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ABSTRACT 
 
 
Infertility and sub-fertility are some of the largest barriers to the profitability and sustainability of 
cattle production systems. There has been a push in the last several decades to decrease the burden 
faced by producers as a result of poor fertility. Typically, a producer would utilize traditional 
selection methods to improve fertility, however the complex, polygenic nature and low heritability 
of these traits makes this an inefficient method. Therefore, researchers have been investigating 
alternative strategies to improve female fertility in cattle. One strategy that has been a popular 
research subject in recent years is the identification of molecular markers that could be utilized for 
selection. An ideal biomarker should be able to be sampled non-invasively, however, many of the 
previous studies conducted in cattle have utilized biological fluids that require invasive collection 
methods. Additionally, there have been very few studies that have been focused on the 
identification of molecular markers associated with heifer fertility. Therefore, the aim of our work 
was to identify molecular markers in blood samples collected from beef and dairy heifers that 
could discriminate these heifers based on their fertility potential. Our investigations of the genome 
resulted in the identification of 3 single nucleotide polymorphisms (SNPs) that were associated 
with fertility, 16 SNPs that were associated with health, and 29 SNPs that were associated with 
both health and fertility. Some variants are able to indirectly impact the phenotype by affecting 
gene expression, termed expression quantitative trait loci (eQTLs), therefore we attempted to 
identify eQTLs associated with fertility. However, while we were unable to find significant 
connections between the SNP-gene pairs and fertility, we developed a new method for the 
identification of association between SNPs and transcript abundance. Using this method on data 
from purebred Angus and Holstein heifers, we identified two significant genes (APMAP and 
DNAI7) that were differentially expressed between fertile and sub-fertile heifers. That same study 
also identified one protein whose abundance differed between the fertile and sub-fertile heifers. 
Importantly, the integration of multiple levels of biological information (genome, transcriptome, 
proteome) yielded a biological profile that was able to correctly separate 21/22 heifers based on 
their fertility potential. Finally, investigation of the metabolome revealed one metabolite (2-
dehydro-D-gluconate) that was differentially abundant between fertile and sub-fertile heifers. In 
conclusion, this work sheds light on the intricate molecular landscape underlying heifer fertility 
and provides several molecular markers that could potentially be utilized to select heifers with 
superior reproductive potential. 
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GENERAL AUDIENCE ABSTRACT 
 
Before the early 2000s, many producers were heavily selecting for production traits without 
accounting for the negative relationship between many production traits and fertility. The 
large decrease in fertility that occurred as a result of these selection practices put a heavy 
burden on producers. Replacement heifer development is the third largest cost incurred by 
producers, behind feed and labor. Consequently, the failure of a heifer to conceive in her 
first breeding season translates directly into financial loss for the producer and lasting 
consequences on the animal's longevity and performance in subsequent breeding seasons. 
To make improvements in a trait, or traits, of interest, producers often selectively breed 
two animals with desirable characteristics. However, the complex nature of fertility traits 
limits the effectiveness of this method. As a result, researchers have been attempting to 
identify biological molecules whose abundance differs between cattle of differing fertility 
potential, termed molecular markers, that could be used to identify superior cattle earlier 
and more accurately. While a good amount of research has been conducted in mature cows 
and in a laboratory setting, very few studies have attempted to identify molecular markers 
of fertility in heifers. Therefore, the objective of this work was to identify different 
biological molecules (genomic variants, genes, proteins, and metabolites) whose 
abundance differed between heifers with varying fertility potential. Investigation into DNA 
variations led to the identification of three variants that were associated with fertility, 16 
variants that were associated with health, and 29 variants that were associated with both 
health and fertility.  Given that some variants can impact a trait by changing gene 
expression, we attempted to identify variations in RNA that were having this effect on 
heifer fertility. Although some variants were found to influence gene expression, we were 
unable to correlate these changes with fertility differences. However, in a different study, 
we were able to identify two genes (APMAP and DNAI7), as well as one protein (alpha-
ketoglutarate-dependent-dioxygenase FTO), that differed significantly between fertile and 
sub-fertile heifers. Importantly, the results of this study allowed us to create a biological 
profile that was capable of accurately distinguishing 21/22 heifers based on their fertility 
potential. Finally, investigation of the metabolite profile revealed one metabolite (2-
dehydro-D-gluconate) that was differentially abundant between fertile and sub-fertile 
heifers. Overall, this work sheds light on the complex nature of heifer fertility and provides 
several potential molecular that could be used to distinguish between heifers of varying 
reproductive potential.
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CHAPTER 1: Literature Review 
 

1.1 ABSTRACT 
 
Infertility and subfertility are some of the largest barriers to the profitability and sustainability of 
livestock production systems. Given that the majority of producers are raising their own 
replacement heifers, heifer fertility is of particular interest. Moreover, heifer fertility has been 
shown to be correlated with lifetime productivity and profitability. Therefore, heifers producing a 
calf in their first breeding season is crucial for producers. Efforts have been made to improve heifer 
fertility over the years; however, progress has been slow due to the low heritability of female 
reproductive traits, particularly in heifers. As a result, producers have been utilizing technologies 
such as antral follicle count, reproductive tract score, estrus synchronization, and expected progeny 
difference to select reproductively superior heifers and increase pregnancy rates. However, one 
limitation of these technologies is that most are utilized around the time of breeding, meaning 
producers have already invested considerable time and resources into raising these heifers. As a 
result, there has been an increase in attempts to develop technologies that could be used to identify 
heifers with superior reproductive potential earlier. Advances in sequencing and molecular 
profiling have allowed researchers to begin identifying differences in gene expression, microRNA, 
proteins, and metabolites that could be used to discriminate heifers based on their fertility potential 
much earlier. The aim of this review is to discuss the status of heifer fertility as well as the ongoing 
efforts to improve heifer selection for greater profitability and sustainable agriculture. 
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1.2 INTRODUCTION 
 
The 2017 census reported by the U.S. Department of Agriculture’s National Agricultural Statistics 
Service (NASS-USDA) indicated that 768,542 farms (729,046 and 54,599 farms with beef and 
milk cows, respectively) had cattle and heifers that calved in their inventory. In dairy and cow-calf 
beef production systems, farmers must make an essential decision of replacing cows in their herd, 
due to sale, diseases, mortality, reproductive deficiencies, or poor productivity [1-4]. For instance, 
the annual herd cull rate is in the range of 30-35% in dairy [5] and 15-20% in beef herds. To 
maintain continuous production, farmers often replace culled cows with heifers raised with the 
specific purpose of entering the breeding herd. Therefore, heifer replacement programs are one of 
the critical factors for sustainable cattle operations. 
 
A compilation of data from NASS-USDA reported in the January cattle census, over the past ten 
years, indicates that around 10 million replacement heifers have been developed yearly since 2014, 
averaging 5.7 and 4.6 million beef and dairy heifers, respectively (Figure 1.1). The yearly stock of 
replacement heifers in the U.S. is approximately 20% and 50% of the number of mature cows in 
beef and dairy systems, respectively. Within the farming requirements for cow-calf or dairy 
production systems, virtually all heifers enter the replacement program using an equivalent amount 
of farm and natural resources. Still, on average (between 2013 and 2021), only 34.4% of the 
replacement heifers enter the breeding herd between 2013 and 2021 (ERS-USDA, 2022). Thus, 
farmers must conduct heifer development programs with a balance between careful management 
and selection of heifers to prevent economic losses. 
 
Heifer development programs are an essential component for a successful cattle enterprise in both 
beef and dairy systems. In this review, our goal is to highlight the importance of heifer fertility for 
the U.S. cattle business and to discuss ongoing efforts to improve the early selection of heifers 
based on their fertility potential. We will focus on the following topics: 1-the economic impact of 
heifers that are raised as replacements but do not contribute as a cow in the breeding pool, 2- 
genetic aspects of heifer fertility, 3- the potential for molecular markers to aid in the decision-
making process of which heifer should be raised in the replacement pool. 
 
 
1.3 THE STATUS OF FERTILITY IN REPLACEMENT HEIFERS 
 
The goal of raising heifers for replacement is to introduce them into a breeding program. Beyond 
being in good health, two major features for a heifer to enter a breeding herd are: 1- to be 
reproductively mature, having reached puberty and preferably having experienced one or more 
estrous cycles; and 2- have the appropriate body weight reached under controlled average daily 
gain. Careful heifer health, growth, and reproductive management maximize the heifer’s potential 
for producing a calf within a desired window of time. 
 
1.3.1 Dairy heifers 
 
A national survey by the NASS-USDA, conducted in 2016, identified that 82.9% or more of dairy 
farms with a heard size equal to or greater than 50 cows use artificial insemination in their 
reproductive management. A recent analysis by Kuhn et al. [6] showed that overall conception rate 
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to artificial insemination for U.S. Holstein heifers is 57%. Between 50% and 65% of the Holstein 
heifers conceive and produce a calve from the first service [6-11]. By comparison, between 2.92% 
and 8.68% of the heifers do not conceive after multiple consecutive rounds of artificial 
insemination [7, 11] (Figure 1.2). An average of ~5% of heifers not becoming pregnant to multiple 
services translates to over 220,000 heifers being culled yearly (229.9 thousand on average, since 
2010, NASS-USDA, Figure 1.1) after multiple consecutive artificial inseminations. 
 
1.3.2 Beef heifers 
 
A national survey of cow-calf operations that bred heifers for calving in 2017 indicated that most 
of the heifers were bred exclusively by bulls (76%), followed by heifers bred by artificial 
insemination and exposed to bulls (15.1%), or bred exclusively by artificial insemination (3.4%) 
[12]. A recent compilation of records of heifer pregnancy percentages showed that an average of 
85% (range 64%-95%) [13-29] of heifers will become pregnant to artificial insemination or to a 
bull in their first breeding season. By comparison an average of 15% of beef heifers will not 
become pregnant in their first breeding season (range 4.8%-36%) (Figure 1.3). This proportion of 
heifers bred for replacement that do not calve by ~25 months of age is equivalent to an average of 
850,700 heifers culled yearly due to fertility limitations. 
 
1.4 ECONOMICS OF DELAYED HEIFER CULLING DUE TO REPRODUCTIVE 
INCAPACITY 
 
Raising replacement heifers is one of the largest expenses incurred by producers. It has been 
estimated that raising a replacement heifer from birth to calving costs producers ~$1,400 for beef 
heifers [30] and ~$2,000 for dairy heifers [31]. Since the period from birth to calving is financially 
unproductive, producers need to implement proper management to avoid severe financial losses. 
With adequate body weight and reproductive maturity, dairy heifers will likely produce the 
greatest economic return when calving between 23 and 25 months of age [31]. Therefore, any 
heifer calving outside of this timeframe represents a potential barrier to profit maximization. One 
management strategy to minimize these losses is to identify and cull reproductively inefficient 
heifers earlier. It has been estimated that culling a heifer between 21.5-23.4 months of age results 
in a loss of $603/head. However, culling a heifer around the time of breeding (10.1-15.7 months 
of age) only results in a loss of $272/head [32]. Thus, the earlier a producer can identify and cull 
the inefficient cattle, the greater their potential net profit.  
 
1.5 GENETICS OF HEIFER FERTILITY TRAITS 
 
Reproduction is a complex biological function in animals. In females, it involves the coordination 
of several physiological and cellular processes, most of which have significant influence of genetic 
variation. For over a decade, researchers have identified several traits that have guided the selection 
of cattle based on their reproductive fitness. Specific to females, there are approximately 21 traits 
being measured to assess reproductive performance in heifers (Figure 1.4). 
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1.5.1 Heritability of heifer fertility traits 
 
The comprehension of the additive component of economically important traits is key for artificial 
selection. The estimates of heritability for fertility related traits in heifers range from 0.007 to 
0.324 ( [33-51] Figure 1.4). Altogether, heritability estimates for fertility traits in heifers are low 
(< 0.2), and only few examples show moderate heritability (>0.2). Most of these examples of 
moderate heritability are related to the age that the heifer may attain reproductive maturity. In beef 
heifers, these examples include age of puberty (0.221 [43]) and reproductive tract score (0.32). 
Whereas in dairy heifers, these examples include age at conception (0.312 [48]), age at first calving 
(0.296 [42]), and age at first insemination (0.227 [41], 0.324 [42]). As reported for other complex 
traits [52, 53], there is a small additive genetic component to most fertility traits in heifers. 
 
As indicated in the breeders’ equation, heritability is directly related to genetic progress. Although, 
genetic gains can be achieved in traits with low heritability [54], improving heifer fertility traits 
through traditional use of breeding values remains a critical challenge in cattle production systems 
world-wide. To that end, researchers have sought to understand the impact of variations in the 
genomic and molecular profiles on the reproductive outcome in heifers. 
 
1.5.2 Genomic variants 
Genetic selection for fertility in cattle is hindered by both the low heritability, especially for heifer 
fertility traits, and the highly polygenic nature of reproductive traits [55, 56]. As a result, 
improvements to cattle fertility have been slow. Efforts to improve fertility over the last decade 
have focused on identifying genomic variants that could potentially be used to select females with 
greater reproductive efficiency. The development of arrays for high throughput genotyping was a 
critical step in this search for genomic variations that influence economically important traits in 
livestock [57]. This technology allowed researchers to be able to identify genomic variants 
associated with cattle fertility traits using genome wide association studies (GWAS).  
 
While several reports have identified quantitative trait loci with markers flanking regions 
associated with fertility traits in heifers (see table 1 in [58]), recent efforts have focused on the 
genome wide identification of single nucleotide polymorphisms (SNPs) associated with similar or 
the same phenotypes in heifers. We compiled 1183 SNPs that have been associated with heifer 
fertility (Figure 1.5A). Most SNPs have been associated with heifer conception rate [7, 59-61], 
followed by times bred to achieve pregnancy [7, 61]. Other traits related with heifer fertility (i.e.: 
pregnancy outcome after several artificial inseminations or after a breeding season) [62], antral 
follicle count [63], age at first calving [64], reproductive tract score [63], and pregnancy rate [64] 
have also been the focus of some studies. Only 87.5% of those SNPs are currently annotated in the 
European Variant Archive (“9903_GCA_002263795.2_current_ids”) and can be identified as 
broadly distributed across the genome (Figure 1.5B). Most notably, there is no overlap between 
SNPs significantly associated traits involving heifer fertility (Figure 1.5C). Collectively these data 
show the polygenic nature of fertility in heifers, and the complexity for developing strategies for 
more efficient selection of heifers based on their fertility potential.  
 
Additionally, deCamargo et al. was specifically interested in polymorphisms in JY-1 and their 
effects on cattle reproductive traits. Importantly, this gene codes for the protein JY-1, which has 
been shown to be associated with folliculogenesis and early embryo development in cattle [65]. 
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Four significant SNPs identified in JY-1 were found to be associated with age at first calving. It is 
important to note that this study named significant SNPs based on their location in relation to the 
first exon of JY-1, with the first nucleotide of the first exon being named “1”. The four significant 
SNPs in this study were located at positions -91, 392, 13043, and 13084. Of these SNPs, one is 
located in exon 2 (13043), two are located in an intron (392, 13084), and one is located in the 
promoter region of the gene (-91) [66].  
 
1.6 POTENTIAL CAUSES OF INFERTILITY 
 
1.6.1 Metabolism 
 
Pregnancy is an energetically demanding process for the mother, so meeting energy requirements 
is essential for reproductive success. Maintaining adequate nutritional status is of particular 
importance in heifers and other young mammals, as they are still growing. Maternal growth and 
pregnancy are both energetically demanding processes, therefore, if a heifer has inadequate energy 
reserves, she will preferentially put the energy towards maintenance and growth rather than 
pregnancy [53]. This metabolic control of reproduction is regulated by several key hormones and 
metabolites including growth hormone, leptin, and insulin-like growth factor 1.  
 
Leptin is a protein hormone that has shown to be an important factor linking metabolism and 
reproduction [67-69], as it is involved in feed intake, energy partitioning, and metabolism [70]. 
Moreover, genetic variants in the leptin gene have been associated with fertility traits in cattle. 
One study in Holstein Friesian heifers identified several single nucleotide polymorphisms in the 
leptin gene that were associated with fertility traits in cattle. The leptin SNP A1457G (G>A) was 
associated with total number of AI services in nulliparous heifers, where heifers with the genotype 
GG required 0.13 fewer services compared to the heterozygous animals. This SNP was also 
associated with days to conception. Interestingly, the animals with the AA genotype conceived 29 
days earlier than the heterozygous animals. Another SNP, UASMS2 (C>T), was found to have the 
greatest effect on heifer fertility in this study. Animals with the TT genotype at this position had 
more services per conception (increase of 1.1) and received a greater number of total services 
(increase of 1.3). The final SNP associated with heifer fertility in this study was A59V (C>T). 
Heifers with a CC genotype were younger both at their first service (by 16 days) and first calving 
(by 15 days) [71]. A different study in Bos taurus x Bos indicus crosses showed that a different 
SNP in the leptin gene (g.92450765, G>A) was associated with services per conception in heifers. 
They found that animals with the GG and AG genotype required more services for a successful 
conception (2.11 and 0.69 times more, respectively) compared to animals with the AA genotype 
[72]. However, it is unknown if these SNPs are having a causative effect or if they are in linkage 
disequilibrium with the causative SNP. Therefore, further research would be needed before these 
findings could be utilized for selection. 
 
Insulin-like Growth Factor 1 (IGF-1) is a peptide produced by important reproductive organs, such 
as the hypothalamus, ovaries, oviducts, and uterus [73-75], that plays an essential role in 
reproduction by influencing production of GnRH, secretion of pituitary gonadotropin, and the 
susceptibility of the ovary to FSH and LH [76]. IGF-1 has been associated with several important 
reproductive traits, including age at first calving (AFC) [77, 78] and conception rate to first service 
[79]. Since IGF-1 is thought to be an important metabolic signal for the initiation of puberty [80], 
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it is unsurprising that reduced IGF-1 serum concentrations have been associated with an increase 
in AFC [81]. There have been numerous studies that have identified variants related to IGF-1, 
however, they have conflicting results about the physiological effect of those variants on IGF-1 
serum concentrations and fertility. One study in dairy cows have found that animals with the CC 
genotype at the SnaBI site in IGF-1 (T>C) have higher IGF-1 serum concentrations and better 
fertility [82]. However, other studies have found that the presence of the T allele at the same 
position is associated with higher serum IGF-1 concentration and better fertility [83, 84]. 
Therefore, further studies need to be conducted in order to elucidate the true effect of this variant 
on serum IGF-1 concentrations. It is important to note that these SNPs have been identified in 
cows, therefore these results may not translate to heifers, as the correlation between cow and heifer 
fertility is quite low [85, 86]. In addition, these cows may also be in a negative energy balance as 
a result of lactation, which could be triggering the negative effects of these variants. Furthermore, 
polymorphisms in the gene growth hormone receptor (GHR) have been associated with differences 
in IGF-1 concentrations in cattle. One study in pre-pubertal Holstein heifers showed that heifers 
with the genotype GG at the NsiI site of GHR (A>G) had increased blood IGF-1 concentrations 
[87]. While these results are promising, more research is required to understand the role IGF-1 and 
its variants on heifer fertility. 
 
1.6.2 Immune related causes 
 
Over the years, the connection between reproduction and the immune system has become well 
established in the literature. The immune system plays an important role in numerous reproductive 
processes including follicle differentiation [88, 89], ovulation [88, 90], corpus luteum formation 
and regression [91-93], and maternal recognition and establishment of pregnancy [94-96]. 
However, it also plays a role in fertility by defending the uterus and endometrium from pathogens. 
Diseases of the reproductive tract have been shown to contribute to infertility and reproductive 
issues by leading to abnormal follicle development and function as well as impaired oocyte 
development and maturation [97]. Therefore, proper function of the immune system is essential 
for reproductive success in cattle.  
 
Toll like receptors (TLR) are innate immune receptors that are responsible for recognizing 
microbes [98, 99], and they play an important role in the initial defense of the endometrium against 
pathogens [100]. Activation of TLRs leads to the production of cytokines and chemokines, which 
function to eliminate pathogens from tissues such as the endometrium [101-103]. Several studies 
conducted in cows have identified SNPs that are associated with increased risk for disease [104-
106]. One study conducted in Holstein cows found that three SNPs in the TLR9 gene 
(TLR9_A945G, TLR9_G1187A, and TLR9_C2788T), where the minor allele (G, A, and T, 
respectively) was associated with increased risk for metritis. The same study also identified one 
SNP in the gene TLR4 (TLR4_T610C) and one SNP in the gene TLR6 (TLR6_G14578A), where 
the minor allele (T and G, respectively) was associated with lower risk for clinical endometritis. 
Lastly, one significant SNP was identified in the gene TLR2 (TLR2_C9564T), and the major allele 
(C) was associated with an increased risk for cytologic endometritis [107]. It is important to note 
that the effects of these SNPs may not be observed in heifers due to the metabolic deficits incurred 
by cows after parturition. These deficits may be influencing the immunity of these cows as well as 
their ability to clear infections [108]. 
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1.6.3 Embryo survival 
 
Embryo mortality is one of the greatest barriers to reproductive efficiency and profitability of cattle 
production systems [109, 110]. Embryo development and the successful establishment of 
pregnancy are dependent on a variety of maternal, paternal, and embryonic factors [111-113], 
making this process incredibly complex. Proper coordination and interaction between these factors 
are crucial, as disruptions in essential pathways have been shown to negatively affect embryo 
survival [114-116]. Early embryo development is also an energetically demanding process, and, 
as a result, mitochondria have to increase their ATP output to meet this demand [117]. However, 
if the oocyte doesn’t have sufficient mitochondria and ATP content, it can lead to fertilization 
failure and abnormal embryo development [118, 119]. This increased mitochondrial output is 
necessary for embryo development, but it also leads to increased reactive oxygen species (ROS). 
ROS accumulation can be toxic and can lead to a state of oxidative stress [120]. Early embryos are 
highly susceptible to the effects of both oxidative stress and heat stress, and exposure to these 
stressors leads to lower embryo survival due to their effects on fertilization and development [121-
123]. Thus, embryos have to have mechanisms to mitigate these effects and remain in a state of 
homeostasis.  
 
Signal transducer and activator proteins (STAT) are transcription factors that are involved in 
cytokine signaling [124]. STAT5A is a member of the INF-t signal transduction pathway, and a 
study in mice showed that these proteins are essential for the development of a functional corpus 
luteum [125]. Additionally, mutations in the gene STAT5A have shown to be associated with 
embryonic survival in cattle. One study showed that the G allele in SNP12195(G>C) of STAT5A 
is associated with lower fertilization and embryonic survival [115]. Similarly, another STAT gene, 
STAT3, has also been shown to be important for embryonic survival. STAT3 is involved in cumulus 
expansion and oocyte maturation, and the inhibition of STAT3 resulted in the inhibition of cumulus 
expansion [126]. A study by Khatib et al. in 2009 showed that oocytes collected from ovaries with 
the genotype AA at SNP25402(A>C) in STAT3 are associated with higher fertilization rate. This 
study also looked at SNP interactions, and they found that when the genotype of SNP19069 (A>G) 
in STAT1 was AA, embryos from ovaries that had the genotype AC at SNP25402 in STAT3 had 
higher survival rates [114].  
 
Mitochondria are responsible for producing the majority (>90%) of the ATP necessary for cellular 
functions [118], and they are one of the only sources of energy for the early stages of embryo 
development [127-129]. Coenzyme Q9 (COQ9) is a protein that is critical for cellular energy 
metabolism due to its role in the biosynthesis of COQ10 [130, 131]. COQ10 is a member of the 
electron transport system that plays an important role in ATP synthesis. Mutations in the gene 
COQ9 have been shown to play an important role in embryo survival. A study by Ortega et al. 
showed that a mutation (rs109301586, G>A) in COQ9 results in a modification of mitochondrial 
respiratory function and oxidative phosphorylation. The A allele in this position has been 
associated with higher oocyte mitochondrial content, which could lead to increased embryo 
survival. Moreover, the AA genotype in this SNP has also shown to be beneficial for embryo 
survival through its effects on cellular energy requirements [132]. Oocytes with this genotype also 
had increased mitochondrial DNA content, which is associated with successful oocyte maturation 
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and fertilization [133-135]. Importantly, the potential benefit of this mutation on oocyte maturation 
and fertilization and embryo survival was exemplified by the fact that cows with the AA genotype 
in this study had increased pregnancy rate and required fewer services per conception. It is also 
important to note, however, that this study was conducted in cows, therefore these effects may not 
carry over to heifers. Additionally, it is unknown if this SNP is having a causative effect or if it is 
in linkage disequilibrium with the causative mutation, thus further research is required to 
determine that this SNP is causative.  
 
Heat shock proteins (Hsp) are a family of proteins that act as molecular chaperones that protect 
the cell against heat stress and are involved in maintaining protein structure under stress conditions 
[136]. Among Hsp family members, Hsp70 is one of the most abundant [137] and highly studied 
in terms of polymorphisms affecting fertility and embryo survival in cattle [138-141]. However, 
one study found SNPs in the genes DnaJ Heat Shock Protein Family (Hsp40) Member C27 
(DNAJC27) and DNAJC15 that were associated with blastocyst and fertilization rate. Hsp40 assists 
Hsp70 in its protein folding activity [142], and Hsp40 and Hsp70 work together to protect cells 
from apoptosis [143]. For the SNP (SNP36016, C > G) in DNAJC27, oocytes collected from 
ovaries with the genotype GG had higher fertilization rates compared to the other genotypes. 
Conversely, embryos that were produced from dams with the genotype GG at SNP85146 (G>A) 
in DNAJC15 showed to have higher blastocyst rates compared to embryos from dams with the AA 
or AG genotype [144]. 
 
1.7 TRADITIONAL SOLUTIONS TO IMPROVING HEIFER FERTILITY 
 
1.7.1 Genetic based strategies  
 
Being able to select cattle with the highest genetic merit is of great economic importance to 
producers. Expected progeny differences (EPDs) allow for producers to compare the genetic merit 
of different sires and dams in order to make selection decisions. EPDs are available for a wide 
variety of traits in cattle, including carcass, growth, and milk traits [145-150]. However, EPDs for 
fertility in cattle are limited. Currently, heifer pregnancy EPDs are the only EPD available that are 
a direct measure of heifer fertility. Before the inclusion of heifer pregnancy EPDs into breeding 
programs, producers would use scrotal circumference EPDs as an indicator trait of age at puberty. 
However, once heifer pregnancy EPDs were created, scrotal circumference EPDs were no longer 
as useful as they once were [151, 152]. Having a heifer pregnancy EPD is particularly useful in 
breeding programs for several reasons. First, the heritability of female reproductive traits in cattle 
are quite low, typically ranging from <0.1 to 0.3 [55], however, heifer pregnancy is a moderately 
heritable trait (Figure 1.4). Second, measurement of this trait comes at no extra cost to the producer, 
as they are already measuring heifer pregnancy rate. Finally, the methods of pregnancy diagnosis 
are already well defined [153]. However, while the development of a heifer fertility EPD has been 
beneficial, only having one EPD that is a direct measure of heifer fertility limits the amount of 
progress that can be made in a generation. Further development of EPDs that are both direct and 
indirect measurements of heifer fertility could increase the rate of genetic gain and lead to greater 
improvements over time.  
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1.7.2 Management related strategies  
 
Given the low heritability of most reproductive traits in cattle, improving fertility only using 
genetic selection is challenging. Therefore, implementing different management strategies, such 
as estrus synchronization or utilizing antral follicle count and/or reproductive tract score as 
predictors of fertility, allows producers to increase their probability of reproductive success. Antral 
follicle count (AFC) is the total number of antral follicles in the ovary at any given time [154], and 
it is used as a predictor of fertility in cattle. AFC has shown to be highly variable among different 
animals and highly repeatable within the same animal [155-157]. Due to this high repeatability, it 
is possible to classify an animal by their AFC after a single ultrasound [158]. Therefore, this 
method is also cost effective for the producer. AFC is also correlated with several measures of 
fertility such as calving day and pregnancy rate in heifers. Bos taurus heifers that have a higher 
AFC gave birth earlier in the calving season and had increased fertility compared to their low AFC 
counterparts [159, 160]. Additionally, AFC is correlated with the number of healthy follicles and 
oocytes in the ovary. Cattle that have a high AFC have a greater number of healthy oocytes, 
however, they also have a greater rate of antral follicle growth and atresia. Importantly, while these 
cattle have higher rates of follicular atresia, it is thought that they will still have a greater 
reproductive lifespan compared to their low AFC counterparts due to having a sufficient number 
of healthy oocytes [161].  
 
AFC has also been correlated with differences in hormone concentrations. For example, 
differences in AFC are associated with progesterone concentration in cattle. Bos taurus females 
that have a low AFC have shown to have low concentrations of progesterone during their estrous 
cycle [162, 163]. Importantly, low concentrations of progesterone have been linked to high rates 
of embryonic mortality and less healthy oocytes [164, 165]. This further supports the conclusion 
that heifers with a low AFC have decreased reproductive potential compared to the high AFC 
heifers. Moreover, several studies have found that there is an inverse correlation between AFC and 
follicle stimulating hormone (FSH) concentration [155, 157, 161, 166]. It has been well established 
that circulating concentrations of FSH are higher in cattle with lower AFC [167, 168], which could 
lead to the follicular reserve diminishing too quickly over time [155]. Lastly, circulating anti-
Mullerian hormone (AMH) concentration has been associated with AFC. Due to the high 
correlation (r = 0.88, Bos taurus) between AMH concentration and AFC, AMH can actually serve 
as a endocrine biomarker of AFC [169]. It should be noted, however, that a single ultrasound is 
easier and cheaper ($3.5 vs. $9.7, [170] ) than determining AMH concentration to predict 
reproductive potential [171]. Therefore, while it can be done, producers may be less likely to use 
AMH as a predictor of reproductive potential.  
 
Another method that has been utilized by producers for many years for replacement heifer selection 
is reproductive tract scoring (RTS). RTS is a moderately heritable trait (h2 = 0.32) that has been 
correlated with age at puberty, response to synchronization, and pregnancy rate. Heifers are scored 
on a scale of 1 to 5, where a score of 1 means the heifer is immature and non-cycling and a score 
of 5 means the heifer is mature and cycling [48]. Importantly, selecting heifers based on RTS has 
both long term and short-term benefits for the producer. In the short-term, RTS scores of 1 and 2 
have been associated with longer days to calving, longer days to first AI, and deceased pregnancy 
rates compared to heifers with RTS scores of 4 and 5 [48, 172, 173]. One study by Dickinson et 
al. showed that heifers with an RTS of 4 and 5 had a 16% and 12% greater pregnancy rate to AI, 
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respectively, compared to heifers with an RTS of 3 [15]. Additionally, LeFever and Odde found 
that heifers with an RTS of 4 or more had a 13% greater pregnancy per AI rate compared to heifers 
with an RTS of 3 or less [174]. Finally, heifers with an RTS of 3-5 have been found to conceive 
10 days earlier than their RTS or 1 or 2 counterparts [48]. These results, combined with the 
moderate heritability of this trait, highlight why reproductive tract scoring has become a popular 
method for replacement heifer selection.  
 
However, the benefits of utilizing RTS for replacement heifer selection goes beyond that first 
breeding season, as it also impacts her longevity and performance in subsequent breeding seasons. 
As mentioned previously, lower RTS scores are associated with increased days to calving. 
Ensuring that cattle calve at the optimal time (~24 months of age) is of great importance to 
producers, as heifers that calve earlier are more profitable for producers. When a heifer calves 
early, she is more likely to remain in the herd and wean heavier calves through the first six 
parturitions, which increases the profitability of that heifer [175, 176]. A study by Holm and others 
in 2009 showed that a greater proportion of heifers with an RTS of 4 or 5 (77% vs. 54%) remained 
in the herd until their second breeding season [177]. However, it is important to note that while 
the utilization of RTS to improve heifer fertility has been beneficial, it is not without its limitations. 
For example, it is a very subjective measure and many heifers do not fit perfectly into one of the 
five scores. Therefore, while the accuracy is good, the repeatability of this measure is less than 
desired [177, 178]. 
 
While the other strategies mentioned in this review aim to assist in selection, estrus 
synchronization protocols aim to improve pregnancy rate at the end of the breeding season. The 
goal is to highly synchronize estrus and ovulation in order to improve the timing of insemination 
relative to onset of estrus [179, 180]. Estrus synchronization is widely utilized in cattle production 
systems due to its benefits to producers. One of the major benefits of estrus synchronization 
protocols is their ability to initiate estrus cyclicity in prepubertal heifers [181, 182]. This allows 
producers to maximize the number of heifers that are pregnant early in the breeding season, 
therefore also maximizing their potential profitability and productivity. Importantly, these 
protocols also reduce the amount of time and labor required for estrus detection, which makes it 
easier for producers to utilize artificial insemination [183, 184]. They do this by shortening the 
period of time where estrus detection would be required [184]. This is of great importance to 
producers because one of the major reasons for reduced conception rates in heifers is failure to 
detect estrus [185]. Therefore, by shortening the time frame where estrus would be occurring, it 
allows producers to focus their efforts and increase rates of estrus detection.  
 
However, one issue with estrus synchronization is reduced pregnancy rates to fixed-time artificial 
insemination (FTAI) in heifers. This is thought to be attributed to inadequate synchronization of 
follicular waves in heifers compared to cows [186]. In order to improve synchronization rates, and 
subsequent pregnancy rates to FTAI, producers can use presynchronization protocols. Utilization 
of these protocols have been shown to increase estrous response, synchrony of estrus, and 
pregnancy rate to FTAI [183, 187, 188]. However, even when presychronization and estrus 
synchronization are used, some heifers will not conceive to the first insemination service. If a 
heifer does not conceive to the first service, producers can utilize resynchronization protocols to 
increase the number of heifers pregnant early in the breeding season [189-191]. While the 



11 
 

application of these different management strategies has helped to improve reproductive 
efficiency, infertility and sub-fertility still remain a major problem for producers. 
 
1.8 NEW TECHNOLOGIES TO UNDERSTAND AND IMPROVE HEIFER FERTILITY 
 
1.8.1 Transcriptomics  
 
Measurements such as reproductive tract score, antral follicle count, and pelvic measurements 
have been used by producers for many years in order to select heifers with greater reproductive 
potential. However, infertility and sub-fertility are still a major barrier to the profitability and 
sustainability of the cattle industry. This has prompted researchers to investigate new ways to 
identify reproductively superior heifers as early and accurately as possible. One strategy that has 
gained popularity over the last decade is the identification of molecular markers associated with 
fertility through the use of different omics technologies. Of these omics technologies, 
transcriptomics has been the most widely utilized to investigate cattle fertility. Transcriptomics is 
the study of the transcriptome, which is the entire RNA content (coding and non-coding) of a cell, 
tissue, or organism. The major goal of many of these transcriptomics studies is to identify 
candidate genes and transcriptional profiles that could be used as molecular markers of cattle 
fertility.  
 
Embryo mortality is one of the greatest barriers to reproductive efficiency in cattle, and much of 
the observed embryo loss has been attributed to insufficient uterine receptivity [192, 193]. As a 
result, the majority of transcriptomic studies investigating heifer fertility have been conducted to 
investigate transcriptome changes in the endometrium related to uterine receptivity and pregnancy 
success. Transcriptome differences in several key biological process have been found between 
fertile, sub-fertile, and infertile heifers as well as between receptive and non-receptive 
endometrium. For example, genes associated with metabolism [62, 192, 194], extracellular matrix 
remodeling [96, 194, 195], the immune system [96, 194-196], cell growth and proliferation [62, 
96, 192, 194, 195], and signaling and transport [62, 96, 192, 194, 195] have been found to be 
differentially expressed between heifers of varying fertility potential.  
 
Given the strong connection between the immune system and reproduction [197], there have also 
been a handful of studies aimed at identifying transcriptomic differences in the peripheral white 
blood cells (PWBCs) of heifers with varying pregnancy outcomes. The first study to investigate 
PWBCs as a potential medium for the identification of molecular markers of heifer fertility was 
conducted by Dickinson et al. in 2018. They identified six genes that were differentially expressed 
between pregnant and not-pregnant heifers at the time of insemination. Of these genes, they found 
that five (ALAS2, CNKSR3, LOC522763, TAC3, AND TFF2) had increased abundance in the not-
pregnant heifers and one (SAXO2) that had decreased abundance in the non-pregnant heifers. 
Overall, the results of this study showed that the transcriptome of PWBCs had the potential to 
classify heifers based on their fertility potential [198].  
 
The same group did a follow-up study where they investigated if differential co-expression of 
microRNA (miRNA) and mRNA profiles in the PWBCs of heifers at the time of breeding could 
be used to distinguish heifers based on pregnancy outcome. Interestingly, they found that the non-
pregnant heifers not only had the majority of new mRNA:mRNA connections but they also had 
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inverted connections. These major changes in co-expression could be a result of changes in 
regulatory mechanisms that have the potential to explain the fertility differences observed in these 
heifers. Similarly, in the miRNA:mRNA coexpression analysis, they found that the non-pregnant 
heifers had significantly more connections than the pregnant heifers. Overall, the results from this 
study also supported the hypothesis that transcriptome profiles in PWBCs are able to discriminate 
heifers based on fertility potential, thus, they could potentially be used to identify molecular 
markers useful for selection [199].  
 
A third study was conducted in 2023 by a different group that aimed to identify transcriptome 
differences that could be used to discriminate heifers based on fertility potential at the time of 
weaning. They identified 92 differentially expressed genes between the fertile and sub-fertile 
heifers. Of those, GATM, MORN4, ANKRD35, TFF2, and RAMP3 were the top five upregulated 
and CLEC4D, IGSF6, KCNK17, SLC13A5, and SLC11A1 were the top five downregulated genes 
in the sub-fertile heifers. Interestingly, when they conducted a gene network analysis, the sub-
fertile heifer network showed to have increased connectivity [200], which is similar to what was 
observed by Moorey et al. in 2020 [199]. The top five differentially expressed genes that gained 
connectivity in the sub-fertile heifers included VCAN, SLC11A1, CAMTA2, XDH, and GDA. 
Conversely, TFF2, OLR1, ENSBTAG00000052659, ENSBTAG00000039132, and 
ENSBTAG00000051464 gained connectivity in the fertile heifers. Notably, TFF2 was found to be 
upregulated in the sub-fertile/ not pregnant heifers in both this study and the study by Dickinson 
et al. Given that these studies were conducted at different time points (weaning and time of 
breeding), this overlap between studies provides compelling evidence for TFF2 as a candidate 
gene to select heifers based on their fertility potential. However, further validation would be 
needed before it could be utilized by producers.  
 
1.8.2 MicroRNA 
 
MicroRNA are short noncoding RNA that regulate gene expression and are involved in almost all 
biological processes [201, 202]. The identification and use of miRNA as biomarkers of fertility 
has gained popularity in recent years for several reasons. First, miRNAs are found in most body 
fluids, particularly in serum [203], and, ideally, biomarkers should be able to be sampled 
noninvasively. Thus, biomarkers that can be collected from body fluids, such as serum, are highly 
desirable [204]. They are also remarkably stable and have high tissue specificity [205-207]. 
Differences in miRNA expression have also been associated with reproduction in several species, 
including humans [208-211], mice [212-214], goats [215-217], pigs [218-220], and cattle [221-
224]. Lastly, miRNA are high conserved between species, and the function of an miRNA is usually 
consistent from one species to another [225].  
 
Unsurprisingly, most of the research regarding the use of miRNA as biomarkers of fertility has 
been conducted in humans. Differences in miRNA expression in humans have been associated 
with reproductive parameters such as the success of fertilization [226-229] and oocyte quality 
[228-230]. Some examples of miRNA that have shown to be associated with success of 
fertilization in humans include: miR-122-5p, miR-1260a, miR-486-5p, miR-132-3p, miR-130b, 
miR-92a, miR-16-1-3p, miR-1244, miR-206, miR-202-5p, miR-16-5p, miR-222-3p, miR-425-3p, 
miR-454-5p, miR-382-5p, and miR-127-3p [226-229]. While examples of miRNA associated with 
oocyte quality in humans include: miR-214, miR-454, miR-888, miR-320, miR-197, miR-663b, 
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miR-766-3p, miR-132-3p, and miR-16-5p [228-230]. Another parameter in both human and 
bovine that has shown to be associated with differences in miRNA expression is embryo 
developmental competence. Surprising, most of the research on miRNA biomarkers of 
developmental competence has been conducted in bovine, with some of the potential biomarkers 
being miR-30c, miR-10b, miR-novel-113, miR-novel-44, miR-novel-45, miR-novel-139, bta-
miR-100, bta-miR-103, bta-miR-1, bta-miR-502a, bta-miR-140, bta-miR-92a, bta-miR-222, bta-
miR-2285, miR-150, miR-145, miR-342, miR-450b, miR-380, and miR-10a [231-233]. However, 
studies in humans have also identified miRNA that are associated with developmental competence 
in humans including miR-30c, miR-20a, hsa-miR-372-3p, hsa-miR-373-3p, hsa-miR-451a, hsa-
miR-200c-3p, hsa-miR-27a-3p, hsa-miR-26b-5p, hsa-miR-21-5p, hsa-miR-10a-5p, hsa-miR-26a-
5p, hsa-miR-27b-3p, and let7b [234-236]. Notably, miR-30c has been associated with decreased 
developmental competence in both humans and cattle [231, 234], which further demonstrates the 
highly conserved nature of miRNAs across species. This shared function also provides very 
promising evidence of miR-30c’s potential as a biomarker of developmental competence in both 
cattle and humans.  
 
Only two studies, however, have been conducted to identify differences in the miRNA profile of 
heifers with different pregnancy outcomes. The first was conducted by Moorey and others in 2020 
[199]. In this study, they investigated the differential coexpression between circulating miRNA 
and mRNA associated with pregnancy outcome in the peripheral white blood cells (PWBCs) of 
Bos taurus heifers. Interestingly, they found that there was a loss of positive and negative 
correlations in the not pregnant heifers when compared to their pregnant counterparts. Notably, 
one of the miRNA identified in this study, miR-130b, has been previously associated with 
reproduction. Decreased expression of this miRNA has been previously associated with decreased 
developmental potential in mice and humans [230]. However, while the study by Moorey et al. did 
not find any associations between differential expression of miRNA and pregnancy outcome, the 
results of these two studies provides encouraging evidence of miR-130b as a potential biomarker 
for heifer fertility. 
 
The second study was conducted by Banerjee and others in 2023 [237]. Their study aimed to 
determine if the miRNA profiles in the PWBCs of heifers at weaning could be used to predict her 
reproductive outcome. They identified 16 miRNA that were differentially expressed between 
fertile and sub-fertile heifers, with 15 of the miRNAs being differentially connected between the 
fertile and sub-fertile network. In agreement with the study conducted by Moorey et al. in 2020, 
their study showed that there was a loss of miRNA:mRNA connectivity in the sub-fertile group. 
While there was no overlap between the significant miRNA detected between this study and the 
study by Moorey et al., Banerjee et al. identified several miRNAs that stand out as potential 
biomarkers due to their previous association with reproduction. One such example is let-7b, which 
was found to be downregulated in the sub-fertile heifers in this study. Lower expression of let-7b 
has also been correlated with decreased blastulation and embryo quality in humans [230, 236] and 
impaired corpus luteum angiogenesis in mice [238]. While these results point to a negative effect 
of the decreased expression of let-7b on fertility, more research is required to elucidate the role of 
let-7b in cattle and its potential as a biomarker for heifer fertility. Additionally, miR-92b was found 
to be downregulated both in the sub-fertile heifers in this study and in the heifers with low 
endometrial receptivity in a study conducted by Ponsuksili and others [239]. Of the potential 
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biomarkers presented in this review, these results provide some of the most encouraging evidence 
for a biomarker of heifer fertility due to the potential connection between the two results.  
 
1.8.3 Proteomics 
 
Proteomics is the large-scale characterization of the entire protein content of cells, tissues, or 
organisms. The use of proteomics, either by itself or in combination with transcriptomics, is 
beneficial to the study of biology for several reasons. First, cellular phenotypes are a result of 
proteins, not genes. Therefore, most of a gene’s functional information would be found in the 
proteome, not the genome or transcriptome. Second, mRNA expression levels cannot be used to 
inform researchers about protein expression in a cell due to the poor correlation between the two 
measures [240-242]. Thus, the amount of information that can be obtained by only studying genes 
is limited [241]. Given the biological relevance of proteomics to the study of biology, it has become 
a very important tool for biomarker discovery.  
 
While proteomics has been utilized to identify molecular markers for other production traits in 
cattle [243-246], very few studies have been conducted to identify proteomic differences that could 
potentially explain the fertility differences observed in heifers. One study by Marrella and Biase 
compared the protein abundance between fertile and sub-fertile heifers of Angus and Holstein 
genetic background. They found that the protein Alpha-ketoglutarate-dependent dioxygenase FTO 
had differential abundance between heifers classified based on their fertility group (fertile vs. sub-
fertile), with greater abundance in the fertile heifers [247]. Importantly, variants in alpha-
ketoglutarate-dependent dioxygenase FTO were associated with symptoms of metabolic disorders 
[248]. Therefore, the decreased abundance of FTO in the sub-fertile heifers in this study could 
indicate that these heifers are experiencing a metabolic imbalance that is contributing to their 
observed fertility differences.  
 
Another study conducted by Gegenfurtner et al. aimed to identify proteomic differences that could 
lead to heifers being genetically predisposed to have higher/lower fertility. Of the proteins related 
to metabolic processes, legumain and folate receptor alpha have increased abundance in the low 
fertility heifers. Conversely, sorbitol dehydrogenase and glutamine-fructose-6-phosphate 
aminotransferase 1 were found to have increased abundance in high fertility heifers compared to 
their low fertility counterparts. Since both of these proteins are involved in glucose metabolism 
and they were more abundant in the high fertility heifers, it was suggested that the low fertility 
heifers could have an impaired metabolism, resulting in their lower genetic merit for fertility. This 
study also identified proteins related to the immune system that were differentially abundant 
between high and low fertility heifers. Interestingly, a large number of the proteins they identified 
were more abundant in the low fertility heifers, including lactoferrin, chromogranin A, and 
tubulointerstitial nephritis antigen-like 1 [249]. Given the importance of the immune system in the 
establishment of pregnancy, the authors proposed these results could be indicative of a 
dysregulation of the immune system that could be contributing to the reduced genetic merit of the 
low fertility heifers. Based on the results of these two studies, it is possible that proteomic 
differences could be leading to a metabolic imbalance or a dysregulation of the immune system 
that could be resulting in heifers having lower fertility.  
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Similarly, a study conducted by Moraes et al. also investigated proteomic differences in heifers 
that differed based on their fertility [250]. They identified 103 proteins that were differentially 
abundant in the uterine lumen fluid between pregnant and open heifers. Of the 103 differentially 
expressed proteins, the top 10 that had increased abundance in the pregnant heifers included 
pregnancy associated glycoprotein 11, trophoblast kunitz domain protein 1 precursor, 
mitochondrial acetyl-coenzyme A acetyltransferase 1, dihydrolipoamide dehydrogenase, 
mitochondrial 3-ketoacetyl-CoA thiolase, glutathione synthase, bovine glutamate dehydrogenase, 
heat shock 70 kDa protein 9, lamin A/C, and heat shock protein 60 kDa mitochondrial isoform X1. 
The pathways analysis of the proteins with increased abundance in the pregnant heifers showed 
that these proteins were involved in several processes that were important for early pregnancy such 
as amino acid biosynthesis and metabolism. Similar results were observed when they compared 
the high fertility pregnant heifers to the sub-fertile pregnant heifers. The proteins that had increased 
abundance in the uterine lumen fluid of the high fertility pregnant heifers were also found to be 
involved in amino acid biosynthesis and energy metabolism.  Conversely, the top 10 proteins that 
had increased abundance in the uterine lumen fluid of the open heifers included PAS-6 and PAS-
7 proteins, guanine nucleotide-binding protein G(q) subunit alpha, guanine nucleotide-binding 
protein G(i) subunit alpha-2, factor V, retinoic acid receptor responder (tazarotene induced) 1, 
FAM234A, MYO1B protein, bovine tubulin (1jff), glypican 1, and Ezrin. These results, led them 
to hypothesize that the observed differences in fertility were the result of improved uterine 
receptivity in the high fertility heifers [250]. Overall, the results of these three studies point to an 
important role for proteins involved in metabolism that could be predisposing these heifers to have 
lower fertility. However, while these results are promising, our knowledge about proteomic 
differences associated with heifer fertility is incredibly limited. Therefore, more research is 
required to investigate these differences and identify biomarkers that can be utilized to distinguish 
between heifers of varying fertility potential.  
 
1.8.4 Metabolomics 
 
Metabolomics is the study of the metabolome, which is made up of low molecular weight 
metabolites, such as lipids, amino acids, and vitamins, that are present in a cell, tissue, or organism. 
The metabolome is often considered the closest level of biological information to the phenotype, 
and it is influenced by both genotype and environment [251-253]. While the flow of biological 
information is not linear and every level of information is interacting, the metabolome is 
considered downstream of the genome, transcriptome, and proteome. Importantly, metabolites are 
not only considered the end product of these internal interactions, they are also the end product of 
interactions occurring outside the cell and outside the organism. Therefore, metabolomics gives 
researchers a more comprehensive measure of how the interactions between genotype and the 
environment could be impacting phenotype. It is this property that makes metabolomics such a 
powerful technology for the identification of biomarkers.  
 
The majority of metabolomics studies in cattle have focused on the follicular fluid metabolome 
and its relationship with oocyte developmental competence. It is well established that there are 
cycle specific differences in the metabolome [254, 255] and that the metabolomic composition of 
follicular fluid is highly important for oocyte development and quality [256-259]. One study by 
Matoba et al. in 2013 explored how different markers in the follicular fluid and reproductive tissues 
relate to oocyte developmental competence. They first looked at the fatty acid profile of the 
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follicular fluid, and they found that less competent oocytes had increased concentrations of 
palmitic acid and decreased concentrations of linolenic acid. Then, they investigated differences 
in amino acid profiles and how that related to developmental competence. L-alanine, glycine, and 
L-glutamine were found to be beneficial for oocyte developmental competence [260]. These 
results are consistent with other studies that have shown the beneficial effects of alanine [259] as 
well as the negative effects of increased levels of palmitic acid on developmental competence 
[256]. Additionally, urea was found to have negative effects on competence both in this study and 
a study conduction in 2001 by De Wit and others [260, 261].  
 
However, very few studies have been conducted to investigate metabolomic differences associated 
with heifer pregnancy outcome. A study by Phillips et al. in 2018 aimed to identify differences in 
plasma metabolite profiles of heifers that became pregnant after AI or remained open at the end of 
the breeding season. In this study, they identified 15 metabolites that differed between the two 
groups, seven of which had a greater than 2-fold difference. Interestingly, all 7 metabolites 
(asparagine, lysine, glutamine, histidine, tryptophan, cysteine, and ornithine) were lower in the 
interfile heifer group. They also utilized a logistic regression model and the list of differentially 
expressed metabolites to predict the pregnancy outcome of different samples. Importantly, they 
found that glutamine and histidine were able to correctly classify 90% of the samples [262].  
 
Another study by Moraes et al. in 2020 aimed to identify protein and metabolite differences in the 
uterine lumen between fertile, sub-fertile, and infertile heifers. From their analyses, they identified 
13 metabolites that differed between pregnant fertile and sub-fertile heifers, however, of the 13, 
only L-methionine was known. L-methionine was shown to be increased in the uterine lumen of 
pregnant fertile heifers compared to the sub-fertile heifers (pregnant or open). When comparing 
the metabolite profiles between pregnant and open heifers, they identified 315 differentially 
expressed metabolites. Of the 315 differential metabolites, the greatest differences were seen in L-
methionine, Hypoxanthine, glutathione disulfide, Isovalerylcarnitine, R-malate, 2-
Hydroxyphenylalanine, L-histidine, Methionine sulfoxide, N-alpha-acetyl-L-lysine, 
Phenylalanine, N-methyl-L-glutamate, 3-Hydroxy-3-methylglutarate, Inosine, 6-Keto 
prostaglandin G1, N-acetylneuraminate, Fumaric acid, Malate, L-tyrosine, Threonine/homoserine, 
and glutarate [250]. Notably, tryptophan and glutamine were also found to have increased 
concentrations in the uterine lumen of the pregnant compared to the open heifers. While this study 
and the study by Philips et al. [262] used different biological fluids, they both found that histidine, 
tryptophan, and glutamine had increased concentrations in the pregnant heifers. These results are 
promising; however, more studies would need to be conducted to validate these metabolites as 
biomarkers of heifer pregnancy outcome. One other thing to note is that most of the metabolomic 
studies here utilized biological fluids that have to be collected using invasive methods, which is 
not ideal for a biomarker. Therefore, identifying biomarkers present in samples that can be 
collected non-invasively would be largely beneficial for producers.    
 
1.9 CONCLUSIONS 
 
The low heritability and highly polygenic nature of female reproductive traits in cattle makes 
traditional selection an inefficient method of improving reproduction. This has prompted 
producers to utilize different management strategies and selection methods in order to improve 
their reproductive efficiency. Over the last two decades, the adoption of these methods by beef and 
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dairy producers has led to an overall increase in fertility, with most of the progress being attributed 
to the adoption of artificial insemination and genetic selection. However, despite seeing 
improvements in fertility in recent years, infertility and sub-fertility still remain a major issue in 
the cattle industry.  
 
As a result, there has been a large push for the identification of molecular markers for cattle fertility 
as predictors of reproductive potential. While the number of studies conducted in heifers is limited, 
the results of these studies have identified several potential biomarkers that could be utilized to 
discriminate heifers of different fertility potential. However, there is a need for validation studies 
to confirm the predictive potential of these markers before they could be utilized by producers. 
Additionally, an ideal biomarker should be able to be sampled non-invasively, but many of the 
molecular markers identified in previous studies require invasive collection methods. That is not 
to say that these markers shouldn’t be utilized by producers, but it is important to consider that 
ease of collection can be a major factor in a producer’s decision to utilize genomic selection. 
Therefore, validating these biomarkers in biological fluids, such as serum, that can be more easily 
collected could increase the number of producers willing to adopt these methods.  
 
 Current research shows promise for the use of molecular markers as a tool to assist producers in 
identifying heifers with superior reproductive potential, but there is still a long way to go before 
this technology is ready to be made available to producers. As mentioned previously, validation of 
current results is an essential first step to reaching this goal. Furthermore, the predictive potential 
of these biomarkers needs to be investigated to confirm which will actually be useful to producers. 
The recent advancements in sequencing technologies have drastically reduced the cost of 
sequencing from what it once was, but the development of methods that make it as cheap and easy 
as possible for producers to utilize this technology will be critical in ensuring its success. While 
molecular markers provide a strong opportunity to improve fertility, genomic selection alone 
cannot improve fertility to the degree that is needed, therefore, application of this technology in 
addition to improved management strategies will be required increase fertility. 
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1.10 FIGURES 

   
Figure 1.1. Census of heifers over 226.8 kg (500 lb) raised for cow replacement as of January of 
that year (NASS-USDA). Solid bars indicate the estimated proportion of heifers that become 
pregnant and diagonal stripes indicate estimated proportion of heifers that do not become 
pregnant (NP).  
 

 
Figure 1.2. Conception rate in dairy heifers (Holstein). 
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Figure 1.3. Pregnancy rates in beef heifers. Multiple bars from the same reference indicate 
different experimental treatment within the same study. Modified from reference [58] 
 

 
Figure 1.4. Heritability estimates of heifer reproductive traits. 
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Figure 1.5. Overview of single nucleotide polymorphisms associated with traits related to heifer 
fertility. (A) Number summary of SNPs associated with different traits. (B) Distribution of 
significant SNPs across the cattle (Bos taurus) genome. (C) Venn diagram of the annotated SNPs 
associated with traits related to heifer fertility. SNPs were compiled from original reports with no 
sub setting based on P values. 
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CHAPTER 2:  
Identification of SNPs Associated with Health and Fertility in Dairy Heifers 

 
2.1 Abstract 

Background: Health and infertility represent two of the biggest reasons for culling in dairy 
production systems. Heifers leaving the herd before breeding and those who do not produce a calf 
in their first breeding season represent a large source of loss for producers. The objectives of this 
study were to identify genomic variants that are associated with heifer fertility as well as heifers 
leaving the herd before 13 months of age due to health reasons. Genotypic records consisting of 
78,964 SNPs from 746 heifers from the Virginia Tech Dairy center were obtained from the Council 
on Dairy Cattle Breeding and production records were obtained from PCDART. Association 
analyses were conducted in PLINK using the Fisher’s exact test as well as dominance and recessive 
tests. Significance was inferred if P < 1x10-5. 
Results: No significant SNPs were identified under the allelic, dominance, or recessive tests in 
both the infertility analysis and the analysis comparing heifers pregnant after one AI to those who 
received five AIs. However, one SNP was found to be significant between heifers pregnant after 
one AI and those who received four AIs. Then, in the health analysis five SNPs were significant 
under the allelic test, 10 SNPs were significant under the dominance test, and five SNPs were 
significant under the recessive test. Finally, in the health + fertility analysis, 17 SNPs were 
significant under the allelic test, 17 were significant under the dominance test, and eight were 
significant under the recessive test.  
Conclusions: Differences in genomic variation were associated with a heifer’s fertility potential 
as well as the likelihood of her leaving the herd before 13 months of age due to health reasons. 
 
2.2 Background 
 
The sustainability of dairy farms is critically dependent on having as many healthy cows in 
lactation as possible, therefore replacing cows that leave the herd due to culling or death represent 
a significant barrier to dairy cattle production systems. Raising replacement heifers is one of the 
largest sources of expenses for dairy farms, and the majority of dairy farmers in the US raise their 
own replacement heifers. Therefore, producers need to implement careful management strategies 
to avoid severe financial losses that are unable to be recovered.  
 
Infertility, or subfertility, and disease represent some of the largest barriers to the profitability and 
sustainability of dairy cattle production in the United States [263]. Heifer fertility is of particular 
interest to producers since heifers that calve at the appropriate time have shown to have increased 
productivity and longevity in the herd [264-267]. Disease in heifers has also been associated with 
decreased productivity. Heifers that are affected by disease as a calf have shown to have decreased 
milk production in their first lactation [268], increased calving intervals [269], and increased age 
at first calving [270]. Therefore, being able to identify these heifers earlier in their life will allow 
producers to limit their losses, better allocate their resources, and improve sustainability overall.  
 
Utilizing molecular phenotyping is a promising approach to identify the heifers with decreased 
production potential earlier [271]. A popular method to identify genetic markers, especially in the 
early days of biomarker discovery, is to conduct genome-wide association studies (GWAS). 
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Previous GWAS in dairy cattle have identified biomarkers related to milk production [272-274], 
reproduction [7, 275, 276], as well as disease [277-279]. However, many of these studies were 
conducted in cows or were done later in that heifer’s life, such as around the time of breeding or 
calving. By these time points, a producer has already invested considerable resources into raising 
that heifer, thus limiting the potential benefit of using this technology to inform culling decisions 
[280].  However, while progress has been made in biomarker identification, more research is still 
required to identify genetic markers that can be utilized by producers.  
 
Our study was carried out to test the hypothesis that there will be differences in genetic variations 
between 1) heifers of different fertility potential and 2) heifers that remain in the herd as 
replacements or leave the herd before 13 months of age due to health reasons. The objectives of 
this study were to identify variants associated with:  1) heifer fertility in dairy cattle; and 2) dairy 
heifers leaving the herd before 13 months of age due to health reasons. This study identified 
variants that could serve as potential biomarkers for health and fertility in dairy heifers.  
 
2.3 Results 

In our first study, we were interested in identifying significant nucleotide polymorphisms (SNPs) 
that were related to heifer fertility. To do this, heifers were separated into four groups for analysis: 
(i) pregnant to the first artificial insemination (AI) (N=271); (ii) artificially inseminated and failed 
to become pregnant after ≥4 services or were bred and left for reproductive reasons (N=11); (iii) 
artificially inseminated four times (N= 28); and (iv) artificially inseminated five times (N=8). 
Before filtering and quality control, data consisted of 78,964 SNPs from 746 Holstein heifers. 
 
In order to identify SNPs that were associated with infertility in heifers, we compared the heifers 
who were pregnant to the first artificial insemination vs. the heifers who were either artificially 
inseminated and failed to become pregnant after ≥4 services or were bred but were culled due to 
reproductive reasons. After quality control and filtering, 73,749 single nucleotide polymorphisms 
(SNPs) from 282 individuals were retained for the infertility analysis. Under all three tests (allelic, 
dominance, recessive), there were no SNPs that were significantly associated with fertility (P < 
1x10-5). Following that analysis, we went on to determine if any SNPs were associated with sub-
fertility in heifers. To test this, we ran two separate analyses. The first analysis compared the 
heifers who got pregnant after one AI to those who were artificially inseminated four times. After 
quality control and filtering, 73,925 SNPs from 299 heifers were utilized for analysis. No 
significant SNPs were identified in the allelic or the recessive test (P < 1x10-5). However, under 
the dominance test, one SNP (rs41610326), located in an intergenic region, was significantly 
associated with fertility in heifers (P < 1x10-5) (Table 2.1). Interestingly, this SNP was located in 
a QTL region that has been previously associated with non-return rate in cattle. The second 
analysis investigating sub-fertility compared the heifers who got pregnant after one AI to those 
who were artificially inseminated five times. The data for this analysis consisted of 73,417 SNPs 
from 279 heifers. However, similar to the infertility analysis, no significant SNPs were identified 
under the allelic, dominance, or recessive test. 
 
While looking into the information contained in the performance records utilized for the fertility 
analysis, we noticed that many of the heifers who were culled before breeding were culled due to 
health reasons. Given that these heifers represent a large source of economic loss for producers, 
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we wondered if there were SNPs that were associated with these heifers leaving the herd. Using 
fertility as a proxy for health, we compared the heifers who got pregnant after one AI service 
(N=271) to those who left the herd before 13 months of age due to health reasons (N=14). After 
quality control and filtering, 73,673 SNPs from 285 heifers were retained for this analysis. From 
the allelic association test, we identified five SNPs (rs42250917, rs41566637, rs3423252931, 
rs110940666, rs133955943) that were significantly associated (Fisher’s exact test, P < 1x10-5) 
with a heifer leaving the herd before 13 months of age due to health reasons (Table 2.1). Four out 
of five of the SNPs were located in intergenic regions, however, one SNP was located in an intron 
of the gene PAM.  Additionally, three of these SNPS were located in QTL regions previously 
associated with clinical mastitis, immunoglobulin G level, and somatic cell score.  
 
Then, under the dominance test, ten SNPs (rs42250917, rs110940666, rs43242536, rs3423111611, 
rs3423111627, rs29019349, rs110438172, rs41570419, rs135592668, rs43767288) were found to 
be significantly associated (P < 1x10-5 ) with heifer health (Table 2.1). Two SNPs were located in 
introns of the genes KPNA1 and TFDP2, one SNP was located downstream of FAM162A, and the 
rest were located in intergenic regions. Moreover, several SNPs were located in QTL regions 
previously associated with health traits including, clinical mastitis, somatic cell score, M. 
paratuberculosis susceptibility, initial packed red blood cell volume, bovine respiratory disease 
susceptibility, and bovine tuberculosis susceptibility. Finally, under the recessive test, five SNPs 
(rs41566637, rs3423252931, rs136701038, rs42794065, and a SNP with no rs at the position 
9:16857647) were found to be significantly associated (P < 1x10-5) with heifer health (Table 2.1). 
Two SNPs were located in introns of PAM and FGF18, respectively, while the rest were located 
in intergenic regions. Similar to the results from the other two tests, several SNPs were located in 
QTL regions previously associated with immunoglobulin G level, somatic cell score, infectious 
bovine keratoconjunctivitis susceptibility, M. paratuberculosis susceptibility, and clinical mastitis.  
 
Interestingly, however, several of the significant SNPs from the health and fertility analyses was 
also located in QTL regions previously associated with both health and fertility traits. This finding, 
along with the previously established connections between health and fertility, made us wonder if 
we could identify SNPs that were associated with both heifer fertility and heifer health. To 
investigate this, we compared the heifers who were pregnant after one AI service (N= 271) to those 
who left the herd before 13 months due to health reasons and those who were bred and never got 
pregnant (N=22), and after quality control and filtering 73,520 SNPs from 293 heifers were utilized 
for this analysis.  From the allelic association analysis, we identified 17 SNPs (rs41566637, 
rs42250917, rs135592668, rs29023180, rs41618427, rs3423252931, rs132682865, rs111010098, 
rs41581784, rs110072536, rs41667474, rs135999525, rs41570419, rs42554556, rs42517435, 
rs109626146, rs110519737) that were significantly associated (Fisher’s exact test, P < 1x10-5) 
with health and fertility in heifers (Table 2.1). Seven of these SNPs were located in introns of the 
genes TFDP2, PLXDC2, PAM, LIMK2, PLXDC2, EPHB1, and ENSBTAG00000081391, 
respectively, while the rest were located in intergenic regions. Moreover, the significant SNPs 
identified in this analysis were also located in QTL regions previously associated with 23 health 
and fertility traits, notably, inseminations per conception, first service conception, heat intensity, 
veterinary treatments, general disease susceptibility, gestation length, infectious bovine 
keratoconjunctivitis susceptibility, abomasum displacement, and stillbirth. We were also able to 
identify 17 SNPs (rs42250917, rs135592668, rs29023180, rs41667474, rs135999525, rs41570419, 
rs42517435, rs109626146, rs42165802, rs132987419, rs43767288, rs110433832, rs3423437717, 
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rs110513671, rs137774454, rs42262483, rs42263251) that were significantly associated (P < 
1x10-5) with health and fertility under the dominance test (Table 2.1). Eight SNPs were located in 
introns of TFDP2, PLXDC2, EPHB1, ENSBTAG00000081391, OPCML, NEURL1B, METTL24, 
and CPEB4, respectively, one was located upstream of the gene SMIM17, and the rest were located 
in intergenic regions.  Several of the significant SNPs were also located in QTL regions previously 
associated with 27 health and fertility traits such as, inseminations per conception, bovine 
spongiform encephalopathy, first service conception, conception rate, heat intensity, general 
disease susceptibility, stillbirth, gestation length, age at puberty, M. paratuberculosis 
susceptibility, dystocia, parasite detection rate, fertility treatments, infectious bovine 
keratoconjunctivitis susceptibility, and stayability.  Finally, under the recessive test, we identified 
five SNPs (rs41566637, rs41618427, rs136701038, rs133955943, rs42794065) that were 
significantly associated with health and fertility (Table 2.1). rs42794065 was located in an intron 
of FGF18, while the rest were located in intergenic regions. Finally, four out of the five SNPs 
were located in QTL regions previously associated with immunoglobulin G level, somatic cell 
score, non-return rate, calving ease, infectious bovine keratoconjunctivitis susceptibility, and M. 
paratuberculosis susceptibility. 
 
2.4 Discussion 
 
Health and fertility are two of the largest reasons why cattle leave the herd, making them traits of 
great economic importance in the cattle industry. Genome-wide association studies have become 
a very popular approach to identify genomic variants that are associated with economically 
important traits. In this study, we aimed to identify variants that were associated with health and 
fertility in Holstein heifers. It should be noted that one major limitation of the current study is the 
low sample size, which greatly impacts the power of this study. However, even with the low 
sample size, we were still able to identify several variants that were associated with health and 
fertility in heifers.  
 
One of the top SNPs from the health analysis is located in an intron of the gene Karyopherin 
subunit alpha 1 (KPNA1), also called integrin a5. KPNA1 is a protein that mediates the transport 
of other proteins into the nucleus. Importantly, this protein is responsible for the nuclear 
localization of signal transducer and activator of transcription 1 (STAT1) and STAT3 [281, 282], 
which are critical for health and reproduction. KPNA1, STAT1, and STAT3 all play an important 
role in the host immune response. Some viruses target KPNA1 in order to prevent the nuclear 
translocation of STAT1 and STAT3, therefore modifying the immune response to allow for 
infection [283-286]. Additionally, STAT1 and STAT3 have been shown to be associated with 
several respiratory diseases, including Bovine Respiratory Disease and Bovine Tuberculosis [287-
289]. This connection to respiratory disease in cattle was particularly interesting as many of the 
heifers who left the herd before 13 months of age left due to respiratory problems. If there were a 
mutation in KPNA1 that inhibited the transport of STAT1 or STAT3 into the nucleus, it could have 
negative impacts on the immune system, leading to an increased susceptibility or increased 
severity of the disease that caused these heifers to be culled.  
 
Given the important roles of the immune system in cattle reproduction, we investigated if there 
were any SNPs that were associated with both health and fertility in heifers. From this analysis, 
we were able to identify 29 SNPs that were significantly associated with both health and fertility.  
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Two of the significant SNPs were located in an intron of Plexin domain-containing 2 (PLXDC2). 
PLXDC2 encodes a transmembrane protein, PLXDC2, that serves as an activating ligand for 
Adhesion G-protein coupled receptor D1 (ADGRD1). Importantly, a study in mice found that 
ADGRD1 plays a critical role in embryo transport by influencing oviductal fluid secretions, and 
that mice lacking functional ADGRD1 were sterile. In order for proper embryo transport to occur, 
ADGRD1 needs to be activated by PLXDC2 located on the surface of the cumulus cells [290]. 
Therefore, if a variant in PLXDC2 were to inhibit the binding of PLXDC2 to ADGRD1, it could 
potentially impair embryo transport to the uterus. Interestingly, another study done in humans 
found that PLXDC2 also has immunoregulatory functions.  They showed that loss of PLXDC2 
altered the macrophage phenotype, leading to an increased pro-inflammatory response and 
downregulation of tissue healing and anti-inflammatory genes [291]. A significant SNP in this 
gene could possibly be connected to an inflammatory disorder that is causing these heifers to leave 
the herd before 13 months of age.  
 
Another significant SNP from the health and fertility analysis was located in an intron of the gene 
LIM domain kinase 2 (LIMK2). LIMK2 is a serine/threonine kinase that is involved in actin 
cytoskeletal organization as well as microtubule organization. Given these functions, LIMK2, 
along with LIMK1, has also been shown to be important for embryo cleavage and development in 
mice [292-294] and pigs [295]. One study by Duan and others in 2018 showed that inhibition of 
LIMK1 and 2 in mouse oocytes led to failure of embryo cleavage and blastocyst development 
[293]. Another study in pigs showed similar results. They found that embryos with the LIMK1/2 
knockdown showed abnormal cell division and blastocyst formation. Interestingly, they also found 
that the majority of the embryos in the LIMK1/2 knockdown group arrested at the 1-cell stage 
[295]. Therefore, a significant SNP in LIMK2 could be leading to impaired embryo development 
in these heifers, thus contributing to their lower fertility.  
 
Unsurprisingly, several SNPs were significant in both the health and the health and fertility 
analysis. One of those SNPs was located in the gene Transcription factor DP2 (TFDP2).  TFDP2 
is a cofactor that, through interaction with E2F family members, plays a role in both health and 
reproduction through its regulatory role in cell cycle progression [296, 297]. Interestingly, one 
study found that TFDP2 contributes to the proliferation of the Porcine Reproductive and 
Respiratory syndrome virus (PRRSV), and that TFDP2 knockdown led to a suppression of PRRSV 
[298]., Additionally, TFDP2 binds with E2F family members to form a E2F/DP heterodimer, and 
this interaction has been shown to be essential for E2F to become functional [299-301]. Of these 
E2F family members, TFDP2 has been shown to form heterodimers with E2F1, E2F2, E2F3, and 
E2F4 [302, 303], though it has been suggested that it preferentially associates with E2F4 [302]. 
Importantly, E2F4 plays roles in both health and reproduction in a wide variety of species including 
mice, pigs, humans, and cattle [298, 304-311].  Knockdown of E2F4 in mice has been shown to 
lead to fetal anemia, neonatal lethality, increased susceptibility to bacterial infection, male and 
female sterility, fetal growth retardation, chronic rhinitis, abnormal development of airway 
epithelium, and abnormal RBC production [304, 307]. Another study showed that E2F4 is also 
important for embryo development in pigs, as knockdown of E2F4 led to decreased blastocyst rate 
and total cell number [308]. If there was a mutation in TFDP2 that disrupted its interaction with 
E2F family members, heifers carrying this mutation could have an impaired immune and/or 
reproductive function as a result. Therefore, this mutation could be contributing to the phenotypic 
differences observed between the heifers in this study.  
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Fibroblast growth factor 18 (FGF18) is a highly conserved pleiotropic growth factor that plays key 
roles in follicle development, steroidogenesis, and development. Several studies found that FGF18 
has an inhibitory role in steroidogenesis in cattle, as FGF18 was able to inhibit the production of 
both progesterone and estradiol [312, 313]. Given the importance of these two hormones for 
follicle development, it is not surprising that FGF18 has also been linked to follicular atresia.  The 
presence of FGF18 leads to an increase in granulosa cell apoptosis, which has been associated with 
follicular atresia in cattle [313-316]. Moreover, direct injection of FGF18 into a growing follicle 
caused that follicle to regress [315]. FGF18 also plays key roles in lung development, skeletal 
development, limb development, and neural development [317-322]. Therefore, it is possible that 
a significant SNP in this gene could be disrupting normal reproductive function in the heifers in 
this study.  
 
2.5 Methods 
 
Data collection 
 
The Council on Dairy Cattle Breeding (CDCB) provided us with genomic data from the Virginia 
Tech Dairy Center. This dataset contained 78,964 genotypes from 746 Holstein heifers. We also 
obtained reproductive and health data from the Virginia Tech Dairy Center using the herd 
management software PCDART. The records encompass the years 2007-2023, and included 
heifers. Data were filtered to retain only Holstein heifers that had complete records of phenotype 
and health-related information.  
 
Processing of genotypes for analysis 
 
Imputed genotypes needed to be recoded in R (v.4.2.3) [323] as missing (00), homozygous 
reference (11), heterozygous (12), and homozygous alternate (22) for PLINK analysis. Then, the 
data were filtered to only include records for animals that had an ID, phenotype, and genotype. 
After filtering, 283 animals were retained for further analysis. From these data, MAP and PED 
files were created for analysis in PLINK ( v1.90b6.18) [324]. The PED file was converted to a 
BED file in order to save time and space. SNPs were then removed if they had a minor allelic 
frequency < 0.01, a genotypic frequency < 0.05, or deviated from Hardy-Weinberg Equilibrium 
(HWE) (P < 0.00001). Finally, in order to identify population stratification in our study population, 
we conducted a principal component analysis (PCA) in PLINK. Results were visualized using the 
package “ggplot2” [325] in R. 
 
Fertility 
 
We wanted to investigate both infertility and subfertility in our study, and in order to do that we 
identified groups of heifers who were pregnant after one AI (N=271), were artificially inseminated 
≥4 times and failed to become pregnant or were bred but left the herd for reproductive reasons 
(N=11), were artificially inseminated four times (N=28), or were artificially inseminated five times 
(N = 8). For the infertility analysis, we compared the heifers who got pregnant after one AI to the 
heifers who were artificially inseminated ≥4 times. Following quality control, 73,749 SNPs were 
retained for further analysis. Then, to investigate SNPs associated with subfertility, we ran two 
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separate analyses. The first analysis compared the heifers who were pregnant after one AI to the 
heifers who were artificially inseminated four times, and, after quality control, 73,925 SNPs were 
retained for this analysis. We then ran another analysis comparing heifers who were pregnant after 
one AI to the heifers who were artificially inseminated five times, and 73,417 SNPs were utilized 
for this analysis.  All reported SNP coordinates are relative to the btau9 assembly converted with 
the LiftOver tool [326].   
 
Health 
 
While analyzing data during the fertility study, we noticed that heifers were leaving the herd before 
they were bred due to health and reproductive reasons. This led us to question if there were 
genomic variants that were associated with these heifers leaving the herd before 13 months of age. 
Using fertility as a proxy for health, we compared the heifers that got pregnant after first AI 
(N=271) to heifers that left the herd before 13 months of age due to health reasons (N=22). Data 
from the culled group were made up of production and genotypic data from cull heifers that were 
subset to include those who were in the herd for less than 390 days and left due to health reasons. 
This data was then merged with the data from the control group (i.e.  heifers that got pregnant after 
one AI). The resulting dataset was then subset to include only heifers that had an ID, phenotype, 
and genotype. Once this was done, we followed the same procedures used for the fertility study. 
Following filtering, 73,572 SNPs from 293 individuals were retained for further analysis.  
 
Health and Fertility 
 
To test if any SNPs were associated with both health and fertility, we compared the heifers who 
got pregnant after one AI service (N=271) to those who either did not become pregnant or left the 
herd due to health reasons before 13 months of age (N=29). Using the subset data from the previous 
two analysis, production and genotypic data from the three groups of heifers were merged to create 
one data set. We then followed the same procedures used in the previous two analyses. Finally, 
after quality control and filtering, 73,738 SNPs from 300 heifers were retained for further analysis.  
 
Statistical analysis 
 
Association analysis 
Association analyses were conducted in PLINK using the Fisher’s exact test as well as dominance 
and recessive tests. Associations were considered significant at a level of alpha = 1x10-5, as 
previously reported for case control studies [327] and GWAS for reproductive traits done in cows 
and heifers [7, 328, 329]. Results were visualized using the package “ggmahn” [330] in R.  
 
2.6 Tables  
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      P-value   
SNP Variant identifier Position Fisher's exact test Dominance Recessive Gene 

pregnant to the 1st AI vs those who were artificially inseminated four times 
BTA-86812-no-rs rs41610326 12:23151956 ns ns 8.673x10-6 - 

pregnant to the 1st AI vs those left the herd before 13 months 
BovineHD0900005670 rs42250917 9:20753589 8.949x10-8 5.169x10-8 ns - 
Hapmap47842-BTA-

115522 rs41566637 15:36724876 1.362x10-6 ns 5.421x10-7 - 
BovineHD0700030481 rs3423252931 7:101956846 1.552x10-6 ns 3.243x10-6 PAMabi 
BovineHD2800009326 rs110940666 28:34273514 5.998x10-6 5.914x10-6 ns - 
BovineHD2800008462 rs133955943 28:31910046 7.571x10-6 ns ns - 

BTB-00028704 rs43242536 1:66890930 ns 5.523x10-8 ns KPNA1abi 
ARS-BFGL-NGS-91410 rs3423111611 1:61817159 ns 9.189x10-7 ns - 
BovineHD0100017684 rs3423111627 1:61774550 ns 1.464x10-6 ns - 

BTA-05186-no-rs rs29019349 1:66862192 ns 2.377x10-6 ns FAM162Aabd 
ARS-BFGL-NGS-101934 rs110438172 1:61629350 ns 2.630x10-6 ns - 

BTA-86792-no-rs rs41570419 9:20808486 ns 5.624x10-6 ns - 
BovineHD0100036130 rs135592668 1:126950096 ns 6.649x10-6 ns TFDP2abi 
BovineHD0100018165 rs43767288 1:63716985 ns 6.993x10-6 ns - 
BovineHD0700030639 rs136701038 7:102430585 ns ns 7.963x10-7 - 
BovineHD2000001052 rs42794065 20:3241584 ns ns 4.600x10-6 FGF18abi 
BovineHD0900004616 - 9:16857647 ns ns 8.664x10-6 - 

pregnant to the 1st AI vs those left the herd before 13 months or did not become pregnant 
Hapmap47842-BTA-

115522 rs41566637 15:36724876 2.810x10-7 ns 1.364x10-7 - 
BovineHD0900005670 rs42250917 9:20753589 1.203x10-6 2.397x10-6 ns - 
BovineHD0100036130 rs135592668 1:126950096 1.241x10-6 6.353x10-7 ns TFDP2abi 

Hapmap56093-rs29023180 rs29023180 13:21473454 2.259x10-6 5.974x10-6 ns PLXDC2abi 
Hapmap48197-BTA-

117083 rs41618427 12:15108440 2.580x10-6 ns 2.857x10-7 - 
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BovineHD0700030481 rs3423252931 7:101956846 2.689x10-6  ns ns PAMabi 
BovineHD1700021006 rs132682865 17:70047720 2.855x10-6 ns ns LIMK2abi 
BovineHD1300006435 rs111010098 13:21720773 2.873x10-6 ns ns PLXDC2abi 

Hapmap43230-BTA-31437 rs41581784 12:11470110 3.039x10-6 ns ns - 
BovineHD2500011541 rs110072536 25:40344012 3.250x10-6 ns ns - 

Hapmap44603-BTA-51543 rs41667474 20:12136194 4.280x10-6 5.600x10-6 ns - 
BovineHD0100038446 rs135999525 1:134179453 6.232x10-6 5.344x10-6 ns EPHB1abi 

BTA-86792-no-rs rs41570419 9:20808486 6.333x10-6 4.455x10-6 ns - 
BovineHD2200007132 rs42554556 22:24041674 6.845x10-6 ns ns - 

ARS-BFGL-NGS-57426 rs42517435 29:23276174 6.880x10-6 9.561x10-6 ns ENSBTAG00000081391bi 
BovineHD1200024526 rs109626146 12:80645474 8.835x10-6 5.856x10-6 ns - 
BovineHD2700000235 rs110519737 27:1908266 9.330x10-6 ns ns - 

Hapmap38768-BTA-66476 rs42165802 29:34208123 ns 2.631x10-6 ns OPCMLabi 
BovineHD1300010872 rs132987419 13:37335920 ns 3.169x10-6 ns - 
BovineHD0100018165 rs43767288 1:63716985 ns 4.270x10-6 ns - 

ARS-BFGL-NGS-108087 rs110433832 20:4422634 ns 7.230x10-6 ns NEURL1Babi 
BovineHD1800018570 rs3423437717 18:63845221 ns 8.645x10-6 ns SMIM17abu 

ARS-BFGL-NGS-28479 rs110513671 20:4516902 ns 8.723x10-6 ns - 
BovineHD0900011194 rs137774454 9:39892919 ns 9.347x10-6 ns METTL24abi 

BTB-01104181 rs42262483 20:5633232 ns 9.886x10-6 ns CPEB4abi 
ARS-BFGL-NGS-18943 rs42263251 20:5695030 ns 9.886x10-6 ns - 
BovineHD0700030639 rs136701038 7:102430585 ns ns 2.826x10-6 - 
BovineHD2800008462 rs133955943 28:31910046 ns ns 4.734x10-6 - 
BovineHD2000001052 rs42794065 20:3241584 ns ns 4.837x10-6 FGF18abi 
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Table 2.1. Summary of association analysis results. ns = not significant; a annotated in the NCBI database; b annotated in the Ensemble 

database; i intron; u upstream genetic variant; d downstream genetic variant; - intergenic region. 
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CHAPTER 3: 

Robust identification of regulatory variants (eQTLs) using a differential expression framework 
developed for RNA-sequencing 

 

3.1 Abstract 

Background: A gap currently exists between genetic variants and the underlying cell and tissue 
biology of a trait, and expression quantitative trait loci (eQTL) studies provide important 
information to help close that gap. However, two concerns that arise with eQTL analyses using 
RNA-sequencing data are normalization of data across samples and the data not following a 
normal distribution. Multiple pipelines have been suggested to address this. For instance, the most 
recent analysis of the human and farm Genotype-Tissue Expression (GTEx) project proposes using 
trimmed means of M-values (TMM) to normalize the data followed by an inverse normal 
transformation.  
 
Results: In this study, we reasoned that eQTL analysis could be carried out using the same 
framework used for differential gene expression (DGE), which uses a negative binomial model, a 
statistical test feasible for count data. Using the GTEx framework, we identified 35 significant 
eQTLs (P<5x10-8) following the ANOVA model and 39 significant eQTLs (P<5x10-8) following 
the additive model. Using a differential gene expression framework, we identified 930 and six 
significant eQTLs (P<5x10-8) following an analytical framework equivalent to the ANOVA and 
additive model, respectively. When we compared the two approaches, there was no overlap of 
significant eQTLs between the two frameworks. Because we defined specific contrasts, we 
identified trans eQTLs that more closely resembled what we expect from genetic variants showing 
complete dominance between alleles. Yet, these were not identified by the GTEx framework.  
 
Conclusions: Our results show that transforming RNA-sequencing data to fit a normal distribution 
prior to eQTL analysis is not required when the DGE framework is employed.  Our proposed 
approach detected biologically relevant variants that otherwise would not have been identified due 
to data transformation to fit a normal distribution. 
 
3.2 Introduction  
 
A large body of studies has demonstrated that genetic variations have a direct or indirect impact 
on the development of phenotypic variation [331-335]. Such studies advanced our understanding 
of the genetic architecture of complex traits. More recently, the integration of large-scale genetic 
studies with transcriptome data has also identified genetic variants that explain variance in 
transcript abundance of specific genes (reviewed in [336]). The integration of multiple omics 
datasets, including genotypes, is an important step toward closing the biological gap that exists 
between genotypes and phenotypes [337]. 
 
Recent publications from the human Genotype-Tissue Expression (GTEx) [338, 339] and the cattle 
GTEx [340] projects have shed light on the genetic control of gene expression in large mammals. 
The recent findings indicate that genomic variants have a greater impact on gene expression than 
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previously anticipated [341]. These studies have provided valuable information which will help 
close the critical gap between genomic variants and phenotypic variation [342, 343], especially 
those associated with health in humans and livestock. 
 
Given the importance of identifying expression quantitative trait loci (eQTL) [344] to understand 
cell or tissue biology, several statistical approaches have emerged to allow the coordinated analysis 
of genomic variants and transcript abundance (reviewed by Nica and Dermitzakis [344]). While 
the first eQTL studies used microarray data [345], most of the analyses carried out in recent years 
use RNA-sequencing data. One emerging concern is the normalization of the data across samples. 
To that end, several methods have been used for data normalization across samples such as the 
trimmed mean of M-values (TMM) [346], fragments per kilobase per million reads (FPKM) [347], 
and transcript per million reads (TPM) [348]. These and other methods have been evaluated, and 
TMM might have an advantage over other methods [349]. Another concern related to eQTL 
analysis is that RNA-sequencing data do not follow a normal distribution, however, all statistical 
approaches currently employed assume that the inputted data will follow a normal distribution. 
Researchers have addressed this by transforming the data using the variance stabilization [350-
352], Log2 transformation [353, 354], or the inverse normal transformation [338, 340, 355, 356]. 
 
Because the principle of eQTL analysis is to identify differences in transcript abundance between 
genotypes [345], we reasoned that the analysis of eQTLs using transcript abundance estimated 
from RNA-sequencing could be carried out using the same framework used for differential gene 
expression. A major benefit of using such a framework is that differences in transcript abundance 
are tested and estimated using a negative binomial model [350, 357, 358], which is suitable for 
sequence count data [359, 360]. Thus, we hypothesized that biologically meaningful eQTLs would 
be identified without transforming RNA-sequencing data to fit a normal distribution. Here, our 
objective was to identify eQTLs in cattle peripheral white blood cells (PWBCs) using RNA-
sequencing data and the Bioconductor [361] package “edgeR” [357, 362], which was designed for 
DGE analysis using the general linear model framework. 
 
3.3 Methods  
 
Data processing for variant detection, and variant filtering 
 
We analyzed RNA-sequencing data from 42 heifers (Bos taurus, Angus x Simmental) publicly 
available in the GEO database: GSE103628 [198, 363] and GSE146041 [199]. First, we trimmed 
sequencing adapters and retained reads with an average quality score equal to or greater than 30 
using Trimmomatic (v. 0.39) [364]. Then, we used Hisat2 (v.2.2.0) [365] to align the pair-end 
short reads to the cattle genome [366, 367] (Bos_taurus.ARS-UCD1.2.99), obtained from the 
Ensembl database [368]. Next, we used Samtools (v.1.10) [369] to filter reads that did not map, 
secondary alignments, alignments from reads that failed platform/vendor quality checks, and were 
PCR or optical duplicates. Duplicates were removed using the function “bammarkduplicates” from 
biobambam2 (2.0.95) [370]. The function “SplitNCigarReads” from GATK (v.4.2.2.0) [371] was 
then used to separate sequences with a CIGAR string, which resulted from sequencing exon-exon 
boundaries. Variants were then called in our data by using the functions “bcftools mpileup” and 
“bcftools call” from Samtools [369]. 
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We filtered the variants with the function “bcftools view” from Samtools to select sites where 20 
or more reads were used to identify a variant. Next, in R software (4.0.3) [372], we retained variant 
sites that were identified as single nucleotide polymorphisms and retained variants with genotypes 
called in at least 20 samples (Fig. 1A). 
 
Variant annotation 
 
After the list of significant SNP-gene pairs was generated from the eQTL analysis, attributes were 
read in from the Ensembl genome database. The attribute list was merged with the output from the 
eQTL analysis as well as the nucleotide genotypic data for all samples. Ensembl Variant Effect 
Predictor [373] was used to compare our data to the cattle genome (Bos taurus, ARS-UCD1.2) to 
identify the functional consequences of the SNPs.  
 
Quantification of transcript abundance 
 
For the expression dataset, we obtained the raw read counts from our previous work [199]. First, 
we eliminated one sample that had less than a million reads mapped to the annotation; second, we 
calculated counts per million reads (CPM) [357]; third, we retained protein-coding genes that had 
CPM greater than two in five or more samples. Next, we calculated TPM [374], which was used 
in all plots with transcript abundance. 
 
eQTL analysis 
 
First, we tested whether the samples presented a genetic stratification using plink [324] to calculate 
the eigenvectors [375]. Given the sample elimination due to low mapping to the annotation, we 
carried out an eQTL analysis with 41 samples. To prevent overinflation of effects when working 
with variants with low allelic frequencies [376] and conduct a robust analysis with enough samples 
in each group of genotypes, we further retained those single nucleotide polymorphisms that had at 
least five animals in each of the two homozygotes and heterozygote genotypes, had a minor allelic 
frequency > 0.15, and followed  Hardy-Weinberg equilibrium (false discovery rate=0.05), which 
was tested with the R package “HardyWeinberg” [377]. In both approaches described below, 
eQTLs that overlapped between the ANOVA and additive model are only reported in the ANOVA 
model.  
 
Approach 1: TMM normalized and normal-transformed RNA-seq data 
 
In line with standard procedures adopted for eQTL analysis [338, 355, 356], we normalized 
expression abundance for 10,332 genes using the TMM method [346]. First, we used the function 
“calcNormFactors” from the R package “edgeR” [357, 362] to calculate the normalization factors 
then we multiplied the normalization factors by the respective library size. Next, we used the 
function “cpm” with the normalized library size to obtain TMM normalized counts per million. 
Next, we carried out an inverse normal transformation [338, 355, 356] using the “RankNorm” 
function from the R package “RNOmni”. Additive and ANOVA analyses were carried out 
independently for eQTL analysis with the R package “MatrixEQTL” [378] using 6,216 SNPs. In 
both models, we used genotypes as a fixed effect. We inferred a significant eQTL when the 
nominal P-value was less than 5 x 10-8, which is a threshold commonly applied to genome-wide 



 34 

association studies [379-383], and corresponded to a false discovery rate [384] of 4% and 12% for 
the ANOVA and additive model, respectively. 
 
Approach 2: Using a differential gene expression framework 
 
We analyzed the RNA-sequencing data with a general linear model in “edgeR” and tested for 
differential gene expression using the quasi-likelihood F-test [385, 386]. We note that the 
normalization adopted by default in “edgeR” adjusts for library sequencing depth, but we added 
the TMM normalization factors calculated by the function “calcNormFactors” to the procedure for 
identification of eQTLs.  
 
As part of our proposed approach, we also eliminated genes that had outlier values of transcript 
abundance, which reduced the transcriptome data to 4149 genes. For these analyses, gene 
expression data were used as the dependent variable. Genotypes and collection sites were included 
in the model as independent variables (fixed effects). For additive analysis, the genotypes were 
input as numerical variables. For ANOVA-like analysis, we carried out a two-tier analysis. First, 
we tested the association between SNP and gene transcript abundance using all three genotypes as 
a factor variable. Next, we subset SNPs that were significantly associated with gene transcript 
abundance and pseudo-coded the genotypes to establish two contrasts [387]. The first contrast 
compared the homozygote genotype from the reference allele versus the heterozygote and the 
homozygote genotype from the alternate allele (i.e. AA versus AB, BB). The second contrast 
compared the homozygote genotype from the alternate allele versus the heterozygote and the 
homozygote genotype from the reference allele (i.e. AA, AB versus BB). We also inferred a 
significant eQTL when the nominal P-value was less than 5 x 10-8 [379-383]. 
 
Visualization of the results 
 
We used the R packages “ggplot2”, “cowplot” [388], or “plotly” [389] for plotting [390] and used 
Cytoscape [391] to visualize eQTLs in network style. 
 
Analysis of gene ontology enrichment 
 
We tested several lists of genes for the enrichment of gene ontology using the R package “GOseq” 
[392]. In order to account for multiple hypothesis testing, P-values were adjusted by family wise 
error rate (FWER) [393]. Results were maintained if they had FWER <0.05. 
 
3.4 Results  
 
Overview of SNP identification 
 
We compiled genotype data at 23,506,613 nucleotide positions. Not surprisingly, 99.6% of the 
genomic positions were homozygous for the reference allele and 2167 positions were homozygous 
for the alternate allele. Our pipeline identified 91,006 nucleotide positions showing 
polymorphisms in our samples. After testing for the deviation of Hardy-Weinberg equilibrium 
(Fig. 3.1B), we retained 6207 SNPs further analysis (Fig. 3.1C).  
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Notably, 96% (n=5964) of the SNPs have been previously identified and are recorded in the 
Ensembl variant database [394, 395], which includes the dbSNP ( [396] version 150), while 243 
SNPs were not identified in Ensembl variant database (Additional file 2). Most of the SNPs are in 
3 prime UTRs (n=1553), and a smaller proportion (n=483) were annotated as missense variants 
(Additional file 2). We observed no genetic substructure of the individuals based on the SNPs 
analyzed here (Additional file 3: Fig. S1). 
 
eQTL analyses 
 
For eQTL analysis, we obtained the matrix with raw counts from a previous study [199] from our 
group. After filtering for lowly expressed genes, we quantified the transcript abundance for 10,332 
protein-coding genes. We then analyzed the transcriptome and the SNP data following the two 
frameworks. 
 
Approach 1: TMM normalized and normal-transformed RNA-seq data 
 
The inverse normal transformation within a gene and across samples [356] indeed normalized the 
RNA-sequencing data (Additional file 3: Fig.3.2). Using the R package “MatrixEQTL” [397], the 
ANOVA and additive analyses concluded in 4.699 and 2.473 seconds respectively using one core 
processor (2.60GHz).  
 
We identified 35 significant eQTLs (P < 5x10-8) following the ANOVA model (Fig. 3.3). 
Annotated SNPs mapped to the genes: ASCC1, BOLA-DQB, FAF2, IARS2, MGST2, MRPS9, 
NECAP2, TRIP11 (Additional file 4). We also identified 39 significant eQTLs (P < 5x10-8) 
following the additive model (Fig. 3.4). Annotated SNPs mapped to the genes AHNAK, GLB1, 
TRIP11  (Additional file 5), and most of the SNPs on the gene TRIP11 composed the majority of 
the eQTLs. 
 
Approach 2: Using a differential gene expression framework 
 
Using the R package “edgeR” [357], all tests to determine dominance and additive models were 
completed in 36 and nine minutes respectively using 34 core processors (2.60GHz). We identified 
936 significant eQTLs (P < 5x10-8). These eQTLs were formed by 16 SNPs present in the dbSNP 
and one SNP that is a putatively new variant (Additional file 2) influencing the transcript 
abundance of 445 genes. The majority (98.6%) of the eQTLs were formed by SNPs on the gene 
TATA-Box binding protein associated factor 15 (TAF15), followed by six eQTLs formed by SNPs 
on the gene SMG6 nonsense-mediated mRNA decay factor (SMG6). The other annotated genes 
with SNPs forming significant eQTLs were TRIP11, PI4KA, LMBR1L, and ZNF175. There was 
no overlap of significant eQTL between both approaches (Additional file 6, , Additional file 3: 
Fig. S3). 
 
It was also possible to separate the eQTLs into dominance or additive allelic interaction. We 
determined that six of the eQTLs followed the pattern of an additive allelic relationship (Fig. 3.5A, 
Additional file 7). Two SNPs (rs41892216 and rs135008768) impacting the expression of the gene 
sialic acid-binding Ig-like lectin 14 are also present in the region containing the sialic acid-binding 
Ig-like lectin gene family on chromosome 18. One SNP is a missense mutation (18:57565792, Fig. 
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3.5B) on the gene SIGLEC5 and the SNP on nucleotide 18:57498163 is a variant downstream to 
SIGLEC6. Two other SNPs were annotated to the genes PI4KA (17:72208968, rs133672368), 
TRIP11 (21:56676553, rs479089277) and ZNF175 (18_57538713, rs109161398).  
 
We also identified 930 significant eQTLs following a dominance allelic relationship (Additional 
file 8). Eight annotated SNPs mapped to the genes (LMBR1L, SMG6, TAF15, and TRIP11)). Of 
notice, four intronic variants on the gene TAF15 (19:14551828, 19:14554927, 19:14554403, 
and19:14553701, Fig. 3.6A) were collectively associated with the expression of 427 genes, with 
some examples depicted in Fig. 3.6B. 
 
Given the number of genes expressed in PWBCs that were influenced by SNPs, we asked if there 
would be an enrichment of gene ontology [398] biological processes among these 427 genes. We 
observed that by setting a more stringent threshold of significance for the eQTLs (P < 5x10-10), we 
subset 196 genes, which are enriched for two biological processes (FWER < 0.05: regulation of 
catalytic activity (fold-enrichment: 3.54; genes: APBA3, ARHGDIA ARHGEF1, CAPN1, 
DENND1C, EEF1D, EIF2B3, RAB3IP, RALGDS, RING1, Additional file 9), and endocytic 
recycling (fold-enrichment: 7.81, genes: CCDC22, DENND1C, PTPN23, SNX12). 
 
3.5 Discussion 
 
The major goal of our work was to identify genes expressed in PWBCs of crossbred beef heifers 
whose transcript abundance is impacted by genetic variants. We used a gold standard approach 
presented by the GTEx consortium, but also analyzed the RNA-sequencing data without a 
transformation to force a Gaussian distribution of the counts. The framework for eQTL analysis 
presented here is motivated by the following rationale: (i) the vast majority of eQTL analyses 
carried out currently use RNA-sequencing data; (ii) by the nature of the procedures, RNA-
sequencing data is count data, which is not normally distributed [399, 400]; and (iii) in principle, 
an eQTL analysis is an expansion of a differential gene expression (DGE) analysis, where samples 
are grouped by their genotypes, which is analogous to groups or treatments typically used in DGE 
analysis. Compared to the latest GTEx framework, our analysis of RNA-sequencing data from 
cattle PWBCs using the DGE framework identified more eQTLs under the dominance model and 
an equivalent number of eQTLs under the additive model of allele interaction when compared to 
the framework used in the human or farm GTEx consortia. 
 
Our study has a few limitations, but they do not hinder the validity of our findings. First, we 
identified SNPs using the RNA-sequencing data, thus we are not accounting for genomic variants 
in promoters or distal cis-regulatory elements. This is likely to have impacted the limited number 
of cis-eQTLs reported here. Second, our transcriptome data represents a mixture of white cells 
identified in the blood. The proportion of different cells that compose the mixture of white cells 
was not accounted in our model. A genetic factor contributing to a potential greater abundance of 
one specific cell type [401] is thus a confounding factor in our study. However, these two 
limitations do not directly impact our main take home message that there is no need for researchers 
to normalize RNA-sequencing data in eQTL studies. 
 
Variant genotyping using RNA-sequencing data 
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RNA-sequencing data is feasible for the identification of genomic variants in a wide range of 
organisms, including livestock [402-405], and multiple pipelines have been developed for variant 
discovery and genotype calling [402-405]. Here we opted for a hybrid approach, which utilized 
the “SplitNCigarReads” function of GATK [406] followed by the functions “mpileup” and “call” 
from BCFtools [407]. The reason for using BCFtools was that it calls genotypes at every nucleotide 
position by default so that individuals were genotyped regardless of the homozygote or 
heterozygote makeup. 
 
Prior research showed that the efficacy of genotype calling using RNA-sequencing data is high 
[408]. Although we did not assess the specificity of genotype calling with an orthogonal method, 
we employed a stringent requirement for coverage equal to or greater than 20x, which is higher 
than the previously suggested 10x [403, 408] for high confidence genotype calling. In addition, 
96% of the variants identified in our pipeline are present in the dbSNP ( [396] version 150), and 
the variants have the same allelic composition reported in the dbSNP. Our hybrid pipeline 
efficiently genotyped individuals at homozygote and heterozygote genomic positions, although 
further confirmation is required for the variants called in our work that are not reported in the 
dbSNP. 
 
eQTL analysis using RNA-sequencing with and without forcing the data into a Gaussian 
distribution 
 
Current statistical approaches employed for eQTL analysis [409] assume that the data is normally 
distributed, and the transformation of RNA-sequencing data to enforce a normal distribution is 
employed in nearly all major eQTL studies. Our comparison of the RNA-sequencing data prior to 
and after transforming the data ( Additional file 3: Fig. S1) does confirm that the inverse normal 
transformation [356] is highly effective in reducing skewness and shrinking the variance to reduce 
the impact of extreme values in the analysis [400], and thus making the data suitable for statistics 
tests requiring normally distributed data.  
 
We first analyzed our data following the GTEx framework [338], transforming the data to achieve 
a normal distribution. Our analysis yielded less significant associations between genotype and gene 
transcript abundance relative to previously published studies that worked with genes expressed in 
blood samples [410-413] and the recent results from the cattle GTEx consortium [340]. This large 
difference was expected because we only utilized 6,207 SNPs in our analysis, which yields less 
genotypic data as compared to high-throughput genotyping platforms or imputation of SNPs from 
reference populations. Another difference between our procedure and other reports was the 
stringent threshold to infer significance (P = 5x10-8, -Log10(5x10-8) = 7.3). 
 
We noted, however, that visual inspection of the data with significant eQTLs identified with the 
ANOVA model (see examples in Fig. 3.3C) does not clearly indicate patterns of data distribution 
that resemble the definition of allelic interaction characterized as complete dominance [414, 415]. 
The dispersion of the data with significant eQTLs identified with the additive model (see examples 
in Fig. 3.4C) does indicate patterns of data distribution that resemble alleles interacting in additive 
mode [414, 415]. However, the distribution of heterozygotes showed two groups of samples with 
district profiles.  
 



 38 

The graph profiles obtained from significant eQTLs using the GTEx framework prompted us to 
analyze the data using a DGE framework. To that end, we carried out an analysis using one of the 
commonly used statistical algorithms coded in the R package “edgeR” [357, 362, 416]. The 
comparison of our eQTL analysis using “edgeR” showed a striking contrast with the analysis using 
the GTEx framework and “MatrixEQTL” in many important aspects. First, there was no overlap 
of significant eQTLs obtained between the two approaches within this study. Here, we point out 
that identifying which eQTL is true is virtually impossible without further mechanistic 
experiments that confirm the influence of allelic variants on gene expression [417, 418]. Our 
findings add to previous observations that the type of statistical analysis carried out is a critical 
contributor to the lack of replicability observed across eQTL studies [419, 420]. Second, working 
with specific contrasts, we were able to identify trans eQTLs that more closely resemble complete 
dominance, which were not identified by the standard framework. Our results are evidence that 
the number of genes whose expression are under genetic control and follow patterns of complete 
dominance [421, 422] is probably more common than previously expected [338]. The 
identification of groups of genes enriched for specific biological processes strongly supports that 
this genetic control under the dominance model may have a biological role in the function of 
PWBCs. 
 
We identified two important aspects that show a contrast between the ANOVA framework and the 
DEG framework we propose here. First, the functions in "MatrixEQTL” require less computational 
resources and time to conclude the analysis relative to the calculations carried out using the DGE 
framework in “edgeR”. Our proposed approach is inherently more complex, as we carried out 
multiple tests to provide robust and valuable information about dominance interaction between 
alleles. It is also very important to note that our study is not about the tools (“MatrixEQTL” or 
“edgeR”), because researchers can use other tools for the standard analysis of eQTL such as 
“FastQTL” [423] or DESeq2 [350] for the DGE framework. Second, the transformation of the data 
to fit a normal distribution clearly shrinks the variance (Additional file 3, Fig. S4), reducing the 
differences in transcript abundance among genotypes thus reducing the likelihood of these eQTLs 
to be inferred as significant. In the end, the most critical choice researchers need to make is 
between (i) forcing data that is not normally distributed and has many outlier data points [399, 
400] into normality or (ii) utilizing a framework that employs a statistical test appropriate for count 
data. 
 
3.6 Conclusions 
 
In summary, different types of data normalization and analytical procedures lead to a variety of 
combinations that can be used for eQTL analysis using RNA-sequencing. Most of these 
approaches also transform the data to fit a normal distribution. Our analysis showed that it is 
possible to carry out eQTL studies using the concepts and analytical framework developed for 
differential gene expression that does not require data transformation to fit a normal distribution, 
thus it is likely more suitable for RNA-sequencing. The approach proposed here can uncover 
genetic control of gene expression that is biologically relevant for the tissue studied that otherwise 
may not be detected through data transformation and linear models. 
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3.7 Figures 

 

Figure 3.1. Overview of genotyping and variant discovery using RNA-sequencing data from 
PWBCs. A Schematics of bioinformatics procedures. B Distribution of allelic frequency of all 
variants genotyped in at least 26 samples. C Distribution of allelic frequency of all variants 
genotyped in at least 26 samples followed by filtering to retain 6,207 SNPs. (HW: Hardy–
Weinberg; MAF: minimum allele frequency). 
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Figure 3.2. Representation of RNA-Sequencing data after (A) normalization of the count data with 
the TMM method and adjustment per million reads, and normalization as demonstrated by the (B) 
histogram and (C) qqplot. 
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Figure 3.3. eQTLs identified using ANOVA model on TMM normalized counts per million and 
normal-transformed RNA-seq data. Y axis for all graphs is TMM normalized transcripts per 
million. 
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Figure 3.4. eQTLs identified using additive model on TMM normalized counts per million and 
normal-transformed RNA-seq data. Y axis for all graphs is TMM normalized transcripts per 
million. 
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Figure 3.5. Significant eQTLs were identified using the differential gene expression 
framework. A Network depicting the connectivity between SNPs and the genes whose genotypes 
are influencing their transcript abundance. B Bar plot of the frequency of genes containing SNPs 
forming eQTLs. Only SNPs that were annotated to genes with a symbol (within a gene model, or 
within 1,000 nucleotides on each side) are depicted in this figure. 

 

Figure 3.6. Significant eQTLs were inferred using the differential gene expression framework 
following the additive relationship between alleles. A Eight eQTLs following the additive model 
determined by edgeR. Y axis for all graphs is TMM normalized transcripts per million. B Ensembl 
genome browser indicating the SNP position and examples of raw data used for the SNP’s 
identification.  
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CHAPTER 4: 

A multi-omics analysis identifies molecular features associated with fertility in heifers (Bos 
taurus)  

 

4.1 Abstract 

Background: Infertility or subfertility is a critical barrier to sustainable cattle production, 
including in heifers. The development of heifers that do not produce a calf within an optimum 
window of time is a critical factor for the profitability and sustainability of the cattle industry. In 
parallel, heifers are an excellent biomedical model for understanding the underlying etiology of 
infertility because well-nourished heifers can still be infertile, mostly because of inherent 
physiological and genetic causes.  
 
Methods: Using a high-density single nucleotide polymorphism (SNP) chip, we collected 
genotypic data, which were analyzed using an association analysis in PLINK with Fisher’s exact 
test.  We also produced quantitative transcriptome data and proteome data. Transcriptome data 
were analyzed using the quasi-likelihood test, Wald’s test, and the likelihood test and proteome 
data were analyzed using a generalized mixed model and Student’s t-test.   
 
Results: We identified two SNPs significantly associated with heifer fertility (rs110918927, 
chr12: 85648422, P = 6.7x10-7; and rs109366560, chr11:37666527, P = 2.6x10-5). We identified 
two genes with differential transcript abundance (eFDR ≤ 0.002) between the two groups (Fertile 
and Sub-Fertile): Adipocyte Plasma Membrane Associated Protein (APMAP, 1.16 greater 
abundance in the Fertile group) and Dynein Axonemal Intermediate Chain 7 (DNAI7, 1.23 greater 
abundance in the Sub-Fertile group). Our analysis revealed that the protein Alpha-ketoglutarate-
dependent dioxygenase FTO was more abundant in the plasma collected from Fertile heifers 
relative to their Sub-Fertile counterparts (FDR < 0.05). Lastly, an integrative analysis of the three 
datasets identified a series of molecular features (SNPs, gene transcripts, and proteins) that 
discriminated 21 out of 22 heifers correctly based on their fertility category.  
 
Conclusions: Our multi-omics analyses confirm the complex nature of female fertility. Very 
importantly, our results also highlight differences in the molecular profile of heifers associated 
with fertility that transcend the constraints of breed-specific genetic background.  

4.2 Introduction 

The latest data from the Food and Agriculture Organization show that in 2020 more than 46% of 
the daily protein supply in the world was from animal-based foods (FAO-STATS). Bovine meat 
and milk accounted for 12.8% of the total protein supply in the world in 2020 (FAO-STATS). 
These numbers underscore the importance of cattle production to sustain a growing demand for 
protein globally [424]. Infertility or subfertility is a critical barrier to sustainable cattle production 
[263], including in heifers. For example, approximately 15% [58] and 5% [7] of beef and dairy 
heifers, respectively, do not calve at 24 months of age. Heifers that calve at an optimum age have 
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greater productivity and longevity in the herd [265, 267, 425-428]. Therefore, identifying heifers 
with optimum fertility is a promising approach to improving sustainability in cattle production. 
The heritability of breeding values for heifer fertility is often low for beef [43, 44, 47, 429-432] 
and dairy [6, 42, 49-51, 433] heifers, which indicate that there are multiple genetic factors 
impacting this complex trait beyond additive genetic effects. Another potential avenue for the 
understanding of infertility is the use of molecular phenotyping [271]. The pioneering efforts 
focused on genome-wide association studies (GWAS) to identify genetic markers associated with 
heifer fertility [7, 275, 328, 329, 429, 434-444], but only a few seem to be reproducible across 
populations [443]. More recent efforts have also focused on transcriptome [198, 199, 363] and 
metabolome [445] datasets characterizing these molecules in blood samples. Again, limited genes 
have been identified with differential transcript abundance across datasets [199]. Much research is 
needed for the identification of molecular features that can help explain fertility fitness. 
 
Altogether, approximately 5% of heifers are infertile [7, 13], and this cohort is a great biological 
model for studying the genetic bases of infertility for several reasons. First, neither dairy nor beef 
heifers are under the challenging metabolic demand required for milk production [446-448]. 
Second, post-partum cows need to undergo a critical period of physiological and anatomical 
recovery before the next breeding [449-451]. Third, there are several postpartum diseases with 
negative consequences on reproduction success [452-454]. Reproductive problems in well-
managed heifers are inherent to their physiology [433], most of which are also under genetic 
control [455], or directly related to mutations [456] that impair female reproductive functions. 
 
Angus and Holstein heifers have similar frequencies of infertility or subfertility [7, 13] despite the 
selection pressures directed at beef or dairy production, and thus have distant genetic background. 
Most studies involving the identification of biological features associated with fertility in heifers 
have used either one group of purebred or crossbreed animals [7, 198, 199, 275, 328, 329, 363, 
429, 434-445]. Here, we carried out a case-control [457] experiment to test the hypothesis that 
differences in genetic variants, gene transcript, and protein abundance due to fertility fitness would 
be shared between heifers of different genetic background. Our objective was to contrast genetic 
variants, gene transcripts, and protein abundance between Fertile and Sub-Fertile heifers from 
Angus and Holstein genetic backgrounds. We show that both the independent analysis and multi-
omics approach identified molecular signatures that capable of discriminating heifers of differing 
fertility potential, and thus with an underlying biology associated with fertility that is shared 
between both breeds. 

4.3 Methods 

Ethics Statement 
 
Animal handling for this experiment was approved by the Institutional Animal Care and Use 
Committee (IACUC) at Virginia Polytechnic Institute and State University.  
 
Experimental Design 
 
We collected blood samples from purebred Angus heifers (n=12), averaging 14 months in age, at 
the time of their first artificial insemination (AI) service. Heifers were subjected to a 7-Day Co-
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Synch + CIDR estrus synchronization protocol prior to breeding. Briefly, heifers were 
administered an intramuscular (IM) injection of gonadotrophin-releasing hormone (GnRH, 100 
μg; Factrel®; Zoetis Inc.) on Day 0, followed by the insertion of a controlled internal drug release 
(CIDR, 1.38 g Progesterone; Eazi-Breed™ CIDR®; Zoetis Inc.). On Day 7, the CIDR was 
removed and an injection of prostaglandin F2 alpha (PGF2α, 25 μg; Lutalyse®; Zoetis Inc.) was 
delivered. Fixed-time AI was performed 54±2 hours following CIDR removal alongside a second 
injection of GnRH. 
 
Additionally, we collected blood samples from purebred Holstein (n=10) heifers, averaging 12 
months in age, at the time of the first AI service. Heifers were enrolled in a 5-Day CIDR-Synch 
protocol before insemination. Briefly, an IM injection of GnRH was delivered on Day 0 with the 
insertion of a CIDR device. The CIDR device was removed on Day 5, followed by an IM injection 
of PGF2α. A second injection of PGF2α was administered 24 hours later. Then, timed AI was 
performed with a second GnRH injection on Day 8. 
 
Heifers were identified as Fertile (Holstein, n=5; Angus, n=5) or Sub-Fertile (Holstein, n=5; 
Angus, n=7) based on their pregnancy outcome, following similar criteria used previously [198, 
199]. Fertile animals were identified as those who became pregnant and subsequently delivered a 
calf following the first insemination service. Angus heifers were categorized as Sub-Fertile after 
failing to achieve pregnancy following two insemination services and exposure to a bull for natural 
breeding. Holstein heifers were identified as Sub-Fertile after needing four or more artificial 
inseminations. 
 
Heifers were synchronized with protocols that have been identified by prior research to have high 
success for a heifer to become pregnant to AI [458, 459]. Hence the different protocols for beef 
and dairy heifers. The criteria for classification were different for each group due to differences in 
management that are inherent to beef and dairy replacement heifers. Most importantly, each heifer 
had multiple opportunities to become pregnant before being classified as sub-fertile. The heifers 
utilized in this study were not part of a nutritional experiment, and thus nutrition was not accounted 
as a variable nor was it a factor in the selection of heifers. All dairy heifers were raised with 
equivalent exposure to feed. Similarly, all beef heifers were raised with equivalent exposure to 
feed. 
 
Blood Sample Collection and White Blood Cell Isolation 
 
Fifty ml of blood were drawn from each animal by venipuncture of the jugular vein using 18 mg 
K2 EDTA vacutainers (Becton, Dickinson, and Company). The tubes were inverted for proper 
mixing with the anticoagulant and then immediately placed on ice until further processing. 
 
We processed the blood samples following procedures described elsewhere [198, 199, 460] within 
three hours of sampling [460]. Tubes containing whole blood samples were centrifuged for 25 
minutes (min) at 4°C and 2,000xg to separate the buffy coat. The buffy coat was then aspirated 
and mixed with 14 ml of red blood cell lysis buffer (1.55 M ammonium chloride, 0.12 M sodium 
bicarbonate, 1 mM EDTA (Cold Spring Harbor Protocols)). Then, the solution was centrifuged for 
10 min at 4°C at 800xg and the supernatant was discarded. The remaining pellet was mixed with 
200 µl TRIzol™ Reagent (Invitrogen™, Thermo Fisher Scientific, Waltham, MA) in a 2 ml 
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cryotube (Corning Inc., Corning, NY) prior to snap-freezing with liquid nitrogen. Samples were 
then stored at -80°C until further processing. 
 
Total RNA and DNA Extraction 
 
The buffy coat samples were thawed at room temperature in a total volume of 525 µl TRIzol™ 
Reagent. Then, total RNA was extracted from peripheral white blood cells using the Zymo 
Research Direct-zol™ DNA/RNA Miniprep kit (Zymo Research Corporation, Irvine, CA), 
according to the manufacturer’s protocol. Next, we assessed the quality of the RNA by quantifying 
the RNA integrity number (RIN) for each sample using the Agilent RNA 6000 Pico kit (Agilent, 
Santa Clara, CA) on the Agilent 2100 Bioanalyzer (Agilent, Santa Clara, CA). 
 
Genotyping and Data Processing 
 
We submitted 400 ng of DNA for each heifer to Neogen (Neogen Corporation, Lincoln, NE) for 
genotyping. The samples were genotyped using the Illumina BovineHD Beadchip (Illumina Inc., 
San Diego, CA) genotyping array (777K). We processed the data for quality control [461] using 
PLINK [324]. First, we removed SNPs that were preferentially called in one of the groups in the 
case and control. This was followed by the removal of samples with more than 10% of the 
genotypes missing, and removal of SNPs with a minor allelic frequency less than 1%, a missing 
rate greater than 10%, or deviation from the Hardy-Weinberg equilibrium (P<0.00001). Next, we 
carried out variant pruning. We considered a window size of 50 kilobases with five variants in 
each window at a correlation threshold of 0.2. After pruning, we calculated relatedness and 
inbreeding coefficients using the parameter ‘--make-rel’ in PLINK (Additional file 2). All reported 
SNP coordinates are relative to btau9 assembly converted with the LiftOver tool [326]. 
 
Library Preparation and Sequencing 
 
For sequencing library construction, 900 ng of total RNA was diluted into 25 µl of nuclease-free 
water, and RNA quantity was confirmed using the Qubit™ RNA High Sensitivity Assay kit 
(Invitrogen™, Thermo Fisher Scientific, Waltham, MA) on the Qubit™ 4 Fluorometer 
(Invitrogen™, Thermo Fisher Scientific, Waltham, MA). Libraries were prepared for next-
generation sequencing using the Illumina Stranded mRNA Prep kit (Illumina, Inc., San Diego, 
CA) and the IDT® for Illumina RNA UD indexes (Illumina, Inc., San Diego, CA) according to 
the manufacturer’s instructions. Sequencing was conducted on the NovaSeq 6000 sequencing 
system (Illumina, Inc., San Diego, CA) using the NovaSeq 6000 SP Reagent kit v1.5 (Illumina, 
Inc., San Diego,CA) to produce paired-end reads 150 nucleotides in length. Sequencing was 
performed by the VANTAGE laboratory at Vanderbilt University Medical Center (Nashville, TN). 
 
Sequence Alignment and Filtering 
 
We aligned the sequences to the cattle reference genome (Bos_taurus.ARS-UCD1.2.105) in the 
Ensembl [462] database with hisat2 [365, 463, 464] using the -very-sensitive parameter. Then, we 
used Samtools [407, 465] to filter sequences and remove secondary alignments, duplicates, and 
unmapped reads. Next, we used biobambam2 [370] to mark and remove duplicates. 
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Transcript Quantification and Gene Filtering 
The number of fragments that matched to the Ensembl [462] cow gene annotation 
(Bos_taurus.ARS-UCD1.2.105) was quantified using featureCounts [466], and we preserved 
genes annotated as protein-coding, pseudogenes, or long non-coding RNA. Genes were then 
retained for further analysis if counts per million (CPM) and fragments per kilobase per million 
(FPKM) were >1 in at least five samples. 
 
Proteomics Data and Processing 
 
One hundred µl of plasma per sample was submitted to the Virginia Tech Mass Spectrometry 
Incubator (VT-MSI) facility at the Fralin Life Sciences Institute, Virginia Tech, for protein 
extraction and data collection.  
 
Plasma samples (100 μl) were acidified by the addition of 11.1 µl 12% (v/v) o-phosphoric acid 
(MilliporeSigma, St. Louis, MO), then proteins were precipitated by the addition of 725 µl LC/MS 
grade methanol and incubated at -80°C overnight.  Precipitated protein was collected by 
centrifugation and solubilized in S-trap lysis buffer (10% (w/v) SDS in 100 mM triethylammonium 
bicarbonate ( MilliporeSigma, St. Louis, MO, pH 8.5)). Protein concentration was determined by 
measuring the absorbance at 280 nm, then 150 μg of protein for each sample was reduced using 
DTT (4.5 mM) then alkylated with iodoacetamide (10 mM, MilliporeSigma, St. Louis, MO). 
Unreacted I iodoacetamide was quenched with DTT (10 mM, MilliporeSigma, St. Louis, MO) and 
samples were acidified using o-phosphoric acid (MilliporeSigma, St. Louis, MO). Protein was 
again precipitated using methanol and incubated at -80ºC overnight as above. Precipitated protein 
was loaded onto a micro S-trap and washed with methanol then digested overnight with trypsin. 
Peptides were recovered and five μg, as determined by measuring the absorbance at 215 nm using 
a DS-11 FX+ spectrophotometer/fluorometer (DeNovix, Wilmington, DE), of each sample was 
analyzed twice (duplicates) using ESI-MS/MS Orbitrap Fusion Lumos (Thermo Fisher Scientific 
(Waltham, MA)).  
 
Samples were first loaded onto a precolumn (Acclaim PepMap 100 (Thermo Scientific, Waltham, 
MA), 100 µm x 2 cm) after which flow was diverted to an analytical column (50 cm µPAC 
(PharmaFluidics, Woburn, MA). The UPLC/autosampler utilized was an Easy-nLC 1200 (Thermo 
Scientific, Waltham, MA). Flow rate was maintained at 150 nl/min and peptides were eluted 
utilizing a 2 to 45% gradient of solvent B in solvent A over 88 minutes. Spray voltage on the µPAC 
compatible Easy-Spray emitter (PharmaFluidics, Woburn, MA) was 1300 volts, the ion transfer 
tube was maintained at 275°C, the RF lens was set to 30% and the default charge state was set to 
3.   
 
MS data for the m/z range of 400-1500 was collected using the orbitrap at 120000 resolution in 
positive profile mode with an AGC target of 4.0e5 and a maximum injection time of 50 ms.  Peaks 
were filtered for MS/MS analysis based on having isotopic peak distribution expected of a peptide 
with an intensity above 2.0e4 and a charge state of 2-5.  Peaks were excluded dynamically for 15 
seconds after 1 scan with the MS/MS set to be collected at 45% of a chromatographic peak width 
with an expected peak width (FWHM) of 15 seconds.  MS/MS data starting at m/z of 150 was 
collected using the orbitrap at 15000 resolution in positive centroid mode with an AGC target of 
1.0e5 and a maximum injection time of 200 ms.  Activation type was HCD stepped from 27 to 33. 
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Data were analyzed utilizing Proteome Discoverer 2.5 (Thermo Scientific, Waltham, MA) 
combining a Sequest HT and Mascot 2.7 (Matrix Science, Boston, MA) search into one result 
summary for each sample. Both searches utilized the UniProt reference Bos taurus proteome 
database and a common protein contaminant database provided with the Proteome Discoverer 
(PD) software package [467]. Each search assumed trypsin-specific peptides with the possibility 
of 2 missed cleavages, a precursor mass tolerance of 10 ppm and a fragment mass tolerance of 0.1 
Da. Sequest HT searches also included the PD software precursor detector node to identify MS/MS 
spectra containing peaks from more than one precursor. Sequest HT searches included a fixed 
modification of carbamidomethyl at Cys and the variable modifications of oxidation at Met and 
loss of Met at the N-terminus of a protein (required for using the INFERYS rescoring node).  
Peptide matches identified by Sequest HT were subjected to INFERYS rescoring to further 
optimize the number of peptides identified with high confidence. 
Mascot searches included the following dynamic modifications in addition to the fixed 
modification of Cys alkylated by iodoacetamide (carbamidomethylated): oxidation of Met, 
acetylation of the protein N-terminus, cyclization of a peptide N-terminal Gln to pyro-Glu, and 
deamidation of Asn/Gln residues. 
 
Protein identifications were reported at a 1% false discovery rate (high confidence) or at 5% false 
discovery rate (medium confidence) based on searches of decoy databases utilizing the same 
parameters as above. The software matched peptide peaks across all runs, and protein quantities 
are the sum of all peptide intensities associated with the protein. 
 
Principal component analysis 
 
We carried out principal component analysis for the genotypes after pruning using the parameter 
‘--pca’ in PLINK. The eigenvectors were used for plotting. For the transcriptome data, first we 
obtained the variant stabilized data using the function ‘vst’ from the R package ‘DESeq2’. Next 
we calculated the components using the function ‘plotPCA’ in R. For the protein data, we averaged 
the values for each technical duplicate and used these values as input for the function ‘prcomp’ in 
R.  
 
Statistical Analyses 
 
SNP Association Analysis 
 
After filtering, 575,053 genotypes from 22 animals were used for association analysis conducted 
in PLINK [324] using Fisher’s exact test. We adjusted the nominal P values to correct for multiple 
hypothesis testing using the adaptative permutation procedure [468] in PLINK [324]. Locus 
association was inferred at alpha = 1x10-5, as reported by The Wellcome Trust Case Control 
Consortium [327] for case-control studies and previous GWAS analyses of reproductive traits in 
cows or heifers [7, 328, 329], which corresponded to an adjusted P value <0.005. 
 
Differential Transcript Abundance 
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We compared transcript abundance between samples from each breed and each fertility group. The 
R packages ‘edgeR’ [357, 362], with the quasi-likelihood test, and ‘DEseq2’ [350], using the 
Wald’s and likelihood test, were utilized to conduct the analyses. We adjusted the raw P values 
for multiple hypothesis testing by calculating the empirical false discovery rate (eFDR, [469]) with 
10,000 permutations. Differences in transcript abundance were deemed statistically significant 
when eFDR <0.002 in the results obtained from the three tests. 
 
Differential Protein Abundance 
 
To identify differential protein abundance that is robust to the algorithm utilized, we analyzed the 
protein data using two different algorithms. First, we transformed the protein data using natural 
logarithm (Loge(x)). We analyzed the transformed data using a generalized mixed model [470] 
using the R package ‘lme4’, which included the fertility group (Fertile or Sub-Fertile), breed 
(Angus or Holstein), and the random effect of the subject. Random effect was included in this 
analysis as samples were assayed twice to provide a more robust estimate of differential protein 
abundance. Then, we used the function “emmeans”, which tests the significance of the difference 
(H0:µ1=µ2, H1:µ1¹µ2) with the Student’s t test [471], to calculate the estimated differences in 
protein abundance between fertility groups within each breed. We also analyzed the log-
transformed data using the R package ‘limma’ [472]. We accounted for the same independent 
variables mentioned above (fertility group and breed), in addition to accounting for the correlation 
between the duplicated data for each individual with the function ‘duplicateCorrelation’. We tested 
for a differential abundance of the identified proteins using the empirical Bayes Statistics 
implemented in the function ‘eBayes’ [473, 474]. In both analyses, we adjusted the nominal P 
values using FDR [384]. Significance was assumed if FDR< 0.05 in both approaches. 
 
Multi-omics Factor Analysis 
 
We analyzed the multimodal multi-omics datasets (genome, transcriptome, and proteome) 
interactively using Multi-omics Factor Analysis approach [475, 476]. We subset the genotypes, 
transcriptome, and proteome data to reduce the global profiling. We retained SNPs with a P value 
< 0.001 for the Fisher’s test, genes with a P value < 0.01 for all three statistical tests employed, 
and proteins with a P value < 0.05 in both statistical tests used. We conducted the analysis using 
the R package “MOFA2” [475, 476], accounting for the breed as a group. 

4.4 Results  

Overview of the data produced 
 
We selected 22 Bos taurus heifers of Angus (n=12) and Holstein (n=10) breeds based on their 
fertility fitness (Fig. 4.1A). We isolated total RNA from circulating white blood cells, averaging 
16.3 µg±4.0, and quality, measured by the RIN, averaging 9.4±0.4. The extraction of genomic 
DNA yielded 1.1 µg±0.4. We produced RNA-sequencing data (Fig. 4.1B) and quantified the 
transcript abundance of 12,445 genes (12,105 protein-coding genes, 228 long non-coding RNAs, 
and 112 pseudogenes). We also analyzed 575,053 nucleotide positions across the bovine genome 
(Fig. 4.1B). Lastly, we produced untargeted proteomics data from plasma that resulted in the 
relative quantification of 213 proteins. As expected, the genotypic and proteomic data clustered 
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the heifers of different genetic background separately (Fig. 4.1A). Conversely, there was no 
clustering of the samples based on the transcriptome data of the peripheral white blood cells (Fig. 
4.1D,E). 
 
 
GWAS identifies SNPs associated with fertility in Angus and Holsteins heifers 
 
Our analysis identified two SNPs significantly associated with heifer fertility (rs110918927, chr12: 
85648422, P = 6.7x10-7; and rs109366560, chr11:37666527, P = 2.6x10-5, Fig. 4.2A, Additional 
file 3). For the SNP rs110918927, all heifers that delivered a calf after one artificial insemination 
presented the genotype AA (f(A)=1, f(G)=0), whereas 11 out of 12 heifers classified as sub-fertile 
presented at least one copy of the allele G (f(A)=0.29, f(G)=0.71). This polymorphism sits in an 
intergenic region of the genome with the closest gene located > 73 kilobases downstream relative 
to the SNP. For the SNP rs109366560, none of the heifers classified as sub-fertile were 
homozygous for the allele G (f(G)=0.12, f(A)=0.88), and five out of the nine fertile heifers genotyped 
were homozygous GG (f(G)=0.78, f(A)=0.22). This SNP is located on intron 22 of the gene 
Echinoderm microtubule associated protein like 6 (EML6). 
 
 
Transcriptome analysis identifies differential transcript abundance between Fertile and 
Sub-Fertile heifers 
 
Next, we sought to determine if there were differences in transcript abundance from circulating 
white blood cells between the Fertile and Sub-Fertile heifer groups, accounting for their genetic 
background. We identified two genes whose transcript abundance differed (eFDR ≤ 0.002) 
between the two groups (Fertile and Sub-Fertile), namely Adipocyte Plasma Membrane 
Associated Protein (APMAP, 1.16 greater abundance in the Fertile group) and Dynein Axonemal 
Intermediate Chain 7 (DNAI7, 1.23 greater abundance in the Sub-Fertile group) (Fig. 4.3A, 
Additional file 4). 
 
Proteomic analysis identifies differential protein abundance between Fertile and Sub-Fertile 
heifers 
 
We also tested if there were differential abundance in proteins present in the plasma of heifers 
classified based on their fertility groups in both genetic backgrounds. The protein Alpha-
ketoglutarate-dependent dioxygenase FTO was more abundant in the plasma collected from Fertile 
heifers relative to their Sub-Fertile counterparts (FDR < 0.05, Fig.4.3B, Additional file 5). 
 
Integrative multi-omics analysis identifies molecular features that classify heifers based on 
their fertility potential 
 
When each data were evaluated independently, the quantification of 22 and 23 gene and protein 
relative abundances accounted for 44.1% and 16.6% of the variance associated with fertility 
classification, respectively, and the genotypic information of 59 SNPs explained 70.1% of the 
variance associated with fertility classification. Overall, there were four factors identified in the 
analysis with the potential to distinguish the samples based on their fertility status, out of which 
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three were most representative with Factors one, two, and three being mostly dominated by 
genotype, transcript, and protein data, respectively (Fig. 4.4A). Factors one, two, and three 
separated most of the samples based on their fertility classification except two, three, and five 
samples, respectively (Fig. 4.4B).  
 
Notably, the top nine SNPs that explained most of the variance related to Factor one are located in 
a window on chromosome 5 spanning from nucleotide 118332762 to 118345383. The tenth SNP 
was the top significant polymorphism identified on chromosome 12 nucleotide 85648422 
according to our Fisher’s exact test contrasting heifers of different fertility potential (Fig. 4.4C). 
Among the genes whose transcript abundance explained the variance related to Factor two, we 
identified the following annotated genes: ArfGAP with SH3 domain, ankyrin repeat and PH 
domain 3 (ASAP3), ATP synthase membrane subunit c locus 1 (ATP5MC1), Centrosomal protein 
170 (CEP170), Myeloid derived growth factor (MYDGF), Coiled-coil domain containing 34 
(CCDC34), RAD51 associated protein 1 (RAD51AP1), and Ubiquinol-cytochrome c reductase 
complex III subunit VII (UQCRQ) (Fig. 4.4C). Among the proteins whose abundance explained 
the variance related to Factor three, the following were annotated to known genes: Apolipoprotein 
C-II (APOC2), Lymphocyte cytosolic protein 1 (LCP1), Vitamin K-dependent protein Z (PROZ), 
Albumin (ALB), Serotransferrin-like (LOC525947), Complement component C8 beta chain (C8B), 
Pigment epithelium-derived factor (SERPINF1), Phosphatidylinositol-glycan-specific 
phospholipase D (GPLD1), Alpha-ketoglutarate-dependent dioxygenase FTO (FTO) (Fig. 4.4C). 
Collectively, data from the genotypes, transcriptome, and proteome clustered 21 out of 22 heifers 
correctly based on their fertility status, with only one Fertile heifer clustering with the group of 
Sub-Fertile heifers (Fig. 4.4D). 
 
4.5 Discussion 
 
Reproduction is a multidimensional biological function in mammals that can be partitioned into 
multiple components or traits [477], and as a consequence, infertility is a complex phenotype with 
multifactorial origins, including a strong genetic component [455, 456]. Our study was not 
designed to identify molecular markers for future use in selection programs. Rather, our work 
addressed two critical questions regarding the underlying biology of infertility: a) whether multiple 
layers of molecular information, present in the circulatory system, would differ based on female 
fertility fitness; and b) whether the integrative analysis of multiple layers of molecular information 
would be a better predictor of the causes of infertility. Our analysis identified molecular signatures 
in the genome, transcriptome, and proteome that provide important insights about the root causes 
of infertility. 
 
Neither one of the significant SNPs were located in a region previously associated with female 
reproductive traits [478]. These SNPs have also not been previously reported to be associated with 
fertility traits in previous investigations that focused on sire-centric models [7, 275, 440-443], nor 
on studies that focused on genotyped heifers only [329, 444]. However, it is notable that the 
polymorphism rs110918927 is in the gene EML6, which produces a protein that participates in the 
function of spindle microtubules in oocytes [479]. Knockdown of this protein in mice oocytes at 
the germinal vesicle stage impairs spindle morphology and increases aneuploidy [479] in oocytes 
that progress to the metaphase II stage in the absence of EML6 [480]. The gene EML6 also 
produces transcripts in bovine oocytes [481], and the significant SNP in this gene is a strong 
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indication of a functional connection to reduced oocyte developmental competence in the Sub-
Fertile group of heifers. 
 
Genes differentially expressed in the peripheral white blood cells have been associated with 
fertility in heifers [198, 199, 363]. The protein APMAP exhibits arylesterase activity, which is 
known to protect lipoproteins from oxidation [482]. Importantly, the APMAP protein regulates 
adipose composition and metabolic health, and the disruption of the APMAP gene in mice leads to 
an increase in visceral adipose tissue expansion [483]. This protein was also shown to be less 
abundant in the omental tissue of women diagnosed with polycystic ovary syndrome [484]. 
Therefore, lower expression of APMAP in the peripheral white blood cells of Sub-Fertile heifers 
is possibly connected with a metabolic, hormonal or inflammatory disorder that disrupts fertility 
in heifers.  
 
The Protein DNAI7 composes the axonemal dynein complex and participates in beta-tubulin 
binding activity and microtubule binding activity, and thus contributes to ciliary beating [485]. 
Variants that impair the function of DNAI7 are associated with Primary Ciliary Dyskinesia, with 
one potential consequence being the abnormal function of cilia and possible impaired transport of 
the cleaving embryos into the uterus [486]. DNAI7 may also function as a cell cycle regulator, and 
dysregulated transcript abundance of DNAI7 was associated with nasopharyngeal neoplasm in 
mice [487] and lung adenocarcinoma in humans [488]. Since Sub-Fertile heifers have greater 
abundance of DNAI7 transcripts in their circulating white blood cells, it is possible that 
dysregulation in the cell cycle has a biological link with subfertility. Further research is required, 
however, to evaluate whether a dysregulation in the cell cycle linked to upregulation of DNAI7 is 
connected with increased inflammation [483] associated with less transcripts from APMAP. 
 
The protein Alpha-ketoglutarate-dependent dioxygenase FTO has oxidative demethylation activity 
of abundant N6-methyladenosine (m6A) residues in RNA [489]. The protein FTO preferentially 
demethylates N6,2′-O-dimethyladenosine (m6Am) rather than m6A and contributes to a reduced 
stability of m6Am mRNAs [490]. On a systemic level, genomic variants in FTO were associated 
with symptoms of metabolic disorders [248], although the effects observed in humans, such 
elevated body mass index [491, 492], and mice [493] may be contradictory. Also worth noting, a 
variant on the FTO gene was associated with polycystic ovary syndrome [494]. Interestingly, in 
mice, the FTO gene is downregulated due to a deficiency in essential amino-acids [495], and 
deficiency in the FTO protein causes postnatal growth retardation and a significant reduction in 
adipose tissue and lean body mass [496]. Our observation of the FTO abundance in heifers of 
different fertility potential is an indication that Sub-Fertile heifers could be experiencing a 
metabolic imbalance, contributing to their lower fertility. We note that the heifers utilized in this 
experiment were not nutritionally challenged and thus, our observations are a consequence of their 
intrinsic biological system and how it may utilize nutrients. 
 
The next step was to interrogate the data we produced in a comprehensive manner. Interestingly, 
the largest source of variability was observed in the genomic data. Nine of the top ten SNPs that 
were assigned to Factor one were located in an intron of the TAFA chemokine-like family member 
5 (TAFA5) gene. These SNPs are within a quantitative trait loci for milk yield [497], a trait 
negatively correlated with reproductive traits [498], however, no relationship between genetic 
variants in this gene and female fertility has been reported previously. None of the top ten genes 
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with transcript abundance relevant for the modeling of the variance were identified as differentially 
expressed when analyzed independently. This result is not surprising because the identification of 
significant features using standard statistical approaches for association analysis is not necessarily 
the best approach for identifying predictive genes associated with complex traits [499, 500]. It was 
surprising that three out of nine annotated proteins, which composed the top ten proteins that 
explained most of the variance in factor three, were also identified in our analyses using general 
linear mixed models. The most interesting result, however, was that all three data modalities were 
able to separate 21 out of 22 heifers correctly based on their fertility potential. Our results show 
that molecular differences have strong signals linked to fertility fitness that surpasses their 
differing genetic background. 
 
4.6 Conclusions 
 
Our interrogation of multiple levels of biological information (genome, transcriptome, and 
proteome) at a systemic level in heifers highlighted the molecular complexity of female fertility. 
While the genomic data pointed to a disruption of oocyte developmental competence, the 
transcriptome and proteomic data point to metabolic dysregulation contributing to subfertility or 
infertility. Although the differences in molecular profiles identified in our study need to be further 
validated by mechanistic studies, our results, supported by the current literature, highlight 
differences in the molecular profile associated with female fertility that transcend the constraints 
of breed-specific genetic background. 
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4.7 Figures 
 

 
Figure 4.1. Overview of data produced. (A) Breeds and classification used in this study, including 
sample size. (B) Schematics of the data produced, and analysis undertaken. Principal component 
analysis of the genome-wide single nucleotide polymorphisms (C), transcriptome (D) and (E) 
proteome data. GWAS: genome-wide association analysis, DGE: differential gene expression, 
DPA: differential protein abundance. 
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Figure 4.2. Genome-wide association analysis of fertility in beef and dairy heifers. (A) Manhattan 
plot with the distribution of SNPs across their genome and their P values from Fisher’s exact 
association test. (B) Genetic frequencies of the two SNPs that are putatively linked to fertility in 
heifers. 
 
 
 

 
Figure 4.3. Differential transcript and protein abundance associated with fertility. (A) Transcript 
abundance. (B) Protein abundance. In each plot, within each breed, shapes indicate the same 
animal. 
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Figure 4.4. Multi-omics analysis of heifer fertility. (A) Percentage of variance explained by each 
factor within each data modality. (B) Relative separation of samples based on their phenotype for 
each factor plotted. (C) The relative weight of importance of the top ten features (SNP identifiers 
are from the array annotation, gene identifiers are from Ensembl, protein identifiers are from 
UniProt) in each data modality and factor plotted. (D) sample clustering using all three data modes. 
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CHAPTER 5: 
Higher abundance of 2-dehydro-D-gluconate in the plasma of sub-fertile or infertile Bos taurus 

heifers 
 

5.1 Abstract 
 
Infertility or subfertility impacts approximately 5% and 15% of dairy and beef heifers (Bos taurus), 
respectively. Heifers that do not produce a calf within an optimum window of time have a 
significant negative impact on the profitability and sustainability of the cattle industry. Selection 
of heifers based on their fertility potential remains a challenge yet to be resolved. Here, we tested 
the hypothesis that heifers of different fertility potential have differing metabolome signatures in 
their plasma. We obtained blood from Bos taurus heifers at their first artificial insemination and 
processed the samples to separate the plasma. The heifers were classified based on their 
reproductive outcome as fertile (pregnant and delivered a calf after their first artificial insemination 
(AI)) or sub-fertile (Angus heifers: no pregnancy after two AI and exposure to a bull; Holstein 
heifers: no pregnancy by the third AI). We tested the relative abundance of 140 metabolites 
obtained from 22 heifers (Angus fertile n = 5, Angus sub-fertile n = 7, Holstein fertile N = 5, 
Holstein sub-fertile N = 5). The metabolite 2-Dehydro-D-gluconate (C6H10O7) was significantly 
more abundant in the plasma of sub-fertile heifers in both breeds (1.4-fold, false discovery rate 
<0.1). In the context that a small proportion of circulating metabolites in the plasma were 
quantified in this study, the results show that the metabolomic profile in the blood stream may be 
associated with heifer fertility potential. 
 
5.2 Introduction 
 
Heifers that calve at an optimum age have greater productivity and longevity in the herd [265, 267, 
425-428]. Infertility or subfertility is a critical barrier to sustainable cattle production [263], 
including in heifers. For example, approximately 15% [58] and 5% [7] of beef and dairy heifers, 
respectively, do not calve at 24 months of age. Therefore, identifying heifers with optimum fertility 
is a promising approach to improving sustainability in cattle production. 
 
The broad detection and quantification of metabolites, named metabolomics [501], can provide 
critical biological insights into multiple aspects of the physiology in complex organisms [502]. 
Multiple studies have used metabolomics approaches to understand metabolic profiles associated 
with nutritional conditions [503-508] and female reproductive phenotypes [445, 509, 510] in cattle. 
The plasma component of the blood is a major carrier of metabolites produced in mammals, and 
3126 of those metabolites have been quantified in the plasma of human blood 
(https://serummetabolome.ca/statistics, 12/29/2023, [511]). Because blood carries metabolites 
used, secreted or disposed by nearly all organs, this connective tissue is valuable for the discovery 
of molecular signatures, including metabolites, linked to complex phenotypes in a biological 
system [512]. 
 
Our group reported that transcript abundances of specific genes are altered in the circulating white 
blood cells of crossbred heifers of different fertility potential [198, 199, 363], and recently reported 
genotypes, transcript and protein abundances in the bloodstream associated with fertility in Bos 
taurus purebred heifers [513]. Here, we tested the hypothesis that specific metabolites would be 
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differentially abundant in plasma of Holstein and Angus heifers (Bos taurus) with different fertility 
potentials. The objective of this study was to determine the metabolite profiles of heifers at the 
time of artificial insemination and contrast metabolite abundances between heifers classified as 
fertile or sub-fertile. 
 
5.3 Materials and Methods 
 
Animal handling for this experiment was approved by the Institutional Animal Care and Use 
Committee (IACUC) at Virginia Polytechnic Institute and State University. 
 
Heifer classification 
 
We collected blood samples from purebred Angus heifers (n=12), averaging 14 months in age, at 
their first artificial insemination service. Heifers were subjected to a 7-Day Co-Synch + CIDR 
estrus synchronization protocol prior to breeding. Briefly, heifers were administered an 
intramuscular (IM) injection of gonadotropin-releasing hormone (GnRH, 100 μg; Factrel®; Zoetis 
Inc.) on Day 0, followed by the insertion of a controlled internal drug release (CIDR, 1.38 g 
Progesterone; Eazi-Breed™ CIDR®; Zoetis Inc.). On Day 7, the CIDR was removed and an 
injection of prostaglandin F2 alpha (PGF2α, 25 μg; Lutalyse®; Zoetis Inc.) was delivered. Fixed-
time artificial insemination was performed 54±2 hours following CIDR removal along a second 
injection of GnRH. 
 
Additionally, we collected blood samples from purebred Holstein (n=10) heifers, averaging 12 
months in age, at the time of the first artificial insemination service. Heifers were enrolled in a 5-
Day CIDR-Synch protocol before artificial insemination. Briefly, an IM injection of GnRH was 
delivered on Day 0 with the insertion of a CIDR device. The CIDR device was removed on Day 
5, followed by an IM injection of PGF2α. A second injection of PGF2α was administered 24 hours 
later. Then, timed AI was performed with a second GnRH injection on Day 8. 
 
Heifers were identified as Fertile (Holstein, n=5; Angus, n=5) or Sub-Fertile (Holstein, n=5; 
Angus, n=7) based on their pregnancy outcome, following similar criteria used previously [198, 
199]. Fertile animals were identified as those who became pregnant and subsequently delivered a 
calf following the first insemination service. Angus heifers were categorized as Sub-Fertile after 
failing to achieve pregnancy following two insemination services and exposure to a bull for natural 
breeding. Holstein heifers were identified as Sub-Fertile after needing four or more artificial 
inseminations. 
 
Heifers were synchronized with protocols that have been identified by prior research to have high 
success for a heifer to become pregnant to artificial insemination [458, 459]. Hence the different 
protocols for beef and dairy heifers. The criteria for classification were different for each group 
due to differences in management that are inherent to beef and dairy replacement heifers. Most 
importantly, each heifer had multiple opportunities to become pregnant before being classified as 
sub-fertile. The heifers utilized in this study were not part of a nutritional experiment, and thus 
nutrition was not accounted as a variable nor was it a factor in the selection of heifers. All dairy 
heifers were raised with equivalent exposure to feed. Similarly, all beef heifers were raised with 
equivalent exposure to feed. 



 60 

 
Blood Sample Collection and plasma separation 
 
Ten ml of blood were drawn from each animal by venipuncture of the jugular vein using 18 mg 
K2 EDTA vacutainers (Becton, Dickinson, and Company). The tubes were inverted for proper 
mixing with the anticoagulant and then immediately placed on ice until further processing. 
 
We processed the blood samples following procedures described elsewhere [198, 199, 460] within 
three hours of sampling [460]. Tubes containing whole blood samples were centrifuged for 25 
minutes at 4°C and 2,000xg. Two ml of plasma were aspirated and centrifuged at 1,000xg for 10 
minutes at 4°C to pellet any remaining cells. The supernatant was deposited in a cryotube and 
snap-frozen with liquid nitrogen. Samples were then stored at -80°C until further processing. 
 
Metabolome data collection 
 
Ultra-High-Performance Liquid Chromatography-High Resolution Mass Spectrometry (UHPLC-
HRMS) analysis was performed on plasma samples at the Biological and Small Molecule Mass 
Spectrometry Core (RRID: SCR_021368) at the University of Tennessee, Knoxville, as previously 
described [506]. One hundred microliter aliquots of plasma samples were thawed at 4 °C for 30 
minutes, and metabolites within each sample were extracted using a 40:40:20 
methanol/acetonitrile/water solution with 0.1 M formic acid [514, 515]. Extraction solvent (1.3 
mL) was added to the samples which underwent agitation and vortexing before samples were then 
chilled at −20°C for 20 minutes. Once samples were properly chilled, the tubes were centrifuged 
at 4 °C and 15000 rpm for 5 minutes to form pellets and remove debris from the sample. A second 
set of 2 mL microcentrifuge tubes were used to collect the supernatant from the first set of tubes. 
Extraction solvent (0.2 mL) was again dispensed into the first set of tubes, which contained the 
pellet, and the pipet tip was used to suspend the pellet in the extraction solvent. The tubes were 
then re-submitted to agitation and vortexing, chilling, and centrifugation as described above. The 
supernatant from the tube was added to the second set of tubes which contained the previous 
supernatant. The first tube set with the final pellet was then discarded. The second set of tubes 
containing the supernatant underwent drying using nitrogen gas. Once dried, tubes were filled with 
300 μL of LCMS grade  water for sample resuspension. The resuspended samples were vortexed 
and centrifuged at 4 °C and 15000 rpm for 5 minutes before transferring an aliquot to new 
autosampler vials for UHPLC-HRMS analysis. Metabolites present in samples were separated 
using chromatography column (Synergi Hydro RP, 2.5 μm, 100 mm × 2.0 mm column; 
Phenomenex, Torrance, CA, United States) which was  maintained at 25°C. The mobile phase 
solvents used to elute metabolites were 1) 97:3  LCMS grade water: methanol with 15 mM acetic 
acid and 11 mM tributylamine and 2) 100% LCMS grade methanol. At a flow rate of 0.2 
mL/minute, the solvent gradient was 1) 100% and 2) 0% from 0 to 5 minutes, 1) 80% and 2) 20% 
from 5 to 13 minutes, 1) 45% and 2) 55% from 13 to 15.5 minutes, 1) 5% and 2) 95% from 15.5 
to 19 minutes, and 1) 100% and 2) 0% from 19 to 25 minutes. An Exactive Plus Orbitrap mass 
spectrometer (Thermo Fisher Scientific, Waltham, MA, United States) with an electrospray 
ionization probe attached was used for full scan mass analysis, operating in negative polarity mode 
with a scan range between 72 and 1,000 m/z, a resolution of 140,000, and an acquisition gain 
control of 3 × 106. 
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The tandem liquid chromatography and mass spectrometry analysis generated Xcalibur (RAW) 
files which were converted to an open source mzML format (msconvert software; ProteoWizard 
package) to enable data centroiding. The centroided data were processed using the Metabolomic 
Analysis and Visualization Engine (MAVEN; mzroll software, Princeton University) to identify 
metabolites that are present in the samples by comparing their retention time and mass-to-charge 
ratio with an in-house standard library. Peak identification for each metabolite is carried out using 
a variety of factors including peak shape, retention time, mass-to-charge ratio, signal-to-noise-ratio 
and this is validated using the natural abundance of isotopes in the compound The program then 
generates pre-processed peak data tables. Normalized data was obtained by dividing the the raw 
peak areas by the volume of sample used for metabolite extraction. 
 
Analysis of metabolome data 
 
First, we transformed the normalized metabolome data using logarithm (Log2(x)). In order to 
increase the robustness of our findings we analyzed the metabolome data using two different 
univariate methodologies [516]. We analyzed the transformed data using a generalized linear 
model [470] using the “lm” function from the “stats” R package, which included the fertility group 
(Fertile or Sub-Fertile), breed (Angus or Holstein) as fixed effects. Then, we used the function 
“emmeans”, to test the significance of the difference of adjusted means (µ) (H0:µ1=µ2, H1:µ1¹µ2) 
with the Student’s t test [471], to calculate the estimated differences in metabolite abundance. We 
also analyzed the data using the R package ‘limma’ [472, 517]. We accounted for the same 
independent variables mentioned above (fertility group and breed) to fit the model and then tested 
for a differential abundance of the metabolites using the empirical Bayes Statistics implemented 
in the function “eBayes” [473, 474]. In both analyses, we adjusted the nominal P values using false 
discovery rate (FDR) [384]. Significance was inferred if FDR< 0.1 in both approaches. 
 
5.4 Results and Discussion 
 
We collected data for 140 metabolites present in the plasma of heifers. The majority of metabolites 
identified and quantified were “amino acids; amino acid precursors and derivatives” (n=40), 
followed by “nucleosides, nucleotides and analogues” (n=21). In addition, there were compounds 
classified as “amino acid metabolism” (n=12), “carbohydrates and carbohydrate conjugates” 
(n=11) and “lipids and lipid-like molecules” (n=11), among other functional classification. 
Interestingly, the top three most abundant compounds participate in energy related metabolic 
pathways (Citrate/isocitrate, TCA cycle; Lactate and Pyruvate, Glycolysis & Gluconeogenesis) 
(Figure 5.1A). 
 
The contrast of metabolites abundance between heifers of different genetic background resulted in 
the identification of 2-Dehydro-D-gluconate (C6H10O7) as differentially abundant between the two 
groups of fertility (fold change=1.41, FDR<0.1). Our analysis within breeds also confirmed that 
the metabolite 2-Dehydro-D-gluconate was more abundant in the plasma of sub-fertile Angus and 
Holstein heifers at a similar fold change (Figure 5.1B). 
 
In a similar work [445], 15 metabolites were identified as significantly associated with fertility in 
heifers. Ten of those metabolites were also identified in our samples, but were not statistically 
different in our tests. One possible source of difference in the results is that Phillips et al sampled 
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angus crossed heifers whereas we worked with purebred Angus and Holstein heifers. In addition, 
it is unclear whether 2-Dehydro-D-gluconate was identified in the samples by Phillips et al for 
comparison with our results. 
 
The abundance of the metabolite 2-Dehydro-D-gluconate has been connected with a fertility 
related phenotype. In beef cows (Bos taurus), there is a tendency of pregnancy loss following 
induced ovulation of dominant follicles < 12.1 mm in diameter as compared to when ovulation 
occurs when the dominant follicle is 14.7 mm in diameter [518]. Also in beef cows, the abundance 
of 2-Dehydro-D-gluconate in the follicular fluid is positively correlated with the follicle diameter 
at the time of administration of GnRH to induce ovulation [510]. Notably, in the same study, d-
Gluconate also showed positive correlation with follicle diameter at the time of administration of 
GnRH to induce ovulation [510]. d-Gluconate had the second smallest P-values in our analysis, 
but did not reach the FDR for statistical inference of significant difference between fertility groups. 
Our results allied with the literature show an important connection of 2-Dehydro-D-gluconate with 
fertility in Bos taurus heifers. 
 
The connection between greater quantities of 2-Dehydro--gluconate, a compound in the pentose 
phosphate pathway, in the blood of sub-fertile heifers is not trivial. One possible explanation is 
that fertile heifers could have a greater abundance of circulating estradiol [519] which would 
stimulate more activity in pentose phosphate pathway [520] in fertile heifers relative to sub-fertile 
heifers. Consequently, there would be less 2-Dehydro-D-gluconate in the bloodstream. We did not 
measure circulating estradiol in our samples to confirm this assumption, however. Another 
plausible explanation involves the fact that microorganisms in the gut microbiome produce and 
utilize 2-Dehydro-D-gluconate, and thus variations in the microbiome could also be a source 
differential abundance [521] of 2-Dehydro-D-gluconate in the plasma of heifers of different 
fertility potential. 
 
In summary, we report the profile of 140 metabolites in plasma sampled from Angus and Holstein 
heifers (Bos taurus). A robust statistical analysis identified a greater abundance of the metabolite 
2-Dehydro-D-gluconate in heifers that failed to produce a calf after multiple breeding attempts. 
Considering the highly variable nature of metabolites in the bloodstream [512], the differential 
abundance of 2-Dehydro-D-gluconate in two distinct groups of heifers enhance the robustness of 
this finding. This is the second report associating 2-Dehydro-D-gluconate with fertility phenotype 
in Bos taurus. Thus, further research may deepen our understanding of the connection of this 
metabolite and possibly the pentose phosphate pathway with female fertility. 
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5.5 Figures 
 
 

 
Figure 5.1. Metabolites in the plasma of heifers. (A) Forty most abundant metabolites detected in 
the plasma of heifers at breeding (mean ± standard deviation). (B) Differential abundance of 2-
Dehydro-D-gluconate based on the reproductive outcome of Angus and Holstein heifers. Dots 
represent the data points; diamond represent the mean and error bars represent one standard 
deviation. 
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CHAPTER 6: 
Conclusions  

 
 Over the last 20 years there has been a push to improve cattle fertility due to the financial burden 
it places on producers. Traditional selection has shown to be an inefficient method for the 
improvement of female fertility; therefore, research has begun to investigate the use of molecular 
markers to identify reproductively efficient cattle earlier and more accurately.  The objective of 
this work was to identify molecular markers that could be used to differentiate between heifers of 
varying fertility potential. Based on the results in chapter 2, we were able to conclude that 
genotypic differences exist between heifers of different fertility potential as well as between heifers 
who left the herd before 13 months of age due to health reasons and those who remained in the 
herd as replacement heifers.  Importantly, one SNP that tended to be associated with infertility in 
this study is located just upstream of the gene NUFIP1 in cattle, and preliminary results from our 
lab show promising evidence that knockout of NUFIP1 leads to embryonic mortality.  
 
Most of the eQTL studies in recent years have been utilizing RNA-sequencing data to conduct 
their analyses, and RNA-seq data is count data, which doesn’t follow a normal distribution. 
However, all of the statistical methods that are currently available for eQTL analysis assume that 
the data follows a normal distribution, therefore the data needs to be transformed in order to meet 
this assumption. Since forcing RNA-seq data to fit a normal distribution is not ideal, we developed 
a method to attempt to identify eQTLs without having to transform the data. The results from 
chapter 3 show that it is possible to identify biologically relevant eQTLs without forcing the data 
to fit a normal distribution.     
 
Studies that only look at one level of biological information, such as the genome or transcriptome, 
are limited in the amount of information they can tell us about the underlying biology of complex 
traits. Therefore, studies that integrate several types of -omics data to see how their interactions 
are influencing the phenotype will be crucial in elucidating the biological mechanisms that underly 
the observed fertility differences. The separate analyses of the transcriptome, proteome, and 
metabolome described in chapters 4 and 5 were able to identify molecular markers that differed 
between fertile and sub-fertile heifers. Notably, the data from these analyses highlight the 
importance of metabolism on fertility and point to metabolic imbalance as a possible reason for 
the worse fertility in the sub-fertile heifers. Overall, the results from this work highlight the 
complex nature of female fertility traits in cattle and show that differences in a heifer’s molecular 
profile can contribute to her fertility potential.  
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