutathione S-transferase alpha 3
general transcription factor IIH, polypeptide 1, 62kDa
granzyme H (cathepsin G-like 2, protein h-CCPX)
hepatoma-derived growth factor
HEAT repeat containing 7A
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.276
Bt.16348
−1.205
Bt.32880
−1.336
Bt.344
−1.569
Bt.21218
−1.248
Bt.9446
−12.726
Bt.49542
−1.314
Bt.12915
−1.240
Bt.31359
−1.784
Bt.65104
−1.252
Bt.24270
−1.581
Bt.1460
−1.339
Bt.88365
−1.241
Bt.20785
1.322
Bt.11379
1.210
Bt.22104
−1.287
Bt.42400
−1.629
Bt.11080
−1.235
Bt.18113
1.220
Bt.48110
−1.451
Bt.26801
−1.399
Bt.59716
1.413
Bt.8136
−1.221
Bt.22294
−1.567
Bt.53718
−1.446
Bt.13476
−1.379
Bt.15730
−1.391
Bt.59155
−1.547
Bt.43404
−1.381
Bt.49263
2.048
Bt.7736
−1.416
Bt.35117
−1.362
Bt.43510

Symbol
HERPUD2
HESX1
HLA-DMA
HMBS
HMGCL
HMGCS1
HNRNPH3
HRH3
HSPA5
HSPD1
HUWE1
IFI35
IFI44
IFT52
IHH
IL17RC
IL2RG
ILF2
ILF3
IQCC
KANK1
KCNQ3
KIAA0913
KIAA1737
KIF23
KIF2C
KRT19
LAMA5
LCK
LDHB
LGI1
LMCD1

Entrez Gene Name
HERPUD family member 2
HESX homeobox 1
major histocompatibility complex, class II, DM alpha
hydroxymethylbilane synthase
3-hydroxymethyl-3-methylglutaryl-CoA lyase
3-hydroxy-3-methylglutaryl-CoA synthase 1 (soluble)
heterogeneous nuclear ribonucleoprotein H3 (2H9)
histamine receptor H3
heat shock 70kDa protein 5 (glucose-regulated protein, 78kDa)
heat shock 60kDa protein 1 (chaperonin)
HECT, UBA and WWE domain containing 1
interferon-induced protein 35
interferon-induced protein 44
intraflagellar transport 52 homolog (Chlamydomonas)
Indian hedgehog
interleukin 17 receptor C
interleukin 2 receptor, gamma
interleukin enhancer binding factor 2, 45kDa
interleukin enhancer binding factor 3, 90kDa
IQ motif containing C
KN motif and ankyrin repeat domains 1
potassium voltage-gated channel, KQT-like subfamily, member 3
KIAA0913
KIAA1737
kinesin family member 23
kinesin family member 2C
keratin 19
laminin, alpha 5
lymphocyte-specific protein tyrosine kinase
lactate dehydrogenase B
leucine-rich, glioma inactivated 1
LIM and cysteine-rich domains 1
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.446
Bt.709
−1.547
Bt.45360
−1.341
Bt.88262
−2.757
Bt.32882
1.489
Bt.9800
−1.780
Bt.59335
1.676
Bt.49560
−1.380
Bt.1595
−1.306
Bt.5078
−1.382
Bt.27251
1.247
Bt.8073
−1.266
Bt.43984
1.224
Bt.54975
1.402
Bt.26509
1.239
Bt.26871
−1.257
Bt.65876
−1.460
Bt.51751
−1.538
Bt.47838
1.210
Bt.53127
−1.571
Bt.9207
3.096
Bt.42866
−1.596
Bt.43678
−1.493
Bt.9676
−1.316
Bt.64227
1.357
Bt.3388
−1.807
Bt.142
−1.238
Bt.8279
−1.230
Bt.71
−1.338
Bt.11553
1.316
Bt.32896

Symbol
LPCAT4
LRP5
LRRC4B
LSAMP
LSG1
LSM12
LSM4
LUC7L3
MAGED2
MAGI1
MAP1LC3A
MAPKAPK3
MCM2
MCOLN1
MEN1
MEOX1
MORF4L1
MRPL24
MRPS9
MSN
MT1F
MTMR3
MYEOV2
NAALADL1
NANS
NCF1
NDUFAF3
NDUFB5
NEK3
NMNAT2

Entrez Gene Name
lysophosphatidylcholine acyltransferase 4
low density lipoprotein receptor-related protein 5
leucine rich repeat containing 4B
limbic system-associated membrane protein
large subunit GTPase 1 homolog (S. cerevisiae)
LSM12 homolog (S. cerevisiae)
LSM4 homolog, U6 small nuclear RNA associated (S. cerevisiae)
LUC7-like 3 (S. cerevisiae)
melanoma antigen family D, 2
membrane associated guanylate kinase, WW and PDZ domain containing 1
microtubule-associated protein 1 light chain 3 alpha
mitogen-activated protein kinase-activated protein kinase 3
minichromosome maintenance complex component 2
mucolipin 1
multiple endocrine neoplasia I
mesenchyme homeobox 1
mortality factor 4 like 1
mitochondrial ribosomal protein L24
mitochondrial ribosomal protein S9
moesin
metallothionein 1F
myotubularin related protein 3
myeloma overexpressed 2
N-acetylated alpha-linked acidic dipeptidase-like 1
N-acetylneuraminic acid synthase
neutrophil cytosolic factor 1
NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, assembly factor 3
NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 5, 16kDa
NIMA (never in mitosis gene a)-related kinase 3
nicotinamide nucleotide adenylyltransferase 2
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.891
Bt.49296
−1.386
Bt.2198
−1.503
Bt.2887
−1.340
Bt.32525
−1.353
Bt.27049
1.325
Bt.3114
−2.338
Bt.14034
1.237
Bt.43488
1.648
Bt.10147
−1.321
Bt.6961
1.258
Bt.12768
−1.207
Bt.28078
1.360
Bt.4348
−1.577
Bt.6460
1.785
Bt.20771
−1.570
Bt.10901
−1.383
Bt.17803
−1.244
Bt.37560
−1.316
Bt.44349
−1.412
Bt.4912
1.318
Bt.15862
−1.779
Bt.49068
−1.409
Bt.39724
−1.479
Bt.447
1.328
Bt.45633
−1.462
Bt.9103
−1.280
Bt.25798
−1.318
Bt.55602
−1.682
Bt.89123
−1.545
Bt.4588
−1.502
Bt.28188

Symbol
NSDHL
NUBP2
NUDT5
OAS1
OLFML2A
OSTC
OVOL2
P2RY6
PC
PCDH12
PCK1
PDAP1
PDE6D
PDIA6
PEX1
PEX5
PEX7
PGK1
PHC2
PI16
PICK1
PIGS
PIGT
PIK3CA
PIK3IP1
PITPNM1
PIWIL4
PLCL1
PLEKHG4
PLEKHO2
POGK

Entrez Gene Name
NAD(P) dependent steroid dehydrogenase-like
nucleotide binding protein 2 (MinD homolog, E. coli)
nudix (nucleoside diphosphate linked moiety X)-type motif 5
2',5'-oligoadenylate synthetase 1, 40/46kDa
olfactomedin-like 2A
oligosaccharyltransferase complex subunit
ovo-like 2 (Drosophila)
pyrimidinergic receptor P2Y, G-protein coupled, 6
pyruvate carboxylase
protocadherin 12
phosphoenolpyruvate carboxykinase 1 (soluble)
PDGFA associated protein 1
phosphodiesterase 6D, cGMP-specific, rod, delta
protein disulfide isomerase family A, member 6
peroxisomal biogenesis factor 1
peroxisomal biogenesis factor 5
peroxisomal biogenesis factor 7
phosphoglycerate kinase 1
polyhomeotic homolog 2 (Drosophila)
peptidase inhibitor 16
protein interacting with PRKCA 1
phosphatidylinositol glycan anchor biosynthesis, class S
phosphatidylinositol glycan anchor biosynthesis, class T
phosphoinositide-3-kinase, catalytic, alpha polypeptide
phosphoinositide-3-kinase interacting protein 1
phosphatidylinositol transfer protein, membrane-associated 1
piwi-like 4 (Drosophila)
phospholipase C-like 1
pleckstrin homology domain containing, family G (with RhoGef domain) member 4
pleckstrin homology domain containing, family O member 2
pogo transposable element with KRAB domain
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Table 3.3. Continued
Fold
UniGene
Change
ID
1.224
Bt.11937
1.322
Bt.18241
−1.379
Bt.4335
−1.344
Bt.20145
1.486
Bt.6139
1.232
Bt.15734
−1.716
Bt.52851
1.321
Bt.16452
−1.395
Bt.20330
−1.392
Bt.4857
−1.760
Bt.87789
−1.247
Bt.53697
−1.347
−1.335
−1.451
−1.357
−1.252
1.225
−1.421
−1.291
−1.664
−1.622
−1.425
1.218
−1.302
−1.312
1.251
1.309
−1.380
1.263
−1.855

Bt.17659
Bt.9662
Bt.56029
Bt.56029
Bt.7541
Bt.1286
Bt.43951
Bt.1974
Bt.61172
Bt.37327
Bt.27074
Bt.62192
Bt.26608
Bt.10397
Bt.28844
Bt.11318
Bt.15275
Bt.48814
Bt.41950

Symbol
POMGNT1
PPARA
PPOX
PRELID1
PRKCSH
PRKCZ
PRPSAP2
PRRG2
PRSS23
PRUNE
PSMB11
PSMB8

Entrez Gene Name
protein O-linked mannose beta1,2-N-acetylglucosaminyltransferase
peroxisome proliferator-activated receptor alpha
protoporphyrinogen oxidase
PRELI domain containing 1
protein kinase C substrate 80K-H
protein kinase C, zeta
phosphoribosyl pyrophosphate synthetase-associated protein 2
proline rich Gla (G-carboxyglutamic acid) 2
protease, serine, 23
prune homolog (Drosophila)
proteasome (prosome, macropain) subunit, beta type, 11
proteasome (prosome, macropain) subunit, beta type, 8 (large multifunctional peptidase 7)

PTDSS1
PTGER4
PTP4A2
PTP4A2
PTX3
RARRES2
RASAL1
RASL11B
RFX5
RG9MTD3
RGS14
RILPL1
RNF139
RNF20
RPL28
RPL32
RPS18
RPS2
RPS6KB1

phosphatidylserine synthase 1
prostaglandin E receptor 4 (subtype EP4)
protein tyrosine phosphatase type IVA, member 2
protein tyrosine phosphatase type IVA, member 2
pentraxin 3, long
retinoic acid receptor responder (tazarotene induced) 2
RAS protein activator like 1 (GAP1 like)
RAS-like, family 11, member B
regulatory factor X, 5 (influences HLA class II expression)
RNA (guanine-9-) methyltransferase domain containing 3
regulator of G-protein signaling 14
Rab interacting lysosomal protein-like 1
ring finger protein 139
ring finger protein 20
ribosomal protein L28
ribosomal protein L32
ribosomal protein S18
ribosomal protein S2
ribosomal protein S6 kinase, 70kDa, polypeptide 1
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Table 3.3. Continued
Fold
UniGene
Change
ID
−1.463
Bt.16079
−1.598
Bt.29191
−1.318
Bt.57603
3.180
Bt.11333
−1.808
Bt.26677
−1.458
Bt.11576
−1.443
Bt.44470
−1.438
Bt.27398
−1.422
Bt.21542
1.510
Bt.24523
−1.333
Bt.25587
−1.540
Bt.69058
−1.410
Bt.27293
1.219
Bt.1943
1.342
Bt.49566
2.715
Bt.77460
−1.300
Bt.8620
−1.599
Bt.44972
1.264
Bt.30102
−1.566
Bt.6311
−1.623
Bt.12770
−1.429
Bt.49366
−1.447
Bt.55373
−1.411
Bt.16122
−1.587
Bt.19261
−1.219
Bt.87883
−1.838
Bt.9767
−1.390
Bt.65625
−1.529
Bt.43539
−1.950
Bt.3137
−1.326
Bt.43074

Symbol
RTN3
RTN4IP1
RXRB
RXRG
SAP30L
SAT2
SATB1
SCFD2
SCYL2
SEPT1
SERPINI2
SETX
SF3A2
SF3B2
SH3BGRL3
SLC25A30
SLC26A11
SLC35A1
SLIT2
SMARCC1
SNCA
SNRNP25
SNRPA1
SORD
SOX18
SPDYA
SQLE
STBD1
STEAP3
STMN1
STYX

Entrez Gene Name
reticulon 3
reticulon 4 interacting protein 1
retinoid X receptor, beta
retinoid X receptor, gamma
SAP30-like
spermidine/spermine N1-acetyltransferase family member 2
SATB homeobox 1
sec1 family domain containing 2
SCY1-like 2 (S. cerevisiae)
septin 1
serpin peptidase inhibitor, clade I (pancpin), member 2
senataxin
splicing factor 3a, subunit 2, 66kDa
splicing factor 3b, subunit 2, 145kDa
SH3 domain binding glutamic acid-rich protein like 3
solute carrier family 25, member 30
solute carrier family 26, member 11
solute carrier family 35 (CMP-sialic acid transporter), member A1
slit homolog 2 (Drosophila)
SWI/SNF related, matrix associated, actin dependent regulator of chromatin, subfamily c, member 1
synuclein, alpha (non A4 component of amyloid precursor)
small nuclear ribonucleoprotein 25kDa (U11/U12)
small nuclear ribonucleoprotein polypeptide A'
sorbitol dehydrogenase
SRY (sex determining region Y)-box 18
speedy homolog A (Xenopus laevis)
squalene epoxidase
starch binding domain 1
STEAP family member 3
stathmin 1
serine/threonine/tyrosine interacting protein

53

Table 3.3. Continued
Fold
UniGene
Change
ID
−1.850
Bt.49849
−2.229
Bt.11731
−1.343
Bt.17392
−1.457
Bt.20229
−1.232
Bt.53189
1.723
Bt.31794
−1.857
Bt.3953
−1.276
Bt.4750
−1.275
Bt.53232
1.323
Bt.10047
−1.303
Bt.12653
−1.727
Bt.53663
1.477
Bt.25702
−1.438
Bt.24406
−2.580
Bt.65363
−1.437
Bt.62762
−1.608
Bt.63217
−1.300
Bt.1322
−1.478
Bt.8981
−1.497
Bt.55490
−1.374
Bt.1599
1.214
Bt.27358
−1.229
Bt.26590
−1.893
Bt.36917
1.346
Bt.16668
−2.177
Bt.49341
−1.524
Bt.19032
−1.228
Bt.25569
−1.981
Bt.25051
−1.507
Bt.12406
−1.253
Bt.24738

Symbol
SYNPR
TAF7
TAX1BP1
TBRG4
TDRKH
THBS3
THOC3
TKT
TLK2
TMCO1
TMEM109
TMEM134
TMEM145
TMEM185A
TMEM188
TMEM219
TMEM47
TMX1
TRAF5
TRAFD1
TRAPPC3
TREML2
TRIM10
TRIM38
TRIM45
TSPO
TSPYL4
TSR1
TTC14
TTLL12
TTLL5

Entrez Gene Name
synaptoporin
TAF7 RNA polymerase II, TATA box binding protein (TBP)-associated factor, 55kDa
Tax1 (human T-cell leukemia virus type I) binding protein 1
transforming growth factor beta regulator 4
tudor and KH domain containing
thrombospondin 3
THO complex 3
transketolase
tousled-like kinase 2
transmembrane and coiled-coil domains 1
transmembrane protein 109
transmembrane protein 134
transmembrane protein 145
transmembrane protein 185A
transmembrane protein 188
transmembrane protein 219
transmembrane protein 47
thioredoxin-related transmembrane protein 1
TNF receptor-associated factor 5
TRAF-type zinc finger domain containing 1
trafficking protein particle complex 3
triggering receptor expressed on myeloid cells-like 2
tripartite motif-containing 10
tripartite motif-containing 38
tripartite motif-containing 45
translocator protein (18kDa)
TSPY-like 4
TSR1, 20S rRNA accumulation, homolog (S. cerevisiae)
tetratricopeptide repeat domain 14
tubulin tyrosine ligase-like family, member 12
tubulin tyrosine ligase-like family, member 5
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Table 3.3. Continued
Fold
UniGene
Change
ID
1.598
Bt.32133
−1.238
Bt.36152
1.995
Bt.5288
−1.312
Bt.7257
−1.403
Bt.20434
−1.352
Bt.17923
−1.263
Bt.64682
−1.369
Bt.56335
−1.374
Bt.49694
−1.391
Bt.15679
−1.308
Bt.59544
−1.368
Bt.49331
−1.211
Bt.49491
1.302
Bt.38300
−1.410
Bt.53010
−1.430
Bt.720
1.477
Bt.32571
−1.488
Bt.6400
−1.270
Bt.4261
1.396
Bt.56769
−1.793
Bt.12054
−1.413
Bt.24975
1.708
Bt.45240
−1.544
Bt.5549
1.257
Bt.9553
−1.368
Bt.7072
−1.305
Bt.7072
−1.400
Bt.25251
−1.474
Bt.65353
−1.234
Bt.11027
−1.332
Bt.88306
−1.282
Bt.15793

Symbol
TTPAL
TUBGCP2
TXN2
UBOX5
UFSP2
UGT3A2
UHRF1
ULK3
UNC50
VAPB
VARS
VCP
VTN
WASF2
WDR13
WDR24
WDR33
WDR60
WDR82
WIPF1
YIPF1
YTHDC2
ZBTB2
ZEB1
ZNF335
ZNF524
ZNF524
ZNF592
ZNF646
ZNF653
ZNF830
ZW10

Entrez Gene Name
tocopherol (alpha) transfer protein-like
tubulin, gamma complex associated protein 2
thioredoxin 2
U-box domain containing 5
UFM1-specific peptidase 2
UDP glycosyltransferase 3 family, polypeptide A2
ubiquitin-like with PHD and ring finger domains 1
unc-51-like kinase 3 (C. elegans)
unc-50 homolog (C. elegans)
VAMP (vesicle-associated membrane protein)-associated protein B and C
valyl-tRNA synthetase
valosin-containing protein
vitronectin
WAS protein family, member 2
WD repeat domain 13
WD repeat domain 24
WD repeat domain 33
WD repeat domain 60
WD repeat domain 82
WAS/WASL interacting protein family, member 1
Yip1 domain family, member 1
YTH domain containing 2
zinc finger and BTB domain containing 2
zinc finger E-box binding homeobox 1
zinc finger protein 335
zinc finger protein 524
zinc finger protein 524
zinc finger protein 592
zinc finger protein 646
zinc finger protein 653
zinc finger protein 830
ZW10, kinetochore associated, homolog (Drosophila)
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Figure 3.1. Blood plasma concentrations of non-esterified fatty acids (NEFA),
triacylglycerol (TAG), alpha-amino nitrogen (αAN), glucose and beta-hydroxybutyrate
(BHBA) in fed (■) and feed-restricted (□) postpubertal dairy heifers (n=102). *
significance P ≤ 0.05.
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Figure 3.2. Metabolic pathways affected by 24-hour feed withdrawal in postpubertal Holstein dairy heifers identified by
microarray and quantitative real-time PCR analysis.
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CHAPTER 4
PERFORMANCE–RELATED TRANSCRIPTIONAL PREDICTORS OF
FUTURE LACTATION PRODUCTION PARAMETERS IN HOLSTEIN
DAIRY HEIFERS
4.1 Abstract
This study investigated the suitability of using hepatic gene expression signal
from a postpubertal Holstein dairy heifer to predict future lactation performance
measurements. Microarray gene expression data for 81 heifers, randomly assigned to a
24-hour fed or total feed withdrawal treatment, was used from a previous study. Subjects
from the original microarray study were subsequently monitored through their first
lactation to record performance data. The variables three-hundred and five day milk,
protein and fat yield, protein and fat percentage, somatic cell score, and lactation
persistency were evaluated using regression analysis. Gene expression signal intensities
were fit to a stepwise regression model as the predictor variable, and individual lactation
performance variables were fit as response variables.

To avoid model over-

parameterization, subjects in the microarray dataset were randomly assigned to training
sets for model parameterization, and test sets for parameterized model evaluation. Each
random split was analyzed individually and maintained the distribution of subjects per
treatment. Regression models were analyzed using root mean square prediction error
(rMSPE) and concordance correlation coefficient analysis (CCC). Multiple regression
analysis of the training set showed that all of the variability associated with each of the
lactation performance variables could be accounted for using the expression signal of 20
genes measured in early life. The parameterized regression models were then used to
predict lactation performance on the independent test datasets. rMSPE and CCC
evaluation revealed a high amount of error associated with the predicted values generated
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using each model. The best stepwise regression models were identified for persistency (r
= 0.09) and protein percent (r = 0.04). These results indicate that gene expression signal
can be used as an early predictor of future performance, while stepwise regression
analysis is not necessarily an appropriate method of performance prediction.
Key Words: gene expression, microarray, heifer, future performance, prediction,
lactation

4.2 Introduction
A limitation of traditional selection methods in dairy breeding is that they rely in
part on production performance at maturity.

Precise measurement and selection of

economically important traits in dairy cattle prior to maturity potentiates a faster rate of
genetic improvement by shortening the generation interval. It has been established that
some of the variation in lactation production variables may be identified through
physiological characteristics, indicating that metabolic response to stimuli may be used to
predict genetic potential early in life (Tilakaratne et al., 1980).
The measurement of an assortment of variables in young dairy cattle has been
used with the intent to predict future performance and increase genetic progress. The
correlation between physiological response to growth hormone challenge (Weber et al.,
2005; Taylor et al., 2006), and glucose challenge (Bridges et al., 1987) to production
measurements at maturity have been used to identify potential markers of future
performance without success. Fiedorowicz et al. (2008) used simple correlation analysis
to predict energy corrected milk (r = 0.37), lactational protein (r = 0.35) and milk fat (r =
40) yield in first-lactation dairy heifers using metabolic parameters measured at 9-10
months of age following a glucose tolerance test. Hayhurst et al. (2009) calculated the
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genetic heritabilities of glucose, non-esterified fatty acids (NEFA), growth hormone,
insulin and insulin-like growth factor I (IGF-I) taken at 4 months of age to determine
correlation coefficients to sire predicted transmitting abilities (PTA). They reported that
the genetic heritability of GH on calving interval sire PTA was r = 0.64, and insulin and
NEFA on the sire PTA for protein percentage was r = 0.84 and r = -0.89, respectively. In
comparison to simple correlation, multiple regression analysis has the potential to explain
a greater portion of the variability in the response variable, and this methodology has
been used to integrate multiple variables measured at a young age into prediction of
future phenotype. Sejrsen et al. (1984) used a six-variable regression model consisting of
urea, non-esterified fatty acids (NEFA), insulin and glucose measurements in juvenile
bull calves to account for 70% of the variability in the breeding value for butterfat
production. A regression approach was taken by Veerkamp et al. (1994) to examine the
suitability of using production and type trait characteristics that included heifer, cow, sire
and pedigree data as predictors of food intake, efficiency and profitability. To better
predict energy balance at the onset of lactation, Wylie et al. (2008) used regression
methodology to identify metabolites and hormones associated with negative energy
balance over the first 3 months of lactation. The results of these studies indicate that
multiple regression analysis may be more a suitable approach than simple correlation
analysis to identify markers of future performance in young dairy cattle.
The use of transcript data from microarray analysis may generate a more robust
and accurate regression model of performance prediction, as the number of variables
available for model selection are much greater than would otherwise be attained in a
metabolic study. Microarray gene expression data have previously been used to predict
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future phenotype. Adult body size was found to be correlated to the expression of 19
genes measured at the larval stage of the fruit fly (Bochdanovits et al., 2003), while gene
expression differences in white blood cells have been used to predict the stage of
coronary heart disease (Sinnaeve et al., 2009). To determine the relationship between age
and neurodegenerative disease incidence, a computational method that is able to predict
brain age has been developed using brain gene expression datasets (Cao et al., 2010).
The ability to produce milk and its constituents relies in part on nutrient
metabolism and distribution from the liver. Given the role of the ruminant liver in terms
of metabolic and physiological functions, it is an appropriate tissue in which to identify
potential future performance markers. The aim of this present study was to investigate the
suitability of hepatic gene expression signals to predict lactation production values using
multiple regression analysis.
4.3 Materials and Methods
4.3.1 Animal Management
The University of Guelph Animal Care Committee approved all experimental
procedures and ensured the trial was conducted in accordance with guidelines of the
Canadian Council on Animal Care.

The experimental methods for the animal and

microarray protocols have previously been described (Chapter 3). Briefly, 102 nonpregnant, postpubertal Holstein heifers (365 ± 60 days of age, 337 ± 34 kg body weight)
were blocked by time of year and randomly assigned within block to either 24-h feed
withdrawal or ad libitum feeding. Heifers were housed in group pens at the Elora Dairy
Research Station Heifer Facility. Heifers in the fed group were offered ad libitum access
to a total mixed ration of alfalfa and grass silage, corn silage, dry hay and
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vitamin/mineral premix to provide 1.53 Mcal net energy/kg and 16.25% crude protein, on
a dry matter basis. Heifers in both groups had ad libitum access to water.
4.3.2 Microarray Data
On the morning following the 24-h treatment period, liver tissue was extracted via
biopsy, snap frozen in liquid N2 and stored at -80°C until RNA isolation. Complementary
DNA was synthesized and hybridized to a bovine long oligonucleotide array using a
common reference design as previously described (Chapter 3). Gene intensity data were
subjected to LOWESS normalization and deposited in the National Centre for
Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database
(http://ncbi.nlm.nih.gov/geo/ accession no. GSE16154). Prior to regression analysis,
normalized microarray data were subject to a quality filter where genes with at least 80%
of valid expression signals (non-missing) were retained. The missing data points in the
remaining 5530 genes and ESTs were then imputed using a k-nearest-neighbour
algorithm (Troyanskaya et al., 2001; Wilflingseder et al., 2008), where the number of
neighbours, k, was set to 10.
4.3.3 Lactating Cow Management
Heifers were bred at 463 ± 56 days of age and commenced lactation at 740 ± 57
days of age. Over the first lactation they were milked twice daily until 2 months prior to
the subsequent parturition for an average lactation length of 347 ± 63 days. They were
fed twice daily for ad libitum intake a total mixed ration based on alfalfa and corn silages
to provide a calculated NEL of 1.56 Mcal/kg DM and an estimated MP balance of 55g/d
(NRC, 2001). On a dry matter basis, the ration was composed of 33.6% corn silage,
22.4% alfalfa and grass silage, 19.4% high-moisture corn, 19.1% dairy supplement and

62

5.5% mixed hay. The dairy supplement contained 1.47 Mcal/kg of NEL, 38.56% CP,
2.55% Ca, 1.34% P, 0.77% Mg, 0.82% S, 136 mg/kg Cu, 1.37 mg/kg Se, 57.33 kIU/kg of
vitamin A, 14.32 kIU/kg vitamin D, and 217.32 kIU/kg of vitamin E. Chemical
composition of the diet was 42.3% DM, 17.6% CP, 20.2% ADF, and 33.5% NDF.
4.3.4 Lactation Performance Data
Dairy Herd Improvement (DHI) values were measured by CanWest DHI services
(Guelph, Ontario, Canada) over the entire first lactation of subjects. DHI data variables of
305-d milk, protein, and fat yield, protein and fat percentage, somatic cell score and test
day persistency were chosen as variables of interest for stepwise regression analysis.
Weight of milk produced over a 24-h period was measured and recorded once per month.
Milk samples collected on the monthly test day were subjected to infrared spectroscopy
to determine true protein and fat content and somatic cell count (AOAC 1996). Somatic
cell counts (SCC) were converted to a linear score according to Ali and Shook (1980) and
the value used for correlation analysis was an average of the last 6 months of the
complete 305-d lactation for each subject. Full-lactation milk and component yields were
calculated as the sum of products between average monthly values and number of days
between tests. Persistency of milk production was calculated as a mean of the last 6
monthly recorded milk yield, each as a proportion of their respective previous month’s
yields. Eighty-one heifers, comprising n = 36 fed and n = 45 feed-restricted heifers
completed their first lactation and had complete DHI records. Gene expression data from
all 81 heifers were pooled into a single dataset to employ a more biologically diverse set
of gene expression intensity values for association analyses.
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4.3.5 Statistical Methods
Data were split randomly into training and test sets 10 times. The training set
consisted of 85% of the total subjects, or 69 in total, and the test set was composed of the
remaining 15%, or 12 subjects. Each random split maintained the distribution of subjects
per treatment so that the training set consisted of an average of 31 fed and 38 feedrestricted subjects, and the test set consisted of an average of 5 fed and 7 feed-restricted
subjects. For each split, regression analysis was performed with Proc REG in SAS (SAS
Institute Inc., Cary, NC), using the stepwise model selection method. Unique regression
models were constructed for each DHI variable using gene expression signal as the
predictor variable and individual DHI performance measurements as the response
variable.

To prevent over-fitting of the models, the number of variables in the final

stepwise model was limited to 20.
Collinearity diagnostics were performed during regression analysis on all models
to identify and exclude extracted variables if they were related. The condition index
value of each selected model variable for was used as criteria to identify potentially
collinear variables in the model. Model variables with condition index value greater than
35, indicating a moderate degree of collinearity (Belsley et al., 1980), were excluded
from the dataset and regression analysis was re-run.
For each split of the data into training and test sets, final fitted models from the
training set were used to generate predictions of performance for the test set. Model
evaluation was performed on the training and test set that were used for model
parameterization and validation, respectively. Two separate evaluations were employed.
Mean square prediction error (MSPE) was calculated as
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where n is the total number of observations, Oi is the observed value, and Pi is the
predicted value. The square root of MSPE (rMSPE) was expressed as a percentage of the
observed mean. The MSPE was also deconstructed into error due to central bias (ECT),
error due to deviation of the regression slope from unity (ER), and error due to random
effects or disturbance (ED) according to Bibby and Toutenburg (1977). The second
equation used for model evaluation, the concordance correlation coefficient (CCC), was
calculated as
CCC = R × Cb,

(2)

where R is the Pearson correlation between predicted and observed values, and Cb is a
bias correction factor that equals 1 when the regression falls on the line of unity (Lin,
1989). A factor, µ, used in calculation of Cb, indicates over prediction by the model when
a negative value, and under prediction when a positive value.
4.4 Results
4.4.1 Lactation Performance
Lactation measurements taken over the first lactation for 81 heifers from the
microarray study are presented in Table 4.1.

Three-hundred and five-day milk yield

ranged from 5933 kg to 11691 kg, a near two-fold difference across subjects. Threehundred and five-day fat yield also exhibited a large range in values, from 226 kg to 441
kg. Average protein percent (3.15%) and fat percent (3.75%) were very similar to breed
averages for Holsteins in 2008 (3.19% protein, 3.72% fat; Holstein Canada, 2010).
Somatic cell score and test day persistency are reported as an average of the last 6 sample
periods over the 305-d lactation.
65

4.4.2 Gene Expression
The genes for which intensity values were included in the stepwise regression
models are found in Table 4.2. The first 10 genes in each model are responsible for over
70% of the model correlation coefficient. For the variable lactation persistency,
RAP1GDS1, SH3KBP1, ATB9B, CCDC138, and THAP9 each account for 22.6, 11.9, 8.9,
7.9, and 8.1%, respectively, of the variability associated with this performance variable.
The genes that explain almost 50 % of the variability in protein percentage over the first
lactation include C8orf82, NRBP1, DIRAS1, BCLC, and THAP9.
4.4.3 Training Set
Stepwise regression analysis was used to fit gene expression intensity values from
a training subset of data from 69 subjects. Each regression model was composed of 20
predictor variables that accounted for > 90% of the variation in the performance
variables. The results of MSPE and CCC analysis on the training set are presented in
Table 4.3. The rMSPE was 0 for all variables analyzed in the training set, with 100% of
the error attributed to random disturbance, indicating that variation in performance
variables was well described by the gene expression data. Prediction errors for all
performance variables in the training set were lower than total errors in the observations,
presented as standard deviation (SD)/mean (Table 4.1.). The Cb and µ values indicate
that prediction bias for all models was minor. The predicted values were also highly
correlated to observed measurements, as concordance correlation coefficients greater than
0.956 were obtained for all variables.
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4.4.4 Test Set
The parameterized regression model from each training set of data was used to
interpolate performance values from the randomly selected test sets of 12 data points
each (Table 4.4.). The predicted values were then compared to the actual observed
values from the test set that were not included in the regression analysis. The prediction
error for all models was higher than SD/mean in the observations reported in Table 4.1.
Between 57 and 71% of the MSPE was attributed to slope bias (ER), while less than 30%
was due to random disturbance. Somatic cell score, fat percentage, and 305-d milk and
fat yields were the variables with the greatest rMSPE and ER. The models that best
accounted for the variability in the measured parameters were those for protein
percentage and persistency, for which prediction errors were 14 and 10% of the mean,
respectively. CCC analysis also revealed poor predictive models for all performance
variables. A weak correlation value between observed and predicted values was obtained
for persistency, with moderate prediction bias, as indicated by the Cb and µ values.
4.5 Discussion
Since the ability to produce milk and its constituents relies in part on nutrient
metabolism and distribution from the liver, it was expected that genes involved in these
processes would be selected by stepwise regression. However, analysis of the gene lists
generated for persistency and protein percentage (Table 4.2.) did not reveal any apparent
theme that would suggest that expression of metabolic genes accounted for variation in
these production measurements. Several of the genes included in the persistency model
have roles in fatty acid and protein metabolism, though the majority of genes were
responsible for more general processes not unique to hepatic function or lactation, such as
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cell cycle and structure, DNA replication, transcription and transport. A similar
conclusion can be drawn for genes included in the protein percentage model, where
responsibilities include intracellular transport, signalling, apoptosis, intracellular lipid
receptor, and chromatin structure. One specific gene in this list, MRPL36, which encodes
for a mitochondrial ribosomal protein that has a role in mitochondrial protein synthesis,
could be considered the only gene to be functionally associated with the protein
percentage variable. It has been suggested that variation in metabolism, through feed
restriction and re-feeding for example, may result in the differential expression of the
genes responsible for the genetic variation in milk production (Tilakaratne et al., 1980,
Sejrsen et al., 1984). While this may be true in terms of a measured phenotypic response
to these stimuli, our results indicate that abundance of gene transcripts not directly related
to the metabolic response can also be used to account for variation in milk production
components.
The results of this study support the hypothesis that hepatic gene expression
signal in young heifers can be used to predict future lactation performance. The stepwise
regression models generated using the training set for each performance variable each
accounted for a very large proportion of the variability in the response variable while
maintaining negligible bias and prediction error. The rMSPE for all models was less than
the total error in the observed measurements (Table 4.3.). The r statistic (denoted as R in
CCC analysis) was also very high for these models, and ranged from 0.957 to 0.989.
These statistics suggest that a stepwise regression approach is a suitable modeling method
to be used in prediction of lactation performance measurements.
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Several variables have been examined as potential predictors of milk and milk
component production in young dairy cattle.

Differences in plasma and metabolite

responses to growth hormone releasing factor and epinephrine injection (Bridges et al.,
1987; Lovendahl et al., 1991; Woolliams et al., 1993) between dairy calves of high and
low genetic merit for dairy type traits have been identified. However, due possibly to low
repeatability, low statistical power of the experimental design and small sample size,
these results have not been consistent (Xing et al., 1991; Taylor et al., 2006; Weber et al.,
2005). The results reported here are based on microarray data across a large number of
animals, which lends itself to a high degree of statistical power.
Regression analysis has previously been used to improve the identification of a
combination of markers of future performance in young dairy animals. The proportion of
variability in the response parameter was well accounted for in several of these studies,
from 73% of the breeding value for fat production (Sejrsen et al., 1984), to 80% of
energy balance during the onset of lactation (Wylie et al., 2008). Our results from
regression analysis using the training set indicate that the parameters included in each
model could account for more than 96% of the variation associated with the respective
response variable. Veerkamp et al. (1994) used 20 independent variables to explain 58%
of heifer DMI, while Sejrsen et al. (1984) included 6 variables in a regression model to
explain 73% of the variance in the breeding value for butterfat. Similarly, Wylie et al.
(2008) predicted 80% of the variability associated with energy balance at the onset of
lactation using 4 variables.
While regression analysis is useful in terms of identification of early indictors of
future performance, the predictive capacity of such models is best evaluated on animals
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outside of the parameterization dataset. In our study, the test set consisted of heifers from
the same herd and subjected to the same environmental factors as heifers used in the
parameterization. Performance measurements for the test animals were predicted using
the fitted stepwise model from the training dataset. The rMSPE of the independent
interpolations (Table 4.4.) were all greater than the total error associated with the
observations, indicating that the multiple regression models, despite tight fits to the
training dataset, exhibited a very low predictive ability for animals not considered in the
parameterization. The rMSPE and CCC analyses revealed that lactation persistency and
milk protein percentage were generally associated with the least amount of prediction
error yet still generated weak correlations with a large prediction bias.
While these results support the hypothesis that hepatic gene expression signal in
young heifers can be used to predict future lactation performance, the stepwise regression
approach may not be the most suitable. The inherent structure of the linear regression
model is to account for the error within the response variable, while not accounting for
the error associated with the predictor variable (Draper and Smith, 1998). The use of a
model that considers the error associated with the predictor variables may then be a more
suitable approach to generate predictions of future performance.
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Table 4.1. Lactation performance records of Holstein heifers during first lactation
(n=81).
Performance Variable

Mean

SD

305 day Milk Yield (kg)
305 day Protein Yield (kg)
305 day Fat Yield (kg)
Protein Percentage (%)
Fat Percentage (%)
Somatic Cell Score
Test Day Persistency (%)

8799
277
328
3.15
3.74
26.5
96.6

± 1108
± 31.6
± 50.5
± 0.16
± 0.49
± 14.8
± 20
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SD, %
of mean
12.6
11.4
15.4
5
13.1
55.8
20.7

Minimum

Maximum

5993
202
226
2.85
2.47
2.2
48.5

11691
346
441
3.48
4.95
64.7
111.2

Table 4.2. Genes inclusive to models constructed for lactation performance variables using stepwise regression
analysis
Persistency
Model R2
UniGene
Common
Bt.65168
RAP1GDS1
0.23
Bt.51481
SH3KBP1
0.35
Bt.45425
ATB9B
0.43
Bt.13385
CCDC138
0.51
Bt.63055
THAP9
0.60
Bt.10034
NARFL
0.64
Bt.35787
ADAM17
0.68
Bt.56283
TIMM17B
0.71
Bt.821
MAPKAP1
0.74
§
Bt.26740
N/A
0.73
§
Bt.91829
N/A
0.78
Bt.87308
KTI12
0.81
Bt.19318
ACADL
0.84
Bt.3961
CAPN3
0.86
Bt.25860
MYBPC1
0.89
Bt.43955
NPRL3
0.91
Bt.10353
LRR3CB
0.92
Bt.55759
LRWD1
0.94
Bt.21378
ARID1A
0.95
Bt.27615
AKIP1
0.95
§
Gene name unavailable

P
<.0001
0.001
0.003
0.003
0.001
0.009
0.013
0.012
0.018
0.173
0.001
0.004
0.004
0.003
0.002
0.001
0.002
0.004
0.007
0.005

UniGene
Bt.56151
Bt.23284
Bt.26838
Bt.21193
Bt.63055
Bt.22366
Bt.66354
Bt.33239
Bt.11798
Bt.20496
Bt.66793
Bt.26109
Bt.22759
Bt.26953
Bt.47753
Bt.66244
Bt.52011
Bt.25222
Bt.21378
Bt.37882
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Protein Percent
Common
Model R2
C8orf82
0.13
NRBP1
0.24
DIRAS1
0.35
BCLC
0.42
THAP9
0.49
TROAP
0.56
POLR2L
0.62
EI24
0.67
RPE
0.71
OSBPL2
0.74
KIRREL2
0.77
OSBP
0.81
SLC40A1
0.84
MRPL36
0.86
SIX1
0.88
RCAN2
0.90
IWS1
0.92
CLDND1
0.94
ARD1A
0.95
NSUN3
0.96

P
0.002
0.003
0.001
0.007
0.007
0.002
0.003
0.004
0.005
0.013
0.005
0.003
0.002
0.005
0.002
0.003
0.001
0.002
0.001
0.004

Table 4.2 Continued
305 d Milk Yield
Model
UniGene Common
R2
Bt.35115
ICA1
0.19
Bt.49179
HARS
0.30
Bt.25528
REG3A
0.38
§
Bt.47595
N/A
0.46
Bt.5444
TSPAN3
0.53
Bt.28557
RG9MTD1
0.60
Bt.979
MYO1B
0.66
Bt.3266
DAK
0.72
Bt.59365
ADIPOQ
0.76
Bt.12475
RNF167
0.80
Bt.58637
CYLD
0.82
Bt.11924
SRP72
0.85
Bt.1180
MYST3
0.87
Bt.51481
SHKBP1
0.89
Bt.63806
SLC44A3
0.91
Bt.91043
MICALL1
0.92
Bt.21013
PLK3
0.93
Bt.60953
MST1
0.94
Bt.65468
VPS13C
0.95
Bt.92011
SNRPA
0.96
§
Gene name unavailable

P

UniGene

0.000
0.004
0.005
0.004
0.004
0.002
0.002
0.001
0.002
0.003
0.008
0.010
0.003
0.003
0.005
0.009
0.003
0.015
0.005
0.013

Bt.2120
Bt.6186
Bt.6703
Bt.1189
Bt.62191
N/A§
Bt.89855
Bt.32880
Bt.44441
Bt.8189
Bt.22450
Bt.23430
Bt.91423
Bt.91582
Bt.39606
Bt.62984
Bt.3651
N/A§
Bt.639
Bt.6782
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Fat Percentage
Model
Common
R2
PGCP
0.15
TFR2
0.27
IGSF8
0.37
OCEL1
0.47
RILPL2
0.56
§
N/A
0.62
§
N/A
0.69
HESX1
0.74
PUM1
0.79
RANBP1
0.82
THEX1
0.84
KHDRBS1
0.86
LOC780933
0.88
PHF10
0.90
ANO10
0.91
MAGED1
0.93
CKM
0.94
§
N/A
0.95
CDC20
0.96
WDR43
0.97

P
0.001
0.003
0.003
0.001
0.002
0.002
0.001
0.002
0.001
0.004
0.008
0.005
0.006
0.007
0.003
0.002
0.004
0.003
0.003
0.003

Table 4.2 Continued
305 d Fat Yield
Model
UniGene
Common
R2
Bt.88127
NUCKS1
0.1387
Bt.3997
TESK1
0.2449
Bt.62394
ABCC3
0.3524
Bt.29719
EGR4
0.4269
Bt.677
CIB1
0.4995
Bt.49492
MANEA
0.5536
Bt.48898
MRPS7
0.5914
Bt.26776
EFCAB2
0.6293
Bt.30540
CCDC70
0.6688
Bt.2116
PSMB6
0.7057
Bt.60054
PDCD2L
0.7415
Bt.24435
SYNCRIP
0.771
Bt.23011
GATSL3
0.8006
§
Bt.89511
N/A
0.8238
Bt.28073
PSTPIP2
0.8431
Bt.8419
ELOVL5
0.8627
Bt.35115
ICA1
0.8799
Bt.56763
MCM6
0.8937
Bt.42415
TOM1LI
0.9165
Bt.49413
CCT2
0.932
§
Gene name unavailable

P

UniGene

0.0016
0.0033
0.0016
0.0053
0.0036
0.008
0.0206
0.0161
0.0103
0.0091
0.0068
0.0095
0.006
0.01
0.0138
0.0087
0.0094
0.0044
0.0006
0.0016

Bt.22696
Bt.1789
Bt.49659
Bt.2847
Bt.87209
Bt.13425
Bt.45373
Bt.17456
Bt.48372
Bt.49131
Bt.16911
Bt.20950
Bt.48598
Bt.3376
Bt.8222
Bt.32570
Bt.22064
Bt.21013
Bt.49361
N/A§
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Somatic Cell Score
Model
Common
R2
TMEM35
0.23
TGFBR2
0.32
HSPA1A
0.44
MYL6
0.53
EPB41
0.58
DDX20
0.63
CLCN1
0.67
ADK
0.72
ZCRB1
0.76
RPL14
0.80
STK38
0.83
NUDT16
0.86
HADHA
0.88
MLST8
0.90
TMEM139
0.91
POLM
0.93
RSRC2
0.94
PLK3
0.95
SFRS13A
0.96
§
N/A
0.97

P
<.0001
0.005
0.000
0.001
0.010
0.006
0.009
0.006
0.002
0.003
0.001
0.003
0.001
0.005
0.010
0.004
0.002
0.001
0.009
0.006

Table 4.2 Continued
305 d Protein Yield
Model
UniGene Common
R2
Bt.15668 RAD21
0.20
§
§
N/A
N/A
0.32
Bt.3152
ERP29
0.43
Bt.25860 MYBPC1
0.51
Bt.36692 TTN
0.60
Bt.87209 EPB41
0.65
Bt.44002 TASP1
0.69
Bt.44006 DHX32
0.73
Bt.65031 TPST2
0.78
Bt.91228 N/A
0.81
Bt.32826 CD68
0.83
Bt.11459 C18H16orf57
0.86
Bt.47595 N/A
0.88
Bt.8145
KDM5C
0.90
Bt.20561 MGC142811
0.92
Bt.48363 UBA1
0.93
Bt.21982 IQGAP1
0.94
Bt.18085 SCAP
0.95
Bt.45858 RNF25
0.96
§
§
N/A
N/A
0.97
§
Gene name unavailable

P
0.000
0.001
0.001
0.002
0.001
0.003
0.009
0.006
0.002
0.003
0.006
0.002
0.004
0.004
0.003
0.004
0.003
0.006
0.003
0.006
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Table 4.3. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC) analysis of
observed and average predicted values of lactational performance variables from the training data set*(n = 69)
using stepwise regression.
Performance Variable
rMSPE %
ECT %
ER %
ED %
CCC
R
Cb
305 day Milk Yield (kg)
0
0
0
100
0.971 0.971 0.999
305 day Protein Yield (kg)
0
0
0
100
0.982 0.982 0.999
305 day Fat Yield (kg)
0
0
0
100
0.956 0.957 0.999
Protein Percentage (%)
0
0
0
100
0.978 0.978 0.999
Fat Percentage (%)
0
0
0
100
0.98
0.98
0.999
Somatic Cell Score
0
0
0
100
0.981 0.981 0.999
Test Day Persistency (%)
0
0
0
100
0.989 0.989 0.999
*
regression analysis was repeated 10 times using training set subjects selected randomly from the entire dataset
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µ
0
0
0
0
0
0
0

Table 4.4. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC) analysis of
observed and average predicted values of lactational performance variables from the independent test data set*
(n = 12) using stepwise regression.
Performance Variable
rMSPE %
ECT %
ER %
ED % CCC
R
Cb
µ
305 day Milk Yield (kg)
33
9
71
11
-0.07 -0.06 0.54 0.35
305 day Protein Yield (kg)
24
7
66
18
-0.10 -0.13 0.62 0.00
305 day Fat Yield (kg)
29
7
57
27
-0.05 -0.08 0.98 -0.31
Protein Percentage (%)
14
3
71
16
0.02
0.04 0.60 0.00
Fat Percentage (%)
33
8
60
23
-0.02 -0.04 0.61 0.01
Somatic Cell Score
178
9
67
14
-0.04 -0.01 0.53 0.31
Test Day Persistency (%)
10
6
64
30
0.06
0.09 0.66 0.24
*
regression analysis was repeated 10 times using test set subjects selected randomly from the entire dataset
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CHAPTER 5
THE SUITABILITY OF HEPATIC GENE EXPRESSION SIGNALS TO
QUANTITATIVELY PREDICT FUTURE LACTATION PERFORMANCE IN
THE RUMINANT
5.1 Abstract
Gene expression changes associated with stage of development, nutrition, and
disease have been used in a predictive capacity, but have yet to be used to quantitatively
predict future phenotype.

We have investigated the extent to which hepatic gene

transcript abundance in a young animal correlates to future performance measurements
and the suitability of gene expression signals to predict lactation production values at
maturity. Selection of gene expression data was based on an assessment of the linear
dependence of all genes in normalized datasets for 81 subjects against 18 dairy herd
improvement (DHI) variables using Pearson correlation analysis. Results were pooled to
generate five lists for partial least squares regression analysis based on several correlation
coefficient thresholds and significance (p ≤ 0.05). One hundred and forty individual
genes were found to correlate with lactation performance measurements at a threshold of
r2 > 0.12 and 31 genes at a correlation coefficient threshold of r2 > 0.16. Test set
validation was used to fit each partial least squares model by creating a test and training
set by random selection of subjects from the normalized expression dataset. Each gene
expression dataset was used to construct PLS models for the purpose of predicting
lactation performance. Predicted values were plotted against actual values from a test set
independent of model formulation. Models were evaluated using mean square prediction
error (MSPE) and concordance correlation coefficient (CCC) analysis. The strongest
predictive models were generated for the lactation performance variables 305-d milk (r =
0.44) and protein yields (r = 0.47), and protein percentage (r= 0.46). We have identified
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correlations between gene transcript abundance and lactation performance measurements,
as well as demonstrating the suitability of using hepatic gene expression in young
animals to quantitatively predict future lactation performance.
Keywords: gene expression, microarray, heifer, prediction, future performance
5.2 Introduction
The growth rate in milk consumption in developing countries averaged 3.5 to 4 %
from 1995 to 2005, while population growth alone accounts for an increase in milk
consumption of 7 to 9 million tons per year (FAO, 2010). These statistics reflect the
heavy reliance on the dairy sector to provide nutrition and a source of income. The rate of
growth in the human population has raised concerns about meeting global demand for
food as well as ensuring food security.

While livestock production systems have

increased efficiency through management, nutrition and intensive genetic selection, the
capacity for further advancement remains.
In dairy production systems, the widespread use of artificial insemination and
embryo transfer allows genetics from superior animals to be propagated globally and
accelerates the rate of genetic gain in dairy herds. Because the dairy traits of interest are
only expressed in mature females after calving at approximately 2 years of age, and the
length of a typical bovine lactation is 305 d, there is a 3-year interval between birth of a
heifer and completion of a first record of lactational performance. The generation interval
is closer to 5 years for males because genetic merit has to be estimated from
measurements taken on their daughters. The rate of genetic improvement in the dairy
animal population is an inverse function of the generation interval. If lactational
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performance could be estimated in females before they reach maturity, genetic progress
would be rapidly accelerated (Kadarmideen et al., 2006).
An assortment of physiological variables has been measured in young cattle to
assess candidacy as predictors of future lactational performance. Concentrations of
metabolites and hormones in plasma of juveniles have been shown to be correlated with
estimated breeding values but the correlations can change with age (Sejrsen et al., 1984;
Min et al., 1993; Robinson et al., 1994). Plasma responses to growth hormone
secretagogues were indicative of genetic merit in some studies (Løvendahl et al., 1991;
Woolliams et al., 1993) but not others (Weber et al., 2005; Taylor et al., 2006). The
epinephrine challenge (Bridges et al., 1987; Xing et al., 1991) and the glucose tolerance
test (Panicke et al. 2001; Sasaki et al. 2003; Fiedorowicz et al., 2008) have shown some
promise in being able to distinguish genetic lines at a young age.
Microarray technology offers a new platform from which to predict future
performance. The relatively simple analytical procedure represents a practical approach
to generate a vast amount of gene expression data from a single biological sample.
Correlation analysis can identify the subset of genes whose level of mRNA expression is
highly associated with the size of a quantitative trait. Typically, correlations between
gene expression and end phenotype have been conducted with dependent and
independent variables measured at approximately the same time (Blalock et al., 2004;
Loor et al., 2005; Utsunomiya et al., 2007; Bieniasz et al., 2009). However, correlation
analysis has also been used to relate phenotypes at one stage of development to gene
expression profiles at an earlier stage. A prominent example is the expression profiling of
tumours to predict outcome or response to clinical treatment (Quackenbush, 2006). For
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example, Bibikova et al. (2007) identified 16 gene transcripts whose expression in
prostate cancers correlated with disease relapse. In another application of correlation
between disparate timepoints, Bochdanovits et al. (2003) found 19 genes whose
expression in fruit fly larvae correlated with adult body size. To our knowledge, the use
of microarray data to predict future performance of young ruminants has not been
attempted.
Although every cell in the body carries the same genome in a normal healthy
state, expression of mRNA transcripts is differentiated by tissue. The liver is accountable
for a multitude of essential functions in the ruminant (Huntington and Reynolds, 1987),
and has been the focus of a great deal of recent genomic research in dairy cattle (Loor et
al., 2007; Al-Trad et al., 2010; Grala et al., 2010; Van Dorland and Bruckmaier, 2010).
Considering the role of the ruminant liver in nutrient absorption and distribution, and
because lactation is primarily a process of delivering nutrients to the young, the liver is an
ideal candidate tissue to test a transcriptomic approach to predict future lactational
performance.
Because mRNA abundance is the first step of gene expression in a hierarchy that
ultimately leads to the end phenotype of animal performance, associations between
hepatic mRNA abundance and phenotypic traits are expected. Correlation analysis is a
useful procedure to relate gene expression to quantitative traits one gene at a time. Partial
least squares (PLS) regression was originated by Wold (1975) to more effectively model
relationships between an extremely large number of variables in a small sample of the
population. The procedure is popular in chemometric applications such as near infrared
spectroscopy where thousands of data points are retrieved for a single analyte (Wold et
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al., 2001). PLS regression has also been used in microarray studies, typically to reduce
the dimensionality of the dataset for subsequent regression or clustering or survival
analysis (Boulesteix and Strimmer, 2007). We propose to test a PLS regression model for
prediction of phenotypic outcomes from gene expression data. Clarke et al. (2011) used a
similar approach to predict recombinant protein production from gene expression of cells
in culture.
We hypothesized that mRNA abundances in the liver of a young heifer are
associated with future lactational performance traits. The objectives of the present study
were 1) to implement an established statistical method to reduce variability within a
microarray dataset, 2) to subsequently identify univariate correlations between hepatic
gene expression signal intensity and future performance measures, and 3) to investigate
the suitability of PLS regression to predict lactational performance of adult cattle from
hepatic gene expression signals observed at puberty.
5.3 Materials and Methods
5.3.1 Microarray Study
Normalized microarray data from a previous study (Chapter 3) were used in this
analysis. Briefly, 102 non-pregnant, postpubertal Holstein heifers (365 ± 60 d of age,
337 ± 34 kg body weight) were randomly assigned to either 24-h feed withdrawal or ad
libitum feeding in a randomized block design. Heifers were blocked by time according to
when liver and blood samples were obtained. Liver tissue was extracted via biopsy, snap
frozen in liquid N2 and stored at -80°C until RNA isolation. Complementary DNA was
synthesized and hybridized to a bovine long oligonucleotide array using a common
reference design. Gene intensity data greater than a signal cut-off value of 500 were
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subjected to LOWESS normalization and deposited in the National Centre for
Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database
(http://ncbi.nlm.nih.gov/geo/ accession no. GSE16154). Following quality control and
normalization procedures, 6732 gene expression values were available for statistical
analyses.
5.3.2 Lactation Performance Data Collection
Heifers were bred after liver samples were collected and commenced lactation at
740 ± 57 d of age. They were milked twice daily until 60 d prior to the subsequent
parturition for an average lactation length of 347 ± 63 d. They were fed twice daily for ad
libitum intake a total mixed ration based on alfalfa and corn silages. Weight of milk
produced over a 24-h period was measured and recorded once per month. Milk samples
collected at that time were subjected to infrared spectroscopy to determine true protein
and fat content and somatic cell count (AOAC 1996). Somatic cell counts (SCC) were
converted to a linear score according to Ali and Shook (1980) and the value used for
correlation analysis was an average of the last 6 months of the complete 305-d lactation
for each subject. Full-lactation milk and component yields were calculated as the sum of
products between average monthly values and number of days between tests. Persistency
of milk production was calculated as a mean of the last 6 monthly recorded milk yields,
each as a proportion of their respective previous month’s yields. Breed class average
(BCA) for milk, protein and fat is an index used to compare lactating cows of different
ages, breeds and calving season and was calculated by comparing the 305-d production to
the established BCA standard for a cow of similar age and month of calving. The
reproductive variable TB represents the number of times the lactating cow was bred prior
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to successful fertilization. Eighty-one of 102 heifers from the original study, comprising
36 fed and 45 feed-restricted heifers, completed their first lactation. Gene expression
data from all 81 heifers were pooled into a single dataset to employ a more biologically
diverse set of gene expression intensity values for association analyses.
5.3.3 Statistical Methods
To reduce the number of insignificant genes for PLS analysis, Pearson correlation
coefficients between expression of each gene and each of the performance variables were
calculated in SAS (SAS Institute Inc., Cary, NC). Significance was declared at p < 0.05,
and results were ranked according to the coefficient of determination (r2). Two gene lists
were constructed for subsequent PLS analysis. List 1 contained all genes where r2 > 0.16
for at least one performance variable, and the threshold r2 value for list 2 was 0.12.
The 2 datasets were then subjected to PLS regression analysis in SAS, in which
the performance variable of interest was considered the response variable, and gene
expression values were considered the predictors. The predictor and response variables
were centred and scaled, and a 5-fold iterated imputation was used to generate missing
expression values. The datasets were randomly split 10 times into a distinct training set
for model parameterization, and a test set for parameterized model evaluation. Each
random split was analyzed individually and maintained the distribution of subjects per
treatment so that the training set consisted of 31 fed and 38 feed-restricted subjects, and
the test set consisted of 5 fed and 7 feed-restricted subjects. The number of factors
extracted from the training set was set at 15 for each PLS analysis and a NIPALS
algorithm was used to compute the factors.
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Mean square prediction error (MSPE) for both training and test datasets was
calculated as
∑

-

,

(1)

where n is the total number of observations, Oi is the observed value, and Pi is the
predicted value. The square root of MSPE (rMSPE) was expressed as a percentage of the
observed mean. The MSPE was also decomposed into error due to central bias (ECT),
error due to deviation of the regression slope from unity (ER), and error due to random
effects or disturbance (ED) according to Bibby and Toutenburg (1977). In addition to
MSPE analysis, the concordance correlation coefficient (CCC) was calculated as
CCC = R × Cb,

(5)

where R is the Pearson correlation between predicted and observed values, and Cb is a
bias correction factor that equals 1 when the regression falls on the line of unity (Lin,
1989). A factor, µ, used in calculation of Cb, indicates over prediction by the model when
a negative value, and under prediction when a positive value.
5.4 Results
5.4.1 Univariate Correlations
Lactation performance variables exhibited approximately a two-fold range (Table
5.1.). Three hundred and five-day milk yield averaged 8799 kg and ranged from 5993 to
11691 kg. Protein and fat percentages in milk ranged from 2.85 to 3.48 and 2.47 to 4.95,
respectively. Values for SCC were diverse, ranging from a score of 2.2 to 64.7 and
persistency ranged from 48 to 112%.
There were 31 genes whose expression in the juvenile liver was correlated with
some aspect of lactational performance in the adult with r2 > 0.16 (Table 5.2.). Seven of
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the genes were most correlated with milk protein percentage, 6 with 305-d protein yield,
4 with lactational protein yield and BCA milk, and 3 with somatic cell score. The only
performance variable that was not correlated with any gene with r2 > 0.16 was BCA fat.
The strongest significant correlation coefficients were obtained for the known genes
RAB3GAP2 (r2 = 0.175), S100G (r2 = 0.184), SIKE1 (r2 = 0.185), and ZC3HC1 (r2 =
0.261). These genes are involved in hormone and neurotransmitter exocytosis, immune
response signalling, and, cell cycle regulation, respectively.
5.4.2 Prediction of Lactation Performance using Gene Expression
The PLS model was first fit to observations from a training subset of data from 69
animals. The 2 gene lists selected for PLS analysis, based on different thresholds for
univariate correlation to performance, featured 31 (Table 5.3.) and 140 genes,
respectively. The lowest rMSPE values were observed for List 2, using 140 of the genes
moderately (r2= 0.12) correlated with lactational performance. List 1, featuring genes
more highly correlated to lactation production parameters (r2= 0.16), produced slightly
higher rMSPE values. While PLS models generated using List 2 accounted for more of
the variability associated with the response parameter, the error associated with these
predictions was higher than when using List 1. In particular, the majority of error
associated with each regression model using List 1 was attributed to ED, or random
effects. More of the error using List 2 was due to bias (ECT) and deviation of the slope
from unity (ER), indicating that these models generated more biased predictions.
5.4.2.1 Training Set
Prediction errors for many of the performance variables using each list were less
than total errors in the observations, presented as SD/mean (Table 5.1.). Using both gene
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List 1 and 2, prediction errors of the fitted PLS models were less than 10% of the mean
for all performance variables analyzed. According to rMSPE, variation in somatic cell
score was not well described by the gene expression data from List 1. However, over
95% of MSPE was attributed to random disturbance using List 1 (Table 5.4.) and over
88% using List 2. The Cb and µ values similarly showed little prediction bias for protein
percentage, fat percentage, and persistency. Lower CCC values using List 1 were the
result of random error in the predicted vs. observed relationship.

Concordance

correlation coefficients generated for each variable using List 2 were all greater than 0.9,
and CCC values greater than 0.75 were obtained for milk yield, protein yield and protein
percentage, while fat percentage was the lowest at 0.62 using List 1.
5.4.2.2 Test Set
Predictions of lactation performance values were made using Lists 1 and 2 on
independent test datasets of 12 heifers. rMSPE values were less than 5% of the mean for
all performance variables for both Lists. Using the 31-gene list, the best predicted
performance variable was 305-d protein yield, followed by protein percentage and 305-d
milk yield (Table 5.5.). The most unbiased predictions were for 305-d milk and protein
yields, for which ED was 89 and 75% of the MSPE, and µ was -0.25 and -0.26,
respectively. The most variable prediction was for somatic cell score. The most biased
predictions were for somatic cell score, persistency, and 305-d fat yield. The fitness test
results using List 2 are presented in Table 5.6.
5.5 Discussion
The quantity of data derived from the entire microarray dataset, a total of 545,292
gene expression values, necessitated a filtration method to reduce dimensionality of the
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PLS regression problem. Transcript data from both fed and feed-restricted animals were
pooled to introduce biological variability and increase robustness of the PLS results. All
attempts at PLS regression using the entire microarray dataset generated poor fits of the
model, where cross-validation failed by one-at-a-time, blocked, split sample, and random
sample methods (data not shown). The decision of which genes to use in a predictive
model such as this is based on a balance between reliability, as too few genes may not
properly fit a model, and functionality, as too many genes may generate noise (Schwarz,
1976). Correlation screening is a strategy to reduce noise within the dataset and improve
the fit of PLS models (Sinnaeve et al., 2009). Other methods that have been employed to
select gene subsets include principal component analysis (Khan et al., 2001; Zhao and
Wang, 2010), neighbourhood analysis (Golub et al., 1999) and Bayesian variable
selection (Sha et al., 2004).

In our study, the correlation method also identified

individual transcripts most strongly correlated to lactational performance variables. We
expected that genes involved in hepatic metabolism, or those that may be related to milk
production in the adult, such as protein synthesis, glucose, nitrogen and energy
metabolism, would be highly ranked.

However, the genes most correlated with

performance (Table 5.2.) were largely associated with gene expression and DNA
structure, as well as glycoprotein metabolism, immune response, and calcium
metabolism, processes that are not entirely unique to hepatic tissues or to lactation
production, but serve an integral role in physiological function. In addition, none of the
genes identified as differentially expressed between fed and feed-restricted groups
(Chapter 3) appeared on the correlation list. Inclusion of both treatments in the PLS
analysis, then, served to eliminate single-transcript correlations that might have existed in
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only well-fed or underfed animals, and produced results applicable to a broader sample of
yearling heifers.
The r2 statistic cannot be used to express the proportion of total variance
explained by a PLS model because the variance in predictions can be greater than that of
the observations themselves. Alternatively, the rMSPE can be compared with the SD of
observations to index goodness of fit of both correlation and PLS models. By simple
correlation, variation in expression of a single gene in the livers of young heifers
produced rMSPE values (Table 5.2.) that ranged between 80 and 95% of the observed SD
(Table 5.1.). Juvenile expression of both sets of genes produced, by PLS methodology,
lower rMSPE values for the data on which the model was fitted, between 14 and 79%
(List 1) and 11 and 26% of the SD (List 2). However, decomposition of MSPE and CCC
analysis both detected bias in all fits except protein and fat percent for the 140 and 31gene PLS models. These statistics indicate that those PLS models accommodate patterns
in juvenile gene expression and characteristics of the adult phenotype.
The ability of the PLS model to describe observed patterns is one issue, while its
ability to predict is another. To test the latter, we used gene expression data from a subset
of animals not included in the model fitting procedure to predict future lactational
performance from the fitted model, and made comparisons with actual performance.
These test data cannot be considered completely independent of the training set because
of common environmental factors such as herd and season, but the animals themselves
were different. The predictive capacity of the regression models generated using the 140gene list, while accounting for the vast majority of the variation in each respective
response variable using the training set, failed to achieve any consistent predictions on
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the independent test dataset.

The 31-gene model, however, produced consistent

predictions as well as moderate correlations between observed and predicted values. For
somatic cell score, the rMSPE of the independent predictions (Table 5.5.) was much
greater than the observed SD (Table 5.1.), indicating poor predictive ability. However,
for 305-d milk and protein yields, which were the best predicted variables with the least
amount of error, rMSPE values (Table 5.5.) were 95 and 96% of SD, respectively. Fat
percentage had lower correlation between observed and predicted values, demonstrating
the impact of the rMSPE on the predictive capacity of the model.
Variability in observations can interfere with the reliability of a predictive model
(Cronin and Schultz, 2003). The high SD of the observed values for somatic cell score
may explain why that variable was not well predicted, while protein percentage exhibited
the lowest SD, as a percentage of the mean, and was predicted best in the test dataset. In
addition, protein and fat percentages are the most repeatable variables in the lactation
performance profile.

In quantitative genetics, repeatability refers to the correlation

between identical measurements made at different times on the same animals. Estimates
of repeatability of milk protein and fat percentages average 0.55 and 0.64, respectively,
while for milk and component yields, repeatability is intermediate at 0.33 to 0.42 (Roman
et al., 2000), and repeatabilities of somatic cell score and persistency are low at 0.27
(Welper and Freeman, 1992) and 0.18 (Wood, 1970), respectively. The correlation of
gene expression to future lactational performance contains an element of repeatability, so
it is not surprising that protein and fat percentages were best predicted by the PLS
models, followed by milk and component yields, and then somatic cell score.
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Identification of candidate genes or molecular signatures for prediction of
phenotypic outcome has grown in popularity since the advent of the genomic era. Gene
expression data gleaned from microarrays has been used to predict prostate cancer
outcome (Bibikova et al., 2009; Febbo, 2009), adult body size (Bochdanovits et al.,
2003), cancer diagnosis (Khan et al., 2001; Golub et al., 1999, Huang et al., 2010), and
extent of coronary heart disease (Sinnaeve et al., 2009). Quantitative predictions of
future performance have been made for survival time periods in breast cancer recovery
(Zhao and Wang, 2010) and to assess the range of chronological age of the brain
associated with neurodegenerative disease (Cao et al., 2010). To our knowledge, our
results demonstrate the first use of microarray data to predict future performance of
young ruminants.
Identification of variables predictive of milk and milk component production in
young dairy cattle has been approached in a variety of ways. Segregation of calves into
high- and low-genetic merit groups has identified differences in plasma metabolite and
hormone responses to growth hormone-releasing factor and epinephrine injection
(Bridges et al., 1987; Lovendahl et al., 1991; Woolliams et al., 1993). However, the
responses have not proven consistent across subjects and studies (Xing et al., 1991;
Taylor et al., 2006; Weber et al., 2005) and the studies were often limited by low
numbers of animals and statistical power of the categorical design.

Estimation of

correlations between juvenile glucose tolerance and adult lactational performance has
yielded r2-values no higher than 0.22 (Robinson et al., 1994; Fiedorowski et al., 2008).
These correlations are similar to those we estimated between single gene expression
intensities and adult performance. When 5 or 6 metabolite concentrations in young
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calves were combined in a multiple regression model, 67 to 73% of the variation in
estimated breeding value for milk fat yield was accounted for (Sejrsen et al., 1984). The
multivariate regression of gene expression data on lactation performance by PLS
methodology shown here yielded a similar goodness of fit on a larger number of animals
that were exposed to a range of food intakes, and also predicted performance in animals
not included in the model fitting procedure.
When multiple regression analysis was applied to our data set, instead of PLS, to
relate hepatic gene expression to future lactational performance, fits to the training data
were much better than reported here, but fits to the test set were poor, with absolute
values of the CCC < 0.10 (Chapter 4). The PLS method is thus better suited to the task of
predicting future performance from gene expression.
In order to be used in early selection of superior animals for mating, the accuracy
of the predictions needs improvement. Rate of genetic gain occurs in direct proportion to
accuracy of selection, which is the square of the correlation between estimated and true
breeding values. When only pedigree information is available for a young heifer, the
accuracy of selection is equal to the square root of half the heritability. For protein
percentage, with a heritability of 0.35 to 0.6, accuracy falls between 0.42 and 0.55. Our
best accuracies between predicted and observed milk and protein yields, and protein
percentage, were 0.21. While not yet an improvement over pedigree information, gene
expression offers promise as an early selection tool using PLS methodology.
In comparison to a genomic evaluation approach, which is becoming more
popular in dairy selection, several limitations become apparent. The use of hepatic tissue
as opposed to a blood sample to generate gene expression profiles limits the practicality
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of this method. The number of subjects used in this work represents a fraction of those
used for actual breeding value calculations. The portion of the dairy genome represented
on the microarray is also limited in this study, as the entire genome is evaluated in
modern breeding programs.
In summary, hepatic gene transcript abundance during development in young
ruminants correlates with the extent of production measurements at maturity. The best
predicted variables were 305-d milk and protein yield, and protein percentage. Our
results provide evidence that gene expression can be used to predict future lactation
performance measurements.
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Table 5.1. Lactation performance records of Holstein heifers during first lactation
(n=81).
Performance Variable

Mean

SD

305 day Milk Yield (kg)
305 day Protein Yield (kg)
305 day Fat Yield (kg)
Protein Percentage (%)
Fat Percentage (%)
Somatic Cell Score
Test Day Persistency (%)

8799
277
328
3.15
3.74
26.5
96.6

± 1108
± 31.6
± 50.5
± 0.16
± 0.49
± 14.8
± 20
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SD, %
of mean
12.6
11.4
15.4
5
13.1
55.8
20.7

Minimum

Maximum

5993
202
226
2.85
2.47
2.2
48.5

11691
346
441
3.48
4.95
64.7
111.2

Table 5.2. List of 31 genes whose expression signal at 12 months of age is most correlated with future lactational performance
(n=81).
Gene Name

UniGene

ABHD6 Abhydrolase domain containing 6
ALG5 Asparagine-linked glycosylation 5
CKMT1 Creatine kinase, mitochondrial 1
COG8 Component of oligomeric golgi complex 8
DNAJC4 DnaJ (Hsp40) homolog, subfamily C, member 4
DNASE1 Deoxyribonuclease I
G3BP1 GTPase activating protein binding protein 1
GAL3ST4 Galactose-3-O-sulfotransferase
GC Group specific component, vitamin D binding protein
GPM6A Glycoprotein M6A
GPR108 G protein-coupled receptor 108
ICA1 Islet cell autoantigen1
LEPRE1 Leucine Proline enriched proteoglycan
ACSM5 Acyl-CoA synthetase medium-chain family member 5
MCFD2 Multiple coagulation factor deficiency 2
MGC127538 Hypothetical protein MGC127538
MRE11A Meiotic recombination 11 homolog A
MSH6 mutS homolog 6
MSH6 mutS homolog 6
OSTF1 Osteoclast stimulating factor 1
PREDICTED: NF-X1-type zinc finger protein NFXL1-like
RAB3GAP2 GTPase activating protein subunit 2

Bt.2858
Bt.91994
Bt.49713
Bt.56330
Bt.21515
Bt.12952
Bt.5197
Bt.10383
Bt.53584
Bt.65331
Bt.53314
Bt.35115
Bt.2801
Bt.80371
Bt.61911
Bt.37566
Bt.28672
Bt.46600
Bt.23284
Bt.2888
Bt.31638
Bt.44837
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Correlated
Variable
¥

r2

0.16
SCS
0.16
Protein %
0.16
305-d protein 0.16
Lac protein 0.16
¥
0.16
Times Bred 0.16
Protein %
0.16
BCA milk
0.17
BCA milk
0.17
¥
0.17
Protein %
0.17
BCA milk
0.17
Protein %
0.17
SCS
0.17
¥
0.17
305-d protein 0.17
Protein %
0.17
305-d protein 0.18
¥
0.18
305-d milk 0.18
BCA milk
0.18

Pvalue
0.002
0.003
0.003
0.000
0.000
0.001
0.001
0.014
0.000
0.002
0.001
0.001
0.003
0.000
0.048
0.001
0.015
0.000
0.000
0.001
0.009
0.009

rMSPE,
%
N/A§
114
4.8
9.9
12
N/A§
61.6
4.7
11.6
11.5
N/A§
4.8
11.5
4.6
108
N/A§
9.8
4.8
10.2
N/A§
11.6
11.4

Table 5.2. Continued
S100G S100 calcium binding protein G
SIKE1 Suppressor of IKBKE 1 (inhibitor of kappaB kinase epsilon
Transcribed locus
Transcribed locus
Transcribed locus
Annonymous expressed sequence tag (EST)
Annonymous expressed sequence tag (EST)
Annonymous expressed sequence tag (EST)
ZC3HC1 Zinc finger, C3HC- type containing 1
* UniGene identification not available
¥
Correlated to more than one lactation variable
§
rMSPE not calculable from multiple variables
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Bt.390
Bt.20253
Bt.68756
Bt.56561
Bt.28617
N/A*
N/A*
N/A*
Bt.4674

305-d milk
Fat %
Lac protein
305-d protein
305-d protein
Lac protein
305-d protein
Protein %
SCS

0.18
0.185
0.187
0.193
0.215
0.222
0.245
0.246
0.261

0.011
0.0007
0.0006
0.0003
0.0005
0.0092
0.0012
0.0035
0.0091

10.8
12.3
12
9.8
8.6
9.2
9.6
4.4
96.9

Table 5.3. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC)
analysis of observed and average* PLS-predicted values of lactational performance variables
from the training data set using List 1 (n=69).
Performance Variable
rMSPE%
ECT%
ER%
ED%
305 day Milk Yield (kg)
7
0
0
100
305 day Protein Yield (kg)
6
1
0
99
305 day Fat Yield (kg)
10
1
0
99
Protein Percentage (%)
3
1
4
95
Fat Percentage (%)
10
1
4
95
Somatic Cell Score
39
0
0
100
Test Day Persistency (%)
1
2
0
98
*
regression analysis was repeated 10 times and parameterization factors are
presented as averages
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CCC
0.83
0.84
0.74
0.75
0.62
0.68
0.71

R
0.85
0.86
0.78
0.78
0.68
0.72
0.75

Cb
0.00
0.09
0.00
0.97
0.91
0.08
0.85

µ
0.00
0.03
0.04
0.06
0.08
-0.02
0.03

Table 5.4. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC)
analysis of observed and average* PLS-predicted values of lactational performance variables
from the training data set using List 2 (n=69).
Performance Variable
rMSPE%
ECT% ER% ED% CCC R
305 day Milk Yield (kg)
2
5
3
92
0.99 0.99
305 day Protein Yield (kg)
3
11
0
88
0.99 0.99
305 day Fat Yield (kg)
4
8
3
89
0.98 0.98
Protein Percentage (%)
1
4
3
98
0.97 0.98
Fat Percentage (%)
4
1
3
99
0.98 0.98
Somatic Cell Score
7
3
0
96
0.99 0.99
Test Day Persistency (%)
1
2
0
98
0.90 0.98
*
regression analysis was repeated 10 times and parameterization factors are presented as
averages
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Cb
0.00
0.03
0.01
0.99
0.99
0.15
0.81

µ
0.03
0.02
0.02
-0.04
0.00
0.02
0.00

Table 5.5. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC)
analysis of observed and average* PLS-predicted values of lactational performance variables
from the test data set using List 1 (n=12).
Performance Variable
rMSPE% ECT% ER% ED% CCC
R
Cb
305 day Milk Yield (kg)
12
12
13
75
0.39
0.44
0.00
305 day Protein Yield (kg)
11
13
10
89
0.41
0.47
0.00
305 day Fat Yield (kg)
18
6
27
67
0.19
0.22
0.00
Protein Percentage (%)
5
8
25
67
0.41
0.46
0.92
Fat Percentage (%)
15
5
38
57
0.17
0.18
0.97
Somatic Cell Score
62
16
15
66
0.21
0.23
0.01
Test Day Persistency (%)
6
14
24
62
0.12
0.16
0.10
*
regression analysis was repeated 10 times and parameterization factors are presented as averages
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µ
-0.25
-0.26
-0.40
0.19
0.24
0.42
0.42

Table 5.6. Root mean square prediction error (rMSPE) and concordance correlation coefficient (CCC)
analysis of observed and average* PLS-predicted values of lactational performance variables
from the test data set using List 2 (n=12).
Performance Variable
rMSPE%
ECT% ER% ED% CCC
R
305 day Milk Yield (kg)
14
10
17
73
0.04 0.01
305 day Protein Yield (kg)
13
13
6
81
0.15 0.15
305 day Fat Yield (kg)
18
14
24
62
-0.12 -0.12
Protein Percentage (%)
5
5
30
65
0.07 0.07
Fat Percentage (%)
15
14
31
58
-0.03 -0.03
Somatic Cell Score
62
16
18
81
0.04 0.06
Test Day Persistency (%)
6
9
28
63
-0.13 -0.19
*
regression analysis was repeated 10 times and parameterization factors are presented as
averages
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Cb
0.00
0.02
0.00
0.86
0.87
0.05
0.08

µ
-0.14
-0.37
0.36
0.05
0.25
0.39
0.31

CHAPTER 6
GENERAL DISCUSSION
This work demonstrated the suitability of using gene expression transcript signals
in a young animal to predict future lactation performance. Previous studies have shown
that gene transcript abundance can be used in a predictive manner (Sinnaeve et al., 2009;
Cao et al., 2010; Zhao and Wang, 2010), and that physiological parameters measured in
juvenile cattle can be used to explain variability in mature performance (Sejrsen et al.,
1984; Wylie et al., 2008; Fiedorowicz et al., 2008). The integration of these two concepts
yielded a result that was not necessarily unexpected, but difficult to completely explain.
The relationship between gene expression signal and production parameters was
evaluated through simple correlation and multiple regression analysis in our study, using
pooled transcriptomic data measured in fed and feed-restricted juvenile heifers. The
particular genes that were responsible for the variation in mature performance were not
necessarily associated with nutrient metabolism or performance, per se, but with cell
cycle and maintenance functions. While the relationship is valid, early research in the
area of performance marker identification in young dairy animals was based on the
evaluation of a metabolic response to a challenge, as it would perhaps more accurately
represent physiological status during lactation. This method set apart those animals of
high and low genetic merit. With this in mind, it should be expected that the specific
genes which control the metabolic response to stimuli would be also be identified as early
markers of future performance. The question is then raised on whether the observed
relationship reported here is based on the association of particular numerical values in the
microarray dataset to those of the measured performance variables, or if the expected
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biological relationship between gene expression and performance was not measured
properly. The genes that were identified as differentially expressed in Chapter 3 do not
have uniform values like those whose expression remained unchanged. These differences
may have led to their exclusion as candidates and could possibly explain why metabolic
genes were not included as variables in the final regression models. This raises the
possibility that the predictive capacity of juvenile gene expression may be improved if
the treatment groups were analyzed separately. However, a strong point of this study was
the number of subjects used for regression analysis and using fewer subjects may
compromise the validity of the predictive model.
There are several examples of where multiple regression anlaysis has been used in
the prediction of future performance in young dairy cattle (Sejrsen et al., 1984; Veerkamp
et al., 1994; Wylie et al., 2008). This study used stepwise and partial least squares
regression to predict lactation performance and revealed differences in the suitability of
each model. Stepwise regression makes a fair evaluation of potential model variables, and
excludes those that do not make a meaningful, significant contribution to the final model.
However, while taking into account the amount of variability that the predictor variable
explains in the response variable, the variability in the predictor parameter is not
considered. Variability is inherent in a biological system, and it should be included to
make meaningful predictions on phenotype. This was demonstrated with the results in
Chapter 5, as the PLS model, which includes the variability in the gene expression data,
was better overall than the stepwise models presented in Chapter 4. In this light, the PLS
model, typically used in chemometrics and spectroscopy (Wold et al., 2001), and survival
analysis (Boulesteix and Strimmer, 2007), could be applied in the area of future lactation
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performance prediction using other response variables. There are no examples of using a
PLS approach to predict future performance in dairy cattle, suggesting that it could be
employed using another parameter such as blood metabolites or other easily measured
variables.
To be considered for practical application, several improvements can be made to
further refine our method of future performance prediction. An increase in the total
number of animals used would lend itself to a more robust model. Perturbations of
physiological function in these subjects would also be a consideration, as our results
suggest that strong stimuli may limit the total number of parameters available for model
inclusion. The ease of obtaining biological tissue is also important. A blood or cheek
swab from a young calf is much less invasive than a liver biopsy. One consideration that
may not be entirely relevant, but is worth mentioning, is the total number of genes used
for screening. Microarray chips that span the genome for several organisms are available
for commercial use. However, our results show that the expression of as little as 31 genes
can be used to predict performance.
In comparison to a traditional dairy selection scheme, our method results in a
lower degree of selection accuracy. The value for selection accuracy in a young animal
in a traditional selection scheme, based on an average of the parent`s heritability values
for that trait, is much higher than the comparative values we present here. At this point,
the rate of genetic improvement would still be greater for the traditional selection
approach than for our method. The results presented here indicate that using gene
expression signals in a young animal to predict future performance has the potential to
become a useful selection tool in the dairy industry.
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