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Abstract

Structural variation identification in non-reference
cattle breed genomes

Jenny Jakobsson

Cattle are essential for the global food industry through the meat and 
milk production. It is from an economical point of view in our best 
interest to make cattle as efficient as possible, whether it is milk or 
beef production, without negatively influencing their health and 
welfare. That has led to a steady increase in the interest of genetic 
analysis of cattle. The sequencing and identification of genomic 
variation has led to the association of genotypes with phenotypes of 
interest and the discovery of the underlaying genetic risk factors for 
many diseases and traits. Diseases or monogenetic traits caused by a 
single nucleotide polymorphism (SNP), small deletions and insertions or 
other small mutations are often easy to identify if the correct region 
is found. The diseases caused by structural variants (SVs), variants 
larger than 50 base pairs (bp) are still challenging. It is more 
challenging because they are harder to identify, especially using short 
read sequencing technologies. It is therefore still a rather unexplored 
area for cattle and other domestic species.

This thesis looks at SVs found in the Swedish Red and Brown (SRB) cattle 
to discover breed specific SVs. This was done by creating a pipeline 
with VCF files as input. The identified SVs were filtered and overlapped 
with externally identified SVs. The pipeline was tested with two SRB 
datasets. The structural variant caller, DELLY, performed poorly with 
low read depth data when comparing single replicate data and combined 
replicates data. Multiple SVs were identified in all individuals  and 
did overlap with both functional and gene annotation. There was also 
overlap found with datasets in the European variant archive (EVA). This 
indicates that the identified SVs are shared among multiple breeds of 
cattle and that DELLY can be used to develop future pipelines to include 
long read sequencing technologies and/or data with higher read depth.
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De osynliga generna är viktiga för mjölken och biffen på 

middagsbordet 

Boskap är en väldigt viktig del i vår matekonomi både som mjölk- och nötkötts-producenter. 

Domesticeringen av boskap har lett till en bred variation mellan boskapsraser, då vissa raser 

har specialiserats för maximal mjölkproduktion och andra nötköttsproduktion.  

 

Utvecklingen av tekniker för att studera DNA och användning av genetisk information har 

gjort sekvensering mycket mer tillgängligt för forskare men också allmänheten. Det är nu 

möjligt att i väldigt tidigt skede göra en bedömning av djurens genetiska profil och identifiera 

de mest produktiva djuren. Man kan hitta boskap med de bästa egenskaperna innan djuren ens 

är tillräckligt gamla för att visa egenskaperna än. Det är väldigt användbart för en bonde att 

veta så tidigt som möjligt för att kunna anpassa användningen av djuret på bästa sätt, till 

exempel kor med hög mjölkproduktion ska användas till mjölkproduktion men också välja att 

avla på denna ko för att förhoppningsvis föra vidare de bra egenskaperna. 

 

Den genetiska informationen får man idag från andra generationen av DNA-sekvensering. 

Den bygger på att vi har referensgenom som man kan jämföra med för att sedan sekvensera 

individer. Sekvensering sker genom att DNA:t huggs upp i korta segment som sekvenseras ett 

stort antal gånger. Dessa fragmenterade segment pusslas ihop mot referensgenomet i ett 

gigantiskt pussel vilket gör att man kan identifiera små skillnader mellan individer. De här 

små skillnaderna är där man kan hitta genetisk variation som påverkar de eventuella nya 

egenskaperna som uppkommer. Men de här skillnaderna gör det även svårare när man 

försöker koppla de korta DNA segmenten till referensgenomet.  Skillnaderna kan vara på 

olika storleksnivåer. Det kan vara en enda bas i DNA sekvensen, ”single nucleotide 

polymorphism” (SNP), mindre deletioner eller insertion eller större variationer, så kallade 

strukturella varianter (SVs). Genom att titta på flera olika raser av boskap så kan vi hitta flera 

SVs. Detta projekt kommer att undersöka strukturella variation inom en vanlig svensk 

mjölkras, svensk rödbrokig boskap. Dessa identifierade strukturella variationer evaluerades 

för att se om de kunde ha en påverkan på individerna. Det behövs även kollas om de 

identifierade strukturella variationerna kan vara äkta variationer och inte uppkommit på grund 

av sekvenseringsfel eller liknande. De resulterande strukturella variationerna kan 

förhoppningsvis karakteriseras utifrån om de bidrar till dessa rasers goda egenskaper inom 

mjölkproduktion, hälsa och köttproduktion vilket kommer att användas i avel och framtida 

forskningsprojekt.  
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Array CGH   array comparative genomic hybridization 

bp   base pair 

CNV   copy number variation 

CpG   phosphate cytosine diester-guanine 

DEL   deletion 

DUP   duplication  

H3K4me3   three methylation groups attached at the fourth lysine on histone 3 

Indel   small deletion or insertion 

INV   inversion 

INS   insertion 

SNP   single nucleotide polymorphism 

SNV   single nucleotide variant 

SRB   Swedish Red and White 

SV   structural variant 

TRA   translocation 

TSS   transcription start site 
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1 Introduction 

The bovine meat and milk production is essential for the global food industry (Daetwyler et 

al. 2014). To maximize profit, it is important to make the cattle as efficient as possible 

without compromising cattle health or welfare. Because of the economic pressure to have as 

efficient cattle as possible, the goal of breeding will be to ensure that the adaptation is as rapid 

as possible (Daetwyler et al. 2014). The breeding of cattle has led to a variation within the 

Bos Taurus species to create thousands of different breeds. The variation between the 

different breeds concern both genetic as well as phenotypic variation (Crysnanto & Pausch 

2020). This is however still a rather unexplored area when looking at larger variants in cattle. 

This project will hopefully lead to more insight in breed specific variation. 

1.1 Purpose and goals 

The ultimate purpose of this project is to find connections between structural variants (SVs) 

and phenotypes in dairy cattle. The intent with this project is to find and evaluate a method for 

finding probable SVs. This project would therefore give a deeper insight in the varying 

regions and the potential SVs that could affect the cattle’s wellbeing and prepare for future 

research on the subject.  

 

The goals of this project were defined as to:  

• Create a pipeline for identifying probable SVs. The pipeline should also evaluate the 

SVs’ importance and biological relevance, 

• identify five promising SVs through this pipeline. 

1.2 Limitations 

This project is an initial pilot project for a bigger future project. This bigger project will create 

a variant-aware reference graph genome, which will incorporate SVs to improve the graph 

genome quality. This project is reliant on previously sequenced data. The data was delayed 

which limited the amount of time analysing the results. The data available consist of one 

cattle breed, Swedish Red and White (SRB) cattle. 

1.3 Background 

Genetic variation is the foundation of life. The survival of all species is dependent on the 

adaptation to the environment around them. With each new generation, there is a possibility 

for traits to be favoured and therefore carried forward or the opposite. There are different 

types of variation in the genome. Variation in the genome can be either in a single position or 
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a larger region (Hickey et al. 2020). Variation in a single nucleotide is called a single 

nucleotide variant (SNV) or single nucleotide polymorphism (SNP). A larger variation can be 

a small insertion or deletion (indel) or structural variant (SV). There are different definitions 

of what an SV can be. The common definition, and the one used here, is that an SV is longer 

than 50 base pairs (bp). SVs can be divided into five main groups but can also be other 

complex events. The different types of SVs are inversions (INVs), translocations (TRAs), 

deletions (DELs), duplications (DUPs), insertions (INSs) (Hickey et al. 2020). SVs can be 

either balanced or imbalanced. A balanced SV does not affect the genome size. An 

imbalanced SV will affect the genome size and is referred to as a copy number variation 

(CNV), either copy number loss or gain. (Kosugi et al. 2019) 

1.3.1 Cattle 

The first reference genome for cattle was produced in 2009 (Elsik et al. 2009). Multiple 

updated versions of the reference genome have come out after this but all have been based on 

the Hereford cattle, a breed used for beef production (Crysnanto et al. 2021). Due to the 

variation between the breeds of cattle, a reference genome based solely on one breed cannot 

tell the whole story for all breeds. An alignment against the reference genome can show 

between seven and eight million SNPs and indels. The number of variants will increase as the 

individual diverges from the reference, e.g. cattle optimized for dairy instead of beef 

production as Hereford (Crysnanto et al. 2021). Therefore there has been interest in 

sequencing as many breeds as possible to get a more complete picture. The 1000 bull 

genomes project was a huge project with the aim of building variant databases. This in turn to 

facilitate genotype prediction for traits and to identify causal variants in disease-causing or 

advantageous traits (Hayes & Daetwyler 2019). The 1000 bull genomes project used over 

2000 genomes of cattle from different breeds and mapped SNPs and indels. They found 84 

million SNPs and 2.5 million indels, which indicates a very diverse species. The identification 

of the variants has led to a greater understanding of many disease-causing traits. The massive 

sequencing and identification of SNPs and indels has made it possible to use SNP arrays to 

predict phenotypes and the full genomic sequence of many breeds can be identified through 

imputation based on selected SNPs. (Hayes & Daetwyler 2019)  

1.3.2 Cattle breeds 

Cattle in Europe can be divided into commercial or non-commercial cattle. The commercial 

cattle breeds have been bred to inherit the most useful production traits. The traits are chosen 

based on what is most profitable economically. The non-commercial cattle are the native 

breeds, which have a long history of adaptation to their environment. This has resulted in a 

general larger production of milk and meat for the commercial cattle. The non-commercial 

breeds however, often have a greater value for the environment they have been adapted to. 

Studying these traits allow researchers to discover novel genotypes which help further our 

understanding of the bovine genome. These genotypes can then possibly be exploited for 

breeding and improvements of breeds. The Swedish native breed Fjällko, for example, 
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produces milk with a great protein composition for cheese making, compared to the 

commercial breed Holstein-Friesian. (Upadhyay et al. 2019) 

  

In Sweden, historical breeding has decreased the number of native cattle breeds as well as the 

size of the populations drastically. An example is the Swedish Red Polled breed which 

decreased from ~30 000 individuals in to ~20 in almost 50 years (1930´s to 1979). The 

realization of importance of biological diversity has led to initiative to retain the cultural and 

genetic resources. (Upadhyay et al. 2019) 

  

There are several unique and diverse phenotypes in Swedish cattle. Fjällko has a white coat 

with black spots while other breeds, such as Swedish Red and Swedish Red Polled, has a red 

coat. Another trait is the display of polledness or not in Fjällko, Bohus Polled and Swedish 

Red Polled cattle. Upadhyay et al. (2019) has done extensive research on nine Swedish breeds 

with SNP genotyping. The genotyping presented a diversity between the different breeds. 

(Upadhyay et al. 2019) 

1.3.3 Differences between applications 

Cattle research has been very focused on genetic markers and imputation of genomes based 

on these markers. A genetic marker is defined by Lowe and Bruce (2019) as an element, 

which can be identified and mapped through different technologies (Lowe & Bruce 2019). 

This is a different perspective from focusing on a gene being the cause of a difference in 

phenotype (Daetwyler et al. 2014). SNPs are of high interest, when looking at genetic 

markers, as they easily measured with SNP arrays, SNP chips for short. The SNP chips are 

available at a low cost and can be used for marker-assisted selection, genomic selection and 

more sequence-oriented approaches used in molecular genetics. (Daetwyler et al. 2014) 

 

Traits that depend on a single gene or position are referred to as monogenic traits (Sirr et al. 

2015). Some traits in cattle are monogenic and thereby the phenotype can be determined by 

using a SNP chip for interesting, predetermined SNPs. The 1000 bull genomes project was an 

initiative to investigate monogenic but also more complex traits. Due to the cost of whole 

genome sequencing they sequenced a relatively small population but tried to find casual SNP 

and indels for traits. (Daetwyler et al. 2014) 

 

1.3.4 Long read sequencing versus short read sequencing 

Faster, cheaper and more reliable sequencing technologies have enabled a massive increase in 

genetic sequencing. The National Human Genome Research Institute (NHGRI) has been 

tracking sequencing cost per year since 2001. In September 2001 the cost per genome (3000 

Mbp) was $95 263 071 USD, by august 2020 the cost had been reduced to $689 USD. The 

enormous difference in price is because of new methods that are developed. In 2001 the 

sequencing method mostly used was Sanger-sequencing, later called first generation 

sequencing. When later next generations of sequencing were developed the price significantly 
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decreased and has continued to go down and throughput continues to increase. (Wetterstrand 

2020) 

 

The prices mentioned above are based on short sequencing technologies which cannot resolve 

SVs. SVs can be incredibly long and is therefore difficult to identify with short sequencing, 

especially when sequencing and mapping errors further complicates the identification. Short 

read sequencing technologies will leave gaps in SV location since adequate assembly or 

alignment cannot be done with larger SVs. To properly resolve SVs, long read sequencing 

technologies is needed. They can produce a read length of several thousand base pairs, which 

can then possibly overlap the entire SV and therefore decrease the difficulty of the alignment 

or de novo assembly. The use of long read sequencing, especially Pacific Biosciences 

(PacBio) and Oxford Nanopore technologies (ONT), are suited for SV identification since it 

will reduce the number of gaps in the assembled genome and facilitate the assembly. Long 

read sequencing has however yet to drop to as low costs as short read sequencing. It is 

nowhere near the costs for Sanger-sequencing but still it takes quite a lot of funding to include 

long read sequencing in a research project. (Mahmoud et al. 2019) 

 

1.3.5 Structural variant calling 

Structural variant calling can be done by two main methods, array-based approaches, or 

sequencing-based methods. (Alkan et al. 2011) 

1.3.5.1 Array-based approach 

Array-based methods represent an experimental way of identifying SVs. The most common 

ways are array comparative genomic hybridization (array CGH) and SNP microarrays. Array-

based approaches are limited to detecting only CNVs and not balanced SVs. (Alkan et al. 

2011) 

 

Array CGH utilizes fluorescent labelled samples. The samples and the reference are 

hybridized, and a fluorescent signal can be read. The ratio between the reference and the 

sample is converted into a log2 ratio, which is then a representation for the CNV. A higher 

ratio indicates a copy number gain and vice versa. However, this means that array CGH 

cannot identify SVs that are balanced, i.e. can only identify duplications and deletions. (Alkan 

et al. 2011) 

 

SNP microarrays are, like array CGH, based on hybridization and uses the log ratio between 

the sample and reference to detect CNVs. SNP microarrays however can distinguish single-

nucleotide differences between sequences. It is possible to combine array CGH and SNP 

microarray to find more reliable CNVs. There is also a single-molecule analysis, which is a 

complement to the arrays. It is experimental based but it is able to capture balanced SVs. 

(Alkan et al. 2011) 
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1.3.5.2 Sequencing-based approach 

Multiple bioinformatic approaches can be used to identify SVs from sequencing data. 

Sequencing-based approaches can identify more types of SVs than arrays, but it is 

computationally heavy and the algorithms that exist today are not as accurate as you would 

want (Kosugi et al. 2019). The sequencing-based approach utilizes the mapping of reads to a 

reference genome and then identifying patterns in the mapping which is unique for each SV 

type. The sequencing-based approaches can be divided into read pairs, read depth, split reads 

or assembly based. (Alkan et al. 2011) 

1.3.5.2.1 Read pairs 

Read pair algorithms use paired end reads to find differences from the reference genome and 

patterns for SV types. This method, in theory, can identify all five types of SVs. A DEL is 

found when there is a gap between the read pairs. INS are found when two read pairs that 

should overlap do not. INV lead to a different orientation of the reads and DUP leads to an 

abundance of reads in that region. It is also possible to determine if the DUP is interspersed or 

tandem. (Alkan et al. 2011) 

1.3.5.2.2 Read depth 

When using read depth the identified SV types is limited to only DEL and DUP. It is not 

possible to distinguish between interspersed and tandem DUP. When looking at read depth 

you see a lower (non-existent) read depth at DEL and a higher read depth at DUP. (Alkan et 

al. 2011) 

1.3.5.2.3 Split reads 

When investigating split reads, you can discern all SV types and small SVs by identifying the 

breakpoints. A split read approach means the reads are split into smaller parts and 

reassembled. If gaps are found in the read, it indicates a DEL, a gap in the reference indicates 

an INS. The algorithm is also able to discern between interspersed and tandem DUP. The 

limitation of this method is the assembly of short read sequencing, which is a computational 

heavy operation. (Alkan et al. 2011) 

1.3.5.2.4 Assembly 

The assembly approach is, in theory, able to find all SV types. The approach is based on the 

re-assembly of the reads without the reference and then the comparison with the reference. 

The patterns of the SVs are discerned from the differences between the reference and the 

assembly. The approach requires an existing high-quality reference genome and also a de 

novo assembly (assembly without a reference) of the reads needs to be possible. In practice de 

novo assembly is a struggle, especially with short reads with gaps being common. The 

assembly is therefore used in conjugation with a local alignment to ease the assembly. (Alkan 

et al. 2011) 
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1.3.6 Structural variant caller, DELLY 

There are plenty of software that have been created to identify SVs by sequencing-based 

approaches. DELLY is a structural variant caller based on paired-end and split reads. DELLY 

start with a paired-end approach and finetunes the results with split reads. DELLY uses 

assembled reads in SAM/BAM format. It then performs two separate analyses, first a paired-

ended read approach which is complemented with a split read approach. (Rausch et al. 2012) 

 

The paired-ended analysis is done by checking the average read orientation and insert size 

distribution. Regions with differing read orientation or insert size are then identified to find 

potential SVs. E.g. a DEL is identified by finding differing read orientation but it has 

expected insert size, an INV is identified by finding a reversed read orientation. The split read 

analysis is based on the paired ended analysis. The groups of reads found as SVs are check for 

support for split read. The split read analysis is based on the paired ended analysis. The 

groups of reads found as SVs are check for support for split read. (Rausch et al. 2012) 

 

DELLY has been tested and compared to other software in multiple studies. Kosugi et al 

(2019) showed that DELLY showed a high precision when calling on many SVs on both 

simulated data and real data, although human data. DELLY showed about average 

performance for different SV lengths. This was however an older version of DELLY and it 

has since then been updated (Kosugi et al. 2019). Keel et al (2017) showed that DELLY did 

not perform particularly well at any dataset with lower coverage. They measured the area 

under the precision curve (AUC) which is a measurement of performance between 0 and 1. 

Higher AUC indicates better performance. For the high coverage datasets (5x-10x) they found 

the area under the curve (AUC) to be 0.5125 (Keel et al. 2017). The authors of DELLY 

however claims an accuracy of 0.99 and 0.85 for discovery of deletion with a coverage of 10x 

(Rausch et al. 2012). DELLY is affected by read depth since it uses paired ended reads as 

primary way of identifying SVs. Gong et al. (2021) tested different structural variant callers 

on tumour data. They observed that DELLY gains <10% sensitivity when moving from 20x 

to 30x coverage and later gains no sensitivity from higher coverage. This might indicate that 

DELLY benefits from lower coverage. (Gong et al. 2021) 

 

1.3.7 Variant effect predictor 

Variant effect predictor (VEP) is a tool from Ensembl used to approximately estimate the 

effect of a variant. It can be used for both SNPs and SVs. It uses Ensembl annotation to 

approximate the effect of e.g. a transcript annotated in a DUP will be abundant and could 

have a significant effect on the functionality. Depending on what type of annotation the 

variant overlaps, it will have different consequences. These consequences are in different 

categories, e.g. one is transcript amplification. (McLaren et al. 2016) 
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1.4 Previous work 

There have been some previous studies on SVs in cattle. Most of these studies are focused on 

SVs in a specific cattle breed but there are some studies including multiple breeds and 

comparing the breeds (Liu D et al. 2018).  

1.4.1 European variant archive 

The European variant archive (EVA) is a database specifically used for variants. It 

distinguishes between short variants as <50 bp and large variants >50 bp. SVs are still rather 

unexplored for cattle, especially comparisons of breed specific SVs. EVA has nine studies on 

SVs (Liu GE et al. 2010, Hou et al. 2011, Hou et al. 2012, Bickhart et al. 2012, Boussaha et 

al. 2015, Keel et al. 2016, Menzi et al. 2016, Karimi et al. 2017, Mesbah-Uddin et al. 2018). 

Nine studies are relatively small number compared to studies on human, which has 204 

studies recorded. The cattle studies were done on dairy, beef and multipurpose cattle. See 

metadata.xlsx for more information. This document specifies the Ensembl study ID, authors, 

the experiment design, description of the study, platform and whether the study included 

dairy, beef or combined cattle. 

1.4.2 Functional annotation for regulatory regions 

There have been studies on regulatory elements for cattle. Fang et al. (2019) recently made a 

mapping of regulatory regions based on characterization of chromatin states. They looked at 

15 different chromatin states and the effect in cattle. The 15 chromatin states and the 

abbreviations can be seen in Table 1. One of the more interesting states is the active 

transcription start sites (TSS) which is indicated by high frequency of three methylation 

groups attached at the fourth lysine on histone 3 (H3K4me3) and in the vicinity of e.g. a 

promoter (±1kb near a TSS of Ensembl gene) or coding region. An active TSS is also 

indicated by an open chromatin structure, which is indicated by low DNA methylation, i.e. 

high frequency of phosphate cytosine diester-guanine (CpG) islands. (Fang et al. 2019) 
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Table 1. Abbreviations of the 15 chromatin states used in Fang et al.  

Chromatin state Abbreviation 

Active TSS TssA 

Flanking active TSS TssAFlnk 

Transcript at 5’ and 3’ Tx TxFlnk 

Active enhancer EnhA 

Active enhancer & ATAC EnhAATAC 

Weak active enhancer EnhWk 

Poised enhancer EnhPois 

Poised enhancer & ATAC EnhPoisATAC 

Weak enhancer & CTCF & ATAC EnhWkCTCFATAC 

ATAC islands ATAC 

Weak repressed CTCF ReprWkCTCF 

Flanking bivalent TSS/Enh BivFlnk 

Repressed Polycomb ReprPC 

Weak repressed Polycomb ReprPC 

Quiescent/Low Quies 
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2 Method 

The scripts created for this project can be found in the SVs_identification/ folder in the 

GitHub repository, https://github.com/SGBC/breedmaps.  

2.1 Data 

There were two datasets used in this project. One will be referred as the BTA dataset and the 

other the RDC dataset because of the file names. The BTA datasets consists of nine SRB 

cattle with four samples from each individual, i.e. technical replicates. The RDC dataset 

consists of seven SRBs without technical replicates. The datasets were divided into three 

groups. The first one was the RDC dataset, second the BTA samples with four technical 

replicates and the third the BTA datasets combined into one single file per individual. The 

combined files of the BTA datasets were not recalibrated with regards to being run in 

different lanes, which is a source of error kept in mind during this project. Due to time 

constraints, the files could not be recalibrated correctly. 

 

The BTA individuals were sequenced in 2015. The RDC individuals were sequenced in 2012. 

They were aligned to the reference genome of the time and delivered from SciLife Lab, 

Uppsala University, to dept. Animal Breeding and Genetics, SLU, where they were converted 

back to FASTQ format for realignment against the updated reference genome. The files were 

trimmed using fastp (version 0.20.1) with default parameters and were then quality checked 

with FastQC (version 0.11.9) (Andrews 2010, Chen S et al. 2018). The reads were assembled 

with BWA-MEM (version 0.7.17) using the ARS-UCD1.2 reference genome (Md et al. 

2019). Duplicated reads were identified and removed with PICARD (version 2.18.29) (Broad 

Institute 2019). The variant calling was done with DELLY (version 0.8.7) and the BCF output 

was converted into variant calling format (VCF) with BCFtools (version 1.9) (Li et al. 2009, 

Rausch et al. 2012). This was done by a parallel project so the input data for this project were 

only the VCF files. 

2.1.1 Read depth 

The average read depth was calculated for all samples. The total assembly size was 271 5853 

792 bp according to National Center for Biotechnology Information (NCBI). (NCBI 2018a) 

The read length was extracted by SAMtools stats (version 1.7) (Li et al. 2009). It was 

specified to an average of 149 bp after trimming for all samples. The read depth of the data 

was calculated according to equation (1). See Supplementary table: counts_summary.xlsx for 

all calculations. 

 

𝑅𝑒𝑎𝑑 𝑑𝑒𝑝𝑡ℎ =
𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑎𝑑𝑠

𝐺𝑒𝑛𝑜𝑚𝑒 𝑙𝑒𝑛𝑔𝑡ℎ
∗ 𝑟𝑒𝑎𝑑 𝑙𝑒𝑛𝑔𝑡ℎ.                   (1) 

 

https://github.com/SGBC/breedmaps
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2.2 Filtering SVs 

The SVs identified by DELLY, in variant calling format (VCF), were read and filtered with a 

R script with R (version 4.0.3) and R package tidyverse (Wickham et al. 2019, R Core Team 

2020). The variants were filtered by removing all LowQual and IMPRECISE variants. See 

script filtering_SVs.R. 

 

2.3 Annotating the SVs 

The filtered SVs were joined with annotation from Ensembl. The filtered SVs were annotated 

with version 104 of the cattle annotation available on Ensembl (Howe et al. 2021). This is an 

automatic annotation, which includes genes, exons, transcripts etc. It was overlapped in R 

(version 4.0.3) using the R package tidyverse, rtracklayer and GenomicRanges (Lawrence et 

al. 2009, Lawrence et al. 2013, Wickham et al. 2019, R Core Team 2020). See script 

ensembl_ann.R. The filtered SVs were also overlapped with regulatory regions. See script 

regulatory_regions.R. This was done the same way as previously described, by overlapping 

our identified SVs with the regions of chromatin state found by Fang et al. (2019). The 

identified chromatin states can be found in the file called ChromHMM_REPC.bed taken from 

the Fang et al. (2019) GitHub repository. 

 

2.4 Comparison with previous work 

The filtered SVs were overlapped with SVs registered in Ensembl along with six datasets 

downloaded from EVA. See script sv_dataset.R. Already identified SVs registered in 

Ensembl were overlapped with the RDC and BTA datasets. The external SVs were fetched 

from Ensembl, structural variation version 104 (Howe et al. 2021). The overlapping was done 

with R (version 4.0.3) and R package GenomicRanges, tidyverse and rtracklayer (Lawrence et 

al. 2009, Lawrence et al. 2013, Wickham et al. 2019, R Core Team 2020). The SV datasets 

from EVA were downloaded and overlapped with the RDC and BTA datasets. The EVA 

datasets had differing reference genomes since it was produced in older studies. So the files 

were remapped to the ARS-UCD1.2 reference genome using the NCBI Remap tool (NCBI 

2018b) using default parameters and gff3 as input and output type. The same script mentioned 

above for the Ensembl SVs was used for the EVA datasets as well. The six datasets were 

fetched from EVA by sorting by structural variants and species cow. These datasets came 

from studies on dairy, beef or multipurpose cattle.  
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2.5 Counting SV types and in common SVs 

The SV types and counts was investigated with Python version 3.9.1 (Van Rossum & Drake 

2009). The total amount of SVs was extracted from the VCF files and then was compared to 

the number of filtered SVs. The different SV types were counted for each file. Then each 

location found in the VCF files were checked across all files so a count for how many times a 

particular SV occurred in each file, for each dataset but also together. This count of location 

was done for the BTA single lane, combined and RDC datasets separately and then RDC and 

combined BTA together. 

 

2.6 Variant effect predictor 

Variant effect predictor was used for each file to ascertain the predicted impact of the SVs. 

The impact was determined by the use of Ensembl data and annotation. The command line 

tool was not compatible with the available environment and was therefore not included in the 

pipeline. It was done in the web-based tool Variant Effect Predictor by Ensembl (McLaren et 

al. 2016). The default parameters were used, but UniprotID and phenotype information was 

selected to be included in the output. The number of high impact SVs for each file was done 

using R (version 4.0.3) and R package GenomicRanges, tidyverse and rtracklayer (Lawrence 

et al. 2009, Lawrence et al. 2013, Wickham et al. 2019, R Core Team 2020). See script 

vep_filtering.R. 

 

2.7 Pipeline 

The different steps above were combined into a pipeline. The pipeline is simply a bash script, 

which runs each script where inputs and outputs can be altered. The pipeline consists of: 

• Filtering of SVs (filtering_SVs.R) 

• Overlapping with Ensembl annotation (ensembl_ann.R) 

• Overlapping with regulatory regions (regulatory_regions.R) 

• Overlapping with previously found SVs (Ensembl SVS and EVA datasets) 

(sv_datasets.R) 

• Check the impact of the SVs (vep_filtering.R) 

• The SV types and counting was done in Python for BTA and RDC datasets separately 

but also together (sum_BTA_single_samples.py, sum_BTA_combined.py, 

sum_RDC_vcf.py, sum_all.py) 

The R scripts were made adjustable with flags/options for paths, by use of the optparse 

package (Davis 2020). 
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2.8 Venn diagram 

The technical replicates and the combined files of the BTA dataset were compared and 

visualised by a Venn diagram through a R script, R version 4.0.3, and  R packages tidyverse, 

RColorBrewer and VennDiagram (Neuwirth 2014, Chen H 2018, Wickham et al. 2019, R 

Core Team 2020). See script venn.R. 
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3 Results 

All results can be found in the GitHub repository in the folder SVs_identification/results. 

3.1 Read depth 

The average read depth for the BTA single sample dataset was calculated to 1.2x and average 

of 4.8x after combining all of the lanes for each individual . The read depth was also 4.8x for 

the RDC dataset. It was observed that the average read depth for the BTA single samples 

dataset was significantly lower than the RDC and BTA combined dataset.  

 

3.2 Overlapping between technical replicates 

The technical replicates were compared by looking for each SV position in all technical 

replicates (after filtering) and then visually presented in a Venn diagram. See Figure 1 for an 

example Venn diagram. We can see in this example that only 20 SVs were found in all 

replicates and the combined file. There were 2070 variants unique to the combined file but 

there were only nine SVs unique for the replicates, i.e. missing in the combined file. The 

number of SVs not found in the combined file was consistently below 20 variants in all 

individuals. 

 

 
Figure 1. Venn diagram of the overlap of the four technical replicates (L1-L4) and the combined files for the 

individual BTA125. 
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3.3 Filtering of SVs 

The mean number of the SVs found in the combined BTA dataset was 7842, with maximum 

of 8869 and minimum of 6598. The mean number of filtered SVs in the combined BTA 

dataset was 2359, with maximum of 2857 and minimum of 1787. The mean number of all 

RDC SVs found was 7803, with maximum of 8874 and minimum of 6886. The mean number 

of filtered SVs in the RDC dataset was 2337, with maximum of 2861 and minimum of 1787. 

A significant number of SVs were filtered out. A full report of the counts can be seen in 

Supplementary table: counts_summary.xlsx.  

 

The total number of the different SV types can be seen for the BTA and RDC dataset in 

unfiltered in Table 2 and filtered in Table 3. There was a significant overrepresentation of 

deletions in the datasets. Duplications, inversions, translocations and insertions were present 

but not nearly as frequent as deletions after filtering.  

 
Table 2. Summary of number of SVs after DELLY SV calling, before filtering. 

Dataset Number of 

individuals 

Mean # 

deletions 

Mean # 

inversions 

Mean # 

translocations 

Mean # 

insertions 

Mean # 

duplications 

BTA 9 4191.8 749.4 968.4 290.4 1641.9 

RDC 7 4173.3 747.9 969 285.4 1627.6 

 

 
Table 3. Summary of number of SVs after DELLY SV calling, after filtering. 

Dataset Number of 

individuals 

Mean # 

deletions 

Mean # 

inversions 

Mean # 

translocations 

Mean # 

insertions 

Mean # 

duplications 

BTA 9 1934.3 26.8 41.1 289.3 68.1 

RDC 7 1918.7 26.7 39.4 284.4 67.4 

 

3.4 Count SVs occurrence 

The number of times each SV position occurs in the datasets was counted. The location of the 

SV (chr:start-end) was checked in all files, single and combined BTA and RDC dataset and 

then the combined BTA dataset and RDC dataset together. A plot of the counts for both the 

combined BTA and RDC datasets can be seen in Figure 2. Top SVs were extracted for each 

dataset where the top SVs were the ones, which occurs in 70% of the files/individuals or 

more. For the single lane BTA dataset nine SVs were found in 25 of the files (individual does 

not apply here since there are replicates) or more. For the BTA combined dataset 112 SVs 

were found in seven or more individuals. For the RDC dataset 86 SVs were found in six 

individuals or more. When comparing both datasets at the same time, 128 SVs were found in 

eleven individuals or more. Some break points were found multiple times in one file and can 

therefore be a higher count than the number of files/individuals.  
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Figure 2. Plot representative of the number of times each filtered SV occurs in the individuals (both the combined 

BTA and the RDC dataset) where each x-axis value represents a structural variant location. 

 

3.5 Ensembl and regulatory annotation 

When comparing the combined BTA dataset and the RDC dataset, the mean number of each 

Ensembl annotation region are very similar or at least in the same size range. The number of 

overlapping regions of Ensembl annotation categories can be seen in Table 4. There was a 

clear abundance of overlapping with gene coding regions (CDSs) and exons for the Ensembl 

annotation for both the RDC and combined BTA dataset. Important to keep in mind is that the 

exons are defined as to include CDS and untranslated regions (UTRs) so there is some 

overlap in the results. 

 

The number of overlapping regions of chromatin states can be seen in Table 5. The repressed 

(quiescent) chromatin state was most commonly overlapped for both the RDC and the 

combined BTA datasets.  
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Table 4. Table of counts of each overlapping type of Ensembl annotation for each file for each category (gene, 

transcript, exon, gene coding regions (CDS), start and stop codon, 5’ and 3’ untraslated regions (UTR) and 

selenocysteine). The datasets are the combined BTA dataset and the RDC dataset. The largest values are marked in 

bold. 

GENE BIOTYPE MEAN combined BTA MEAN RDC 

Gene 2474.8 2614 

Transcript 13171.9 13554.1 

Exon 2070762.2 2279469.4 

CDS 2286758.6 2507613.6 

Start codon 99937.2 105959.7 

Stop codon 106445.9 113342.6 

5’ UTR 103124.9 108970.7 

3’ UTR 62059.9 65396.3 

Selenocysteine 22,.6 26.1 

 

 
Table 5. The mean of the number of SVs overlapping with chromatin states for BTA and RDC dataset. The largest 

values are marked in bold. 

Chromatin state MEAN combined BTA MEAN RDC 

TssA 1025.9 1115 

ATAC 2082.6 2194 

ReprWkCTCF 2005.8 2155.7 

BivFlnk 581.3 628.6 

ReprPC 2322.7 2505.4 

ReprPCWk 4048,.1 4325.3 

Quies 8564.6 8925 

TssAFlnk 1065.3 1147.3 

TxFlnk 875,.8 956.6 

EnhA 2867.9 2887.4 

EnhAATAC 2154.6 2318.4 

EnhWk 663 713.3 

EnhPois 7287.8 7756 

EnhPoisATAC 3767.4 4016.1 

EnhWkCTCFATAC 1603.3 1723 
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3.6 Overlapping with previously discovered SVs 

The dataset of previously discovered SVs were overlapped. The output was one file per input 

file per datasets. These were summarized by simply outputting the number of overlapping 

SVs between them. See Supplementary table: counts_summary.xlsx. There was one dataset 

with a small number of SVs, which resulted in 0 overlapping SVs. The biggest dataset had the 

most SVs overlapping, the Ensembl SVs with a mean of 7195,9 overlapping SVs.  

 

3.7 Variant effect predictor 

The mean number of high impact SVs, i.e. SVs overlapping important regions, was 879 for 

combined BTA and 889 for RDC dataset. All counts can be found in Supplementary table: 

count_summary.xlsx. The plots taken from VEP, see example in Figure 3, showed that 

intergenic variants (30-55% of all consequences) were the most common for all files.  

 

 
Figure 3. Variant effect predictor output. Shows distribution of the predicted effect for all SVs in the combined file of 

individual, BTA125. 
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4 Discussion 

The aim of this project was to create a pipeline capable of filtering out unlikely SVs but also 

highlight the more impactful SVs. The created pipeline is functional, but a lot of verification 

is needed before reliable SVs can be outputted. The ambition with this pipeline is to filter out 

as many unlikely SVs as possible but also highlight the ones deemed interesting, e.g. those 

that might have an important function for the dairy cattle. There are a lot of drawbacks to this 

way of identifying SVs. The biggest one being that this is based on short read sequencing. A 

significant increase in reliability of this pipeline would be to use or at least complement with 

long read sequencing. But this is more expensive. 

4.1 Pipeline 

The pipeline begins by filtering the SVs so that only the ones that DELLY deems to be likely. 

There are other filtering options that could be explored, such as mapping quality. This is 

however more complicated to filter after since it is relative to your data. It would require more 

investigation to be able to use this variable as a filtering option. 

 

After the filtering the pipeline uses external data to strengthen the SVs reliability. An 

advantageous future verification would be to check the coverage in the identified regions. E.g. 

does an identified deletion have coverage inside it or not? If not, it can be a real deletion. 

 

Another interesting aspect when looking for disease related SVs would be to check if the 

individuals are heterozygote of homozygote. This information is available in the VCF files 

but was not used for the pipeline as it is now. 

 

A logical further step for the pipeline could be to create some sort of scoring system of the 

SVs. E.g. if the SV is precise, overlaps many datasets and is deemed to have a high impact, it 

will get a high score. This could then lead to a ranking system that could be used to find an 

interesting subset of SVs for further investigation. 

 

4.2 Data 

The BTA dataset is a source for error in this study. When all technical replicates were 

combined into a single file, it was not recalibrated which means that the combined files are 

not necessarily completely accurate. However, there are very few SVs that were only found in 

the replicates and not in the combined files. The number of SVs not found in the combined 

file was consistently below 20 variants in all individuals. This percentage was considered as 

negligible when the total amount of variants was at least 1200 which means the missing SVs 

are less than 1%. Since almost all SVs found in the replicates were in the combined files, 
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every analysis between the datasets were done by comparing RDC dataset and the combined 

BTA dataset. The mean identified SVs per individual were very close in size range to the ones 

found in the RDC dataset. From this, you could argue that the lack of recalibration did have a 

negligible effect on the data quality.  

 

There were some aspects of the data to take into perspective when looking at the results. The 

data is based on two different datasets both from SRB with nine or seven individuals. There 

are some differences between the number of SVs found in the datasets but in general the 

means are very similar between the combined BTA dataset and the RDC dataset. Due to time 

constraints no other datasets were included in the pipeline. But as with all research it would 

have been a great resource to have different breeds to compare. This way it could have been 

possible to find trends in SRB compared to other breeds and maybe even dairy cattle 

compared to beef cattle. 

 

4.3 Structural variant calling 

There was a clear abundance of DELs in all structural variant calling with DELLY. This is 

expected since DELs are easy to find through paired-ended reads. This does introduce a large 

source of potential false positives. Since short read sequencing always will have gaps in the 

assembly of the reads, these gaps could be interpreted as deletions. 

 

The BTA dataset had four technical replicates for each individual. There was not much 

overlap between the files from the same individual, which you expect when the data comes 

from the same individual. This could be because of difficulty predicting SVs with lower read 

depth with DELLY. A future investigation would be to check in multiple datasets with 

varying read depth and determine if there is a connection with differing number of SVs found 

from the same dataset. We can see that the mean number of identified SVs per individual is 

very similar for the combined BTA dataset as for RDC. But the mean number of identified 

SVs in the single lane BTA dataset was a lot lower than the other two groups. This leads to 

the conclusion that DELLY might need medium/high read depth to make reliable predictions. 

 

Another short-coming due to time constraints was that only one SV caller was used. It would 

have given more credibility to the SVs if they were found with multiple SV callers, and even 

more if they used different algorithms. DELLY uses read depth and split read algorithms to 

predict SVs, it would therefore been beneficial to have SV callers with assembly or read pair-

based algorithms. 
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4.4 In common and unique SVs 

There were a few SVs found that were common to both datasets and occurred in at least 70% 

of the files. These SVs could potentially be a good subset of SVs for further in-depth 

investigation. Are these SVs found in the dataset joining as well? Unfortunately again the 

time constraint was very limiting in the checking of the result. But these SVs would be good 

to check manually both if they are likely SVs when looking at them manually in a genome 

browser and when looking for possibly connected phenotypes. Here it would also be a huge 

benefit to have data from multiple breeds and bigger datasets of individuals. 

 

There were a lot of unique SVs found but because of DELLYs questionable performance and 

since this is based on short read sequencing it is very hard to determine if the SV will be a 

SVs unique for SRB or just an artefact. Once again data from multiple SV calling software 

and more datasets could help answer this question. 

 

4.5 EVA datasets 

There will be both false negative and false positives in the data. One way of trying to filter out 

some is through overlap with other datasets. There are flaws with joining the datasets with the 

R package GenomicRanges. By using the GenomicRanges for joining with the EVA datasets 

you can only get the overlapping regions, as the name implies. The overlapping SVs does not 

mean that the SVs are the exact same SV, just that there exists SVs in the same regions. One  

SV can have multiple overlapping of the dataset SVs if they are in the same regions. This is 

not the optimal way of comparing SVs since we only find regions of SV overlap and cannot 

confirm the SV is the same one in both datasets. It is however an indication that the SV 

calling done in this study has found SVs in the same regions as the datasets from EVA or 

Ensembl. In the future it would be good to fine-tune this joining of data. It can be an option to 

just compare start and end position, but this will be very strict since the datasets have different 

origin and different SV calling software. Another way would be to set an overlapping region 

of start and end positions, e.g. if the start and end of our SV is within 100 bp of the SV in the 

dataset it will be considered a match. This would however require some testing or literature 

research to establish a reasonable interval. 

 

Another drawback to keep in mind is that the datasets were remapped from UMD3.1 

reference genome to the current. This can lead to some differences in the positions that the 

SVs were since the mapping will not be perfect. These differences were reported by the 

remapping tool so these missing positions might be needed to be double checked. 

 

There is some unnecessary overlapping of the pipeline when using both the Ensembl SVs and 

the EVA datasets. The Ensembl SVs contains all registered SVs in cattle including the EVA 

datasets. The EVA datasets were however particularly interesting because it was easily 
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checked if the studies were done on dairy, beef or multipurpose cattle. Therefore they were 

checked separately. This could perhaps be automated in the future by checking the study ID in 

Ensembl to get study information. 

 

4.6 Limitations 

There was delay in obtaining the data, which did not leave as much time to perform the 

analysis of the result as was planned. This led to the project being more focused on creating 

the pipeline than verifying the output. This will instead be a future aspect to be investigated. 

One interesting aspect to investigate would be to check the role of SVs for known monogenic 

traits in dairy cattle. Perhaps SRB have some hitherto unknown overlapping SVs with other 

dairy breeds. This was done early in this project but unfortunately it was done on a wrong 

version of the data and is therefore not relevant here. 

 

Due to the nature of this project a lot of error is expected. As described in the Background 

section, there is no guarantee that SVs are discovered when using short read sequencing 

technologies. To guarantee their discovery, you would need to cover the whole SV in a single 

read. This does make it nearly impossible to identify SVs with certainty, especially not 

determine of the SVs will have a phenotypic response. Another possible verification would be 

to use array-based approaches to verify, e.g. if an SV is found in a region connected to a 

monogenic trait. 

5 Conclusions 

The created pipeline filters SVs based on DELLY’s prediction. The SVs carried by multiple 

individuals are selected for further analysis where the identified SVs are overlapped with 

Ensembl annotation and regulatory regions. The SVs are then overlapped with datasets of 

previously identified SVs. It requires more datasets to test if this pipeline is reliable and will 

give meaningful result for different kinds of data. But the pipeline is adjustable and can easily 

be expanded to new analysis. It was found that deletions were overrepresented and that 

DELLY might require higher read depth to make reliable SV predictions. 
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6 Future work 

There are many interesting aspects to be investigated in the future for this project. One aspect 

that was in a very early stage in the project was chromatin states. It would be interesting to 

investigate different cell stages and different tissues to see what differences in gene 

expression and thereby chromatin structure.  

 

An ambition early in the project was to investigate multiple breeds, preferably both beef and 

dairy cattle to be able to see trends in the SVs, which could separate the breeds. This could be 

possible through a principal component analysis which has been done by multiple researchers, 

e.g. Upahyay et al (2019). 

 

Another important aspect to keep in mind when looking at variation is the repeated sections of 

the genome. Especially when looking at short read sequencing because of the assembly’s 

problems with handling repeats. A complement to finding a SV could be to run the software 

RepeatMasker to identify repeated sections of the genome. You could then connect the 

repeated regions identified by RepeatMasker with the SVs. The SVs found in repeated regions 

would then be less likely to have an impact on the individual and a lower chance of being an 

actual SV. (Smit et al. 2013) 

 

A process that was begun but could not be completed due to time constraints was to connect 

known monogenic traits with SVs. There are some known SVs connected to monogenic traits 

but primarily it is SNPs. The known regions could then be investigated for SVs to see if the 

SRB have known disease for e.g. other dairy cattle. 

 

It would have been beneficial to try and combine the pipeline creating the VCF files (which is 

generated from another project) and this pipeline. You could then from the e.g. read depth of 

the bam files decide which SV calling software is most appropriate to use. 
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