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Abstract 
 
As a result of the continued growth of the world’s population, the demand for livestock 

products continues to grow. However, increasing livestock production results in more 

greenhouse gas emissions, and pressures on scarce resources such as potable water 

and land. Therefore, it is of vital importance to improve the productivity of livestock, 

including through advanced genomics breeding approaches and genome editing so that 

more can be produced without increasing animal numbers. The pivotal challenge of using 

advanced genomics breeding approaches is to identify the causal functional variants 

associated with the productivity traits of interest in livestock species. As in humans, 

genome-wide association studies (GWAS) have identified numerous genomic regions 

associated with diseases and traits in livestock, but it is difficult to determine the causal 

variants in these regions due to a range of factors such as linkage disequilibrium (LD). 

The overarching aim of my PhD was to utilize data-driven computational methods, such 

as machine learning, to improve the initial detection of novel functional variants in 

livestock species to ultimately enable the improvement of livestock breeding. This 

research focused on developing a reusable variant annotation pipeline for mammalian 

species with a broad range of features and demonstrating the utility of these features and 

machine learning approaches in predicting mammalian functional regulatory variants in 

both human and cattle. 

 

Datasets suitable for machine learning are largely lacking in livestock. To address this 

and facilitate a diverse range of downstream projects I first developed a reusable variant 

annotation pipeline in Nextflow for use across platforms and species. The pipeline 

provides a wide range of annotations including sequence conservation, gene annotations, 

sequence context, and predicted functional genomic data from other machine learning 

tools such as Enformer, that can then be used in downstream variant analyses and 

employed as features in machine learning approaches for variant classification across 

species. 
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I first applied this pipeline to develop machine learning models for predicting where 

functional human variants have direct orthologues in livestock species, that may therefore 

be relevant to understanding livestock phenotypes. I demonstrate that it is possible to 

assign probabilities to whether a human variant will be found in other species from its 

annotations. Hundreds of human regulatory variants were identified with conserved 

functional impacts on gene expression in livestock species. This observation suggests it 

is possible to leverage information from well-annotated species, such as humans, to help 

with the prediction of regulatory variants and other functional variants in less well-

annotated livestock species. 

 

To explore the efficacy of using the annotation pipeline with machine learning approaches 

to predict functional variants, I applied them to directly predicting regulatory variants 

across humans and cattle. I compared the performance of various approaches of 

predicting cattle regulatory variants, including with or without incorporating annotations 

from humans. I highlight that the models incorporating human annotations and those 

based on cattle annotations demonstrated comparable performance, with the model 

relying on cattle annotations exhibiting a slightly superior performance.   

 

Overall, the variant annotation pipeline and the machine learning models proposed in this 

thesis can be utilized to uncover the underlying characteristics of functional variants and 

prioritise functional variants related to important traits in livestock species for downstream 

genome editing or marker assisted breeding. 
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Lay summary 
 
Due to the on-going growth of the global population, there is a continuous increase in the 

demand for livestock products. However, this expansion of livestock production has 

brought about adverse environmental consequences due to various factors, including 

more greenhouse gas emissions, overgrazing, and increased water usage and pollution. 

Therefore, it is necessary to enhance the productivity of livestock, enabling us to obtain 

more livestock products without increasing animal numbers. This can be achieved 

through advanced genomics breeding approaches, which are based on the 

understanding of the livestock genome, especially the functional variants in the DNA 

sequence. DNA sequence is the fundamental unit found in living organisms, which is 

made up of four bases (A, C, G, T), carrying genetic information that determines the 

functioning of the organism. Within the same species, about 99.9% of the DNA sequence 

is the same across individuals, and the remaining variations can potentially result in the 

unique characteristics of an individual, such as height or predisposition to a disease. 

Among these variations, those that have a functional impact on biological processes and 

consequently affect downstream traits are called functional variants. Precisely identifying 

those functional variants associated with animal welfare and economically important traits, 

such as muscle mass and milk production, in livestock species is a crucial prerequisite 

for implementing advanced genomics breeding approaches. 

 

Genome-wide association studies (GWAS) have identified genomic regions associated 

with specific traits or diseases. They have assigned a score to each variant in these 

regions, measuring the strength of the association between the variant and the target trait.  

However, it is difficult to identify the real causal functional variants from the large number 

of variants in these regions, mainly due to factors such as linkage disequilibrium (LD). In 

genetics, LD is a phenomenon where certain genetic variants that are close together on 

a chromosome tend to be inherited together more often than expected by chance. Some 

variants with significant scores may appear to be responsible for a trait, but in reality, they 

are only linked to the real causal variants because of LD. This poses challenges in 

accurately pinpointing the actual causal variant behind the traits of interest. Therefore, 
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some computational approaches, including machine learning, can be utilized to assist in 

the identification of functional variants. Machine learning algorithms are designed to find 

patterns from large amounts of data and distinguish different classes based on these 

patterns, making them suitable for solving problems like distinguishing functional variants 

from other variants. 

 

In this thesis, I first developed a variant annotation pipeline to address the issue of 

datasets suitable for machine learning being largely lacking in livestock species. The 

pipeline provides a wide range of annotations, including distance from variants to 

important genomic elements and sequence context, which can reflect the characteristics 

of different variants. Next, the annotations from the pipeline were applied to develop 

machine learning models for predicting human functional regulatory variants that are 

shared across species, which may be relevant to understanding livestock phenotypes. 

Regulatory variants are functional variants that don’t directly change proteins but can 

control how genes are turned on and off. Furthermore, the observation of hundreds of 

human regulatory variants found across species suggests that it is possible to leverage 

information from humans to aid in the prediction of regulatory variants in less well-

annotated livestock species. Finally, I applied the annotation pipeline with machine 

learning approaches to directly predict functional regulatory variants across humans and 

cattle. I compared different approaches to predict cattle regulatory variants, including with 

or without incorporating human annotations, and highlighted their comparable 

performance in predicting cattle regulatory variants. 

 

In summary, this work demonstrated the feasibility of utilizing the variant annotation 

pipeline and machine learning approaches to predict functional variants across species. 

The proposed tools can be employed to prioritise the functional variants associated with 

traits of interest in livestock species and further guide downstream genome editing and 

marker assisted breeding work. 
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Chapter 1 Introduction 
With the on-going growth of the world’s population and the improvement of worldwide 

living standards, the demand for livestock products is increasing rapidly, from food 

products such as dairy and meat, to non-food products such as wool and leather. 

Furthermore, livestock contributes not just to food and nutrition but also to some social 

functions in many developing countries, such as promoting gender equality by enabling 

women to possess livestock. (Swanepoel et al., 2010). However, increasing livestock 

production leads to more greenhouse gas (GHG) emissions,  which is the main cause of 

global climate change. In turn, effects of climate change, such as hotter temperatures, 

increased drought, etc., have been proved to have negative impacts on livestock 

performance (Cheng et al., 2022; Rojas-Downing et al., 2017). Therefore, increasing 

livestock production per animal, reducing the need for increased animal numbers,  is of 

critical importance to a sustainable livestock production system. 

 

Conventional selective breeding methods have improved livestock productivity, but are 

constrained by the standing genetic variation in specific species as well as the 

spontaneous de novo mutations within each generation (Tait-Burkard et al., 2018). 

Advanced genomic approaches, such as genome editing, could be used to overcome the 

limitations of such conventional breeding methods and improve livestock genetics more 

efficiently. For example, studies have found that an underactive myostatin gene (MSTN) 

can lead to increased muscle growth in cattle, sheep and goat, which is an important 

livestock trait of economic significance (Tait-Burkard et al., 2018). The underlying genetic 

variations sit directly within the target gene and introducing the desired mutations in 

MSTN into cattle, sheep and goat can eventually result in significantly more muscle mass 

(Tait-Burkard et al., 2018). However, MSTN mutations resulting in double muscling may 

have implications beyond benign outcomes, such as dystocia in cattle (Yang, 2014). 

These challenges could potentially be circumvented with a deeper understanding of 

refining genome editing approaches. In this scenario, regulatory variants could offer 

greater utility. 
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A key challenge of using advanced genomics breeding approaches is to identify the 

causal functional variants associated with the downstream phenotypes. Some studies, 

such as genome-wide association studies (GWAS), have identified loci associated with 

specific diseases and traits in both human and livestock species (Schaid et al., 2018). 

However, the identification of the causal variant is still challenging as there are most often 

plenty of variants in the identified loci above the threshold for genome-wide statistical 

significance (commonly p-value < 5 × 10!"  in human studies) due to linkage 

disequilibrium (LD) (Schaid et al., 2018). Fine-mapping is the method used for elucidating 

the variants that are most likely to be functional for complex traits (Broekema et al., 2020). 

However, the effect sizes of the variants on the traits, the LD structure and some other 

factors can impact the performance of fine-mapping approaches (Schaid et al., 2018). 

Moreover, most of the current work on identifying causal variants using fine-mapping 

approaches has focused on humans, for example through the Genotype-Tissue 

Expression project (GTEx). Therefore, utilizing state-of-the-art computational methods 

such as machine learning approaches for improving the initial detection of novel functional 

variants in livestock species is necessary. 

 

This chapter will be divided into two parts. First, I will introduce different types of variants 

and then delve into the consequences of functional variants. I will also discuss the current 

approaches for prioritizing and identifying functional variants. Second, I will introduce 

different types of basic machine learning algorithms, explain the general process of 

machine learning approaches, and then review the applications of machine learning in 

genomics. 

 
1.1 Genomic variants 
According to the Human Genome Project, humans are 99.9% identical at the base-pair 

level (nucleotides: A, G, C, T) across individuals (Collins & Mansoura, 2001). Genomic 

variants, differences in DNA sequence among individuals, are a major contributor to our 

unique characteristics such as hair colour or predisposition to a disease. These variants 

can have varying effects, with some causing significant changes and others influencing 

traits in combination with other genetic and environmental factors (Health (US) & Study, 
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2007). In livestock species, genomic variants can not only influence agriculturally 

important traits like milk production but also affect welfare relevant traits such as diseases 

resistance. The impact of variants, harmless, helpful or hurtful, depends on when, where 

and how the variant modifies the original genetic makeup. Understanding the function of 

genomic variants is vital for unraveling the genetic basis of complex traits. While 

Mendelian inheritance offers a fundamental framework for genetic diseases resulting from 

single genes with distinct effects, inheritance patterns for many traits are more intricate. 

To better understand the mechanisms under different phenotypes or diseases in 

mammals, it is necessary to know different types of variants and more importantly, their 

consequences.  

 

1.1.1 Variant classification 
According to the Ensembl genome database (https://www.ensembl.org), variants can be 

classified mainly into two categories, sequence variants and structural variants according 

to their impact range of the sequence (Cunningham et al., 2022).  

 

1.1.1.1 Sequence variants 
Sequence variants can be further divided into five categories as shown in Table 1.1. 

 
Table 1. 1 Different types of sequence variants and the corresponding examples 

 
 

• Single Nucleotide Polymorphism (SNP):  SNPs are the most common genetic 

variants in the genome (Nelson et al., 2004). They are the variations that occur at 
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single base position within genes or noncoding regions in the genome with 

appreciable frequency in the population (> 1%) (Brody, 2016). As shown in Table 1.1, 

the example SNP is a replacement of the nucleotide A in the reference genome with 

the nucleotide G as an alternative allele. It should be noted that, single nucleotide 

variant and single nucleotide polymorphism are not interchangeable. The variant must 

be with the frequency of at least 1% in the population to be qualified as a SNP. Due 

to natural selection, SNPs more frequently appear in non-coding regions than in 

coding regions (Barreiro et al., 2008). SNPs are widely used as markers to specific 

regions in the genome which may be associated with traits of interest, such as is often 

the case in genome-wide association studies (Uffelmann et al., 2021).  

• Insertion: Insertion refers to variants where one or more extra nucleotides are 

inserted into the genome relative to the reference genome. which usually happen 

during DNA replication (T. A. Brown, 2002). 

• Deletion: Deletions, the opposite of insertions, are where consecutive bases in the 

reference genome are missing from an individual. Insertions and deletions are highly 

abundant in our genome, only second to SNPs in terms of their numbers (Mullaney et 

al., 2010).  

• Indel: Although often used as a catch all term to cover both insertions and deletions, 

insertion-deletion (indel) also covers where deletion and insertion mutations co-occur 

in the genome (Sehn, 2015). As shown in the example part of Table 1.1, base A is 

deleted and then three bases GCT are inserted into the corresponding position.  

• Substitution: Substitutions are a type of mutation where one or more nucleotides are 

replaced by other nucleotides of the same length (Sehn, 2015).  

 

1.1.1.2 Structural variants 
Structural variants (SV) refer to large genomic alterations generally more than 50 base 

pairs in size (Mahmoud et al., 2019). Compared to general sequence variants, structural 

variants are more difficult to detect because of their structural complexity (Sudmant et al., 

2015). As shown in Table 1.2, structural variants can be divided into three subtypes: Copy 

number variation (CNV), inversion and translocation. 
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• CNV: A large part of our genome is made up of repeating sequences and the number 

of copies of some specific segments varies among individuals. This kind of variation 

is called copy number variation (CNV), which is usually caused by unequal 

recombination (Sudmant et al., 2015).  

• Inversion: Inversions are structural variants in which the orientation of some DNA 

fragments are reversed relative to their ancestral orientation on the chromosome 

(Escaramís et al., 2015). 

• Translocation: Translocations are where a region of nucleotide sequence changes 

its position in the genome without loss or gain of the genetic materials. This can 

happen both intrachromosomally or interchromosomally (Escaramís et al., 2015). 

 
Table 1. 2 Different types of structural variants. 

 
 

1.1.2 Consequences of variants 
Although large amount of variants have been found in human and other species, the 

majority of them are tolerated and have no impact on downstream phenotypes, such as 

fourfold degenerate variants that change the DNA sequence of genes but do not affect 

the protein’s product because of the redundancy of the genetic code. These variants are 

non-functional variants while those that affect the molecular function of a protein are 

functional variants, including variants linked to diseases and traits (Gonzalez-Perez et al., 

2013). Therefore, studying functional consequences of variants can help us understand 

the underlying molecular mechanisms that link genotype to phenotype. Sequence 

variants can result in functional consequences by altering the protein structure, changing 
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post-translational modification sites, etc., while the functional consequences of structural 

variants can be difficult to describe by biochemical effects and they are typically defined 

by general phenotypic traits. Here, I will focus on introducing the consequences of 

sequence variants. 

 

Figure 1.1 (A) shows calculated variant consequences from the Ensembl database in 

different genomic elements. Figure 1.1 (B) categorizes these consequences according to 

their impact severity assessed by the Ensembl impact rating system, which relies on 

SnpEff, a tool for variant effect prediction (Cingolani et al., 2012; Cunningham et al., 2022). 

High impact means variants are assumed to have a highly disruptive impact, such as 

causing the loss of protein function via protein truncation. Moderate impact indicates that 

the variants are less disruptive but may change the effectiveness of proteins. Low impact 

consequences refer to the variants that are most likely to be harmless. There is another 

modifier category which includes variant consequences with impacts that are difficult to 

predict or for which there is no evidence of impact severity. This section focuses on variant 

consequences predicted by Ensembl, specifically the effects of the variants according to 

their locations in the genome (Sections 1.1.2.1 and 1.1.2.2). However, it is important to 

note that variant effects can be more intricate. In Section 1.1.2.3, I will explore these 

complexities, including polygenic inheritance and penetrance. 
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Figure 1.1 Calculated variant consequences. (A) Gene model and possible variant 

consequences in different regions. The variants are described using terms adapted from 

sequence ontology (SO) terms (Eilbeck et al., 2005a). Figure adapted from the Ensembl website. 

(B) The estimated severity of the consequences according to Ensembl impact rating system, from 

high impact to low impact (Cunningham et al., 2022). The modifier category includes the variant 

consequences where the impact is difficult to predict or there is no evidence of impact severity.   
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1.1.2.1 Variant effect in coding regions 
Gene expression includes two processes: transcription and translation. The information 

in DNA is transferred to mRNA through transcription and the mature mRNA is then 

translated into protein. In the translation process, mRNA is “translated” according to the 

three-base amino acid code, which links DNA sequence to the corresponding protein 

amino acid sequence. Therefore, the effect of variants that fall within the coding regions 

depends on their effect on the genetic code.  

• Synonymous variant: Synonymous variants, also called silent variants, are the 

mutations that do not change the produced amino acid sequence due to the 

redundancy of the genetic code (T. A. Brown, 2002). Generally, synonymous variants 

have low or no impact on the synthesized proteins. However, evidence has shown 

that some of these silent mutations can impact mRNA stability or translation efficiency, 

ultimately altering protein functions in mammals (Chamary & Hurst, 2005; Kimchi-

Sarfaty et al., 2007). For example, a synonymous variant in the Multidrug Resistance 

1 (MDR1) gene has been found to influence the downstream multidrug resistance 

protein, resulting in altered drug and inhibitor interactions (Kimchi-Sarfaty et al., 2007). 
• Nonsense variant: A nonsense variant will lead to a premature stop codon that 

results in a partially or completely nonfunctional protein (J. Sharma et al., 2020). This 

type of variant includes stop gained, stop loss, start loss, etc. The majority of nonsense 

variants have severe impact as shown in Figure 1.1 (B). For example, a nonsense 

variant in a gene which encodes dystrophin protein can cause a genetic disease called 

Duchenne muscular dystrophy (Flanigan et al., 2011). Another example is a nonsense 

variant found in the sheep coiled-coil domain containing 65 (CCDC65) gene that can 

induce a premature stop codon which eventually causes respiratory failure in sheep 

(Ben Braiek et al., 2022).  

• Missense variant: Missense variants alter the original genetic code which then 

results in a different amino acid (Zhang et al., 2012). Some of the missense variants 

lead to altered amino acids that have similar properties to the original amino acids.  

These are conservative missense variants, as the function of the produced proteins 

may remain similar. Non-conservative missense variants result in amino acids with 

different properties and the function of the protein may change. For example, a 
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missense mutation in the heat shock protein family B 7 (HSPB7) gene is presumed to 

be associated with heat tolerance in indicine cattle (L. Zeng et al., 2019). 

• In-frame deletion, in-frame insertion and frameshift variants: These kinds of 

variants are indels in coding regions. An indel whose length is divisible by three, 

resulting in amino acid insertion or deletion within the protein, is referred to as an in-

frame insertion or deletion (Douville et al., 2016). The impact severity of in-frame 

variants depends on the location and size of the variants. An example of this is the 

location difference of the in-frame variants in the Duchenne muscular dystrophy (DMD) 

gene that can result in different disease phenotypes, some are mild while others are 

severe (E. M. Gibbs et al., 2019). If the indel length is not a multiple of three, it is a 

frameshift variant which will change the gene’s reading frame (Douville et al., 2016). 

The improper translation result will ultimately lead to a defective or abnormal protein 

which may be completely new or nonfunctional. Therefore, frameshift variants typically 

have a high impact, especially when the indel occurs early in the sequence. 

 

1.1.2.2 Variant effects in non-coding regions 
As discussed in the previous section, the functional role of variants in coding regions is 

relatively clear as they directly affect the genetic code and the protein product. Non-coding 

regions refer to the genomic regions that do not directly code for amino acids, which 

account for about 98-99% of the DNA in mammals (Shabalina & Spiridonov, 2004). The 

biological function of non-coding regions is still not fully understood but some of them are 

found to be responsible for controlling gene expression. Although variants falling within 

noncoding regions do not alter proteins directly, they could potentially affect downstream 

phenotypes by altering these regulatory elements such as enhancers, silencers etc. 

(Schipper & Posthuma, 2022). As shown in Figure 1.1 (B), the impact of noncoding 

variants is usually difficult to predict due to their indirect effect and the lack of knowledge 

of the corresponding non-coding regions. In this part, I will discuss the possible impact of 

variants in non-coding regions. 

• Regulatory element variants: Regulatory elements include those specific regulatory 

sequences that generally bind with transcription factors (TFs) and that impact the 
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transcription process, such as promoters, enhancers, silencers and insulators. Figure 

1.2 shows how these elements work to regulate gene expression.   

 
      Figure 1.2 Effects of regulatory elements. (A) Enhancers activate gene promoters by  

binding to a protein called an activator. (B) Silencers bind to repressor proteins to prevent 

gene expression. (C) Insulators can bind to a transcriptional repressor called CCCTC-binding 

factor (CTCF) to prevent ectopic enhancer-promoter interaction. Figure adapted from (Rojano 

et al., 2019).  

 
Enhancers are regions that bind to a DNA-binding protein called an activator and 

regulate gene expression by dictating the cell type, expression timing and expression 

level of the gene. They can sit close to the regulated gene and can also be located a 

megabase or more from the regulated gene or even on another chromosome. A gene 

could potentially be regulated by multiple enhancers and one enhancer is able to 

regulate different genes (Karnuta & Scacheri, 2018). Genetic variants that disrupt 

enhancer elements are therefore able to change when, where, and how genes are 

expressed. A representative example of an enhancer variant is one found in the 

enhancer that regulates sonic hedgehog (SHH). The misexpression of SHH protein 

caused by this variant results in preaxial polydactyly (PPD), a common limb 

malformation observed in humans, mice, cats and chickens (Anderson et al., 2012). 

Nevertheless, studies have found that multiple enhancers with a similar function can 

locate near to the same gene to promote phenotypic robustness, which means that a 
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single loss-of-function enhancer variant will not necessarily change gene expression 

(Osterwalder et al., 2018). This makes predicting the impact of such variants harder. 

 

Variants in promoters and silencers have also been identified with an impact on 

phenotypes and associated with disease. For example, a gain-of-function regulatory 

variant was identified which results in the generation of a new promoter-like element 

that disrupts the normal activation of alpha globin-like genes and eventually cause 

alpha thalassemia (De Gobbi et al., 2006). Another example is the identification of a 

variant in a putative silencer region of dog retinal degeneration associated genes 

EDN2 and COL9A2 (Kaukonen et al., 2020). Silencers are sequences that bind to 

transcription regulation factors called repressors and prevent the transcription from 

DNA to RNA. This silencer mutation disrupts the repression function of the silencer 

and causes the overexpression of these two genes in the dog leading to progressive 

retinal atrophy (PRA) (Kaukonen et al., 2020).  

 

• Non-coding RNA (ncRNA) gene variants: ncRNAs are functional RNA molecules 

that do not encode proteins directly but can impact protein-coding genes through 

regulating RNA production, translation or degradation (Rojano et al., 2019). Several 

mechanisms can be involved in this process such as splicing, protein binding, etc. The 

most well-known type of ncRNAs is microRNAs (miRNA), which are short RNA 

molecules containing less than 25 nucleotides. They are responsible for gene 

silencing. The preprocessed mature miRNA is loaded into an RNA-induced silencing 

complex (RISC) which can either repress translation or cleave protein-coding 

transcripts (mRNA) to regulate the downstream translation (Esteller, 2011). An 

example is that Bourdon et al. identified thousands of miRNA variants associated with 

dairy traits in bovine, caprine, and ovine species (Bourdon et al., 2021). 

 

Another typical class of ncRNA is long non-coding RNAs (lncRNA) which usually 

contain more than 200 nucleotides and that can be responsible for alternative splicing 

(AS) and some other biological processes (Esteller, 2011). Alternative splicing is an 

important cellular process for the generation of mature mRNAs from precursor RNAs. 
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Studies have shown that some variants in lncRNA could potentially affect alternative 

splicing processes and therefore lead to the occurrence and development of cancer 

(Ouyang et al., 2022). 

 

• 5’ UTR and 3’ UTR variants: 5’ and 3’ untranslated regions (UTR) are non-coding 

mRNA regions that take charge of crucial post-transcriptional regulation processes 

such as governing RNA stability and translation efficacy (Schuster & Hsieh, 2019). 5’ 

UTRs usually contains a Kozak consensus sequence (ACCAUGG), which includes 

the initiation codon for translation, and other regulatory sequences such as CpG sites 

(Steri et al., 2018). Besides, the secondary structures occurring within 5’ UTRs are 

also important for translation regulation. Therefore, variants that fall within the 5’ UTR 

of genes can impact RNA stability, translation and consequently affect the protein 

product. An example of this is the variant in the Kozak sequence of the 5’ UTR of the 

b-globin gene, which is relevant to b-Thalassemia, resulting in about 30% reduction of 

the translational rate of this gene (Steri et al., 2018). 3’ UTRs sit downstream of the 

coding sequence and are also responsible for RNA stability and mRNA translation. In 

addition, 3’ UTRs can be characterized by miRNA’ binding sites, therefore, variants in 

the 3’ UTR may disrupt miRNA binding and further impact gene expression.  

 

1.1.2.3 Complexity of variant consequences 
Sections 1.1.1 and 1.1.2 introduced different types of variants and their predicted 

consequences based on their positions. While this offers a helpful framework, it is 

important to acknowledge that the effects of variants on phenotypes can be more intricate 

than a simple cause-and-effect relationship.  

 

Mendelian inheritance serves as a foundational framework for understanding genetic 

diseases resulting from mutations in single genes with clear-cut effects. However, many 

traits, especially complex diseases and some common physical characteristics such as 

height or weight, are not solely determined by single genes (Lappalainen et al., 2024). 

The combined effect of multiple genes, each with a subtle individual contribution, 

complicates the identification of the causal variants. 
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Furthermore, the presence of a particular variant doesn’t always guarantee the 

manifestation of the associated trait. Genetic penetrance describes the likelihood that an 

individual carrying a specific genetic variant (genotype) will develop the associated trait 

(phenotype) (Koellner et al., 2018). Incomplete penetrance occurs when some carriers of 

a variant don’t exhibit the associated trait, potentially due to the influence of other genetic 

or certain factors such as age (Koellner et al., 2018). For example, 75% of individuals 

exhibit symptoms of Huntington disease at age 65, a much higher percentage than the 

25% observed at the age of 50 (Parsons & Raymond, 2015).  

 

Dominance describes how different alleles at the same locus on chromosomes interact 

to influence the resulting phenotypes (Billiard et al., 2021). Mendelian inheritance typically 

describes complete dominance, where the heterozygous individual shows the same 

phenotype as one homozygous parent (Miko, 2008). However, dominance patterns can 

be more complex, including incomplete dominance and codominance. In incomplete 

dominance, the heterozygous genotype exhibits a phenotype that is intermediate 

between the homozygous genotypes, while in codominance, both alleles are expressed 

in the phenotype (Billiard et al., 2021). An example of incomplete dominance is observed 

in horse coat colour, where different combinations of alleles at the cream locus result in 

varying horse coat colours (Thiruvenkadan et al., 2008). 

 

In addition to these key factors, some other factors beyond the DNA sequence itself can 

also impact the consequences of variants. For example, the effects of a variant can be 

influenced by environmental exposures such as certain chemicals (Virolainen et al., 2023). 

Understanding these complexities is crucial for effectively utilizing genome-wide 

association studies (GWAS) to identify genetic variants associated with complex traits or 

diseases. The next section will delve into the principles and approaches used in GWAS. 

  

1.1.3 From genome-wide association study (GWAS) to causal variant 
The completion of the human genome project and the population-level survey of genetic 

variants via the international HapMap project provided the foundation of further studies 

on understanding how genomic variants contribute to common diseases. Utilizing the 
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reference genome from the human genome project and the map of genetic variants from 

HapMap, together with other new technologies in genotyping, genome-wide association 

studies (GWAS) were developed to test genome-wide sets of genetic variants and find 

out those associated with specific diseases or traits. The first GWAS, published in 2005, 

identified an association between a variant in the complement factor H gene (CFH) and 

age-related macular degeneration (AMD) (Klein et al., 2005). With the completion of 

several livestock genome assemblies, such as the cattle whole genome assembly 

published in 2009 (A. Sharma et al., 2015), and the emergence of economical genotyping 

assays such as Illumina arrays, it became feasible to expand GWAS to livestock species. 

For example, an initial study in livestock GWAS examined variants associated with 

several cattle growth traits, such as weight and height (A. Sharma et al., 2015). 

 

To date, researchers have identified thousands of variants associated with diseases or 

other complex traits in both human and livestock species (Uffelmann et al., 2021). 

Although structural variants and other sequence variants can be considered in GWAS, 

their focus is on SNPs. The typical outputs of GWAS are genomic risk loci, which include 

correlated SNPs where the occurrence of their genotypes in individuals are significantly 

associated with traits of interest. These results can then be used in post-GWAS analysis 

for observation and understanding of causal variants and other biological mechanisms 

underlying the traits of interest. Before introducing the general steps in GWAS, this 

section will first discuss some important concepts underlying GWAS. 

 

1.1.3.1 Linkage disequilibrium and haplotype block 
One of the important characteristics of SNPs is linkage disequilibrium (LD). Some alleles 

occur together more often than expected by chance and this usually happens when these 

alleles are physically close on the DNA (Slatkin, 2008). This kind of non-random co-

inheritance of the alleles at different loci in the genome is called LD (Slatkin, 2008), which 

is caused by multiple genetic factors including selection, recombination rate, mutation 

rate. A cluster of linked SNPs with strong LD is called a haplotype block, encompassing 

alleles that are inherited together with little opportunity for contemporary recombination 

(Wall & Pritchard, 2003).  
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Haplotype blocks are useful in association studies. Compared to using individual SNPs 

in association studies, which leads to large numbers of individual variants to test, using 

haplotypes can be more robust. The genome is partitioned into chunks according to the 

haplotype blocks and these chunks are used as units in association studies which 

reduces the multiple hypothesis testing burden and can therefore increase the ability to 

detect significant loci. Furthermore, utilizing LD between SNPs in association studies can 

also be a complement to the limitations of the genotyping approaches. As shown in Figure 

1.3, there is an actual causal variant directly associated with the phenotype of interest in 

the candidate gene that we are unable to genotype. Meanwhile, there exists a SNP 

marker in LD with the causal variant that can be genotyped. By detecting the indirect 

association between the genotyped SNP marker and the phenotype, this haplotype block 

that contains the causal SNP and causative gene can be mapped. Consequently, the 

underlying mechanisms of the phenotype can be analysed in the association study. 

 
Figure 1.3 The presence of LD results in both direct and indirect associations between the 
variants and the phenotype in the haplotype block. 

 
1.1.3.2 Overview of steps in GWAS 
The first step of GWAS involves study design and data collection. The study can be set 

up as a case-control study if the traits of interest are binary (e.g. disease or no-disease), 

or as a study using quantitative measurements if the traits are quantitative (e.g. height). 

As shown in Figure 1.4 (A), individuals are then genotyped using microarray-based 
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approach or whole-genome sequencing (WGS). Microarray-based approaches are 

commonly used for GWAS due to their efficiency and low-cost.  Compared to microarray-

based approach, WGS can get almost every genotype of a complete DNA sequence, 

which makes it an ideal genotyping method. However, it is computationally intensive 

(Uffelmann et al., 2021). The called variants from genotyping, along with additional 

information such as anonymous individual ID, phenotype information, genotype batch 

information, are used as inputs for the GWAS analysis. 

 

To generate reliable results, the next step after genotyping is the quality control work. This 

includes filtering missing SNPs, removing genotyping errors, correcting population 

stratification, etc. Of all the quality control work, population stratification correcting is 

crucial. Population stratification refers to the systematic ancestry differences between 

control and case groups, which can lead to spurious associations between traits and 

genetic variants in the absence of appropriate correction (Price et al., 2010). Several 

software can be used for quality control, for example, PLINK can be used for SNP filtering 

and many other key steps, SMARTPCA is useful for principal component analysis and 

further correction of population stratification. Having undergone quality control, variants 

usually go through phasing and imputation in the next steps. Phasing is the process of 

deducing whether the genotyped alleles are from the maternal or paternal haplotype and 

imputation is the statistical inference of the missing genotypes that are not assayed from 

genotyping step (Uffelmann et al., 2021). The HapMap (R. A. Gibbs et al., 2003) or 1000 

Genomes Consortium (Auton et al., 2015) haplotypes are often used as the reference 

panel for genotype imputation. This imputation helps fill in gaps where a genotype is 

unknown, improving the identification of the causal variants and facilitating the post-

GWAS analysis. 

 

After quality control and imputation, the subsequent processes include association testing. 

GWAS typically utilize regression analysis, a statistical test that measures the association 

between traits and variants by assessing the relationship between a dependent outcome 

variable and independent variables. Depending on the types of traits, binary or 

quantitative, different models can be used for association testing. For the binary traits, the 
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association between variants and traits is commonly measured using logistic regression 

models. For quantitative traits, the association can be tested with multiple linear 

regression models. Logistic regression models are indeed the extension of linear 

regression models, in which logistic functions are used to transform a linear model output 

to probability of a case status occurring at a given genotype (Bush & Moore, 2012). 

Furthermore, covariates such as sex, age, and ancestry principal components, are 

commonly included in the regression models to control for such  confounding effects when 

studying some common diseases (Uffelmann et al., 2021).  
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Figure 1.4 Typical steps from GWAS to causal variant prioritization. (A) A typical GWAS 

workflow: from data collection to statistical association testing. (B) Steps for prioritizing causal 

variants for the trait of interest after the initial GWAS work. The Manhattan plot shows the positions 

of associated variants and their corresponding association strengths. Statistical fine-mapping 

approaches are applied to identify the possible causal variants. Genomic annotations and 

Data collection

Manhattan plot for associated variants across genome

Explore regions of interest

Prioritize causal variants

Statistical fine-mapping Genomic annotation

Laboratory validation and functional study

Genotyping Quality control Imputation
Association 

testing

A

B

Genome-wide significance

Intergrate with gene expression



 19 

expression quantitative trait loci (eQTLs) mapping are used for exploring the underlying functional 

impact of the variants. Figure adapted from (Rao et al., 2021; Uffelmann et al., 2021).  

 

1.1.3.3 Multiple hypothesis testing and p-values 
In GWAS, researchers usually do statistical testing on each SNP marker and use p-values 

to measure the statistical significance of an association between a genetic variant and a 

trait. Statistical significance here means an assessment of the null hypothesis of no 

association between the variant and phenotype. A general framework of hypothesis 

testing in GWAS first defines a null hypothesis (H0) and an alternative hypothesis (H1). 

The null hypothesis states that the variant is independent of the phenotype whereas the 

alternative hypothesis is the variant is associated with the phenotype. Suppose there is a 

random variable C with range C, R Ì C  is the rejection region. If C Î R, then the null 

hypothesis is rejected, otherwise the null hypothesis is accepted. The p-value is the 

probability of obtaining a test statistic at least as extreme as what has been actually 

observed with the assumption of the null hypothesis being true (Bush & Moore, 2012). In 

other words, a p-value in GWAS indicates the chance of seeing the result given the 

hypothesis that the variant is not associated with a trait. Therefore, a small p-value can 

be taken as evidence of the null hypothesis being incorrect. The possible outcomes of the 

hypothesis test are shown in the following table. A type I error occurs when H0 is wrongly 

rejected whereas type II error is when H0 is wrongly accepted. 

 
Table 1. 3 Decision table for hypothesis test 

 
Reality 

H0 True H1 True 

Decision 
Reject H0 

Type I error 

(False positive) 
Correct 

Accept H0 Correct 
Type II error 

(False negative) 
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Researchers use a predefined a value as the p-value threshold to determine the level of 

statistical significance required to have confidence in the authenticity of the association. 

When the p-value is smaller than a, the null hypothesis is rejected, otherwise it is 

accepted. Traditionally, this a is predefined as 0.05. This indicates that the null hypothesis, 

where the variant is independent of the phenotype, is rejected 5% of the time when it is 

actually true. In other words, there is a one-in-twenty chance of the association being a 

false positive. However, this threshold is too lenient for GWAS since GWAS can involve 

millions of tests. A threshold of 0.05 may lead to over 100,000 false positives, which 

means over 100,000 spurious associations are considered as statistically significant. 

Such a high false positive rate is unacceptable.  

 

To avoid this problem, some approaches use multiple testing correction in GWAS. A 

simple correction is the Bonferroni correction which adjusts the threshold to 0.05/k where 

k refers to the number of tests conducted (Bush & Moore, 2012).  However, the Bonferroni 

correction is typically thought too strict, as it assumes each test is independent, that is not 

the case in GWAS due to LD as discussed above. Other approaches such as the false 

discovery rate (FDR) procedure developed by Benjamini and Hochberg and permutation 

testing, are also widely applied in correcting the significance threshold (Bush & Moore, 

2012). Currently, a threshold of 5 × 10!"  is widely used for the identification of the 

association between common variants and traits in human studies (Fadista et al., 2016). 

However, this threshold may vary in other species depending on factors such as genome 

size and complexity, LD, and population structure. 

 

Calculated p-values can then be presented as Manhattan plots on a genomic scale as 

shown in Figure 1.4 (B). The X-axis shows the positions of the associated variants along 

the chromosomes and the corresponding p-values are transformed to −𝑙𝑜𝑔#$
%!&'()*  for 

better representation on the y-axis. Variants that are above the threshold for genome-

wide significance on this transformed scale can be used to determine the regions of 

interest for further analysis such as fine-mapping. These regions are typically explored 

according to the LD structures among the variants and are “zoomed in” for a better 

illustration. 
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1.1.3.4 Statistical fine-mapping 
In the “zoomed in” plots for the regions of interest as shown in Figure 1.4 (B), there is 

commonly one or several lead variants with the smallest p-value in this region and further 

multiple significant variants nearby in strong LD. Although the lead variant(s) has the 

strongest association with the trait of interest in terms of the statistical level, it is not 

necessarily the precise causal variant. One of the reasons is that the real causal variant 

may not be genotyped because of the limitations of the genotyping approaches used in 

GWAS and only this tag SNP, which is in LD with the causal variant, is measured. 

Furthermore, some other factors may also lead to the uncertainty of the lead variant being 

the causal one, such as small variant effect size on complex traits (Schaid et al., 2018). 

These factors emphasize the importance of well-designed fine-mapping approaches for 

causal variant identification. 

 

There are three main strategies used for fine-mapping: heuristic methods, penalized 

regression models and Bayesian methods (Schaid et al., 2018). Heuristic methods utilize 

the LD structure properties in the subregion and measure the correlation among the 

variants surrounding the lead SNP to determine the potential causal variants. This type 

of approach has significant limitations as it does not take into account the joint effects of 

the variants on the phenotype, as well as the lack of objective measurement of the 

reliability of the results (Schaid et al., 2018). Another type of method uses regression 

models to analyse variants in the subregions. Traditional regression models use p-values 

to determine the inclusion of the variants in the models but the stability of the models 

highly depends on the number of SNPs and their correlations. An advanced approach for 

dealing with a large number of variants is to use penalized regression models, which 

reduce the coefficient of SNPs with small effect on the trait in the model down to zero and 

only keep the subset of variants most associated with the trait (Ayers & Cordell, 2010). 

Typical penalized models include lasso and minimax concave penalty (MCP). (Schaid et 

al., 2018)  

 

Another popular strategy used in fine-mapping that can outperform both heuristic 

methods and penalized regression models is Bayesian approaches (Schaid et al., 2018). 
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Posterior inclusion probabilities (PIP) of the causality are used in Bayesian approach for 

quantifying the evidence of a variant being causal (Hutchinson, Watson, et al., 2020). The 

outputs of Bayesian fine-mapping approach are credible sets which include variants that 

contain a causal variant with over 95% probability. Each credible set can be viewed as 

corresponding to one putative causal variant and it is also reflecting the uncertainty 

around which variant is the actual putative causal variant. As shown in Figure 1.5, the 

blue credible set only includes one variant, indicating a high level of confidence in this 

variant being the causal one. In the orange credible set, there are five possible causal 

variants, suggesting that one of these five variants may be the second causal variant, but 

it is uncertain. 

 

Bayesian methods can also be used in fine-mapping with the assumption that there are 

multiple causal variants in the region, which is often the case in many polygenic traits that 

are affected by multiple variants. There are two approaches for achieving this. One is to 

split the locus into smaller segments and apply the basic single-causal-variant fine-

mapping method to each chunk. Another method is to jointly model multiple causal 

variants in one Bayesian model for the locus, which is widely employed in many popular 

Bayesian-based fine-mapping approaches such as CAVIAR, DAP-G and SuRiE. (Schaid 

et al., 2018).  
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Figure 1.5 Bayesian fine-mapping outputs. Bayesian approaches use posterior inclusion 

probabilities (PIP) to quantify the evidence of a variant being causal and output credible sets 

according to PIP. The number of credible sets depends on the assumption of numbers of causal 

variants in the locus of interest. 

 

1.1.3.5 Functional inference of the variants 
Although fine-mapping has provided sets of reliable causal variants, the underlying 

biological mechanisms of how these variants impact a downstream phenotype are 

typically still difficult to infer. According to GWAS, the vast majority of the variants 

associated with specific traits fall within the non-coding regions of the genome, way more 

than those residing in protein-coding regions, and this complicates the functional 

inference of most identified causal variants (Uffelmann et al., 2021).  

 

Genomic annotations that provide biological function insights of the DNA sequences are 

informative and may be utilized for inferring the possible functions of the variants selected 

by fine-mapping approaches. There are different types of functional annotations of the 

variants. The first type is genomic region annotations, such as whether the variant is in a 
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coding region or not. Chromatin state is also a very important type of annotation as 

variants in open chromatin regions are more likely to be involved in biological processes 

(Thurman et al., 2012). Chromatin state annotations can be acquired from DNaseI 

hypersensitive sites (DHSs). Histone marks, such as methylation and acetylation, are also 

critical annotations, which provide another source of evidence that a variant plays a 

functional role in some biological processes such as chromatin remodelling. Besides, 

variants in regulatory elements such as enhancers, lncRNA can have potential impact on 

gene regulation and therefore regulatory genomic annotations are crucial for functional 

inference of non-coding region variants. In general, genomic annotation is a follow-up 

work of fine-mapping whereas some researchers also leverage these functional 

annotations to improve the fine-mapping process. For example, PolyFun is a 

computationally scalable framework utilizing functional annotations across the genome to 

calculate prior probabilities for fine-mapping approaches and try to improve the accuracy 

of the identification of causal variants (Weissbrod et al., 2020).  

 

Furthermore, determining the possible affected genes for non-coding causal variants is 

crucial. Molecular quantitative trait loci analysis (molQTLs) is one of the approaches for 

the identification of the affected genes of the variants (Uffelmann et al., 2021), which aims 

to find associations between variants and specific molecular phenotypes. For example, 

expression quantitative trait loci analysis (eQTL) is one of the molQTLs approach aimed 

at identifying loci associated with gene expression, while splicing quantitative trait loci 

analysis (sQTL) focuses on the identification of loci associated with alternative splicing 

(Kerimov et al., 2021). Projects like the Genotype-Tissue Expression resource (GTEx) 

catalogues these information in different human tissues (GTEx Consortium, 2020). 

Recently, similar projects have focused on cataloguing eQTLs and sQTLs in livestock 

species such as the cattle GTEx program (S. Liu et al., 2022). More details of GTEx and 

cattle GTEx will be discussed in Chapter 4. 

 

Various tools have been developed for predicting the potential impact of the variants, most 

of which are based on machine learning methods. These tools utilize large amounts of 

variant data and their functional annotations as the sample data in machine learning 
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algorithms to find the potential patterns underlying the dataset that can be used for 

distinguishing functional variants. This will be discussed in detail in the next section on 

machine learning. 

 

1.2 Machine learning 
The concept of machine learning came into the picture in 1950 when Alan Turing, a 

pioneering computer scientist, proposed the Turing test, which is designed to test whether 

a machine’s ability of exhibiting intelligent behaviors is nearly equivalent to that of a 

human. Later in 1958, Frank Rosenblot designed the first neural network which is now 

commonly known as the perceptron model (Rosenblatt, 1958). During the 1990s, work 

on machine learning gradually shifted from knowledge-driven to data-driven. Researchers 

began to design machine learning algorithms that can find patterns from large amounts 

of data and improve their performance upon past experiences with minimal human 

intervention. In other words, machine learning algorithms are designed for pattern 

detection within large amounts of data which makes them well-suited to data-driven 

disciplines such as genomics. This section will first introduce different types of machine 

learning algorithms and the general processes for machine learning projects, then will 

delve into the current applications of machine learning in genomics.  

 

1.2.1 Machine learning algorithms 
According to different learning styles, machine learning algorithms can be divided into 

supervised, unsupervised, and semi-supervised learning. Supervised learning, as the 

name suggests, relies on labelled data for training. Labelled data here refers to data with 

known target answer, such as an image data labelled as a ‘dog image’, or a variant known 

to be linked to a disease. The labelled data is fed into algorithms that analyse and learn 

the associations between data and labels based on features of the data. Features here 

refer to information acquired according to some properties of the data, such as gender of 

a human or allele frequency of a variant. Unsupervised learning algorithms are trained 

using unlabelled data to discover and summarize patterns or structures. Semi-supervised 

learning stands between supervised and unsupervised learning by utilizing a small 
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number of labelled data bolstering a larger amount of unlabelled data in the learning 

process.   

 

1.2.1.1 Supervised learning 
Supervised learning can be further divided into two types: classification and regression. 

The purpose of a classification problem is to assign test data to specific categories, while 

regression aims to learn the relationship between features and a continuous variable. 

Below, I discuss some basic example algorithms commonly used in supervised learning.  

• K-nearest Neighbours (KNN): This is one of the simplest supervised algorithms that 

can be used for both classification and regression tasks. The algorithm is based on 

the assumption that similar cases exist in close proximity (Kramer, 2013). The 

underlying concept of KNN is relatively simple as it only stores the labelled training 

data and makes a prediction based on the values or classes of k nearest neighbours 

of the query point. KNN is easy to implement but becomes increasingly inefficient with 

large datasets. Furthermore, KNN can be sensitive to outliers and noisy data. 

 

• Support vector machine (SVM): SVM is one of the most robust prediction models 

which can be used in both classification and regression (Noble, 2006). As shown in 

Figure 1.6, the basic idea of SVM is to map the original data from low-dimensional 

space to high-dimensional space in which the data becomes separable and find a 

hyperplane that can separate between the different classes. The mapping is achieved 

using kernel functions, including the linear kernel, polynomial kernel, and Radial basis 

function (RBF). SVM is effective in high-dimensional space but is not suitable for large 

datasets and may underperform when the number of data features exceeds the 

number of data.  
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      Figure 1.6 SVM uses a kernel function to map data in low-dimensional space to high-

dimensional space within which the data is separable. The blue plane is the hyperplane 

that can separate between the two classes. 

 

• Decision Tree: Decision Tree is a non-parametric supervised algorithm utilized for 

classification and regression (Kotsiantis, 2013). It has a tree-shaped structure which 

includes a root, internal nodes, branches and leaves as shown in Figure 1.7. Each 

internal node in the tree represents an evaluation to create homogeneous subsets 

based on a feature, while leaf nodes represent all possible predictions. The root node 

initially contains all data samples used for model training, and they are subsequently 

split into sub-groups in the internal nodes based on purity, which means the algorithm 

is trying to find the ideal attribute to split the data and achieve the highest homogeneity 

in each sub-group. This “purity” is evaluated by different measurements in different 

Decision Tree algorithms. The classification and regression tree (CART) uses Gini 

impurity, which is the probability of misclassifying a datapoint. Iterative Dichotomiser 

3 (ID3) tree utilizes entropy and information gain to evaluate splits, where entropy 

means the measurement of randomness. From root to leaf, a Decision Tree greedily 

searches for the local optimal at each internal node, iterating this process until it 

reaches the final global optimal solution.  

 

Due to their flowchart-like structure, Decision Trees offer the advantage of 

interpretability and ease of understanding. Besides, they can provide accurate 

Kernel Hyperplane
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predictions for large datasets in a relatively short time. However, if there are no 

restrictions on the splitting depth, the tree will continue to split until the dataset can no 

longer be split, which will lead to overfitting. Overfitting is a problem that should be 

considered in many machine learning algorithms. It happens when the model fits the 

training data too well, including the noise in the data. The overfit model fails to capture 

the general pattern in the data that can be used for separating different classes and,  

consequently, performs poorly on new test data. This can be solved by setting 

limitations on tree depth or cutting some branches from the complete tree. Additionally, 

in machine learning, various strategies are employed to combine multiple Decision 

Trees into more powerful models to mitigate the issues associated with individual 

Decision Trees. Examples of such strategies include Random Forest and XGBoost. 

 

 
      Figure 1.7 Basic structure of a Decision Tree. The tree includes a root node, branches, 

internal nodes, and leaves.  

 

• Tree models based on ensemble learning approaches: As discussed in the 

Decision Tree section, one of the major drawbacks of the most basic tree-based model 

is overfitting, which hinders the model’s ability to generalize well to new data. 

Therefore, more complex tree-based models have gained popularity in practical 

applications. These models are usually enhanced by employing ensemble learning 

approaches, which utilize various strategies to combine multiple weak models and 

aggregate their predictions to produce final predictions (Dong et al., 2020). One of the 
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most widely used ensemble learning approaches is Bootstrap Aggregating (bagging). 

The process of bagging starts with random sampling of the training data with 

replacement, whereby each subset is used to train an individual base model 

independently. Subsequently, the final prediction result is determined by aggregating 

the outputs of each base model through different strategies, such as majority voting 

(Dong et al., 2020). Random Forest is an application that utilizes the bagging approach 

to ensemble Decision Trees, which has been widely used in biology, including the 

study of SNP-SNP interaction and biological sequence analysis (Qi, 2012). 

Considering the performance and training speed, Random Forest is a good choice to 

use as a baseline model when handling large dataset with a mix of high-dimensional 

features of different types. 
 
Another ensemble learning technique is boosting, which differs from bagging in its 

sequential management of base models. In the boosting strategy, each new individual 

model is constructed with a focus on correcting the errors made by its predecessors 

(Dong et al., 2020). Gradient boosting is a specific implementation of the boosting 

strategy, which employs the gradient descent optimization method to improve the 

efficacy of the model (Natekin & Knoll, 2013). One of the most powerful ensemble 

learning algorithm, Extreme Gradient Boosting (XGBoost), is implemented based on 

the gradient boosting approach (T. Chen & Guestrin, 2016a). XGBoost has been 

applied to various aspects in biology. For example, it has been demonstrated to 

outperform models based on neural network or KNN in predicting gene expression 

values (W. Li et al., 2019). Another merit of XGBoost is its support for GPU during 

model training and prediction, resulting in a substantial improvement in training 

efficiency, especially when dealing with large datasets. There are also other tree 

models based on gradient boosting, including CatBoost (Prokhorenkova et al., 2017) 

and LightGBM (Ke et al., 2017), each with its own characteristics. CatBoost can not 

only handle numerical features but also categorical features without beforehand 

feature encoding. LightGBM is famous for its fast training speed and low memory 

usage while retaining good performance. Additionally, all these tree-based algorithms 

offer the capability to obtain feature importance after model training, despite 
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employing different calculation strategies for the importance scores. This enhances 

the interpretability of the models for specific tasks. 

 

• Artificial neural network (ANN) (Krogh, 2008): The structure of a neural network is 

inspired by the layered organization of neurons in the human brain. As shown in Figure 

1.8, an ANN is comprised of an input layer, multiple hidden layers and an output layer. 

Each layer includes multiple artificial neurons and each neuron is responsible for part 

of the computational work. Neurons in one layer are connected to neurons in the next 

layer through channels and each channel is assigned a numerical value known as a 

weight. The input of each neuron is multiplied by the respective weight and the sum is 

then passed through a threshold function called an activation function, which 

determines whether a particular neuron will get activated based on the comparison 

with a given threshold. The activated neurons transmit data to the neurons in the next 

layer and the data is propagated through the network in this manner. In the output 

layer, the neuron with the highest value is activated and will be used as the final output 

which is usually a probability of the data belonging to a class. This whole process is 

called forward propagation. During the training process of ANNs, the predicted output 

is compared to the desired output and the difference between them is propagated 

backward through the network to guide the adjustment of the weights. The cycle of 

forward and back propagation is iteratively performed until a specific stop criterion is 

met.  

 

Neural networks are the basis of deep learning, which is a subfield of machine learning. 

Various types of neural networks are designed to adapt to different data types. For 

example, convolutional neural networks (CNNs) are commonly applied to image data, 

while recurrent neural networks (RNNs) are typically used for processing sequential 

or time series data. Neural networks usually demonstrate good performance, but they 

are difficult to interpret and computationally expensive due to their complex structure. 

In addition, training ANNs usually requires large amounts of data.  
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      Figure 1.8 Structure of Artificial Neural Networks. ANNs include an input layer, multiple 

hidden layers, and an output layer. Information is passed through the network to obtain the 

final prediction (forward propagation), and the difference between the predicted and actual 

output is then used to adjust the weights through back propagation. 

 

1.2.1.2 Unsupervised learning 
Unsupervised learning uses machine learning algorithms to discover the hidden patterns 

in unlabelled datasets (Ghahramani, 2004). Clustering, association, and dimensionality 

reduction are three main tasks in unsupervised learning. The aim of clustering is to group 

unlabelled raw data based on their similarities or differences, and it is commonly used in 

applications such as image compression and clustering biological samples. According to 

different strategies, clustering can be further divided into three categories: exclusive and 

overlapping clustering, hierarchical clustering, and probabilistic clustering. Association, 

another method for finding relationships between variables in a dataset, is frequently 

employed in recommendation systems. Dimensionality reduction is a technique widely 

used in data preprocessing parts of machine learning projects. Using various strategies, 

such as principal component analysis (PCA) and singular value decomposition (SVD), 

dimensionality reduction aims to decrease the number of features in the dataset while 

Input layer Hidden layer(s) Output layer

Difference between predicted 
output and actual output

Predicted output

Actual output

Back propagation

Forward propagation



 32 

preserving as much of the original information as possible. This can help improve the 

performance of the machine learning models, as well as their training efficiency. 

 

1.2.1.3 Semi-supervised learning 
Semi-supervised learning is in the middle area of supervised and unsupervised learning. 

In addition to a large amount of unlabelled data, some labelled data is used for supervising 

the learning process (Zhu & Goldberg, 2009). Semi-supervised learning is suitable for 

situations where labelled data is insufficient and difficult to get. Self-training is the most 

basic type of semi-supervised learning. The small amount of labelled data is first used for 

base model training and then this trained model will be used for pseudo-labelling, i.e., 

making predictions for unlabelled data. The predictions with high confidence will be added 

to the labelled dataset and to retrain the model. The whole process usually iterates 

several times to improve the performance of the model. Co-training is an advanced 

version of self-training, where two base models are trained using labelled data with 

different sets of features. In the pseudo-labelling process, each classifier updates its own 

model using the other’s high-confidence predictions, and the predictions from the two 

updated models are combined to get the final prediction result. Another semi-supervised 

learning method is graph-based label propagation. In this approach, both labelled and 

unlabelled data are represented in a graph, and labels are propagated to the unlabelled 

data points using a label propagation algorithm.  

 

1.2.2 Machine learning process 
A complete machine learning process typically includes data collection and preparation, 

feature engineering, model construction and training, model evaluation, hyper-parameter 

tuning and prediction. Data is at the core of machine learning and determines the upper 

limit of downstream model performance. Therefore, the initial dataset needs careful 

preprocessing before being fed into the constructed models. This section will start from 

feature engineering and then delve into the key steps in the machine learning process. 
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1.2.2.1 Feature engineering  
Most traditional machine learning algorithms take input data in a tabular form. The rows 

of this form represent the instances and each column refers to a measurable property of 

the instance which is also known as a feature. For example, when utilizing machine 

learning in functional variant prediction, each row is a variant and the columns are 

properties of the variant such as variant position, distance to genomic elements. 

Therefore, choosing informative and discriminating features is critical in machine learning 

projects and this highly depends on domain knowledge of the problem being solved. After 

collecting the raw data and their features, this initial feature table requires some feature 

engineering steps before it can be used as input in a machine learning algorithm. Feature 

engineering not only transforms initial features to be compatible with downstream 

algorithms but also helps improve model performance. Figure 1.9 shows some potential 

approaches for feature engineering, including data cleaning, feature preprocessing, 

feature selection and dimensionality reduction. The following section will focus on the 

most important aspects of feature engineering. 
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Figure 1.9 Potential steps and approaches in feature engineering 

 

Data cleaning is the initial step in the feature engineering process. This includes the 

process of dealing with the abnormal data that may be incorrect, incomplete, or 

improperly formatted. Besides, class imbalance is a common problem in machine learning. 

In binary classification, this problem occurs when one class’s proportion is significantly 

higher than the other class in the dataset. Class imbalance will potentially result in a high 

prediction accuracy in the majority class but unsatisfactory performance in predicting the 

minority class. One effective way to solve this is to randomly down-sample the majority 

class and use the subset to achieve the balance. Another approach is oversampling the 
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minority class, which involves duplicating instances in the minority class. However, this 

may lead to overfitting issues within the minority class (Zheng & Casari, 2018). 

 

After data cleaning, the next step is feature preprocessing, which is the most important 

part in feature engineering. This step usually starts from missing value processing. Many 

real-world datasets include missing values (often represented as “Nan”) due to a variety 

of reasons and not all machine learning algorithms can accept Nan values. The simplest 

strategy is to discard the rows or columns with missing values from the dataset. This is 

feasible when there is a large amount of data, and the data with missing values accounts 

for only a small proportion of the whole dataset. However, it is not desirable for small 

datasets, as it may result in the loss of valuable data. Therefore, missing value imputation 

is a commonly used method, which includes univariate imputation and multivariate 

imputation (Zheng & Casari, 2018). Univariate imputation considers only the non-missing 

values in the same feature column to impute the missing values while multivariate 

imputation utilizes the entire set of features for imputation. The most widely used method 

in univariate imputation is to replace the missing values using the mean, median or most 

frequent values (mode) in the corresponding feature column. For the multivariate 

imputation, it constructs a function between the feature with missing values and other 

features to estimate the replacement values.  

 

Another key process in feature preprocessing is to encode the categorical features to 

make them compatible with machine learning algorithms. Categorical features refer to the 

qualitative features that can be classified into categories (Zheng & Casari, 2018), such as 

gender and breed. As most machine learning models can only accept numerical features, 

it is necessary to transform categorical features into numerical format. According to 

intrinsic hierarchy, categorical data can be further categorized into nominal data, which 

does not have an inherent order, such as female or male, and ordinal data, which has a 

ranking, such as levels of education. There are two commonly used encoding approaches: 

ordinal encoding and one-hot encoding. Ordinal encoding simply assigns each category 

in the feature an integer value. This approach is suitable for some ordinal features as the 

assigned integer values can naturally reflect the ordinal relationship that can be captured 
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and learnt by machine learning algorithms. However, imposing an ordinal relationship on 

those nominal features may lead to machine learning algorithms learning misleading 

patterns, ultimately resulting in poor model performance. The one-hot encoding method 

is designed for nominal features, replacing them with binary variables instead of integers. 

One-hot encoding creates binary columns, each indicating the presence of a specific 

category. This approach informs the model that the original feature is nominal and has no 

intrinsic order. In addition to these basic encoding methods, categorical features can also 

be encoded according to self-defined methods that are designed based on the 

characteristics of the features.  

 

For numerical data, standardisation is often necessary when features in the dataset have 

different ranges. Standardisation is used to convert numerical features in different ranges 

to a common scale, without changing the original patterns of the data (Zheng & Casari, 

2018). One of the standardisation methods is to standardise the feature by subtracting 

the mean and scaling the data to unit variance. Another common method is to scale each 

feature to a given range by its maximum and minimum values. The choice of 

standardisation method mainly depends on the downstream models used. Binarisation is 

an approach used for transforming numerical features into binary form. While this 

transformation is not always necessary, it may enhance the efficiency of the downstream 

algorithms. In some cases, both the numerical data and the corresponding binary features 

are retained for feature derivation.  

 

Feature selection is the process of reducing the number of features to an optimal subset 

which can eliminate non-informative or irrelevant features and thus reduce the training 

time and improve model performance. There are three main methods for feature selection: 

filter, wrapper and embedded.  

• Filter: This kind of method focuses on the features themselves without considering 

the specific machine learning algorithms that will be used. Features are rated for 

divergence of correlation with the target and filtered by threshold or the number of 

features needed. Some common filter methods include Pearson’s correlation, 

variance analysis and mutual information.  
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• Wrapper: These methods initially select a subset of the features, followed by training 

a machine learning model on the chosen features to evaluate performance. This step 

is repeated until the best subset of features is selected. The optimal feature subset 

may vary depending on the specific machine learning algorithm used. 

• Embedded: The embedded method is a combination of filter and wrapper methods. 

It relies on penalty terms and is implemented through algorithms that have built-in 

feature selection mechanisms. An example of this is the LASSO algorithm, which 

employs L1 regularization for feature selection. 

 

Dimensionality reduction is another method to reduce the dimension of the feature table 

and reduce training time as mentioned in the unsupervised machine learning section. This 

kind of method maps the original high-dimensional feature space into a new low-

dimensional feature space, where the features in the new space are often combinations 

of the original features. Principle component analysis (PCA) and linear discriminant 

analysis (LDA) are two basic methods for dimensionality reduction. The main limitation of 

dimensionality reduction is the inability to retain the original features, which results in 

relatively poor interpretability of the new features. 

 

1.2.2.2 Model construction and training 
As introduced in Section 1.2.1, machine learning algorithms can be divided into 

supervised learning, unsupervised learning, and semi-supervised learning according to 

different learning styles. The choice of machine learning method depends on the problem 

to be solved. Generally, if the goal of a problem is to make predictions for new data based 

on the “knowledge” learnt from the known labelled data, supervised learning is the best 

choice, whereas if the aim is to discover the inherent structure or pattern of unlabelled 

data, unsupervised learning is more suitable. For example, supervised learning is used 

for the identification of regulatory elements such as transcription start site (TSS or not 

TSS) (Libbrecht & Noble, 2015).  Unsupervised learning is applied to genomic 

segmentation and clustering (Hoffman et al., 2012).  

 



 38 

The choice of a specific algorithm in the selected learning style is based on various factors 

such as data type, data volume, computational resources, etc. For structured data, i.e., 

data presented in a tabular form, traditional machine learning algorithms such as SVM, 

Decision Tree, Random Forest, should be considered first. However, for unstructured data 

such as image or text, algorithms with more complex structures like neural network-based 

deep learning algorithms are more suitable as they can extract features from unstructured 

raw data. Additionally, data visualization can be helpful in some cases by providing an 

intuitive presentation of how the data is distributed, thereby guiding the choice of potential 

algorithms. In practice, determining which algorithm performs better is challenging when 

relying solely on theory without experimentation. Additionally, one should consider the 

availability of computing resources, as training models with high-dimensional feature 

tables or using complex algorithms typically demand significant computational resources. 

 

Machine learning model training is an iterative process that aims to maximize the 

utilization of the training data. After feature engineering, the entire dataset is initially 

randomly split into training and test sets. The training set is used for the training process, 

while the test set is kept separate and only utilized to evaluate the performance of the 

final trained model. In the training process, k-fold cross-validation is often employed to 

evaluate model performance on unseen data. K-fold cross-validation is a resampling 

technique that randomly splits the training set into k folds, with k-1 folds used for training 

and the remaining fold held for testing. This process repeats until each fold has been used 

for testing. As a rule of thumb, commonly used values of k are 5 or 10. Models usually 

perform well when tested on the data used for training, but this does not guarantee the 

same performance on unseen data. Cross-validation can help assess the model’s 

generalisation and avoid overfitting.  

 

1.2.2.3 Model evaluation and hyper-parameter tuning 
To quantify model performance, different performance metrics can be used. The choice 

of performance metrices depends on the purpose of the task. For classification tasks, 

there are three types of commonly used metrics. 

• Accuracy: Accuracy is the most basic and intuitive metric, and it is defined as: 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑡ℎ𝑒	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑜𝑟𝑟𝑒𝑐𝑡	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑡ℎ𝑒	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑎𝑙𝑙	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠  

 

Accuracy is a good choice when the dataset is balanced but can become unreliable 

when evaluating the performance of the model on imbalanced datasets. 

• Precision, recall, F1 score and Matthew correlation coefficient (MCC): These 

metrics are less intuitive than accuracy and are defined based on True Positive (TP), 

True Negative (TN), False Positive (FP) and False Negative (FN) numbers as shown 

in the confusion matrix. 

 
TP and TN are correct predictions in both classes while FN and FP are the incorrect 

predictions that need to be minimized. Precision, recall, F1 score and MCC are defined 

as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 						𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 						𝐹1 = 	2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙	 

				 

𝑀𝐶𝐶 =	
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

B(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
 

 
These equations illustrate the measurements provided by each metric. Precision 

measures how accurate the positive predictions are, while recall evaluates the 

proportion of actual positive instances predicted as positive by the model. The F1 

score takes both precision and recall into account which is the weighted average of 

them. The MCC is a more complex metric that considers all the metrics from the 

confusion matrix. Compared with accuracy, the F1 score and MCC are less intuitive 

but more useful, especially in imbalanced datasets. Considering a scenario where an 

imbalanced dataset contains only 10% actual positive instances, the model can 

achieve a high accuracy of 0.9, even when it predicts all positive instances incorrectly. 

However, this high accuracy does not actually reflect the model’s performance in 
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predicting positive instances, which is often the primary concern. Therefore, in this 

situation, F1 score or MCC are more suitable metrics. 

• Receiver Operating Characteristics (ROC) curve and Area Under the Curve (AUC 
or AUROC): ROC curves measure the relationship between false positive and true 

positive rates, with the x axis typically representing the false positive rate, and the y 

axis representing the true positive rate. AUC is the area under the ROC curve, and it 

reflects a model’s general ability of distinguishing between classes. The higher the 

AUC, the better the model is at distinguishing between classes. 
 

For regression tasks, several metrics, such as the Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), and R Squared are used. MAE measures the average 

absolute difference between the actual and predicted values, while RMSE, the most 

commonly used metric in regression tasks, is similar to MAE but calculates the average 

of the squared differences. In evaluating the performance of unsupervised learning 

algorithms like clustering, methods typically rely on measuring the similarity or 

dissimilarity between clusters. Among these evaluation methods, the Silhouette 

Coefficient and Dunn’s Index (DI) are two of the most employed approaches. 

 

Hyper-parameter tuning is a crucial process for improving model performance. Hyper-

parameters are parameters in the model that control the learning process and influence 

model performance. To further optimize the model, fine-tuning these parameters is 

necessary. The primary goal of hyper-parameter tuning is to improve the model’s 

performance metric, such as accuracy on unseen data, as seen in Random Forests. 

Although model tuning is a complex task, the choice of tuning method depends on both 

the data and the model, there are some basic strategies. 

• Grid search: This is the most basic tuning method. While tuning, the model is trained 

and evaluated with each possible combination of the provided hyper-parameter values. 

Then the best parameter combination is selected according to the performance metric. 

Although grid search is a powerful method, it is computationally expensive and time-

consuming. 
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• Random search: Unlike grid search, the random search method does not require 

providing discrete values for assessment. Instead, a statistical distribution is specified 

for each hyper-parameter. In each round of tuning, a parameter is randomly sampled 

from its distribution, and the performance is evaluated. 

 

1.2.3 Machine learning applications in genomics 
In recent decades, the amount of biological data, and especially genomic data, has 

expanded rapidly. As a data-driven approach, machine learning has found extensive 

applications across various genomic disciplines, ranging from DNA sequence partitioning 

to gene expression prediction, and has proven to be effective. This section will start by 

introducing datasets from various fields in genomics that can be utilized in machine 

learning approaches and then delve into the applications of machine learning in genomics 

from four aspects.  

 

1.2.3.1 Genomic datasets 
Datasets form the foundation of machine learning approaches. To improve the 

understanding of the subsequent sections, Sections 1.2.3.1 and 1.2.3.2 will introduce the 

databases/projects or assays for obtaining the datasets involved in the machine learning 

applications. 

• The Human Gene Mutation Database (HGMD): HGMD serves as an extensive 

repository of published germline mutations in nuclear genes believed to be 

responsible or associated with human inherited diseases (Stenson et al., 2020). 

This database currently includes over 289,000 distinct gene lesions found in more 

than 11,100 genes obtained from over 72,000 peer-reviewed publications. 

• Genome in a Bottle: Genome in a Bottle consortium, hosted by National Institute 

of Standards and Technology (NIST), is a collaborative effort for developing the 

technical infrastructure, including reference data and methods in genomics, to 

facilitate the integration of whole human genome sequencing into clinical practice 

(Zook & Salit, 2011). 
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• GENCODE: The GENCODE project generates reference genome annotations for 

both protein-coding and non-coding loci in human and mouse (Harrow et al., 2012). 

To date, it has incorporated thousands of annotations for various biotypes of genes, 

including protein-coding, lncRNA, and pseudogenes, in both the human and 

mouse genomes. 

 

1.2.3.2 High-throughput sequencing techniques 
Different experimental approaches are designed to obtain various genomic data, such as 

regulatory elements and chromatin accessibility. DNase I Hypersensitive Site Sequencing 

(DNase-seq) utilizes DNase I enzyme to cleave accessible chromatin regions, thereby 

revealing hypersensitive sites that are linked to regulatory elements (Song & Crawford, 

2010). Assay for Transposase-Accessible Chromatin Sequencing (ATAC-seq), an 

alternative to DNase-seq, utilizes a transposase enzyme to insert adapters into open 

chromatin regions, enabling the mapping of chromatin accessibility (Buenrostro et al., 

2015). Cap Analysis of Gene Expression (CAGE) is a technique for monitoring 

transcription start sites (TSS) activities by adding the cap structures to the 5’ end of RNA 

molecules, which is effective for promoter and enhancer identification (Morioka et al., 

2020). Chromatin Immunoprecipitation Sequencing (ChIP-seq) is a widely used 

technique for genome-wide DNA binding proteins and histone modifications identification 

(Park, 2009). Datasets generated from these different techniques provide opportunities 

to understand functional genomic elements and uncover the intricacies of gene regulation. 

To date, there have been several studies that have processed and organized various 

types of genomic data from these techniques. For example, EpiMap is a compendium 

comprising thousands of epigenomic tracks in humans based on 18 different 

marks/assays, such as ATAC-seq, DNase-seq and H3K4me1, spanning multiple tissues 

(Boix et al., 2021).  

 

1.2.3.3 Genomic elements identification 
Genomic regulatory elements such as enhancers and promoters are responsible for gene 

regulation and the accurate identification of these elements is the basis of understanding 

the underlying mechanisms controlling gene expression. Many studies have focused on 
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using machine learning algorithms to identify regulatory elements. Liu et al. proposed 

PEDLA, a machine learning-based framework which can be used for the prediction of 

enhancers. They trained the model with a feature table in 1114 dimensions, including 

histone modifications, chromatin accessibility, evolutionary conservation, in the H1 

embryonic stem cell line. This model manifested a superior performance and achieved 

95.7% accuracy and an 81.0% F1-score for 20 independent test datasets (F. Liu et al., 

2016). Li et al. developed a package DECRES based on a neural network for the 

identification of cis-regulatory elements. They annotated 300,000 candidate enhancers 

and 26,000 candidate promoters using this model and demonstrated that machine 

learning methods can accurately predict cis-regulatory regions (Y. Li et al., 2018).  

 

Oubounyt et al. utilized the combination of a convolutional neural network and a long 

short-term memory model to build a promoter predictor called DeePromoter (Oubounyt 

et al., 2019). They trained the model using promoter sequences as the positive dataset 

and a self-constructed negative dataset, which utilized subsequences from the positive 

promoter sequences to retain some conserved parts. This is to force the model to explore 

more general features that can distinguish between promoter and non-promoter 

sequences rather than obvious features such as the TATA promoter motif. This strategy 

improves the generalization of the model on unseen datasets and DeePromoter 

outperforms other promoter predictors with a Matthew correlation coefficient (MCC) of 

0.92 in human and a MCC of 0.87 in mouse. A recent model called BERT-Promoter, which 

is based on the state-of-the-art natural language processing (NLP) model BERT, not only 

focused on promoter sequence prediction but also explored the prediction of their activity 

levels (weak or strong) (Le et al., 2022). Compared to previous promoter predictors, such 

as iPSW (PseDNC-DL) (Tayara et al., 2020), BERT-Promoter achieved comparable 

performance in identifying promoters and superior performance in classifying their 

strength. 

 

Some work has specifically concentrated on identifying transcription start sites (TSS). 

Grigoriadis et al. proposed DeepTSS, a deep learning-based architecture for 

distinguishing between TSS-associated Cap Analysis of Gene Expression (CAGE) peaks 
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and noisy signals (Grigoriadis et al., 2022). They used the DNA sequence centered on 

the peak position, corresponding CAGE signal values, structural DNA sequence-based 

features, together with the phyloP evolutionary conservation score as inputs of four 

distinct convolutional branches for feature extraction and downstream prediction. 

DeepTSS outperformed other existing TSS predictors, achieving a precision of 98% and 

sensitivity of 96%.  

 

Other attempts at using machine learning in genomics have concentrated on predicting 

gene transcripts. Kong et al. proposed the Coding Potential Calculator (CPC), a support 

vector machine-based classifier trained with six sequence features to classify protein-

coding RNAs (Kong et al., 2007).  Baek et al. developed LncRNAnet, which is a long non-

coding RNA identification model based on the incorporation of recurrent neural networks 

and convolutional neural networks (Baek et al., 2018). They used an open reading frame 

(ORF)-based approach for lncRNA identification, which trained the model with candidate 

transcript sequences and their corresponding identified ORF indicators. To compare the 

performance of LncRNAnet with other models such as CPC, Baek et al. trained and tested 

models on the human lncRNA and protein-coding transcript data from GENCODE 

(Harrow et al., 2012). CPC outperformed LncRNAnet on sensitivity and achieved better 

results in terms of specificity, accuracy, F1-score and AUC. 

 

Splicing site prediction is another important field where machine learning algorithms have 

been applied. Jaganathan et al. proposed SpliceAI, a deep neural network designed for 

predicting splicing junctions from pre-mRNA sequences (Jaganathan et al., 2019). 

Considering that the distance between splice donors and splice acceptors can be 

thousands of nucleotides long, SpliceAI used 10kb flanking sequences centered on the 

splicing donor or acceptor as input and included 32 dilated convolutional layers in the 

architecture to capture the information that spans long genomic distances. Jaganathan et 

al. also applied the precise prediction of splicing junctions to predict noncoding genetic 

variants that affect splicing. Zeng et al. presented Pangolin, another model based on 

dilated convolutional neural networks for predicting splicing (T. Zeng & Li, 2022). Pangolin 
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presents improvements over SpliceAI by making the model work in a tissue-specific 

manner and can predict both the usage and probability of splicing. 

 

1.2.3.4 Variant effect prediction 
Predicting which variants are potentially functional is another key application of machine 

learning in genomics. Ritchie et al. presented a tool called genome-wide annotation of 

variants (GWAVA), which used a Random Forest algorithm to predict which non-coding 

variants are linked to disease based on various variant-specific annotations including 

open chromatin data, TF binding and histone modifications (Ritchie et al., 2014). GWAVA 

achieved an AUC score of 0.85 when testing on the variations marked as regulatory 

variants from the Human Gene Mutation database (HGMD). Kircher et al. proposed a 

Combined Annotation Dependent Depletion (CADD) framework, which integrates diverse 

variant annotations into a C score (Kircher et al., 2014). They trained a support vector 

machine with CADD scores to classify pathogenic variants from common variants and 

found this model outperformed the models trained using other scores, such as 

conservation scores. Furthermore, Rentzsch et al. introduced splicing scores into CADD 

to improve the detection of pathogenic variants (Rentzsch et al., 2021). They incorporated 

splicing scores from MMSplice and SpliceAI as features into CADD and developed 

CADD-Splice demonstrated superior performance compared to the original CADD model 

when tested on Multiplexed Functional Assay of Splicing using Sort-seq (MFASS) data, 

which encompasses variants that influence RNA splicing. Wang et al. introduced the 

expression modifier score (EMS) for predicting the cis-regulatory effect of the variants in 

human (Q. S. Wang et al., 2021). They derived EMS by training a Random Forest model 

with 6121 features based on variant annotations. EMS outperformed previous models 

such as CADD, etc., in predicting the putative causal whole-blood eQTLs from GTEx.  

 

Instead of using variant annotations as features, Lee et al. trained a support vector 

machine with 10-mer DNA sequences directly to predict the impact of regulatory variants 

(Lee et al., 2015). Their model achieved greater accuracy in predicting SNPs associated 

with DNase I hypersensitivity than previous methods including GWAVA. Similarly, Zhou 

et al. also utilized regulatory sequence information and developed DeepSEA, a deep 
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convolutional neural network-based framework, for predicting the functional effects of 

non-coding variants (Zhou & Troyanskaya, 2015). They divided the genome into 200-bp 

segments and used 1000-bp sequences centered on these segments as the model input. 

Performance of DeepSea surpassed that of previous models, such as GWAVA, when 

testing on HGMD regulatory variants. Later in 2018, Zhou et al. developed another deep 

learning sequence-based model Expecto that can accurately predict the transcriptional 

effects of variants in different tissues (Zhou et al., 2018). They utilized their model to 

prioritize causal variants within all available GWAS loci associated with diseases or traits. 

The difference between DeepSEA and Expecto is that Expecto focuses on predicting 

variant effects on gene expression, whereas DeepSEA can predict variant effects that are 

not significantly associated with gene expression.  

 

Some studies have also focused on the imbalance problem between the amount of data 

available for functional variants and all variants when predicting functional variants using 

machine learning models. Schubach et al. presented a method called HyperSMURF to 

deal with imbalanced data for disease-associated variant prediction (Schubach et al., 

2017). They used a sampling method on the imbalanced dataset and trained a Random 

Forest model on the balanced data. HyperSMURF outperformed other imbalance-

unaware methods like DeepSEA on the imbalanced data on Mendelian disease variants. 

To deal with the scarcity of experimentally annotated data, Jia et al. developed a semi-

supervised deep learning method SSL_dnn for predicting functional non-coding variants 

(Jia et al., 2021). Different from the supervised methods, which use labelled variant 

datasets to train the model, semi-supervised methods use a small number of labelled 

variants bolstering a larger amount of unlabelled data. They assessed the performance 

of their model using the data from human cell lines GM12878, HepG2 and K562 and 

compared with other supervised models, SSL_dnn showed the higher AUC. 

 

1.2.3.5 Gene expression and regulation prediction 
Predicting gene expression and regulation is one of the major applications of machine 

learning in genomics. Since non-coding functional variants can have an impact on gene 

expression and affect downstream phenotypes, these gene expression and regulation 
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predictors are usually further applied to variant effect prediction. Kelley et al. used a deep 

CNN to implement an architecture for predicting chromatin profiles (Kelley et al., 2016). 

They trained the model using DNase-seq data to extract signal features. Subsequently, 

Kelley et al. modified the architecture of Basset by adding multiple densely connected 

dilated convolution layers to capture information across long distances of the DNA 

sequences and developed Basenji for gene expression prediction (Kelley et al., 2018). 

Unlike Basset, Basenji can accept much larger DNA regions as input and it is trained and 

tested using data from various assays including CAGE, DNase-seq and ChIP-seq. 

 

Avsec et al. proposed another machine learning architecture, called Enformer, that can 

predict how DNA sequence affects gene expression (Avsec et al., 2021). They utilized a 

popular neural network architecture in natural language processing which is based on a 

self-attention mechanism that can capture long-distance information (up to 100kb) from 

the sequence data. This mechanism helps overcome the limitations of the traditional 

neural networks used in approaches like Basenji, where distal regulatory elements are 

ignored in the model. Enformer outperformed Basenji2 on four different assay types: 

CAGE, transcription factor ChIP-seq, histone modification ChIP-seq, DNase-seq/ATAC-

seq. Furthermore, Avsec et al. also demonstrated the potential of utilizing Enformer 

predictions for predicting variant effects. Chen et al. developed a deep learning model 

Sei, which can predict 21,907 chromatin profiles across different tissues and cell lines (K. 

M. Chen et al., 2022). These predicted chromatin profiles are then integrated and applied 

to develop a global map of regulatory activities, which assigned genomic sequences with 

40 different sequence classes including cell type-specific enhancer classes, promoter, 

CTCF-cohesin. Moreover, these sequence classes can also be used for quantifying the 

impact (increase, decrease, no change) of the variants on specific regulatory activities. 

 

1.2.3.6  Variant calling 
Accurate variant calling from billions of error-prone, short sequence reads is a challenge 

work and thus researchers have tried to utilize machine learning approaches to improve 

variant calling from sequence data. DeepVariant is a variant calling technique based on 

deep neural networks (Poplin et al., 2018). It uses pileup images of reads aligned to the 
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reference genome around each candidate variant as inputs to train an inception 

architecture deep learning model. DeepVariant outperformed a commonly used variant 

calling tool GATK (McKenna et al., 2010) when testing on the Platinum Genome Project 

NA12878 data. Ramachandran et al. designed another neural network-based 

architecture called HELLO aiming at solving small variant calling tasks (Ramachandran 

et al., 2021). Instead of using pileup images, HELLO designed deep neural networks that 

can accept sequencing data directly. HELLO achieved better false positive and false 

negative scores in predicting indels compared to DeepVariant, and it outperformed GATK 

when tested on SNV calling. 

 

Luo et al. proposed Clairvoyante, a CNN-based architecture for multi-task variant calling 

using single-molecule sequencing (SMS) reads, which can also predict variant type, 

zygosity, alternative allele and indel length (Luo et al., 2019). Clairvoyante shows a high 

F1-score on variant calling from both common variant sites and genome-wide. Khazeeva 

et al. developed DeNovoCNN, a CNN-based approach for de novo mutations calling 

(Khazeeva et al., 2022). DeNovoCNN uses encoded alignments of sequence reads as 

input to a CNN. Compared to existing variant calling approaches including GATK and 

Samtools (H. Li et al., 2009), DeNovoCNN achieved higher recall/sensitivity and precision 

when trained and tested on the Genome in a Bottle reference dataset (Zook & Salit, 2011). 

Furthermore, DeNovoCNN demonstrates robustness across various exome sequencing 

approaches, as indicated by its consistent test performance with different sequencing 

data. 

 

1.3 Conclusion 
Functional variants are important drivers of many diseases and traits in mammals. They 

can have a direct impact on the amino acid code or affect gene regulation to influence 

downstream phenotypes. Although some studies like GWAS have identified genomic loci 

that are associated with specific phenotypes, the accurate recognition of actual causal 

variants in the region of interest remains a challenge due to factors such as linkage 

disequilibrium. Computational methods such as machine learning approaches can 

therefore be applied to help improve the detection of the functional variants.  
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Machine learning is one of the most popular applications in artificial intelligence where 

the algorithms are trained with known data, learn from experience and make predictions 

based on learned knowledge. According to different learning styles, machine learning 

algorithms can be further divided into supervised learning, unsupervised learning and 

semi-supervised learning. The common first step in a machine learning project is to figure 

out the problem to be solved, collect relevant data and extract features that are 

informative. Then the initial features are preprocessed through feature engineering 

processes to be compatible with the machine learning algorithms of choice. Different 

machine learning models are constructed based on the purposes of the tasks and the 

characteristics of the feature tables. The performance of the model can be further 

improved by hyper-parameter tuning.  

 

To date, machine learning has been widely used in solving problems in genetics and 

genomics, such as genomic elements identification, variant effect prediction, gene 

expression and regulation prediction, and variant calling. Most of the machine learning-

based models have outperformed previous models based on traditional computational 

methods. These successful applications have shed lights on the potential of using 

machine learning in predicting functional variants, though most have been focused on 

humans. 

  

1.4 Aims and objectives 
Although a lot of work has been done in predicting functional variants, most of it is 

restricted to predicting variants directly linked to downstream diseases or traits. Moreover, 

most studies are based on human data and use a single category of machine learning 

algorithm to build the prediction model. Therefore, the aim of this study is to develop a 

more comprehensive model for predicting mammalian functional variants to improve the 

detection of novel functional variants, especially in less well annotated species such as 

livestock. 

 

To be specific, my research objectives are: 
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1. To develop a reusable variant annotation pipeline based on Nextflow and a machine 

learning pipeline based on scikit-learn. The variant annotation pipeline can annotate 

variants not only in human but also in other mammalian species according to different 

properties. The machine learning pipeline includes feature pre-processing, feature 

selection and model training processes. 

2. Apply approaches to predict where human variants have a direct orthologue in a 

livestock species and explore the characteristics of human variants with livestock 

orthologues. 

3. Demonstrate the utility of the features from the annotation pipeline for predicting 

mammalian functional regulatory variants using machine learning approaches in both 

human and cattle. 
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Chapter 2 Reusable variant annotation pipeline 
based on Nextflow 
2.1 Introduction  
2.1.1. Variant annotation resources and tools 
Variant annotation is a crucial step in genomic sequence analysis as it assigns functional 

information to DNA variants. The primary aim of variant annotation is to gather sufficient 

information, both at variant and gene level, to provide insights into the context of the 

mutation (Hebbar & Sowmya, 2022). This information is valuable for further variant 

analysis, including machine learning-based approaches. Variant-level annotation 

encompasses various aspects such as the variant’s location, its frequency and expected 

impact. Additionally, incorporating gene-level data, such as gene function, gene 

expression pattern, is beneficial in the annotation process, especially for the annotation 

of challenging variants, including newly discovered ones (Hebbar & Sowmya, 2022).  

 

Variant annotation relies on the utilization of various datasets and databases that contain 

genomic data and annotations. Ensembl, a genome annotation database developed 

jointly by the European Bioinformatics Institute and the Wellcome Trust Sanger Institute, 

is among the most prominent databases, consolidating genomic and biological data for 

easy access (Cunningham et al., 2022). Ensembl provides a wide range of genomic data 

including DNA sequences, gene annotations, comparative genomics, variant information 

and regulation data. Furthermore, Ensembl provides flexible ways for accessing the data, 

including the use of a REST server interactive access via BioMart, in addition to the 

traditional FTP site. The UCSC Genome Browser database is another broadly used tool 

for exploring genomic data (Karolchik et al., 2003). It contains a vast collection of genome 

assemblies and genomic annotations. Both these databases offer comprehensive 

collections of genomic data while Ensembl has broader multi-species support and 

includes a wider range of organisms compared to the UCSC Genome Browser database. 

Besides, Ensembl integrates more external data sources from diverse projects, thereby 

expanding the categories of information available within the Ensembl database 
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(Cunningham et al., 2022; Nassar et al., 2023). In addition to these comprehensive 

databases, there are some repositories specifically focused on genomic variant 

information, primarily tailored for humans. For example, the Single Nucleotide 

Polymorphism Database (dbSNP) is a public repository that contains information about 

various types of variants including single nucleotide polymorphisms (SNPs), 

insertions/deletions and structural variations (Sherry et al., 2001); the Genome 

Aggregation Consortium (gnomAD) provides annotations of a vast collection of variants 

obtained from diverse populations, placing particular emphasis on allele frequencies and 

population specific information (S. Chen et al., 2022). 

 

There are various variant annotation tools developed based on these genomic databases, 

each with different emphases. Wang et.al developed ANNOVAR, which is specifically 

designed for annotating single nucleotide variants (SNVs) and insertions/deletions, 

primarily based on the UCSC Genome Browser Database  (K. Wang et al., 2010). This 

tool enables the examination of variants’ functional consequences on genes, identification 

of variants in conserved regions, etc. To be specific, ANNOVAR offers three types of 

annotations: gene-based, region-based and filter-based. Gene-based annotations 

provide information about specific variants affecting known genes. Region-based 

annotations indicate whether variants overlap with specific regions of interest. Filter-

based annotations involve the process of comparing and filtering variants against known 

variant databases. VARIANT, a variant analysis and annotation tool proposed by Medina 

et.al, can provide information on identified variants, including consequence types and 

other annotations extracted from various databases such as dbSNP (Medina et al., 2012). 

In addition to the basic information, VARIANT also generates diverse annotations that 

encompass details regarding the regulatory roles, such as transcription factors and 

structural roles, as well as information on the selective pressures acting on the sites 

impacted by the variant. Another widely used annotation tool is Ensembl Variant Effect 

Predictor, also called VEP, which is a robust toolset designed for annotating and 

prioritizing genomic variants in both coding and non-coding genome regions (McLaren et 

al., 2016). VEP can annotate not only sequence variants including SNVs, insertions, 

deletions, etc., but also structural variants with more than 50 nucleotides. It provides 
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comprehensive annotations for the input variants, including detailed information on their 

effects on transcripts, proteins, and regulatory regions. It also incorporates allele 

frequencies and phenotype information for those known variants.  

 

Although these annotation tools can provide a wealth of information about the variants, 

the annotations they provide are more generic and may not be fully tailored for specific 

downstream analysis such as machine learning. Furthermore, these annotation tools 

exhibit bias towards humans, underscoring the need for a tool capable of annotating other 

mammalian species. 

 

2.1.2 Bioinformatics workflow management systems and data review 
guidelines 
Variant annotation tools typically require a series of interconnected tasks and analysis 

steps, often implemented using a combination of different tools and scripts. However, 

manually managing these processes can be time-consuming and error-prone. To 

overcome these challenges, it is essential to utilize workflow management systems 

specifically designed for organizing and executing complex processes involved in the 

analysis of large-scale biological data. These systems provide structured frameworks that 

ensure efficient and systematic management of variant annotation processes, facilitating 

easy reproducibility of these analyses. 

 

Nextflow is an open-source workflow management system that streamlines the 

development and deployment of computational pipelines that involve handling large 

amounts of data (Di Tommaso et al., 2017). Nextflow offers a solution with its expressive 

domain-specific language (DSL) and intuitive dataflow programming model that allows 

users to code in their preferred programming language and adapt existing scripts to the 

workflows. Furthermore, Nextflow adopts a container-based approach and abstracts the 

compute environments from the pipeline logic which ensures the portability of the 

workflow, providing users with more flexibility in choosing their deployment environment. 

Additionally, Nextflow incorporates configurable retry logic and continuous checkpoints to 

enhance the reliability and predictability of workflows. To be specific, Nextflow pipelines 
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possess the capability to resume execution from the last successfully completed step if 

an error occurs, minimizing the need for redundant computations. This feature is 

particularly useful for workflows that involve computationally-intensive and time-

consuming tasks. Moreover, Nextflow automatically handles the distribution of data and 

computation across multiple processes, alleviating users from the burden of implementing 

explicit parallelization strategies. 

 

Snakemake is another workflow management system that simplifies the development and 

execution of data analysis workflows (Köster & Rahmann, 2012). It defines workflows as 

directed acyclic graphs (DAGs) based on a Python-based language, where jobs are 

represented as nodes and dependencies between the jobs are represented as edges. 

According to the dependencies, Snakemake can determine the execution order of the 

jobs automatically. One of the key advantages of Snakemake is its ability to manage data-

driven workflows by automatically recognizing alterations in input files and selectively re-

executing relevant parts of the workflow to improve efficiency.  

 

Although both Nextflow and Snakemake offer similar advantages, such as parallelization, 

compatibility, and portability, Nextflow distinguishes itself by providing built-in support for 

these features, while Snakemake may require more manual configuration. In contrast, 

Snakemake may need additional steps to attain equivalent functionality. As a result, 

Nextflow has gained popularity, particularly in large-scale projects, leading to an 

expanding collection of reusable pipelines and a more active community. For example, 

nf-core is one of the most comprehensive communities, comprising a collection of 

Nextflow analysis pipelines (Ewels et al., 2020). 

 

As mentioned before, variant annotation work includes the organization of genomic data 

from various sources. Therefore, some guidelines could be helpful for reviewing collected 

data. PRISMA (Preferred reporting items for systematic reviews and meta-analyses) is a 

comprehensive checklist that ensures transparent and complete reporting of systematic 

reviews and meta-analyses (Moher et al., 2009). The PRISMA checklist includes 27 items, 
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such as information sources, search strategy, and selection process, making it a valuable 

guideline for ensuring quality and comprehensive data review in variant annotation.  

 

2.1.3 Objectives 
The objective of this chapter was to design and implement a new variant annotation 

pipeline based on Nextflow, with the goal of creating a reusable workflow suitable for 

annotating single nucleotide variants in various mammalian species, with a particular 

focus on use for downstream machine learning projects. This pipeline was designed to 

incorporate a wide range of annotations including evolutionary conservation scores, 

variant position properties and variant consequences. The annotations generated by this 

pipeline serve as valuable resources that can be subsequently utilized in downstream 

machine learning approaches for functional variant classification. 

 

2.2 Materials and methods 
In this section, a detailed exposition is provided on the acquisition processes for different 

categories of variant annotations. Following that, the implementation of the variant 

annotation pipeline using the Nextflow workflow management system is described.  

 

2.2.1 Sequence conservation 
Sequence conservation is an important annotation as it provides valuable insights into 

the functional importance of genetic variants. Variants in conserved regions are more 

likely to be functional, as by definition if a region is conserved, genetic variants at the 

locus are not well-tolerated. Indicating that they may be associated with important 

biological processes such as gene regulation. Conversely, variants occurring in non-

conserved regions are less likely to be functional. Therefore, conservation scores may 

provide useful information when prioritizing functional variants. In this study, two types of 

conservation scores, phastCons and phyloP, were included. The phastCons score at each 

base, with values between 0 and 1, is the posterior probability that each base belongs to 

a conserved element (Siepel et al., 2005). The higher the score, the more conserved the 

position. The phyloP score reflects the evolutionary conservation at each site, where a 
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positive value indicates that evolution is slower than expected and the corresponding site 

is conserved, while a negative value indicates faster evolution (Pollard et al., 2010). 

 

2.2.1.1 Human conservation scores 
To obtain human conservation scores, I initially attempted to use the GenomicScores 

package in Bioconductor. However, this package was found to be highly inefficient. 

Considering the requirement to annotate large datasets, bigWig files for 

phastCons100way, phastCons30way, phyloP100way, phyloP30way were downloaded 

directly from UCSC (http://hgdownload.cse.ucsc.edu/goldenpath) and the package 

pyBigWig v0.3.17 (Ramírez et al., 2016a) in Python was used to extract the score for 

each variant from the bigWig files.  

 

2.2.1.2 Mammalian species conservation scores 
For other mammalian species, phastCons and phyloP scores were not publicly available. 

Therefore, the 241-way mammalian alignment from the Zoonomia project was used to 

calculate the conservation scores for other mammalian species (Armstrong et al., 2020). 

Cattle was used as an example animal to get the conservation scores.  

 

The 241-way mammalian alignment is a hierarchical alignment format (HAL) multiple 

alignment including 241 different mammals and was generated using Cactus (Armstrong 

et al., 2020), a reference-free whole-genome alignment program. This 806 gigabytes 

alignment file was downloaded from UCSC (https://cgl.gi.ucsc.edu/data/cactus/241-

mammalian-2020v2.hal). Figure 2.1 shows the workflow for calculating conservation 

scores based on the Cactus alignment. The basic idea of getting conservation scores is 

to compare the cattle-referenced multiple alignment with the model of neutral evolution. 

To obtain the neutral evolution model, the reference-free HAL format alignment was 

initially transformed into multiple alignment format (MAF) by chromosome, with the cattle 

genome serving as the reference genome. This conversion was accomplished using the 

hal2maf command-line tool from HAL toolkit v2.4.0 (Hickey et al., 2013). Meanwhile, the 

general feature format (GFF) file for the corresponding cattle genome (Btau_5.0.1, NCBI 

RefSeq assembly: GCF_000003205.7) included in the Cactus alignment was 

https://cgl.gi.ucsc.edu/data/cactus/241-mammalian-2020v2.hal
https://cgl.gi.ucsc.edu/data/cactus/241-mammalian-2020v2.hal
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downloaded from NCBI (https://www.ncbi.nlm.nih.gov). The chromosome names in the 

GFF file were changed to match with the chromosome names in the MAF alignment and 

only the coding sequences (CDS) were extracted from the GFF file. Subsequently, the 

bed files containing the CDS and the MAF files for each chromosome were used as inputs 

of the msa_view command-line tool from the PHAST v1.5 package (Hubisz et al., 2011) 

to extract four-fold degenerate sites (4d sites) in sufficient statistics (ss) format. The 4d 

sites refer to genomic positions where coding mutations result in synonymous changes, 

meaning that nucleotide changes at these sites do not lead to changes in the cognate 

protein sequence and are therefore traditionally used as neutrally evolving sites. The 4d 

sites from each chromosome were combined using msa_view tool (Hubisz et al., 2011) 

to obtain a unified file containing all the 4d sites across the genome that can be utilized 

for generating the neutral model. The phylogenetic tree was obtained from the HAL 

alignment using halStats tool in HAL v2.2 toolkit (Hickey et al., 2013) and the branch 

lengths were removed. 

 

Initially, the entire 4d sites file and the phylogenetic tree were used as inputs of the 

phyloFit tool from PHAST v1.5 (Hubisz et al., 2011) to estimate the neutral model. 

However, this process exceeded the time limit (28 days) of the university compute server 

Eddie (Edinburgh Compute and Data Facility Web Site, 2021). Therefore, the CDS files 

for cattle were subjected to a random down-sampling procedure, reducing them to 40% 

of their original size. Subsequently, the aforementioned processes were repeated to 

obtain a down-sampled 4d sites file and the neutral model. In the phyloFit command, the 

default nucleotide substitution model REV, EM algorithm and MED precision were used 

as parameter settings.  

 

After obtaining the neutral model, the conservation scores were computed using the 

phastCons and phyloP tools in the PHAST v1.5 toolkit (Hubisz et al., 2011). The 

phastCons command requires a multiple alignment, phylogenetic models for both 

conserved and non-conserved regions as inputs, with the option to estimate the 

conserved model by scaling the non-conserved model. Thus, the neutral model generated 

by phyloFit was employed as non-conserved model, with the scaling parameter rho set 

https://www.ncbi.nlm.nih.gov/
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to the default value of 0.3. The phyloP command requires a multiple alignment and a 

phylogenetic model as inputs. The chosen method in phyloP for calculating the 

conservation scores was the likelihood ratio test (LRT), with the mode set to CONACC. 

In this mode, positive values were employed to denote conservation and negative values 

were for acceleration. Besides, the wig-scores option was specified to get base-by-base 

phyloP conservation scores. These parameter choices were inspired by the settings used 

in calculating the human phastCons100way and phyloP100way. Due to the computational 

intensity involved in calculating phyloP scores, the MAF files for each chromosome were 

further split into chunks using maf_parse from PHAST v1.5 (Hubisz et al., 2011). 

Subsequently, the results obtained for each chunk were aggregated to produce the final 

conservation file. 
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Figure 2.1 Workflow for getting phastCons and phyloP conservation scores for non-human 
mammalian species. 

As previously mentioned, the 241-way mammalian alignment utilized the Btau_5.0.1 

cattle genome assembly. To obtain conservation scores for the current cattle genome 

BosTau9 (ARS-UCD1.2), a liftover step is necessary. Although the Cactus alignment does 

offer a method to update the original alignment file using the new cattle assembly, this 

process proved to be computationally intensive and exceeded the time limit of our server. 

Therefore, the decision was made to perform the lift-over step after obtaining the 

conservation scores for the old cattle genome. As there is no lift-over chain file available 

for Btau_5.0.1 to BosTau9, nf-LO (Talenti & Prendergast, 2021) was used to produce a 

chain file. nf-LO is a Nextflow pipeline designed to facilitate lift-overs between any species, 

provided that their respective assemblies are available (Talenti & Prendergast, 2021). The 

source and target NCBI accession, GCF_000003205.7 and GCF_002263795.1, were 

provided to nf-LO. Since this is a lift-over between the same species, the aligner BLAT 

was utilized and the distance parameter was set to “near” in the nf-LO command. 

Subsequently, the lift-over was performed by chromosome using the UCSC liftOver tool 

(Hinrichs et al., 2006). 

 

2.2.2 Variant position properties 
By determining the proximity of variants to important genomic elements such as genes 

and regulatory elements, researchers can assess the potential impact of variants on gene 

function, protein structure and various biological processes more accurately. In order to 

fully capture the position characteristics of the variant, the distances between the variants 

and different genomic elements were calculated. 

 

The genomic location of CpG islands of different species was downloaded from UCSC 

and 1554 different types of human chromatin data from various tissues or cell types were 

obtained from the Ensembl FTP server (ftp://ftp.ensembl.org/pub). Distances to the 

nearest CpG island and chromatin data were calculated using bedtools v2.30.0’s “closest” 

function (Quinlan & Hall, 2010). Transcription start sites (TSS) of different species were 

obtained using the AnnotationHub v3.2.2 library from the Bioconductor project 

ftp://ftp.ensembl.org/pub/current_regulation/homo_sapiens/
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(Gentleman et al., 2004) in R and only those common TSS with biotype counts greater 

than 1000 were retained for further calculation. The human regulatory features, including 

enhancers, transcription factor (TF), CTCF binding site, were obtained from Ensembl 

using the biomaRt v2.50.3 package in R (Smedley et al., 2009). The 

annotatePeakInBatch function from ChIPpeakAnno v3.28.1 library in R was utilized to 

calculate the distances to the nearest TSS and regulatory features. It should be noted 

that the distances to chromatin data and regulatory features are specific to humans, as 

various chromatin data and regulatory features are only available for human from 

commonly used databases. Gene density per mega base pairs (1Mbp) for different 

species was also calculated using the AnnotationHub library (Gentleman et al., 2004) and 

GenomicRanges library (Lawrence et al., 2013). A 1Mbp window was defined for each 

variant and then the number of genes within this region was calculated using the 

findOverlaps function in the GenomicRanges v1.46.1 library (Lawrence et al., 2013).  

 

2.2.3 VEP annotations 
As mentioned in 2.1.1, VEP is a widely used variant annotation tool (McLaren et al., 2016). 

The VEP v105.0 command line was used to obtain two important variant annotations: 

variant consequence for different species and allele frequency for human. Variant 

consequence refers to the predicted functional impact of a genetic variant on the gene or 

the downstream protein. VEP utilizes a rule-based method to predict the impact of each 

variant and assigned a Sequence Ontology (SO) term (Eilbeck et al., 2005) to the 

predicted consequence. Additionally, VEP provides an impact rating for each 

consequence. Allele frequency denotes the frequency or prevalence at which a particular 

variant occurs within a given population. VEP provides allele frequencies from different 

populations (combined population, African, American, East Asian, European, South Asian) 

sourced from 1000 Genomes phase 3 (The 1000 Genomes Project Consortium et al., 

2015), thus making them exclusive to humans.  

 

2.2.4 Sequence context 
Sequence context of a variant refers to the DNA sequence surrounding the variant, which 

can provide information about the potential impact of the variant as specific nucleotide 
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combinations may be more likely to affect gene expression or other regulatory activities. 

In addition to the basic allele change of a variant, the 5-mer flanking sequence centered 

on the target variant was also included in the set of annotations. A length of five was 

chosen to balance sequence information content and computational efficiency in 

downstream applications. To get the 5-mer flanking sequence, the reference genomes for 

different species in fasta format were obtained from UCSC 

(https://hgdownload.soe.ucsc.edu/goldenPath). Samtools v1.12 (H. Li et al., 2009) “faidx” 

command, which is designed for querying regions from a fasta file, was then used to 

extract the flanking sequence around each variant from the reference file. 

 

2.2.5 Predicted functional genomic data based on Enformer 
In addition to these annotations generated using conventional tools or databases, 

functional genomic data predicted by Enformer was also incorporated as a set of 

complementary annotations. As introduced in 1.2.2.3, Enformer is a deep learning 

architecture designed for predicting how DNA sequence influences gene expression 

(Avsec et al., 2021). The Enformer model was trained using human and mouse genomic 

intervals (196,608 bp). Each human example within the training set contained a 

comprehensive set of 5313 genomic tracks, including transcription factor chromatin 

immunoprecipitation and sequencing (TF ChIP-seq), histone modification ChIP-seq, 

DNase-seq, ATAC-seq and CAGE tracks. Each mouse genome contained a collection of 

1643 genomic tracks. In this study, the pre-trained human model was utilized to predict 

5313 different genomic data associated with gene expression and chromatin states for 

each variant. Moreover, because gene expression patterns and transcription factor 

binding preferences exhibit significant conservation across mammalian species (L. Chen 

et al., 2018), the pre-trained human model was also leveraged to other mammalian 

species to explore the possibility of utilizing the human-based model in other species. 

 

The machine learning library Tensorflow v2.4.1 in Python was utilized and GPUs on Eddie 

(Edinburgh Compute and Data Facility Web Site, 2021) were employed for efficiency. The 

pre-trained model was loaded from Tensorflow hub (TF-Hub) 

(https://tfhub.dev/deepmind/enformer/1) and the reference genome fasta files for different 

https://hgdownload.soe.ucsc.edu/goldenPath/hg38/bigZips/
https://tfhub.dev/deepmind/enformer/1
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mammalian species were obtained from UCSC 

(http://hgdownload.cse.ucsc.edu/goldenPath). A Python package pyfaidx v0.6.4 (Shirley 

et al., 2015) was used to index the reference genome files. The python code for running 

the pre-trained model was adopted from the Enformer GitHub page 

(https://github.com/deepmind/deepmind-research/tree/master/enformer). The pre-trained 

model loaded from TF-Hub required an input sequence length of 393,216 bp which then 

got cropped to 196,608 bp centered on the target variant in the model. Hence, the 393,216 

bp sequences centered on both the reference and alternative alleles of the target variant 

were extracted from the reference genome and encoded using the one-hot encoding 

method, where the order of indices corresponds to ‘ACGT’. The model made predictions 

for the central 114,688 bp of the input sequence, using 128 bp as a unit. Therefore, the 

prediction output for each input sequence was a 896´5313 matrix. The prediction results 

for both reference and alternative sequences were obtained, and the score for each 

variant was defined based on the differences between the reference and alternative 

prediction results. As a result, each variant was defined as a 1´5313 vector, where each 

column represents the difference of the predicted genomic data between the reference 

and alternative sequences.  

 

2.2.6 Variant annotation pipeline structure based on Nextflow 
To facilitate the reusability of the aforementioned annotation approaches, a SNV/SNP 

annotation pipeline was developed based on Nextflow. Figure 2.2 shows the basic 

structure of the annotation pipeline. The pipeline can accept variant files in common 

formats, such as VCF and BCF, as input. Additionally, it can also accept a 0-based BED-

like format with four columns, including chromosome, start position, end position, and 

variant id following the style of “chr1_10000_C_T”, where “chr1” is the chromosome name, 

“10000” is the variant position, “C” represents the reference allele and “T” represents the 

alternative allele. The input file in VCF or BCF format is first converted to the 0-based 

BED format in the pipeline since most annotation approaches require an input file in the 

0-based BED format. Meanwhile, according to the species and genome assembly version 

specified by users, the pipeline generates corresponding species parameters used in 

different annotation approaches for some common mammalian species including human, 

http://hgdownload.cse.ucsc.edu/goldenPath
https://github.com/deepmind/deepmind-research/tree/master/enformer
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cattle, pig and sheep. The BED-like file is then split into chunks to enable parallel 

annotation for large datasets, thereby improving annotation efficiency. 

 

After the pre-processing steps, the dataset was then fed into the annotation processes. 

The aforementioned annotation approaches were encapsulated into functions and scripts 

and called in the corresponding processes. For variant position annotations, an additional 

process for calculating the distances from the variant to other genome elements was also 

included, enabling users to utilize customized data. Due to the parallelization property of 

Nextflow, these processes can run in parallel according to the computational resources 

available in the execution environment. It should be noted that the conservation 

annotation for mammalian species other than human and cattle, as well as the Enformer 

annotations, were built as two separate and optional sub-workflows due to their high 

computational time and resource requirements. After obtaining the annotation results for 

all chunks of the input data, the pipeline collected and organized these results to generate 

the final annotation results. 

 

The default values of the parameters and profiles for different execution environments, 

including local, Eddie, were defined in the nextflow.config. The detailed settings for each 

execution environment, such as task memory, task CPU, maximum memory, were defined 

separately in the sub-configuration files. To manage the libraries and packages in the 

environment, the package management system Conda (Anaconda Software Distribution, 

2021) was utilized, and a YAML file was generated that included the required packages 

and channels. The source code for the pipeline can be found here: 

https://doi.org/10.7488/ds/7701. 
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Figure 2.2 Basic structure of the variant annotation pipeline based on Nextflow. It includes 

the main annotation workflow and two optional workflows for obtaining Enformer scores and 

conservation scores for mammalian species other than cattle and human. The two processes in 

blue are specific to humans. 

 
Table 2.1 Summary of variant annotations 

 Annotation Data source Main package Number of features 

Sequence 
conservation 

phastCons 
Human: UCSC 

Other: Cactus, NCBI 

Human: 
pyBigWig 

Other: Cactus, 
PhastCons 

Human: 2, other: 1 

phyloP Human: 2, other: 1 

Variant 
position 
properties 

Distance to CpG island UCSC bedtools 1 
Distance to chromatin data  Ensembl bedtools 1554 (Human only) 

Distance to TSS  Ensembl ChIPpeakAnno Human: 14, other: 3 
Distance to regulatory 

features  Ensembl ChIPpeakAnno 4 (Human only) 

Chromosome  - - 1 
Variant position - - 1 

Gene density (per mega base) Ensembl GenomicRanges 1 

VEP 
annotation 

Consequence 
Ensembl VEP 

1 
Allele frequency 6 (Human only) 

Sequence 
context 

Allele change - - 1 
5-mer flanking sequence UCSC samtools 1 

Enformer Predicted functional genomic 
score Enformer Tensorflow 5313 

 

2.3 Results 
2.3.1 Annotation pipeline performance 
To test the performance of the pipeline at annotating human variants, 1000 and 10,000 

variants were randomly sampled from the genome-wide set of 78 million human variants 

in the 1000 genomes project (Auton et al., 2015). For better clarity, the performance of 

the main annotation workflow and other two sub-workflows are presented separately. 

These annotation experiments were conducted on the University of Edinburgh research 

compute cluster, Eddie (Edinburgh Compute and Data Facility Web Site, 2021). The 
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experiments were performed using different numbers of cores and memory allocations to 

assess performance differences. 

To evaluate the parallelization performance of the main annotation workflow, the set of 

1000 variants was annotated using 4 cores with 16GB per core, as well as a single 64GB 

core. The chunk size was set to 200 variants. As shown in Figure 2.3 and Figure 2.4, 

each annotation process was executed 5 times due to the input dataset being split into 5 

chunks. The most time-consuming process is the calculation of the distance to chromatin 

data, primarily because of the inclusion of a large number (1544) of chromatin datasets. 

The processes in the job utilizing 4 cores with 16GB each can run in parallel, allowing the 

entire job to be completed in an elapsed time of 27 minutes and 44 seconds, where 

elapsed time denotes the duration from the starting to the ending point of a job. In contrast, 

the processes in the job utilizing 1 core with 64GB can only run sequentially, resulting in 

a total elapsed time of 1 hour, 25 minutes and 11 seconds, which is substantially longer 

than the parallelized job. Furthermore, the execution times for a specific process were 

found to be similar when comparing sequential and parallel execution, as illustrated in 

Figure 2.3, Figure 2.4, and Figure S2.1. This is mainly because, as indicated by the 

memory usage shown in these figures, it is evident that the processes do not require a 

large amount of memory, with the maximum usage of 3.6GB for the VEP process, which 

is lower than the allocated 16GB. Thus, the increased memory capacity of the 64GB core 

may not therefore have a substantial impact on execution time.  
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Figure 2.3 The timeline for all processes executed in the main annotation workflow when 
annotating 1000 variants using 4 cores with 16GB per core. The numbers on the x-axis 

represent time in absolute units. The y axis shows the process names along with their 

corresponding chunk numbers (ranging from 1 to 5, given that the chunk size is set to 200). Each 

bar in the plot represents a process and the length of the bar represents the duration time. The 

numbers on each bar represent the job wall time and the memory size peak respectively, where 

wall time refers to the elapsed time of a process. The processes run in parallel have the same 

start point. 
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Figure 2.4 The timeline for all processes executed in the main annotation workflow when 
annotating 1000 variants using a single 64GB core. 

Subsequently, the set of 10,000 variants were annotated on Eddie using 10 cores with 

16GB per core. Different chunk sizes were employed to assess their impact on the 

execution time. As shown in Figure 2.5, the elapsed time initially decreased with the 

increase in chunk size, reaching its lowest of 1000 seconds when a chunk size of 2000 

was used. However, the elapsed time gradually increased as the chunk size was further 

increased. This indicates that a smaller chunk size does not necessarily result in a shorter 

execution time. This is because using a smaller chunk size leads to an increased number 

of processes, while the limited number of available cores in the environment restricts the 

number of processes that can run in parallel. The increased number of execution rounds 
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may lead to an increase in the overall running time. Therefore, the selection of the chunk 

size needs to take into consideration both the number of available cores for parallel 

execution and the total number of variants. Figure 2.6 and Figure 2.7 shows the execution 

timeline for annotating 10,000 variants using chunk sizes of 1000 and 2000 respectively.  

Moreover, among multiple experiments, the best elapsed time for annotating 1000 

variants using 10 cores with 16GB per core was 15 minutes and 46 seconds (Figure S2.2). 

A comparable elapsed time of 16 minutes and 43 seconds (Figure 2.7) was achieved 

when annotating 10,000 variants with a chunk size of 2000 using the same computational 

resources. This slight time difference observed in annotating a dataset that is ten times 

larger illustrates that the chunking process, together with the parallelization property, 

greatly improves the annotation efficiency, making it advantageous for annotating large 

datasets. 

 

Figure 2.5 Different chunk sizes and their corresponding job elapsed times when 
annotating 10,000 variants using 10 cores with 16GB per core. 
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Figure 2.6 The timeline for all processes executed in the main annotation workflow when 
annotating 10,000 variants using a chunk size of 1000.  

 

Figure 2.7 The timeline for all processes executed in the main annotation workflow when 
annotating 10,000 variants using a chunk size of 2000.  
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cores were used. This may be attributed to the following reasons. First, running more 

processes in parallel can introduce additional overhead and coordination, as tasks need 

to be distributed and managed across the cores, which can cause an increase in the 

overall execution time. Second, resource contention such as input/output (I/O) can also 

result in slower execution. Third, this may also result from the contention for shared 

resources among the processes. Therefore, it is important to find an optimal balance that 

maximizes resource utilization and results in better performance. 

 

 

Figure 2.8 Number of cores (16GB per core) used and their corresponding elapsed times 
when annotating 10,000 variants with a chunk size of 1000 

To test the performance of the main workflow on annotating other mammalian species, 

10,000 cattle variants were randomly sampled from a set of variants generated by Dutta 

et al (Dutta et al., 2020). The job was executed on Eddie using 10 cores with 16GB per 

core and the chunk size was set to 2000. Due to the different formats of conservation 

score source files, the process of getting conservation scores from the source files for 
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annotation as shown in Figure 2.9.  
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Figure 2.9 The timeline for all processes executed in the main annotation workflow when 
annotating 10,000 cattle variants using 10 cores with 16GB per core. 

The performance of the Enformer sub-workflow was tested on Eddie using 2 GPU cores 

(NVIDIA A100) with 64 GB per core. As shown in Figure 2.10, it took 33 minutes and 12 

seconds to obtain predictions for 5313 Enformer regulatory features for 1000 variants. 

The Enformer sub-workflow can also run on CPUs but it requires much more time (10 

hours and 18 minutes when using 10 CPU cores with 16GB per core) to generate the 

predictions for the same set of variants compared to the GPU environment.  
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Figure 2.10 The execution timelines for the processes in the Enformer sub-workflow when 
annotating 1000 human variants using 2 GPU cores with 64GB per core (A) and 10 CPU 
cores with 16 GB per core (B). 

The sub-workflow for calculating conservation scores for mammalian species, except for 

humans, was utilized for obtaining the cattle conservation scores. Initially, the job failed 

at the step of estimating the neutral model due to server time constraints when using the 

4d sites file (144MB) generated from the whole GFF file. Subsequently, the sub-workflow 

was executed using the down-sampled GFF file (67MB) and it took approximately 24 days 

to complete when using 20 CPU cores with 16GB per core. It is highly recommended to 

down-sample the GFF file to improve efficiency if needed to obtain conservation scores 

for other mammalian species. 

2.3.2 Annotation results 
To further present the annotation results, distribution plots were made for some of the 

annotations for the set of 10,000 human variants (Figure 2.11 A, C, E, G, I, K, M, N) and 

the set of 10,000 cattle variants (Figure 2.11 B, D, F, H, J, L). By comparing the 

distributions of the annotations, it can be observed that the annotations for cattle and 

human have similar distributions. For example, both cattle and human phastCons score 

distribution plots exhibit a prominent peak near 0 and a smaller peak near 1, suggesting 

our newly created conservation scores for cattle resemble those previously generated for 

humans (Figure 2.11 A, B, C, D). The majority of the variants were found within 1Mb to 

the TSS and CpG island (Figure 2.11 E, F, G, H). Additionally, although in a different order, 

the top five variant consequences in both species include intron variant, intergenic variant, 

noncoding transcript variant, upstream gene variant, and downstream variant (Figure 2.11 

K, L). The different order likely partly reflects the comparatively poor annotation of genes 

and transcripts in the cattle versus human genome. The annotation pipeline is further 

applied in subsequent chapters, and in-depth analysis of the annotation results will be 

included in Chapter 3 and Chapter 4. 

 

For a clearer demonstration of the Enformer predicted scores, the predicted chromatin 

immunoprecipitation (ChIP) tracks centered on an example human variant were plotted 
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and presented in Figure 2.12. The example variant is located at position 55436460 on 

chromosome 17, with the reference allele of C and the alternative allele of A. According 

to the Enformer predictions, the alternative allele of this variant exhibited a lower ChIP 

peak in K562 cells compared to the reference allele. Consequently, the allele change was 

associated with a possible reduced binding of this transcription factor in this cell type as 

shown in track D of Figure 2.12. 
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Figure 2.11 Distribution plots for human and cattle variant annotations. The human 

annotation distribution plots are in blue, and the cattle distribution plots are in orange. Each 

distribution plot is a kernel density estimate (KDE) plot that displays the continuous probability 

density of the corresponding annotation. The marks along the x axis are the rug plot, where each 

mark represents a single quantitative variable.  
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Figure 2.12 Enformer predicted Chromatin immunoprecipitation (ChIP) track of a human 
variant chr17:55436460:C:A in K562 cell. (A) Track shows the position of the target variant. (B) 

Predicted ChIP track with the reference allele at the variant position. (C) Predicted ChIP track with 

the alternative allele at the variant position. (D) The predicted difference between the reference 

and alternative predictions. 
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Variant annotation is an important step in genomic sequence analysis as it provides 
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and slightly lowers the quality of the data for the current genome assembly. However, it 

is now feasible to generate the cattle conservation scores for 10,000 variants in two hours 

using my pipeline. In total, 98.86% of bases in the ARS-UCD1.2 cattle genome are 

assigned with conservation scores. For other mammalian species, the conservation sub-

workflow in the pipeline can be utilized to generate the corresponding conservation scores. 

For the variant position properties, distance from the variants to different genome 

elements, such as CpG island, chromatin data, TSS, and regulatory elements, were 

included. Due to the lack of source data for livestock species, distance to chromatin data 

and regulatory elements were only available for human annotations. The popular variant 

annotation tool VEP was utilized to get the variant consequences and allele frequencies. 

The 5-mer flanking sequence centered on the target variant was extracted to provide 

sequence-level information. In addition to these traditional annotations, gene expression 

scores predicted by the deep learning-based model Enformer were obtained as a set of 

complementary annotations. The summary of all annotations can be found in Table 2.1. 

These annotation approaches were then organized into a pipeline using Nextflow as the 

underlying framework to facilitate the reusability and efficiency of the annotation 

approaches.  

The performance of the variant annotation pipeline was tested on the University server 

Eddie (Edinburgh Compute and Data Facility Web Site, 2021) using different datasets 

and various computing resources. According to the annotation timelines from various 

experiments, the pipeline demonstrated the ability to annotate 1000 human variants with 

basic annotations in 15 minutes and 46 seconds, utilizing 10 cores with 16GB per core. 

Similarly, the pipeline achieved a comparable elapsed time of 16 minutes and 43 seconds 

when annotating 10,000 variants using a chunk size of 2,000 using the same 

computational environment. Additionally, it took 1 hour 44 minutes to obtain the basic 

features for 10,000 cattle variants using 10 cores with 16GB per core. The Enformer sub-

workflow performed much more efficiently when using GPUs compared to CPUs. It took 

33 minutes 19 seconds to predict genomic data for 1000 variants using 2 GPU cores with 

64GB per core, while it took over 10 hours when using 10 CPU cores with 16GB per core. 

Furthermore, the conservation score sub-workflow was highly time-consuming, taking 
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over 24 days to generate the conservation scores using the down-sampled cattle GFF 

files (40% of the original files) and the MAF files. Note, however, this needs to only ever 

be done once per species. Consequently, there would likely be merit in using our workflow 

to generate conservation scores for various livestock species that could then be made 

available to the wider community. 

A limitation of the pipeline is that it provides fewer annotations for livestock species 

compared to human. This is primarily due to the lack of available source data in 

appropriate formats, such as chromatin data and regulatory data, in livestock species. 

With further research on the livestock genome, there is potential for the pipeline to be 

enhanced and expanded to better annotate livestock variants. For example, although not 

at the same scale as the human data, the FAANG projects are generating large amounts 

of omics data for key livestock species including cattle. However, at present they have 

not been converted into a unified resource of consistently processed features as is 

available for humans via initiatives such as the Epimap project. Another limitation is that 

the Enformer sub-workflow currently only supports sequential running. The Enformer 

model was developed based on Tensorflow, which uses shared global variables to store 

and update model parameters. As a result, running multiple Enformer models in parallel 

may lead to conflicts among these shared variables. To address this problem, different 

approaches have been attempted. One approach is to define separate TensorFlow 

graphs or sessions for each model, allowing them to run independently without conflicts. 

However, this introduces compatibility issues between Tensorflow’s graph execution and 

certain functions, such as the .numpy() method in Tensorflow. Another approach is to 

specify separate GPU or CPU resources for each model, ensuring that they operate in 

isolation. However, this approach may not be feasible in certain environments due to 

limited permissions, as in the case of our server Eddie. Further research and development 

are required to find more effective solutions to achieve the parallel execution of the 

Enformer models in the Nextflow framework. 

Compared to other popular variant annotation tools such as ANNOVAR and VEP, my 

pipeline offers a wider range of annotations that evaluate the positional properties of the 

variants by calculating their distances from important genomic elements. Additionally, as 
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mentioned before, the pipeline has incorporated annotations for other mammalian 

species, including the novel cattle conservation scores. Furthermore, since the pipeline 

was built based on Nextflow, it offers greater flexibility in integrating new annotations 

compared to traditional annotation tools, thereby enhancing its adaptability. 

In conclusion, this chapter presented the design and development of a reusable variant 

annotation pipeline based on Nextflow that can be applied across different mammalian 

species. The performance of the pipeline was evaluated, highlighting its efficiency and 

effectiveness. It should be noted that this chapter primarily focused on demonstrating the 

performance of the pipeline rather than conducting in-depth analysis of the annotation 

results. Subsequent chapters have utilized the pipeline to generate features for machine 

learning approaches, delved into more comprehensive analysis of the annotations and 

explored the insights provided by the annotations in understanding specific types of 

variants, such as regulatory variants, in both human and cattle.  
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2.5 Supplementary material 

 
Figure S2.1 Box plots of processes execution time when annotating 1000 variants using 4 
cores with 16GB per core (A) and a single 64GB core (B).  
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Figure S2.2 The timeline for all processes executed in the pipeline when annotating 1000 
variants using 10 cores with 16 GB per core. 
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Chapter 3 The conservation of human functional 
variants and their effects across livestock 
species 
3.1 Introduction 
3.1.1 Power of livestock models 
Animal models, which refer to living non-human organisms used for studying specific 

aspects of human biology, play an important role in advancing biological research that is 

not feasible or ethical to conduct directly in humans. They have proven to be invaluable 

in different areas, particularly in aiding the understanding of human functional variants 

that impact downstream phenotypes. In general, small animal models, such as rodents 

and zebrafish, are currently most often used due to their cost-effectiveness, ease of 

manipulation and relatively short lifespan. However, these small animal models do have 

some limitations, including physiological differences compared to humans, which result 

in the limited translatability of findings to human clinical outcomes (Käser, 2021). 

Additionally, factors such as evolutionary turnover of regulatory elements and 

evolutionary distance also make them ill-suited for human biological research (Bourque 

et al., 2008). An alternative is to use non-human primates, which share a closer 

evolutionary relationship with humans. However, ethical considerations and high costs 

limit their use in research (Käser, 2021). Considering these factors, livestock species can 

potentially serve as better animal models than small animals and non-human primates. 

Livestock species, such as pig, sheep, and cattle, have already been utilized as animal 

models in various studies, from toxicology testing of pharmaceuticals to understanding 

human genetic diseases such as diabetes (Lunney et al., 2021; Pinnapureddy et al., 

2015).  

 

3.1.2 The issues of genome editing in livestock animal models 
Despite the advantages of livestock models, their usage is limited by the practical 

challenges of conducting genome editing in these species to study the target variants. In 
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comparison to small animals like rodents, livestock species have much longer generation 

times. Consequently, it is a very time-consuming process after performing genome editing 

in livestock species. Additionally, genome-edited animal models introduce artificially 

engineered variants, which disregard the complex interactions between these variants 

and other genes and regulatory elements. As a result, these models lack a broader 

genomic context, potentially limiting the understanding of the comprehensive impact of 

the human variants. 

3.1.3 Livestock models with naturally occurring orthologues of human 
variants 
To address the challenges posed by genome editing, an alternative approach is to use 

livestock models with naturally occurring orthologues of human variants, i.e., variants 

conserved across species, which is a relatively under-explored strategy. Naturally 

occurring orthologous human variants refer to mutations occurring and being polymorphic 

at orthologous positions across species. Livestock models with naturally occurring 

orthologous variants incorporate the variants into the animal’s entire genetic background, 

facilitating the study of intricate genetic interactions. An example of this is the use of pigs 

with naturally occurring Cystic Fibrosis Transmembrane Conductance Regulator (CFTR) 

mutations for studying Cystic Fibrosis (CF) (Meyerholz, 2016). These CF pigs exhibit 

comparable lung and gastrointestinal symptoms to those observed in human CF patients, 

making them valuable for gaining insights into the underlying mechanisms of the disease 

and evaluating potential therapies.  

3.1.4 Additional advantages of investigating naturally occurring 
orthologues of human variants 
Additionally, investigating livestock with orthologous human functional variants confers 

significant benefit to the livestock species themselves. Considerably greater biological 

data and insights have been amassed for humans in comparison to livestock species. 

The systematic examination of how human functional variants influence corresponding 

phenotypes in livestock holds the potential to yield valuable findings, contributing to the 

enhancement of production and health of domesticated animals. For example, the genetic 
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basis underlying growth and body size overlaps between human and livestock species, 

such as cattle (Bouwman et al., 2018). The investigation of relevant genetic variants, such 

as those in the Insulin-like Growth Factor 1 (IGF-1) gene, can contribute to a better 

understanding of this trait and serve as guidance for downstream breeding (Bouwman et 

al., 2018; Mullen et al., 2011). Another example is the similarities in the genetic basis of 

immune response and disease resistance between humans and pigs (Pabst, 2020). The 

investigation of genetic variants associated with immune response can help improve the 

ability to combat infectious diseases in livestock species, subsequently leading to an 

improvement in their welfare. Overall, investigating the conservation of human functional 

variants across livestock species aligns with the principles of One Health, which seeks to 

recognize the interconnection of human and animal health. 

 

Another potential advantage of studying the naturally occurring orthologues of human 

variants across species lies in its ability to offer insights into the feasibility of extending 

the utilization of limited high-quality data across diverse species in advanced 

computational approaches such as machine learning. Machine learning approaches have 

proved to be useful for predicting functional variants and their effects in humans as 

discussed in chapter 1.2.3.4. However, the adoption of machine learning in livestock 

species is rare, primarily due to the lack of reliable training datasets. By exploring the 

conservation of functional variants across species, it is possible to leverage the larger 

and higher-quality human data to other species. Additionally, it enables the application of 

transfer learning in developing machine learning models in livestock species, which 

allows knowledge gained from one domain, i.e., humans, to be transferred and utilized in 

another domain, i.e., livestock species. 

 

3.1.5 Genomic datasets 
To date, there has been limited exploration of natural orthologues of human functional 

variants and the extent to which their effects are conserved across mammalian species. 

This is partly attributed to the lack of high-quality datasets containing precise livestock 

functional variants and the absence of reliable livestock genomic data. With the 
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improvement of the datasets, the expansion of the exploration to genome-wide level is 

both feasible and necessary.  

 

The 1000 Genomes Consortium provides a comprehensive collection of common human 

genetic variations, which encompasses over 78 million human SNPs, across 2504 

individuals from 26 different populations (Auton et al., 2015). Similar genotype datasets, 

though on a smaller scale, have been generated for livestock species. For example, Dutta 

et al. identified 26,247,559 biallelic single nucleotide variants (SNV) across 79 water 

buffalos and 477 cattle, (Dutta et al., 2020). Li et al. developed the Genome Variation 

Map, which incorporates genotypes for 41 different species including pig, cat (C. Li et al., 

2021). These genotype datasets make it possible to investigate common variants across 

different species. Furthermore, various human functional variant datasets, such as the 

pathogenic variants from the Clinvar database (Landrum et al., 2018), the common 

variants linked to polygenic diseases and traits from the UK Biobank cohort (Weissbrod 

et al., 2020), and the fine-mapped regulatory variants from the GTEx project, enable the 

exploration into the conservation of these functional variants across species. Additionally, 

with the extension of the GTEx projects from humans to livestock species such as cattle 

GTEx (S. Liu et al., 2022), further comparison of the effects of the regulatory variants 

across species, both in terms of the association between the variants and the target genes, 

and the direction of the effect, becomes feasible. 

 

3.1.6 Livestock orthologous variants annotation and prediction 
Following genome-wide investigation of the conserved variants across species, it is also 

necessary to explore the underlying characteristics associated with those shared variants. 

The variant annotation pipeline developed in Chapter 2 can be utilized to annotate the 

human variants with or without orthologues in other livestock species. These annotations 

can provide insights into potential factors associated with conserved variants, such as 

their distances to different genomic elements and the sequence information of the 

variants. Furthermore, these annotations can serve as features in machine learning 

approaches, facilitating investigations into the feasibility of predicting the presence of a 

livestock orthologue for a given human variant. In addition to the prediction aspect, certain 
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machine learning approaches can offer valuable insights into feature importance, thereby 

enhancing understanding of the predominant factors influencing the prediction of 

conserved variants.  

 

3.1.7 Objectives 
The objective of this chapter was to assess the prevalence of natural orthologues of 

human variants in domesticated species. The genotype datasets for human and four 

different domesticated species including cattle, pigs, dogs, and water buffalo were first 

obtained to perform genome-wide exploration of shared variants across species. 

Employing machine learning approaches, discussed in Chapter 1, we sought to 

characterize the features related to the presence of orthologues across different species. 

Furthermore, the presence of functional variants across mammalian species, including 

pathogenic variants, common variants associated with polygenic disease and traits, and 

regulatory variants, were investigated and the conservation of their effects on 

downstream phenotypes assessed. We emphasized the potential significance of human 

functional variant orthologues as a valuable resource for enhancing the understanding of 

the genetic basis underlying both human and livestock phenotypes. 
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Abstract 
Despite the clear potential of livestock models of human functional variants to provide 

important insights into the biological mechanisms driving human diseases and traits, their 

use to date has been limited. Generating such models via genome editing is costly and 

time consuming, and it is unclear which variants will have conserved effects across 

species. In this study we address these issues by studying naturally occurring livestock 

models of human functional variants. We show that orthologues of over 1.6 million human 

variants are already segregating in domesticated mammalian species, including several 

hundred previously directly linked to human traits and diseases. Models of variants linked 

to particular phenotypes, including metabolomic disorders and height, are preferentially 

shared across species, meaning studying the genetic basis of these phenotypes is 

particularly tractable in livestock. Using machine learning we demonstrate it is possible to 

identify human variants that are more likely to have an existing livestock orthologue, and, 

mailto:james.prendergast@roslin.ed.ac.uk
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importantly, we show that the effects of functional variants are often conserved in livestock, 

acting on orthologous genes with the same direction of effect. Consequently, this work 

demonstrates the substantial potential of naturally occurring livestock carriers of 

orthologues of human functional variants to disentangle their functional impacts. 

 
Introduction 
Animal models are widely used across the biological sciences. From the development of 

vaccines and use as models of human diseases, to addressing fundamental questions 

about human biology. Importantly animal models provide the ability to test the effect of 

manipulating key variables in a controlled fashion, in ways that are not possible in human 

populations. For example, by altering the genome via genome editing. The introduction 

of variants thought to be functional in humans into animal models enables a range of 

studies, from the characterization of their downstream impacts on the expression of genes, 

to how different alleles respond to different interventions such as drug treatments.  

 

By far the most widely used mammalian animal models are rodents, due to their ease of 

handling and short generation times. But rodent models have several limitations. Most 

importantly humans and rodents are physiologically very different, with the pathogenesis 

of diseases often differing substantially between the species. This has been proposed as 

a key driver of why less than 8% of cancer studies that are based on animal models result 

in a clinical trial1. Furthermore, the sizes of rodent organs poorly match those of humans, 

and it is difficult to serially sample rodent models due to their smaller size. Although the 

use of primate models can overcome many of these limitations their use is limited by both 

cost and ethical considerations1. For these reasons livestock species have been 

proposed as more effective animal models in many scenarios2,3. Pigs in particular have a 

similar size, physiology and anatomy to humans4, and have been shown to have more 

similar gene expression patterns to humans than rodents5. As a result they are 

increasingly used in translational research, from toxicology testing of pharmaceuticals to 

the development of transgenic models of human diseases ranging from cystic fibrosis and 

diabetes to neurodegenerative disorders6. However, livestock models of human functional 

genetic variants have major drawbacks: they are expensive and time-consuming to 
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generate. As well as the substantial time and costs associated with generating and 

implanting the genome edited embryos, it is necessary to maintain the mothers through 

long pregnancies in areas suitable for genetically modified animals, with no prospects of 

recouping the costs through selling the animals afterwards. There are also further ethical 

considerations to such transgenic projects, with the public often skeptical of the merits of 

artificially introducing human variants into other species. 

 

Therefore, despite the clear merits of being able to assay the effects of human functional 

variants in livestock models, transgenic experiments come with several obstacles. Even 

among mice, the number of truly humanized models, i.e., where the directly orthologous 

mouse base or sequence has been altered to match that in humans, is low. Traditionally 

transgenic mouse models involve the random insertion of transgenes into the genome, 

meaning they lose their wider genomic context and potential impacts on downstream 

functions and mechanisms7. To properly model human functional variants, the same 

changes need to be made at orthologous locations, with both alleles present among the 

animal model.  

 

A relatively under-explored alternative to the de novo generation of animal models is the 

study of natural orthologues of human functional variants. The 1000 Bull Genomes 

Project alone identified over 84 million cattle single nucleotide polymorphisms8, meaning 

approximately 1 in every 32 bases in the cattle genome is polymorphic. This though is 

potentially an underestimate of the expected probability of a human variant having a cattle 

orthologue, as polymorphisms are known to be dependent on the underlying sequence. 

For example, CpG sites are known to be susceptible to deamination, likely raising the 

probability of such sites being polymorphic across species. This suggests there are 

potentially many natural orthologues of human functional variants, meaning the effect of 

these variants can be studied in large mammalian models, potentially at scale, without 

resorting to transgenic approaches. Supporting this idea, although rare in the literature, 

some examples of functional variants being found naturally across different mammalian 

species have already been reported. For example, a missense change linked to coat 

colour found segregating among both dogs and water buffalo9. In recent work, non-
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naturally occurring coding changes in mice and zebrafish were compared to these found 

in humans, with orthologues of human pathogenic Clinvar variants shown to more likely 

also to lead to a detectable phenotypic change in zebrafish than other variants10. To date 

there has though been little genome-wide study of the natural orthologues of human 

functional variants and the conservation of their effects across mammals. In part this has 

resulted from the fact that the precise functional variant underlying most human 

quantitative trait loci and genome-wide association loci have been unknown. However, 

high resolution functional datasets and fine-mapping approaches have begun to 

disentangle causative variants from those simply in linkage disequilibrium11,12.  

 

Studying the impact of these functional variants has the potential to inform our 

understanding of phenotypes beyond just humans. This is because livestock species are 

not only good models for humans but the reverse is also true. Substantially more 

biological data and insights have been generated for humans than livestock, and 

characterizing how human functional variants effect corresponding phenotypes in 

livestock may provide insights into how to improve the production and health of 

domesticated animals. For example, the genetic basis of stature in cattle has already 

been shown to have parallels of that in humans13,14, and better understanding functional 

variants linked to height could provide potential avenues for adjusting livestock body size. 

 

The aim of this study was, therefore, to characterize the extent to which natural 

orthologues of human variants are found in domesticated species. Using machine 

learning we characterize the features associated with the presence of orthologues across 

species, investigate the presence of functional variants linked to diseases and traits 

across mammals, and determine where their effects on downstream phenotypes are 

conserved. We highlight how orthologues of human functional variants are likely a 

valuable resource to better understand the genetic basis of both human and livestock 

phenotypes. 

 
Results 
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Extensive sharing of variants across species 
 
To investigate how often the same variants are found across species, we compared the 

78 million human SNPs identified in the 1000 genomes cohort of ~2500 diverse 

individuals15 to the variants identified in cohorts of 477 cattle9 and 409 pigs16. In total 35 

and 34 million of the human variants could be mapped to an orthologous location in the 

pig and cattle genome, respectively (Figure 1a). Of these 3.7 and 3.0% overlapped an 

orthologous variant segregating in one of these other species, with 55.5 and 55.8% of 

these showing the exact same allele change. Consequently over 1.1 million human 

variants have a direct orthologue in at least one of these two livestock cohorts. 

Intersecting the same human polymorphisms with variants in cohorts of two further 

domesticated species, 722 dogs17 and 81 water buffalo9,  revealed that 1,651,728 are 

found in at least one of these four mammalian cohorts (Figure 1b).    

 

 
Figure 1. Frequency of variant sharing across species. (a) Number of human (1000 genomes) SNPs that have a 
SNP at the orthologous location in each other species. Counts are broken down into where the SNPs have the same 

alleles across species (same site and alleles) or simply coincide, i.e. irrespective of allele change. The inset shows the 

number of orthologous SNPs expected in larger cohorts when extrapolating the curves. (b) The number of human 
variants overlapping a variant found in one or more other species with a matching allele change. The vertical bars 

indicate the number of human orthologues found across the species indicated by the dots below. The horizontal bars 

indicate the total number of orthologues in that species. The data underlying this plot can be found in Supplementary 
Data 1. 

 

a b
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The number of variants shared across cohorts from different species is expected to be a 

function of the number of samples in each cohort. To characterize this relationship we 

randomly down-sampled the pig and cattle cohorts and recalculated the observed overlap 

with the total set of human variants. As shown in Figure 1a the number of variants 

overlapping the human dataset had not plateaued for either species, suggesting larger 

cohorts would continue to identify even more orthologues of human variants. For example, 

extrapolating the results to 5000 samples in corresponding cohorts suggests over 

840,000 pig and 1,000,000 cattle orthologues of human variants would potentially be 

detected (Figure 1a). As expected, sample diversity/relatedness is also an important 

factor with more diverse cohorts leading to more orthologous variants being identified 

(Supplementary Figure 1). This suggests exact orthologues of several million human 

variants are naturally segregating among livestock species. 

 

Modelling the distribution of shared variants across the genome 
 

Using 1589 different human annotations (Table 1), including sequence conservation, 

chromatin context, and the distance to genome features such as genes, we investigated 

whether these features were linked to whether human variants had livestock orthologues. 

Several factors were associated with the probability of a human SNP having a cattle 

orthologue, including their distance to known genes and chromatin, and sequence context. 

For example, human variants with a cattle orthologue are more likely to involve a C to T 

change than those without a corresponding cattle orthologue (Figure 2a). C to T changes 

in mammalian genomes are commonly caused by the known hypermutability of CpG sites, 

whereby CpG sites are highly susceptible to deaminate to TpG18. The elevated mutation 

rates of these sites consequently likely increases the chance of the same change 

occurring across lineages. More generally, human changes with a G:C base pair within 

their 5-mer flanking sequence are more likely to have a cattle orthologue than those with 

an A:T base pair at the same position (Figure 2b). A notable exception to this is where a 

guanine is found 5 prime of the human SNP site, with such changes less likely to have 

an orthologous SNP at the same position in cattle (Figure 2b). Variants with orthologues 
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are also more likely to be enriched near specific genes such as processed pseudogenes 

and snoRNA, and around certain chromatin marks (Figures 2c, d). 

 
 Annotation Data source Encoding  

method 
Number of 
features 

Number of columns 
after encoding 

Sequence 
conservation 

phastCons100way 

UCSC genome 
annotation database 

- 1 1 

phastCons30way - 1 1 

phyloP100way - 1 1 

phyloP30way - 1 1 

Variant 
position 
properties 

Distance to CpG island UCSC genome 
annotation database - 1 1 

Distance to chromatin data a Ensembl  - 1554 1554 

Distance to TSS b Ensembl - 14 14 

Distance to regulatory  
features c Ensembl - 4 4 

Chromosome - One-hot 
encoding 

1 22 

Variant position - - 1 1 

Gene density  
(per megabase) Ensembl  - 1 1 

VEP 
annotations 

Consequence 
Ensembl  

One-hot 
encoding 1 34 

Allele frequency d - 6 6 

Sequence 
context 

Allele change Ensembl 
Self-defined 

encoding 

1 8 

5-mer flanking sequence UCSC genome 
annotation database 

1 20 

a  Distance to 1554 different chromatin data types from Ensembl (regulatory build of hg38).  
b  Distance to TSSs within 14 common biotypes (e.g. protein coding, lncRNA etc. Those with a frequency in the genome 
of >= 1000). 
c  Regulatory features include enhancer, promoter, CTCF binding site, TF binding site. 
d A total of six allele frequencies from the 1000 genomes combined population and the African, American, East Asian, 
European and South Asian populations separately. 
  
Table 1. Variant annotations used in the modelling and their encoding method. In total 1589 features were used 

in the machine learning models to assess whether they were linked to the probability of a variant being found across 

species. These broadly fell into one of four categories and after encoding (conversion of categorical data to integer 
format) there were a total of 1669 features tested in the modelling. 
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Figure 2. The characteristics of human variants with cattle orthologues. The association of 1,395,750 human 
variants with different genomic features is shown (697,875 human variants with orthologues in cattle and an equally 

sized random sample of 697,875 human variants without known orthologues in cattle). (a) Number of variants with or 

without orthologues by their observed allele changes (reference > alternative). The data underlying this plot can be 
found in Supplementary Data 2. (b) Number of SNPs with different 5-mer flanking sequences among variants with or 

without orthologues. Each circle represents a 5-mer flanking sequence with a specific base at a certain position, and 

the circle colour indicates whether the specific base is C/G or A/T. The black dashed line represents parity, i.e., where 
the number of SNPs with orthologues equals the number of SNPs without known orthologues. All the 5-mer sequences 

are significantly different between the groups at a p-value less than 2.2x10-16 (Chi-Squared test). (c) Density plots of 

distances of variants with or without orthologues to processed pseudogenes and snoRNAs (plot restricted to within 
10kb). Distances of variants to processed pseudogenes and snoRNAs are different between groups at p-values less 

than 3.2x10-5 (Two-sample Kolmogorov-Smirnov test). (d) Density plot of distance between variants with or without 

orthologues to chromatin regions marked by H3K9ac in the human H9 cell line (plot restricted to within 10kb). Distance 
to these regions is different between groups at p-value less than 1.8x10-3 (Two-sample Kolmogorov-Smirnov test). The 

data underlying this plot can be downloaded from https://doi.org/10.6084/m9.figshare.20401851. 
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We investigated the extent to which it is possible to use these genomic annotations 

together to predict whether a human variant will have an orthologue in a livestock species. 

To do this, we used 140,000 human variants with or without a cattle orthologue and trained 

three tree-based machine learning models (Random Forest, XGBoost and CatBoost, see 

methods) on the 1589-human genomic features (Table 1). To compare the performance 

of these models at discriminating human variants with and without cattle orthologues we 

tested the models on a further 60,000 human variants that had not been included in the 

original training data. As shown in Figures 3a and 3e, CatBoost outperformed the other 

models with an area under the receiver operating characteristics (AUC) score of 0.69, an 

accuracy of 0.64 and an F1 score of 0.70. These results suggest that the genomic 

annotations of the variants contain discriminating information that makes it possible to 

identify which human variants have a higher probability of having an orthologue in another 

species. 
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Figure 3. Machine learning models of orthologous variants. (a) Receiver operating characteristic (ROC) curves of 

Random Forest, XGBoost and CatBoost models trained and tested using human variants with and without orthologues 
in cattle. The numbers in the legend are area under the receiver operating characteristics (AUC) scores of the different 

models. AUC reflects a model’s general ability of distinguishing between the classes, the closer to 1 the better the 

model performance. Values of 0.5 would reflect a model not able to differentiate between variants with and without 
orthologues. (b) ROC curves of CatBoost models trained and tested using human variants with and without orthologues 

in cattle; pig; pig or cattle; pig, cattle, dog or water buffalo (cross species). (c) ROC curves of CatBoost models trained 

using human variants with and without orthologues in cattle; pig or cattle; pig, cattle, dog or water buffalo, but tested 
using human variants with and without orthologues in cattle. (d) ROC curves of CatBoost models trained using human 

variants with and without orthologues in pig; water buffalo; pig or cattle, and tested using human variants with and 

without orthologues in water buffalo. (e) Summary statistics of the experiments. Tables correspond to the same analyses 

shown in plots A to D respectively in the same order. (f) Feature heatmap of CatBoost, XGBoost, Random Forest 
models trained and tested using human variants with and without orthologues in cattle. Thirty important features are 

included in the figure, with lighter colour indicating greater importance in that model. (g) SHAP summary plot19 of the 

CatBoost model trained using human variants with and without orthologues found in any of cattle, pig, dog and water 
buffalo. A SHAP plot shows the relationship between feature values and their impact on model predictions. Features 

are ranked in descending order according to their importance on the left. The colour represents low (in blue) and high 

(in red) value of the feature and the effect of their values on the output of the model is reflected by their positions on 
the x-axis. For example, lower phyloP100Way conservation scores (as indicated in blue) are associated with an 

increased probability of a human variant having an orthologue in another species (being higher on the x axis). The 

SHAP values underlying this plot can be downloaded from https://doi.org/10.6084/m9.figshare.20730370. The data 
underlying Figure 3 can be downloaded from https://doi.org/10.6084/m9.figshare.20401851. 

 

Models trained on human variants with orthologues in other species, such as pig, could 

predict the presence of orthologues in these other species with similar accuracies as the 

cattle specific models (Figures 3b,c,e). Likewise models trained on human variants with 

orthologues in given species were largely as accurate at predicting orthologues in 

completely different species (Figures 3d,e). This suggests the features associated with 

orthologous variants are fundamental across mammals. 

 

Comparison of the top 30 most important features of the three different modelling 

approaches shown in Figure 3a found that the allele change, 5-mer flanking sequence 

and conservation score (phyloP100way) were consistently three important features 

(Figure 3f). Figure 3g shows the top 30 most important features of the cross-species 

model, i.e. trained using human variants with an orthologue in any of the tested livestock 

species, and how their values affect the predictions of the model. Sequence conservation 

is the most important variable, with human variants in less-conserved regions more likely 

https://doi.org/10.6084/m9.figshare.20401851
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to have an orthologue in another species. This is consistent with mutations in these 

regions less often being removed, increasing the probability of the same change occurring 

in different mammalian lineages. As well as the type of base change the flanking 

sequence disproportionately contributes to the model performance, with a G base at the 

position immediately downstream of the polymorphic site (NNNGN) associated with an 

increased probability of the same change being observed in the other species, consistent 

with the preferential deamination of CpG sites. 

 

Animal models of human pathogenic variants 
 

Although over a million human variants have a livestock orthologue (Figure 1), the 

modelling results above highlight that these disproportionately fall in less conserved, and 

consequently most often non-functional, genomic regions. This raises the question as to 

how many naturally occurring livestock models of functional human pathogenic variants 

exist. To characterize specifically how many human pathogenic mutations are segregating 

in other livestock species we first extracted 89,158 SNPs from the human Clinvar20 

database labelled as “pathogenic” or “likely pathogenic”. Being mostly found in conserved 

coding regions, the overwhelming majority (99.4% and 94.1%) of these variants could be 

successfully mapped to an orthologous position in the Cow (BosTau9) and Pig (SusScr3) 

genomes. Using the data from the same cow and pig cohorts we identified how often 

these variants overlapped an orthologous variant segregating in one of these other 

species. In total 1290 Clinvar variants overlapped a variant in the cow dataset and 767 in 

the pig cohort, of which 253 and 212 respectively also showed the exact same allele 

change observed in humans. In agreement with the modelling results, these numbers 

differ from those expected from the background numbers. Not only is the number of 

Clinvar variants with an orthologue in one of these livestock species substantially lower 

than expected given the number of all human variants with an orthologue in pig or cattle, 

but also where a variant does segregate at the orthologous position it is less likely to show 

the same allele change. In total Clinvar variants are approximately three times less likely 

to have a variant at the orthologous position in either pig or cattle than expected from the 

frequencies in the 1000 genomes cohort, and approximately seven times less likely of 
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having one displaying the same allele change (Supplementary Figure 2). These results 

are consistent with these changes being deleterious as indicated, and selection 

preferentially removing them across species. 

 

Orthologous variants, even with the same allele change, may not have the same impact 

on genes, if for example the gene structure and codons have changed between species. 

As shown in Figure 4a, 80% of the 103 cattle orthologues of human Clinvar variants 

leading to a missense change show the same missense change across both species. A 

further 13% are missense in both species but involving different amino acid changes. 

Only 3.9% of the human missense variants are predicted to be synonymous in cattle, 

suggesting the consequence of human missense changes is most often conserved 

across these mammals, with similar patterns observed in pigs (Figure 4b). However, of 

115 human Clinvar variants predicted to lead to the introduction of a stop codon, only 22% 

also lead to a stop gained change in cattle, with the majority (63%) predicted to just lead 

to an amino acid change due to a difference in the codon between species. This may 

represent a true difference in the impact of these variants between species but may also 

sometimes reflect the comparatively poor annotation of gene isoforms in livestock species. 

Of note, 33 cattle and 20 pig variants lead to the same protein impact as their orthologue 

in humans despite involving a different allele change (Figures 4c,d). Consequently, 

although rare, variants do not necessarily need to show the same allele change to have 

a conserved impact. 



 100 

 
Figure 4. Conservation of impacts of orthologues of Clinvar variants. Each plot shows the consequence of variants 
in humans (on the left) and the consequence of variants found at the same position in the pig or cattle genome on the 

right. The ribbons connect sets of variants, with the width of each ribbon indicating the number of variant pairs with the 

given combination of consequences across the two species. Ribbons in blue indicate where variants have potentially 
conserved impacts on the protein across species. (a) The conservation of impact of genic orthologous variants across 

human and cattle where variants show the same allele change. (b) The same as (a) but for human-pig orthologous 

variants. (c) Conservation of impact of variants across human and cattle where their locations are orthologous but they 

show different allele changes. (d) The same as (c) but for human-pig orthologous variants. The data underlying this 
figure can be found in Supplementary Data 3. 

 

These data highlight that there are existing animal models available for at least several 

hundred human Clinvar variants, including those linked to a variety of important 

phenotypes such as cancers and Parkinson’s disease (Supplementary Data 4). 

Interestingly, Clinvar variants linked to certain traits are more likely to be found across 

species. This includes those linked to biotinidase deficiency (Chi-squared test P < 1x10-

7), neurofibromatosis (P=1.8x10-5) and glycogen storage in cattle (P=3x10-7) and factor 
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VII deficiency in pigs (P <1x10-7). Of 23 known human biotinidase deficiency variants, four 

(17%) have a direct orthologue showing the same allele change in cattle. This is despite 

only 1.5% of all lifted Clinvar variants having a cattle orthologue. All four of these variants 

are missense SNPs showing the same amino acid change in both species, with one of 

the mutations having risen to a minor allele frequency of 22% in cattle despite being found 

at a frequency of only 0.002% in humans, meaning studying its impact may be easier in 

cattle populations. Supplemental biotin is often fed to cattle as it is thought to improve 

hoof health and increase milk production21 and these variants are consequently also 

strong candidate functional variants for further investigations for improvement of these 

cattle traits. 

 

Animal models of common variants of polygenic diseases and traits 
 

We next investigated whether there are potential existing livestock models of common 

human variants linked to polygenic diseases and traits. To do this, we obtained 2240 fine-

mapped SNPs linked to 47 different traits in the UK biobank cohort22. In total 58 of these 

variants had a direct orthologue segregating in either pigs or cattle. Interestingly variants 

linked to height in humans were significantly more likely to have a direct orthologue in 

cattle than other traits, with over a quarter of variants (11 out of 43) that were found in 

both species with the same alleles being linked to this phenotype (Figure 5, 

Supplementary Data 5). This is compared to only 13.6% (341 out of 2513) of the variants 

successfully mapped between the species being linked to this trait (two-tailed Fisher’s 

exact test P=0.040). Of these 11 variants, 3 are missense changes (rs154001, 

rs61735104, rs79485039), with each leading to the same amino acid change in both 

species. These amino acid changes fall in FGFR3, KIAA1614 and FBN2, with a further 

gene, FOXM1, having a variant (rs28990715) at orthologous positions in both species 

that leads to the same amino acid change despite having different allele changes. 10 of 

the 11 human variants with cattle orthologues were in the Gene Atlas UK Biobank23 results 

and are together, under certain assumptions, associated with a predicted 2.7cm variation 

in human height. This corresponds to around ~1/3 of a standard deviation of the human 

heights in the UK Biobank cohort. The FGFR3 change alone is associated with a ~1cm 
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difference in standing height between opposing homozygotes. Mutations in FGFR3 

underlie 99% of cases of human achondroplasia that affects bone development and leads 

to short stature, but the role of this gene in cattle stature is less well characterized24. 

Potentially, in part, because all 11 variants are rare in cattle (10 with a frequency of less 

than 1%, with 1 with a frequency of 6%) and would be unlikely to be detected in a standard 

cattle GWAS, but these variants are consequently strong candidate functional rare 

variants for contributing to variability in cattle height due to their strong associations with 

this trait in humans that could be exploited to alter cattle stature.  
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Figure 5. Orthologues of fine-mapped variants linked to traits in the UK Biobank. All 2240 fine-mapped UK 

biobank variants were lifted over to the cattle genome and the number that overlapped a variant in the cattle genome 
with and without the same alleles were determined. The Y-axis shows the proportion of all SNPs that could be lifted 

that are associated with each trait (green), that have an orthologue with the same alleles (orange) or that have an 

orthologue with different alleles (blue). These values are compared to the expected values (X-axis) as represented by 
the proportion of all fine-mapped variants linked to the given trait. Circles corresponding to the same trait are connected 

by vertical grey segments, with the trait indicated above for those traits with at least 55 fine-mapped variants. The 

proportion of all lifted variants that were associated with a given trait is strongly correlated with the original proportion 
of fine-mapped variants linked to that trait (green circles).  However, variants with an orthologous cow variant are 

disproportionately associated with height, and in particular those with matching alleles in both species (orange circles). 

The data underlying this figure can be found in Supplementary Data 5. 

 

Conservation of regulatory variation 
 
Most variants linked to important complex phenotypes are thought to be regulatory rather 

than coding25. To investigate whether regulatory variants are conserved across species 

we obtained the location of fine-mapped regulatory SNPs from the human GTEx26 dataset. 

These human regulatory variants had been fine-mapped using three different approaches; 

CAVIAR27, CaVEMaN28 and DAP-G29, and we took the superset of SNPs across all three. 

We then extracted the associations with orthologous genes of variants found at the 

orthologous location in cattle from the cattle GTEx project, who defined eQTLs across 23 

different cattle tissues and cell types30. In total 221 of the human fine-mapped variants 

had a matching cattle variant in the cattle GTEx data that had been tested against the 

same orthologous gene in at least one tissue (Supplementary Data 6). Ignoring the allele 

change of the variants this number increases to 469. As shown in Figure 6a, these cattle 

variants at the orthologous position of the human fine-mapped variants are more likely to 

show an association (i.e. have a smaller p-value) than randomly sampled gene-variant 

pairs from the cattle GTEx cohort. This suggests these variants are often regulatory 

across both species. Notably this was largely observed whether restricting the cattle 

variants to those showing the same allele change as the human variant or not, with only 

a slight enrichment of smaller p-values among the former group in some tissues (Figure 

6a). This suggests simply disrupting the same regulatory site may often be sufficient to 

affect the gene’s expression across species in many cases.  
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Figure 6. Conserved effects of regulatory variants across humans and livestock. (a) Quantile-quantile (Q-Q) plots 
of observed and expected cis-eQTL p-values of cattle variants that are direct orthologues of human fine-mapped 

regulatory variants. The blue points represent the observed and expected p-values of the cattle variant’s association 

with the expression level of the cattle orthologue of the corresponding human gene in four cattle tissues irrespective of 
its allele change. The red points are the same after restricting to these variants exhibiting the same allele change as 

observed at the human SNP. The grey dashed line and grey ribbon represents the median and 95% confidence interval 

obtained when randomly sampling the same number of variants as shown by the blue points from all cattle variants 
tested (irrespective if have a known human orthologous variant or not) 1000 times. The line of parity (solid black) is 

also shown. This illustrates cattle orthologues of human fine-mapped regulatory variants are more likely to show 

evidence of also being linked to the orthologous gene’s expression across different tissues. (b) Comparison of the 
slopes (direction of effects) of eVariants across species. The slopes of human fine-mapped regulatory variants (using 

caveman or dap-g approach) were compared to the slopes observed for their orthologues if they also had a significant 

cattle GTEx association with the expression level of the orthologous gene in cattle. The slope represents the impact on 
the gene’s expression of increasing the dosage of the same allele in both species. Note the same eVariant can be 

found in multiple tissues and can therefore be represented multiple times in this plot. In total there are 83 and 106 

human-cattle association pairs in the caveman and dapg plots, involving 43 and 57 distinct human eVariant-gene-tissue 
associations. The significant positive correlation remains if only one entry for each human eVariant-gene-tissue 

association is retained. This agreement in direction is seen despite not restricting to comparing the effects to the same 

tissues across species, i.e. the direction of effect is generally conserved across tissues as well as species. The data 

underlying this figure can be found in Supplementary Data 6. 

 

The direction of effect of conserved regulatory variants were more likely to be conserved 

across the two species (Figure 6b), i.e. the same alleles are associated with increased or 

a b
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decreased expression across species. This confirms that the effect of predicted functional 

variants appear often conserved. This is despite the different linkage disequilibrium 

patterns between the species, that may be expected to disrupt any conservation of 

direction of effects if these variants were not functional. 

 

Figure 7 shows examples of the colocalization of eQTLs across humans and cattle. 

rs115287948 is a missense variant in the SIRPA gene that was fine-mapped in the GTEx 

cohort as a causative regulatory variant (probability > 0.5) linked to the expression of 

SIRPB1 across a range of tissues including cultured fibroblasts and muscle (Figures 

7a,b,c). A direct orthologue of this variant is also found at a co-localised eQTL in cattle 

muscle (Figure 7d) displaying an association with the same gene with the same direction 

of effect. 

 

 
Figure 7. Colocalization of eQTLs across humans and cattle. (a) The human gene neighbourhood (hg38) of a 

shared eQTL, rs115287948, found across both humans and cattle. The gene regulated by the eQTL is indicated by a 

purple rectangle. (b) Strength of association of human variants with SIRPB1 expression levels in cultured fibroblasts 
tissue. The fine-mapped regulatory variant, rs115287948, with a cattle orthologue is represented by the purple diamond. 
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Other variants are coloured according to their linkage disequilibrium (𝑟!) with this variant. (c) Strength of association of 

the same human variants but in muscle tissue. (d) Strength of association of variants with SIRPB1 in cattle muscle 
tissue (mixed breeds). Each variant is plotted according to their orthologous position in the human genome and the 

variant with a fine-mapped orthologue in the human GTEx data is represented by the purple diamond. (e), (f), (g), same 

as (a), (b), (d) but for variant rs2230126 linked to the expression of TAF1C in different tissues. The data underlying this 
figure can be found in Supplementary Data 7. 
 

rs2230126 is a variant falling within an alternative promoter of TAF1C with which it is a 

fine-mapped human regulatory variant (probability > 0.95) in a range of tissues including 

subcutaneous adipose (Figures 7e,f). An orthologue of this variant is also found in cattle 

and is the lead eVariant for the same gene in Nellore muscle tissue (Figure 7g).  

 

We explored why some variants conserved in both species may not show evidence of 

impacting gene expression in cattle. Figure 8 illustrates predictions from the Enformer 

human deep learning model31, that predicts transcriptional potential and chromatin states 

from DNA sequence alone. As shown in Figures 8a,b, Enformer predicts that the alternate 

allele of the rs10849334 variant is associated with reduced expression, specifically of an 

alternate, shorter isoform of the NINJ2 gene. The predicted transcriptional potential of the 

TSS of longer isoforms of the NINJ2 gene are unaffected by this variant. When the 

orthologous cattle DNA segment is run through Enformer the predicted transcriptional 

potential of the TSS at these longer isoforms remains, but the CAGE peak at the promoter 

of the shorter isoform is completely abrogated. Consistent with this we could also not find 

any evidence of a cattle orthologue of this shorter isoform in the public databases. 

Consequently, the lack of evidence of the cattle orthologue of rs10849334 affecting the 

expression of NINJ2 is potentially due to the human variant specifically regulating this 

shorter isoform, that is absent in cattle due to sequence divergence in this locus. 
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Figure 8. Enformer predictions for human and cattle. (a) The human gene neighbourhood of variant rs10849334. 

Different isoforms of the genes are included in the plot. (b) Enformer predicted Cap Analysis Gene Expression (CAGE) 

tracks of variant rs10849334 in mast cells (the track showing the largest human alt-ref difference). The first three tracks 
show i) the position of the target variant in the human genome, and the predicted CAGE levels for the ii) reference and 

iii) alternative alleles from Enformer, i.e., the predicted CAGE tracks obtained by taking the human DNA sequences 

containing reference and alternative alleles at the variant position as the inputs of the Enformer model. The final track 
shows the predicted difference between the CAGE levels from the reference and alternate sequences (alt-ref). As can 

be seen the only difference is observed specifically at the start position of the shorter NINJ2 isoform in the centre of the 

plot. (c) Corresponding predicted CAGE tracks derived from the cattle sequences around the orthologous variant of 

rs10849334. The orthologous peaks at the TSSs of the longer NINJ2 transcripts in cattle and human are indicated by 
the blue linking bar. However, no CAGE peak is predicted at the TSS of the shorter isoform of NINJ2, unlike with the 

human sequences. The data underlying this figure can be found in Supplementary Data 8. 

 

In summary, although the effect of some variants do not lift over across species, 

potentially due to, for example, changes in the usage of isoforms between species, a 

range of human regulatory variants have orthologues in cattle that often have conserved 

effects and can consequently be used to provide insights into their mechanisms of gene 

regulation. 
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Discussion 
 
In this study we have demonstrated how millions of orthologues of human variants exist 

in domesticated species, including hundreds of orthologues of fine-mapped functional 

variants linked to diseases and phenotypes. These are consequently readily accessible 

large animal models of important human variants, that can potentially be studied at scale 

without the time and costs associated with transgenic approaches. Importantly we show 

that orthologous regulatory variants most often have conserved directions of effect across 

humans and cattle, suggesting their downstream effects can be effectively studied in 

these species. 

 

Variants shared across humans and domesticated species are not restricted to one type 

of trait but are linked to a wide spectrum of phenotypes. From rare, monogenic disorders 

such as cystic fibrosis to highly polygenic traits such as height. However, variants 

associated with particular phenotypes are found across species more often than expected. 

For example, the 4 out of 23 variants associated with biotinidase deficiency that have a 

direct orthologue in cattle. It is in unlikely the co-occurrence of these variants is purely 

due to, for example, a higher mutation rate around the gene linked to this phenotype, as 

none of the other three species studied carry even one orthologue of these variants. This 

suggests there is a preferential overlap of variants linked to specific phenotypes, including 

more polygenic phenotypes such as height. Consequently, although the sharing of the 

overwhelming majority of variants across species is likely the result of neutral processes, 

the disproportionate sharing of variants linked to certain phenotypes potentially reflects 

selection to preferentially maintain such variants arising in each species. This not only 

provides insights into the evolution of these species, but also potential candidate variants 

for livestock breeding programs. The increased number of human height associated 

variants with an orthologue in cattle likely reflects the selection for body size in 

domesticated animals. However, as these variants remain polymorphic, the selective 

sweep is incomplete, and they remain suitable targets for breeding programs. Although 

there would be potential ethical concerns of introducing human variants into livestock 

species to improve their production, the same is not true if the variant already exists in 
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the species, as even editing the variant into another breed, would no longer come with 

the restrictions imposed on transgenic projects. Consequently, exploiting the large 

amount of data and studies on functional variants in humans, could potentially be 

leveraged to prioritise variants for testing their effects in livestock. 

 

Despite the hundreds of orthologues of functional variants identified, this number is likely 

a substantial under-estimate of the true number of shared functional variants. This is 

because for a variant to be tied to a phenotype it needs to not only be at a sufficiently high 

frequency in the population to be discovered, but also with suitable data and patterns of 

linkage disequilibrium to be fine-mapped. However, most functional variants are, by their 

nature one or more of: rare, non-coding or in regions of elevated LD, and are therefore 

difficult to tie to a trait. Looking at the effects of rare variants across species may though 

help increase the pool of individuals in which to study their potential role. Likewise looking 

across species has the advantage that allele frequencies and linkage disequilibrium 

patterns can differ substantially and may, therefore, help in fine-mapping approaches. 

Extending this further, such approaches may help validate fine-mapping methods, for 

example by characterising which fine-mapping approach better identifies variants whose 

impacts are subsequently shown to be conserved across species. This is illustrated by 

the comparison of fine-mapped regulatory variants, and their conserved direction of effect 

across species. Of the three fine-mapping approaches studied, CAVIAR fine-mapped 

variants showed the lowest conservation of effect direction. This may reflect where 

variants are not truly functional, with the different patterns of LD in the different species 

with the actual causative variant meaning their eQTL coefficients are less conserved. 

 

A caveat to such cross-species comparisons of regulatory variants is that not only can it 

be difficult to directly match tissues between species, but that power also generally differs 

due to differences in sample sizes. Consequently, the fact that a variant doesn’t also show 

evidence of being linked to a gene’s expression in another species doesn’t mean it is not 

a functional variant in both. Those variants we detect as being linked to gene regulation 

across species are likely those that are regulatory in multiple tissues, increasing the 

probability of us detecting it’s association in at least one. 
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It is likely that few if any human polymorphisms with orthologues in these mammalian 

species arose prior to the divergence of the respective species, and to still be polymorphic 

down the independent lineages. Rather they will have largely arisen independently in 

each. This is supported by the fact that despite there being millions of orthologues of 

human variants segregating in other mammals, few are found in more than one other 

species. Only twelve sites were polymorphic across the five studied mammals. Shared 

variants are simply most often found at sites with the highest mutation rates and lowest 

levels of purifying selection, and therefore reflect the increased chance of these sites 

mutating and not being purged from the population in both species. This indicates that 

the normalised presence or absence of orthologous variants may provide an alternate 

metric of the selective pressure on genomic regions, as illustrated by the depletion of 

orthologues of Clinvar variants across species. 

 

Consequently the study of orthologues of human functional variants can be used across 

a range of studies. From understanding the biological mechanisms linking variants to 

important downstream phenotypes, to providing potential targets for livestock breeding 

and genome editing programs as well as understanding the selection pressures on our 

species.  

 
Methods 
 

Genotype Datasets 
 
Previously published and filtered genotype data for five different species was used in this 

study. The genome-wide set of 78 million human SNPs from 2,504 individuals was 

obtained from the 1000 genomes consortium15. The dog genotypes from 722 individuals 

were obtained from Plassais et al17. The cattle and water buffalo genotypes of 477 and 

79 individuals, respectively, were obtained from Dutta et al9., and the pig genotypes from 

across 409 individuals from the Genome Variation Map website16. All cohorts were 

subsequently restricted to biallelic SNPs only (cattle: 87,964,998; pig: 90,901,469; water 
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buffalo: 37,682,631; dog: 73,906,017). For all sets of human variants, their positions were 

lifted to their orthologous positions in the pig (SusScr3), cattle (BosTau9) and dog 

(CanFam3) genomes using the UCSC liftover utility32 with chain files available from the 

UCSC website. For the water buffalo33, where no public  chain file exists, we used the nf-

LO pipeline34 to perform the liftover. Sites that were lifted to more than one location were 

excluded. SNPs from other species were said to have the same allele change as human 

SNPs if found at the orthologous position with alleles that directly matched or that 

matched their complement. This therefore assumes the ancestral base in these 

conserved regions is the same across mammals. 

 

To test the impact of relatedness on the number of orthologous variants found in cattle, 

we used the relatedness235 parameter in vcftools36 to identify pairs of animals with a 

kinship coefficient greater than 0. Individuals in each pair were then iteratively removed 

till the kinship coefficient between all pairs of remaining animals was 0 or less. 

 

Clinvar and UK biobank analyses 
 
The location of variants potentially linked to human health were downloaded from 

Clinvar37, which contains SNPs linked to different human clinical phenotypes. Restricting 

this set to those labelled as “pathogenic” or “likely pathogenic” left 89,158 SNPs with likely 

functional consequences. Potentially functional variants linked to polygenic traits were 

obtained from Weissbrod et al.22. This study produced a list of 3281 fine-mapped, 

potentially functional variants associated with 47 complex traits of which 2240 were SNPs. 

The locations of these sets of SNPs were intersected with those from other species to 

identify those segregating in other mammals as described above. To test whether Clinvar 

variants linked to particular phenotypes are more likely to segregate in another species 

than expected, we used a Chi-squared test to examine whether the proportion of 

successfully lifted Clinvar variants linked to a particular phenotype that overlapped a 

variant with matching alleles was significantly higher than that observed across all other 

phenotypes. To test whether UK biobank variants lifted to the cattle genome were 

disproportionately associated with height a Fisher’s exact test was used, comparing the 
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proportion of variants with an orthologous variant with the same alleles that were linked 

to human height versus the proportion of successfully lifted variants linked to the same 

trait. To examine the impact of these orthologous variants on genes in humans, pigs and 

cattle, the variants were annotated using the Ensembl REST API in R, recording just the 

most severe reported consequence in each case. 

 

Regulatory variant analyses 
 
The GTEx v8 fine-mapped results for CaVEMaN, DAP-G and CAVIAR were downloaded 

from the GTEx portal. Together these reported 5,341,519 distinct tissue-gene-variant 

associations of which 2,145,167 could be lifted to an orthologous position in the cow 

genome. Upon filtering out variants that did not have a minimum probability > 0.2 in at 

least one of the datasets, this number reduced to 230,991 associations. These 

associations were then intersected with the cattle GTEx data to identify where an 

orthologous variant was significantly associated with the corresponding orthologous gene. 

Nominal p-values were obtained as described in the original cattle GTEx paper30 and the 

human-cow gene orthologues were obtained from Ensembl version 10338. 

 

To examine whether cattle orthologues of human fine-mapped eVariants were more likely 

to show evidence of also being significantly associated with the expression level of the 

same gene, we extracted their corresponding p-values from the cattle GTEx data by 

tissue. The distribution of these p-values were then compared to the distributions of p-

values for the same tissue of the same number of variants sampled from the total cattle 

GTEx data 1000 times to produce the shaded confidence intervals in the Q-Q plots. 

 

To conservatively estimate false discovery rates for the cattle eQTLs we used the same 

random samples. For each real eQTL p-value we divided the average number of tissue-

specific p-values across the 1000 samples that had a p-value as small or smaller by the 

corresponding number within the variants that were orthologues of human fine-mapped 

regulatory variants. This therefore corresponds to the approximate probability of having 

sampled a p-value as small or smaller from the background list of all variants tested in 
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the cattle GTEx project. This is conservative as a large number of the variants in this 

background list are eVariants. Therefore, this FDR corresponds to the false discovery rate 

above and beyond that expected given the number of regulatory variants in the 

background, and variants with a large FDR may still be regulatory variants. 

 

To investigate why some regulatory variants shared across human and cattle may not 

have conserved impact on gene expression in cattle, we used Enformer, a deep learning 

architecture designed for predicting how DNA sequence influences gene expression31. 

We loaded the trained Enformer model, made predictions for reference and alternative 

alleles of each shared regulatory variant in both human and cattle, and obtained 5,313 

predicted genomic tracks for each variant. The effect of each variant was evaluated by 

the difference between the reference and alternative predictions. 

 

Variant annotation and modelling 
 
The genome-wide set of 78 million human SNPs were annotated with 1589 features 

across four categories (Table 1), including sequence conservation, variants position 

properties, VEP39 annotations and sequence context. For sequence conservation, we 

included 4 different conservation scores: phastCons100way, phastCons30way40, 

phyloP100way and phyloP30way41. We downloaded bigWig files of these conservation 

scores from the UCSC genome annotation database42 (hg38) and extracted the values 

at given positions using the pyBigWig python package43. To fully capture the position 

characteristics of the variants, we calculated the distance between the variants and 

different genome elements. We obtained the location of CpG islands from the UCSC 

genome annotation database42, chromatin data (such as histone marks), TSS and 

regulatory features (enhancer, promoter, CTCF binding site and TF binding site) from 

Ensembl38 (version 103). We used bedtools44 closest command to calculate distances to 

CpG islands and chromatin data. The ChIPpeakAnno45 R package was used for getting 

distances to the nearest TSS by biotype (only common biotypes were included, count >= 

1000) and distances to various regulatory features. Then we used the VEP39 command 

line tool to annotate the variants and get the allele frequencies and consequences of the 
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variants. Instead of using Reference/Alternative alleles, we used Ancestral/Derived 

alleles for the allele change. The human ancestral genome (hg38) was downloaded from 

Ensembl38 (version 103) and the bedtools44 getfasta command was used to extract the 

ancestral base. To get the 5-mer flanking sequences centered on the target variants, we 

used the samtools46 faidx command. Then we calculated gene density (per megabase) 

of each variant using the findOverlaps and queryHits functions in the GenomicRanges 

package47. 

 

Using these genomic annotations as classification features, we trained machine learning 

models to predict whether a human variant has an orthologue in other livestock cohorts. 

Variants that have cattle orthologues (with matching alleles) were used as the foreground 

data in the models while variants without orthologues, i.e., variants that can be lifted to 

the cow genome but no cattle polymorphism was found, were used as background data. 

Similarly, we got foreground and background datasets for pig, water buffalo, the 

intersection of variants found across the cattle and pig cohorts, and the cross-species 

cohort (cattle, pig, dog and water buffalo). For the cross-species cohorts, variants with 

orthologues in any of the tested livestock species were used as foreground data and 

variants without orthologues in all tested species were used as background data. To avoid 

class imbalance problems, we down-sampled all background datasets to the same sizes 

as the foreground datasets for all models.  

  

The feature tables were pre-processed before being used for model training. Data with 

missing values (found for sequence conservation scores) were discarded as they only 

accounted for a small proportion (1.4%) of the whole dataset. Categorical features, i.e., 

chromosome, consequence, allele change and 5-mer flanking sequences were encoded 

using different encoding methods (see Table 1). To minimize the introduction of new 

feature columns into the feature table and make the encoding more meaningful, a self-

defined binary encoding method was used for sequence context features. We defined a 

dictionary for 4 bases (A: 1000, C: 0100, G: 0010, T: 0001) and mapped each base in the 

sequences to the corresponding binary string. The final strings for the sequences were 

split into binary columns and replaced the original categorical features in the feature table. 
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We constructed three tree-based machine learning models, Random Forest48, XGBoost49 

and CatBoost50 using the Scikit-learn  Python package48. Models were trained on Eddie51, 

a compute cluster of the University of Edinburgh, and 2 64GB GPUs on Eddie were used 

to train the CatBoost models. To enable balanced comparisons, subsets (200,000 data in 

total, 100,000 of which was foreground data and 100,000 background data) of the 

datasets for different species were used. Each subset was divided into a training set and 

test set at the ratio of 70% and 30%. We used 5-fold cross-validation to evaluate our 

models on the training sets. To improve the performance of the models, we used random 

search52 and manual tuning methods for hyper-parameter tuning.  

 

Statistics and reproducibility 
Comparisons between two groups were conducted via Chi-Squared test, Two-sample 

Kolmogorov-Smirnov test and Fisher’s exact test as indicated in the paper. All statistical 

analyses were performed using R.  

 

Data availability 
The human 1000 genomes cohort genetic variants were obtained from 

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/, the pig genotypes from 

ftp://download.big.ac.cn/GVM/Sus_scrofa/SNP/detailed_vcf/all_SNP.vcf.gz, the dog 

genotypes from https://sra-pub-src-

1.s3.amazonaws.com/SRZ189891/722g.990.SNP.INDEL.chrAll.vcf.1 and the cattle and 

water buffalo genotypes were those published in 9. The set of annotated variants used in 

the machine learning analyses can be found at 

https://doi.org/10.6084/m9.figshare.20401851.v1. Source data underlying Figure 1 is 

provided in Supplementary Data 1. All other data is available upon reasonable request. 

 

Competing interests 
The authors declare that there are no competing interests. 

 

Author contributions 

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
ftp://download.big.ac.cn/GVM/Sus_scrofa/SNP/detailed_vcf/all_SNP.vcf.gz
https://sra-pub-src-1.s3.amazonaws.com/SRZ189891/722g.990.SNP.INDEL.chrAll.vcf.1
https://sra-pub-src-1.s3.amazonaws.com/SRZ189891/722g.990.SNP.INDEL.chrAll.vcf.1
https://doi.org/10.6084/m9.figshare.20401851.v1


 116 

J.P. conceived the initial project idea, further developing it with R.Z., A.Ta. and M.H.. R.Z. 

and J.P. performed the majority of analyses with contributions from A.Ta., L.F., S.L., G.L., 

N.C.H. and A.Te.. L.F., S.L., G.L. and A.Te generated the cattle GTEx data used in this 

study. J.P. and R.Z. wrote the initial manuscript draft with all authors contributing to the 

final version. 

 
Acknowledgements 
This work was supported by grant BB/W000288/1 and Institute Strategic Programme 

Grant BBS/E/D/10002070 from the Biotechnology and Biological Sciences Research 

Council (BBSRC). 

 

References 
 
1. Käser, T. Swine as biomedical animal model for T-cell research—Success and 

potential for transmittable and non-transmittable human diseases. Mol. Immunol. 

135, 95–115 (2021). 

2. Meurens, F., Summerfield, A., Nauwynck, H., Saif, L. & Gerdts, V. The pig: a 

model for human infectious diseases. Trends Microbiol. 20, 50–57 (2012). 

3. Ziegler, A., Gonzalez, L. & Blikslager, A. Large Animal Models: The Key to 

Translational Discovery in Digestive Disease Research. Cell. Mol. Gastroenterol. 

Hepatol. 2, 716–724 (2016). 

4. Walters, E. M. & Prather, R. S. Advancing Swine Models for Human Health and 

Diseases. Mo. Med. 110, 212–215 (2013). 

5. Sjöstedt, E. et al. An atlas of the protein-coding genes in the human, pig, and 

mouse brain. Science 367, eaay5947 (2020). 

6. Lunney, J. K. et al. Importance of the pig as a human biomedical model. Sci. 

Transl. Med. 13, eabd5758 (2021). 

7. Zhu, F., Nair, R. R., Fisher, E. M. C. & Cunningham, T. J. Humanising the mouse 

genome piece by piece. Nat. Commun. 10, 1845 (2019). 



 117 

8. Hayes, B. J. & Daetwyler, H. D. 1000 Bull Genomes Project to Map Simple and 

Complex Genetic Traits in Cattle: Applications and Outcomes. Annu. Rev. Anim. 

Biosci. 7, 89–102 (2019). 

9. Dutta, P. et al. Whole genome analysis of water buffalo and global cattle breeds 

highlights convergent signatures of domestication. Nat. Commun. 11, 4739 

(2020). 

10. Pir, M. S. et al. ConVarT: a search engine for matching human genetic variants 

with variants from non-human species. Nucleic Acids Res. 50, D1172–D1178 

(2022). 

11. Broekema, R. V., Bakker, O. B. & Jonkers, I. H. A practical view of fine-mapping 

and gene prioritization in the post-genome-wide association era. Open Biol. 10, 

190221 (2020). 

12. Schaid, D. J., Chen, W. & Larson, N. B. From genome-wide associations to 

candidate causal variants by statistical fine-mapping. Nat. Rev. Genet. 19, 491–

504 (2018). 

13. Bouwman, A. C. et al. Meta-analysis of genome-wide association studies for 

cattle stature identifies common genes that regulate body size in mammals. Nat. 

Genet. 50, 362–367 (2018). 

14. Raymond, B. et al. Using prior information from humans to prioritize genes and 

gene-associated variants for complex traits in livestock. PLOS Genet. 16, 

e1008780 (2020). 

15. The 1000 Genomes Project Consortium et al. A global reference for human 

genetic variation. Nature 526, 68–74 (2015). 

16. Li, C. et al. Genome Variation Map: a worldwide collection of genome variations 

across multiple species. Nucleic Acids Res. 49, D1186–D1191 (2021). 

17. Plassais, J. et al. Whole genome sequencing of canids reveals genomic regions 

under selection and variants influencing morphology. Nat. Commun. 10, 1489 

(2019). 

18. Fryxell, K. J. & Moon, W.-J. CpG Mutation Rates in the Human Genome Are 

Highly Dependent on Local GC Content. Mol. Biol. Evol. 22, 650–658 (2005). 



 118 

19. Lundberg, S. M. & Lee, S.-I. A Unified Approach to Interpreting Model 

Predictions. in Advances in Neural Information Processing Systems vol. 30 

(Curran Associates, Inc., 2017). 

20. Landrum, M. J. et al. ClinVar: improving access to variant interpretations and 

supporting evidence. Nucleic Acids Res. 46, D1062–D1067 (2018). 

21. Lean, I. J. & Rabiee, A. R. Effect of feeding biotin on milk production and hoof 

health in lactating dairy cows: A quantitative assessment. J. Dairy Sci. 94, 1465–

1476 (2011). 

22. Weissbrod, O. et al. Functionally informed fine-mapping and polygenic 

localization of complex trait heritability. Nat. Genet. 52, 1355–1363 (2020). 

23. Canela-Xandri, O., Rawlik, K. & Tenesa, A. An atlas of genetic associations in 

UK Biobank. Nat. Genet. 50, 1593–1599 (2018). 

24. Wilkin, D. J. et al. Mutations in fibroblast growth-factor receptor 3 in sporadic 

cases of achondroplasia occur exclusively on the paternally derived 

chromosome. Am. J. Hum. Genet. 63, 711–716 (1998). 

25. Cano-Gamez, E. & Trynka, G. From GWAS to Function: Using Functional 

Genomics to Identify the Mechanisms Underlying Complex Diseases. Front. 

Genet. 11, 424 (2020). 

26. GTEx Consortium. The GTEx Consortium atlas of genetic regulatory effects 

across human tissues. Science 369, 1318–1330 (2020). 

27. Hormozdiari, F., Kostem, E., Kang, E. Y., Pasaniuc, B. & Eskin, E. Identifying 

Causal Variants at Loci with Multiple Signals of Association. Genetics 198, 497–

508 (2014). 

28. Brown, A. A. et al. Predicting causal variants affecting expression by using 

whole-genome sequencing and RNA-seq from multiple human tissues. Nat. 

Genet. 49, 1747–1751 (2017). 

29. Wen, X., Pique-Regi, R. & Luca, F. Integrating molecular QTL data into genome-

wide genetic association analysis: Probabilistic assessment of enrichment and 

colocalization. PLoS Genet. 13, e1006646 (2017). 

30. Liu, S. et al. A comprehensive catalogue of regulatory variants in the cattle 

transcriptome. 2020.12.01.406280 (2021) doi:10.1101/2020.12.01.406280. 



 119 

31. Avsec, Ž. et al. Effective gene expression prediction from sequence by 

integrating long-range interactions. Nat. Methods 18, 1196–1203 (2021). 

32. Hinrichs, A. S. et al. The UCSC Genome Browser Database: update 2006. 

Nucleic Acids Res. 34, D590-598 (2006). 

33. Low, W. Y. et al. Chromosome-level assembly of the water buffalo genome 

surpasses human and goat genomes in sequence contiguity. Nat. Commun. 10, 

260 (2019). 

34. Talenti, A. & Prendergast, J. nf-LO: A Scalable, Containerized Workflow for 

Genome-to-Genome Lift Over. Genome Biol. Evol. 13, evab183 (2021). 

35. Manichaikul, A. et al. Robust relationship inference in genome-wide association 

studies. Bioinformatics 26, 2867–2873 (2010). 

36. Danecek, P. et al. The variant call format and VCFtools. Bioinformatics 27, 2156–

2158 (2011). 

37. Landrum, M. J. & Kattman, B. L. ClinVar at five years: Delivering on the promise. 

Hum. Mutat. 39, 1623–1630 (2018). 

38. Yates, A. D. et al. Ensembl 2020. Nucleic Acids Res. 48, D682–D688 (2020). 

39. McLaren, W. et al. The Ensembl Variant Effect Predictor. Genome Biol. 17, 122 

(2016). 

40. Siepel, A. et al. Evolutionarily conserved elements in vertebrate, insect, worm, 

and yeast genomes. Genome Res. 15, 1034–1050 (2005). 

41. Pollard, K. S., Hubisz, M. J., Rosenbloom, K. R. & Siepel, A. Detection of 

nonneutral substitution rates on mammalian phylogenies. Genome Res. 20, 110–

121 (2010). 

42. Navarro Gonzalez, J. et al. The UCSC Genome Browser database: 2021 update. 

Nucleic Acids Res. 49, D1046–D1057 (2021). 

43. Ramírez, F. et al. deepTools2: a next generation web server for deep-

sequencing data analysis. Nucleic Acids Res. 44, W160–W165 (2016). 

44. Quinlan, A. R. & Hall, I. M. BEDTools: a flexible suite of utilities for comparing 

genomic features. Bioinformatics 26, 841–842 (2010). 

45. Zhu, L. J. et al. ChIPpeakAnno: a Bioconductor package to annotate ChIP-seq 

and ChIP-chip data. BMC Bioinformatics 11, 237 (2010). 



 120 

46. Li, H. et al. The Sequence Alignment/Map format and SAMtools. Bioinformatics 

25, 2078–2079 (2009). 

47. Lawrence, M. et al. Software for Computing and Annotating Genomic Ranges. 

PLOS Comput. Biol. 9, e1003118 (2013). 

48. Breiman, L. Random Forests. Mach. Learn. 45, 5–32 (2001). 

49. Chen, T. & Guestrin, C. XGBoost: A Scalable Tree Boosting System. in 

Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge 

Discovery and Data Mining 785–794 (ACM, 2016). 

doi:10.1145/2939672.2939785. 

50. Prokhorenkova, L., Gusev, G., Vorobev, A., Dorogush, A. V. & Gulin, A. 

CatBoost: unbiased boosting with categorical features. (2017). 

51. Edinburgh Compute and Data Facility web site. (U of Edinburgh, 2021). 

52. Bergstra, J. & Bengio, Y. Random search for hyper-parameter optimization. J. 

Mach. Learn. Res. 13, 281–305 (2012). 

 
 
 

 

 
 

 

 
 
 

 

 
 

 

 

 
 

 

 
 

 

 



 121 

3.3 Discussion 
In this study, we conducted an extensive exploration into the occurrence of orthologues 

of human variants in domesticated species, including cattle, water buffalo, dog, and pig. 

Our results revealed that over 1.6 million human variants were observed in at least one 

of these four mammalian species. This number is expected to increase with larger animal 

cohorts. Among these, we identified hundreds of orthologues associated with fine-

mapped functional variants linked to various diseases and traits, such as height. 

Furthermore, by investigating regulatory variants we discovered that both the regulatory 

effects and the direction of effects exhibit conservation across humans and cattle, 

suggesting that the exploration of their downstream consequences can be effectively 

conducted in these respective species. These readily accessible large animal models, 

possessing naturally occurring orthologues of variants, provide valuable opportunities for 

studying the biological impact of human variants at scale. 

Using machine learning we explored the features associated with the probability of a 

human variant having a livestock orthologue. Among various machine learning models, 

conservation score, allele change and 5-mer flanking sequence consistently emerged as 

the top features. By further investigating the relationship between the conservation scores 

and the orthologous variants, we found that human variants located in less-conserved 

regions are more likely to possess a livestock orthologue. This is consistent with variants 

occurring in less-conserved regions not being under directional selection, where they 

would otherwise ultimately become fixed in one or the other species. Without strong 

selective pressure, these neutral variants are more likely to persist across different 

species. This observation is further supported by the finding that functional Clinvar 

variants, primarily located in conserved coding regions, are less likely to have a livestock 

orthologue.  

Despite the presence of millions of human variants having an orthologue in at least one 

of the investigated mammalian species, the number of variants found across multiple 

species is notably smaller, and this count decreases to only twelve when considering 

conservation across all four species. It is probable that few if any human variants with 
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livestock orthologues emerged before the divergence of the respective species and 

remained polymorphic throughout their independent evolutionary lineages. Instead, these 

variants predominantly arose independently in each species, leading to the small number 

of variants found across multiple species. Furthermore, the differences in the number of 

shared variants among different pairs of animals can be attributed to multiple reasons. In 

addition to the differences in the numbers of variants within each species, this can also 

potentially be due to the orthologous regions between closer species being mapped better 

than those between distant species. 

While many variants are shared across species because of neutral evolutionary 

processes, there is a notable enrichment of variants linked to specific phenotypes. For 

instance, human variants associated with biotinidase deficiency are disproportionately 

present in cattle (4 out of 23 variants), while none of them are conserved in the other 

three studied species. Several factors could explain this observation, including dietary 

differences and physiological differences. The typical diet of cattle may be richer in biotin 

compared to the human diet, which could compensate for reduced enzyme activity 

caused by the variants. Additionally, as ruminants, cattle possess a complex digestive 

system with a rumen microbiome that plays a significant role in nutrient breakdown and 

absorption (K. Liu et al., 2021). This might offer alternative pathways for biotin acquisition. 

Furthermore, this observation suggests that any selective pressure on these variants is 

potentially species-specific. The distinct genetic and evolutionary histories of different 

species result in varying selective pressures acting on specific genetic variants. Therefore, 

the conservation of these variants can differ among different species. In addition to 

offering valuable insights into the evolutionary paths, the enrichment of conservation of 

specific variants associated with particular traits also provides valuable insights into 

breeding values. For example, the observed increase in the number of human height-

associated variants with cattle orthologues likely indicates the selection for body size traits 

in livestock species. The presence of these polymorphic variants in the population 

suggests that the selective sweep is incomplete, making them appropriate candidates for 

inclusion in breeding programs. The substantial studies on these trait-associated variants 
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in humans can potentially be leveraged to aid in prioritising orthologous variants with 

breeding values in livestock species if they’re not deleterious. 

Most functional variants possess characteristics such as association with regions of 

elevated linkage disequilibrium (LD), which makes it difficult to link specific variants in the 

region to the traits. Examining the effects of these functional variants across species can 

be advantageous in enlarging the cohort of individuals available for investigating potential 

functional variants. In the same way that genes linked to traits such as high-altitude 

adaptation have been better fine-mapped by looking across species (Witt & Huerta-

Sánchez, 2019).  

In the study, the conservation of the effects and the direction of effects of three sets of 

regulatory variants based on different fine-mapping approaches between human and 

cattle was investigated. Among these three approaches, regulatory variants based on the 

CAVIAR fine-mapping method exhibited the lowest conservation of effect direction. This 

may potentially be attributed to an enrichment of non-functional variants being identified 

with this approach.  

A limitation of the study is that, as shown in the paper, the machine learning models did 

not achieve good performance on predicting human variants with or without livestock 

orthologues, with a highest AUC score being 0.73. This is primarily due to the inherent 

complexity of the task, which involves modelling a process largely driven by randomness, 

i.e., the co-occurrence of the sites of random mutations in two different species. While 

selection and factors such as CpG deamination make this process less random, they do 

not remove the underlying randomness of the fact that any base can mutate in a given 

generation. Therefore, it can be challenging to identify orthologous variants between 

these species using machine learning models. There are several potential approaches 

worth considering for further exploration. First, other machine learning algorithms such as 

LightGBM can be explored as alternatives to improve the prediction accuracy. Additionally, 

while the models employed in the study are already ensemble models, further 

combination of these models may potentially enhance their overall performance. Another 

approach is to optimise the probability threshold for determining the predictions, which is 
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set to 0.5 by default. Since our focus is on correctly identifying variants with livestock 

orthologues, increasing the threshold can help minimize false positives, i.e., reduce the 

instances of classifying human variant without livestock orthologue as having orthologue. 

However, this may also result in more missed true positives, i.e., human variants with 

livestock orthologues. Therefore, it is necessary to find a threshold that balances true 

positives and false positives. 

There are some other potential improvements of the study. First, it may be meaningful to 

explore variants conserved across three species and compare their conservation rate 

with those of sharing across two species. Besides, an investigation of the functional 

consequences of these shared variants may provide insights into key biological pathways 

and mechanisms that have been preserved across multiple species throughout 

evolutionary time. Second, Halldorsson et al. recently introduced a novel cohort of human 

variants, including over half a billion SNPs (Halldorsson et al., 2022), which is much larger 

than the 1000 genomes cohort employed in our present study. With a larger cohort, the 

sample size is expanded, leading to an increased ability to find shared variants and 

facilitating more robust and comprehensive analyses of variant conservation across 

species. Furthermore, the inclusion of variants from a broader range of human 

populations within the larger cohort enhances the generalization of the findings. 
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Chapter 4 Using machine learning to predict 
regulatory variants in human and cattle 
4.1 Introduction 
Regulatory variants play an important role in shaping the complex mechanisms that 

control gene expression, accounting for up to 60% of the genetic differences relevant to 

disease (Nica & Dermitzakis, 2013). Therefore, the identification of regulatory variants 

can help facilitate the interpretation of disease and trait causation in both human and 

livestock species, providing valuable guidance for downstream research, such as 

livestock genome editing or marker-assisted breeding. However, these regulatory 

variants are predominantly located in non-coding regions, which have remained relatively 

underexplored, consequently posing challenges for their accurate functional 

interpretation.  

 

As introduced in Chapter 1, Genome-Wide Association Studies (GWAS) have identified 

genomic regions that are associated with diseases and other important traits. However, 

pinpointing the causal variants within these regions remains a challenge due to several 

factors, including their enrichment in non-coding regions and linkage disequilibrium (LD) 

among the variants. Expression Quantitative Trait Loci (eQTL) analysis can be conducted 

to identify variants that are linked to changes in gene expression levels (Nica & 

Dermitzakis, 2013). In eQTL analyses, statistical tests are employed to assess the 

association between variants and gene expression levels. However, similar to GWAS, 

eQTL analysis examines the correlation between variants and gene expression, which 

does not necessarily imply causality, for example due to the confounders of LD or 

uncontrolled covariates such as population stratification.  

 

Statistical fine-mapping is an approach used to determine the most likely causal variants 

from neighbouring variants in LD in a locus from studies like GWAS or eQTL analysis 

(Maller et al., 2012). Various fine-mapping approaches have been developed, from the 

traditional heuristic methods (Schaid et al., 2018) to more accurate and widely adopted 
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Bayesian approaches (Hutchinson, Watson, et al., 2020). Furthermore, some research 

also integrates functional genomic annotations with the fine-mapping approach to 

improve the efficacy of identifying causal variants (Weissbrod et al., 2020). The principles 

underlying these fine-mapping approaches were discussed in detail in Chapter 1.1.3.4. 

Nevertheless, fine-mapping approaches have some limitations. The power of these 

approaches is influenced by sample size, with smaller sample sizes resulting in limited 

ability to differentiate closely linked variants. Additionally, variants of functional 

importance but with small effect sizes may be excluded from fine-mapping results.  

 

Some state-of-the-art computational methods, such as machine learning, have been used 

to identify regulatory variants. Machine learning approaches are designed for finding 

patterns from large-scale data, making them particularly suitable for analyzing genomic 

data. These methods have found widespread utility in addressing genomic challenges, 

including predicting variant effects, gene expression, and regulation. The detailed 

application of machine learning approaches in predicting regulatory variants was 

discussed in Chapter 1.2.3.2. Machine learning algorithms can capture complex 

relationships between variant categories and their associated features, offering insights 

into the underlying characteristics linked to specific variants such as regulatory variants. 

Therefore, the prediction results obtained through machine learning can serve not only 

as a complement or support to traditional statistical fine-mapping strategies but also 

contribute to a deeper comprehension of the characteristics of causal regulatory variants.  

 

Unlike the relatively abundant high-quality regulatory variant datasets available for human, 

livestock species face a pronounced scarcity of such data. Identifying regulatory variants 

that influence gene expression and subsequently impact downstream phenotypes is 

crucial for guiding research aimed at enhancing economically important or welfare-related 

traits in livestock species. Additionally, the current use of machine learning to predict 

variant effects has predominantly focused on humans. A primary limiting factor for the 

application of machine learning in livestock species is the lack of important variant 

annotations suitable for machine learning in these less well-annotated species, such as 

conservation scores. The variant annotation pipeline proposed in Chapter 2 has 
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expanded the annotations to livestock species, providing an opportunity to extend these 

machine learning-based approaches to a broader range of species, thereby aiding in the 

prioritization of regulatory variants in less extensively studied species. 

 

4.1.1 Regulatory variant datasets in human and cattle 
The pivotal aspect of applying machine learning approaches lies in the selection of data 

used for model training. The upper limit of the model’s performance is typically 

constrained by the training data itself, while the choice of machine learning algorithms 

and subsequent model tuning will generally have a comparatively limited influence on 

model performance. The availability of novel regulatory datasets has opened the 

possibility of employing machine learning approaches in this domain. In this section, I will 

introduce the potentially accessible datasets that can be used for machine learning model 

training and testing in both human and cattle. 

 

The Genotype-Tissue Expression project (GTEx) has focused on how genetic variation 

impacts gene expression and consequently contribute to phenotypic diversity in human 

(GTEx Consortium, 2020). In GTEx, 49 tissues/cell lines were included, each meeting the 

criterion of having at least 70 individuals with available RNA sequencing (RNA-seq) and 

genotype data derived from whole-genome sequencing (WGS). This aggregation yielded 

a comprehensive dataset comprising 15,201 samples contributed by 838 donors from 

diverse populations including European American, African American, Asian American, 

and Hispanic/Latino. Among the initial 43,066,422 variants, 4,278,636 variants were 

identified as significantly associated with gene expression in at least one tissue.  

 

Subsequently, they employed three different fine-mapping approaches: CAVIAR, DAP-G 

and CaVEMaN, to deduce causal regulatory variants in each locus across different 

tissues (GTEx Consortium, 2020). Both the CAVIAR and DAP-G approaches rely on the 

Bayesian fine-mapping method, sharing the assumption that each risk locus may 

encompass multiple casual variants (Hutchinson, Asimit, et al., 2020). These two 

approaches utilize different search strategies in the region, with DAP-G being capable of 

incorporating functional annotations that are not available in CAVIAR. On the other hand, 
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the CaVEMaN approach employs a frequentist definition of causal probability instead of 

the Bayesian method (A. A. Brown et al., 2017). Another notable feature of CaVEMaN is 

that, instead of assuming one or more variants as potential causal variants in each locus, 

it utilizes a regression approach to estimate the number of causal eQTLs and then map 

each eQTL independently. In the CaVEMaN paper, a comparison was conducted among 

these three approaches, revealing a general agreement in terms of causal probability. 

Notably, both CAVIAR and DAP-G exhibited underestimation issues when compared to 

CaVEMaN.  

 

Following the human GTEx project, the Farm Animal Genotype-Tissue Expression 

(FarmGTEx) project started the exploration of regulatory variants in farm animals, such 

as cattle and pigs (S. Liu et al., 2022; Teng et al., 2024). In the cattle GTEx project, an 

analysis was conducted on 7,180 publicly available RNA-Seq samples originating from 

46 cattle breeds and breed combinations, encompassing 114 distinct tissues (S. Liu et 

al., 2022). From all these samples, a median of 21,623 Single Nucleotide Polymorphisms 

(SNPs) were identified. Through subsequent imputation, the SNP dataset for each 

sample was expanded to include up to 3,824,444 SNPs. Downstream eQTL study 

focused on 23 distinct tissues, each with more than 40 individuals. Subsequently, DAP-

G  was used to identify causal variants within each genomic locus. However, while the 

cattle GTEx project serves as one of the most extensive reference resources for the cattle 

transcriptome available to date, it does have some limitations. Notably, the inclusion of a 

limited number of individuals and breeds in the research raises concerns about the 

imputation accuracy for underrepresented breeds. Additionally, unlike human GTEx, the 

data used in cattle GTEx was collected from disparate studies. Furthermore, factors such 

as a minority of tested variants and large disparities in sample sizes across different 

tissues are likely to influence the final outcomes of the fine-mapping process. 

 

Apart from the eQTL data from cattle GTEx, our group has obtained regulatory variants 

through Massively Parallel Reporter Assays (MPRAs) strategy in cattle aortic endothelial  

cells. MPRA is a high-throughput experimental technique for testing the regulatory 

potential of DNA sequences, i.e., identifying regulatory elements (Mulvey et al., 2021), 
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and can be further applied to discover regulatory variants. The MPRA approach couples 

genomic features, such as individual alleles of a genomic sequence, with a reporter gene 

containing distinct transcribed barcodes. This enables the simultaneous and multiplexed 

measurement of element activity at the RNA level (Mulvey et al., 2021). MPRA offer 

numerous advantages, including efficiency and the avoidance of LD issues. However, it 

is important to note that MPRAs are often conducted within isolated and controlled cellular 

environments, potentially limiting their ability to fully capture the function of elements in 

their native genomic context. The MPRA strategy we are using is the Survey of Regulatory 

Elements (SuRE) technology, which was first employed in humans to successfully identify 

over 30,000 regulatory SNPs, also known as reporter assay QTLs (raQTLs) (van 

Arensbergen et al., 2019).  

 

These datasets serve as valuable sources for downstream machine learning applications 

in both humans and cattle, offering opportunities to delve deeper into the underlying 

characteristics of regulatory variants and to make predictions for new ones. 

 

4.1.2 Regulatory variant location validation 
As discussed earlier, regulatory variants primarily reside in non-coding regions, 

particularly within or near regulatory elements. To validate the location of the predicted 

regulatory variants, datasets containing regulatory elements obtained from several 

techniques can be utilized. Precision Run-On Capturing (PRO-cap) is a technique that 

enables the precise mapping of RNA polymerases actively engaged in transcription 

across the genome, thus facilitating the identification of transcription start sites (TSS) 

(Mahat et al., 2016). Moreover, PRO-cap possesses the ability to capture TSS during the 

early stages of RNA synthesis, distinguishing itself from alternative TSS analyses that 

rely on mature RNA, thus offers a distinct benefit in the identification of enhancers. An 

alternative technique for TSS identification is Cap Analysis of Gene Expression (CAGE). 

In this approach, a modified cap structure is added to the 5’end of nascent RNA molecules, 

serving as a marker for TSS identification (Kodzius et al., 2006). In a recent study, CAGE 

was employed to pinpoint TSS along with their co-expressed short-range enhancers 

(within 1kb) across 24 distinct tissues from three cattle populations: dairy, beef-dairy cross, 
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and Canadian Kinsella composite cattle (Salavati et al., 2023). These datasets provide 

opportunities to validate the locations of predicted regulatory variants in the genome. 

 

4.1.3 Objectives 
The objective of this chapter was to utilize the annotation workflow from Chapter 2 to train 

machine learning models to predict regulatory variants in both humans and cattle. The 

performance of various machine learning algorithms was compared, models trained using 

different datasets were evaluated, and the inherent characteristics associated with a 

variant being predicted as a regulatory variant was explored. Furthermore, different 

strategies were employed and compared in cattle regulatory variant prediction, 

encompassing methods exploiting human annotations as well as those based purely on 

cattle annotations.  

 

4.2 Materials and methods 
In this section, I start by introducing the data preparation for both human and cattle, and 

how these data were processed to ensure compatibility with downstream machine 

learning models. Following this, I provide a comprehensive description of the construction, 

improvement, and evaluation of the machine learning models. 

 

4.2.1 Human data preparation 

4.2.1.1 Human regulatory variants and annotations 
Human fine-mapped regulatory variants were obtained from the CaVEMaN dataset from 

GTEx (GTEx Consortium, 2020). The variants at cis-eQTLs included in the CaVEMaN 

dataset were defined as foreground variants, i.e., the target regulatory variants to be 

predicted. The remaining variants in the GTEx reference file, comprising all tested 

variants, were considered as background variants. Prior to any processing procedures, 

there were 1,314,543 foreground variants fine-mapped in at least one of the 49 different 

tissues and 45,255,160 background variants.  
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As the CaVEMaN foreground variants were restricted to +/- 1Mb around the TSS, the 

background variants were also restricted to the same range to maintain consistency. with 

the foreground data. Furthermore, sex chromosomes were removed from the dataset 

because they possess unique biological characteristics compared to autosomes, which 

could potentially introduce confusion in the downstream model. Subsequently, duplicate 

variants in the datasets were removed, and only SNPs were retained for analysis. The 

background dataset was randomly down-sampled to match the number of variants in the 

foreground data, ensuring class balance. As a result, there were 590,778 variants left in 

each class. The summary of different human variant sets used in the modelling work can 

be found in Figure S4.3 (A). 

 

Subsequently, these 1,181,556 variants were annotated with 1,583 annotations using the 

variant annotation pipeline presented in Chapter 2. It should be noted that the allele 

frequency annotations were not used as features in the subsequent studies. This is 

because, the association between a regulatory variant and a gene cannot be detected 

unless the variant has a high enough allele frequency, leading to an artificial distribution 

difference of the allele frequency in foreground and background data. This discrepancy is 

more statistical than biological, and it could potentially mislead the model and result in an 

over-evaluation of the model’s performance. The Enformer sub-workflow was employed 

to annotate only high-confidence regulatory variants, i.e., those possessing a CaVEMaN 

causal probability exceeding 0.5. The constraints posed by limited GPU resources on 

Eddie (University of Edinburgh high performance computing system) rendered it difficult 

to annotate the entire dataset with the high-dimensional Enformer features. 

 

4.2.1.2 Additional annotations based on EpiMap 
In addition to the annotations in the annotation pipeline, I extracted a complementary set 

of features from EpiMap, a comprehensive compendium that incorporates over 17,000 

epigenomic data in humans (Boix et al., 2021). EpiMap comprises datasets based on 18 

different marks/assays, such as ATAC-seq, DNase-seq and H3K4me1, spanning multiple 

tissues. The BigWig files for 593 averaged tracks per group (tissue and mark) were 

downloaded from https://epigenome.wustl.edu/epimap/data/, and then the scores for 
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each variant was extracted from the track files using the pyBigWig (Ramírez et al., 2016a) 

package in Python.  

 

4.2.2 Cattle data preparation 
For cattle data preparation, two sets of regulatory variants were included, those at 

regulatory variants from the cattle GTEx dataset and the regulatory variants from the 

SuRE analysis.  

4.2.2.1 Cattle GTEx regulatory variants 
In the cattle GTEx dataset, each variant had been assigned two p-values: one nominal p-

value, which indicates the significance of the association between a variant and the 

expression levels of a target gene, and the other one is the permutation p-value, a 

corrected version of the nominal p-value that takes into account multiple testing. Initially, 

the variants with the smallest nominal p-value for each gene across all tissues were 

extracted (i.e. the lead variant). If there were more than one variant associated with each 

gene that possess the same smallest p-value, they were all included in the dataset. Then 

these variants were filtered based on their associated permutation p-values, with a 

maximum threshold of 0.05. Furthermore, only SNPs were retained in the dataset. After 

filtering, 79,215 variants were retained as foreground regulatory variants, and an 

equivalent number of background variants were randomly down-sampled from the 

variants with a nominal p-value greater than 0.05 in the remaining dataset, resulting in a 

total of 158,430 variants.  

 

4.2.2.2 MPRA regulatory variants  
Another set of cattle regulatory variants was obtained using the SuRE approach. The 

SuRE analysis and downstream raQTL calling were conducted by Annogen, a company 

that specializes in MPRA. Aortic endothelial cells from two animals, Bos indicus and Bos 

taurus, were utilized in the assays. The SuRE signal for every allele at each SNP was 

computed by employing the normalized barcode expression value corresponding to each 

barcode within the SuRE libraries. Next, a two-sided Wilcoxon rank-sum test was 

executed for each SNP to generate the p-values and false discovery rate (FDR). The 
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initial variant set was filtered by genotype quality (GQ) using a threshold of 20 and 

removing variants with a sequencing depth (DP) of 4 standard deviations (SDs) above 

the mean. Subsequently, variants with uncalled alleles in matching 30x WGS data or 

those exhibiting homozygous genotypes were excluded from the dataset. The SuRE 

paper (van Arensbergen et al., 2019), defined regulatory variants as variants with a SuRE 

signal > 4 and a 5% false discovery rate (FDR). In my case, I utilized a more stringent 

SuRE signal threshold of 5 and a Wilcox p-value cut-off of 0.006685 on the remaining 

dataset after GQ and DP filtering. Finally, 18,782 regulatory variants were retained as 

foreground data, and the same number of background variants were randomly sampled 

from the remaining variants with p-value > 0.006685 and SuRE signal > 5. The summary 

of different cattle variant sets used in the modelling work can be found in Figure S4.3 (B). 

 

4.2.2.3 Cattle variant annotations 
To compare two approaches for cattle regulatory variant prediction, i.e., one based on 

human annotations and the other one using cattle annotations, the positions of cattle 

variants were initially lifted over to the human genome (hg38).  The UCSC liftOver 

command line tool (Kuhn et al., 2013) and the chain file bosTau9ToHg38.over.chain.gz 

from https://hgdownload.soe.ucsc.edu/goldenPath/bosTau9/liftOver/ were employed for 

lift-over. All 158,430 cattle GTEx variants were successfully lifted over from cattle to 

human. Subsequently, the lifted variants were annotated using human annotations, while 

the original cattle variants were annotated using cattle annotations. For human 

annotations, only the following were retained: allele change, distance to TSS, distance to 

CpG island, conservation scores, gene density, flanking sequence, and variant 

consequence. These annotations were selected because they are also available for cattle, 

enabling direct comparison of model performance between the two approaches.  

 

4.2.3 Feature engineering 
Feature engineering work is a crucial part in machine learning that involves the 

transformation of initial annotations into final features in a suitable format for downstream 

machine learning models. This section provided a detailed exposition on the feature 

engineering approaches utilized in the project. The primary package used in this section 

https://hgdownload.soe.ucsc.edu/goldenPath/bosTau9/liftOver/
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and the subsequent machine learning section was Scikit-learn v0.24.2 (sklearn), a 

comprehensive machine learning package in Python (Pedregosa et al., 2011). Figure 4.1 

depicts the workflow for the feature engineering process and the downstream machine 

learning steps. 
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Figure 4.1 The workflow for both the feature engineering process and the subsequent 
machine learning process.  

 

4.2.3.1 Feature pre-processing 
After obtaining the variant annotations for human and cattle, these initial annotations 

underwent pre-processing to remove any abnormal data, such as missing values, from 

the dataset. The Python package Pandas Profiling v2.11.0 (https://github.com/pandas-

profiling/pandas-profiling) was employed for an initial check of the raw annotations. 

Missing values were identified in the conservation score annotations, accounting for 

approximately 0.9% of human variants and 0.8% of cattle variants. Given their small 

proportion within the dataset, instead of employing imputation strategies for the missing 

values, variants with missing conservation scores were simply excluded from the dataset. 

Subsequently, the numerical features within the annotations were standardised using the 

StandardScaler library in sklearn (Pedregosa et al., 2011), which involved subtracting the 

mean and scaling each feature to have unit variance. 

 

4.2.3.2 Feature encoding 
In addition to the numerical features in the initial annotations, there were several 

categorical features that required encoding before being used as input for subsequent 

machine learning models. These categorical features encompassed allele change, 

chromosome name, flanking sequence, and variant consequence. They can be divided 

into two groups: the first group comprises features that exclusively represent discrete 

categories, including chromosome name and variant consequence; the second group 

comprises features that possess potential informative content, including allele change 

and flanking sequence. The first group of categorical features was subjected to the 

conventional one-hot encoding technique (Pedregosa et al., 2011). Meanwhile, the 

encoding of allele change and flanking sequence was accomplished through a custom-

defined mapping strategy. This approach defined a dictionary for four different bases (A: 

1000, C: 0100, G: 0010, T: 0001), and then each base within the feature was mapped to 

the corresponding string representation. The resultant string, including binary values of 0 

https://github.com/pandas-profiling/pandas-profiling
https://github.com/pandas-profiling/pandas-profiling
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and 1, was further partitioned into separate integer columns, each indicating the presence 

or absence of a particular base. Subsequently, the encoded features were reintegrated 

into the feature table, and the original categorical features were removed. Table 4.1 and 

Table 4.2 show the summary of the features before and after encoding in both human 

and cattle. The last column in Table 4.1 indicates the names of the various feature sets 

used in different experiments. 

 
Table 4. 1 Summary of human features before and after encoding  

 Annotation 
Number 

of 
features 

Encoding 
approach 

Number of 
columns after 

encoding 

Feature 
set name 

Sequence 
conservation 

phastCons* 2 - 2 

General 
features 

phyloP* 2 - 2 

Variant 
position 

properties 

Distance to CpG island* 1 - 1 

Distance to chromatin data 1554 - 1554 

Distance to TSS* 14 - 14 
Distance to regulatory 

features 4 - 4 

Chromosome* 1 One-hot 22 

Variant position* 1 - 1 
Gene density (per mega 

base)* 1 - 1 

VEP 
annotation Consequence* 1 One-hot 51 

Sequence 
context 

Allele change* 1 Base-
mapping 8 

5-mer flanking sequence* 1 Base-
mapping 20 

Enformer Predicted functional genomic 
score 5313 - 5313 Enformer 

features 

EpiMap Epigenomic data 593 - 593 EpiMap 
features 

       * Annotations available for both humans and cattle 
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Table 4. 2 Summary of cattle features before and after encoding 

 Annotation Number of 
features 

Encoding 
approach 

Number of 
columns after 

encoding 

Sequence 
conservation 

phastCons 1 - 1 

phyloP 1 - 1 

Variant 
position 

properties 

Distance to CpG island 1 - 1 
Distance to TSS 3 - 3 
Chromosome 1 One-hot 29 

Variant position 1 - 1 
Gene density (per mega base) 1 - 1 

VEP 
annotation Consequence 1 One-hot 31 

Sequence 
context 

Allele change 1 Base-mapping 8 

5-mer flanking sequence 1 Base-mapping 20 

Enformer Predicted functional genomic score 5313 - 5313 

 

4.2.3.3 Feature selection 
The Enformer feature set consisted of a high-dimensional feature table with 5,313 

columns, leading to increased computational complexity. Furthermore, this feature set 

might encompass redundant features that could potentially impact model performance. 

To address these challenges, a feature selection process was undertaken. The Enformer 

feature set first underwent the VarianceThreshold method in sklearn (Pedregosa et al., 

2011) with a default threshold of 0 to remove all low-variance features. Then the sklearn 

mutual_info_classif package was employed to measure the association between each 

feature and the target variable (i.e., predicted as regulatory variant). Features exhibiting 

a mutual information value of 0 were excluded, as they demonstrated minimal correlation 

with the target variable. 

 

After applying the variance and mutual information filters, a further feature selection 

process was conducted using the feature_importances_ attribute inherent in some 

machine learning algorithms. The sklearn SelectFromModel package was employed, with 

the tree-based machine learning algorithm CatBoost designated as the estimator. This 
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approach only retains those features whose feature_importances_ value derived from the 

model exceeds a predetermined threshold. To determine this threshold, a preliminary and 

an elaborate selection process were performed. First, the threshold range was defined 

spanning from 0 to the maximum feature_importances_ value. A learning curve was 

generated, plotting the threshold values on the x-axis against the cross-validation scores 

of the model on the y-axis, thereby pinpointing a narrower range for the optimal threshold. 

Subsequently, a similar but more elaborate process was performed, narrowing down the 

threshold range based on the outcomes of the preliminary process. Finally, a threshold 

value of 0.056 was picked as the feature_importances_ cut-off for Enformer features. 

 

4.2.4 Machine learning models 

4.2.4.1 Machine learning model construction and training 
Seven different machine learning algorithms, including Random Forest (Breiman, 2001), 

CatBoost (Prokhorenkova et al., 2017), XGBoost (T. Chen & Guestrin, 2016b), LightGBM 

(Ke et al., 2017), Gradient Boosting Decision Trees (GBDT) (Friedman, 2001), and 

Support Vector Machines (SVM) (Cortes & Vapnik, 1995) were selected as potential 

candidates for constructing the models. Random Forest, SVM, and GBDT models were 

instantiated using packages provided by sklearn. CatBoost, XGBoost, and LightGBM 

were built using their corresponding Python packages. The entire variant set, including 

both foreground and background variants, was randomly divided into a training and test 

set at a ratio of 70:30 using the sklearn train_test_split package. The training set was for 

model training and the separate test set was reserved for evaluating the models’ 

performance on new, unseen data instances. To train the models and assess their 

performance in a less biased manner, as well as to maximize the effective utilization of 

the entire training data, a 5-fold cross-validation approach was employed. 

 

4.2.4.2 Hyper-parameter tuning 
Each machine learning algorithm has some hyper-parameters that influence the learning 

process and impact the final model parameters. Adjusting these hyper-parameters can 

enhance the model’s performance. Initially, the hyper-parameter tuning of the CatBoost 
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model was conducted using the RandomizedSearchCV and BayesSearchCV approaches 

from the scikit-optimize v0.9.0 library (Head et al., 2018), a Python library for hyper-

parameter optimization. The BayesSearchCV method, which performs Bayesian 

optimization over hyper-parameters, demonstrated a more efficient tuning process and 

was subsequently employed for hyper-parameter tuning of all other models. For each 

algorithm, the search space for the hyper-parameters was defined as a dictionary, and 

the BayesSearchCV function was invoked to explore the target space and determine the 

optimal set of hyper-parameters that maximize the model’s performance.  

 

4.2.4.3 Model ensemble 
Further enhancement of model performance can be achieved through ensemble methods 

that combine individual models. The VotingClassifier from sklearn was utilized to organize 

three machine learning models: CatBoost, XGBoost, and LightGBM, which demonstrated 

superior performance among the seven algorithms considered. The VotingClassifier 

employs a majority voting strategy to determine the final prediction based on the 

predictions generated by the base models. Two options within the VotingClassifier were 

explored: the hard voting strategy, which makes final decisions by aggregating the 

majority predicted class among the base models’ predictions, and the soft voting strategy, 

which employs the prediction probabilities of the base models to make final decisions. 

 

4.2.4.4 Incremental learning 
When attempting to leverage human data to aid cattle regulatory prediction, apart from 

using human annotations or a human model, the incremental learning strategy was also 

explored. Incremental machine learning refers to an approach that progressively 

incorporates new data into the model,  with the goal of learning from the new data while 

retaining the knowledge acquired from the previous data (Wu et al., 2019). In this study, 

the human model, trained on the annotations that are available in both human and cattle, 

was saved and subsequently employed as the initial model for a second round of training 

using cattle annotations. The ultimate model was then assessed by predicting cattle 

regulatory variants. 
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4.2.5 Machine learning model performance evaluation and 
interpretation 
To evaluate the model’s performance, various metrics were employed. In addition to the 

model’s accuracy, other metrics such as precision, recall, and F1-score were also 

calculated to assess the model’s proficiency in true positive predictions. Additionally, the 

Receiver Operating Characteristic (ROC) curve was generated, and the Area Under this 

Curve (AUROC) was computed to evaluate the model’s discriminative capacity between 

regulatory variants and other variants. 

 

Furthermore, model interpretation is a crucial step in the application of machine learning 

to address genomics challenges. It not only enhances the credibility of the model’s 

predictions but also aids in comprehending the underlying characteristics captured by 

models from extensive data. To facilitate model interpretation, the feature importance was 

extracted from the model. Additionally, the SHapley Additive exPlanations (SHAP v0.39.0) 

approach (Lundberg & Lee, 2017) was utilized to elucidate the relationship between 

feature values and model outputs. 

 

4.2.6 GWAS catalog data for human model application 
To explore the potential application of the human model, variants from the GWAS catalog 

were utilized to determine if certain reported variants associated with traits have predicted 

regulatory effects from the trained model. Since not all lead variants from GWAS are 

causal in these associations, datasets from Open Target Genetics (Ghoussaini et al., 

2021) were utilized to expand the dataset. This expansion includes all tag variants within 

each associated locus, where tag variants refer to those defined in the fine-mapping 

credible sets, as opposed to only lead variants from the GWAS catalog. The datasets 

were downloaded from ftp://ftp.ebi.ac.uk/pub/databases/opentargets/genetics/. Then the 

Python package pyarrow (Richardson et al., 2023) was utilized to convert the data in 

parquet format to Python data frame. Following this, the variants were restricted to +/- 

1Mb around the TSS and annotated using the variant annotation pipeline. The human 

model trained using the high-confidence data was utilized for prediction. To make a 

comparison, an equivalent number of background variants was randomly sampled from 

ftp://ftp.ebi.ac.uk/pub/databases/opentargets/genetics/
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the remaining variants in the human 1000 genomes cohort 

(http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/) that do not belong to the 

foreground variant dataset. These background variants were also restricted to +/- 1Mb 

around the TSS as the foreground data. 

 

4.2.7 Functional genomic data for predicted cattle regulatory variants 
validation 
To validate the potential effects of the cattle regulatory variants predicted by the model, I 

utilized the PRO-Cap data generated by Dr Rachel Owen in our group. Our group 

conducted PRO-Cap in two cattle aortic endothelial cells. Adapter sequence trimming 

was performed using fastp, a tool designed for pre-processing of fastq files (S. Chen et 

al., 2018). Next, UMI-tools was utilized for barcode extraction. UMI-tools is developed for 

handling Unique Molecular Identifiers (UMI) or single cell RNA-Seq cell barcodes (Smith 

et al., 2017), and in this case random UMIs were added to each fragment so that 

duplicates could be identified and discarded. The barcode patterns for the reads in the 

UMI-tools command were set to NNNNNNX where N represents the random part and X 

denotes the fixed part. Following this, the Spliced Transcripts Alignment to a Reference 

(STAR) software (Dobin et al., 2013) was used to generate the cattle genome indices 

(ARC-UCD1.2) and map the pre-processed PRO-cap reads to the reference genome. 

The output bam files underwent the deduplication procedure using the dedup tool in the 

UMI-tools and corresponding index files generated using samtools (Danecek et al., 2021). 

Subsequently, bamCoverage (Ramírez et al., 2016b) was employed to generate the 

BigWig format track. Finally, the peak caller PINTS was utilized to call the peaks for the 

PRO-Cap data. To obtain the predicted regulatory variants that intersected with the PRO-

Cap peaks, the called peaks and the predicted variants were converted into GRanges 

objects in R and the subsetByOverlaps function in the GenomicRanges (Lawrence et al., 

2013) R package was employed.  

 

To further support the PRO-Cap results, TSS regions in cattle heart tissue defined using 

Cap Analysis Gene Expression sequencing (CAGE) were downloaded from 

https://api.faang.org/files/trackhubs/BOVREG_CAGE_EUROFAANG/ARS-

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
https://api.faang.org/files/trackhubs/BOVREG_CAGE_EUROFAANG/ARS-UCD1.2/tissues_TSS/
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UCD1.2/tissues_TSS/ (Salavati et al., 2023). Since the paper did not provide data for 

aorta tissue, the most relevant tissue, heart, was used for this analysis. 

 

4.3 Results 
This section began with an exploration of the underlying genomic characteristics 

associated with regulatory variants. Subsequently, the prediction results for humans were 

presented and analysed, followed by the work conducted in predicting cattle regulatory 

variants. Figure 4.2 shows the different feature sets and models used in human and cattle 

predictions. For further clarity, a more detailed summary of the machine learning 

algorithms, variant sources, and features utilized in different experiments can be found in 

Table S4.1 and Table S4.2, respectively. 

 
Figure 4.2 Different feature sets and models used in the experiments in (A) human and (B) 
cattle. (A) The multiple classifiers include Random Forest, Catboost, XGboost, LightGBM, GBDT, 

SVM. The green box in (B) represents three cattle regulatory variant prediction strategies based 

on human data. These strategies involve: utilizing pre-trained human models for cattle regulatory 

Human variants

Cattle variants

General featuresEnformer features EpiMap features Features available across 
human and cattle

Catboost Catboost/Voting 
classifier Multiple classifiers Voting classifier Voting classifier

Features available across 
human and cattle Cattle features Enformer features

Human model Human model + 
incremental learning

Cattle liftover 
model Voting classifier Voting classifier

A

B

Annotation

Annotation

https://api.faang.org/files/trackhubs/BOVREG_CAGE_EUROFAANG/ARS-UCD1.2/tissues_TSS/
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variant prediction, employing incremental learning based on the human model for cattle prediction, 

and lifting over cattle variants to the human genome to train the model using human annotations. 

The red box in (B) represents the strategy based on cattle annotations directly. 

4.3.1 Variant annotations analysis 

4.3.1.1 Cattle conservation scores based on Cactus alignment 
Despite the potential importance of conservation scores at marking functional variants in 

the genome,  phastCons and phyloP, two of the most widely used metrics, are not 

currently available for cattle. Therefore, I used my workflow from Chapter 2 to first 

generate and assess phastCons and phyloP scores generated from a cactus alignment 

of 241 mammals. As shown in Figure 4.3 (A), consistent with these metrics marking 

functional regions, coding regions exhibited a higher likelihood of being enriched near a 

phastCons score of 1, while non-coding regions were more likely to be enriched near a 

phastCons score of 0. This observation is consistent with the fact that coding regions 

generally display greater conservation compared to non-coding regions within the 

genome. Furthermore, this was reinforced by the distribution difference of the phyloP 

scores between coding and non-coding regions. These results collectively affirmed the 

dependability of my novel cattle conservation scores based on a large Cactus alignment 

and potential utility for discriminating between functional and background regions. 

 

 
Figure 4.3 Conservation score distribution differences in coding and non-coding regions 
in the cattle genome.  

 

A B
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(A) Kernel density estimate (KDE) plots of phastCons241way conservation scores in coding and 

non-coding regions. (B) KDE plots of phyloP241way conservation scores in coding and non-

coding regions.  

 

4.3.1.2 Human and cattle annotations distribution analysis 
The distribution of annotations in both foreground and background datasets were 

investigated to determine if they could provide potential insights into the underlying 

characteristics of regulatory variants in humans and cattle.  

 

Figure 4.4 depicts the differences in the distribution of various annotations between the 

foreground and background groups in humans, shedding light on several factors 

associated with regulatory variants. One characteristic of regulatory variants was their 

tendency to exhibit a specific sequence context. As shown in Figure 4.4 (A), regulatory 

variants displayed a higher occurrence of G to A and C to T allele changes. Figure 4.4 (B) 

illustrates that variations with A:T base pairs at the variant position (the central base in 

the 5-mer flanking sequence) were more likely to be regulatory variants. Moreover, apart 

from the variant position, other positions within the 5-mer flanking sequences of regulatory 

variants tended to contain C:G base pairs. Furthermore, regulatory variants were more 

prevalent in gene-dense regions and exhibited enrichment near specific genomic 

elements, including CpG islands, regulatory elements, and chromatin data (Figure 4.4 D-

H).  

 

Upon comparing the distribution differences of conservation scores between foreground 

and background variants, a slight enrichment of regulatory variants was observed in 

regions exhibiting lower constraint (Figure 4.4 I, J). This finding is broadly consistent with 

the results reported by Mostafavi et al. in their study, where they highlighted that genes 

near eQTLs display less constraint (Mostafavi et al., 2022). This observation is perhaps 

counter-intuitive but potentially reflects the fact that genes near eQTLs possess greater 

flexibility in changing their expression. 
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Figure 4.5 illustrates the characteristics of cattle regulatory variants. Most of the plots 

reveal similar distribution differences between regulatory and non-regulatory variants as 

in humans, highlighting shared characteristics of regulatory variants across different 

species. One noteworthy disparity between humans and cattle lies in the distribution of 

conservation scores. Specifically, cattle regulatory variants displayed a higher tendency 

to be enriched near a phastCons241way score of 1 (indicating higher conservation), while 

in human they were more likely to be enriched near a phastCons30way score of 0 

(indicating lower conservation). This difference could be attributed to the varying numbers, 

categories, and evolutionary time scales of the species included in the multiple alignments 

used to calculate these conservation scores. The conservation scores for humans were 

computed based on the multiple alignment including 30 species, while the cattle 

conservation scores were derived from the 241-species multiple alignment. Another 

difference between humans and cattle was observed in their flanking sequences. 

Regulatory variants in humans tended to exhibit a higher proportion of C:G pairs 

compared to A:T at the variant position, whereas the trend is reversed in cattle. 

 

Despite the differences between human and cattle features, both species demonstrated 

notable distribution differences between foreground and background variants. These 

disparities provide a valuable opportunity for downstream machine learning models to 

discern patterns within different groups and consequently make new predictions. 
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Figure 4.4 Characteristics of human regulatory variants. (A) Number of foreground regulatory 

variants and background variants by their allele changes (reference > alternative). (B) Number of 

variants with different 5-mer flanking sequences between the foreground and background data. 

Each circle represents a type of 5-mer flanking sequence with a specific base at a particular 

position, and the colour of the circle indicates the sequence content. All types of 5-mer flanking 

sequences exhibit significant differences between the groups (Chi-Squared test, p-value < 

𝟏. 𝟓 × 𝟏𝟎!𝟖). (C) Number of foreground regulatory variants and background variants by their 

variant consequences. (D) Kernel density estimate (KDE) plots of gene density between 

foreground and background variants. Gene density displays significant differences between the 

groups (Two-sample Kolmogorov-Smirnov test, p-value < 𝟓. 𝟖𝟕 × 𝟏𝟎!𝟏𝟏𝟒). (E-H) KDE plots of 

distances from foreground and background variants to different genomic elements within 10kb. 

These annotations show significant differences between the groups. (Two-sample Kolmogorov-

Smirnov test, p-values < 𝟑. 𝟑𝟒 × 𝟏𝟎!𝟑𝟔, 𝟏. 𝟎𝟐 × 𝟏𝟎!𝟖	, 𝟏. 𝟓𝟗 × 𝟏𝟎!𝟑𝟒, 𝟏. 𝟎𝟖 × 𝟏𝟎!𝟖, for panels E, F, 

G, and H respectively). (I-J) KDE plots of conservation scores for foreground and background 

variants. The phastCons30way and phyloP30way scores exhibit significant differences between 

the groups (Two-sample Kolmogorov-Smirnov test, p-values < 𝟖. 𝟔𝟔 × 𝟏𝟎!𝟔 and 𝟑. 𝟖𝟓 × 𝟏𝟎!𝟐𝟔, 

respectively). 
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Figure 4.5 Characteristics of cattle regulatory variants. The variants were annotated using 

cattle annotations (A) Number of foreground regulatory variants and background variants by their 

allele changes (reference > alternative). (B) Number of variants with different 5-mer flanking 

sequences between foreground and background data. All types of 5-mer flanking sequences 
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exhibit significant differences between the groups (Chi-Squared test, p-value < 𝟑. 𝟔 × 𝟏𝟎!𝟖). (C) 

Number of foreground regulatory variants and background variants by their variant consequences. 

(D) KDE plot of gene density between foreground and background variants. Gene density displays 

significant differences between the groups (Two-sample Kolmogorov-Smirnov test, p-value < 

𝟕. 𝟏𝟒 × 𝟏𝟎!𝟖𝟏 ). (E) KDE plot of distances from foreground and background variants to CpG 

islands within 10kb (Two-sample Kolmogorov-Smirnov test, p-value <  𝟏. 𝟏𝟎 × 𝟏𝟎!𝟏𝟔). (F) KDE 

plot of distances from foreground and background variants to lncRNA (Two-sample Kolmogorov-

Smirnov test, p-value <  𝟐. 𝟒𝟎 × 𝟏𝟎!𝟓). (G) KDE plot for phastCons241way scores in foreground 

and background variants. (Two-sample Kolmogorov-Smirnov test, p-value <  𝟏. 𝟔𝟗 × 𝟏𝟎!𝟒) (H) 

KDE plot for phyloP241way scores in two groups (Two-sample Kolmogorov-Smirnov test, p-value 

<  𝟏. 𝟓𝟖 × 𝟏𝟎!𝟑). 

4.3.2 Human regulatory variant prediction results 

4.3.2.1 Prediction results for regulatory variants across different 
tissues 
To provide a baseline for my cattle models, I first developed machine learning models for 

predicting human regulatory variants. Given the available high quality training data for 

humans, this could provide a potential upper bound of the prediction accuracies I could 

likely obtain from other species such as cattle. Initially, the model training in humans did 

not take into account the tissue where the fine-mapped regulatory variant had been 

identified. In addition to the entire regulatory variant dataset, a high-confidence regulatory 

variant dataset was obtained by filtering the data according to their CaVEMaN causal 

probability with a threshold of 0.5, aiming to assess whether the model performs better 

with more reliable data. After filtering by causal probability, 45,987 variants were retained 

in the foreground dataset and the background dataset was randomly down-sampled to 

achieve an equivalent size. Finally, the size of the high-confidence feature table was 

91,974 variants ´ 1,680 features (using general features as specified in Table 4.1), and 

the size of the entire feature table was 1,170,588 variants ´1680 features, where each 

row represents a variant, and each column represents an encoded feature.  

 

The datasets were split into training and test sets at a ratio of 70% and 30%, respectively. 

A Random Forest was employed as the baseline model. Figure 4.6 displays the ROC 
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curves for the models trained on both the entire regulatory variant dataset and the high-

confidence regulatory variant dataset, respectively. As expected, the model trained on 

the high-confidence data outperformed the one trained on the entire dataset, despite the 

latter containing approximately 12 times more training data, highlighting the importance 

of the training data quality in determining the final model performance. 

 
Figure 4.6 Receiver Operating Characteristic (ROC) curves and corresponding Area Under 
the Receiver Operating Characteristic (AUROC) scores of the Random Forest model 
trained using the entire dataset and the high-confidence dataset. The AUROC scores reflect 

the model’s ability to distinguish between regulatory variants and background variants, with 

scores closer to 1 indicating better performance. The dashed blue line represents the expected 

performance from random guesses. 

 

To determine which machine learning algorithms to employ in the study, an initial 

exploration was conducted, comparing the performance of several popular machine 

learning algorithms in predicting human regulatory variants. Seven different algorithms, 

including Random Forest, CatBoost, XGBoost, LightGBM, Gradient Boosting Decision 

Trees (GBDT), and Support Vector Machine (SVM), were trained on the high-confidence 

training set (64,381 variants) and tested on a separate test set (27,592 variants). All 

models were trained using their default parameters without hyper-parameter tuning. As 

depicted in Figure 4.7, the six tree-based machine learning models demonstrated 

consistently better performance with higher AUROC scores when compared to SVM. 

Taking into account both the model performance and interpretability, three tree-based 
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machine learning models, CatBoost, XGBoost, and LightGBM were selected for 

subsequent studies to perform various tasks.  

 
Figure 4.7 ROC curves and AUROC scores for seven machine learning models trained and 
tested using the high-confidence data. 

To further improve the performance of the tree-based models, hyper-parameter tuning 

was employed to the models. And then the voting classifier was used to organize 

CatBoost, XGBoost, and LightGBM for further model ensemble. Table 4.3 summarizes 

the metrics for different models when training and testing on high confidence regulatory 

variants. The best-performing model was CatBoost, achieving an AUROC score of 0.898 

after tuning. Additionally, the voting classifier, employing a soft strategy as introduced in 

Section 4.2.4.3, exhibited a slight improvement over the one using a hard strategy and 

other individual models. Therefore, the voting classifier using a soft strategy was 

employed as the model in the downstream analyses if not specified. 
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Table 4.3 Different metrics for the models after tuning 

Model Recall Precision Accuracy AUROC Average cv 
score a 

Standard deviation 
of cv scores b 

CatBoost 0.825 0.787 0.801 0.898 0.804 0.004 

XGBoost 0.813 0.782 0.794 0.880 0.791 0.002 

LightGBM 0.812 0.770 0.786 0.880 0.792 0.002 
Voting 
(soft) 

0.830 0.789 0.809 0.903 0.807 0.003 

Voting 
(hard) 

0.823 0.782 0.798 - 0.801 0.003 

a The average F1 score of the models obtained through 5-fold cross-validation. 
b The standard deviation of the scores obtained from 5-fold cross-validation for the models 
 

To gain a deeper understanding of how features influence prediction outcomes, a SHAP 

summary plot was generated for model interpretability. Figure 4.8 presents the top 30 

most important features for predicting high confidence regulatory variants, along with their 

respective impacts on the model’s prediction. The foremost influential feature is the 

distance to the promoter. As depicted in the plot, a moderate distance-to-promoter value 

(around 0, as distance includes both positive and negative values), i.e., proximity to the 

promoter region, is associated with a higher probability of a variant being predicted as a 

regulatory variant. Conversely, a high or low distance-to-promoter value, indicating 

greater distance either upstream or downstream from the promoter, is linked to a higher 

probability of being predicted as a non-regulatory variant. 

 

The second most prominent feature is gene density, where a higher gene density 

corresponds to an elevated SHAP value. This indicates that increased gene density is 

linked to an increased likelihood of a variant being predicted as a regulatory variant. This 

aligns with the observation that regulatory variants tend to be more prevalent in gene-

dense regions. Moreover, the categorical feature consequence (intergenic variant) 

emerges as the third most important feature. As described in the feature encoding section, 

categorical features were encoded into strings and subsequently split into binary columns 

containing values of 0 or 1. For the consequence feature, each column post-encoding 

denotes a different category of variant consequence. From the SHAP plot, it is evident 



 153 

that an intergenic variant column value of 0, meaning not an intergenic variant, is 

correlated with a higher probability of a variant being classified as a regulatory variant. 

 

 
Figure 4.8 SHAP plot of the model trained and tested using high confidence regulatory 
variants. The top 30 features are ranked in descending order based on their feature importance 

in the model. The colour bar indicates high and low values of the features. The x axis shows the 

effect of the feature value on the model’s prediction with a positive SHAP value associated with 

an increased probability of being called a regulatory variant. 
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4.3.2.2 Comparison of model performance based on different feature 
sets 
Subsequently, I explored the utility of Enformer features in predicting regulatory variants. 

Since Enformer models can directly predict gene expression data from DNA sequences, 

it is feasible to obtain predicted gene expression data for species lacking these data using 

the Enformer model trained on human data. The exploration of utilizing Enformer features 

for predicting regulatory variants in humans is also an investigation into the potential of 

employing predicted gene expression data in other species for regulatory variant 

prediction. 

 

The high confidence dataset from above was further annotated using the Enformer sub-

workflow, resulting in an Enformer feature table with a size of 91,974 variants ´ 5,313 

features. Due to the constraints on available cores and memory in the Eddie environment, 

only the CatBoost model with default parameters could be trained with such a high-

dimensional feature table. Therefore, CatBoost with default parameters was employed in 

this part. The CatBoost model was trained using the Enformer features, the general 

features (1680 columns after encoding), and a combination of both feature sets (6,993 

columns), respectively. As shown in the ROC plot for these three experiments (Figure 

4.9), the model trained using general features outperformed the one trained with Enformer 

features. Additionally, the model trained using the combined features exhibit comparable 

performance to the model trained with general features only. This suggests that including 

Enformer predictions in the model lead to limited improvement. 
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Figure 4.9 ROC curves and AUROC scores for the CatBoost model trained using three 
different feature sets. 

 

To assess whether the high-dimensional Enformer features include irrelevant or 

redundant features that could potentially impede model performance, a feature selection 

process was employed to the Enformer feature set. Initially, the 5,313-columns feature 

set underwent the Variance Threshold and Mutual Information filters with both thresholds 

set to 0, resulting in the removal of 164 features from the original set. Subsequently, the 

remaining features were subjected to the SelectFromModel method for further selection, 

with CatBoost as the estimator. After filtering, 440 features were retained in the Enformer 

feature set. The CatBoost model was then trained on the 440 selected Enformer features 

and the combined feature set, which included the selected Enformer features along with 

the general features. The AUROC scores were 0.840 and 0.885 respectively, which were 

comparable to using the entire Enformer feature set. Subsequently, the previously 

mentioned voting classifier was trained using this combined feature set, resulting in an 

AUROC of 0.899. This performance closely paralleled the AUROC of the voting model 

trained on the general feature set (AUROC=0.903), as detailed in Table 4.3. These 

findings underscore that the Enformer features did not contribute additional discriminative 

information to the model’s ability to predict regulatory variants, beyond what was already 

provided by the general features. 

 

In addition to the Enformer predicted chromatin features, another set of directly assayed 

chromatin features from EpiMap was also explored in an attempt to improve the model’s 

performance on predicting high-confidence data. The EpiMap feature set consisted of 

593 columns. The model was trained using a combination of EpiMap features and the 

general features, resulting in an AUROC score of 0.898, which was also comparable with 

the model trained using only the general features. 

 

The comparable performance of the models trained using these different feature sets 

suggests that the general features employed in this study already encompass abundant 

information that is conducive for regulatory variant prediction. The addition of 
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complementary annotations from the popular deep-learning-based architecture Enformer 

to the comprehensive high-resolution epigenomic annotations of EpiMap may offer limited 

benefits to the model. 

 

4.3.2.3 Prediction results for tissue-specific data 
One potential reason that the assayed or inferred chromatin data was not improving the 

model was due to fitting a tissue-agnostic model i.e., regulatory variants from across 

tissues were combined into a single set. As regulatory variants and chromatin data can 

be tissue-specific, this may be affecting model performance. In this section, I conducted 

training and testing of the models across different tissues to assess their performance. 

Fine-mapped variants from five different tissues of relevance to cattle research, namely 

blood, liver, adipose, muscle and breast, were extracted from the CaVEMaN dataset. 

Given the potential scarcity of training data, the tissue-specific data were not filtered 

according to the CaVEMaN causal probability. Then the background variants were down-

sampled to match the number of foreground variants retained in each tissue. 

Consequently, the adipose, liver  blood, breast, and muscle sets included 64,378, 24,416, 

48,774, 42,022, 54,244 variants, respectively. Each set was split into training and test 

sets at a ratio of 70% and 30%. Then the voting classifier was trained on the training set 

and tested on the test set. As depicted in Table 4.4, the liver-based model outperformed 

the other tissue-specific models, achieving an AUROC of 0.919. This performance was 

also superior to the model based on the high-confidence cross-tissue data with an 

AUROC score of 0.903. Furthermore, these human tissue-specific models were also 

trained using just the annotations that were available across both human and cattle (as 

specified in Table 4.1) for further comparison with later cattle tissue-specific models 

(Table 4.5). Again, the liver model had the highest accuracy. 
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Table 4.4 Different metrics for human tissue-specific models 

Tissue Recall Precision Accuracy AUROC Average cv 
score a 

Standard deviation 
of cv scores b 

Blood 0.841 0.778 0.801 0.890 0.808 0.003 

Liver 0.853 0.812 0.829 0.919 0.832 0.002 

Adipose 0.823 0.774 0.790 0.874 0.798 0.003 

Muscle 0.823 0.769 0.788 0.875 0.795 0.003 

Breast 0.846 0.800 0.816 0.901 0.822 0.002 
 

 
 
Table 4.5 Different metrics for human tissue-specific models using cattle-available 
annotations 

Tissue Recall Precision Accuracy AUROC Average cv 
score a 

Standard deviation 
of cv scores b 

Blood 0.829 0.764 0.787 0.868 0.795 0.004 

Liver 0.838 0.793 0.811 0.896 0.815 0.002 

Adipose 0.802 0.751 0.767 0.849 0.776 0.003 

Muscle 0.806 0.756 0.773 0.853 0.781 0.002 

Breast 0.826 0.781 0.795 0.877 0.803 0.003 
a The average F1 score of the models obtained through 5-fold cross-validation. 
b The standard deviation of the scores obtained from 5-fold cross-validation for the models 

 

Subsequently, I compared the models’ performance on variants obtained from five 

distance-to-TSS ranges across different tissues. These TSS bins were selected to ensure 

that each bin contains roughly equal number of variants in each tissue. Both the tissue-

specific models and the high-confidence model exhibited decreased performance when 

using the variants that were farther away from the TSS (Figure 4.10). This suggests that 

the models are more effective at capturing relationships and making accurate predictions 

for variants that are closer to the TSS. Moreover, among these various models, the liver 

model consistently demonstrated good overall performance across different ranges, 

particularly when dealing with variants that are located farther away from the TSS. In 

other words, the liver model performed well in predicting regulatory variants at distal 

regulatory elements, such as enhancers. This may be attributed to the liver being a 
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relatively more homogeneous tissue compared to the other tissue, where the other 

tissues comprise a mixture of signals from various tissues. As a result, the model might 

find it easier to capture enhancer signals within the liver. 

 

  
Figure 4.10 Performance of models when training and testing using variants within 
different distance ranges to the TSS. The grey dashed line is plotted based on the median F1 

score among the six datasets in each range. 

 

The feature importance of each tissue-specific model was obtained, and Figure 4.11 

shows the top 30 most important features in each tissue-specific model. In addition to 

features that exhibit importance across different models, such as gene density and 

distance to TSS, certain features emerged solely among the top features in specific tissue 

models. For example, the distance from the variant to open chromatin regions marked by 

H2A.Zac in the neutrophil cell line ranked among the top 5 most important features 

exclusively in the blood-specific model. Similarly, the distance from variant to open 

chromatin regions marked by H3K4me1 in the psoas muscle featured among the top 10 

most important attributes in the muscle-specific model. This suggests that tissue-specific 

chromatin data can improve tissue-specific model predictions, but at the same time the 
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improvement over the general model not including such features is relatively small (Table 

4.4 vs 4.5). 

 

The improved model performance in tissue-specific models, in conjunction with the 

presence of distinct top features specific to certain tissues, highlights the importance of 

considering tissue context for accurately predicting regulatory variants. 
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Figure 4.11 The top 30 most important features in 5 tissue-specific models. The features are 

ranked in descending order based on their feature importance in the model. 

 

4.3.2.4 Examples of GWAS variants with predicted regulatory effect 
The human model trained using high-confidence data was employed to predict whether 

a GWAS variant associated with a trait could function as a regulatory variant. Among the 

976,076 variants from Open Target Genetics (foreground variants), which encompass 

both lead and tag variants in GWAS loci, approximately 35% of the variants were 

predicted as regulatory variants (with a prediction probability greater than 0.5). Among 

the equivalent number of variants in the background dataset that were randomly sampled 

from the 1000 Genomes cohorts, approximately 22% of the variants were predicted as 

regulatory variants. Figure 4.12 (A) illustrates the probability distribution difference 

between foreground and background variants. Compared to the background variants, 

GWAS variants are more likely to have a higher probability of being predicted as 

regulatory variants. It should be noted that the allele frequency was not taking into 

consideration when sampling the background variants from the 1000 Genomes cohorts 

to match with the GWAS variants, which typically focus on common variants with minor 

allele frequencies greater than 5%.  

 

In theory, the greater the ratios of GWAS variants to background variants predicted as 

regulatory variants, the better. Therefore, to explore the impact of the probability threshold 

for distinguishing regulatory variants in the model, which was set to 0.5 by default, 

different threshold was utilized, and the corresponding ratio of the proportion of 

foreground variants predicted as regulatory to the proportion of background variants 

predicted as regulatory was calculated, i.e., 
+),-*.	01	10.*2.0)+3	&'.4'+56	%.*3475*3	'6	.*2)('50.8 +),-*.	01	'((	10.*2.0)+3	&'.4'+56⁄ 	
+),-*.	01	-'7:2.0)+3	&'.4'+56	%.*3475*3	'6	.*2)('50.8 +),-*.	01	'((	-'7:2.0)+2	&'.4'+56⁄ . Figure 4.12 

(B) shows different thresholds and their corresponding ratios. As the threshold increases,  

the ratio also increase, suggesting a potential for improving the prediction results by 

adjusting the threshold. However, noise becomes apparent when the threshold exceeds 
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0.85. This is attributed to the dramatically reduced numbers of variants predicted as 

regulatory in both the foreground and background datasets as the threshold exceeds 0.85. 

 

 
Figure 4.12 Prediction results of GWAS and background variants. (A) Prediction probability 

distribution of the GWAS variants (foreground variants) and background variants with a prediction 

probability threshold of 0.5. (B) Different thresholds and their corresponding ratios of the 

proportion of GWAS variants predicted as regulatory to the proportion of background variants 

predicted as regulatory. The line depicted on the plot represents the linear regression line fitted 

to the data points. The correlation coefficient and the corresponding p-value are specified in the 

plot. 

 

Figure 4.13 shows the examples of three GWAS variants predicted as regulatory variants 

by the model, with prediction probabilities greater than 0.85. Variant rs3897478 (Figure 

A

B
R = 0.91
p = 6.55×10!"#
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4.13 A) was located upstream of the ADAM30 gene. This variant was identified as the 

lead variant in one of the loci associated with Crohn’s disease, a form of inflammatory 

bowel disease (IBD) in humans (Jostins et al., 2012). The model predicted rs3897478 as 

a regulatory variant, suggesting its potential regulatory impact on the expression of the 

ADAM30 gene, thereby contributing to the downstream phenotype. 

 

Figure 4.13 (B) presents an example of a genomic locus containing a variant predicted 

as a regulatory variant with a prediction probability of 0.85. This genomic locus was found 

associated with smoking status measurement trait, which evaluates the genetic factors 

influencing tobacco use (M. Liu et al., 2019). Upon further exploration of variant 

rs13023601 in the Ensembl browser, it was discovered to overlap with an enhancer 

(ENSR00001037040). As a result, this variant may affect the function of this enhancer 

and consequently impact the expression of the LINC01823 gene. Figure 4.13 (C) depicts 

another variant rs793191, associated with smoke initiation trait, predicted as a regulatory 

variant with a probability of 0.90 (Saunders et al., 2022). According to Ensembl, this 

variant was located in a promoter region (ENSR00000454531), suggesting its potential 

to influence the expression of the mapped gene LINC02387 and contribute to the 

phenotype. 



 164 

 
Figure 4.13 Examples of GWAS variants predicted as with regulatory effects. (A) Variant 

rs3897478 (chr1_119908567_T_C) and the corresponding gene track. The prediction probability 

of this variant being a regulatory variant is 0.90. (B) Variant rs13023601 (chr2_121860599_C_T) 

along with the corresponding enhancer and gene tracks. The prediction probability of the variant 

is 0.85. (C) Variant rs793191 (chr12_31370922_A_G) and the corresponding gene track. The 

prediction probability of the variant is 0.90. 

 

4.3.3 Cattle regulatory variant prediction 
The variation in performance among the human models trained using variants subjected 

to different filters highlights the significance of data quality in constructing reliable 

machine learning models. However, the fact that adequate accuracies were obtained 

even when using only features available for both species was promising for training cattle 

models. Considering that human genomic data is more dependable than cattle genomic 

data, we did explore the possibility of utilizing human data to enhance cattle regulatory 
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variant prediction. In this section, I initiated cattle regulatory variant prediction using 

human data and subsequently employed cattle annotations directly for prediction. 

 

4.3.3.1 Prediction results based on human annotations 
Three strategies were investigated for employing human annotations to predict cattle 

regulatory variants: utilizing pre-trained human models for cattle regulatory variant 

prediction, employing incremental learning based on the human model for cattle 

prediction, and lifting cattle variants to the human genome to train the model using human 

annotations. The XGBoost, LightGBM, and CatBoost models were re-tuned using the new 

datasets and subsequently aggregated through a voting classifier in each strategy. The 

lifted-over cattle data (79215 foreground variants and 79215 background variants) were 

split into training and test sets at a ratio of 70% and 30%, respectively. Figure 4.14 shows 

the performance of these three strategies. 

 

The model trained on the lifted-over data exhibited the best performance among these 

three strategies, achieving an AUROC of 0.708. The human model incremented with 

cattle lift-over data surpassed the performance of the model relying solely on human data, 

underscoring distinct regulatory variant patterns inherent to different species. The 

decrease in model performance when compared to human regulatory variant predictions 

could be attributed to several factors. Apart from the differences in data quality between 

regulatory variants defined in cattle GTEx and human GTEx, the models for cattle 

prediction encompass only a restricted set of annotations that are also available in cattle 

annotations. As for predicting regulatory variants in cattle using models trained on 

humans, matching features are required for the cattle variants.  
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Figure 4.14 ROC plots for different strategies of predicting cattle regulatory variants based 
on human annotations. ROC plots and AUROC scores for (A) model trained using human data 

and tested on cattle variants. (B) model trained on human data and incremented on lift-over cattle 

data. (C) model trained and tested on lift-over cattle data. 

 

4.3.3.2 Prediction results based on cattle annotations 
Subsequently, I employed cattle annotations, rather than relying on human annotations, 

as features for predicting cattle regulatory variants. In addition to the model based on the 

entire dataset (158,430 variants), which encompasses all regulatory variants across 

different tissues, five tissue-specific models were trained and tested. The blood dataset 

included 16,328 variants, the muscle dataset included 5,378 variants, the mammary 

dataset included 10,376 variants, the liver dataset included 13,034 variants, and the 

adipose dataset included 6,308 variants. Each of these datasets were again divided into 

training and test sets using a ratio of 70% for training and 30% for testing. 

 

 

 

Random (chance): AUROC = 0.500
Human model: AUROC = 0.674

Random (chance): AUROC = 0.500
Incremental: AUROC = 0.690
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Table 4.6 Different metrics for cattle models 

Tissue Recall Precision Accuracy AUROC Average cv 
score a 

Standard deviation 
of cv scores b 

Blood 0.663 0.665 0.660 0.725 0.664 0.002 

Liver 0.670 0.656 0.655 0.719 0.662 0.002 

Adipose 0.688 0.678 0.675 0.730 0.683 0.002 

Muscle 0.658 0.673 0.656 0.716 0.665 0.004 

Mammary 0.638 0.646 0.638 0.689 0.642 0.003 

Whole 0.655 0.651 0.653 0.715 0.653 0.003 
a The average F1 score of the models obtained through 5-fold cross-validation. 
b The standard deviation of the scores obtained from 5-fold cross-validation for the models 
 
In comparison to the model retrained on human annotations using cattle variants lifted to 

the human genome (AUROC=0.708), the model trained directly on cattle annotations 

attained a slightly elevated AUROC score of 0.715. According to a further check of the 

feature importance in these two models, a similar feature ranking was observed, with 

gene density and distance to CpG island consistently ranking as top features in both 

models (Figure S 4.1 and Figure S 4.2 ). Additionally, as indicated in Table 4.6, the tissue-

specific models demonstrated superior performance compared to the model based on the 

entire dataset, except for the mammary-specific model. Among these tissue-specific 

models, the adipose-specific model exhibited the best performance across all metrics, 

despite comprising only 6,308 variants in this set. Next, I investigated the relationship 

between the nominal p-values and the prediction probabilities of the predicted regulatory 

variants in adipose and blood models (Figure 4.15). The nominal p-values were 

transformed to −𝑙𝑜𝑔#$
+0,4+'(	%&'( for better clarity. There appears to be a weak but positive 

correlation between the prediction probabilities of the variants and the −𝑙𝑜𝑔#$
+0,4+'(	%&'( 

from cattle GTEx in both models, indicating the potential utility of prediction probabilities 

from machine learning models as supplementary information for prioritizing regulatory 

variants in cattle tissues.  
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Figure 4.15 The association between the variant prediction probabilities from the models 
and the variant nominal p-values from cattle GTEx. (A) Prediction probabilities from the 

adipose-specific model. The line depicted on the plot represents the linear regression line fitted 

to the data points. (B) Prediction probabilities from the blood-specific model. The correlation 

coefficients and their corresponding p-values are specified in the plots. 

 

To further assess the efficacy of the cattle models, I split the mammary, liver, blood, and 

the whole datasets into five distance-to-TSS bins: 0-5,000bp, 5,000bp-12,000bp, 

12,000bp-30,000bp, 30,000bp-70,000bp, >70,000bp. Each bin was designed to contain 

a roughly equal number of variants within each dataset. The adipose and muscle datasets 

were excluded due to their relatively low variant counts. As depicted in Figure 4.16, the 

mammary model trained using the variants within 5,000bp distance to TSS outperformed 

both the blood and liver models trained on variants within the same range. It achieved the 

highest average cross validation score (F1 score) of 0.802, compared to 0.786 for blood 

and 0.790 for liver model. In general, these models performed better when restricted to 

variants near the TSS, indicating that predicting promoter regulatory variants is generally 

easier than predicting distal regulatory element variants. 
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Figure 4.16 Performance of cattle models when training and testing using variants within 
different distance ranges to the TSS. The grey dashed line is plotted based on the median F1 

score among the four datasets in each range. 

 
Furthermore, the Enformer annotation workflow was employed to predict 5,313 chromatin 

and gene expression features for these five cattle tissues. Subsequently, this set of 

features underwent feature selection and was integrated with other cattle annotations to 

train the model for each tissue. However, the cattle tissue-specific models did not exhibit 

improvement with these additional Enformer features, achieving the AUROC scores of 

0.720, 0.719, 0.728, 0.716, and 0.685 in blood, liver, adipose, muscle and mammary 

models, respectively. This suggests that the inclusion of features derived from the 

Enformer models trained on human chromatin and expression data do not improve the 

prediction of cattle regulatory variants. 

 

4.3.4 Cattle SuRE regulatory variant prediction 
Given the lower performance at predicting cattle regulatory variants using datasets from 

cattle GTEx, I proceeded to delve deeper into the model’s performance by predicting 

cattle regulatory variants derived from the potentially more accurate MPRA approach. 

Whereas the cattle GTEx dataset is affected by issues such as incomplete genotyping, 
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due to relying on variants identified from RNA-seq data, collapsing of data across 

disparate studies, issues of LD, and variable sample sizes, these factors are largely 

mitigated with the SuRE data generated within my lab. However, an important caveat to 

note of the SuRE data is that each variant is tested without its native chromatin context, 

therefore the assay provides an indication of the regulatory potential of a variant that may 

not match its effect when in its endogenous location. The distribution of the initial SuRE 

regulatory variants across the chromosomes was investigated, revealing some 

enrichment at the telomeres of the chromosomes. Following the genotype quality (GQ) 

and sequencing depth (DP) filtering processes as described in section 4.2.2.2, the notable 

enrichment of variants at the telomeres was eliminated. After filtering, there were 18,782 

variants retained as the foreground regulatory variants and the same number of 

background variants were randomly selected from the remaining data. The whole set of 

variants were annotated with the same features used in the cattle GTEx prediction. Then 

the voting classifier was trained on the training set and tested on a separate test set. 

Impressively, the raQTL model attained an AUROC score of 0.803 (Figure 4.17), 

surpassing the performance of any of the cattle eQTL models. Once again, this outcome 

underscores the substantial influence of selecting high-quality data on the performance 

of the machine learning model. 

 
Figure 4.17 ROC plot and AUROC score for the cattle SuRE regulatory variant model 
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4.3.4.1 Examples of the predicted SuRE regulatory variants 

To assess the potential underlying molecular mechanisms of the predicted SuRE 

regulatory variants, I conducted an analysis using the functional genomic data, focusing 

on variants falling within PRO-Cap peaks and TSS regions as measured by CAGE. Figure 

4.18 shows some representative tracks from the Integrative Genomics Viewer (IGV), 

showcasing selected example regulatory variants with prediction probabilities greater 

than 0.9 from the machine learning model.  

 

For instance, variant chr17:55400838 was identified within the TSS region of the ACAD10 

gene (Figure 4.18 A). Previous research (Bloom et al., 2020; Ghaffari et al., 2021) has 

highlighted the relevance of the ACAD10 gene to fatty acid metabolism in various species, 

including cattle and mice. Variant chr14:81261310 was found in close proximity to the 

TSS region of an isoform of the TAF2 gene, known for its significance in oocyte 

developmental potential in cattle (Walker & Biase, 2020). Another notable predicted 

regulatory variant chr7:109737970 was found located within the TSS region of one 

isoform of the SLC25A46 gene, while situated within an intron region in another isoform. 

This gene has been found associated with mitochondrial dynamics and metabolism in 

both human and cattle (Duchesne et al., 2017). Furthermore, variant chr1:111829620 

was positioned within the TSS region of the SLC33A1 gene, another member of the solute 

carrier family. These predicted regulatory variants, which are situated within or proximal 

to TSS regions of genes, may exert different effects on gene expression. Some could 

result in alternative start site usage or isoform-specific expression due to their appearance 

in certain isoforms of a gene, as seen with variants chr14:81261310 and chr7:109737970. 

Another predicted variant chr10:8012211 was found in the intergenic region as shown in 

Figure 4.18 E. This variant could potentially influence the distal regulatory elements of the 

F2RL1 gene, which was found associated with heat-tolerance trait in cattle (Cheruiyot et 

al., 2021). 
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Figure 4.18 Representative IGV tracks showing the locations of PRO-Cap and CAGE peaks, 
and example variants falling within these regions. (A) Tracks for predicted regulatory variant 

chr17:55400838 with a prediction probability of 0.91. The green tracks are the PRO-Cap tracks 

in two samples. The blue track shows the CAGE-measured TSS regions. The target variant is 

represented in red. The dark blue track is the gene track in the region. (B) Tracks for the predicted 

regulatory variant chr14:81261310 with a prediction probability of 0.95. (C) Tracks for the 

predicted regulatory variant chr7:109737970 with a prediction probability of 0.94. (D) Tracks for 

the predicted regulatory variant chr1:111829620 with a prediction probability of 0.98. (E) Tracks 

for the predicted regulatory variant chr10:8012211 with a prediction probability of 0.98. 

 

4.4 Discussion 
The identification of regulatory variants remains a challenge primarily due to their 

enrichment in non-coding regions and the presence of LD patterns among adjacent 

variants. This challenge is especially pronounced in livestock species, where the 

availability of high-quality functional genomic data is comparatively limited. To tackle this 

issue, this chapter delved into the potential of utilizing machine learning approaches for 

predicting regulatory variants in both humans and cattle.  

 

Before model training, the distribution disparities in annotations between regulatory 

variants and other variants were investigated in both human and cattle. Certain 

characteristics associated with regulatory variants were consistently identified across 

both species, including enrichment in gene-dense regions and specific genomic elements, 

as well as an increased presence of C:G pairs within their flanking sequences.  However, 
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a notable difference was observed in the distribution of conservation scores between 

human and cattle. In humans, eQTLs displayed a slight enrichment near a 

phastCons30way score of 0, signifying their preference for less constrained genomic 

regions, which was not as expected. However, a recent study by Mostafavi et al. revealed 

that genes situated near eQTLs exhibit a scarcity of functional annotations, display a 

reduced level of constraint, and possess less complex regulatory landscapes compared 

to the GWAS hits in humans (Mostafavi et al., 2022). This finding could potentially 

elucidate the observed slight enrichment of human eQTLs in regions characterized by 

low phastCons scores. On the other hand, cattle eQTLs showed a reduced enrichment 

near a phastCons241way score of 0, but demonstrated an enrichment in regions with 

higher phastCons241way score. It should be noted that human and cattle conservation 

scores were calculated based on different multiple alignments. The human 

phastCons30way conservation score was based on a 30-species multiple alignment with 

a focus on primates (26 out of 30), while the cattle phastCons241way conservation score 

was based on a 241-species multiple alignment, including a much more diverse range of 

species. The varying number of species and their distinct evolutionary time scales could 

potentially account for the differences in conservation scores. Therefore, it may be 

worthwhile to generate human conservation scores using the 241-way multiple alignment 

and further compare the conservation differences across species. 

 

The prediction results in both human and cattle underscore the significance of data quality 

in influencing model performance. In human, liver-specific model achieved the highest 

AUROC score of 0.919, showcasing better overall performance across various distances 

from the TSS among five different tissues. The human liver is known to have a relatively 

high number of tissue-specific eQTLs, attributed to a number of genes being associated 

with liver-specific expression patterns (Glubb et al., 2012). Importantly liver is a relatively 

homogenous tissue likely making the accurate definition of regulatory variants easier, 

compared to other tissues that are more confounded by cell type heterogeneity. The 

distinct characteristics of these liver-specific eQTLs contribute to the model’s ability to 

capture informative features, thereby leading to a commendable proficiency in classifying 

previously unseen variants. In cattle GTEx regulatory variant prediction, the adipose 
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model exhibited the highest AUROC of 0.730 among the five different tissues, indicating 

that eQTLs in cattle adipose may possess greater specificity compared to the other four 

tissues. Furthermore, the model trained using regulatory variants in aortic endothelial 

cells based on MPRA approach (AUROC=0.803) outperformed all models trained on 

cattle GTEx data, suggesting potentially higher reliability of regulatory variants based on 

MPRA approaches. It is important to note that the MPRA and cattle GTEx approaches 

utilize different filters, leading to distinct sets of tested variants. The MPRA model is 

trained and tested on variants known to be expressed, while the cattle GTEx models 

encompass a wider range, including both expressed and unexpressed ones. This 

difference in variant sets is likely a factor contributing to the performance difference 

between the models. Currently, the MPRA model is trained and tested using data from a 

single cell line. To provide a more compelling case for the superiority of MPRA models 

compared to cattle GTEx models, future studies could involve training and testing MPRA 

models on data from a broader range of tissues/cell lines. Demonstrating consistently 

stronger performance across diverse cell lines would strengthen the argument that MPRA 

models offer a generally better approach for regulatory variant prediction in cattle.  

Furthermore, the cattle model based on raQTLs still exhibited lower performance 

compared to the human models trained using features available across both species 

(Table 4.5). This difference could be attributed to multiple factors, including variations in 

genomic data quality and differences in the complexity of regulatory landscapes between 

the two species.  

 

In cattle GTEx regulatory variant prediction, two approaches were investigated, including 

the one based on human annotations and the other one based on cattle annotations. 

Figure 4.19 shows the performance ranking of the different cattle models based on their 

AUROC scores. The model trained with cattle annotations (AUROC=0.715) exhibited 

slightly superior performance compared to the human-based cattle model 

(AUROC=0.708). This outcome likely reflects to some extent divergence between 

humans and cattle, resulting in variations within the regulatory landscape, including 

disparities in gene expression patterns and regulatory mechanisms. Although the human-

based model captured some general regulatory principles shared across both species, it 
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might overlook species-specific intricacies necessary for enhanced prediction accuracy. 

This was supported by the improved performance of the incremental model, which utilized 

cattle lift-over data to retrain the human-based model, when compared to the model solely 

based on human annotations.  

 

 
Figure 4.19 Cattle models performance ranking. The models were ranked in descending order 

according to their AUROC scores. The orange bar refers to the model using cattle annotations, 

while the blue bar indicates the models trained based on human annotations. 

 

Another notable observation from the study pertains to the limitations of the deep 

learning-based architecture for gene expression level prediction in predicting regulatory 

variants. Specifically, the human model trained on the general features (AUROC=0.885) 

outperformed the model trained with Enformer features (AUROC=0.843) and exhibited 

similar performance to the model trained on the combined feature set encompassing both 

general and Enformer features (AUROC=0.884). Moreover, the inclusion of Enformer 

features did not lead to improved performance in the cattle model either. This observation 

aligns with a recent study that underscored the deficiencies of various genomic deep 

learning models in elucidating gene expression variation (Huang et al., 2023).  
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In conclusion, this chapter has demonstrated the efficacy of employing machine learning 

techniques to predict regulatory variants in both human and cattle. The general 

annotations from the variant annotation pipeline proposed in Chapter 2 were proven to 

be effective as features in machine learning models for regulatory variants prediction, 

resulting in the highest AUROC score of 0.919 in the human liver-specific model. For 

cattle regulatory variants, the model based on cattle annotations exhibited a slightly 

superior performance in comparison to the one utilizing human annotations, achieving an 

AUROC score of 0.803 in the model trained using regulatory variants based on MPRA 

approaches.  

 

These models can be further utilized for prioritizing variants associated with cattle traits 

of interest for subsequent editing. Moreover, they have the potential to aid in the 

prioritization of variants for calculating Genomic Estimated Breeding Values (gEBVs). The 

generation of gEBVs doesn’t necessarily require the identification of causal variants; 

instead, it can be achieved by considering variants in LD with the causal variants (Xiang 

et al., 2021). Therefore, compared to the prioritization of variants for genome editing, the 

application of the models in predicting gEBVs may not require exceptionally high 

prediction accuracy. Enriching the dataset with functional variants is likely to improve the 

predictions. 
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4.5 Supplementary material 

 
Figure S4.1 SHAP plot for top 30 features in model based on lift-over cattle data. 
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Figure S4.2 SHAP plot for top 30 features in model based on cattle annotations. 
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Figure S4.3 Summary of different variant sets used in human (A) and cattle (B) modelling work. 
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Table S4.1 Summary of human regulatory variants prediction work  

Species Chapter experiment Machine learning 
algorithm Variant source Feature set 

Human 

4.3.2.1 Prediction results 
for regulatory variants 
across different tissues 

Baseline model test Random Forest 

Human GTEx 

General features as 
specified in Table 

4.1 

Machine learning 
algorithms 
comparison 

Random Forest 
CatBoost 
XGBoost 

LightGBM 
GBDT 
SVM 

Voting (hard) 
Voting (soft) 

4.3.2.2 Comparison of 
model performance 

based on different feature 
sets 

Enformer CatBoost Enformer features 
Enformer + general 

features CatBoost General features 

Selected Enformer 
features + general 

features 
Voting (soft) 

Selected Enformer 
features + general 

features 
EpiMap + general 

features Voting (soft) EpiMap + general 
features 

4.3.2.3 Prediction results 
for tissue-specific data 

Regulatory variants 
prediction in five 

tissues (blood, liver, 
adipose, muscle and 

breast) 

Voting (soft) 

General features 

Features available 
in both cattle and 

humans 
 



 182 

 
Table S4.2 Summary of cattle regulatory variants prediction work  

Species Chapter experiment 
Machine 
learning 

algorithm 
Variant source Feature set 

Cattle 

4.3.2.1 Prediction 
results based on 

human annotations 

Using human 
model 

Voting (soft) 

Cattle GTEx 

Human features 
available in both cattle 

and humans 

Incremental 
learning based on 

human model 
Lifting cattle 

variants to human 

4.3.2.2 Prediction 
results based on 

cattle annotations 

Using entire 
dataset across all 

tissues 
Cattle features 

Tissue-specific 
(blood, liver, 

adipose, muscle, 
mammary) 

Cattle features 

Cattle features + 
selected Enformer 

features 
4.3.3 Cattle SuRE 

regulatory variants 
prediction 

SuRE regulatory 
variants prediction SuRE Cattle features 
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Chapter 5 Final discussion 
Functional variants are important drivers of diverse diseases and phenotypic traits across 

both human and livestock species. Unlike humans, where there is a substantial body of 

research on functional variants, there is far less information available for livestock species. 

Studying functional variants in livestock species is essential for downstream research 

endeavors, including selective breeding, improving animal welfare, and increasing 

agricultural efficiency. However, the identification of functional variants remains a 

challenge primarily attributed to intricate genetic phenomena, most notably linkage 

disequilibrium (LD), confounding the precise identification of causal variants due to their 

non-random associations with neighbouring genetic markers. The application of machine 

learning approaches, with their inherent ability for pattern recognition and predictive 

modelling from large datasets, presents a promising avenue to unravel these complex 

relationships and improve the prediction of functional variants.  

 

In this thesis, I have investigated the effectiveness of machine learning approaches in 

predicting functional variants in mammals. I first developed a reusable variant annotation 

pipeline, which provides a comprehensive set of annotations, ranging from variant 

position properties to sequence conservation, for both human and other mammalian 

species (Chapter 2). These informative annotations have subsequently served as 

valuable features for machine learning models employed in this study. Following the 

variant annotation pipeline, I initially applied it to predict whether human variants have 

livestock orthologues, with the aim of exploring the conservation of human functional 

variants in livestock species (Chapter 3). An extensive sharing of variants was found 

across human and livestock species, including hundreds of conserved functional variants. 

Subsequently, I employed the annotations to predict regulatory variants in both humans 

and cattle (Chapter 4). I conducted various experiments using different variant sets, 

diverse feature sets, and different machine learning algorithms. In human predictions, the 

liver-specific model outperformed all other human models and achieved an AUROC score 

of 0.919. Given the genomic conservation between human and cattle, as well as the 

higher reliability of human data, I initiated cattle regulatory variant prediction based on 
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human data and compared the results with models based on cattle annotations directly. 

The model trained on the MPRA regulatory variants using cattle annotations achieved the 

best cattle model performance with an AUROC of 0.803. 

 

In this chapter, I will start by summarizing the work and results in this thesis, and then 

discuss the future directions for utilizing machine learning in predicting functional variants 

in mammals.  

 

5.1 Summary of work and results 
5.1.1 Variant annotations for machine learning applications 
To date, numerous variant annotation tools have been developed based on various 

genomic datasets and databases. However, these tools tend to exhibit biases towards 

humans and are primarily designed for more generic applications. To address the issue 

of the lack of variant annotation tools for livestock species, especially tailored for 

downstream machine learning applications, I have developed a reusable variant 

annotation pipeline that can be applied across different species (Chapter 2). The pipeline 

offers five categories of annotations for human and other mammalian species: sequence 

conservation, variant position properties, VEP annotation, sequence context, and 

Enformer scores. These annotations provide abundant information about the variants, 

which are valuable for downstream machine learning models. 

 

For the first time, I generated conservation scores for cattle and developed the workflow 

for calculating phastCons and phyloP conservation scores for other livestock species 

based on the Cactus multiple alignment, which includes 241 different species. The 

distribution of these two conservation scores in coding and non-coding regions across the 

cattle genome was evaluated in Chapter 4, with the coding regions showing higher 

conservation compared to the non-coding regions. This validates the dependability of my 

approach for generating novel conservation scores for livestock species. Evolutionary 

constraint is an important resource for exploring the functional importance of the genomic 

positions, thereby aiding in the understanding of genetic variations and their downstream 
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impact. Previous research has predominantly focused on human, primates, and rodents 

(Nassar et al., 2023), resulting in a lack of conservation resources in livestock species. 

The workflow proposed in the thesis offers an opportunity to obtain conservation scores 

for different livestock species included in the 241-way multiple alignment. These scores 

can be utilized not only in machine learning approaches but also in various applications, 

such as improving functionally informed fine-mapping analyses in livestock species. The 

recent Zoonomia project has conducted comprehensive research on utilizing the human 

conservation scores derived from the same 241-way Cactus alignment to evaluate human 

variants, genes and diseases (Sullivan et al., 2023). These approaches can be extended 

to livestock species by utilizing the conservation scores generated from the pipeline, thus 

improving our understanding of livestock species diseases and phenotypes. 

 

5.1.2 The conservation of human functional variants across livestock 
species 
Before predicting functional variants in specific species, I first employed the annotations 

as features to investigate the potential of predicting human variants that are conserved 

across livestock species (Chapter 3). This study aims to explore the extent to which 

human functional variants are conserved across livestock species. It sought to provide 

insights into the feasibility of leveraging the extensive research on human functional 

variants for less well-studied livestock species by considering naturally occurring 

functional variants shared across species. Additionally, it aims to explore the potential of 

utilizing livestock species with orthologous functional variants as naturally occurring 

animal models for studying human diseases. 

 

Over 1.1 million human SNPs were found to have a directly orthologous variant in either 

cattle or pig cohorts. After analysing the distribution difference of the annotations of 

human variants with or without livestock orthologues, several features were found 

associated with those with livestock orthologues, including sequence context, distance 

from the variants to TSS and other genomic elements. Subsequently, machine learning 

models were trained using these annotations as features to predict whether human 

variants have livestock orthologues. Sequence conservation emerges as the most 
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important feature guiding the prediction process, with human variants situated in less-

conserved regions exhibiting a higher likelihood of having an orthologue in another 

species. In these less-conserved regions, the selection pressure is often weaker or even 

neutral compared to conserved regions. This lower selection pressure allows variations 

in less-conserved regions to persist, thereby increasing the probability of their 

appearance in other species.  

 

Following the investigation of the conservation of general human variants across species, 

we investigated the conservation of human functional variants across livestock species. 

Several hundred human pathogenic variants were discovered to be conserved across 

livestock species, including some associated with important diseases such as cancers. 

This collection of shared pathogenic variants offers opportunities for subsequent research 

into these diseases using naturally occurring animal models. Furthermore, functional 

variants associated with specific traits, such as biotinidase deficiency and height, were 

found more likely to have orthologues in livestock species such as cattle. These variants 

may have been conserved across species because they were selected for by humans. 

These observations not only yield insights into the evolutionary trajectories of these 

livestock species, but also identify prospective candidate variants that could be 

considered for integration into livestock breeding programs to improve livestock traits.  

 

By comparing the fine-mapped regulatory variants from the human and cattle GTEx 

projects, 221 human regulatory variants were found have corresponding cattle regulatory 

variants tested on the orthologous genes in at least one tissue. Notably, these 

orthologous regulatory variants commonly exhibit conserved directions of effect across 

the two species, implying that the investigation of their downstream impacts can be 

effectively conducted in these respective species. Moreover, the examination of 

conserved functional variants across different species serves to improve the study of their 

prospective roles by increasing the sample sizes, a particular advantage when analyzing 

rare functional variants. 
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Subsequent to our findings and their associated implications, recent studies have 

undertaken investigations in specific fields. Bertram et al. conducted an investigation of 

coincident SNPs in chicken and duck that lead to their different immune-related 

responses to avian influenza virus (AIV) (Bertram et al., 2023). Li et al. built a deep 

learning-based architecture DeepGCF to learn the functional conservation between 

human and pig, and further validated the conservation of regulatory variants between 

these two species by comparing the DeepGCF scores between the orthologous eQTLs 

and the background genome (J. Li et al., 2023).  

 

While there exist hundreds of conserved functional variants across species that hold 

promise for transferring research insights from human functional variants to livestock 

species, particularly those related to breeding values, they constitute only a small fraction 

of all functional variants in livestock species. Therefore, in Chapter 4, I delved into the 

utilization of machine learning approaches to predict regulatory variants within specific 

species, aiming to enhance the initial detection of novel functional variants in livestock 

species. 

 

5.1.3 The utility of machine learning approaches in regulatory variant 
prediction across mammalian species 
The variant annotations and machine learning approaches were initially applied to predict 

human regulatory variants, as humans possess the most reliable and abundant data and 

provides an upper-bound of the likely performance of any modelling approach (Chapter 

4). Consequently the prediction results in humans can serve as a reference for assessing 

the optimal performance achieved by the models across different species. Subsequently, 

I explored various approaches for predicting regulatory variants in cattle, including those 

based on human annotations and those relying solely on cattle annotations. This section 

summarizes the results of Chapter 4. 

 



 188 

5.1.3.1 Tissue-specific models achieve a generally better performance 
Considering that regulatory variants are tissue-specific, the machine learning models 

were trained using both entire datasets of fine-mapped variants as well as tissue-specific 

datasets. In human predictions, models based on tissue-specific variants without filtering 

by CaVEMaN prediction probability achieved comparable or better performance 

compared to the model trained on the entire high-confidence data (CaVEMaN prediction 

probability > 0.5). Notably, the liver-specific model achieved the best performance with 

an AUROC score of 0.919. The excellent performance of the liver-specific model may be 

attributed to the liver’s relative cellular homogeneity compared to other tissues, enabling 

it to capture distinct characteristics useful for distinguishing regulatory variants. In cattle 

GTEx regulatory variant prediction, the tissue-specific models also achieved generally 

better performance compared to the entire dataset. These observations highlight the 

importance of considering tissue context when predicting regulatory variants, as well as 

the importance of data quality in machine learning approaches. 

 

5.1.3.2 Models perform better in predicting regulatory variants near 
TSS 
Both the human and cattle models, whether tissue-specific models or models based on 

the entire dataset, were found to perform better in predicting regulatory variants near the 

TSS than predicting those located farther from the TSS. This can be attributed to the 

complexity of long-range regulatory interactions, which usually involves the three-

dimensional folding of chromatin, wherein regulatory elements establish physical contacts 

with their target genes (Dekker & Mirny, 2016). More importantly, the sequence rules in 

the regions near TSSs are more pronounced, whereas the impact of distal elements is 

weaker and more variable. Machine learning models may encounter difficulties in 

capturing these intricate interactions and complex rules to make predictions. Notably, the 

human liver-specific model consistently displayed good performance across different 

distance ranges to TSS, even when training on variants located farther away from TSS (> 

100kb). This suggests the liver-specific model’s proficiency in predicting regulatory 

variants not only within promoter regions but also those associated with distal regulatory 
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elements, indicating the potential existence of unique long-range regulatory mechanisms 

specific to liver that can be effectively captured by machine learning models. 

 

5.1.3.3 Cattle models based on cattle annotations slightly outperform 
human-based models 
In cattle regulatory predictions, different approaches were explored, including both 

incorporating human data or based solely on cattle annotations. The cattle GTEx 

prediction results show that model using cattle annotations (AUROC=0.715) slightly 

outperformed the model trained based on human data (AUROC=0.708), indicating the 

limitation of leveraging human-based models for regulatory variant prediction in livestock 

species.  

 

In the cattle annotations-based models, the one trained using regulatory variants in the 

aortic endothelial cells obtained from MPRA approach achieved the highest AUROC 

score of 0.803, in contrast to the best-performing cattle GTEx adipose model with an 

AUROC of 0.730. This indicates that the cattle regulatory variants generated through 

MPRA approaches are potentially more reliable than those from cattle GTEx. However, 

MPRA approaches do have some limitations, one of the major limitations is the isolated 

exogenous environment, which may not fully capture the complexity of the endogenous 

regulatory regions (Mulvey et al., 2021). Consequently, MPRA approaches has the 

potential to generate false-positive outcomes since not all observed impacts on gene 

expression hold functional relevance or biological significance. These limitations, as well 

as the size of training data, and genomic data quality, leading to the lower performance 

compared to human models trained using features available across both species. 

 

Going forward, the cattle model can be further utilized to prioritize functional variants 

linked to traits, particularly useful for aiding in the prioritization of variants for calculating 

Genomic Estimated Breeding Values (gEBVs). Unlike the direct identification of functional 

variants, prioritizing variants for gEBVs calculation does not necessarily require the 

precise identification of the causal variants, as long as those variants in LD with the causal 

ones are detected (Xiang et al., 2021). Hence, the utilization of these models in predicting 
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gEBVs may not demand exceptionally high prediction accuracies. Enriching the dataset 

with functional variants is likely to improve the prediction of gEBVs (Xiang et al., 2021). 

 

5.1.3.4 Enformer features have limited contribution to model 
performance 
To date, deep learning-based models, especially those popular models in natural 

language processing (NLP), have been applied to understand DNA sequences, thanks to  

their ability in capturing information from the sequence data. In this study, in addition to 

the general features from my main annotation workflow, I also explored the utility of the 

deep learning architecture Enformer in predicting regulatory variants in both human and 

cattle. Enformer was proved to be effective in predicting gene expression from the DNA 

sequence, achieving a Pearson correlation of 0.85 (Avsec et al., 2021). However, the 

prediction results in my study illustrate that Enformer features did not provide additional 

discriminative information beyond my general features for both human and cattle models. 

This observation aligns with a recent study that evaluated four popular deep learning 

architectures, including Enformer, Basenji2, Xpresso, and Expecto, in predicting gene 

expression variations (Huang et al., 2023). All these models showed limited performance 

in elucidating the impact of single base changes on gene expression.  

 

Another recent study conducted in silico investigations to assess the performance of 

sequence-based models, primarily focusing on Enformer, in capturing gene expression 

in both promoter regions and distal enhancers in humans (Karollus et al., 2023). Through 

their experiments, they observed that Enformer is good at capturing causal factors of 

promoters but encounter difficulties when attempting to capture the causal impact of distal 

enhancers on gene expression. Despite Enformer’s ability to accept sequences of up to 

196kb as inputs, it does not fully utilize all the information within the long range. Removing 

two-thirds of the input has only a very small effect on the final predictions. Based on these 

findings, they also proved that it is rare to obtain meaningful outcomes when utilizing 

Enformer to predict the influence of distal variants on gene expression. These 

observations can further support and explain the limitations of utilizing Enformer features 
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in my study for predicting regulatory variants, despite the proposed promise of such 

models for this purpose. 

 

5.2 Future directions 
This work has explored the potential of utilizing machine learning approaches to predict 

functional variants, ranging from predicting functional variants shared across human and 

livestock species to predicting regulatory variants in specific species, especially in 

livestock species. The machine learning approaches, as well as the variant annotation 

pipeline, can be extended to other mammalian species. However, as discussed in the 

previous chapters, much is yet to be improved and explored. This section will summarize 

potential future directions in this field. 

 

5.2.1 Extending the work to other types of variants 
The annotation pipeline developed in this thesis has a focus on annotating single 

nucleotide variants. However, as introduced in Chapter 1, other types of sequence 

variants and structural variants (SVs) also play a crucial role in the development of genetic 

diseases and traits. Therefore, it is necessary to extend the variant annotation pipeline to 

other types of variants. These machine learning-targeted annotations can be further 

utilized in the machine learning approaches for understanding the impact of different 

types of variants. Some recent studies have annotated human structural variants with 

different features and try to predict their pathogenicity. For example, Sharo et al. 

developed StrVCTVRE, a Random Forest-based model to predict the pathogenicity of 

human SVs (Sharo et al., 2022). They annotated each SV using 17 features including 

conservation scores, gene importance, and exon expression. The model achieved an 

AUC score of 0.91 on large SVs (length greater than 500kb), an AUC score of 0.80 on 

mid-length SVs (30kb < SVs < 500kb), and an AUC of 0.89 on small SVs. Another 

application utilized three groups of features, including conservation scores, functional 

genomics data, and annotation metrics, to annotate SVs and built a machine learning-

based architecture to calculate pathogenicity scores for these SVs (Kumar et al., 2020). 
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However, most current research has concentrated on humans, the impact of SVs in 

livestock species remains underexplored. Furthermore, their annotations have been 

generated from various sources, lacking a unified pipeline. Therefore, there is a potential 

to further extend the current pipeline to include structural variant annotation across 

livestock species. This expansion presents opportunities for employing machine learning 

approaches to better understand the potential impact of SVs in livestock species. 

 

5.2.2 High quality data in livestock species 
The difference in model performance between human and cattle, even when using shared 

features, highlights the unsatisfied data quality in cattle. Compared to humans, cattle lack 

abundant annotation resources and highly reliable variant data. Although I have utilized 

the regulatory variants based on MPRA approach as training and testing data, the 

reliability of these variants is still limited due to the inherent constraints of MPRA 

approaches. Furthermore, the MPRA data is derived from only one cell line, and the 

number of variants is not as abundant as in humans. Therefore, a comprehensive 

collection of high-quality cattle data, as well as data for other livestock species, 

encompassing functional genomic data and high-quality functional variants, is 

indispensable. The performance of livestock models in prioritizing novel functional 

variants can be significantly improved with the availability of more dependable training 

data. 

 

5.2.3 Enhancing the prediction of functional variants associated with 
distant regulatory elements 
The decrease in the models’ performance when using variants farther away from the TSS 

in both human and cattle indicates the limitation of current machine learning models in 

predicting regulatory variants associated with distal regulatory elements. One of the major 

reasons for this is the complexity of long-range regulatory interactions. As discussed 

previously, it is challenging to capture the impact of distal regulatory elements on gene 

expression, even using the state-of-the-art deep learning architectures like Enformer. 
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Without accurate prediction of the impact of distal regulatory elements, it becomes difficult 

to predict functional variants associated with these elements. 

 

There are some potential approaches to improve the performance of these deep learning-

based architectures in capturing the impact of distal regulatory elements. The most 

straightforward way is to include more epigenetic and gene expression data related to 

distal regulatory element activities from more species and more cell lines (Karollus et al., 

2023). An alternative strategy involves the integration of Enformer-like models with those 

specialized in predicting three-dimensional DNA contacts (de Almeida et al., 2022; 

Schwessinger et al., 2020), given that these contacts typically have a substantial impact 

over long-range regulation. 

 

5.3 Conclusion 
In conclusion, this study has investigated the efficiency of machine learning approaches 

in functional variant prediction across mammalian species. The proposed variant 

annotation pipeline, along with the machine learning approaches, can be extended to 

other livestock species of interest. These predictions from the model can in the future aid 

in prioritizing functional variants linked to traits of interest and for prioritizing variants in 

the prediction of Genomic Estimated Breeding Values (gEBVs). Consequently, these 

findings hold significant value for animal breeding and the improvement of animal welfare. 
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