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Abstract 

Structural variants (SVs) are large (> 50 bp) genomic differences between individuals which 

include deletions, duplications, insertions, inversions and translocations. They can play a role 

in gene function, regulation of gene expression and dosage, and generally have a greater 

impact on these than single nucleotide polymorphisms do. Currently, many SV detection 

software exist, but no single tool is considered reliable for detection of all SV classes. In this 

project, six of the best-rated and most recent SV detection software were tested using 10 

samples of wild Andean Phaseolus vulgaris, a grain legume. Based on the findings, three 

software were selected according to which predicted most SVs supported by the other 

software, and these were DELLY, dysgu and Manta. These software were then used to build a 

pipeline which reports SVs that are supported by all three of the software based on minimum 

reciprocal overlap of 80%. The completed pipeline was used to detect SVs in 99 samples of 

European P. vulgaris and the results were used in an association study. A 5064 bp deletion on 

chromosome 1 was linked to photoperiod sensitivity. Two loci located within 100 Kb of this 

SV were previously linked to the trait, complementing the finding. The pipeline is easy to use, 

has relatively few software dependencies, supports parallel execution and makes future work 

in SV research more accessible. 

  



 

  



 

Finding Big DNA Rearrangements 

Popular Science Summary 

Greta Buinovskaja 

 

Genetic code, which is unique to every living individual, is stored in structures called 

chromosomes. These structures are string-like in shape and are numerous. Every cell in your 

body contains a copy of your unique code in the shape of these structures. Chromosomes can 

be viewed with the naked eye using a microscope, but what you wouldn’t see is that they are 

actually made up of an even finer string-like structure, DNA. DNA is a string which is made 

of only four types of molecules which we refer to as A, T, C or G, and it is the different 

patterns of these letters in this string which is the code that makes every one of us unique, 

including you. 

Somewhere along the way this code can change and can cause the differences between 

individuals. These changes can occur on different scales; sometimes a change can mean that 

one letter in that code may switch, for example from C to G. In other cases, the change can be 

more dramatic. A part of a chromosome can be completely lost, or a part can be randomly 

gained. A part of this string-like structure may flip in its place changing the order of the code 

or a part of it may get copied and the copy is inserted back. Sometimes, two chromosomes 

may even exchange their different parts. These large-scale events will result in differences 

between individuals and are referred to as structural variants (SVs). 

SVs can cause big changes in the code that is stored in chromosomes and this in turn can have 

an effect on the individual’s traits, in some cases even cause disease. A method for detection 

of SVs is thus very important for research and it could help us unlock more questions about 

the world we see around us. 

This project focused on creating an easy method for SV detection. The method uses the code 

from different individuals and looks for specific patterns in these codes to find if SVs are 

present. SV detection can be complicated, in part because there are so many different ways in 

which they can occur and this can lead to detection mistakes. Because of this, multiple 

software at once were used to find SVs and if all software used could agree on an SV, it is 

very likely to be an accurate detection.  
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1 Introduction 

Structural variants (SVs) are defined as large genomic differences (> 50 bp) between 

individuals which arise from a change in DNA sequence length, copy number, orientation or 

chromosomal location. They can be classified into deletions (DELs), duplications (DUPs), 

insertions (INSs), inversions (INVs) and translocations (TRAs). Most SVs form from single 

events but combinations of SV types have been known to occur in combination (Yi & Ju 

2018). SVs are considered separately from single nucleotide polymorphisms (SNPs) and 

small indels (insertions and deletions) due to their larger size and greater impact on gene 

function (Chiang et al. 2017) 

Improving methods of SV detection have led to an increasing amount of evidence supporting 

their effect on different plant traits. SVs have been shown to play a role in plant resistance and 

immunity; copy number variation (CNV) in an aluminium-resistance gene MATE1 affects 

maize’s aluminium tolerance (Maron et al. 2013), increase in VRN-A1 locus copy number in 

wheat has been associated with frost tolerance (Zhu et al. 2014) and presence/absence 

variation has been linked to resistance against Verticillium longisporum fungal infection in 

Brassica napus (rapeseed) (Gabur et al. 2020). SVs have also been shown to affect 

phenotypic plant traits. Fruit shape and flesh colouring have been shown to be associated to a 

487 bp DEL and a 1.67 Mb INV respectively in peach (Guo et al. 2020). Yang et al. (2019) 

found DELs and INVs significantly associated to oil concentration and long-chain fatty acid 

composition in maize. Ecotypic differentiation resulting from SVs’ formation was observed in 

wild sunflower with divergent haploblocks being associated with seed size and flowering time 

(Todesco et al. 2020). Alonge et al. (2020) demonstrated that changes in gene dosage and 

expression levels resulting from SVs in tomato can affect traits such as fruit flavour, size and 

production.  

SV detection methods have come a long ways since the initial approach of identifying them 

using a microscope (Feuk et al. 2006). Current-day approaches focus on sequencing-based 

methods as sequencing platforms have become more widely available and affordable. These 

methods are based on analysis of specific mapping patterns between sequences which can 

include mapping of a sample genome to a reference genome (assembly-based approach), 

short-reads (150–300 bp) to a reference genome (short-read based approach) or long-reads 

(>10 Kb) to a reference genome (long-read based approach). The focus of this project is the 

short-read based approach due to the wide availability of short paired-end data.  

Short paired-end reads consist of a pair of short-reads which are spaced at a fixed distance 

from each other (e.g. 350 bp). When mapped to a reference, they can indicate an SV if their 

orientation or distance from each other changes (read pair approach, RP). If an individual read 

is split during mapping (different parts of a read map to separate locations on the reference) it 

can provide a better resolution to the position of the SV’s breakpoints (split read approach, 
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SR). The depth of the mapped reads can also indicate CNV (read-depth approach, RD) 

although these methods are sensitive to library preparation methods and should be stringently 

normalized (Gabur et al. 2019). There are at least 79 different SV detection software, each of 

which may use one or a combination of these approaches to identify SVs (Kosugi et al. 2019). 

Despite this, SVs remain understudied, in part due to their challenging detection. As the 

software depend on mapping patterns, errors in sequencing and mapping can result in 

detection errors. Highly repetitive plant genomes can make accurate mapping even more 

challenging. Secondly, different SVs may produce similar mapping patterns e.g. tandem 

duplications and insertions. Furthermore, combinations of SVs which occur together can give 

rise to complex mapping patterns which would require manual verification. Due in part to 

some of these reasons, a false-positive rate of up to 89% has previously been reported for 

short-read detection approaches (Sedlazeck et al. 2018). Despite the numerous software 

available it is difficult for any one of them to precisely capture all SVs of varying types and 

sizes (Mahmoud et al. 2019).  

In this project, six SV detection software were tested on a small population of Phaseolus 

vulgaris, a domesticated grain legume, and the results were evaluated to find which software 

detect the SVs widely supported by a number of the other software. The three software with 

best support were used in an SV detection pipeline. The pipeline first detects SVs in a 

population using all three software and then produces a VCF file containing only the SVs 

supported by all of them. The pipeline was then used to detect SVs in a larger population of 

adapted P. vulgaris samples, and the results were used in a genome-wide association study 

(GWAS) to link detected SVs to various phenotypic traits. 

2 Materials and Methods 

2.1 Data 

Paired short-read data was used in the project. Samples used were sequenced using Illumina 

NovaSeq6000; paired end reads 2x151. The average depth of coverage is 15X and the breadth 

of coverage is 90% of the genome. For the software testing, 10 wild Andean P. vulgaris 

samples were used; six from Argentina, three from Peru and one from Bolivia. For the 

association study, 99 domesticated European P. vulgaris samples from 17 countries were 

used. All of the samples were aligned to P. vulgaris genome assembly v2.0 

(https://phytozome-next.jgi.doe.gov/info/Pvulgaris_v2_1) which is derived from an Andean, 

domesticated variety. 

https://phytozome-next.jgi.doe.gov/info/Pvulgaris_v2_1
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2.2 Software selection 

An initial set of 12 software was selected based on findings of Kosugi et al. (2019) (one 

additional software, dysgu, was included based on recommendation). These software were 

selected according to how well they were shown to predict a range of different SV types as 

well as if they could predict SVs of a certain type/size particularly well (TRAs were not 

considered in this project due to time constraints) (Appendix A). The software were initially 

tested on 10 samples of Andean origin of P. vulgaris to see if they produced sensible results. 

Of the selected software, seven had to be excluded from the project due to technical issues 

(see Table 1.). 

Table 1. List of the software included in the project along with notes about encountered technical issues. 

Software Version SV types Included 

in analysis 

Notes Citation 

CNVnator 0.3.3 DEL, DUP ✓ 
 

(Abyzov et 

al. 2011) 

DELLY 0.7.7 DEL, DUP, INV, 

TRA 
✓ 

 
(Rausch et al. 

2012) 

dysgu 1.3.6 DEL, DUP, INS, 

INV, TRA 
✓ 

 
(Cleal & 

Baird 2022) 

GRIDSS 2.13.1 DEL, DUP, INS, 

INV, TRA 
 Was unable to convert BND format 

to DEL and DUP using their script 

(Cameron et 

al. 2017) 

inGAP-sv 3.1.1 DEL, DUP, INS, 

INV 
 Uses a GUI and so would not be 

compatible with Nextflow 

(Qi & Zhao 

2011) 

Lumpy 0.3.0 DEL, DUP, INV, 

TRA 
 GT field was empty in the VCF 

output 

(Layer et al. 

2014) 

Manta 1.6.0 DEL, DUP, INS, 

INV, TRA 
✓ 

 
(Chen et al. 

2016) 

MATCHCLIP 3.0. DEL, DUP ✓ 
 

(Wu et al. 

2013) 

Pindel 0.2.4w DEL, DUP, INS, 

INV, TRA 
 Failed to complete within a 

reasonable time 

(Ye et al. 

2009) 

SvABA 1.1.3 DEL, DUP, INS, 

INV 
 Was unable to successfully launch (Wala et al. 

2018) 

SVseq2 2.2.0 DEL, INS  Software would skip the first contig (Zhang et al. 

2012) 

TIDDIT 2.3.1 DEL, DUP, INV, 

TRA 
✓ 

 
(Eisfeldt et 

al. 2017) 

Whamg 1.7.0 DEL, DUP, INS, 

INV 
 GT field was empty in the VCF 

output 

(Kronenberg 

et al. 2015) 

 

In order to pick which of the software to include in the final pipeline, the overlap between the 

SVs detected by the different software was analysed using R package UpSetR v1.4.0 

(Conway et al. 2017). For this step, the detected SVs were first filtered to only include those 

with either a PASS or missing flag in the FILTER field (SVs detected by MATCHCLIP were 
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not filtered because the output is in TXT format and missing the FILTER field). In this 

project, a pair of SVs from two software were said to refer to the same SV if they shared a 

common SV class and their lengths reciprocally overlapped by at least 80%. The software 

which captured most of the SVs supported by most of the software as well as which detected 

all the SV classes were selected for the pipeline, and these included DELLY, dysgu and 

Manta. 

2.3 Pipeline 

The pipeline was implemented using Nextflow (Di Tommaso et al. 2017) and can be accessed 

here. It first detects SVs in the samples provided using DELLY, dysgu and Manta. It then 

finds the SVs supported by the three software with minimum 80% reciprocal overlap using 

BEDTools (Quinlan & Hall 2010) and BCFtools (Danecek et al. 2021) and filters the Manta 

VCF file to contain only the supported SVs. The required inputs for the pipeline are a 

directory containing indexed BAM files for the samples to be genotyped, a reference genome 

and a list of chromosomes of interest. 

2.4 GWAS 

The pipeline was used to detect SVs for a set of 99 domesticated European P. vulgaris 

samples. The resulting VCF file was used along with phenotypic data for flower colour, pod 

size, time until flowering, time until harvest and photoperiod sensitivity in an association 

study. The study was carried out using R package GAPIT3 v3.1.0 (Wang J & Zhang 2021) 

using models Blink (Huang et al. 2019), FarmCPU (Liu et al. 2016), MLM (Yu et al. 2006), 

MLMM (Segura et al. 2012) and SUPER (Wang Q et al. 2014). 

3 Results 

The overlap between the SVs detected by the six tested software in the Andean samples was 

used to assess which of the software detected the largest proportion of SVs supported by a 

number of other software (Figure 1.). Different types of SVs were considered separately for 

this purpose (as well as different sizes (Appendix B)). When considering DELs, Delly, dysgu, 

MATCHCIP and Manta had the highest overlap rate between their predictions. Delly, dysgu 

and CNVnator had the most predictions which were not supported by any other software 

which indicates low accuracy. MATCHCLIP, Delly, Manta and TIDDIT captured most of the 

DUPs supported by multiple software. Only three of the tested software could detect INSs; 

Delly, dysgu and Manta. Delly and dysgu had the largest overlap between their predictions 

and number of SVs supported by only dysgu and Manta and supported by all three software 

was similar. Overlap between Delly, TIDDIT, Manta was the highest for INV predictions, 

followed by INVs supported by all of the four software. The final selection of software for the 

https://github.com/buinovsg/SV_detection_pipeline/
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pipeline included Delly, dysgu and Manta due to them having a large proportion of 

overlapping predictions as well as their capacity to predict all of the four SV classes 

considered.  

 

Because minimum overlap size was used as a criterion to determine SVs commonly detected 

by different software, it was important to check how this size affected the number of SVs 

retained by the pipeline after it filters out SVs not supported by all three software. SV 

detection was caried out for the Andean P. vulgaris samples using the software selected for 

the pipeline; Delly, dysgu and Manta. These SVs were then compared to find the number of 

SVs supported the three software when the requirement for the minimum reciprocal overlap 

was varied. It was shown that changing minimum overlap from 5% to 90% resulted in only an 

18% decrease in the number of SVs supported all software (Figure 2.). This indicated that 

when SV predictions from different software overlapped by even a small fraction, it was 

likely that they also overlapped by a much higher fraction. This shows that the method of SV 

Figure 1. Overlap between SVs detected in 10 Andean P. vulgaris samples by the six tested 

software. The SVs had to reciprocally overlap by at least 80% to be considered to have 

detected the same SV. The analysis was broken down by SV types a) DEL, b) DUP, c) INS 

and d) INV. 

a) b) 

c) d) 
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overlap had a high accuracy in determining predictions common to different software and 

these SVs are unlikely to have overlapped by chance because their position and length must 

be very similar for this to occur. A minimum overlap of 80% was selected for the pipeline to 

ensure high level of agreement between the software. 

 

Figure 2. Change in the number of SVs commonly predicted in 10 Andean P. vulgaris samples by the three selected 

software; DELLY, dysgu and Manta as the size of the minimum required reciprocal overlap is varied. 

The completed pipeline was used to detect SVs in a European P. vulgaris population 

containing 99 samples. The resulting SV predictions were used for an association study. A 

5064 bp DEL on chromosome 1 was linked to photoperiod sensitivity (Figure 3.). 

Additionally, association studies were performed using SV predictions made by each of the 

software used in the pipeline (Appendix C). The result of these analyses varied from the one 

performed using the pipeline predictions. When using the SVs predicted by Manta, a 59 bp 

INS on chromosome 1 was linked to pod size (Appendix C; Figure A7.). Both Delly and 

dysgu predictions were associated to time until flowering (Appendix C; Figure A5., Figure 

A6.). Both software detected SVs which were linked to the trait on chromosomes 2, 10 and 

11, although none were at same positions. Additionally, Delly-detected SVs on chromosomes 

1 and 6 and dysgu-detected SVs on chromosomes 8 and 9 were linked to the trait. 
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Figure 3. Results of the association study performed using the pipeline-detected SVs in 99 European P. vulgaris 

samples and photoperiod sensitivity data a) Manhattan plot b) QQ plot. The study was implemented using five models 

and an SV was highlighted if found to be significant by at least two of them.  

The differences in the GWAS results were suspected to be influenced by the difference in the 

allele frequencies of the SVs detected by the different methods. Variant frequency has been 

shown to be inversely proportional to effect size due to purifying selection (Bloom et al. 

2019). To check whether more association were found using more rare variants, the 

alternative allele frequency (frequency of alleles which were different from the reference) was 

checked for the SVs detected using the different methods (Figure 4.). Variants detected by 

dysgu had a clear skew toward rare variants. This skew could also be observed in variants 

predicted by Manta and to a lesser extent for DELLY. Variants supported by all three 

software showed the least skew. 

 

 

 

 

a) 

b) 
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Figure 4. Allele frequency plots for the SVs detected by a) the pipeline and by b) DELLY, c) dysgu and d) Manta. 

4 Discussion 

Based on the findings of Kosugi et al. (2019), a set of best-performing SV detection software 

was evaluated using Andean P. vulgaris plant samples. Due to technical difficulties, only six 

of the software from the initial set of thirteen could be tested. Additionally, not all of the 

software could detect all considered SV classes, which made comparison more limited. Based 

on the overlap between SV predictions made by the software, three were selected for the SV 

detection pipeline; DELLY, dysgu and Manta. The selection was also influenced by the fact 

that these were the software which could predict all of the SV classes considered in the 

project (Figure 1.).  

Additional software and conditions could have been introduced into the pipeline based on 

these findings. As an example, 171 INVs were supported by DELLY, TIDDIT and Manta 

(Figure 1.). In order to capture these in the pipeline, it would have been beneficial to 

additionally retain SVs supported by only DELLY and Manta, or to also include TIDDIT in 

the pipeline. Such considerations could have also been extended to SVs of specific sizes. An 

example of this would be the 378 INSs 50 bp-100 bp in length which were detected by 

DELLY and dysgu (APPENDIX B; Figure A3). A condition could have been set where INS 

in this size range would only need validation from these two software to be retained. Due to 

time constraints such conditions were not included in the pipeline, although it could be 

speculated that such observations might be specific to the Andean dataset used for evaluation 

and may not be general. 

a) b) 

c) d) 
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All of the selected software use RP and SR approaches for SV detection, with dysgu also 

using RD for additional support at the break sites. DELLY sorts discordantly mapped paired-

ends into a graph to identify which of these support the same SVs and then looks for split-

read support for fine mapping of the breakpoints. Manta first identifies hypothetical variants 

and then uses paired and split-read evidence to assign quality scores to identify likely SVs. 

Dysgu is the most recently developed of the tested software. Similarly to other methods, it 

uses read alignment information to create a graph which clusters them and then uses the 

discordant and split-read mappings as well as read-depth changes to identify variants. It uses a 

machine learning classifier to identify which of these have higher probability. Although these 

software use similar information for the detection process, the different methods used by each 

leads to vastly different predictions (Figure 1., APPENDIX B). This is a reason why 

combining their results can be a powerful tool for detection of accurate SVs (Kosugi et al. 

2019, Kuzniar et al. 2020). 

Previous studies have used a combination of algorithms for SV detection (Gordon et al. 2014, 

Kloosterman et al. 2015, Werling et al. 2018, Coutelier et al. 2022), with some applying the 

80% reciprocal overlap criterion (Nagasaki et al. 2015, Sudmant et al. 2015). However, in 

many cases these methods were developed specifically for each study and were not meant to 

be reused, some may even not provide the complete methodology. The current project solves 

this issue by developing a pipeline script which can be executing with a single command. 

The pipeline was developed using UPPMAX resources. This HPC cluster comes with pre-

installed versions of Nextflow, DELLY, Manta and BCFtools and BEDTools. The use of the 

pipeline on the cluster thus only requires installation of dysgu, which can be done by 

following a simple installation guide. The pipeline also supports parallel execution which can 

speed up the analysis. And although the tests used to select the software were carried out 

using P. vulgaris plant samples, the selection of DELLY and Manta generally agree with 

previous research in the field where these methods have been extensively tested and often 

implemented (Jeffares et al. 2017, Kosugi et al. 2019, Kuzniar et al. 2020, Sugita et al. 2022, 

Coutelier et al. 2022). This indicates a broad application of the pipeline for data across taxa. 

Previous studies have implemented multiple-caller methods. MetaSV is an early method 

which merges SVs detected by multiple SV detection software with shown improvements to 

detection accuracy (Mohiyuddin et al. 2015). Sv-callers is a Snakemake-based pipeline which 

is compatible with DELLY, GRIDSS, Lumpy and Manta (additional software can be 

included) which selects SVs called by a number of the software based on the distance 

between the relative breakpoints at each end of an SV (Kuzniar et al. 2020). Sv-callers is the 

closest analog to the pipeline developed in this project. However, the pipeline developed here 

requires fewer dependencies and is simpler to execute while still offering parallel execution 

and state-of-the-art SV detection methods. The downside of this pipeline is the lack of TRAs 

detection. 



21 

The pipeline was used for SV detection in 99 European P. vulgaris samples, and the results 

were used in an association study. P. vulgaris is the main grain legume grown for human 

consumption. It belongs to the Vulgaris crown clade which has been dated to ∼4 Ma ago 

(Delgado-Salinas et al. 2006). The species originated in Mexico (Bitocchi et al. 2012) and 

expanded to South America resulting in formation of two major eco-geographical gene pools: 

Mesoamerican and Andean. Subsequently both gene pools underwent domestication 

processes (Bitocchi et al. 2013) and were imported into Europe. The origin of Mesoamerican 

P. vulgaris in Europe likely dates back to 1506 (Sauer-Ortwin 1966) and Andean in 1528 

(Berglund-Brücher & Brücher 1976). Evidence of hybridization can be observed in the beans 

currently grown in Europe. Pipan & Meglič (2019) has demonstrated hybridization of the 

Andean and Mesoamerican gene pools across Europe, with the Andean pool being more 

abundant. The introduction of the common to bean to Europe exposed the species to new 

environmental conditions and the hybridization of the gene pools may have been a driving 

factor to the species’ adaptation. 

The pipeline was used to detect 2078 SVs in the European P. vulgaris samples. A 5064 bp 

DEL on chromosome 1 was linked to photoperiod sensitivity. An association study using SNP 

data has previously linked loci to the same trait (Rendón-Anaya, unpublished). These loci 

were located within 100 Kb distance of the SV linked to the trait and were located on the 

TFL1 gene which is involved in the regulation of flowering time (Ahn et al. 2006, Hanano & 

Goto 2011) and on phytochrome a which may be involved in daylength sensing (Reed et al. 

1994, Olsen et al. 1997). P. vulgaris is a short-day plant and exhibits delayed flowering when 

grown in longer summer daylengths (Garner & Allard 1920) but has adapted this response to 

growth in long day conditions in Europe. The role of SVs in this adaptation is understudied 

and the SV detection pipeline may help to explore the mechanisms of this adaptation. 

Association studies carried out using SVs predicted by the different software and the pipeline 

strongly varied. SVs detected by DELLY and dysgu were linked to time until flowering in the 

population. Each identified six significant associations; both identified these on chromosomes 

2, 10 and 11, although none were the same SVs, and additionally DELLY-detected SVs on 

chromosomes 1 and 6 and dysgu-detected SVs on chromosomes 8 and 9 were associated with 

the trait (APPENDIX C). It was suspected that this may have been caused by rare variants, 

which can often have high effect sizes. All dysgu-detected association involved SVs with 

MAF < = 0.1 and half of DELLY-detected association involved SVs with MAF <= 0.13. The 

Manta-detected SV associated to pod size had MAF = 0.06. Overall, DELLY, dysgu, Manta 

and the pipeline detected 144 521 SVs, 215 787 SVs, 7102 SVs and 2069 SVs respectively. 

This introduces an interesting issue; when testing more SVs, it is more likely that a rare allele 

will have a significant effect, however, the pipeline-detected SVs are more likely to be 

accurate. 
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5 Conclusion 

We report an SV detection pipeline which is easy to use, supports parallel execution, uses 

state-of-the-art software and has few software dependencies, which include Nextflow, 

BEDTools, BCFTools, DELLY, Manta and dysgu. The selected SV detection software were 

tested using P. vulgaris samples; the selection of DELLY and Manta agrees with other 

literature in the field where these software have consistently been ranked well and dysgu is a 

recently developed software which has not yet been extensively tested. The completed 

pipeline was used for SV detection in 99 P. vulgaris samples and the identified SVs were 

further associated to adaptive and morpho-agronomic traits. A DEL was linked to photoperiod 

sensitivity and was located within 100 Kb of two loci which have previously been associated 

with the trait. The pipeline creates an opportunity to expand work in SV research. 
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Appendix A 

Table A1. Results of software evaluation conducted by Kosugi et al. (2019). Software selected for this project were 

ones which had the highest sum of normalized F-measures for all SV types as well as ones which were scored high for 

detecting SVs of specific types/sizes. Colour ranging from green to red indicates a decreasing F-measure per SV type, 

black indicates that the software is capable of predicting that SV type but scored too low for its F-measure to be 

reported in the study. Cells with letters are considered separately from the rest, the letter indicates that the software 

was particularly good at predicting SV of a particular size and the colour in these cells is indicative of how well it 

detects these (SS: 50–100 bp, S: 100 bp–1 Kb, M: 1 Kb–100 Kb , L: 100 Kb–1 Mb).  

  DEL DUP INS INV 

CNVnator X L X M L     

DELLY X X X X 

GRIDSS X X X X 

inGAP-sv X X L X X 

Lumpy X X   X 

Manta X X X X 

MATCHCLIP X X     

Pindel X X X X 

SvABA X X X X 

SVseq2 X   X   

TIDDIT X L X   X 

Wham X X X X 
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Appendix B 

Figure A1. Overlap between DEL SVs detected in the Andean 

P. vulgaris samples by tested software. The analysis was broken 

down by SV sizes a) VS: <50 bp, b) SS: 50 bp-100 bp, c) S: 100 

bp-1 Kb, d) M: 1 Kp-100 Kb and e) L: 100 Kb-1 Mb. 

a) b) 

c) d) 

e) 
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Figure A2. Overlap between DUP SVs detected in the Andean 

P. vulgaris samples by tested software. The analysis was broken 

down by SV sizes a) VS, b) SS, c) S, d) M and e) L. 

a) b) 

c) d) 

e) 
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Figure A3. Overlap between INS SVs detected in the Andean P. 

vulgaris samples by tested software. The analysis was broken 

down by SV sizes a) VS, b) SS and c) S. 

a) b) 

c) 
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Figure A4. Overlap between INV SVs detected in the Andean 

P. vulgaris samples by tested software. The analysis was broken 

down by SV sizes a) SS, b) S, c) M and d) L. 

a) b) 

c) d) 
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Appendix C 
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Figure A5. Manhattan plots showing the results of the association studies performed using the DELLY-detected SVs 

in the European P. vulgaris samples. The studies were implemented using five models and an SV was highlighted with 

a dashed line if found to be significant by two of the five models and by a solid line if found to be significant by more 

than two of the five models. 
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Figure A6. Manhattan plots showing the results of the association studies performed using the dysgu-detected SVs in 

the European P. vulgaris samples. The studies were implemented using five models and an SV was highlighted with a 

dashed line if found to be significant by two of the five models and by a solid line if found to be significant by more 

than two of the five models. 
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Figure A7. Manhattan plots showing the results of the association studies performed using the Manta-detected SVs in 

the European P. vulgaris samples. The studies were implemented using five models and an SV was highlighted with a 

dashed line if found to be significant by two of the five models and by a solid line if found to be significant by more 

than two of the five models. 
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Figure A8. Manhattan plots showing the results of the association studies performed using the Manta-detected SVs in 

the European P. vulgaris samples. The studies were implemented using five models and an SV was highlighted with a 

dashed line if found to be significant by two of the five models and by a solid line if found to be significant by more 

than two of the five models. 


