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ABSTRACT

CHARACTERIZATION OF STRUCTURAL
VARIATION THROUGH ASSEMBLY-TO-ASSEMBLY

COMPARISON

Muhammet Rafi Çoktalaş

M.S. in Computer Engineering

Advisor: Can Alkan

September 2024

Structural variations (SVs) are genomic variations affecting more than 50 nu-

cleotides of DNA. SVs play a crucial role in evolution and have critical phenotypic

effects on organisms, such as genetic diseases in humans like autism, schizophre-

nia, epilepsy, and cancer. Thus, SV characterization is of great significance. In

the past, read-based methodologies were utilized due to the infeasibility of con-

structing genome assemblies. However, with technological advancements, assem-

bling genomes has become significantly more feasible, and complete assemblies

of human and other primate genomes have been constructed. Despite the high-

quality assemblies, SV discovery in human genomes remains challenging due to

the genome’s repetitive nature and complex rearrangements caused by a combi-

nation of SVs. Most existing SV discovery tools operating on genome assemblies

require whole genome alignments, leading to high preprocessing times and mem-

ory usage. Therefore, new algorithms are still needed to efficiently discover SVs.

Here, we propose Strive, a linear time algorithm that operates on genome

assembly sketches instead of whole genome alignments to characterize insertions,

deletions, and inversions.

We evaluated the performance Strive with two experiments: simulated data

from the human reference genome (GRCh38.p14 / hg38) and real data using

a full genome assembly from the Telomere to Telomere Consortium (CHM13).

Strive is able to accurately detect insertions, deletions, and inversions in 11

to 12 seconds in addition to preprocessing times ranging from 50 to 55 seconds.

Strive achieved over 95% precision and recall values in the simulations without

duplications. In the simulations that included segmental duplications and SNPs
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and in the experiment with CHM13 assembly, although still maintaining over 95%

recall in inversion discovery, the precision and recall for insertions and deletions

were lower, suggesting a need for increased robustness to duplications.

Keywords: structural variation, genome assembly, sketching.



ÖZET

TÜM GENOM KARŞILAŞTIRMASI İLE YAPISAL
VARYASYONLARIN KARAKTERİZASYONU

Muhammet Rafi Çoktalaş

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Can Alkan

Eylül 2024

Yapısal varyasyonlar (SV’ler), DNA’nın 50 nükleotitten fazlasını etkileyen

genomik varyasyonlardır. SV’ler evrimde önemli bir rol oynar ve insanlarda otizm,

şizofreni, epilepsi ve kanser gibi genetik hastalıklar da dahil olmak üzere organiz-

malar üzerinde kritik fenotipik etkilere sebep olur. Bu nedenle, SV karakterizasy-

onu büyük önem taşır. Geçmişte, genom birleşimlerinin maliyeti nedeniyle küçük

DNA sekansları tabanlı metodolojiler kullanıldı. Ancak, teknoloji alanındaki il-

erlemelerle birlikte genom birleşimleri önemli ölçüde daha erişilebilir hale geldi.

İnsan ve diğer primat genomlarının dahi eksiksiz birleşimleri oluşturuldu. Yüksek

kaliteli birleşimlere rağmen, insan genomlarında SV keşfi, genomun tekrarlı yapısı

ve SV’lerin kombinasyonu nedeniyle ortaya çıkan karmaşık yeniden düzenlemeler

nedeniyle hala zorlu bir görev olarak kalmaktadır. Mevcut SV keşif araçlarının

çoğu, genom birleşimleri üzerinde çalışırken tüm genom hizalamaları gerek-

tirmekte olup, bu da yüksek ön işleme sürelerine ve bellek kullanımına yol

açmaktadır. Bu nedenle, SV’leri verimli bir şekilde keşfetmek için yeni algo-

ritmalara hala ihtiyaç vardır.

Burada, tüm genom hizalamaları yerine genom birleşim taslakları üzerinde

çalışan ve ekleme, silme ve ters çevirmeleri karakterize eden doğrusal zamanlı bir

algoritma olan Strive’i sunuyoruz.

Strive’in performansını, GRCh38.p14 (hg38) birleşimi üzerinde simüle

edilmiş verilerle gerçekleştirdiğimiz iki deneyle ve CHM13 birleşiminde tespit

edilen SV’ler ile değerlendirdik. Strive, 50 ila 55 saniye arasında değişen ön

işleme süreleriyle 11 ila 12 saniye içinde ekleme, silme ve ters çevirmeleri doğru bir

şekilde tespit edebilmiştir. Strive, duplikasyonların olmadığı simülasyonlarda

%95’in üzerinde kesinlik ve duyarlılık değerleri elde etti. Duplikasyonlar ve

SNP’ler içeren simülasyonlarda, ters çevirmeleri keşfetmede hala %95’in üzerinde

v



vi

duyarlılığı korumasına rağmen, ve CHM13 birleşimi ile yapılan deneyde ekleme

ve silme işlemleri için kesinlik ve duyarlılık daha düşüktü. Bu durum, duplikasy-

onlara karşı daha fazla dayanıklılığa ihtiyaç olduğunu göstermektedir.

Anahtar sözcükler : yapısal varyasyon, genom birleşimi, taslak.
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Chapter 1

Introduction

Genomic variations represent the differences in the DNA sequence between indi-

vidual genomes. These variations can range from single nucleotide polymorphisms

(SNPs) to larger structural variations (SVs) encompassing tens to thousands or

even millions of nucleotides. Such genomic diversity causes phenotypic differ-

ences among individuals, influencing traits like physical appearance, behavior,

and susceptibility to diseases, making each individual unique. Understanding

these phenotypic differences requires a comprehensive analysis of genomic vari-

ations. Since the first results of the Human Genome Project [3], the volume of

genomic data veritably increased, setting the stage for extensive projects on ge-

nomic variations, such as the 1000 Genomes Project [4], and leading to catalogs

and maps of genomic variations [5, 6, 7, 8, 9].

SVs include deletions, insertions, inversions, duplications, and translocations

of DNA segments, each of which can significantly alter gene function or regula-

tion [1]. These alterations can lead to traits that range from simple phenotypic

differences to serious genetic disorders [10]. The study of SV discovery is, there-

fore, crucial. However, due to their size and complexity, SVs are more difficult to

detect and analyze than smaller-scale variations. This challenge has driven the

development of methodologies and tools for SV discovery.
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The discovery of SVs relies heavily on read-based approaches. These meth-

ods involve sequencing short fragments of DNA (reads) and aligning them to a

reference genome to identify discrepancies that suggest the presence of SVs [1].

Aligning reads is a complex procedure, primarily due to the repetitive nature

of genomes. For example, nearly half of the human genome comprises repeated

regions [11]. Repetitive regions lead to ambiguous alignments, making it difficult

to accurately map reads from these regions to their original positions. Addition-

ally, mismatches in alignments further complicate the read alignment procedure.

Mismatches stem from sequencing errors and small mutations, such as SNPs and

INDELs. Unlike issues caused by repetitiveness, mismatches can be addressed by

utilizing mapping quality information to detect erroneous alignments caused by

them [12]. Techniques like paired-end and split-read mapping have been instru-

mental in detecting SVs, from small insertions and deletions to large inversions

and translocations. Yet, these techniques suffer from the inherent challenges and

limitations of read alignment.

Genome assembly involves “stitching” these short reads into longer contiguous

sequences (contigs), ultimately reconstructing the entire genome. The feasibility

of constructing high-quality genome assemblies has dramatically increased, paving

the way for utilizing assembly-based methods for SV discovery [13, 14].

Assembly-based methods allow for a more comprehensive and precise char-

acterization of SVs. By working directly with genome assemblies, many of the

limitations associated with read alignment, such as the challenges posed by repet-

itive sequences, can be bypassed [14].

1.1 Motivation

Current SV discovery tools operating on genome assemblies typically require

whole genome alignments. Whole genome alignments are time-consuming and

resource-intensive, especially for large genomes like the human genome [15]. An

2



algorithm that operates on sketches of genomes and/or their alignments can re-

duce these costs. Such an algorithm that also provides satisfactory results would

have the potential to become a pioneer for future tools. Furthermore, a rise

in the number of tools focusing on genome assemblies can be anticipated as

high-quality and complete genome assemblies are becoming increasingly acces-

sible [16, 14, 17, 18].

1.2 Organization of the Thesis

This thesis consists of four chapters. The second chapter includes the litera-

ture review and background knowledge required to explain the problem and the

methodology. A detailed explanation of the methodology is in the third chapter.

The fourth chapter concludes the discussions with an analysis of experimental

results and comparisons with other tools that use similar methodologies.
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Chapter 2

Background

All organisms’ genetic information is encased in double-stranded DNA molecules.

Each strand consists of nucleotides categorized by their type of bases: adenine,

cytosine, guanine, and thymine. Computationally, a genome is a string (or a set of

strings) over an alphabet A, C, G, T. Human DNA is packed into 23 chromosome

pairs, and the set of this information is called the human genome.

2.1 Genome Assembly

Sequences generated by modern sequencing instruments are considerably shorter

in length (hundreds to thousands of base pairs) compared to the length of the

genomes that are being studied (tens of thousands to billions of base pairs) [19].

Genome assembly is the construction of the whole original DNA genome from

smaller sequenced fragments (contigs). Assemblies can be constructed with or

without a reference. Constructing assemblies without a reference is called de

novo assembly. A full reference for the human genome is available thanks to the

Human Genome Project [3].

The latest human genome reference, GRCh38.p14, has an ungapped length

of 2.9 Gb, whereas the genome size is 3.1 Gb. Having gaps in the reference
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genome makes tasks like variation discovery harder, but thanks to the efforts

of the Telomere-to-Telomere (T2T) Consortium, a reference genome assembly

(CHM13) with no gapped regions is achieved [16]. T2T Consortium has also

paved the way for complete assemblies of six ape species [18]. With near-accurate

genome assemblies now feasible, assembly-based analysis of genomes has become

increasingly practical.

2.2 Mapping

Genomic mapping is a critical process in genomics that involves determining

the position of genes or other significant sequences within a genome. Mapping

provides a framework for further analysis, such as variant discovery, genome as-

sembly, and functional annotation.

2.2.1 Read Mapping

Read mapping involves aligning short DNA sequences, known as reads, to a ref-

erence genome. This method has been fundamental in sequencing projects, par-

ticularly with the advent of high-throughput sequencing technologies. Despite

its widespread use, read mapping has limitations, especially in regions of the

genome that are highly repetitive or contain SVs. The alignment process com-

pares each read to the reference genome to find the best matching location. Two

main approaches are Burrows-Wheeler Transform (BWT) [20] and hash-based

seed-and-extend. Tools such as BWA [21], Bowtie 2 [22], and Minimap2 [23] are

widely used for read mapping.

Despite its widespread use, read mapping has limitations, especially in regions

of the genome that are highly repetitive or contain complex structural variations.

The accuracy of mapping can be affected by sequencing errors, the length of the

reads, and the quality of the reference genome.
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2.2.2 Optical Mapping

Optical mapping is first developed in 1993 [24]. DNA molecules are nicked by

restriction enzymes, labeled with fluorescent dyes, then stretched in nanochannels

and imaged with high-resolution fluorescence microscopy, providing structural

information about DNA molecules and outputting restriction site label positions

as optical maps [24, 25]. Optical maps are significantly longer than the reads

generated by sequencers, making optical mapping a powerful tool in tasks like

SV discovery [25, 26]. Moreover, optical mapping is less affected by the repetitive

nature of the genome [26].

2.3 Sketching

Sketching is widely used for creating approximate, compact summaries, or syn-

opses [27], of large data like genomic data [28]. One of the main uses of sketches

in bioinformatics is mapping [29].

A common approach for sketching large genomic data is using k-mers, which

are substrings of fixed length k [30]. k-mers are widely used in high sensitivity

tasks like de novo genome assembly. Yet, using k-mers can prove computationally

expensive for large genomes as for a sequence of length n; there are n − k + 1

k-mers that should be generated, stored, and processed.

Minimizers are introduced as a method of k-mer selection to reduce the com-

putational and storage cost of k-mers [31]. By use of minimizers, the number of k-

mers can be significantly reduced, resulting in savings in computational power and

memory [31]. A minimizer is a substring that minimizes a k-mer hash function

ϕ : Σk → Z in a window of w consecutive overlapping k-mers where Σk denotes

the set of strings of length k over the alphabet of the genome Σ = {A,C,G, T}
[32]. The distance between two consecutive minimizers is w − k − 1 if windows

can overlap and 2w− k− 1 if windows are non-overlapping, where the first mini-

mizer is selected at the beginning of its window and the second is selected at the

6



end of its window as illustrated in Figure 2.1. This inherent limitation provides

uniformity as minimizers provide window guarantee [28].

(a) Furthest consecutive minimizers in overlapping windows

(b) Furthest consecutive minimizers in non-overlapping windows

Figure 2.1: Maximum distances between consecutive minimizers

Both k-mers and minimizers are sensitive to mutations [33, 34]. To overcome

this limitation, syncmers [34] and strobemers [33] are proposed.

Syncmers select k-mers based on a specific pattern (a submer rule) within

the sequence. For example, one rule could be to select k-mers in a window

where a certain position within the k-mer (like the middle character) meets a

specific criterion, such as being the smallest or largest character in that k-mer.

As the sliding window moves across the sequence, the rule is applied to each

window. Therefore, unlike minimizers, syncmer selection does not depend on

all the characters of k-mers. This results in a consistent selection of k-mers

across sequences, even when small mutations exist. While syncmers are less

7



prone to mutation effects, they do not provide as strong of a window guarantee

as minimizers, which are more uniformly distributed across a sequence [28].

A strobemer of order n in sequence is a subsequence of n ordered non-

contiguous substrings (strobes) of equal length l. For a strobemer containing

strobes m1,m2, ...,mn, if the first strobe, m1, begins at position i, the second

strobe, m2, is selected from the interval [i + wmin : i + wmax], where wmin and

wmax define the minimum and maximum allowed spacing between strobes. Al-

lowing flexibility in the spacing of strobes, strobemers make producing matching

strobemers between two sequences in a region with indels possible [33]. For ex-

ample, a strobemer of order 2 for the sequence AGCTTACGGA is formed using

two strobes. For l = 3, wmin = 1 and wmin = 4, the first (anchor) strobe can be

selected as AGC (starting at position 0), leaving the second strobe to be chosen in

the range [1, 4]. The second strobe can, therefore, be GCT, CTT, TTA, or TAC.

Each of which would form a different strobemer combined with the first strobe.

Many approaches can be adapted for selecting strobes, such as minstrobes, rand-

strobes, and hybrid strobes [33].

2.4 Genomic Variation

2.4.1 SNP, INDEL, STR

Single nucleotide polymorphism (SNP) is change of a single nucleotide in the

genome. Over 3.1 million SNPs are revealded by the International HapMap Con-

sortium [35]. INDELs are insertions deletion of size smaller than 50 nucleotides

and corresponds to 16% to 25% of the genomic variation in humans [36]. A short

tandem repeat (STR) is the repetition of a small segment in the genome. STRs

play an important role to gene expression and are used in forensic DNA profiling

[37, 38].

8



2.4.2 Structural Variation

Variations between genomes spanning more than 50 base pairs (up to several

millions) are called structural variations (SVs) [1]. Types of SVs are deletion,

insertion (novel and mobile-element), duplications (tandem and interspersed),

inversions and translocations (Figure 2.2) [39, 40, 41]. SVs that are affecting the

size of the genome are called copy number variations (CNVs) or imbalanced SVs

[1]. Deletions, insertions and duplications are imbalanced, while inversions and

translocations are balanced [1].

Numerous studies have demonstrated the relationship between SVs and genetic

diseases like autism, schizophrenia, epilepsy and cancer [42, 43, 44, 45]. SVs are

also a key factor in evolution [46]. Consequently, the discovery of SVs are of great

significance.

(a) Deletion

(b) Novel sequence insertion (c) Mobile-element insertion

(d) Tandem duplication (e) Interspersed duplication

(f) Inversion (g) Translocation

Figure 2.2: Structural variation types (adapted from [1])
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2.5 Structural Variation Discovery

Due to limitations in constructing assemblies in the past, SV discovery tools

had relied on reads. Mainly, three approaches has been followed: read-pair, read-

depth and split-read. However, constructing assemblies has become more feasible.

Consequently, SV discovery tools based on genome assembly comparisons have

been developed as well. Another approach for SV discovery is using optical maps.

2.5.1 Read-pair

Read-pair method is the most widely followed approach for SV discovery [1].

Read-pairs are aligned to a reference genome, allowing to analyze the distance

between the pairs. Two thresholds are used to identify insertions and deletions,

with the threshold for insertions being smaller than the one for deletions. Dis-

tances below the insertion threshold indicate insertions, while distances above

the deletion threshold indicate deletions. Taking the orientation of the reads into

account, inversions and duplications can also be detected using read-pairs [39, 47].

2.5.2 Read-depth

The number of reads mapping to a region is called read-depth. Assuming that

read-depths follow a Poisson distribution, read-depth methods are used to detect

deletions and duplications by analyzing the regions diverging from this distribu-

tion [1, 48]. Regions of lower read-depth are denoted as deletions and of higher

read-depth are denoted as duplications. These signatures are visualized in Figure

2.3. The downsides of this approach are poor breakpoint resolution, susceptibility

to sequencing bias and the dependency on the coverage of the dataset.
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(a) Deletion

(b) Duplication

Figure 2.3: Read-depth signatures of deletion and duplication

2.5.3 Split-read

Read mappings can include portions that cannot be mapped correctly. These

portions are called soft clips. Soft clips mostly are at beginning or at the and of

the reads. Split-read approaches map these reads to reference genome, allowing

gaps. Analysis of the distance and the orientations of these remapped reads can

indicate SVs. Split-read approaches can produce single base-pair resolution in

breakpoints [1]. The downside of this approach is the reliance on read lengths as

remapping will be more accurate with reads of longer lengths.

2.5.4 Genome Assembly Comparison

As high quality assemblies become more accessible, SV discovery tools focused on

genome assembly comparison are developed in an effort to overcome the limita-

tions posed by read based approaches. This approach is based on the comparative

analyses of whole genome alignments of two assemblies. The downside of this ap-

proach is the computational cost of such alignments, especially working with large

genomic data.
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2.5.5 Optical Maps

This approach is based on the analysis of the distances between restriction sites

in optical maps. Differences in distances and relative positions of restriction site

labels indicate SVs. Signatures are illustrated in Figure 2.4. The downsides

of this approach are difficult de novo assembly of optical maps or construction

of consensus and false positive restriction size labels [25]. In addition, optical

maps do not provide any sequence information and they are limited to large SV

discovery with poor breakpoint resolution.

(a) Insertion (b) Deletion

(c) Inversion (d) Duplication

(e) Translocation

Figure 2.4: Optical map signatures
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Chapter 3

Methods

Strive discovers insertions, deletions, and inversions by comparing the positions

of generated minimizers from the reference genome against their alignment to the

query genome. The methodology resembles the analysis of restriction site labels

in optical mapping-based approaches discussed in Section 2.5.5.

3.1 Sketching Genomes via Minimizers

Strive is not dependent on any sketching technique, but using minimizers with-

out overlapping windows is preferred because of the window guarantee, hence

the uniformity they provide as mentioned in Section 2.3. Minimizers are gener-

ated from the reference genome FASTA file and stored in the order found in the

FASTA file. The name and the position of the minimizers are also stored in a

tab-delimited file. This tab-delimited file serves as an alignment file for the refer-

ence genome. Minimizer sequences are named in a way that can be sorted when

used with other genomes, i.e., it is possible to sort minimizers by their positions

on the reference genome, even with different positions, by using their sequence

names. To achieve this, minimizer sequences are named using their position in

the reference genome. Sketching outputs are exemplified in Figure 3.1.
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(a) Minimizer FASTA file

(b) Reference locations file

Figure 3.1: Example sections from FASTA for generated minimizers with window
size 100 and minimizer size 64 and reference locations file. Minimizer sequences
are named by the window start position prepended with zeros to ensure lexico-
graphical sorting. The starting position of the minimizer sequence is also added.

3.2 Aligning Minimizers

Once minimizers are generated from the reference genome, an alignment of them

to the query genome is constructed by using aligners like Minimap2 [23], BWA

[49], or NGLMR [50]. Strive does not depend on any aligner, but it requires

the primary alignments of the minimizer sequences to the query genome in SAM

format [51]. Moreover, without secondary alignments, the number of alignments

equals the number of minimizer sequences. Therefore, Strive operates on pri-

mary alignments.

Mapping errors and coincidental alignments reduce the effectiveness of Strive.

These stem from the inherent errors in mapping tools, the presence of SNPs, and

repetitive regions in the genome. Disregarding secondary and supplementary

alignments helps mitigate the negative impact. Further solutions are introduced

in Section 3.4.2.
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3.3 Strive Algorithm

Strive compares the alignments of minimizers to both the reference and the

query genomes and reports the structural variances. Differences between the

positions indicate insertions and deletions. Changes in the ordering indicate

inversions. The locality is achieved by utilizing the minimizer sequence names,

as the minimizer sequences are sorted by their positions in the reference genome.

Reference position file and query alignment file are processed line by line.

At the same line count, the reference file contains the position, and the query

alignment file contains all the alignment details for the same minimizer. Each

line pair is used to create an event point. An event point consists of the position

of the minimizer sequence in the reference genome, the position of the minimizer

sequence in the query genome, the CIGAR string, and the reverse complement bit

of the flag from the alignment of the minimizer to the query genome. Unmapped

minimizer sequences are excluded while processing the lines.

As mentioned in Section 3.2, some alignments can negatively impact the al-

gorithm. Such lines are tried to be ignored for event point creation by utilizing

the number of mismatches and mapping quality information. Furthermore, the

closeness of the positions are also checked. The closeness is calculated as min(r,q)
max(r,q)

where r is the position of the minimizer sequence in the reference genome and q

is the position of the minimizer sequence alignment to the query genome.

Event Points are processed three by three as they are created. Insertions and

deletions do not span over more than two event points. Both can be reported only

by comparing the positions kept in the event points. If the difference between the

positions of the minimizer sequence in the reference genome and between the po-

sitions of the minimizer sequence alignment to the query genome is not the same,

an insertion or deletion is reported. Specifically, if the difference in the reference

genome is greater, a deletion is reported between the corresponding positions; if

the difference in the query genome is greater, an insertion is reported. Inversions

can span over more than two event points; therefore, a state is introduced to the
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processing of the points, inversion handling state (IHS). IHS starts when an event

point with the reverse complement bit set to 1 is encountered. The start is kept

when the method is called within this state. In IHS, encountering an event point

with the reverse complement bit set to 0 results in reporting an inversion and

exit from IHS. This process is visualized in Figure 3.2.

Figure 3.2: Overview of Process Points

CIGAR strings are utilized if an SV’s interval endpoints coincide with mini-

mizer sequences. Soft-clipped regions are taken into account. For insertions and

deletions, if the CIGAR string of the event point corresponds to the

• start of the SV starts with hard matches, e.g., 52M12S, 64M; the number
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of hard matches is added to the start endpoint of the interval.

• end of the SV starts with soft clippings, e.g., 12S52M; the number of soft

clippings is added to the endpoint of the interval.

For inversions, if the CIGAR string of the event point corresponds to the

• start of the inversion starts with hard matches, e.g., 52M12S, 64M; the

number of soft clippings is added to the endpoint of the interval.

• end of the inversion starts with soft clippings, e.g., 12S52M; the number of

hard matches is added to the start endpoint of the interval.

Algorithm 1 Create Event Point

Input: tab separated line with minimizer name and location on the reference
genome, a line of the alignment file of minimizer alignments to query genome,
minimum mapping quality Qmin, maximum number of mismatches mmax,
minimum closeness Cmin

Output: Event Point
1: Q← mapping quality from MAPQ field
2: if Q ≤ Qmin then
3: return null
4: end if
5: m← number of mismatches from NM:i tag
6: if m > mmax then
7: return null
8: end if
9: r ← location on the reference genome
10: q ← location on the query genome
11: C ← min(r,q)

max(r,q)

12: UM ← unmapped bit of the flag
13: SA← supplementary alignment bit of the flag
14: if UM ̸= 1 and SA ̸= 1 and C ≥ Cmin then
15: RC ← reverse complement bit of the flag
16: CIGAR← CIGAR string
17: return Event Point of (r, q, CIGAR, RC)
18: else
19: return null
20: end if

17



Algorithm 2 Strive

Input: tab separated file with lines of minimizer name and location on the refer-
ence genome, alignment file of minimizer alignments to query genome, min-
imum mapping quality Qmin, maximum number of mismatches mmax, mini-
mum closeness Cmin, minimum SV size smin, maximum SV size smax

Output: 3 BED files denoting chromosome, start, end, for discovered insertions,
deletions and inversions.

1: prev ← null
2: while prev = null do
3: lr ← line from the reference locations file
4: lq ← line from the query alignment file
5: prev ← Create Event Point(lr,lq)
6: end while
7: cur ← null
8: while cur = null do
9: lr ← line from the reference locations file
10: lq ← line from the query alignment file
11: cur ← Create Event Point(lr,lq)
12: end while
13: IHS ← false {Inversion handling state}
14: while Files have unprocessed lines do
15: lr ← line from the reference locations file
16: lq ← line from the query alignment file
17: next← Create Event Point(lr,lq)
18: if next ̸= null then
19: Process Points(prev, cur, next, BED files, IHS, smin, smax)
20: end if
21: end while

3.4 Parameters

3.4.1 Performance Related Parameters

The time complexity of Strive is defined by the number of iterations of the

main loop and is affected by only one parameter: sliding window size w. The

precision for the breakpoint positions is affected by w and the minimizer size k.

The preprocessing for Strive is discussed in Section 3.2 consists only of aligning

the minimizer sequences to the query genome and is affected by both w and k.
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Conversely, an increase in k increases the complexity of the alignment of the

sequences.

3.4.1.1 Window size w

The sliding window size is an indirect parameter for Strive. It is a parameter for

minimizer generation. Its effect on Strive is in two aspects: time and precision.

The number of generated minimizers is equal to Genome size
w

. Consequently, the

number of iterations in the main loop of Strive equals Genome size
w

, since each

line pair corresponding to a minimizer is processed only once, and processing is

confined in a single iteration.

Breakpoints of reported SVs can occur between a minimizer’s start and end

positions. In other cases, SVs may be entirely in between minimizers. Thus,

the breakpoints of the reported SV can be as off as the distance between two

consecutive minimizers. In the reference genome, the distance between minimizer

positions is in the set {n ∈ Z | 0 ≤ n < 2w − k} as illustrated in Figure

3.3 where dotted lines denote sliding windows. However, in the alignment to

the query genome, this distance can exceed the upper limit due to unmapped

or disregarded minimizer sequence alignments. This is illustrated in Figure 3.4

where faded colored minimizers are disregarded by Strive and dotted lines are

sliding windows. Disregarded minimizers lead the distance between consecutive

minimizers to exceed 2w−k in the query genome alignment. Moreover, an increase

in w reduces the number of generated minimizers, hence reducing the number of

alignments, easing the alignment task.

In summary, as w increases, the time complexity for Strive and the prepro-

cessing decreases, but the precision for the reported regions also decreases.
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(a) Closest minimizers

(b) Furthest minimizers

Figure 3.3: Minimum and maximum distances between consecutive minimizers
when windows are non-overlapping

3.4.1.2 Minimizer size k

The minimizer size is also an indirect parameter for Strive. Similarly, it is also a

parameter for minimizer generation. While it does not affect time complexity, it

plays a significant role in the accuracy of breakpoint refinement. CIGAR strings

of minimizer alignments to the query genome are used in breakpoint refinement

as discussed in Section 3.3 and are affected by k.

Increase in k increases the complexity for alignment of the sequences. More-

over, increasing minimizer size k results in more unique alignments to the query

genome, decreasing the number of coincidental alignments.
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Figure 3.4: Unmapped or disregarded minimizer alignments

3.4.2 Adjustment Parameters

Mapping errors and coincidental alignments of minimizer sequences to the query

genome negatively affect Strive as mentioned in Section 3.2. The following

parameters are used to mitigate these negative effects. There is a tradeoff to con-

sider, particularly with parameters disregarding certain alignments, as excluding

alignments may lead to the loss of critical information.

3.4.2.1 Minimum Mapping Quality Qmin

In SAM formatted alignment files, mapping quality is represented by the MAPQ

field [51]. Low MAPQ scores can indicate coincidental or erroneous alignments.

Therefore, Strive disregards minimizer sequence alignments with mapping qual-

ities below the specified threshold Qmin.

3.4.2.2 Maximum Number of Mismatches mmax

Coincidental alignments with high MAPQ scores can occur due to the presence of

SNPs and repetitive regions in the genome. To address this, it is also important

to control the number of mismatches. The number of mismatches in a mapping

is indicated by the NM:i tag in SAM formatted alignment files [51]. Strive
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filters out minimizer sequence alignments that exceed the maximum number of

mismatches, mmax.

3.4.2.3 Minimum Closeness Cmin

Due to the repetitiveness of the genome, coincidental alignments with high map-

ping quality and a low number of mismatches can occur, potentially being marked

as the primary alignment. Strive uses the concept of closeness, as introduced

in Section 3.3, to disqualify potentially coincidental alignments. Alignments are

disregarded if the closeness of the positions falls below the specified threshold

Cmin to ensure that only relevant alignments are retained.

3.4.2.4 SV Size Bounds

Strive reports SVs of size that fall within a specified range. This range is

defined by user-specified lower and upper bounds, ensuring that only SVs of

interest are reported. Size bounds affect only the reporting and have no impact

on the functioning or the efficiency of the algorithm.

3.5 Output

Strive outputs insertions, deletions, and inversions in three separate BED files,

each containing chromosome name, start and end positions of the SV in the

reference genome, and the size of the SV.
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Chapter 4

Results

Strive is tested with two simulations to analyze the impacts of parameters and

robustness to the presence of other mutations. A third simulation is used to

compare Strive with other tools. Lastly, real biological data is used to test

Strive’s performance in a real scenario comparatively to other tools.

4.1 Simulations

In this section, there are two simulation experiments to test Strive. The first

consists of insertions, deletions, and inversions. The second one introduces SNPs

and duplications, creating a more realistic experiment. In both experiments, the

first chromosome from GRCh38.p14 (hg38) assembly is used. Simulation results

are created utilizing the overlap method of BEDTools [52].

4.1.1 Insertions, Deletions and Inversions

A simulation on the first chromosome of GRCh38.p14 assembly is generated using

RSVSim [53]. The simulation includes 100 insertions, deletions, and inversions.
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The size of insertions and deletions ranges from 200 bp to 100 Kbp. The size

of inversions ranges from 600 bp to 1 Mbp. The histograms of the SV sizes are

shown in Figure 4.1.

4.1.1.1 Effects of w and k

To understand the effects of w and k on Strive, combinations of several values

are tested while other parameters are set to their default values. The default

values for the other parameters are given in Table 4.1.

Table 4.1: Default parameters for the evaluation of w and k in the first simulation

Parameter Default Value
Qmin 10
mmax 1
Cmin 0.75

Generation of minimizers from the reference genome and the position file is

done only once for a reference genome. Thus, preprocessing is considered only

to align the minimizer sequences to the query genome. Using minimap2 [23],

generated minimizers are aligned to the first chromosome of the human genome.

As w increases, the number of generated minimizers decreases linearly, as Strive

prefers non-overlapping windows, as discussed in Section 3.1, resulting in less time

and memory usage for preprocessing. The effect of an increase in k has a similar

relation with preprocessing time and memory usage, especially on time. These

relations are demonstrated in Table 4.2 and 4.3.

Table 4.2: Preprocessing times (in seconds) for different w and k values.

w = 50 w = 100 w = 250 w = 1000
k = 64 99.741 31.464 17.114 9.943
k = 128 182.035 53.494 26.549 12.281
k = 256 235.440 104.979 49.114 17.832

The execution time and memory usage of Strive are influenced by w and k

as discussed in Section 3.4.1. Specifically, the number of iterations of the main

loop of the algorithm is Genome size
w

, resulting in an inverse linear relationship
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Table 4.3: Memory usage (in GB) in preprocessing for different w and k values.

w = 50 w = 100 w = 250 w = 1000
k = 64 3.014 2.481 2.053 1.971
k = 128 3.316 2.537 1.988 1.971
k = 256 2.888 2.776 1.995 1.971

between w and the execution time. A similar relation is also seen between w and

memory usage of Strive. The time complexity and memory usage are increasing

as k increases. This can be explained by the decrease in coincidental alignments,

hence processing more information. The impacts of w and k are shown in Tables

4.4 and 4.5.

Table 4.4: Execution times (in seconds) of Strive for different w and k values.

w = 50 w = 100 w = 250 w = 1000
k = 64 20.54 10.22 4.31 1.18
k = 128 22.26 11.23 4.76 1.62
k = 256 24.45 12.53 5.29 1.56

Table 4.5: Memory usage (in GB) of Strive for different w and k values.

w = 50 w = 100 w = 250 w = 1000
k = 64 0.222 0.113 0.048 0.015
k = 128 0.254 0.129 0.054 0.016
k = 256 0.265 0.134 0.056 0.017

The effects of w and k on the effectiveness of Strive is evaluated focused

on precision, recall, and f1-score values of insertion, deletion, and inversion dis-

coveries. A discovery is accepted as a true positive when the reciprocal overlap

between the reported and truth interval exceeds a threshold. To evaluate this

simulation, lower bounds for reciprocal overlaps are decided as 50%, 75%, and

90%. The breakpoints of the reported SVs can be as off as the distance between

two consecutive minimizers and are affected directly by w as mentioned in Sec-

tion 3.4.1.1. Increasing w results in reporting larger intervals hence less number

of true positives. This effect is demonstrated empirically by this simulation and

can be seen in Figures 4.2, 4.3, 4.4.
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Increase in k results in more unique alignments, hence less coincidental align-

ments as discussed in Section 3.4.1.2. However, the simulation indicates that

having relatively too small w compared to k results in an increase of false posi-

tives that can be seen in Figures 4.2(i), 4.3(i), 4.4(i).
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(a) Histogram of insertion sizes in the first simulation

(b) Histogram of deletion sizes in the first simulation

(c) Histogram of inversion sizes in the first simulation

Figure 4.1: Histograms of the SV sizes in the first simulation
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(a) w=50, k=64 (b) w=100, k=64 (c) w=250, k=64 (d) w=1000, k=64

(e) w=50, k=128 (f) w=100, k=128 (g) w=250, k=128 (h) w=1000, k=128

(i) w=50, k=256 (j) w=100, k=256 (k) w=250, k=256 (l) w=1000, k=256

Figure 4.2: Precision, Recall, and F1-Score values for insertion discovery in the first simulation
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(a) w=50, k=64 (b) w=100, k=64 (c) w=250, k=64 (d) w=1000, k=64

(e) w=50, k=128 (f) w=100, k=128 (g) w=250, k=128 (h) w=1000, k=128

(i) w=50, k=256 (j) w=100, k=256 (k) w=250, k=256 (l) w=1000, k=256

Figure 4.3: Precision, Recall, and F1-Score values for deletion discovery in the first simulation
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(a) w=50, k=64 (b) w=100, k=64 (c) w=250, k=64 (d) w=1000, k=64

(e) w=50, k=128 (f) w=100, k=128 (g) w=250, k=128 (h) w=1000, k=128

(i) w=50, k=256 (j) w=100, k=256 (k) w=250, k=256 (l) w=1000, k=256

Figure 4.4: Precision, Recall, and F1-Score values for inversion discovery in the first simulation

30



4.1.1.2 Effects of the other parameters

Based on the results of the previous section, the choices for w and k are 100 and

128, respectively. The following parameters have no influence on preprocessing;

therefore, assessments are only done on the execution of Strive. Simulations

on a parameter are done while setting the other parameters to default values

provided in Table 4.1.

1. Qmin: The simulation results indicate that even a modest threshold, such as

6—allowing alignments with a probability of being false as low as 25%—on

the mapping quality of minimizer sequence alignments to the query genome

yields satisfactory outcomes. However, imposing a high threshold on map-

ping quality, i.e. too large Qmin, can slightly degrade performance, as il-

lustrated in Figure 4.6. This observation supports the tradeoff about dis-

regarding alignments discussed in Section 3.4.2. Furthermore, there is no

evident correlation between Qmin and the execution time of Strive. Nev-

ertheless, as shown in Figure 4.5, the memory usage tends to decrease as

Qmin increases.

2. mmax: The simulation results suggest that permitting mismatches either

has a negligible impact on the effectiveness of Strive or leads to a slight

reduction, as illustrated in Figure 4.7. This observation is expected as no

SNPs are introduced in the simulation. Yet, this result also validates the

choice for the value k since any abundance in coincidental alignments would

come to the surface as they are more likely to include mismatches.

3. Cmin This parameter is introduced to overcome issues with coincidental

alignments. The results show that the effectiveness of Strive is not im-

pacted by the closeness parameter in this simulation. Like the observations

about mmax, the observations illustrated in Figure 4.8 also validate the

choice for the value of k.
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Figure 4.5: Time and memory usage of Strive with different Qmin values

4.1.2 Presence of SNPs and Duplications

A simulation on the first chromosome of GRCh38.p14 assembly is generated us-

ing SURVIVOR [54]. The simulation includes insertions, deletions, inversions,

duplications, and SNPs. The count for each type is provided in Table 4.6, and

the histogram for the SV sizes is provided in Figure 4.9. The number of SNPs is

around 0.1% of the size of the first chromosome. The parameters for Strive are

set based on the discussions in ?? and are provided in Table 4.7.

Table 4.6: The count of mutations by type in the second simulation

Type Count
Insertion 52
Deletion 48
Inversion 104

Duplication 302
SNP 276841

SNPs can cause coincidental alignments, as discussed in Section 3.2. Its neg-

ative effect is observed in the discovery results provided in Figure 4.10. More

significantly, the presence of duplications severely increases the number of false
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Table 4.7: Parameters for the second simulation

Parameter Default Value
w 100
k 128

Qmin 10
mmax 1
Cmin 0.75

negatives for insertions, hence great reductions in recall values compared to the

first simulation. Strive is unable to differentiate duplications from insertions;

therefore, it reports them as insertions. Figure 4.10d demonstrates the statistics

under this circumstance. It is observed that with higher reciprocal overlap thresh-

olds, the precision and recall values decrease drastically. The reason behind these

results is that Strive operates only on primary alignments. With duplicated

regions, the aligner used in preprocessing decides on the primary alignment. If

the last repeated alignment is selected as the primary alignment, Strive reports

the interval correctly. In other cases, Strive reports a larger interval, hence the

increase in true negatives and false positives in higher reciprocal overlap thresh-

olds.
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(a) Insertions

(b) Deletions

(c) Inversions

Figure 4.6: Precision, recall and F1-Score values with different Qmin values
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(a) Insertions

(b) Deletions

(c) Inversions

Figure 4.7: Precision, recall and F1-Score values with different mmax values

35



(a) Insertions

(b) Deletions

(c) Inversions

Figure 4.8: Precision, recall and F1-Score values with different Cmin values
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(a) Histogram of insertion sizes in the second simulation (b) Histogram of deletion sizes in the second simulation

(c) Histogram of inversion sizes in the second simulation (d) Histogram of duplication sizes in the second simulation

Figure 4.9: Histograms of the SV sizes in the second simulation
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(a) Insertions (b) Deletions

(c) Inversions (d) Insertions with duplications as insertions

Figure 4.10: Precision, Recall, and F1-Score values for SV discovery in the second simulation
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4.2 Comparisons

4.2.1 Simulation

A simulation on the chromosome 21 of CHM13 assembly is generated using SUR-

VIVOR [54] to compare Strive against SVIM-asm [55] and SyRI [56] in terms

of time complexity, memory usage and effectiveness. The simulation includes in-

sertions, deletions, inversions, duplications, and SNPs. The counts and sizes are

provided in Table 4.8. The parameters for Strive are given in Table 4.9.

Table 4.8: Mutation counts and sizes in the third simulation

Type Count Sizes

Insertion 14
3146, 6649, 11218, 25664, 26390, 34270, 40988,
45029, 55820, 71059, 78153, 80250, 87404, 89532

Deletion 16
2821, 6742, 6853, 13495, 22239, 24745, 29770, 38193,
41231, 43893, 50957, 55214, 65190, 76182, 87696, 94896

Inversion 5 125299, 139868, 145958, 357021, 590730
Duplication 3 6918, 20770, 23944

SNP 54210 -

Table 4.9: Parameters of Strive for the third simulation

Parameter Value
w 100
k 128

Qmin 60
mmax 1
Cmin 0.75

In preprocessing, both SVIM-asm and SyRI require whole genome alignment.

The costliness of this process is discussed in Section 2.5.4 and observed in the

simulation results in Table 4.10. Strive requires significantly less time and

memory in preprocessing.

Strive produced results in less time and with less memory usage than SVIM-

asm and SyRI as demonstrated in 4.11.
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Table 4.10: Preprocessing times and memory usage of Strive and the other tools
in the third simulation

Tool Time(s) Memory (GB)
Strive 17.24 0.532

SVIM-asm 108.35 2.861
SyRI 106.93 2.407

Table 4.11: Execution times and memory usage of Strive and the other tools in
the third simulation

Tool Time(s) Memory (GB)
Strive 3.73 0.024

SVIM-asm 4.49 0.307
SyRI 9.07 0.356

In insertion discovery, all tools performed similarly as shown in Figure 4.11.

However, Strive underperformed the others regarding breakpoint refinement,

leading to lower precision and recall at the 90% reciprocal overlap threshold.

In deletion discovery, SVIM-asm slightly outperformed Strive and SyRI, as

shown in Figure 4.12. The same issue with breakpoint refinement in Strive was

observed again at the 90% reciprocal overlap threshold. Notably, SVIM-asm did

not detect any inversions, whereas Strive and SyRI successfully identified all

inversions, as shown in Figure 4.13.

4.2.2 Biological Data

Strive, SVIM-asm [55] and SyRI [56] are used to find the SVs between the first

chromosomes of CHM13 and GRCh38.p14 (hg38) assemblies. The performance is

evaluated using the validated 15 insertions, 5 deletions, and 6 inversions provided

in [2]. The counts and sizes are provided in Table 4.12. The parameters for

Strive are given in Table 4.13. The parameters are selected considering the

possible complexity of the real assembly data, i.e. all the measures to overcome

coincidental alignments and mapping errors explained in Section 3.4.2 are taken.
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(a) Strive (b) SVIM-asm

(c) SyRI

Figure 4.11: Insertion performances in the third simulation

Strive required significantly less time and memory for preprocessing. Sim-

ilar to the results in Section 4.2.1, the discussion about the costliness of whole

genome alignment in Section 2.5.4 is empirically shown in Table 4.14. In terms

of execution time, SVIM-asm outperformed Strive and SyRI. However, Strive

required significantly less memory in execution. Execution times and memory

usage are given in Table 4.15.

Since only the validated SVs are provided in [2], only true positive discoveries

are considered. A discovery is considered a true positive if it has a reciprocal over-

lap of more than 75%. In insertion discovery, SVIM-asm and SyRI outperformed

Strive as shown in Table 4.16. Tools performed similarly in deletion discovery

as shown in Table 4.17. Strive performed better than SyRI and SVIM-asm in

inversion discovery as shown in Table 4.18.
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(a) Strive (b) SVIM-asm

(c) SyRI

Figure 4.12: Deletion performances in the third simulation

4.3 Discussion

Strive demonstrates comparable effectiveness to other whole-genome assembly-

based tools like SVIM-asm and SyRI but without the disadvantage of requiring

whole-genome alignment. Therefore, the preprocessing requires significantly less

time and memory. For relatively small genomes like chromosome 21 of the human

genome, which is of length approximately 45 Mbp, offering execution times better

than SVIM-asm and SyRI, whereas for larger genomes like chromosome 1 of the

human genome, which is of length approximately 248 Mbp, offering competitive

execution times to SyRI while SVIM-asm outperforms the both. Even for large

genomes, Strive uses 90% less memory than the other tools.

The insertion discovery results of the experiments showed that Strive is in

dire need of robustness to the presence of duplications. Furthermore, the future

for Strive should include characterizing other SV types.
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(a) Strive (b) SyRI

Figure 4.13: Inversion performances in the third simulation

Table 4.12: Validated insertion, deletion, and inversion SV counts and sizes be-
tween CHM13 and GRCh38.p14 (hg38) assemblies [2]

Type Count Sizes

Insertion
15

10600, 10667, 11286, 20424, 24019,
29570, 81762, 86400, 88092, 89522,
92112, 95967, 98513, 109052, 165367

Deletion 5 18444, 18555, 45515, 49841, 84863
Inversion 6 4947, 241972, 253970, 269345, 575584, 2465027

Table 4.13: Parameters of Strive for the experiment with biological data

Parameter Value
w 50
k 128

Qmin 60
mmax 0
Cmin 0.99

Table 4.14: Preprocessing times and memory usage of Strive and the other tools
in the experiment with biological data

Tool Time(s) Memory (GB)
Strive 92.7 3.239

SVIM-asm 739.99 11.431
SyRI 693.19 8.342
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Table 4.15: Execution times and memory usage of Strive and the other tools in
the experiment with biological data

Tool Time(s) Memory (GB)
Strive 37.11 0.194

SVIM-asm 7.63 1.283
SyRI 38.07 1.366

Table 4.16: Characterized validated insertions in Chromosome 1 between CHM13
and GRCh38.p14

Characterized by
Size Strive SVIM-asm SyRI
10600 ✓ ✓ ✓
10667 ✓ ✓ ✓
11286 ✓ ✓
20424 ✓ ✓
24019 ✓ ✓ ✓
29570 ✓ ✓
81762 ✓ ✓ ✓
86400 ✓
88092 ✓
89522 ✓ ✓
92112 ✓
95967 ✓ ✓ ✓
98513 ✓ ✓
109052 ✓
165367
Total 6 12 11

Table 4.17: Characterized validated deletions in Chromosome 1 between CHM13
and GRCh38.p14

Characterized by
Size Strive SVIM-asm SyRI
18444 ✓ ✓ ✓
18555 ✓ ✓ ✓
45515 ✓ ✓ ✓
49841 ✓
84683 ✓ ✓
Total 4 4 4
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Table 4.18: Characterized validated inversions in Chromosome 1 between CHM13
and GRCh38.p14

Characterized by
Size Strive SVIM-asm SyRI
4947 ✓ ✓ ✓
241972 ✓ ✓
253970 ✓
269345
575584 ✓ ✓
2465027 ✓ ✓
Total 5 1 4
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Chapter 5

Future Work

The following aspects can be targeted for enhancing Strive.

1. Characterization of other SV types

Strive is proficient in detecting three types of SVs: insertions, deletions,

and inversions. These variants are essential for understanding the structural

alterations in a genome. However, the algorithm can be extended to include

other types of SVs, such as duplications and translocations, which would

broaden its applicability.

2. Increased robustness to duplications in insertion discovery

Strive has limitations in distinguishing duplications from insertions, which

are often confused due to their similar nature of structural changes. Both

duplications and insertions involve the presence of additional sequences in

the genome, but duplications refer to repeated segments of an existing se-

quence, whereas insertions involve new sequences being introduced into the

genome. To improve the differentiation between duplications and inser-

tions, Strive can be enhanced by incorporating secondary alignments into

its input. Secondary alignments provide information on multiple possi-

ble alignments of sketches, particularly useful in repetitive regions of the

genome.
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3. Support for diploid assemblies

Strive operates effectively in the context of haploid genome assemblies,

where a single set of chromosomes is used for variant detection. However,

most complex organisms, such as humans, possess diploid genomes, meaning

they have two sets of chromosomes—one inherited from each parent. The

presence of these two sets introduces genetic variations between the two

chromosome copies, known as heterozygous variants. Incorporating diploid

assembly capabilities would allow Strive to handle heterozygous variants.

Moreover, this improvement would increase the accuracy of identifying SVs

in diploid genomes by preserving both sets of genetic information.

4. Characterization of interchromosomal SVs

SVs that span across different chromosomes (interchromosomal SVs), such

as translocations, are often harder to detect due to their complexity. Adding

characterization of such SVs to Strive’s capacity would provide a more

detailed understanding of chromosomal rearrangements, especially in cases

like cancer genomics where interchromosomal SVs are crucial [57].

5. Concurrency

Introducing concurrency support may enhance Strive’s performance in

terms of execution time, especially when analyzing large datasets such as

whole-genome assemblies. By implementing parallelization techniques and

optimizing multi-threaded execution, the algorithm can scale effectively.
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genome sequencing of turkish genomes reveals functional private alleles and

impact of genetic interactions with Europe, Asia and Africa,” BMC Ge-

nomics, vol. 15, no. 1, p. 963, 2014.

[9] P. H. Sudmant, T. Rausch, E. J. Gardner, R. E. Handsaker, A. Abyzov,

J. Huddleston, Y. Zhang, K. Ye, G. Jun, M. Hsi-Yang Fritz, M. K. Konkel,
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