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Abstract

Genomic variation is fundamental to understanding human biology, from population-leveldiversity to disease susceptibility. Recent advances in both sequencing technologies andcomputational methods have markedly improved our ability to detect and interpret vari-ation across human genomes, yet challenges persist. This dissertation presents a series ofcomputational approaches aimed at improving the identification, characterization, and anal-ysis of genomic variants, with a particular focus on inversions and their recurrence acrosshuman populations.The first part of this thesis introduces k-merald, a method developed to improve alleledetection accuracy while using error-prone sequencing data. By leveraging platform-specificerror profiles, k-merald enhances alignment reliability and substantially reduces genotypingerror rates, especially under low-coverage conditions.The second part presents ArbiGent, a tool for genotyping inversions and copy numbervariants using Strand-seq data. ArbiGent corrects for alignment artifacts by normalizingStrand-seq read counts based on locus-specific mappability, improving genotyping reliabil-ity in repetitive regions. Its role in generating a high-confidence inversion callset, as part ofa project under the Human Genome Structural Variation Consortium (HGSVC), is also pre-sented in this part. This callset revealed that inversions affect a larger portion of the genomethan other variant types and are enriched in highly repetitive and disease-associated regionsof the genome.The third part introduces the new concept of toggling-indicating SNPs (tiSNPs) and de-scribes an inversion recurrence detection approach that analyzes allelic patterns of within-inversion SNPs across haplotypes to distinguish between single and recurrent inversionevents. This approach, supported by orthogonal validation, revealed widespread inversionrecurrence, including events that overlap known disease-associated loci.The fourth part introduces Pivot, a tool for detecting recurrent inversions within a graph-based pangenomic framework, eliminating reference bias. By incorporating all within-inversion variants into the analysis, Pivot displays high sensitivity for recurrence detection.Applied to diverse haplotype panels from the HGSVC and the Human Pangenome ReferenceConsortium (HPRC), Pivot detected novel recurrent inversions and revealed recurrence ev-idence in multiple disease-relevant regions.The final part of this dissertation extends the investigation of recurrence beyond inver-sions and presents an approach to detect recurrent deletions. This analysis identified several
v
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candidate recurrent deletions in a cohort of 1,019 samples from the 1000 Genomes Project(1KGP), flanked by transposable elements, implicating non-allelic homologous recombina-tion as a potential mechanism.



Kurzfassung

Genomische Variation ist von grundlegender Bedeutung für das Verständnis der menschlichenBiologie, von der Vielfalt auf Bevölkerungsebene bis zur Prädisposition von Krankheiten.Jüngste Fortschritte sowohl bei den Sequenzierungstechnologien als auch bei den Berech-nungsmethoden haben unsere Fähigkeit, Variationen im menschlichen Genom zu erken-nen und zu interpretieren, deutlich verbessert, doch es gibt immer noch Herausforderun-gen. In dieser Dissertation werden eine Reihe von Berechnungsansätzen vorgestellt, diedarauf abzielen, die Identifizierung, Charakterisierung und Analyse genomischer Variantenzu verbessern, wobei ein besonderer Schwerpunkt auf Inversionen und deren Rekurrenz inmenschlichen Populationen liegt.Im ersten Teil dieser Arbeit wird k-merald vorgestellt, eine Methode, die zur Verbesserungder Erkennungsgenauigkeit von Allelen bei der Verwendung von fehleranfälligen Sequen-zierungsdaten entwickelt wurde. Durch die Nutzung von plattformspezifischen Fehlerpro-filen erhöht k-merald die Zuverlässigkeit des Alignments und reduziert die Fehlerraten beider Genotypisierung erheblich, insbesondere unter Bedingungen mit geringer Abdeckung.Im zweiten Teil wird ArbiGent vorgestellt, ein Tool zur Genotypisierung von Inversio-nen und Kopienzahlvarianten unter Verwendung von Strand-seq-Daten. ArbiGent korrigiertAlignment-Artefakte, indem es die Anzahl der Strand-seq reads auf der Grundlage lokusspez-ifischer Mappability normalisiert und so die Zuverlässigkeit der Genotypisierung in repeti-tiven Regionen verbessert. Die Rolle von ArbiGent bei der Generierung eines Inversions-Callsets mit hoher Zuverlässigkeit aus Human Genome Structural Variation Consortium (HGSVC)wird ebenfalls in diesem Teil vorgestellt. Dieses Callset hat gezeigt, dass Inversionen einengrößeren Teil des Genoms betreffen als andere Variantenarten und in stark repetitiven undkrankheitsassoziierten Regionen des Genoms angereichert sind.Im dritten Teil wird ein auf tiSNPs (toggling-indicating SNPs) basierender Ansatz vorgestellt,der allelische Muster von SNPs innerhalb von Inversionen über Haplotypen hinweg analysiert,um zwischen einzelnen und rekurrenten Inversionsereignissen zu unterscheiden. DieserAnsatz, der durch eine unabhängige Methode validiert wird, zeigte eine weit verbreiteteRekurrenz von Inversionen, einschließlich Ereignissen, die sich mit bekannten krankheit-sassoziierten Loci überschneiden.Im vierten Teil wird Pivot vorgestellt, ein Tool zur Erkennung von rekurrenten Inver-sionen innerhalb eines graphbasierten pangenomischen Rahmens, das reference bias elim-iniert. Durch die Einbeziehung aller Varianten innerhalb der Inversion in die Analyse zeigt
vii
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Pivot eine hohe Sensitivität bei der Erkennung von Rekurrenz. Bei der Anwendung auf ver-schiedene Haplotyp-Panels von HGSVC und Human Pangenome Reference Consortium (HPRC)entdeckte Pivot neuartige rekurrente Inversionen und zeigte Hinweise auf ein Rekurrenz inmehreren krankheitsrelevanten Regionen.Im letzten Teil dieser Dissertation wird die Untersuchung von Rekurrenz über Inversio-nen hinaus erweitert und ein Ansatz zur Erkennung rekurrenter Deletionen vorgestellt. DieseAnalyse identifizierte mehrere Kandidaten für rekurrente Deletionen in einer Kohorte von1.019 Proben aus dem 1000 Genomes (1KG) Project, die von transposable elements flankiertwerden, was auf nicht-allelische homologe Rekombination als möglichen Mechanismus hin-deutet.
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Introduction

The human genome—comprising roughly three billion base pairs per haplotype and or-ganized into chromosomes—is structurally complex. Just like many fields of science, themore we delve into the human genome, the more complexity we uncover. The publica-tion of the first drafts of the human reference genome in 2001 [1, 2] marked a significantmilestone in genomics. This foundational resource opened new avenues for understandinghuman ancestry, evolution, and disease mechanisms. Yet, it also unveiled a vast array ofnew questions. One of these lingering questions stemmed from the fact that some parts ofthe genome were still missing or unresolved. Over the following years, numerous effortswere made to close these gaps, culminating in 2022 when the Telomere-to-Telomere (T2T)consortium delivered a complete human reference genome [3]. This T2T reference not onlyfilled the remaining 8% gap in the genome but also corrected previous inaccuracies andresolved some of the most complex regions.Human genomes are not identical; they vary significantly across individuals, contribut-ing to the diversity of traits, disease susceptibility, and evolutionary adaptation [4, 5]. Thisvariation spans from single-nucleotide differences to large, complex structural alterationsacross the genome [4, 5]. The identification and characterization of this variation largelyrely on the alignments of sequencing reads to a reference genome. Advances in sequencingtechnologies have greatly improved the resolution and accuracy of these steps. Short-readsequencing platforms such as Illumina offer high throughput and accuracy [6], making themhighly effective for detecting single-nucleotide polymorphisms (SNPs) and short insertionsand deletions (indels), though they struggle to resolve complex structural variation andrepetitive regions [7]. Long-read technologies, including Pacific Biosciences (PacBio) andOxford Nanopore Technologies (ONT), span larger genomic regions and are better suited fordetecting structural variants and phasing haplotypes, but come with higher sequencing er-ror rates impacting the accuracy of downstream analyses [7–9]. Integrating data from bothshort- and long-read sequencing is increasingly common, providing a more comprehensiveand accurate landscape of human genomic variation [10–15].Among the various types of genomic variation, structural variation (SV) represents asignificant source of genetic diversity, involving large-scale changes such as deletions, du-plications, insertions, inversions, and translocations [16–18]. These structural alterationscan profoundly impact gene function and regulation, can influence normal biological pro-cesses, and can play a vital role in disease development [19, 20]. SVs can be recurrent,
1



2 Introduction

often arising through non-allelic homologous recombination (NAHR) and other mutationalmechanisms [21]. This recurrent SV formation has been implicated in the development ofnumerous genetic disorders and phenotypic traits [22–25]. Among recurrent SVs, inversionsrepresent a particularly intriguing class. Although copy neutral, inversions can disrupt genefunction or regulatory architecture and may predispose to further disease-associated struc-tural rearrangements in the genome [26–34]. The detection of inversions has historicallybeen challenging due to the limitations of short-read sequencing technologies, but advancesin long-read sequencing and strand-specific sequencing technologies have greatly improvedour ability to resolve inversion breakpoints and study their functional consequences [11–14].The availability of a complete human genome [3] has played a crucial role in enhancingthe overall characterization of genomic variation. However, considering a single genome as“reference” for variant discovery introduces biases, as it cannot capture the huge amountof genomic diversity that exists across populations. This limitation hinders the accuratedetection and interpretation of variants, especially those specific to underrepresented popu-lations. An effort to mitigate this problem was carried out by the Human Pangenome Refer-ence Consortium (HPRC), which led to the release of the first draft of a human pangenomereference in 2023 [35].A pangenome provides a more detailed and unbiased view of genomicdiversity by incorporating the genetic sequences of individuals from diverse populations.
Outline

Chapter 1 lays the groundwork by providing essential background information and explain-ing key biological concepts relevant to the content presented in the following chapters.Chapter 2 describes k-merald—a variant allele detection approach that builds platform-specific sequencing error profiles using k-mer frequencies observed in aligned sequencingreads. It employs an alignment algorithm that uses these profiles to calculate alignmentcosts during re-alignment of reads to reference and alternative alleles at candidate variantsites. By incorporating platform-specific error profiles, k-merald is able to distinguish truevariants from sequencing errors, improving allele detection accuracy, particularly for SNPsand indels. Its effectiveness is especially notable while using long-read sequencing data,where high error rates often confound traditional variant allele detection methods. Thiswork was published in Bioinformatics Advances [36].Chapter 3 presents ArbiGent—a tool for genotyping predefined inversion and copy num-ber variant loci using Strand-seq data. It builds on the framework of MosaiCatcher [37],which uses a Bayesian model to compute genotype likelihoods across single-cell Strand-seqlibraries, by analyzing strand-state inheritance patterns. ArbiGent converts these single-cellgenotype likelihoods to a consensus sample genotype. To improve genotyping accuracy, Ar-biGent normalizes Strand-seq read counts using regional mappability, accounting for align-ment biases in repetitive regions. ArbiGent was introduced in the Human Genome Structural
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Variation Consortium (HGSVC) study, published in Science [12]. Its performance validationand the inversion callset generation, discussed in this chapter, were later published in Cell[13].Chapter 4 explores the interesting yet under-studied phenomenon of inversion recur-rence, highlighting the toggling-indicating SNPs (tiSNPs)-based approach for inversion re-currence detection. This method utilizes haplotype-resolved Strand-seq reads to identifywithin-inversion SNPs that exhibit allele patterns inconsistent with a single inversion ori-gin. By evaluating each SNP independently, the tiSNPs-based approach is largely unaffectedby the effects of recombination. The recurrence status of an inversion locus is determined byaggregating evidence from SNPs observed at that locus. The work discussed in this chapterwas published in Cell [13].Chapter 5 delves further into the phenomenon of inversion recurrence and extends it intothe domain of pangenomics through the introduction of Pivot—a tool designed to analyzeinversion recurrence using pangenome graphs. Pivot adopts the core theoretical frameworkof the tiSNPs-based approach but enhances it by evaluating all variants within the invertedregion and its flanks, thereby improving sensitivity in detecting recurrence signals. Operat-ing within a pangenomic context, Pivot also mitigates reference bias. Additionally, it doesnot require any variant genotyping information, instead utilizing only the pangenome graphas input.Finally, Chapter 6 shifts the focus to recurrent deletions. To explore these events, we de-vised a strategy inspired by the tiSNPs-based inversion recurrence detection method, adapt-ing it to identify recurrence-indicating SNPs within the regions flanking deletions. To com-plement this analysis, we applied phylogenetic validation using hierarchical clustering todetermine the recurrence status of each locus under investigation. This approach was ap-plied to a cohort of 1,019 samples from the 1000 Genomes Project (1KGP), and the workpresented in this chapter forms part of a study that has been provisionally accepted forpublication in Nature [38].
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Chapter 1

Background

This chapter provides essential background information and describes key biological concepts rel-
evant to the topics that will be explored in detail in the following chapters.

1.1 Genomic variation

The DNA sequences of two individuals are not identical, and the level of genetic variationtends to be higher when comparing individuals from different populations. There are multi-ple sources that can give rise to this variation, including mutations, genetic recombination,genetic drift and so on. A genomic position exhibiting DNA sequence variation is termedas a “variant” position while the multiple versions of DNA sequence observed at a variantposition are termed as “alleles”. There can be multiple types of genetic variants (Figure 1.1),for example:
• SNPs: single nucleotide polymorphisms characterized by alterations of single nu-cleotide bases in the genome. SNPs are the most frequently observed type of geneticvariation, for example, a human genome on average carries a SNP once every 1000th

base pair, thus affecting 3-4 million base pairs of the genome [39].
• Indels: a collective term used to represent insertions and deletions of DNA sequence.
• Inversions: reinsertion of a broken segment of DNA at the same position but in reverseorientation.
• Translocations: reinsertion of a broken segment of DNA at a different place on thesame chromosome (intrachromosomal) or on a different chromosome (interchromo-somal).

Genomic alterations that result in changes to the number of copies of specific DNA segments,such as insertions, deletions, and duplications, are collectively referred to as “copy numbervariations” (CNVs). All variation subtypes affecting at least 50 bp of nucleotide sequenceare broadly classified as “structural variants” (SVs).
5



6 Background

SNP

Deletion

Insertion

Inversion

Translocation

Interspersed Duplication

Tandem Duplication

Figure 1.1: Genetic variation.

1.2 Variant calling, genotyping, and phasing

When studying genomic variation, the initial step is the de novo identification of varyingregions of the genome—a process known as “variant calling”. This step pinpoints boththe variant positions and the respective alleles, with respect to a reference genome. Theallele carried by the reference genome at a particular variant position is referred to as the“reference allele” while those differing from the reference allele are termed as “alternativealleles”. Typically, alleles are denoted numerically: “0” represents the reference allele, while“1,2,3...n” are used to represent each of the alternative alleles.Following variant calling, the next step is to determine the specific alleles carried by anindividual on each of its chromosomal copies, a process known as “genotyping”. The result-ing genotypes are usually represented with allele notations separated by a slash, for example,a diploid organism can have “0/0”, “0/1”, or “1/1” genotype for a bi-allelic variant.Phasing, or haplotype estimation, involves inferring which alleles are inherited togetherfrom each parent based on an individual’s genotype. Phased genotypes use the same numericallele notation but employ a pipe symbol (“|”) instead of a slash to indicate the separationbetween maternal and paternal alleles, for example, “0|1”.
1.3 Genome sequencing, alignment and associated challenges

Genome sequencing is the process of determining the nucleotide sequence of an individ-ual. This typically involves breaking the genome into smaller fragments, sequencing eachfragment individually, and storing the resulting sequences as “sequencing reads”. Thesereads form the foundation for a range of downstream analyses, such as genotyping andphasing, and are also used to reconstruct the original DNA sequence in a process knownas “genome assembly”. Initially, sequencing reads are simply sequence fragments with no
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contextual information about their place of origin in the genome. This crucial informationis typically retrieved using “sequence alignment” which involves identifying regions of sim-ilarity between sequences, either globally (aligning entire sequences end-to-end) or locally(matching subsequences).The properties of sequencing reads differ significantly depending on the sequencingtechnology used. Second-generation sequencing platforms, such as Illumina, produce short(150–300 bp), paired-end reads (generated from sequencing DNA fragments from both ends)with very high accuracy (approximately 99.9%) [6]. While this high accuracy improves thereliability of downstream analyses like genotyping, the length of sequencing reads is equallyimportant. Genome sequences are highly repetitive, for example, 50% of the human genomeis comprised of repeat sequences [1]. Short reads often fail to span long repetitive regions,making accurate alignment difficult and reducing the reliability of any analysis dependenton these alignments. To overcome this limitation, third-generation sequencing technologieswere developed. Platforms such as Pacific Biosciences (PacBio) produce long reads in therange of 15–20 kbp [40], while Oxford Nanopore Technologies (ONT) generate reads rang-ing from 10–100 kbp, with ONT Ultra-long (ONT-UL) reads exceeding 100 kbp [6, 8]. Thesereads span much longer regions making them more informative particularly for complexand repetitive regions of the genome. PacBio HiFi sequencing technology has a very highaccuracy (about 99.9%) [9]. However, the most commonly used long-read sequencing tech-nologies typically have higher error rates compared to their short-read counterparts. Forinstance, PacBio’s Continuous Long Reads (CLR) exhibit error rates between 8–15%, whileONT reads have error rates ranging from 2–13% [8].The presence of both genetic variants and sequencing errors complicates the task ofsequence alignment. To address this, various approximate string matching algorithms havebeen developed—many of which are based on the Needleman-Wunsch algorithm for globalalignment [41] and the Smith-Waterman algorithm for local alignment [42]. Most of theconventional read aligner still operate in a single, linear reference space, ignoring any allelicvariants. This limitation introduces reference bias in the alignments [43], which, combinedwith sequencing errors, makes sequence alignments in the variant regions of the genomeunreliable for the correct allele determination.One approach to mitigate the issue of reference bias, as employed by WhatsHap [44–46], is the local re-alignment of reads. WhatsHap is a widely used tool for phasing genomicvariants, primarily SNPs and indels. It extracts the read sequence within a window aroundthe variant position and independently re-aligns it to the reference and each of the alter-native allele sequences (Figure 1.2). Edit-distance-based alignment costs are then used todetermine the correct allele carried by the read. While WhatsHap effectively reduces refer-ence bias and thereby enhances allele detection accuracy, it does not account for sequencingerrors which can lead to wrong allele detection as shown in Figure 1.3. This open problemserved as the motivation for developing an improved allele detection method, k-merald,discussed in detail in Chapter 2. k-merald extends WhatsHap’s re-alignment framework by



8 Background

Reference Sequence

Sequencing Reads

Variant

Re-alignment

Figure 1.2: Read re-alignment minimizes reference bias.

incorporating additional modules specifically designed to correct for the technology-specificsequencing errors. By addressing both reference bias and sequencing errors, k-merald im-proves allele detection accuracy, ultimately leading to better genotyping results for bothSNPs and indels.
1.4 Structural variation

Structural variants—mutations affecting ≥50 bp of nucleotide sequence—broadly includelarge-scale CNVs like duplications as well as copy-neutral inversions and translocations [24].Insertions and deletions affecting long stretches of nucleotide sequence are also typically cat-egorized as SVs [24]. For the longest time, single SNPs, being the most frequent variantswere considered to be the primary drivers of genomic diversity [5]. Combined with shortindels, they encompass >99% of the variant sites observed in human genomes [18]. Theremaining variation is typically attributed to structural variants, which although much lessfrequent than SNPs, affect about 10× more nucleotides [11, 39]. Based on the global ref-erence of genetic variation released by the 1000 Genomes Project (1KGP) in 2015 [5], atypical human genome contains an estimated 2,100 to 2,500 SVs, predominantly includinglarge deletions, CNVs, mobile element insertions and inversions, affecting about 20 millionbase pairs of nucleotide sequence. Several studies have highlighted the significant role ofSVs in shaping genomic diversity across human populations [5, 10–12, 15]. SVs have alsobeen implicated as key drivers of evolution and speciation events [47–49], and they play acrucial role in disease mechanisms. [17, 50–52].
1.4.1 Genomic architecture and structural variation-mediating mechanisms

Structural variations can arise through a range of mutational mechanisms involving recom-bination, replication, or DNA repair. The genomic architecture of the variant locus—espe-cially its repeat content—plays a crucial role in determining both the type of SV and theunderlying mutational mechanism. Repetitive sequences such as mobile elements, simple
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Figure 1.3: Systematic sequencing errors vs alternative alleles.

repeats, tandem repeats, and low-copy repeats (LCRs) comprise approximately 50% of thehuman genome [1]. Among these, LCRs, particularly segmental duplications (SDs), havebeen identified as major contributors to human genomic diversity [53]. SDs are DNA seg-ments ≥1 kbp in length with ≥90% sequence identity [54], constituting about 7% of thehuman genome [55]. SDs are believed to have arisen from the duplication of genomic seg-ments, giving rise to paralogous regions [23].Several studies have shown that SDs emerged during primate speciation and continueto evolve, contributing to their complex and dynamic architecture [23]. Vollger et al. ob-served that SD-rich regions show approximately 10-fold enrichment for CNVs [55]. Notably,large SDs (>10 kbp) frequently overlap with regions known for disease-associated genomicrearrangements [54]. Concurrently, studies suggest that genomic regions flanked by SDsare highly unstable and prone to rearrangements [23, 24].The most commonly implicated DNA rearrangement mechanism in SV formation, par-ticularly in regions flanked by long SDs, is non-allelic homologous recombination (NAHR),also known as ectopic homologous recombination. A subclass of NAHR, known as transpos-able element-mediated rearrangements (TEMRs), refers to SVs formed via recombinationbetween homologous mobile elements. In addition to NAHR, other SV-mediating mecha-nisms, especially in contexts of little to no sequence homology, include non-homologous endjoining (NHEJ) and replication-based mechanisms (RBMs) [24]. The role of SV-mediatingmechanisms, particularly in the formation of inversions and deletions, is discussed in detailin Chapters 4 and 6, respectively.
1.4.2 Recurrent and non-recurrent structural variation

Based on their evolutionary origin, SVs are broadly classified into two categories—recurrentand non-recurrent (Figure 1.4). Recurrent SVs are those that arise independently and repeat-edly in the population, typically displaying consistent sizes and shared breakpoint locationsacross different individuals. These SVs often have breakpoints clustered within flanking SDs[56], and due to their independent origin, they can be found in diverse haplotype back-grounds [31]. The surrounding genomic architecture, particularly the presence of homolo-gous sequences, plays a critical role in their formation. Recurrent SVs are primarily believed
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Figure 1.4: Recurrent and non-recurrent genomic rearrangements. Non-recurrent re-arrangements exhibit variable lengths and genomic content with no breakpoint clustering.In some cases (as shown in the middle), breakpoints group on one end in regions typicallyassociated with inverted repeats or palindromes. Recurrent rearrangements exhibit break-point clustering within the flanking SDs. In some cases, recurrent rearrangements occurindependently in different haplotype backgrounds, as shown by both SNP alleles present inhaplotypes with and without the rearrangement.
to be mediated by NAHR between flanking SDs [21, 24, 56, 57].In contrast, non-recurrent SVs—also referred to as single-event SVs—arise once in evo-lutionary history. They have variable sizes and breakpoint locations, distributed across thegenome. While most are unique, some non-recurrent SVs may share a small overlappingregion among individuals [56–58]. Interestingly, some of these rearrangements may showbreakpoint grouping at one end, localized to a small genomic region [59] (Figure 1.4). Al-though this grouping differs from the breakpoint clustering characteristic of recurrent SVs, itmay still reflect specific aspects of the underlying genomic architecture. In particular, suchgrouping is often associated with inverted repeats or palindromic sequences that are rele-vant to the mechanisms driving these rearrangements [59]. Breakpoints of non-recurrentSVs often exhibit features such as microhomologies or small insertions at the junctions. Un-like recurrent SVs, the genomic content and architecture surrounding non-recurrent SVsvary considerably, which makes them difficult to classify based solely on genomic architec-ture [56]. These SVs are typically mediated by mechanisms that do not require extensivesequence homology, such as NHEJ [21]. Additionally, RBMs like microhomology-mediatedbreak-induced replication (MMBIR) and fork stalling and template switching (FoSTeS) mayalso contribute to their formation in certain contexts [24, 57, 60].From a phylogenetic perspective, non-recurrent SVs are defined as events that arise oncein evolutionary history, whereas recurrent SVs arise independently multiple times acrosslineages. Importantly, this means that inherited SVs—even if shared among multiple in-
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Figure 1.5: NAHR products based on SD orientations and involved chromatids. Inter-chromatid NAHR between directly oriented SDs results in a deletion and/or a duplication,while intrachromatid NAHR between directly oriented SDs results in a deletion and an un-stable acentric chromatid which is lost in subsequent cell divisions. Intrachromatid NAHRbetween inversely oriented SDs results in an inversion of the fragment they flank. Figureadapted from [61].
dividuals with identical breakpoints—do not qualify as recurrent, since the rearrangementoccurred only once, with subsequent inheritance rather than repeated independent forma-tion.
1.4.3 NAHR, SV recurrence, and disease-associations

Multiple instances of DNA rearrangements affecting the same genomic interval have been de-tected in different individuals, suggesting their recurrent nature [21]. As mentioned above,NAHR is believed to be the predominant process driving recurrent rearrangements in ourgenome [21, 24, 56, 57]. SDs, highly prevalent across the whole genome [55], provideexcellent substrates for NAHR to occur. Cell division—the process by which a parent celldivides into two or more daughter cells—is fundamental for growth, damage repair, and re-production in living organisms. There are two types of cell division in eukaryotic organisms:mitosis and meiosis. During mitosis, a single parent cell divides once to form two daughtercells [62]. It occurs in somatic cells and is responsible for growth and repair in multicellularorganisms. Meiosis, on the other hand, occurs in germ cells and produces gametes—spermand egg cells. It involves two rounds of cell division and produces four daughter cells, eachcontaining half the number of chromosomes compared to the parent cell [62]. In a diploidcell, meiosis starts with each chromosome replicating to produce two sister chromatids.The homologous chromosomes then pair, forming a structure containing four chromatids.This pairing allows crossover—exchange of genetic material between non-sister chromatidsof the two homologous chromosomes. After this step, the homologous chromosomes arepulled to opposite sides, while the sister chromatids remain together. This results in twodaughter cells, each with a haploid number of chromosomes, but still containing sister chro-matids. Each of these daughter cells then goes through a second cell division (meiosis II)
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similar to mitosis where the sister chromatids are separated and distributed to two daughtercells, resulting in the production of four haploid gametes in total [62]. Due to their highsequence identity, homologous SDs are often mistaken by the cellular machinery as alleliccounterparts. Crossover between these non-allelic copies leads to genomic rearrangementsin the progeny cells. The orientation of involved SD copies determines the type of resultingrearrangement. If the involved SD copies are on the same chromosome and share the sameorientation, interchomatid NAHR between them causes duplication and deletion of the in-termediate sequence while intrachromatid NAHR only results in deletion of the sequencethey flank. In contrast, if the SDs are oriented oppositely, intrachromatid NAHR results ininversion of the fragment flanked by them (Figure 1.5). NAHR between SDs on differentchromosomes can lead to chromosomal translocations [57, 63].The frequency of NAHR is inversely correlated with the intermediate distance betweeninvolved SDs, while sequence homology, repeat length, and the presence of specific PRDM9binding sites—associated with recombination hotspots [64, 65]—are positively correlatedwith NAHR frequency [24, 66]. However, studies have also shown that the strand exchangesduring NAHR do not occur evenly along the SDs, but cluster in narrow “hotspots” [57]. Thisimplies that independent NAHR-mediated recurrences of the same SV event lead to break-points converging within these hotspots. In certain cases, more than one SD pair presentin close vicinity can be involved in mediating the same event, for example, Smith-Magenissyndrome and Potocki-Lupski syndrome [24, 66]. However, there is always preferential useof one of the SD pairs leading to a distinction between common and uncommon type of thesame recurrent SV [24, 66].NAHR can occur both during mitosis and meiosis, however, only the latter one con-tributes to genomic variation via germline transmission. For over four decades, meioticNAHR—and consequently, recurrent SV formation—has been recognized as a major con-tributor to genomic disorders [22, 23]. These disorders often involve chromosomal mi-crodeletions or microduplications associated with a variety of clinical phenotypes, includ-ing developmental delay, intellectual disability, autism, schizophrenia, obesity, and epilepsy[24, 25]. Since the required SD architecture is the same, independent NAHR can give rise toboth deletion and duplication of the same genomic segment. Therefore, some genomic disor-ders associated with deletions have a reciprocal duplication counterpart, with mirror-imagephenotypes, for example, individuals with 17p11.2 microdeletion being overweight whilethose with 17p11.2 microduplication being underweight [24]. These findings suggest thata deeper understanding of NAHR-mediated SV recurrence is crucial for characterizing anduncovering disease-susceptible regions in the human genome and for better understandingthe mutational mechanisms behind genomic disorders. Inversions, also predominately me-diated by NAHR, though requiring a distinct SD architecture, play a particularly intriguingrole, discussed in the next section. Chapters 4 and 5 of this thesis explore the phenomenonof inversion recurrence while Chapter 6 focuses on homology-mediated deletion recurrence.
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1.5 The complex universe of inversions

In 1921, Alfred Sturtevant introduced the scientific community to the world of inversionswhich he discovered by comparing genetic maps of closely related species of Drosophilamelanogaster [67]. Sturtevant also observed that inversions, when present in a heterozy-gous state, suppress recombination due to the production of unbalanced gametes, high-lighting their significant potential for shaping evolution. These observations led to inver-sions becoming some of the earliest genetic markers used to reconstruct phylogenies [68].Over the next half century, population geneticists focused on studying the inversion poly-morphisms in Drosophila, until the research focus shifted more towards biochemical andmolecular genetics in the 1970s [69]. However, recent advancements in high-throughputgenomic techniques, which allow for the characterization of large and complex structuralvariants, have brought inversions back into the focus of research [69]. This has led to agrowing recognition that inversions contain more genetic variation than collinear regionsof the genome [70, 71], are more widespread across taxa than previously acknowledged[72–77], and play a significant role in speciation [72, 78].Simply put, a chromosomal inversion is the flipping of a genomic segment in place, trig-gered by a DNA double-strand break which is repaired by cellular repair machinery. How-ever, the actual biology behind this process is far more complicated and diverse partly due todifferent mediating mechanisms. These mechanisms, previously introduced in Section 1.4.1,can be broadly classified into two categories: non-homology-mediated and homology-medi-ated mechanisms. Some of the inversions occur in non-homology or micro-homology back-grounds with the most prevalent driving mechanism being NHEJ [13, 24]. Such events aretypically short and are accompanied by adjacent >50 bp deletions or insertions and some-times complex genomic rearrangements. These complex rearrangements are hypothesizedto be mediated by RBMs and have been known to be associated with developmental abnor-malities [13, 79]. The non-homology-mediated inversions are typically non-recurrent [60].The most prevalent form of inversion polymorphisms are homology-mediated, with NAHRbeing the predominant mechanism. As mentioned earlier, NAHR between inversely orientedSDs results in inversion of the segment between them. Homology-mediated inversions areusually longer and, like other NAHR-mediated structural variants, tend to be recurrent.
1.5.1 Inversions and disease associations

As mentioned in Section 1.4.3, many studies have established associations between NAHRdriven recurrent SVs and various diseases [22–25]. Particularly in the context of inver-sions, several studies have provided evidence for orientation changes in disease-associatedgenomic regions, such as 15q13.3, 15q25, and Xq28 (Hemophilia A locus), throughout pri-mate evolution [26–32]. Interestingly, studies on Williams-Beuren syndrome (WBS) [33]and Koolen-de Vries syndrome (KdVS) [34] have shown inversions predisposing the rele-vant regions to recurrent pathogenic copy number variations, also known as morbid CNVs
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Figure 1.6: Inversions and CNVs. A. NAHR between inversely oriented SD-pairs (blue)flips the orientation of the SD overlapping the intermediate region (purple), bringing thetwo copies in the same orientation, thus providing a substrate for subsequent NAHR-drivendeletion or duplication events. Similarly, NAHR-mediated inversion involving the purpleSDs would predispose the region flanked by blue SDs to CNV formation. B. NAHR betweeninversely oriented SD-pairs (blue) flips the orientation of the SD overlapping the interme-diate region (purple), bringing the two copies in opposite orientation, thus protecting theregion from subsequent NAHR-driven deletion or duplication events.
[13, 80]. In contrast to deletions and duplications, inversions are copy number neutral (un-less accompanied by other complex rearrangements) [79]. This raises an important question:if no genetic material is lost, how can inversions lead to or predispose individuals to disease?One aspect of this association is explained by the disruption of protein-coding genes or generegulatory regions by inversions [81–83]. The most commonly known example of such dis-ruptions is Hemophilia A. About 50% of all severe Hemophilia A cases carry an inversionthat flips exons 1-22 of the F8 gene on chromosome X, disrupting the production of clottingfactor VIII [81]. This inversion results from NAHR between inverted repeats flanking theaffected region.The other, more prevalent and mechanistically complex aspect of this association in-volves NAHR and inversion recurrence—also known as “inversion toggling” [32]. In somecases, the inversion flips one or more copies of the inversion mediating or neighboring SDs.This shift in relative orientation of SDs can influence the susceptibility of the region toNAHR-mediated morbid CNV formation. By aligning SDs in the same orientation, the inver-sion can predispose the region to deletion or duplication events. Conversely, if the inversionbrings the SDs in opposite orientation, it can have a protective role [13], as depicted in Fig-ure 1.6. This phenomenon becomes even more interesting if the inversion is recurrent. Arecurrent inversion can be protective in some individuals, while in others it may predisposethe same region to disease, depending on the location of each event’s breakpoints. Severalstudies in human cohorts have revealed an unexpected high degree of inversion recurrence,particularly for those mediated by inverted SDs, establishing inversion recurrence to be a
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widespread phenomenon with significant implications in disease and evolutionary contexts[32, 84, 85]. Given these insights, investigating inversion recurrence—particularly in pa-tient cohorts—can offer valuable information about disease susceptibility and the underly-ing mechanisms. However, unlike many other classes of SVs that are becoming increasinglyeasier to detect because of advances in sequencing technologies, inversions remain excep-tionally difficult to identify which has rendered them one of the most underexplored classesof structural variation [13].
1.5.2 Inversion detection: Challenges and solutions

Genome-wide identification of inverted SDs revealed that as much as 12% of the humangenome is susceptible to NAHR-mediated inversions [86]. Despite this high susceptibility,the number of known inversion polymorphisms remains highly underestimated [24]. This islargely because inversions are among the most challenging type of SVs to detect and validate[11, 12], primarily due to the following reasons:
• Copy number neutrality: Unlike deletions or duplications, inversions do not result ina net loss or gain of genomic material. As a result, sequencing depth based inferenceis largely uninformative for detecting inversions.
• Localization in repetitive regions: Inversions often occur in highly repetitive anddifficult-to-map regions of the genome, that is, regions that pose challenges for accu-rate alignment of sequencing reads, which hinders accurate breakpoint identificationusing conventional sequencing technologies.
• Recurrence: Inversions are highly recurrent [32, 84, 85], arising independently in dif-ferent haplotype backgrounds. This results in recurrent inversions having low linkagedisequilibrium (LD) with nearby variants making their identification via inversion-tagging variants nonviable.

The remainder of this section focuses on the commonly used SV detection techniques, ex-amining their respective strengths and limitations, with a particular emphasis on their ef-fectiveness in identifying inversions.
Short-reads-based SV identification

Despite their limitations in resolving repetitive and structurally complex regions of thegenome, short-read sequencing remains the standard technology for SV identification, pri-marily due to its cost-effectiveness [87]. In genomic regions where sequence alignmentsare reliable, short reads can help detect SVs in several ways. For example, insert size (thedistance between mates of a read pair) can be used to identify deletions and insertions, readdepth can indicate copy number variations, and the orientation of aligned reads can reveal
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inversions [87]. However, because most of the structural variation occurs in difficult-to-map regions, the effectiveness of short reads in SV identification is limited [11, 87]. Evenwith substantial methodological advancements, no short-read-based technique is capableof detecting all types or size ranges of SVs [87]. This limitation is especially evident forinversions, largely due to the presence of long and highly identical flanking SDs, which ex-ceed the length of short reads leading to unreliable alignments [11]. This is reflected in theextreme under-representation of inversions in SV call sets that primarily rely on short-readsequencing [10].Recent developments in the field of pangenomics has made it possible to nearly doublethe number of SVs genotyped using short reads by a process referred to as “genome infer-ence” [35, 88]. This improvement is achieved by comparing short reads to a highly detailedand linked layout of variation represented in the form of a pangenome instead of a singlelinear reference [12, 88]. However, this approach depends heavily on LD between variantsin the pangenome, which, as noted earlier, is disrupted in the case of recurrent inversions.In summary, short-read sequencing, even in the most optimized settings, is impractical fordetecting inversions reliably.
Long-reads-based SV identification

The (ultra-)long reads, especially those from ONT and PacBio, which can span several kilo-base pairs of sequence, have enabled the capture of both simple and complex structural re-arrangements that are predominantly located in repetitive regions [11, 12, 87]. While longreads enable more accurate alignments and can cover much longer genomic stretches com-pared to short reads, their higher cost and error rates limit their widespread use in SV dis-covery and characterization [7, 87]. Furthermore, despite their ability to span longer DNAsequences, some SV alleles remain challenging to capture, for example, several megabasepairs (Mbp) long inversions. Even with the development of local assembly-based methods toaddress these issues, long-read technologies still struggle to resolve long inversions flankedby >5 kbp repeats [87].
Genome assembly-based SV identification

Genome assembly can be either reference-guided, where reads are aligned to a referencegenome and pieced together, or de novo, where a genome is assembled from scratch withoutany reference. De novo genome assembly, being exempt from reference bias, is consideredmore effective at capturing novel variation. In fact, Chen et al. describe whole genome
de novo assembly as “the ultimate solution for SV characterization” [89]. In recent years,several studies have generated high-quality de novo genome assemblies using integratedframeworks, primarily leveraging long-read technologies, and supported by orthogonal se-quencing techniques such as single-cell DNA template strand sequencing (Strand-seq) orhigh-throughput chromosome conformation capture sequencing (Hi-C) [12, 35]. These as-
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Figure 1.7: Genome assembly truncations around inversions. Genome assemblies forboth haplotypes (H1 and H2) of sample HG03486 in an inversion-rich region on chromosome16 are shown at the bottom. Sequence resolved regions are shown in yellow, while whiteregions indicate assembly truncations. Figure adapted from [12].
semblies have significantly improved variant characterization, with most pronounced im-provement seen for SVs, particularly long insertions where assemblies capture >85% ofthe previously unknown variation [11, 12]. However, again, inversions are an exception,primarily because genome assemblies tend to break or collapse in highly repetitive regionsthat constitute the flanking regions for majority of the inversions [12] (Figure 1.7).
Strand-seq based SV identification

A promising solution to the challenges of inversion discovery and characterization, is theuse of Strand-seq [11, 13, 91]. Developed by Falconer et al. in 2012, Strand-seq is a special-ized DNA sequencing technique that sequences individual DNA template strands separately,while preserving their directionality, thus making it possible to track the parental originof each DNA strand [91]. During DNA replication, the two inversely oriented “template”strands—Watson(W,+) and Crick(C,-), based on their 5’–3’ orientation—detach from eachother followed by the synthesis of two new strands relative to the respective template. Theprotocol, depicted in Figure 1.8A, begins with the incorporation of a thymidine analog,such as bromodeoxyuridine (BrdU), during a single round of DNA replication. Cells are cul-tured in the presence of BrdU, which is selectively incorporated into newly synthesized DNAstrands, while the original parental DNA strands remain unlabeled. Following cell division,several daughter cells are selected via Fluorescence-activated cell sorting (FACS) and de-posited into single wells of a 96-well plate. The newly synthesized BrdU-labeled strands arethen selectively degraded through a strand-specific cleavage process, typically using ultra-violet light combined with exonuclease treatment. This results in the retention of only theoriginal parental template strands for each chromatid. The remaining template strands aresubsequently prepared for sequencing on an Illumina platform through library constructionprotocols, which include fragmentation, adapter ligation, and amplification steps [92].The orientation in which a Strand-seq read aligns to a reference genome indicates theorientation of the strand of origin. For diploid organisms, there can be four equally-likelypossible strand states, referred to as the “ground states”, for the daughter cells, that is, CC,CW, WC or WW, independently for each chromosome per single-cell. The Strand-seq reads
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Figure 1.8: Strand-seq based SV diagnostic footprints. A. Both maternal and paternalchromosomal copies consist of a positive (Crick, “C”, teal) and a negative (Watson, “W”,orange) template strand. During DNA replication, BrdU is incorporated exclusively intonascent DNA strands (dashed lines). After cell division, each daughter cell inherits bothCrick, both Watson or one Watson and one Crick template strands from the parental chro-mosomes. B. An example Strand-seq depth, strand distribution, and phase pattern expectedin case of no structural variation. C. Deletion (top): haplotype-specific loss in read coveragewith no change in read orientation. Duplication (bottom): haplotype-specific gain in readcoverage with no change in read orientation. D. Balanced inversion (left): haplotype-specificread orientation flips with unaltered read depth. Inverted duplication (right): haplotype-specific read orientation flips accompanied with a read depth gain of the same haplotype.
E. Balanced translocation: correlated template strand switches in the same paired genomicregions. Figure adapted from [90].
coming from a Watson strand would map to a reference genome in forward and the onescoming from a Crick strand would map in reverse orientation. Therefore, in WC and CWcells, a clear haplotype-based assignment of the Strand-seq reads is possible, a propertythat is utilized for Strand-seq-based phasing of genome assemblies [12]. However, sister-chromatid exchanges and other SVs, particularly inversions, can make the strand-states varywithin the same chromosome as well. For example, a heterozygous inversion in a CC cellwould make the cell CW/WC in the inverted region or a homozygous inversion in a CC cellwould switch the stand state to WW in the respective region. Panels B–E in Figure 1.8,
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depict the Strand-seq diagnostic signatures for different classes of SVs. Deduced based onread depth, strand and phase information, these footprints help identify different types ofSVs at single-cell level [37].The quality of Strand-seq libraries plays a crucial role in accurate SV characterization.Some of the libraries can be of low quality, that is, they might exhibit low read depth (≤ 100reads per Mbp), contain no reliable strand-state information because of failed BrdU incor-poration, or go through more than one round of BrdU incorporation, leading to patches ofmissing reads [92]. Such cells can negatively impact the SV breakpoint localization and copynumber predictions [92]. Therefore, manual or automated [93] cell selection proceduresare employed to select “good quality” Strand-seq libraries for downstream analyses.In comparison to other standard DNA sequencing technologies that struggle with identi-fying inversions because of large flanking SDs that cannot be sequence-resolved, Strand-seqenables inversion detection solely by identifying strand switches along the chromosomes[11]. Multiple studies have highlighted this improved performance of Strand-seq partic-ularly in identifying large (>50 kbp) inversions that other contemporary methods fail todetect [11]. In addition to inversions, Strand-seq can analogously help improve the detec-tion accuracy of CNVs, for example, deletions, duplications, and inverted duplications byusing the SV diagnostic signatures, as shown in Figure 1.8B–E. However, the technologycomes with its own limitations. Strand-seq has extremely sparse read coverage (0.03×)[94], which limits its sensitivity for detecting small SVs (typically <5 kbp) and constrainsits ability to resolve complex or nested variation.
In summary, until the advent of a standalone sequencing platform capable of generatingtelomere-to-telomere (T2T) resolved assemblies, there is no “one-size-fits-all” sequencingtechnology or detection method capable of fully capturing the extensive structural diver-sity present in human genomes. The most effective strategy, as demonstrated by numerousstudies [11–13, 35], is to leverage the strengths of multiple platforms by employing inte-grated, multi-technology approaches for structural variant discovery and characterization.This aspect, in the context of inversions, is discussed in detail in Chapter 3.
1.6 Pangenomics

Even with remarkable advancements in technologies and methodologies for studying struc-tural variation, there remain inherent limitations when working with a single linear refer-ence genome. As the name indicates, a single reference genome represents one haplotype,or at best, a consensus sequence derived from a small cohort, thus failing to capture the fullbreadth of human genetic diversity. While large-scale efforts, such as the 1000 GenomesProject (1KGP) [5], have cataloged millions of variants across global populations, rare andpopulation-specific variants continue to be underrepresented. Solutions to address this lim-itation include increased sampling from diverse populations, the development of variation-
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aware alignment algorithms, and the use of personalized or population-specific referencesequences. A more compelling solution that the scientific community is increasingly adopt-ing is the shift from a linear reference genome to a pangenome. The Human PangenomeReference Consortium (HPRC) defines a pangenome as “the collection of all of the genetic in-formation of a species” [95]. A pangenome reference consists of multiple individual genomeassemblies and their alignments, typically represented as a graphical structure that servesas a coordinate system. In a pangenome graph, genomic variants appear as “bubbles” [96],which are structures representing multiple path traversals between a common start and endgraph node. The nodes present between these start and end nodes, termed as “inside nodes”,correspond to different variant alleles. The graphical layout complexity of the variants rep-resented in a pangenome graph varies across different variant types. There are “simple bub-bles”, representing simple variation, for example, SNPs and indels, without any interleavedcomplexity. On the other hand, there are “superbubbles” which depict complex structuralvariants or nested variation (overlap of different variants).The concept of a pangenome was first introduced in microbial genomics, where re-searchers observed significant differences in gene content even among closely related bac-terial strains [97]. The pangenome concept has since expanded across various domains, in-cluding plants [98–101], fungi [102], and animals [103–106], shedding light on population-specific genetic variations, adaptive traits, and disease-associated mutations. Human pange-nomics has also significantly advanced in recent years, improving our understanding ofhuman genetic diversity by moving beyond the limitations of a single reference genome.One major step in this direction is the work by the HPRC, which released a draft humanpangenome in 2023, comprising 47 phased, diploid assemblies from a diverse cohort [35].This reference integrates over 100 million new basepairs, capturing substantially more pop-ulation diversity than previous references [35]. In addition to representing known vari-ants and haplotypes, this pangenome revealed new alleles at structurally complex loci [35].Moreover, pangenomes have demonstrated improved characterization of previously knownbut unresolved structural variants—that is, variation whose exact nature or structure is notfully determined or characterized [12, 88]. Ongoing efforts to build larger and more rep-resentative pangenomes are expected to further enhance the accuracy of genomic analysesand foster more inclusive biomedical research. Consequently, there is a growing need todevelop computational methods that operate in the pangenomic space to fully leverage theincreased depth and granularity of genomic information it provides. This aspect is exploredin Chapter 6 of this thesis, which describes a computational method to detect inversionrecurrence using pangenome graphs.



Chapter 2

k-merald: Allele detection using
k-mer based sequencing error
profiles

This chapter introduces k-merald, an approach for allele detection that utilizes technology-specific
sequencing error profiles in order to improve the allele detection accuracy using long reads. This
work was published in Bioinformatics Advances [36] and this chapter presents an extended version
of this publication of which I am the first author. All sections presented in this chapter re-use
material from this publication. For publication details and author contributions, please refer to
Section C.1.

2.1 Introduction

Genotyping is a process used for detecting the genotypes of an individual, which furtherhelps in detection of haplotypes, a task termed as phasing. These processes are widelyused in studying the genetic aspects of different diseases and genetic relationships amongspecies. Both genotyping and phasing typically utilize the alignment between sequencingreads and a reference genome. Thus, prior to genotyping, it is important to determine foreach sequencing read, whether it carries the reference allele, generally denoted as “0” or oneof the alternative alleles, generally denoted as “1,2,3,...,n” at each of the variant positionsit overlaps. This process is commonly referred to as allele detection, formally defined asfollows: Let V be a set of all variant positions across the reference genome, let v ∈ V be avariant position with alleles a1, a2, ..., an, and let Bv be the set of sequencing reads alignedto v. Determine avb for each sequencing read b ∈ B, where avb denotes the allele carried by
b at position v.Most commonly, short sequencing reads from second-generation sequencing technolo-gies, for example, Illumina, are used for this purpose because long reads obtained us-

21
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ing third-generation sequencing technologies, for example, Oxford Nanopore Technologies(ONT) and Pacific Biosciences (PacBio), tend to be more prone to sequencing errors [107],unless techniques like circular-consensus sequencing (CSS) are employed [108]. However,long reads can be much more informative as they can span longer genomic regions and maycover many variant positions and repetitive regions [40, 109].Over the years, a lot of work has been done to improve basecalling, a process translat-ing raw ONT signal into a DNA sequence. Earlier basecallers employed a two-step process,involving pre-segmentation of raw signals followed by nucleotide label prediction using hid-den Markov models (HMMs) [110] or recurrent neural networks (RNNs) [111]. Recent yearshave seen a surge in development of deep learning-based basecallers, dealing directly withthe raw signals, hence avoiding error propagation caused by wrong segmentation [107].Although state-of-the-art deep learning based approaches and the introduction of R10 flowcells and duplex sequencing have led to significant improvement in the basecalling accuracy[112–119], the error rates of cost-effective and therefore commonly used long-read sequenc-ing techniques remains higher than that of short-read sequencing. ONT’s most cost-effectivebasecaller Guppy, even in the high-accuracy mode achieves basecalling accuracy up to 95%[120], while Illumina HiSeq has basecalling accuracy of around 99.9% [107].Most commonly used read alignment algorithms, such as BWA [121], do not take se-quences of alternative alleles into account for alignment. This results in reference bias [43],and pangenomic approaches have been proposed to overcome this problem [88, 122–124].Despite these advancements, aligning to a single linear reference genome remains the stan-dard workflow today. Combined with systematic sequencing errors [108, 125], this canmake alignments at variant sites unreliable to be used for allele detection, thus commonlyresulting in sequencing errors being mistaken for an alternative allele. One approach todeal with the first problem, for example employed by WhatsHap [44, 45, 126], is read re-alignment. WhatsHap extracts the read sequence from a variant window, 10 bp upstream to10 bp downstream from the variant position. It then aligns this read sequence to the corre-sponding reference sequence and to the alternative sequence—produced by interchangingreference with the alternative allele at the variant position. The read is then assigned the al-lele with lower alignment cost and “unknown” in case of equal scores [45]. The alignmentcosts are calculated based on edit distance between the sequences. While this techniqueoutperforms the allele detection methods without re-alignment, it does not take systematicsequencing errors into account. Tools like Clair3 [127], DeepVariant [128], and PEPPER[129] perform variant calling and subsequent genotyping of the discovered variants. How-ever, to our knowledge, there are no tools designed specifically for long-read-based geno-typing of a set of variants given as input, apart from WhatsHap [44, 45, 126].To enhance allele detection accuracy by accounting for systematic sequencing errors,we developed a new method, k-merald. As the name indicates, k-merald operates in k-merspace rather than at the single nucleotide level, as k-mers help capture the genomic contextin which sequencing errors arise. This approach is based on the idea that genomic regions
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Table 2.1: Overview of used notations
Notation Definition

R the complete reference sequence
B sequencing reads aligned to R
V a set of variants for which allele detection is to be performed
wv a window of fixed number of w base pairs on each side of v ∈ V
F R excluding wv for all v ∈ V
D B excluding parts of read sequences mapping to a wv for all v ∈ V
f a k-mer belonging to F
d a k-mer belonging to D
M a matrix recording the occurrence count for each reference-read k-mer pair, (f, d)
P a matrix recording the probability of occurrence of each reference-read k-mer pair, (f, d)

with no variation can be used to learn the characteristics of sequencing errors. The errormodel derived from these regions is then employed to differentiate between allelic variantsand sequencing errors at variant positions. k-merald begins by traversing all confident non-variant regions of the genome, recording the sequence and count of read k-mers aligning toeach reference k-mer (reference-read k-mer pairs). These pairs include matches, indicatingerror-free positions, and mismatches, which suggest sequencing errors. The counts of these
k-mer pairs are used to calculate the probability of observing each reference-read k-merpair across the entire genome. Additionally, k-merald employs a novel approach for globalsequence alignment in k-mer space. For each variant window (excluded during the trainingphase), the read, reference, and alternative sequences are split into k-mers, and the string of
k-mers are then aligned. Instead of using a fixed penalty for mismatches, k-mer mismatchesare penalized according to the learned error model, allowing common sequencing errors tobe tolerated at a lower cost. The sequencing read is then assigned to the allele with thelowest alignment cost. k-merald has been incorporated into WhatsHap and is available asan alternative to the edit distance-based allele detection (https://github.com/whatshap/
whatshap).
2.2 k-merald: Algorithmic Overview

2.2.1 Training the Model

As input, k-merald expects a list of candidate variants and the aligned sequencing reads. Inthe first step, as shown in Figure 2.1A, a sequencing error profile is constructed based onnon-variant regions of the genome, that is, regions where the sequencing reads and referencesequence would be identical if sequencing errors were absent. Any changes (for example,insertions, deletions, substitutions) in the read sequences mapping to these regions can givean indication of the nature of sequencing errors inherent to the sequencing technique thatgenerated the data. An overview of the notations used in this chapter is provided in Ta-ble 2.1. Let F be the reference sequence excluding all variant windows, where each variantwindow, wv, is defined as an interval containing the complete variant v and a flanking re-

https://github.com/whatshap/whatshap
https://github.com/whatshap/whatshap
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Figure 2.1: k-merald Outlook. A. Model training: Counts for all the unique reference-read k-mer pairs (f, d) in non-variant regions of the genome are recorded. These counts arethen used to construct a matrix storing for each unique reference k-mer f , the probabilityof seeing each read k-mer d. B. A variant window, wv, containing the complete variant vand a flanking region of a fixed number of w base pairs on each side is considered. Bothreference and read sequences inside wv are converted into k-mers. C. Strings of consecutive
k-mers from each read sequence are aligned individually to the k-mer strings obtained fromthe reference and alternative allelic sequences. A global alignment of the two strings of
k-mers is done in a similar fashion as global alignment of two base-pair sequences, whileusing phred-scaled probabilities, stored during model training, as alignment costs.
gion of a fixed number of w base pairs on each side. The training data consists of F andthe set of sequencing reads aligned to it, D. Suppose f denotes a k-mer belonging to F ,while, d denotes a k-mer belonging to a sequencing read from D. During model training,described in Algorithm 1, F is traversed from left to right while maintaining, for each f ,the count of each mapping d using the mapping positions from the input read alignments.For extracting the reference-read k-mer combinations (f, d), the read sequence is consideredand not the alignment. For example, if the read k-mer AC-GTCT is aligned to the reference
k-mer ACTGTCT, the respective (f, d) would be (ACTGTCT, ACGTCT*), where * is the nucleotidefollowing ACGTCT in the read sequence. These counts of k-mer combinations (f, d) are thenaggregated across all occurrences of each reference k-mer to obtain a unique matrix M ,with reference k-mers f shown in columns (j) and read k-mers d represented in rows (i).
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Algorithm 1: Model Training

Input : the complete reference sequence R,aligned sequencing reads B,sorted list of variants for which allele detection is to be performed V .
Output: M
counter, i← 0
v ← V [counter]
while i < |R| do

if i >= v − w & i <= v + w thendo nothing
else if i > v + w then

counter ← counter + 1
v ← V [counter]

else
kR ← R[i, i+ k − 1]
for b ∈ {b′ ∈ B| alignment of b′ contains R[i]} do

kb ← b[j, j + k − 1] | b[j] aligns to R[i]
M [(kb, kR)]←M [(kb, kR)] + 1

end
end
i← i+ 1

end
return M

An entry Mij , thus shows the number of times the read k-mer di aligned to the reference
k-mer fj across the whole length of the reference sequence F . Although there are 4k pos-sible sequence combinations for a k-mer of length k, many of these combinations are notobserved. The (f, d) k-mer combinations that are not observed across the whole length of
F are each given a pseudocount value ϵ. Instead of representing presence and absence by“0” and “1” respectively, a pseudocount value ϵ implies that these k-mer combinations cantheoretically exist, but have a low probability of occurrence based on our training data. Foreach reference k-mer f , we define Kf as the set of all k-mers d aligned to f , that is, the pair
(f, d) has an entry larger or equal to 1 in our matrix M . The sum of individual counts overall of these pairs is denoted by tf . The matrix of counts M , is then converted into a matrix
P , storing the probability of observing each possible reference-read k-mer pair (f, d). So,
Pij represents the probability of observing a k-mer combination (fj , di) and is calculated asfollows:

Pij =
Mij

tfj + (4k − |Kfj |) · ϵ
(2.1)

In our implementation, the input data required for this training phase is provided as a VCFfile with variant positions, a reference sequence in a FASTA file and a BAM or SAM file con-taining sequencing reads aligned to the reference sequence. This model training step can beperformed using the “learn” module in WhatsHap.
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Algorithm 2: k-mer Alignment
Input : S1 ← list of k-mers from the target sequence,

S2 ← list of k-mers from the query sequence,
Cgap ← gap penalty,
Q← Matrix with phred-scaled probabilities.

Output: Optimal cost for aligning S1 to S2

for i← 0 to length(S1) do
DP [i, 0]← Cgap ∗ i

end
for j ← 0 to length(S2) do

DP [0, j]← Cgap ∗ j
end
for i← 1 to length(S1) do

for j ← 1 to length(S2) do
Cmatch ← DP [i− 1][j − 1] +QS1[i−1],S2[j−1]

Cdelete ← DP [i− 1][j] + Cgap
Cinsert ← DP [i][j − 1] + Cgap
DP [i][j]← min(Cmatch, Cdelete, Cinsert)

end
end
return DP [length(S1), length(S2)]

2.2.2 Alignment Algorithm

In this step, read re-alignment to the alternative and reference sequence is performed. k-merald uses the probability matrix P , which represents the model of sequencing errorsgenerated in the previous step, to define an alignment cost and, based on this, determinesthe minimum cost allele defined as follows: Let bv be the read sequence segment aligned toa variant window wv, and let Q = [q1, ...., qn] be the set of all possible allele sequences be-longing to wv, that is, q1 corresponds to wv sequence with reference allele at v and q2, . . . , qnrepresent the sequences with alternative alleles at v. If cost(x, y) denotes the alignment costfor two sequences x and y, then
avb = arg min

i∈{1,...,n}
cost(bv, qi)

where, avb denotes the allele carried by b at position v. Therefore, for a given variant po-sition, k-merald seeks to determine whether an observed sequencing read is more likely tohave originated from the reference allele or from one of the alternative alleles. In this phase,
k-merald only deals with variant windows, that is, the regions that were not considered inthe model training phase described in Section 2.2.1. The read sequences from each wv arealigned to both the reference and alternative sequence of the respective wv, as shown inFigure 2.1B. The reference sequence for each wv is extracted directly from the referencegenome, while the alternative sequence is obtained by replacing the reference allele withthe alternative allele at the variant position. For alignment, we developed a modified ver-
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sion of the Needleman-Wunsch algorithm [41]. This modified algorithm, described formallyin Algorithm 2, performs k-mer based comparisons (Figure 2.1C) instead of the conventionalsingle-character based sequence comparison. Each sequence is first converted into a stringof consecutive k-mers and the resulting strings are then aligned by comparing respective k-mers. The algorithm uses “phred-scaled” probability scores (-10 · log(probability)) for align-ment cost calculation, where probability values are obtained from the matrix P learnedfrom the training phase (Section 2.2.1). This cost model is used to penalize mismatcheswhen the reference k-mer and the read k-mer are not identical. The mismatching k-merpairs frequently observed across the non-variant positions, due to systematic sequencing er-rors, hence having a high probability in matrix P , get a lower penalty as compared to thoseseen occasionally due to sporadic sequencing errors. For gaps, the probability value can bespecified by the user as a parameter.In summary, by design, this modified global alignment algorithm ensures that a readcarrying a sequencing error aligns to the reference with a cost lower than to the alternativeallele, thus minimizing the risk of a sequencing error being mistaken for a variant allele. Theread is assigned the allele resulting in lowest alignment cost. However, equal alignment costsindicate that the algorithm was unable to detect the correct allele based on the alignment.In case of multi-allelic variants, the alignment is performed using each alternative sequence.As mentioned above, k-merald has been implemented inside WhatsHap and can be used asan alternative approach for allele detection in (i) haplotagging [45], the process to labeleach read with a haplotype of origin, (ii) genotyping [109] and (iii) phasing [44].
2.3 Results

For details regarding the data used for the generation of results presented in the followingsections please refer to Appendix A.
2.3.1 Sequencing Error Profiles

We first visualized the sequencing error profiles for ONT, PacBio CLR and PacBio HiFi,respectively. These profiles were generated using sequencing reads from sample HG002aligned to human reference genome GRCh38. For comparison, we generated simulated long-read data with uniform error distribution with an error rate of 0.05, 0.1, and 0.15, each withan average read length of 20 kbp and 35× mean coverage across available positions. Therate of mutations was set to 0.1%, of which 10% are indels. The aligned simulated reads andsimulated variants were used for generation of the error profiles, as described in Algorithm 1.Figure 2.2 shows the error profiles generated by setting k=7 and w=25. The error rate foreach reference k-mer represents the sum of probabilities of observing each k-mer pair (f, d)such that d ̸= f . Figure 2.2 shows that in contrast to the error rate pattern observed for datawith uniform base-line error rate, the error rate distribution differs across the sequencingtechnologies and is non-uniform for each of them. A closer look at the 25 most erroneous
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Figure 2.2: Distribution of 7-mer error rates observed for simulated and real long-
read data sets. The simulated short reads have a uniform base-line error rate distributionwith an error rate of 0.05, 0.1 and 0.15, each using a read length of 20 kbp and 35× meancoverage across available positions. The rate of mutations was set to 0.1%, of which 10%are indels. The real data set includes sequencing reads from ONT, PacBio CLR and PacBioHiFi for sample HG002. The horizontal axis represents the unique k-mers belonging to theGRCh38 reference genome (removed for ease of visualization).
k-mers for ONT, PacBio CLR and PacBio HiFi, each, reveals that the nature of erroneous
k-mers also differs across the sequencing technologies (Figure 2.3). The erroneous k-mersfrom PacBio CLR seem to be more GC-rich while ONT erroneous k-mers appear to be AT-rich.The fact that these error distributions are not uniform and are sequence-wise distinct fromone another, supports our hypothesis that instead of using a generalized method across allplatforms, considering technology-specific error profiles can help improve allele detectionaccuracy.Genome in a Bottle (GIAB) variant callsets, used for generation of the results presentedin this chapter (Appendix A), come with a designation of high confidence regions in whichthe callsets can be considered complete. However, for the remainder of the genome, theyare less complete. To assess the impact of missing variant positions on the error profiles, weevaluated the genotyping performance across error models learned using multiple variantcallsets. Each of these callsets contained only a percentage of variants, ranging from 1% to95%, from the full GIAB benchmark callset [130]. We observed that the genotyping errorrates remained almost unaffected even after excluding a large fraction of variant positions(Figure 2.4), hence proving k-merald’s robustness.
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Figure 2.3: Error rate distribution across sequencing technologies. Error rates for the25 top most erroneous 7-mers, belonging to the GRCh38 reference genome, for sequencingreads from ONT, PacBio CLR and PacBio HiFi individually.
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Figure 2.5: Robustness to the value of k. Error rates observed across different values of
k used by k-merald, across ONT, PacBio CLR and PacBio HiFi data for chromosome 22.
2.3.2 Comparison to WhatsHap’s edit distance-based genotyping

Correct allele detection from individual reads plays a pivotal role in genotyping. So, in orderto test k-merald’s performance, we performed WhatsHap genotyping (whatshap genotype)in the following two settings:
• using WhatsHap’s original implementation using edit distance-based allele detection
• using k-merald for allele detection

and compared the genotyping performance across them. We based our evaluation on GIABsamples, HG001 (NA12878) and HG002 (NA24385) and the GIAB v4.2.1 high confidencebenchmark callsets [130]. The genotyping was performed using various coverages of ONTUltra-long, PacBio CLR and PacBio HiFi sequencing reads. We used a k-mer value of k=7,variant window w=25, gap probability=10−4, that is, a cost value of “40” and ϵ=0.15, forthe genotyping results presented in this chapter. Before selecting a specific value, we per-formed a comparison of genotyping error rates across multiple values of k and observed that
k-merald’s performance stayed quite consistent across them, as shown in Figure 2.5. To eval-uate genotyping performance, we calculated genotype concordance, that is, the percentageof variants genotyped correctly. Additionally, we used RTG Tools “vcfeval” [131] to calcu-late precision, sensitivity and F1 score for the predicted genotypes. Finally, we used GIAB
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Table 2.2: Genotyping performance for HG002

GT-concordance (%) Precision (%) Sensitivity (%) F1 score(%)
ONT-ULWhatsHap 95.22 93.57 94.34 93.95
k-merald 96.08 97.46 95.19 96.31

PacBio CLRWhatsHap 96.32 97.65 93.97 95.78
k-merald 97.24 97.89 94.90 96.37

PacBio HiFiWhatsHap 99.70 99.75 98.77 99.26
k-merald 99.67 99.78 98.74 99.26

v3.0 stratifications (Appendix A) to compare the genotyping performance in difficult-to-map and low-complexity regions of the genome. Following sections stratify the genotypingperformance from multiple aspects.
Genotyping performance for ONT sequencing reads

We first evaluated the genotyping performance using ONT sequencing reads for samplesHG001 and HG002. Considering SNPs and indels together, we observed that genotyp-ing using k-merald for allele detection shows an improved performance in comparison toWhatsHap’s genotyping results based on the conventional edit distance-based allele detec-tion approach. For 54× HG002 ONT sequencing reads, the genotype concordance improvedfrom 95.22% to 96.08%, indicating an 17.99% decrease in error rate (Table 2.2, Figure 2.6).Precision, sensitivity and F1 score values also depict this improvement (Figure 2.6A). Toassess the robustness across different error profiles, we also evaluated the genotyping per-formance for sample HG001, using the error profiles trained using ONT sequencing datafor HG002. A similar trend was observed for the 34× HG001 ONT sequencing reads, withgenotype concordance improving from 92.78% to 94.18% indicating a 19.39% decreasein error rate (Figure 2.6A). This consistent improvement in genotyping performance seenwhile using different samples for training and testing confirms that the characteristics oferror profiles captured by k-merald are not sample-specific. Thus, an error profile generatedusing one sample can be readily used for genotyping multiple samples with sequencing datagenerated from the same source.
Genotyping performance individually for SNPs and Indels

Furthermore, we evaluated the genotyping performance individually for SNPs and indels.For HG001, we observed 50.00% decrease in error rate for SNPs and 8.47% for indels. ForHG002, the percentage decrease was 55.56% and 18.52%, for SNPs and indels, respectively(Figure 2.6B).
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Genotyping performance across multiple coverages

We reasoned that the negative impact of sequencing errors on allele detection might becomeeven more prominent at low coverage, and therefore evaluated the genotype performanceacross multiple coverages of sequencing reads. For HG002, we downsampled the ONT datato coverages ranging from 3× to 54×. For HG001, we downsampled the ONT data to cov-erages ranging from 3× to 34×. For both these samples, we observed, in line with ourhypothesis, that although k-merald outperforms the conventional allele detection algorithmat all coverages, the absolute difference becomes more pronounced at lower coverages (Fig-ure 2.6C).
Genotyping performance individually for different genome stratifications

Additionally, we compared the genotyping performance, for sample HG002, in low mappa-bility SDs as well as low complexity regions like tandem repeats (dinucleotide, trinucleotideand quadnucleotide STRs and simple repeats) and homoploymers (perfect homopolymers
>6bp and imperfect homopolymers >10bp). We observed that across all these regions,
k-merald gives better genotyping performance than the conventional edit distance-basedgenotyping with 21% decrease in error rate for tandem repeats and homopolymers and 24%for segmental duplications (Figure 2.6D).
Genotyping performance across multiple platforms

Furthermore, to evaluate performance across different sequencing platforms, we evaluatedthe results obtained by using PacBio CLR and PacBio HiFi sequencing reads. For 20× HG002PacBio CLR sequencing reads, the genotype concordance improved from 96.32% to 97.24%indicating a 25.00% decrease in error rate (Table 2.2 and Figure 2.6E). For 35× HG002PacBio HiFi sequencing reads, we observed very similar genotyping performance from bothapproaches (Table 2.2, Figure 2.6E). This supports the hypothesis that our method providesa particular advantage for more error-prone sequencing reads.
Comparison of genotype quality

Lastly, we hypothesized that using our sequencing error profiles would also improve theprocess of estimating genotype quality values, particularly for indels. That is, our methodis better able to assess the reliability of genotypes and to express it as genotype qualityprovided along with the genotypes, which is potentially beneficial for downstream appli-cations. To evaluate this, we compared the genotype quality between k-merald and editdistance-based WhatsHap genotypes for GIAB v4.2.1 whole genome high confidence indels,genotyped using 54× ONT data for sample HG002. We observed that the correct k-meraldbased genotypes tend to be of higher genotype quality as compared to the correct genotypesobtained using WhatsHap’s genotyping using edit distance-based allele detection. In total,
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Figure 2.7: Genotype quality improvement. A comparison of whole genome indels geno-type quality between WhatsHap using k-merald (left) and WhatsHap using edit distance-based allele detection (right) for sample HG002 using ONT sequencing data.
67% of the correct k-merald based genotypes exhibited a genotype quality of at least 200,while this percentage was 60% for edit distance-based genotypes. For all genotypes witha quality of at least 200, the percentage of correct genotypes was 89% for k-merald while85% for WhatsHap’s original implementation (Figure 2.7).
Runtime comparison

For 54× ONT reads, generating genome-wide error profile took about 145 CPU hours col-lectively. Whole genome genotyping collectively took about 29 single-core CPU hours using
whatshap genotype with conventional edit distance-based allele detection, while about 139single-core CPU hours using whatshap genotype with k-merald. We attribute the increasedrun time to the more involved bookkeeping for working with k-mers, as shown in Algo-rithm 2 , compared to the single-nucleotide sequence alignment. However, it should benoted that both training and alignment steps can be performed in parallel in a chromosome-wise manner. Given the runtime of read alignment that happens before genotyping, we donot consider this increased runtime to be the main bottleneck in processing a long-read dataset.
2.3.3 Comparison with PEPPER

As mentioned before, to our knowledge, there is no tool designed specifically for long-read-based genotyping of a variant callset other than WhatsHap, so a one-to-one performancecomparison with another tool was not possible. However, we aimed to compare our ap-proach to the state-of-the-art tool PEPPER [129], which detects candidate variants, geno-types, and phases them in an integrated workflow. Comparing a genotyper’s performance tosuch an integrated variant caller is not a straight-forward process. To avoid a skewed com-
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parison, we performed this comparison in two ways. Firstly, we computed precision, recall,and F1 score for all the variants called/genotyped by each method in their respective defaultmode. That is, k-merald-based genotyping is performed with the set of all variants given asinput, while PEPPER runs both discovery and genotyping. We performed this comparisonusing multiple coverages of ONT reads for sample HG001, while using the error profiles forHG002. For all these measures, we observed that k-merald based genotyping showed betterresults as compared to PEPPER at all coverages (Figure 2.8 A,B,C). However, it should benoted that PEPPER had to perform the additional step of variant discovery before genotyp-ing. Therefore, this evaluation method could potentially favor the genotyper. To addressthis, we additionally computed genotype concordance only for the variants common be-tween GIAB v4.2.1 callset and the PEPPER callset. Even though this method of comparisonfavors PEPPER, as we restrict our evaluation only to the variants that could be called bythe variant caller, we observed that k-merald-based genotypes still had lower error rate ascompared to PEPPER at low coverage (Figure 2.8D).
2.4 Discussion

Correct detection of alleles carried by sequencing reads is vital for variant genotyping andhaplotype phasing [132]. In comparison to short reads, long reads span larger regions, henceproviding more information, especially in highly repetitive regions of the genome. However,sequencing errors generated by long-read sequencing technologies pose a challenge for al-lele detection. The sequencing error profiles vary across multiple sequencing technologiessuch as ONT, PacBio CLR, and PacBio HiFi. That includes different error distributions aswell as different characteristics of sequencing errors (Figure 2.2, 2.3). The conventionalallele detection methods are mostly based on edit distance between sequences, which pe-nalizes all sequence mismatches equally. We hypothesized that instead of fixed costs, usingtechnology-specific sequencing error profiles for determining alignment costs can providemore insights to distinguish a variant allele from a sequencing error, hence improving the al-lele detection accuracy. To achieve this, we developed k-merald, an allele detection methodthat generates technology specific k-mer-based error profiles by traversing aligned sequenc-ing reads in the non-variant regions of the genome. Furthermore, k-merald employs a k-merbased alternative to global sequence alignment which instead of aligning the sequences ofbase pairs, aligns strings of consecutive k-mers generated from the respective sequences,while using the generated error profiles for alignment cost calculation.We observed that WhatsHap genotyping using k-merald showed better genotyping per-formance as compared to the original WhatsHap implementation, which detects alleles usingedit distance-based sequence alignment. We observed 18% and 25% decrease in genotypingerror rate for 54× ONT and 20× PacBio CLR sequencing reads, respectively. The genotypingperformance, however, was similar for PacBio HiFi sequencing data, potentially due to itslower error rate compared to ONT and PacBio CLR. While evaluating the genotyping perfor-
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mance individually, we observed a 56% decrease in error rate for SNPs while 18% for indels,for sample HG002. A comparison of genotyping performance across multiple coverages ofONT data revealed that the improvement in genotyping performance shown by k-meraldbecomes even more prominent at low coverages.At present, ONT is the most cost-effective long-read sequencing platform in terms of costper sequenced base pair. But this comes at the disadvantage of increased and more system-atic sequencing errors. k-merald attempts to solve this problem and provides substantialimprovements in allele detection in order to push genotyping performance to its limits. Ofnote, the use of error models trained for a given sequencing data set provides a way to taketechnology-specific differences into account when computing genotype likelihoods, henceallowing us to quantify uncertainty in a more informed way. This is reflected in our resultsshowing that variants genotyped with high genotype quality above 200 are more stronglyenriched for correct genotypes when using k-merald. Our training procedure exploits thesimilarity of a sequenced sample and the reference genome by using variant-free regions fortraining. In this way, our model can be readily retrained even on a single data set, whichpotentially allows it to adapt to subtle differences such as version of the sequencing chem-istry and other batch effects. Because the learning procedure is technology-agnostic, weanticipate that our method can readily be applied to future long-read data types.
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Chapter 3

Genotyping and validation of
inversions and copy number
variations using Strand-seq data

This chapter introduces ArbiGent, a tool for genotyping inversions and copy number changes in
arbitrary regions of the genome, utilizing Strand-seq data. I co-developed this tool with Wol-
fram Höps, building upon the statistical framework established by Sascha Meiers and Maryam
Ghareghani [37]. ArbiGent was first introduced as a Strand-seq based inversion genotyper in the
Human Genome Structural Variation Consortium (HGSVC) study published in Science in 2021
[12]. Subsequently, after Wolfram and I further refined its performance, it was used as the pri-
mary tool for inversion genotyping and validation in an HGSVC companion study published in
Cell in 2022 [13], where I share co-first authorship with David Porubsky and Wolfram Höps.
This chapter mainly focuses on this study, as it encompasses the majority of the work related to
refining and validating ArbiGent’s performance, as well as utilizing its full potential to develop
a comprehensive, multi-platform-based catalog of inversions in the human genome. The related
work contributed by co-authors is also discussed in this chapter and clearly acknowledged. In
addition to the two studies mentioned above, ArbiGent has also served as the primary tool for in-
version genotyping and callset unification in both the study published in Genome Biology in 2023
[14], and the study provisionally accepted for publication in Nature in 2025 [15]. This chapter
re-uses relevant text, tables and figures from these publications, clearly acknowledging co-author
contributions. For publication details and author contributions, please refer to Sections C.2, C.3,
C.4 and C.5.

3.1 Introduction

As discussed in detail in Section 1.5.2, inversions remain an under-explored class of ge-netic variation, largely due to the presence of flanking SDs often exceeding sequencing read
39
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lengths, making their discovery challenging. One of the early efforts to characterize thefull spectrum of human genetic variation was carried out by Sudmant et al. in 2015 [10].They constructed an SV catalog using 2,504 human genomes from the 1KGP, including 786inversions. However, since Illumina reads were the primary source of SV discovery in thisstudy, with limited support from PacBio reads, all reported inversions were shorter than100 kbp. In 2019, Chaisson et al. developed a multi-platform SV discovery approach, underthe umbrella of the HGSVC, offering a more refined structural variation landscape [11].They reported 308 inversions, 74% of which were either primarily discovered or addition-ally supported by Strand-seq. The use of Strand-seq also enabled the detection of inversionslonger than 100 kbp, as it identifies inversions exclusively through strand switches alongthe chromosomes [11].As mentioned in Section 1.5.2, the higher efficiency of Strand-seq in inversion discov-ery, compared to other technologies, is mainly due to its ability to detect inversions in thegenome regardless of the length of the flanking repeats [11, 133]. However, there are onlya few computational tools specifically designed for Strand-seq data, and even fewer that aretailored for inversions. Existing computational tools that aid in identifying structural vari-ants using Strand-seq data include breakpointR [134]. This tool has contributed to Strand-seq based inversion discovery in several studies [12], [13], [14]. breakpointR leverages tem-plate strand switches as markers to estimate SV breakpoints. However, it functions solely asa breakpoint estimation tool and does not provide information about the structural variationclass of the identified region. In other words, breakpointR can provide an estimated locationof an SV but cannot determine the exact SV type. Another Strand-seq based tool, primarilydeveloped as a somatic SV caller, is MosaiCatcher [37]. MosaiCatcher employs a compre-hensive and integrated workflow designed for detecting large SVs (>100 kbp) in somaticcells. Although this workflow performs quite well for calling somatic variations and can aidin discovering subclonal structural variation in different diseases, for example, cancer, it isunable to detect smaller events. Moreover, it performs SV detection in genomic bins of fixedsize and does not provide genotype likelihoods for user-defined arbitrary regions.To address these limitations, we developed ArbiGent—Arbitrary segment Genotyper—that utilizes the statistical framework of MosaiCatcher [37] while extending it to estimate SVgenotype likelihoods for arbitrary genomic segments provided as input [12, 13]. ArbiGentdetermines an individual’s genotype for a specific locus by integrating single-cell informa-tion derived from MosaiCatcher’s statistical framework. Another key improvement is theimplementation of mappability-based read-count normalization strategy, which improvessensitivity in difficult-to-map regions. Additionally, ArbiGent facilitates the unification ofinversion calls generated from multiple data sources across all samples included in the geno-typing cohort. ArbiGent was first utilized for genotyping and refining the inversion callsetpresented in the 2021 study by Ebert et al. [12]—a major follow-up effort by the HGSVCafter Chaisson et al. [11]—aimed at enhancing the understanding of structural variation inhuman genomes. This study incorporated fully phased assemblies for 32 human samples as
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an additional orthogonal support for SV discovery and classification. The reported inversioncallset, comprising 316 inversions, was constructed using support from Strand-seq, phasedassemblies, and Bionano optical mapping [12]. While this resource substantially advancedthe known inversion landscape of the human genome, it became clear that extensive cura-tion, refinement, and a dedicated in-depth analysis of the callset were beyond the scope ofthat study. This realization led to the formation of an inversions-working-group under theumbrella of the HGSVC. One of the main goals of this group was to generate a curated and ex-tensive catalog of inversion polymorphisms in the human genome. This chapter covers someof the efforts dedicated to achieving this goal, including multi-platform inversion discovery,validation and genotyping of the merged callset using ArbiGent and manual refinement ofinversion breakpoints through fully phased assemblies. Another major aim of this study wasto investigate inversion polymorphisms at a population scale, with a particular focus on therelatively understudied phenomenon of inversion recurrence and its potential role in diseaseassociations. The work directed towards achieving that objective is discussed in Chapter 4.
3.2 ArbiGent

This section reuses material from [13] and introduces ArbiGent, co-developed by me and Wolfram
Höps. The mappability-based normalization approach described in Section 3.2.1 was developed
by me while the workflow for producing sample genotype likelihoods from single-cell estimates
described in Section 3.2.3 was developed by Wolfram Höps.

3.2.1 Leveraging uniqueness of a region to normalize read counts

While Strand-seq outperforms other contemporary data types in addressing the challengingtask of inversion discovery and genotyping, read alignments in difficult-to-map genomicregions still contain some ambiguity. Due to the highly repetitive and complex nature ofthese regions, short reads cannot be uniquely mapped, leading to low read counts and, con-sequently, incorrect low-copy-number predictions. Since inversions predominantly occur inhighly repetitive and SD-rich regions, the Strand-seq read counts in these regions cannot betaken at face value when determining the genotype. To address this issue, we developedan approach that generates a “mappability track” for the reference genome, taking into ac-count the characteristics of Strand-seq reads. This track quantifies uniqueness, that is, theextent to which the reads can be accurately aligned across the entire reference sequence.The mappability of a region is then used to normalize the Strand-seq read counts beforedownstream analysis. This normalization approach, also visually represented in Figure 3.1,operates as follows:
1. Simulated 100 bp paired-end reads—mimicking the characteristics of Strand-seq reads—are generated for each position across the reference genome using its nucleotide se-quence.
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Figure 3.1: Mappability based Strand-seq read count normalization. A schematic rep-resentation of a read-simulation-based approach devised to determine the mappability of agenomic region, later used for normalizing Strand-seq read counts before genotyping. Map-
pability Calculation: Simulated 100 bp paired-end reads are generated for each positionacross the reference genome. These read pairs are then aligned to the reference genomeusing the same alignment settings as used for the real Strand-seq data. Resulting alignmentsare evaluated to quantify the mappability of each 100 bp region, defined as the fraction ofcorrectly mapped reads. Bins where the number of spurious alignments exceeds the correctlymapped ones by a factor of 0.1 or greater are discarded. Normalization: For each arbitrarysegment to be genotyped, the Strand-seq reads coming from each 100 bp bin contained inthe segment are normalized individually using the mappability-based normalization factorand aggregated.
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2. The simulated reads are then aligned to the genome of origin using the same settingsapplied to real Strand-seq data to be used for genotyping, in order to minimize align-ment bias.
3. In sequence alignment terms, a region’s mappability is defined as the proportion ofreads that originate from that region and correctly align to their source. Keepingthat in view, the alignments of simulated reads are analyzed in a bin-wise manner,recording the number of correct and erroneous alignments within each 100 bp bin.Bins where erroneous alignments exceed correct ones by a factor of 0.1 or more areflagged as “invalid” and excluded from further analysis.
4. The normalization factor for the i-th 100 bp bin, NFi, is calculated as follows:

NFi =
100

Msimi

(3.1)
where, Msimi is the number of correctly mapped simulated reads belonging to the i-thbin. To normalize the read counts for a specific segment, the normalization factor isapplied individually to the read counts of each 100 bp bin within that segment, thatis,

Mnormi = Mreali ·NFi (3.2)
where, Mreali is the number of observed real reads and Mnormi is the normalizedread count for the i-th bin. The normalized read counts for each bin contained inthe segment are aggregated to get the normalized read count for the whole segment,
Mnorm.

Mnorm =
n∑︂

i=1

Mnormi (3.3)
where, n is the total number of bins contained in the respective segment.

Notably, for read count normalization, only those bins that are fully contained within therespective segment are considered. For example, if a segment spans from 73 bp to 745 bp,the first bin would range from 100–200 bp, and the last from 600–700 bp. As a result, somereads at the segment boundaries may be excluded. However, due to the small bin size, thedownstream impact is expected to be minimal.
3.2.2 MosaiCatcher

The normalized strand-specific read counts are fed into MosaiCatcher’s [37] statistical frame-work to compute likelihoods for various possible SV genotypes for each individual cell ofa sample. While a full description of MosaiCatcher’s workflow is beyond the scope of thisthesis, a brief summary of the main algorithmic steps is stated as follows:The workflow starts with recording the number of Watson (W) and Crick (C) Strand-seq reads per 100 kbp bin for each cell. Following read counting (and normalization when
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working in ArbiGent mode), a joint segmentation using read-depth data across all singlecells of a sample is performed to detect potential SV boundaries. StrandphaseR [46] thenutilizes heterozygous SNP positions to construct consensus haplotypes, which are then usedto haplotag individual reads in each cell in order to facilitate haplotype-resolved SV calling.As described in Section 1.5.2 and Figure 1.8B–E, SCEs or SVs can lead to varying strandstates across different segments on the same chromosome. For a segment-wise classificationof the SV (or reference) state, MosaiCatcher employs a Bayesian model which models theexpected read coverage using a negative binomial (NB) distribution individually for each(W, C) strand. The joint NB distributions are used to determine the likelihoods of differentstrand states for each segment. These strand states, when compared to the ground state—strand state observed across majority of the chromosome—can be translated to the SV typedepicted by each segment (Section 1.5.2, Figure 1.8). Using this strategy, the SV genotypelog-likelihoods for a particular segment individually for each Strand-seq cell are generated.MosaiCatcher calculates likelihoods for different haplotype configurations consideringboth orientation and copy number changes while allowing a maximum copy number valueof four. To consolidate orientation and copy number information into a single configuration,instead of using the standard “1,0” genotype notation, which represents only one varianttype, MosaiCatcher employs a four-digit notation, “ABCD”. In this notation, “A” and “B”denote the observed copy number for the first haplotype in direct and reverse orientations,respectively, while “C” and “D” represent the same for the second haplotype. For exam-ple, “1001” indicates that the second haplotype is inverted, whereas “0210” represents aninverted duplication on the first haplotype.
3.2.3 Genotyping and filtering

To determine the genotype of a sample for a specific region of interest, we developed a work-flow that aggregates the genotype log-likelihoods generated by MosaiCatcher, across all cellswithin the sample, producing a combined genotype likelihood estimate. For high qualitygenotype prediction, only regions with at least 500 bp of uniquely-mappable sequence—defined as having at least 75% of simulated reads aligning correctly (as described in Sec-tion 3.2.1)—are considered. Furthermore, genotype calls are classified as “high confidence”only if they exhibit a likelihood ratio greater than 103 compared to the reference state(“1010”).When used for genotyping a cohort of samples, ArbiGent also generates a label for eachof the genotyped locus based on the sample genotypes. Some of these labels help withpopulation-based labeling of false positives or potentially complex loci, including:
• False Positive: no SV detected for any of the samples, that is, “reference” genotypeobserved across the whole cohort.
• Always Complex: no “simple” (heterozygous or homozygous inversion genotypes)and no reference calls observed in any of the samples.
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• Misorient: putative misorient in the reference genome indicated by the locus beinggenotyped as a homozygous inversion across all samples.
• Inverted Duplication: inverted duplication observed in at least one sample.
• Low Confidence: less than 500 bp region with good mappability (≥75%), hence, mak-ing the read alignments in this region unreliable for confident genotype predictions.
• Mendel Fail: the (parent-child) trio genotypes failing the Mendelian consistency test.

3.3 Performance Evaluation and Applications of ArbiGent

This section reuses material from [13] and describes the collaborative work conducted in this
study to generate a multi-platform based inversion callset. The inversion discovery described in
Section 3.3.1 was performed by Ashley Sanders, David Porubsky, Peter Audano and Feyza Yilmaz.
ArbiGent genotyping and refinement of the inversion calls described in Section 3.3.2 and evaluation
of genotypes described in Section 3.3.3 was conducted by me and Wolfram Höps with input from
co-authors.

3.3.1 Multi-platform-based inversion discovery

The first step of this integrated workflow was the discovery of inverted regions across thehuman genome using a cohort of 44 samples from the 1KGP [5], representing diverse an-cestries: African (13), American (8), East Asian (9), European (8) and South Asian (6). Allthe analyses in this study were performed using GRCh38 as the reference genome. Since in-version detection is inherently challenging, as detailed in Section 1.5.2, we employed threecomplementary approaches for this task:
1. Strand-seq-based inversion discovery using breakpointR [134] to detect strand switches,followed by manual curation and refinement through visual inspection of Strand-seqdata.
2. Haplotype-resolved-assembly-based inversion discovery using the phased assemblyvariant caller, PAV [135].
3. Bionano optical mapping [136] based inversion discovery.
Following the initial discovery and refinement at the individual callset level, SV-Pop[12, 137] was used to merge the identified loci to generate a non-redundant inversion callset.This process resulted in a provisional callset of 615 inverted loci.

3.3.2 Genotyping and filtering

After generating a consolidated, multi-platform supported set of candidate loci, ArbiGentwas employed to genotype and validate the inversion calls. The 615 loci were genotyped
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Figure 3.2: Inversion genotyping and characterization. A. ArbiGent genotypes stratifiedby source technology, showing Strand-seq contributing most of the loci, followed by PAVand Bionano. B. Stratification of ArbiGent genotypes based on the length of the event acrossmultiple source platforms. Figure created by Wolfram Höps [13].
across all 44 samples using Strand-seq data and the population-based labels assigned byArbiGent, as described in Section 3.2.3, were used to filter out false positives. Loci la-beled as “False Positive”, “Always Complex” or “Inverted Duplication” by ArbiGent wereexcluded from further analysis. Additionally, inversion calls with ≥90% reciprocal overlapwere merged, reducing the total number of inversions to 418. Stratification based on in-version source and length reflected expected technological biases: Strand-seq emerged asthe dominant method for identifying inversions, particularly longer ones. PAV was moresensitive at detecting shorter inversions while Bionano appeared to be the least sensitivetechnique overall (Figure 3.2). Notably, inversions supported by multiple technologies werepredominately characterized as true events, emphasizing the importance of using orthogonalapproaches for both discovery and validation of inversion calls (Figure 3.2A).To refine inversion breakpoints, we turned to haplotype resolved assemblies and ana-lyzed the dotplot alignments of phased assemblies from Ebert et al. [12] against the GRCh38reference genome. Only inversions where both breakpoints were spanned by one contig(183/418 inversions, 44%) were analyzed using this strategy to annotate breakpoints withgreater precision. The resulting callset, now with refined breakpoints, was re-genotypedusing ArbiGent. Since phased assemblies enhance PAV’s sensitivity for detecting small in-versions (typically <5 kbp), we relied on PAV’s genotypes for these smaller events in caseswhere ArbiGent could not genotype them with high confidence.After another round of ArbiGent-label-based filtering, similar to the initial iteration, weobtained a non-redundant, callset of 399 inversions, characterized as follows:
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Figure 3.3: Genomic landscape of balanced inversions. Landscape of 292 balancedinversions included in the final callset representing length and allele frequency distributionacross chromosomes and highlighting inversion hotspots. Figure created by David Porubsky[13].
• 292 were classified as “balanced” inversions, meaning at least one sample in the geno-typed panel showed a homozygous or heterozygous inversion without accompanyingcopy number changes.
• 40 were identified as inverted duplications.
• 29 were labeled as structurally complex loci—that is, regions that were difficult togenotype or showed copy number variation.
• 38 were flagged as potential misorients in the GRCh38 assembly.
An overview of the genomic landscape of the balanced inversions, shown in Figure 3.3,highlights distinct “inversion hotspots”. The most prominent hotspots were observed onchromosomes 2, 7, 10, 16, and X, predominantly located near SD-rich centromeric satelliteregions. Additionally, chromosomes 1, 2, 7, 10, 15, 16, and 17 showed a notable enrichmentof large inversions (>100 kbp), which were frequently accompanied by SDs. These findingsalign with expectations, as SD-rich regions create an ideal environment for NAHR, which isbelieved to be the primary mechanism driving inversion formation.
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Figure 3.4: Genotype concordance evaluation. Comparison of ArbiGent genotypes with134 overlapping inversions (≥5 kbp) reported by Chaisson et al. [11].
3.3.3 Performance Evaluation

Comparison with other callsets

We assessed the genotyping performance by computing the genotype concordance betweenArbiGent genotypes and the genotypes reported by Chaisson et al. [11]. We selected the sam-ple HG00512 for this comparison and observed a genotype concordance of 84% (113/134,
≥5 kbp loci overlapping between the two callsets). Most discrepancies (19 out of 21 cases)were caused by ArbiGent classifying the locus as reference or homozygous inversion, whileChaisson et al. reporting a heterozygous inversion (Figure 3.4). In order to improve the ac-curacy and resolution of genomic analysis, particularly for identifying and phasing SVs, se-quencing data from multiple single-cell libraries from the same donor is typically aggregatedtogether into “composite” files [133]. Hanlon et al. [138] reported that alignment errors andassembly collapses may lead to misinterpretations of heterozygous inversions in the “WW”composite files used by Chaisson et al. [138]. This observation indicates that the 19 dis-crepant inversions might in fact be wrongly genotyped by Chaisson et al. [11] and the geno-type determined by ArbiGent is the correct one as it considers all (“WW”,“CC”,“WC”,“CW”)libraries for genotype prediction. Considering this, the observed genotype concordance sup-ports ArbiGent’s reliability, indicating no apparent biases in its genotyping performance.
Mendelian Consistency

The labels generated by ArbiGent, taking population-based genotypes into account, not onlyprovide insights into the structural variation exhibited by a locus but also serve as a qualitycontrol measure for evaluating the genotyping performance. For instance, the “Mendelfail”label is generated based on the Mendelian consistency test for parent-child trios included inthe genotyped panel. ArbiGent also classifies the individual genotypes as “simple/balanced”(homozygous/heterozygous inversion or reference genotype) and “complex” (copy num-ber variation). Only loci where all trio members exhibit a simple genotype are tested forMendelian inheritance. Our sample panel included three trios. Among the 399 inversionsreported in our integrated callset (Section 3.3.2), 260 showed exclusively “simple” geno-
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types across all of the trios. Of these, 95% (247/260) were Mendelian consistent. Whenloci with at least one low-confidence genotype were excluded, this percentage increased to99.5% (200/201).
Hardy-Weinberg Equilibrium

Several inversion sites in our callset exhibited more than two distinct allelic conformationsacross samples. This complexity made direct Hardy-Weinberg equilibrium (HWE) testing ofthe raw genotypes challenging. To address this, we implemented a preprocessing strategy toconvert multi-allelic sites into “pseudo bi-allelic” ones. This process involves the followingsteps:
1. For each locus, a list of unique alleles along with their occurrence counts across allsamples is computed.
2. The most frequent allele is designated as the “major allele” while all other alleles aregrouped under the “minor allele” category.
3. All the genotypes are then transformed by encoding the major allele as “1” and thosebelonging to the minor allele category as “0”.
4. The heterozygosity for each locus is thus determined based on the major allele, that is,only genotypes carrying the major allele and one of the alleles from the minor allelecategory are considered as heterozygous.
After transforming the genotypes using this approach, VCFtools (--hardy) [139] wasused to perform HWE test on 275 autosomal inversion sites with no missing genotypes.We applied the Benjamini-Hochberg correction [140] to correct the p-values for multipletesting. In total, 224 out of 275 loci (81.45%) passed the HWE test, confirming the highquality of ArbiGent’s genotypes. When stratifying the test results based on ArbiGent labels(Figure 3.5), we observed that most loci failing the HWE test fell into the complex category.In contrast, most simple (balanced) inversions passed the test while closely following thetheoretical 2pq curve (representing the expected frequency of heterozygous individuals).

Robustness to the number of Strand-seq cells available for genotyping

Since the number of “good quality” Strand-seq cells available for a given sample can vary(as discussed in Section 1.5.2), we conducted a benchmarking experiment to assess howArbiGent’s genotyping performance is influenced by the number of cells used for genotyp-ing. For this downsampling experiment, we selected sample HG00733, which contained115 good quality Strand-seq cells (based on visual inspection of Strand-seq libraries). Forgenotyping, 249 autosomal inversions from our inversion callset (Section 3.3.2) that wereclassified as simple (balanced) inversions in HG00733, were selected.
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Figure 3.5: Hardy-Weinberg equilibrium (HWE) evaluation. The horizontal axis repre-sents the major allele frequency, while the vertical axis represents the heterozygosity, thatis, the fraction of heterozygous genotypes (where a genotype is heterozygous if it carriesthe major allele and one of the alleles included in the minor allele category as described inSection 3.3.3). The theoretical 2pq curve is shown in black. The plot represents 275 auto-somal inversions belonging to the following categories: (i) Balanced: loci with at least onesample showing a “simple” inversion, (ii) Complex/Lowconf: Complex loci or loci with lowconfidence genotypes, (iii) INVDUP: Inverted duplications and (iv) MISO: putative assemblymisorientations.
We genotyped these loci in multiple sets of randomly downsampled single cells, withdownsampling percentages ranging from 1% to 99% of the full set. For each downsamplinglevel, we generated ten independent random sets. The average genotype concordance ateach downsampling percentage was then computed using the genotypes based on the fullset of 115 cells as the ground truth. Figure 3.6A–C illustrate the stratification of genotypingperformance by the length of uniquely mappable region (≥75% mappability), shown col-lectively for all inversions and separately for homozygous and heterozygous inversions. Theresults clearly indicated that for inversions with more than 10 kbp of uniquely-mappableregion, ArbiGent attained a high genotype concordance even with fewer cells. As expected,this trend was more pronounced for homozygous inversions than for heterozygous ones. Togain further insights, we examined confusion matrices individually for sets containing 1, 2,3 and 12 cells as shown in Figure 3.6D. Based on the trends observed in Figure 3.6A–C, weonly focused on inversions with ≥50 kbp of uniquely-mappable sequence. These confusionmatrices provide a quantified support to the observation that for large inversions belong-ing to uniquely-mappable regions, ArbiGent’s genotype predictions from sparse data remain
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Figure 3.6: ArbiGent’s genotyping performance across varying number of Strand-seq
cells. A, B, C. Genotype concordance (vertical axis) observed across varying number ofsingle-cells (horizontal axis) for sample HG00733, considering all, homozygous and het-erozygous inversions, respectively. D. Confusion matrices with rows representing groundtruth genotypes (based on full coverage data) and columns representing predicted geno-types obtained from randomly subsampled single-cell libraries (in sets of n = 1, 2, 3 and12 cells, respectively). All inversions with >50 kbp of uniquely-mappable sequence (>75%mappability) are assessed. E. Comparison of inversion allele frequencies (AFs) observed inthe full cohort of 44 samples (horizontal axis) with AFs observed by genotyping the sameinversion sites in the single-cell pools containing 66 samples (vertical axis). Depicted 95%confidence intervals are the ±2 standard errors (SE), computed as SE =

√︂
p(1−p)

n , with pbeing the allele frequency and n being the total number of alleles observed.
highly consistent with those derived from high-coverage Strand-seq libraries. These findingsalso suggest that shorter inversions or those located in difficult-to-map regions may benefitfrom aggregating genotyping information across multiple single cells to enhance accuracy.
Strand-seq pooling experiment

As with other SV classes, sequencing an increasing number of samples is essential for con-ducting a comprehensive, population-wide analysis of inversion polymorphisms. However,sequencing costs pose a significant challenge in achieving this goal. To mitigate this issuewith respect to Strand-seq sequencing, the HGSVC plans to gradually transition to a new
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Strand-seq approach known as “cell pooling”. In this strategy, rather than sequencing celllines from individual samples on separate plates, cells from multiple human samples of di-verse origin are pooled into a single sequencing plate. This approach reduces the numberof sequenced cells per sample but enables the inclusion of a greater number of samples atthe same sequencing cost.Encouraged by ArbiGent’s robust performance in the downsampling experiment de-scribed above, we conducted the first proof-of-concept experiment to evaluate the practicalusefulness of pooled Strand-seq data for inversion genotyping. We analyzed 120 samplesfrom the 1KGP, distributed across three independent pools, each consisting of cells from40 samples of diverse ancestry, with an emphasis on samples of African descent. Each poolwas sequenced following the standard Strand-seq protocol (as described in Section 1.5.2 andshown in Figure 1.8A). After quality control, 132 cells (across all pools) were selected forfurther analysis. To determine the sample of origin for each sequenced cell, we comparedthe SNP genotypes of each cell against the full set of high-coverage 1KGP samples (n=3,202)[141]. This approach allowed us to confidently assign 60 samples. We then genotyped 74inversions containing >50 kbp of uniquely-mappable sequence from our inversion callset inthese 60 samples using ArbiGent. The estimated inversion allele frequencies derived fromthe pooled data closely matched those obtained from the original diversity panel as shownin Figure 3.6E. This experiment provided additional validation for ArbiGent’s performancewhile also demonstrating the potential effectiveness of the Strand-seq pooling strategy.
3.3.4 Application in other studies

In addition to the Science [12] and Cell [13] studies mentioned above, ArbiGent has beenutilized in multiple HGSVC projects, serving as the primary tool for inversion genotyp-ing, validation and population-wide characterization. These include a Genome Biology [14]study published in 2023, focused on understanding the impact of having a complete humanreference on characterizing inversion polymorphisms. The inversion callset generated inthis study, providing a landscape of inversion polymorphisms in the T2T-CHM13 referencegenome, across 41 human samples, was genotyped and refined using ArbiGent. ArbiGentwas also employed in the recent HGSVC study [15], using a cohort of 65 human samples andimproved data sources to generate new inversion callsets for both GRCh38 and T2T-CHM13reference genomes, while also re-genotyping previous callsets [13, 14] in the latest cohort.This study has been provisionally accepted for publication in Nature. These contributionsemphasize the reliability of ArbiGent as a genotyping tool and demonstrate its utility inbuilding the catalog of inversion polymorphisms.
3.4 Discussion

This chapter primarily focuses on ArbiGent, a Strand-seq based genotyper designed for de-tecting inversions and copy number variations. One of the key advancements of ArbiGent
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over existing Strand-seq based SV identification approaches is its ability to accurately clas-sify variation in difficult-to-map regions of the genome. These regions, enriched in SDs,are hotspots for inversions and copy number variations but pose significant challenges forgenotyping due to unreliable alignments. To address this issue, we developed an approachthat quantifies read mappability for each genomic region and incorporates this informationto normalize observed sequencing read counts, correcting for alignment artifacts.ArbiGent also improves upon previous approaches by utilizing all available Strand-seqlibraries. In contrast to earlier SV detection methods [11], which relied only on librariesin “WW” and “CC” strand-states due to limitations associated with the use of compositefiles, ArbiGent additionally incorporates “WC” and “CW” libraries. This helps correct erro-neous heterozygous inversion calls reported in prior Strand-seq-based callsets (Figure 3.4).Furthermore, ArbiGent provides genotype likelihood estimations for arbitrary genomic seg-ments of choice, making it a valuable tool for validating and integrating SV loci discoveredacross different platforms.Validation experiments including Mendelian consistency and Hardy-Weinberg equilib-rium assessments (Section 3.3.3), confirmed the high quality of ArbiGent genotypes. Toevaluate ArbiGent’s robustness across varying read coverages, we designed a downsamplingexperiment that demonstrated its ability to perform well even at low coverages, particularlyin uniquely mappable regions (Section 3.3.3, Figure 3.6A–D). Encouraged by these findings,we further assessed its genotyping performance using pooled Strand-seq data and observedthat inversion allele frequencies estimated from pooled samples closely matched those ob-tained from full-coverage data (Section 3.3.3). This opens up future prospects for ArbiGentto be used for genotyping and validating inversions, particularly in the context of upcom-ing HGSVC projects that plan to employ Strand-seq pooling as a cost-effective strategy forsequencing larger cohorts of human samples.Despite its advancements, ArbiGent has certain limitations. Being a genotyper, it doesnot correct for any breakpoint inaccuracies, meaning that its genotyping accuracy hingeson the breakpoint precision of the input loci. Additionally, due to the inherent sparsity ofStrand-seq data, ArbiGent is less reliable for genotyping very short loci (≤5 kbp). AnotherStrand-seq based inversion genotyper, InvertypeR, was developed in parallel by Hanlon etal. [138]. While a direct performance comparison between ArbiGent and InvertypeR wasnot possible at the time of development, such an analysis would be interesting for futureiterations.This chapter also details the efforts of the HGSVC’s inversions-working-group to con-struct a highly curated inversion callset using 44 human samples from the 1KGP [14]. Amulti-platform SV discovery approach was employed to leverage the strengths of differentdata types, including Strand-seq, fully-phased genome assemblies and Bionano optical maps.These individual callsets were integrated into a consolidated callset, which was subsequentlyvalidated and genotyped using ArbiGent. Following extensive quality checks, curation andrefinement, we generated a high-confidence callset comprising 399 inversions, further clas-
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sified based on their distinct variation patterns. Our analysis revealed that an average of11.6 Mbp (0.39%) of a haploid genome is inverted—twice the genomic length affected byindels [12] and four times that affected by SNPs [5]. Additionally, we observed SD-richregions on chromosomes 1, 2, 7, 10, 15, 16, and 17 to be particularly enriched for longinversions, supporting the role of NAHR in mediating inversion formation. These findingsmotivated several downstream analyses including development of targeted approaches to in-vestigate the under-explored phenomenon of inversion recurrence, which will be discussedin detail in Chapter 4.



Chapter 4

Detection and analysis of recurrent
inversion polymorphisms in human
genomes

This chapter focuses on the inversion recurrence analysis work presented in the study published
by the HGSVC’s inversions-working-group [13], in which I am a co-first author. This study has
already been introduced in Chapter 3, which primarily focused on the efforts to develop a com-
prehensive inversion callset. This chapter expands on that by detailing downstream analyses con-
ducted using that callset, with a particular emphasis on inversion recurrence. Text, figures and
tables from this study have been reused in this chapter, with contributions from other co-authors
explicitly mentioned. The primary focus of this chapter is on the methodological framework and
findings of the “toggling-indicating SNPs-based approach”, which I developed to identify recurrent
inversions in the human genome. An orthogonal haplotype-based approach was also developed
in this study by PingHsun Hsieh and Matthias Steinrücken. Relevant contributions from other
co-authors are also included in this chapter, with individual roles explicitly acknowledged. For
publication details and author contributions, please refer to Section C.3.

4.1 Introduction

Inversions have been documented to recurrently toggle in orientation over the course ofprimate evolution, with non-allelic homologous recombination between flanking invertedrepeats recognized as the primary driving mechanism behind this phenomenon [31, 32,84]. As briefly mentioned in Chapter 3 (Section 3.4), our inversion callset based on 44human samples revealed that inversions affect twice as much sequence as indels, and fourtimes as much as SNPs [13]. A comparative assessment of the callset growth rate acrossSV classes demonstrated that the number of insertions and deletions progressively increasewith the addition of new genomes with a sharp inflection point observed upon the inclusionof individuals of African descent exhibiting greater genetic diversity [12] (Figure 4.1 orange
55
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lines). However, the growth rate of novel inversions plateaus rapidly, exhibiting about 2-foldreduction in the discovery rate (Figure 4.1). Concurrently, we observed an excess of commonalleles (with >5% minor allele frequency) among inversions relative to other SV classes,quantified as 67% for inversions vs. 48% for indels, (p=2.6×10−11, two-tailed Fisher’s exacttest). We hypothesized that this excess arises from independent NAHR-mediated recurrentmutations, aligning with the observation that SD-rich regions of the human genome serveas hotspots for inversions, particularly large events [13] (Figure 3.3, Section 3.3.2).Mechanistically, an NAHR-mediated event occurring independently at the same locusmight not always involve the same breakpoints. Consequently, in theory, recurrent inver-sions should be distinguishable based on shifts in breakpoint positions within haplotypes.Furthermore, specific variation patterns or “scars” [13] adjacent to the inverted loci mighthelp identify if the inversion occurred in different haplotype backgrounds. However, de-spite advancements in sequencing technologies, sequence resolution within the SD-rich ar-chitecture flanking inversions remains imperfect. Owing to the complexities inherent in thecharacterization of inversions (as outlined in Section 1.5.2), inversion recurrence remainsan under-explored topic, marked by a scarcity of readily usable computational methods.We developed two distinct yet complementary approaches to detect inversion recurrence[13]. Firstly, we designed the toggling-indicating SNPs (tiSNPs)-based method to evaluatethe recurrence status of an inversion locus. This approach systematically screens the lo-cus for SNPs inconsistent with a single inversion origin, leveraging aggregated locus-wideevidence to infer the recurrence status. For this study [13], we applied the tiSNPs-basedapproach using haplotype-resolved Strand-seq sequencing reads. Secondly, we developedan orthogonal haplotype-based approach working with phased haplotypes (integrated us-ing Strand-seq and PacBio sequencing data). This method employs phylogenetic analyses,such as haplotype-based principal component analysis (PCA) and ancestral recombinationgraph reconstruction, to infer both the evidence and rate of inversion recurrence. These twoapproaches are inherently complementary. The tiSNPs-based method evaluates individualwithin-inversion SNPs independently, making it largely robust to recombination effects andnoise in the sequencing data. In contrast, the haplotype-based approach leverages linkageand genetic variation patterns to estimate both the number of recurrent events and the in-version rate per generation.
4.2 Methodological framework

The toggling-indicating SNPs-based approach utilizes haplotype-resolved sequencing datato detect inversion recurrence by analyzing the occurrence and orientation of biallelic SNPswithin the inverted locus. The conceptual foundation for this approach (also depicted inFigure 4.2) is as follows: Consider a biallelic SNP within the inverted locus. A single originof both the SNP and the inversion implies a temporal relationship between the two events.Assuming the SNP occurred first, at most three SNP-inversion haplotype configurations can
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Figure 4.1: Growth rate of inversions vs indels. Rate of balanced inversions discoveredwith each added genome differs from insertions and deletions (orange lines, right axis).Dotted lines represent logarithmic growth model fits. Singleton: 1 allele; polymorphic:AF<50%; major: AF≥50% and <100%; putative misorient: AF=100%. Figure createdby Peter Audano [13].
be observed on the population level (as shown in Figure 4.2, left). Theoretically, in thisscenario, a haplotype carrying the inversion allele but not the SNP allele cannot exist. Moregenerally, regardless of which event happened first, if both occurred only once, one hap-lotype configuration must always be missing. However, if a SNP displays all four possibleSNP-inversion haplotype configurations, it suggests that either the SNP or the inversion hasrecurred. A large number of such SNPs, which we refer to as tiSNPs, distributed across theentire inverted locus serves as strong evidence that the inversion recurred.We used haplotype-resolved Strand-seq data to develop and validate this approach, soits workflow in the context of Strand-seq sequencing reads is described in the followingsections. However, the method is broadly applicable to any haplotype-resolved sequencingdata. Given the SNP information (position and alleles) and Strand-seq read alignments, theapproach proceeds as follows:
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Allele-specific read counting

As the inverted locus is traversed from left to right, the number of Strand-seq reads inWatson (W) and Crick (C) orientations is recorded for each biallelic SNP. To ensure dataquality, reads are filtered by removing secondary alignments, duplicates and those with lowmapping quality (≤10). These read counts are tracked individually for each Strand-seq cellper sample. In this step, only common biallelic SNPs with ≥5% allele frequency (AF) areconsidered, as rarer SNPs do not provide sufficient statistical power to detect evidence ofrecurrence (Figure 4.41).
Assigning orientation to reads

Using the normal cell state, that is, the strand structure of the cell in non-variant regions, the“W” and “C” strand notations are translated into “non-inverted” (forward) and “inverted”(reverse) designations. For instance, for a locus with a normal cell state of “CC”, only “C”reads are expected in the absence of variation; any aligned “W” reads would suggest aninversion, as shown in Figure 4.3. Accordingly, all “C” reads aligned to this locus are labeledas non-inverted while all “W” reads are labeled as inverted. Since for cells with a “WC/CW”strand configuration this characterization is non-trivial, we exclusively consider “WW” and“CC” cells from each sample (Figure 4.4 2).
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Crick reads Watson reads

Figure 4.3: Assigning orientation to Strand-seq reads inside the inverted locus. Theregion between the dotted lines represents an inversion locus. Two CC cells (strand-statedetermined based on the reads aligned to the region outside the inversion), are shown. Thecell shown on the bottom carries the inversion indicated by the Watson reads aligning to thislocus. Therefore, all the Watson reads aligned at this locus would be labeled as “reverse”reads.
From single cell to population level

At this stage, we have a record detailing, for each biallelic SNP within the inverted region,the occurrence count of each allele in both the forward and reverse states. However, asmentioned above, these counts are initially recorded at the single-cell level. To derive asample-level consensus, the occurrence counts are aggregated across all cells within a sam-ple. Since inversion recurrence is a population-wide phenomenon, these aggregated countsare further concatenated across all samples. By the end of this step, we obtain a region-wideoverview of the possible SNP-inversion haplotype configurations (Figure 4.4 3).
Detection of tiSNPs

The final step is to identify tiSNPs, that is, the biallelic SNPs where each allele is observedin both inverted and non-inverted orientations across samples. Although detecting all fourconfigurations at least once is theoretically enough to classify a SNP as a tiSNP, gene con-version or sequencing errors (“background” reads in the wrong orientation in Strand-seqdata [92]) could generate false signals of recurrence. To account for this, we set a threshold



60 Detection and analysis of recurrent inversion polymorphisms in human genomes

For each single-cell

Ground/normal strand-states from MosaiCatcher

For each single-cell

For each sample

-

1

2 3

Recurrent

Identify tiSNPs

Single-event

45

Figure 4.4: Workflow of the tiSNPs-based approach for Strand-seq data.

requiring each SNP-inversion allele configuration to be observed at least three times. Inother words, for a SNP to qualify as a tiSNP, each allele must be supported by at least threereads in both the inverted and non-inverted orientations (Figure 4.4 4).
Final verdict on recurrence

For a quantitative assessment, both the number and the positions of tiSNPs across the locusare recorded. The presence of at least one tiSNP within the inverted locus is interpretedas “evidence” of inversion recurrence. The strength of this evidence is further evaluatedbased on the frequency and distribution of tiSNPs across the inverted region. Specifically,a high proportion of tiSNPs—relative to the total number of analyzed SNPs—distributedthroughout the entire locus, serves as a strong indicator of inversion recurrence. Given thesubstantial variability in the architecture of inverted loci, the definition of what constitutesa “high fraction of tiSNPs” is left as a user-defined parameter. The additional requirement
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for tiSNPs to be spread across the entire locus helps filter out cases where the recurrencesignal may actually originate from another variant within the inverted region. Addition-ally, in combination with independent assessment of each SNP, it helps to distinguish truerecurrence from recombination or gene conversion events, which could otherwise producesimilar signals (Figure 4.4 5).
As previously mentioned, this approach was developed and tested using Strand-seq data,but it can be readily applied to other types of sequencing data, such as long reads or fullyphased assemblies. In these alternative settings, however, the method requires both phasedSNP genotypes and phased inversion genotypes as input.
4.3 Performance Evaluation and Results

We used the SNP callset from New York Genome Center (ftp://ftp.1000genomes.ebi.ac
.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202

_phased/) for the tiSNPs-based analysis presented in this study [13]. After filtering out rareSNPs (AF <5%, as described in Section 4.2), we analyzed 252 out of 279 “balanced” inver-sions located on autosomes and the X chromosome from the callset described in Chapter 3,Section 3.3.2. At least one tiSNP was detected in 49 of the analyzed loci. To further investi-gate these candidate recurrent inversions, we conducted a series of validation experiments,described in the subsequent sections.
4.3.1 Influence of flanking inverted repeats on inversion recurrence

A key factor distinguishing recurrent from non-recurrent inversions is their flanking se-quence architecture. Similar to other classes of recurrent SVs (Section 1.4.2), NAHR betweenflanking inverted repeat sequences is hypothesized to be the primary driver of inversion re-currence [32]. Accordingly, it is hypothesized that length of the flanking repeats positivelycorrelates with the frequency of NAHR [63, 66] (Section 1.4.3).To evaluate whether our tiSNPs-based classification aligns with this mechanistic model,we tested whether inversions identified as recurrent (that is, containing ≥1 tiSNP) tendto have longer flanking inverted repeat sequences than single-event inversions. To focus oninversion-mediating repeats, we analyzed a 70 kbp flanking window, which included 10 kbpinside each annotated inversion breakpoint. We extracted nucleotide sequences from bothflanks using the GRCh38 reference genome and estimated the length of inverted repeatsusing dot plot alignments. A comparison of the fraction of tiSNPs between recurrent andsingle-event inversions, in relation to flanking inverted repeat length (Figure 4.5), revealeda clear pattern:
• Inversions showing evidence of recurrence were enriched for longer flanking invertedrepeats, with the fraction of tiSNPs increasing as repeat length increased.

ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_phased/
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_phased/
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_phased/
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Figure 4.5: Flanking inverted repeat length versus fraction of tiSNPs. Plot showing re-lationship between the fraction of tiSNPs (vertical axis) observed at each locus and length ofthe inverted repeat at its flanks (horizontal axis). The points where the fraction of tiSNPs=0are jittered in the downwards direction for better visualization. This plot is based on 252balanced inversions tested for recurrence using the tiSNPs-based approach. For inversionswhere the tiSNPs-based approach detects evidence of recurrence, an enrichment for longerflanking inverted repeats is observed. Moreover, with increasing length of the flanking in-verted repeats, the fraction of tiSNPs clearly appears to increase.
• Inversions without any recurrence signal were more frequently associated with shorterflanking inverted repeats.

These findings indicate that inversions detected as recurrent by the tiSNPs-based methodare structurally conforming to NAHR-mediated recurrence requirements, reinforcing themethod’s validity.
4.3.2 Influence of inversion length on inversion recurrence

A crucial aspect of the quality assessment was to rule out the possibility of the recurrencesignal being driven by the inversion length. Since longer inversions tend to contain moreSNPs, they inherently have a higher likelihood of showing a recurrence signal compared toshorter inversions with fewer SNPs. Additionally, flanking inverted repeat length is believedto be directly correlated with inversion length [13]. To statistically rule out inversion length
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as a potential confounder, we used a multiple linear regression model. This model expressedthe fraction of tiSNPs as a function of:

• inversion length
• length of the longest flanking inverted repeat
• major allele frequency (MAF)

We included MAF in the model because inversions with rare alleles have reduced statisticalpower to detect recurrence compared to inversions with more balanced allele frequencies.The regression results clearly indicated that the recurrence signal, that is, the fraction oftiSNPs is primarily being influenced by the length of flanking inverted repeats and majorallele frequency (β=6.694×10−4, p=7.5×10−4 and β=-1.032×10−1, p=2.65×10−6, re-spectively). Importantly, inversion length was observed to have no significant influence(β=4.817×10−7, p=8.35×10−1).To incorporate an additional layer of validation and assess the robustness of the methodto varying allele frequency thresholds used for SNP filtering, we performed the analysisusing SNP sets obtained using different allele frequency cutoffs (ranging from no filtering toSNPs with AF≥ 3, 5, 10, 15, 20%). The results from the regression model (described above),applied separately to each SNP set, consistently demonstrated that flanking inverted repeatlength and major allele frequency were the primary factors driving the recurrence signal,further confirming the method’s reliability and robustness.
4.3.3 Phylogenetic validation

In theory, if an inversion has occurred independently in different haplotype backgrounds,sequence-based clustering would group inverted and non-inverted haplotypes together. Incontrast, if the inversion arose only once, we would expect a clear separation between in-verted and non-inverted haplotypes in the clustering. To assess whether the loci identifiedas recurrent through the tiSNPs-based approach exhibit this pattern, we applied centroidhierarchical clustering to generate locus-specific phylogenetic trees based on SNP haplo-types, distinguishing ancestral and derived SNP alleles as determined using the Chimpanzeegenome (PanTro6). Moreover, from a mechanistic perspective, if a locus toggled in orien-tation multiple times, evidence of recurrence should be evenly distributed across the entirelocus. Otherwise, it becomes challenging to differentiate true inversion recurrence fromrecombination patterns. To validate the observed results from this perspective, we addi-tionally generated phylogenetic trees independently for the right, middle and left thirds ofeach analyzed locus. Although tiSNPs-based approach implicitly produces SNP genotypeinformation, the sparse nature of Strand-seq data renders these haplotypes unsuitable fordirect visualization. To address this, we employed the “integrative phasing” strategy of-fered by WhatsHap [46] to incorporate haplotype information available from PacBio reads(HiFi: 14 samples, CLR: 30 samples) into the sparse Strand-seq derived haplotypes. The
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Figure 4.6: Single-event inversion at 17q21. A. Left: Chromosome ideogram showingposition of the inverted locus. Middle: Centroid hierarchical-clustering based dendrogramshowing relationships among inverted and non-inverted SNP haplotypes shown on the right.Right: Ancestral (blue) versus derived (orange) SNPs, determined using the Chimpanzeegenome (PanTro6). Top: Regions with≥75% mappability are marked in purple. Histogramsshow the distribution of SNPs (no tiSNPs in this case) across the locus. B. Phylogenetic treesconstructed independently for the right, middle and left thirds of the locus, each mirroringthe single-event pattern depicted by the tree constructed for the entire locus.
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Figure 4.7: Recurrent inversion at 8p23.1. A. Left: Chromosome ideogram showingposition of the inverted locus. Middle: Centroid hierarchical-clustering based dendrogramshowing relationships among inverted and non-inverted SNP haplotypes shown on the right.Right: Ancestral (blue) versus derived (orange) SNPs, determined using the Chimpanzeegenome (PanTro6). Top: tiSNPs track shown in black. Regions with ≥75% mappability aremarked in purple. Histograms show the distribution of toggling vs non toggling-indicatingSNPs. Because of the massive size of the 8p23.1 inversion, only a 100 kbp distal region(chr8:8225000-8301024) of the inverted locus is shown in this part of the figure. B. Phy-logenetic trees constructed independently for the right, middle and left thirds of the entire8p23.1 inversion locus. Inverted and non-inverted haplotypes can be seen clustering to-gether in each tree, with tiSNPs distributed across the whole locus.
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resulting integrated haplotypes were then used for tree construction and the visualizationsdepicted in Figures 4.6, 4.7 and 4.9.As a negative control, we analyzed the 706 kbp inversion located on 17q21.31, exhibitingan allele frequency of 11% in our inversion callset. This inversion has been hypothesized,by multiple studies, to have occurred only once in the last 2.3 million years [32, 34, 76]. Inline with this expectation, none of the 3,834 analyzed SNPs within this locus were identifiedas tiSNPs. The hierarchical clustering-based phylogenetic tree for this locus showed that allinverted haplotypes formed a distinct cluster, clearly separated from the non-inverted haplo-types (Figure 4.6A). This pattern remained consistent across trees generated independentlyfor different segments of the locus (Figure 4.6B).As a positive control, we selected the 5.3 Mbp inversion located at chromosome 8p23.1which exhibited an allele frequency of 50% in our callset and has previously been reportedto undergo recurrence [77, 142]. In contrast to the 17q21.31 inversion, 1,366 out of 14,801SNPs (9.2%) were identified as tiSNPs, spanning the entire locus. The phylogenetic treesconstructed for this region further supported the multiple occurrence of this inversion eventin different haplotype backgrounds, as inverted and non-inverted haplotypes appeared to-gether within similar clusters (Figure 4.7).Cumulatively, the findings from all analyzed cases demonstrated that loci with a highproportion of tiSNPs evenly distributed across the locus exhibited clustering patterns inwhich inverted and non-inverted haplotypes did not form distinct, separate groups, whetherconsidering the entire locus or its individual subsections, conforming to the expected phy-logenetic pattern for a recurrent event.
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The following sections mention some of the work contributed by co-authors of the study [13]. The
haplotype-based approach was developed and employed by PingHsun Hsieh and Matthias Stein-
rücken. Pille Hallast analyzed inversion recurrence on chromosome Y. David Porubsky computed
the overlap between inversions and morbid CNVs. Wolfram Höps analyzed the SD-architectural
changes around inversions using phased assemblies.

4.3.4 Orthogonal support and downstream analyses

As mentioned previously, we additionally developed a complementary haplotype-based ap-proach for inversion recurrence detection. This approach utilizes phylogenetic analyses,including haplotype-based PCA and ancestral recombination graph reconstruction, to esti-mate inversion recurrence rates [13]. Due to mappability-based SNP filtering, this approachcould be applied to 127 balanced autosomal and X-chromosomal inversions from our callset.While the tiSNPs-based approach could analyze 252 loci, we restricted our downstream anal-yses to the 127 loci that could be tested by both methods for highly reliable findings. Ofthe 34/127 loci identified as recurrent using the tiSNPs-based detection approach, all but 2(94%) were also classified as recurrent by the haplotype-based method. We observed that52% (66/127) of inversions showed evidence for inversion recurrence by at least one ofthe two approaches. Both methods agreed in 93 out of 127 cases, with 32 (34%) classi-fied as “recurrent” (Table 4.1) and 61 as “single-events”. The inversion rates estimated bythe haplotype-based approach ranged from 3.4×10−6 to 1.4×10−4 (median=1.2×10−5).Based on the inferred phylogenetic tree (for 100 kbp distal region, due to size limitation),the haplotype-based method identified 15 independent inversion events for the 8p23.1 in-version with a mutation rate of 1.11×10−4 inversions per generation—equivalent to oneinversion per 10,000 parent to child transmissions. To put this into perspective, this muta-tion rate is four orders of magnitude higher than that observed for SNPs [39]. In contrast,we predicted that the 17q21.31 locus has undergone a single inversion event with a calcu-lated mutation rate of 3.47×10−6. These observations, on he one hand, indicate extensiveinversion toggling in humans and on the other hand, demonstrate the substantial variationbetween inversion rates observed across different loci.In line with the hypothesized NAHR mechanism, we observed that 72% (23/32) of theidentified recurrent inversions have ≥10 kbp of flanking inverted repeats with ≥79% se-quence identity as determined using the dot plot alignments of the flanking sequences (Sec-tion 4.3.1, Table 4.1). To statistically assess the influence of repeat length and sequence iden-tity on inversion recurrence using the subset of 127 inversions analyzed by both approaches,we computed the correlation between them and observed that both length of the flankinginverted repeat (Pearson’s correlation: 0.51; p=1.7×10−7) and its sequence identity (Pear-son’s correlation: 0.39; p=1.3×10−4) positively correlate with inversion recurrence status(Figure 4.8A, B). However, flanking inverted repeat length and sequence identity themselvesappeared to be strongly correlated (Pearson’s correlation: 0.63; p=1×10−11), suggesting apotential confounding effect (Figure 4.8C). To account for this, we used a multivariate lo-
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Figure 4.8: Inverted repeat length and sequence identity vs inversion recurrence.Relationship between inversion recurrence status determined by the tiSNPs-based approachand the haplotype-based approach for the consensus set of 93 balanced inversion loci. Bluelines and gray areas are regression lines and their 95% confidence areas, respectively (p-values based on Pearson’s correlation).
gistic regression model using inversion length, flanking inverted repeat length and sequenceidentity as variables, which confirmed that the primary driver for inversion recurrence sta-tus is flanking inverted repeat length (p=7.2×10−3), while neither repeat sequence identitynor inversion length showed any significant influence (p=3.1×10−1 and p=8.6×10−1, re-spectively). Given that length of the inverted repeat is the key parameter facilitating NAHR[63], these observations alongside the results described in Sections 4.3.1 and 4.3.2, supportthe hypothesis implicating NAHR as the main driver of inversion recurrence.One particularly noteworthy recurrent candidate was the 169 kbp inversion at chromo-some 11p11. The tiSNPs-based approach detected 54 (of 389, that is, 14%) tiSNPs, dis-tributed across the entire inversion, with phylogenetic trees conforming to the pattern ex-pected for a recurrent inversion (Figure 4.9). The haplotype-based approach predicted eightindependent inversion events for this locus with the inversion rate estimated as 4×10−5.Furthermore, we observed that six out of 32 recurrent inversions have been reported tohave recurred also in great apes [31], suggesting that inversion recurrence is an ancient andwidespread phenomenon in both humans and their close relatives.While the haplotype-based approach could not analyze Y-chromosomal inversions due toits SNP filtering strategy [13], the consensus between the two complementary approachesfocused on autosomal and X-chromosomal inversions only. However, we independentlyanalyzed 11 balanced Y-chromosomal inversions for recurrence, using chromosome Y phy-logenetic trees and identified eight of them as recurrent, with inversion rates ranging from1.07×10−4 to 2.68×10−4 per father-to-son transmission. Additionally, we observed thatsex chromosomes are significantly enriched for recurrent inversions compared to autosomes(chi-squared test, p=1.2×10−4 and p=6.6×10−3, for X and Y, receptively), with 45% of allrecurrent loci identified in our study located on the sex chromosomes. All 40 recurrentinversions, identified in our study, cumulatively cover about 0.6% of the human genome.



4.3 Performance Evaluation and Results 69
Ch

r
ba

nd
Po

si
ti

on
Si

ze
(k

bp
)

In
ve

rt
ed

A
F

FI
R

si
ze

(k
bp

)
FI

R
id

en
ti

ty
(%

)
M

or
bi

d
CN

V
s

ti
SN

Ps
R

ec
ur

re
nt

ev
en

ts
[.

95
CI

]
In

ve
rs

io
n

ra
te

(×
10

−
4
)[

.9
5

CI
]

chr1
p36.

21
chr1

:131
0425

2-13
1225

21
18.3

0
0.69

60.0
0

95
-

4(2.
47%

)
13[7

.00,
13.7

5]
1.02

[0.27
2,1.

21]
chr1

0q11
.22

chr1
0:46

9834
51-4

7468
232

484.
80

0.09
0.42

61
-

41(4
.64%

)
7[5.

00,7
.00]

0.59
[0.32

6,0.
799]

chr1
1p11

.12
chr1

1:50
1549

99-5
0324

102
169.

10
0.40

41.7
2

95
-

54(1
3.88

%)
8[6.

15,9
.00]

0.4[
0.32

8,0.
571]

chr1
5q13

.2-13
.3

chr1
5:30

6181
03-3

2153
204

1,53
5.10

0.11
0.34

74
15q1

1.2,
15q1

3.3,
15q2

6
6(0.

17%
)

4[2.
00,7

.00]
0.27

8[0.
0895

,0.6]
chr1

5q25
.2

chr1
5:84

3733
75-8

4416
696

43.3
0

0.56
34.2

2
99

15q2
6

5(3.
45%

)
9[5.

30,1
0.00

]
0.52

9[0.
301

,0.69
3]

chr1
6p12

.3
chr1

6:16
7212

73-1
8073

542
1,35

2.30
0.08

0.37
66

ATR
-16

5(0.
13%

)
4[3.

00,5
.00]

0.28
7[0.

15,0
.484

]
chr1

6p12
.1-11

.2
chr1

6:28
4718

92-2
8637

651
165.

80
0.36

23.5
3

98
ATR

-16,
16p1

1.2-p
12.2

4(1.
19%

)
6[3.

27,6
.00]

0.48
4[0.

264
,0.66

1]
chr2

p11.
1

chr2
:918

3204
0-92

0126
63

180.
60

0.41
48.3

1
99

-
10(6

.8%)
19[1

0.62
,19.3

8]
1.41

[0.93
1,1.

85]
chr2

q11.
1-11

.2
chr2

:958
0019

1-96
0244

03
224.

20
0.08

49.0
2

96
2q11

.2-de
letio

n
3(1.

59%
)

4[2.
38,5

.00]
0.40

8[0.
234

,0.68
1]

chr3
q29

chr3
:195

7494
63-1

9598
0207

230.
70

0.26
0.36

73
3p25

.3,3
q29

34(4
.22%

)
5[3.

00,9
.00]

0.42
2[0.

229
,0.83

7]
chr7

p22.
1

chr7
:598

9046
-673

5643
746.

60
0.10

60.0
4

98
-

33(1
.75%

)
7[6.

00,8
.00]

0.50
6[0.

314
,0.81

5]
chr7

q11.
1

chr7
:609

1189
1-61

5780
23

666.
10

0.52
33.6

6
99

-
100

(13.7
7%)

16[1
4.10

,20.0
0]

0.65
4[0.

49,0
.869

]
chr7

q11.
21

chr7
:652

1915
7-65

5318
23

312.
70

0.33
15.0

2
97

-
1(0.

13%
)

5[3.
00,8

.00]
0.31

8[0.
167

,0.66
3]

chr7
q11.

23
chr7

:731
1398

9-74
7990

29
1,68

5.00
0.05

0.75
80

WBS
19(0

.93%
)

3[2.
00,4

.00]
0.26

2[0.
136

,0.43
3]

chr7
q11.

23
chr7

:748
6995

0-75
0580

98
188.

10
0.10

43.3
2

95
-

1(0.
53%

)
6[1.

90,6
.00]

0.57
[0.12

6,0.
779]

chr8
p23.

2
chr8

:234
3351

-237
8385

35.0
0

0.51
55.8

8
99

8p23
.1

32(1
2.36

%)
17[3

.40,
17.0

0]
1.13

[0.33
,1.53

]
chr8

p23.
1

chr8
:730

1024
-125

9837
9

5,29
7.40

0.50
1.04

86
8p23

.1
1366

(9.23
%)

15[4
.75,

17.0
0]

1.11
[0.22

8,1.
6]

chr1
p13.

3
chr1

:108
3106

42-1
0838

3736
73.1

0
0.57

60.0
1

99
1p36

3(1.
44%

)
5[5.

02,5
.97]

0.18
4[0.

184
,0.19

4]
chr1

1q14
.3

chr1
1:89

9206
23-8

9923
848

3.20
0.53

48.7
0

99
-

3(25
%)

5[5.
05,6

.95]
0.33

6[0.
338

,0.41
1]

chr1
6p13

.11
chr1

6:14
9547

90-1
5100

859
146.

10
0.77

33.4
3

79
ATR

-16,
16p1

3.11
5(2.

23%
)

3[3.
00,8

.00]
0.26

4[0.
191

,0.83
2]

chr7
q11.

21
chr7

:622
9067

4-62
3631

43
72.5

0
0.42

19.5
8

96
-

12(5
.08%

)
10[5

.50,
10.9

0]
0.89

2[0.
598

,0.89
6]

chr7
q11.

21
chr7

:624
0848

6-62
4564

44
48.0

0
0.57

2.90
71

-
12(5

.91%
)

18[9
.12,

19.0
0]

0.94
2[0.

458
,1.24

]
chrX

q22.
2

chrX
:103

9894
34-1

0404
9428

60.0
0

0.63
49.5

2
94

-
2(2.

67%
)

5[2.
22,5

.00]
0.58

[0.30
8,0.

651]
chrX

q28
chrX

:149
5994

90-1
4965

5967
56.5

0
0.08

0.12
62

-
3(5.

17%
)

3[2.
00,3

.00]
0.35

1[0.
234

,0.47
]

chrX
q28

chrX
:149

6810
35-1

4972
2249

41.2
0

0.61
28.3

7
98

-
7(15

.56%
)

9[7.
25,9

.88]
0.85

[0.78
,1.21

]
chrX

q28
chrX

:153
1497

48-1
5325

0226
100.

50
0.60

42.8
8

99
-

46(2
0%)

6[6.
00,6

.00]
0.57

3[0.
401

,0.62
4]

chrX
q28

chrX
:154

3472
46-1

5438
4867

37.6
0

0.44
11.3

9
98

Xq28
1(2.

13%
)

4[4.
00,4

.92]
0.61

3[0.
542

,0.93
6]

chrX
q28

chrX
:154

5913
27-1

5461
3096

21.8
0

0.43
35.7

4
99

Xq28
1(5.

56%
)

3[3.
00,5

.85]
0.49

5[0.
475

,0.78
5]

chrX
q28

chrX
:155

3867
27-1

5545
3982

67.3
0

0.15
50.5

8
98

-
1(1.

25%
)

5[5.
00,5

.00]
0.57

7[0.
447

,0.65
9]

chrX
p11.

22
chrX

:520
7712

0-52
1769

74
99.9

0
0.36

36.4
1

99
SHO

X,Xp
11.2

2-p1
1.23

14(4
.71%

)
6[5.

40,1
1.00

]
0.54

2[0.
233

,1.03
]

chrX
q13.

1-13
.2

chrX
:729

9777
2-73

0774
79

79.7
0

0.20
9.60

98
SHO

X,ST
S

16(1
3.11

%)
6[2.

60,6
.00]

0.54
8[0.

288
,0.59

8]
chrX

q28
chrX

:152
7297

53-1
5273

8707
9.00

0.40
51.1

6
98

-
5(12

.5%)
5[5.

05,6
.95]

0.55
9[0.

352
,0.55

3]
1 FIR,

flank
ingi

nver
tedr

epea
t.

2 CI,c
entra

linte
rval.

3 Num
bero

frec
urren

teve
ntsa

ndin
versi

onra
tesa

reca
lcula

tedb
ythe

hapl
otyp

e-ba
seda

ppro
achd

evise
dby

Ping
Hsun

Hsie
han

dMa
tthia

sSte
inrüc

ken.
Ta

bl
e

4.
1:

R
ec

ur
re

nt
in

ve
rs

io
ns

in
th

e
hu

m
an

ge
no

m
e.

32in
versi

onlo
cifo

und
tobe

recu
rrent

byb
otht

heti
SNPs

and
theh

aplo
type

-
base

dap
proa

ches
.



70 Detection and analysis of recurrent inversion polymorphisms in human genomes

Figure 4.9: Recurrent inversion at 11p11. A. Left: Chromosome ideogram showing po-sition of the inverted locus. Middle: Centroid hierarchical-clustering based dendrogramshowing relationships among inverted and non-inverted SNP haplotypes shown on the right.Right: Ancestral (blue) versus derived (orange) SNPs, determined using the Chimpanzeegenome (PanTro6). Top: tiSNPs track shown in black. Regions with ≥75% mappability aremarked in purple. Histograms show the distribution of toggling vs non toggling-indicatingSNPs. B. Phylogenetic trees constructed independently for the right, middle and left thirdsof the whole 11p11 inversion locus. Inverted and non-inverted haplotypes can be seen clus-tering together in each tree, with tiSNPs distributed across the whole locus.
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4.3.5 Recurrent inversions and disease-associated copy number variations

Another interesting aspect related to inversion recurrence is its potential relationship withdisease-associated copy number variations (morbid CNVs), also believed to be mediated byNAHR (discussed in detail in Section 1.5.1). We performed an enrichment analysis usingmorbid CNVs from the Decipher database [143] and observed that the balanced inversionsincluded in our callset, appeared to be significantly co-localized with morbid CNV regions(14% overlap, 2-fold enrichment compared to randomized loci). Notably, when consideringonly recurrent inversions, the enrichment was even higher (5-fold enrichment, 31% over-lap), suggesting a potential association between recurrent inversions and morbid CNVs.One notable case within this overlap was the inversion overlapping the 7q11.23 dele-tion/duplication region also known as the Williams-Beuren syndrome (WBS) critical region.It had previously been reported that an inversion predisposes this region to disease forma-tion [33], however, the mutational recurrence of this inversion was previously unknown.We found that this inversion has toggled at least thrice over the course of evolution withan inversion rate of 2.6×10−5, with 19 tiSNPs distributed across this locus. Further studiesin patient cohorts may provide insight into whether a subset of these haplotypes act as apre-mutational state for the syndrome.Additionally, we analyzed the SD-architecture around inversions using phased assem-blies and observed that a recurrent inversion overlapping the 3q29 critical region, may playa protective role by reorienting the morbid CNV triggering SDs in an inverted orientation.We also observed complex haplotype structures for recurrent inversions overlapping the7q11.23 (WBS) and 15q13.3 microdeletion regions, leading to the hypothesis that theseinversions could act as both pre-mutational and protective, depending on whether they re-orient the SDs in same or opposite orientation, respectively (Figure 1.6).
4.4 Discussion

This chapter primarily focuses on the tiSNPs-based approach for detecting inversion recur-rence, developed as part of a collaborative effort to study recurrent inversion polymorphismsacross human populations [13]. Alongside this approach, a complementary haplotype-basedapproach utilizing phylogenetic analysis contributed to the identification of 32 autosomaland X-chromosomal recurrent inversions. Additionally, an analysis of the Y-phylogenetictrees led to the identification of eight recurrent inversions on the Y chromosome. Together,these 40 recurrent inversions span about 0.6% of the human genome. One of the novel con-tributions of our study is the quantification of the extent of inversion toggling across humanpopulations, with recurrence rates ranging from 3.4×10−6 up to 1.4×10−4. Notably, sixof the identified recurrent loci have previously been reported to exhibit toggling in greatapes [31]. These findings suggest that inversion recurrence is a more prevalent mutationalprocess compared to other types of genomic variation and has been continuously occurringnot only in humans but also in their close relatives for at least the past 15 million years.
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We observed a notable enrichment of recurrent inversions on the sex chromosomes, whichcan potentially be attributed to NAHR- or NHEJ-mediated repair mechanisms outside theXY-homologous pseudoautosomal regions.With a comprehensive set of inversions and their recurrence status, we were able tofurther explore the relatively understudied relationship between inversions and pathogeniccopy number variations. Our analysis revealed that the previously established link betweeninversions and morbid CNVs [26, 29, 33, 34, 144] is primarily driven by recurrent inversions.A particularly notable example is the inversion overlapping the 7q11.23 WBS critical region,which is known to predispose carrying individuals to disease [33]. This inversion was iden-tified as a novel recurrent candidate by both of our recurrence detection approaches. Onepossible explanation for the relationship between recurrent inversions and morbid CNVs canbe that inversion recurrence increases the number of heterozygous inversion carriers in thepopulation. Since heterozygous inversions suppress homologous recombination [145], thecellular machinery is forced to rely on error-prone non-homologous repair mechanisms toresolve DNA breaks, thereby increasing the likelihood of deletion and duplication events.This hypothesis is supported by the increased occurrence of inverted duplication and dele-tion events observed at the 8p23.1 locus, linked to suppressed homologous recombination[146–148]. Interestingly, we found the inversion traversing this locus, showing an AF of50% in our callset, to have recurred at least 15 times.Another key factor influencing this relationship could be the alteration of the SD land-scape surrounding the inversion due to its repeated toggling, potentially involving differentbreakpoints. We performed a structural analysis of the flanking region of inversions over-lapping the 7q11.23, 3q29, and 15q13.3 critical regions, which suggested that the highlyrepetitive SD architecture around these inversions creates an ideal environment for NAHR,and consequently, independent mutation events. The impact of these inversions on diseasesusceptibility depends on how the relative orientation of involved SDs changes within theresulting haplotype. In some cases, an inversion may increase disease risk, while in others,it may offer a protective effect. Notably, for loci exhibiting extensive structural diversity attheir flanks, a recurrent inversion could act as protective in certain haplotypes while playinga pre-mutational role in others. With advancements in long-read sequencing technologiesand the availability of more refined genome assemblies, providing improved breakpoint res-olution, future studies could analyze these loci in patient cohorts with greater precision. Thiscould enable the identification of haplotypes that predispose to or protect against disease,offering new insights into the role of recurrent inversions in disease susceptibility.In summary, this chapter highlights the widespread yet understudied phenomenon ofinversion recurrence in the human genome and describes some of the work we have under-taken in this area [13]. By developing two orthogonal but complementary approaches toidentify inversion recurrence, we were able to confidently determine the recurrence statusand mutation rates of the analyzed loci. However, considering only the results where twoapproaches (with different sensitivities) agree, can lead to an underestimation of the true ex-
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tent of inversion recurrence. Specifically for the tiSNPs-based approach, the extreme sparse-ness of Strand-seq data can be a limitation. Moreover, since both methods rely on SNPs forrecurrence detection, they inherently have reduced power for detecting recurrence in lociwith few SNPs. Additionally, the analyses presented in this chapter are based on a dataset of41 unrelated samples—a relatively small cohort, particularly for studying population-scalepatterns. Owing to that, we use the term “single-event” rather than “non-recurrent” forloci without evidence of recurrence, acknowledging that expanding the dataset with morediverse populations would not only extend the catalog of known inversions but also likelyreclassify many (currently) “single-event” loci as “recurrent”. Recent advances in the fieldof pangenomics and the release of the first human pangenome [35], have created new op-portunities to achieve this goal. The improved sequence resolution and increased structuraldiversity captured by a pangenome allow for a more thorough characterization and deeperunderstanding of inversion recurrence on a larger scale. With this in mind, we have de-veloped a pangenome-friendly recurrence detection method, Pivot, described in detail inChapter 5, that addresses some of the limitations of the methods discussed in this chapterwhile leveraging the depth of genomic diversity offered by a pangenome.
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Chapter 5

Pivot: Pangenome based analysis of
Inversion Toggling

This chapter introduces Pivot, a pangenome-friendly version of the tiSNPs-based approach for
inversion recurrence detection described in Chapter 4. The content presented in this chapter is
entirely my own work and has not been published yet.

5.1 Motivation

As discussed in Chapter 4, NAHR-mediated inversion recurrence is a widespread phenomenonthat has occurred throughout primate evolution [13, 31]. Numerous studies have establisheda connection between recurrent inversions and genomic regions associated with disease-causing microdeletions and microduplications [13, 26–32]. Chapter 4 presents our inves-tigation of this phenomenon within a framework using a linear reference genome [13].Specifically, we introduced two complementary approaches for detecting inversion recur-rence: a haplotype-based method that employs phylogenetic and coalescent-based recombi-nation graph analyses to infer inversion recurrence, and a toggling-indicating SNPs-basedapproach that scans inverted regions for SNPs discrepant with a single inversion origin [13].Both methods are reference genome dependent: the former relies on phased SNPs derivedfrom the integration of Strand-seq and PacBio data, while the latter utilizes Strand-seq readalignments and SNP calls relative to the reference genome [13]. Furthermore, both methodsexclusively consider SNPs located within an inversion to assess its recurrence status. Con-sequently, their sensitivity is reduced when analyzing small inversions or inversions withfewer SNPs.This chapter introduces a novel inversion recurrence detection approach, Pivot, which isa modified and extended version of the tiSNPs-based method and operates within a pange-nomic framework, thereby eliminating reference bias. Rather than relying solely on SNPs,Pivot examines all genetic variants within and surrounding an inverted locus to identify evi-dence of recurrence, thereby increasing its detection power relative to previous approaches.
75
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Additionally, Pivot does not require SNP or other variant genotypes as input; instead, itworks solely with a pangenome graph. In this way, Pivot addresses the limitations of previ-ous approaches while leveraging the extensive genomic variation captured by a pangenome.The graphs generated using the latest high-quality, nearly complete genome assemblies [15],which resolve large inversions that were previously unresolved, present a unique opportu-nity to analyze inversion recurrence.
5.2 Algorithmic overview

5.2.1 Locating the inverted region in a pangenome

To assess the recurrence of an inversion event using a pangenome graph, the first step isto locate the corresponding region within the graphical structure. Given annotated inver-sion breakpoints, we can locate this region within the haplotype where the inversion wasoriginally detected. For ease of understanding, we refer to this haplotype as the “refer-ence” haplotype. However, determining the similar region across all other haplotypes inthe pangenome is nontrivial due to the absence of haplotype-specific breakpoints. As dis-cussed in Chapters 3 and 4, the flanking sequences of an inverted region play a crucial rolein its recurrence. These sequences also contain information about unique characteristicsof the specific inversion. Figure 5.1A illustrates a schematic representation of a simple in-version within a pangenome graph, where the inverted region forms a loop-like structure.The flanking inverted repeats serve as entry and exit paths, allowing different haplotypesto traverse the loop in distinct orientations depending on whether they carry the referenceor inverted allele (for example, the blue and orange paths in Figure 5.1A). When this loopstructure is represented as linear graph paths, specific nodes, which we refer to as “anchornodes”, appear on both the left and right sides of the inverted region, in opposite traversalorientations. Pivot identifies these nodes by scanning the inversion flanks in the graph pathof the reference haplotype. In addition to anchor nodes, Pivot tracks unique nodes, termedas “safe nodes”, across all haplotypes. Both anchor and safe nodes are formally defined asfollows:Let:
• G = (V,E) be a bidirected graph, where:

– V is a set of nodes, each with two possible traversal orientations (sides): forward
(+) and reverse (−). Each node is represented as a tuple (v, o), where v indicatesthe node ID and o represents the traversal orientation.

– E ⊆ {((u, ou), (v, ov)) | u, v ∈ V ; ou, ov ∈ {+,−}} is a set of edges connectingnodes.
• A haplotype path through G is defined as a sequence P = [(v1, o1), (v2, o2), . . . , (vn, on)]of n ∈ N nodes, where:
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– ∀i ∈ {1, . . . , n}, vi ∈ V and oi ∈ {+,−}.
– ∀i ∈ {1, . . . , n− 1}, ((vi, oi), (vi+1, oi+1)) ∈ E.

• Let P = {P1, P2, . . . , Pm} be a set of m haplotype paths through G.
• Let Pr ∈ P be the reference haplotype path.
• For any path P = [(v1, o1), . . . , (vn, on)] and any node v ∈ V , define:

countP (v,+) = |{i ∈ {1, . . . , n} | vi = v and oi = +}|

countP (v,−) = |{i ∈ {1, . . . , n} | vi = v and oi = −}|

countP (v) = |{i ∈ {1, . . . , n} | vi = v}|

• Let W ⊆ V be the set of nodes in a user-specified window in the reference path Pr.
• Let l ∈ N be a user-defined minimum length threshold for safe nodes.

Then:
v ∈W is an anchor node ⇐⇒ countPr(v,+) ≥ 1 ∧ countPr(v,−) ≥ 1

v ∈ V is a safe node ⇐⇒ (∀Pk ∈ P, countPk
(v) = 1 ∧ length(v) ≥ l)

That is, an anchor node is a node traversed by the reference haplotype path, both upstreamand downstream of the inverted locus, with opposite traversal orientations, while a safenode is a node that represents a sequence longer than a specified value and is traversed byeach haplotype path represented in the pangenome graph exactly once.The anchor nodes represent the SDs flanking the inversion and allow localization of theinverted region in haplotypes lacking precise breakpoint coordinates. Given that inversionlength positively correlates with the length of the flanking inverted repeat [13], and thatrepeat structures vary significantly across loci, the length of the search window for anchornodes is set as a user-defined parameter. The node IDs and corresponding traversal orienta-tions for safe nodes are recorded with respect to the reference haplotype path (Figure 5.1).Additionally, each safe node is annotated with its relative position to the inverted locus—that is, left or right—in the reference haplotype. Since node lengths can vary dependingon graph construction parameters and used assemblies, in certain cases, there might be nonodes matching the safe nodes minimum length criterion. As a solution, Pivot allows usersto provide upper and lower bounds for the minimum length. It begins the safe node search atthe upper bound and iteratively reduces the threshold until qualifying safe nodes are foundor the lower bound is reached. Once anchor and safe nodes are identified, Pivot locates theinverted locus across all haplotypes in the pangenome graph by screening haplotype pathsfor the anchor node structure. In cases where assembly breaks result in multiple contigscovering a region, Pivot extracts relevant segments from each contig using anchor nodes
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and concatenates them to construct a “pseudo-contiguous” path, as described in the nextsection.
5.2.2 Synchronizing the region of interest across the whole haplotype panel

Pivot operates using the Graphical Fragment Assembly (GFA) format representation of thegraph. The contigs reported in a GFA file are not necessarily orientation-wise synchronizedwith each other. In other words, if a specific genomic region is extracted from two differentcontigs and the extracted sequences appear to be in opposite orientations, it is not possibleto determine—based solely on the sequences—whether they are truly inverted with respectto each other or if one of the paths is simply reported as the reverse complement in the GFA.While anchor nodes facilitate the extraction of the region of interest across all haplotypesin the pangenome, the orientation of the extracted paths must be synchronized before fur-ther analysis. This is where safe nodes play a crucial role. Pivot looks beyond the anchorstructure surrounding the inversion in non-reference haplotypes and attempts to locate thenearest safe nodes on either side of the inversion. Since safe nodes occur exactly once in eachhaplotype and reside outside the inverted region, they provide a reliable reference for orien-tation alignment. If two contigs are reported in the same orientation, the traversal directionand relative position (left/right) of the safe nodes should be consistent. Pivot leverages thisproperty to compare the occurrence pattern of safe nodes in each non-reference haplotypeagainst the reference haplotype, ensuring that all extracted haplotype paths are correctlyoriented (Figure 5.1B).For example, consider a reference haplotype where S1 represents a safe node traversedin forward orientation (+) and located on the left side of the annotated inversion while S2represents another safe node traversed in reverse orientation (-) and located on the rightside of the annotated inversion. The possible scenarios for other haplotypes, as illustratedin Figure 5.1B, are as follows:
1. The extracted path has the same position and direction for both safe nodes as thereference haplotype. In this case, no adjustments are needed, as the path is alreadysynchronized (Figure 5.1B, H1 and H3).
2. The position and direction of the safe nodes are inverted relative to the reference hap-lotype. This indicates that the extracted path must be flipped (reverse-complemented)to achieve synchronization (Figure 5.1B, H2).
3. Relevant segments from multiple contigs are extracted. In this case, each segmentmust be individually synchronized using the rules described in points (1) and (2) andconcatenated to construct a pseudo-contiguous path (Figure 5.1B, H4).
Once this synchronization step is completed, Pivot has all the necessary data to proceedto the next phase: identifying evidence of inversion recurrence
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Figure 5.1: Extracting an inverted region from a pangenome graph. A. A schematicrepresentation of an inversion within a pangenome graph. Blue and orange paths indicatehaplotypes which are oppositely oriented in the inverted region. B. Sn, An, and In denote thenode IDs corresponding to safe nodes, anchor nodes, and nodes within the inverted region,respectively. The symbol “+” indicates forward and “–” indicates reverse traversal directionof a node. H1–H4 represent four haplotype subpaths extracted by Pivot using the anchornodes. Below each extracted haplotype subpath, the corresponding orientationally synchro-nized subpaths are shown. Arrows indicate whether an orientation flip is required: straightdownward arrows indicate that the subpath is already aligned with the reference haplo-type, while curved arrows denote an orientation flip. H1 and H3 are already synchronizedwith the reference. In contrast, comparing the safe nodes of H2 with the reference revealsthe need for an orientation flip. For H4, the inverted region is traversed by two assemblycontigs, therefore, each contig is independently synchronized with the reference—left onekept in its original orientation, and the right one flipped. The resulting subpaths are thenconcatenated.
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Figure 5.2: Identifying toggling indicating nodes.

5.2.3 Finding evidence of recurrence

The theoretical framework for recurrence detection employed by Pivot builds upon the prin-ciples of the tiSNPs-based approach described in Chapter 4. However, rather than focusingsolely on SNPs, Pivot extends its framework by incorporating additional variant classes topotentially enhance sensitivity for inversion recurrence detection.During this phase, Pivot screens all variants within the inverted region and its flanks. Asexpected for bi-allelic SNPs, in case of a single-event, each variant allele should segregateexclusively with either non-inverted or inverted haplotypes. Conversely, the presence of anallele in both haplotype groups serves as evidence of inversion recurrence. Pivot scans theextracted haplotype paths to identify graph nodes representing such variant alleles. To gen-eralize the concept of tiSNPs, we introduce the term “toggling-indicating nodes” (tinodes)to represent such nodes. As mentioned in Section 1.6, genomic variants are representedas “bubbles” in a pangenome graph [96]. Pivot employs BubbleGun [149] to extract allbubbles represented in the graph. It then traverses the extracted paths and, for each bub-ble encountered on the way, records the occurrence counts for each inside node. Giventhat Pivot additionally considers multi-allelic variants, its counting strategy slightly differs
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from the tiSNPs-based approach. For each variant allele (represented as inside nodes), Pivotrecords:

• the number of times the allele appears in forward and reverse orientations
• the number of times the allele is absent in forward and reverse orientations

If a variant allele node has a count ≥1 in all four categories, it is classified as a tinode(Figure 5.2). In order to avoid false signals of recurrence generated from multiple traversalsof a bubble in the same haplotype path, Pivot only considers bubbles traversed at most onceper haplotype in the pangenome graph. The cumulative evidence across the entire invertedregion, that is, four occurrence counts for each inside node is recorded, which is then usedto determine the recurrence status of each inversion.To account for the diversity of inversion loci, Pivot does not apply a single, fixed thresh-old for recurrence classification. Instead, it produces a detailed output across multiplethresholds (ranging from 1 to 4) for the minimum required value for each of the four oc-currence counts described above, to classify a node as a tinode. For notational clarity, werefer to these as tinodesn, where n indicates the minimum count threshold used. Pivot’soutput for an analyzed locus includes the number of analyzed nodes, number of detectedtinodes1−4, their respective cumulative lengths, and a breakdown of variant types (SNPs,indels or SVs) contributing to the recurrence signal. An important measure for assessingthe confidence in the observed recurrence signal is the minimum number of haplotypes thatmust be removed from the analyzed cohort to entirely eliminate the recurrence signal—thatis, to ensure the absence of any tinodes1 . For each analyzed node, this minimum is selectedfrom four distinct haplotype sets (contributing to forward present, forward absent, reversepresent, and reverse absent occurrence counts, as illustrated in Figure 5.2). In some cases,more than one haplotype sets yield the same minimal value, resulting in a non-trivial op-timization problem. By considering all haplotype sets that yield the minimum count, Pivotprovides an upper-bound estimate on the minimum number of haplotypes contributing tothe recurrence signal. Additionally, Pivot provides graph quality statistics, such as the num-ber of contig breaks within the region and the number of haplotypes where the invertedregion could be confidently located. This detailed per-locus information helps to take dif-ferent factors into account while determining the recurrence status of each locus. It helpsto filter out potential noise, such as cases where a large number of tinodes originate froma single haplotype, which might be the result of an assembly error. At the same time, byusing all variants inside the inverted region, this approach enhances sensitivity comparedto our previous two approaches [13], allowing detection of recurrence for rare inversionsor inversions with a low recurrence rate.
5.2.4 Impact of pangenome graph quality on downstream analyses

The pangenome graph builder (PGGB) is a tool designed to construct pangenome graphsfrom multiple genome assemblies [150]. The graph construction process in PGGB starts by
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performing an all-vs-all alignment of the whole-genome nucleotide sequences using wfmash[151], which is a sequence aligner optimized for genome comparison. The resulting pairwisealignments are then passed to seqwish [152], which converts them into a variation graphthat represents the sequence variation between the input sequences. Since seqwish’s graphgeneration is lossless, the initial graph may be complex and contain redundant information.Therefore, it is further processed by smoothxg [150], which simplifies and normalizes thepangenome graph by locally realigning sequences. The final output is a GFA-format graphwith each input genome represented as a path. Among the state-of-the-art pangenome graphconstruction algorithms available [35, 150, 153–157], only PGGB allows back traversal ofthe graph paths, that is, a path can traverse the same nodes more than once and in oppositeorientations, for example in the case of repetitive sequences. Since Pivot locates inversionsusing the inverted flanking repeats represented by the same set of nodes traversed in oppositeorientations (anchor nodes), we use PGGB graphs for all analyses presented in this chapter.The quality of input data plays a vital role in determining the overall performance ofany computational method. For methods working in a pangenome graph space, the mostimportant contributing factor is the graphical layout which is primarily influenced by thegraph construction parameters. Even with the same genome assemblies, different parametersettings can lead to vastly different graph structures, affecting the resolution and complexityof variant representation. For instance, for PGGB, three key parameters play a central rolein shaping the graph structure [150]:
• “-p”: Defines the percent identity required for wfmash alignment. Lower values in-crease alignment sensitivity, leading to more compressed graphs.
• “-s”: Sets the minimum sequence length for all-vs-all alignment by wfmash. Highervalues produce graphs with longer collinear regions, while lower values increase graphcomplexity, particularly in repetitive regions.
• “-k”: Specifies the minimum match length, below which all matches in wfmash align-ments are filtered out during merging by seqwish. Smaller values retain more matches,increasing graph complexity, particularly in challenging regions like alpha-satellitesand centromeres, whereas larger values simplify the graph.
Another critical factor affecting pangenome graph quality is the quality of input genomeassemblies. In highly repetitive regions, assembly algorithms often introduce breaks, re-sulting in fragmented sequence representations of individual genomes as separate contigs.Although advancements in sequencing and assembly techniques have significantly reducedsuch breaks, the likelihood of sequencing an entire haplotype as a continuous stretch, re-mains low. Such breaks occurring within an SV region add another layer of complexity to theSV analysis. This is particularly challenging in case of inversions because the independentcontigs might not be synchronous in terms of the traversal orientation.As mentioned before in Section 1.6, the graphical layout complexity of the bubble struc-tures varies across different variant types, with simple variation, such as SNPs, represented
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as “simple bubbles”, while complex graphical structures, called “superbubbles”, represent-ing complex structural variation. Therefore, the analyses relying on variant informationrepresented in the pangenome graph are highly influenced by the representation accuracyof these bubbles. Pivot attempts to minimize the biases introduced by graph constructionparameters, assembly quality, and variant complexity by conducting a comparative analysisacross four distinct settings when analyzing inversion recurrence:

1. Considering all variants and all haplotypes to detect recurrence evidence. This is themost lenient setting using all the information represented in the pangenome graph.
2. Considering all haplotypes but restricting only to variants represented as simple bub-bles.
3. Considering all variants (regardless of bubble complexity) but excluding haplotypeswith contig breaks inside the inverted locus.
4. Restricting the analysis to simple bubbles and haplotypes with a single, unbrokencontig covering the whole inverted locus. This is the strictest setting which minimizesthe chances of observing false recurrence signals.

5.3 Results

For the set of analyzed inversions, we used the inversion callset of 292 balanced inversionsreported in Porubsky et al. [13], described in detail in Chapter 3 and Chapter 4. The ratio-nale behind choosing this callset lies in the availability of high-quality inversion recurrenceground-truth information, based on a detailed analysis using two orthogonal approaches(Chapter 4). Since this callset was based on the GRCh38 reference genome, we used theGRCh38 path in the pangenome graph as the reference path for Pivot’s analysis.
5.3.1 Human Pangenome Reference Consortium (HPRC) graphs

In the first phase of our analysis, we applied Pivot to the PGGB graphs from the first HPRCrelease [35]. These graphs were constructed using a cohort of 44 individuals with diverse ge-ographical ancestries and two linear reference genomes: GRCh38 and T2T-CHM13. As donefor the tiSNPs-based approach [13] (Section 4.3.3, Figure 4.6), as a negative control, weanalyzed the 706 kbp inversion at 17q21.31 locus (chr17:45585159-46292045), reportedto have occurred only once in the last 2.3 million years [32, 34, 76]. Table 5.1 shows someof the statistics produced by Pivot for this inversion under each of the four settings describedin Section 5.2.4.In the most flexible setting—that is, using all bubbles and contigs for the analysis—Pivotfound 155, 41, 19, and 8 tinodes1,2,3,4, respectively. The sequence covered by these tinodesranged from 16 to 210 bp, accounting for only 0.04% and 0.58%, respectively, of the totalanalyzed length. For the strictest setting (Section 5.2.4)—considering only simple bubbles
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and haplotypes with one contig traversing the full inverted locus—Pivot reported only 2tinodes1, accounting for 0.02% of the analyzed sequence. For the two intermediate settings,a similar behavior was observed, with the overall percentage of tisequence (combined se-quence of tinodes) across the four settings being ≤0.58%.Comparison of results across the four settings suggests that the impact of bubble struc-ture on the analysis tends to be stronger than the impact of broken assembly contigs. This isindicated by a larger drop in Pivot’s upper-bound estimate of the minimum number of hap-lotypes that must be removed from the cohort to eliminate the recurrence signal (sig_hapsin Table 5.1) when the analysis is restricted from using all bubbles to only simple bubbles,compared to the smaller change observed when excluding haplotypes with contig breaks.For an inverted locus, there are three potential explanations for such behavior: First, thismight indicate that the locus has accumulated a lot of complex variation, represented as su-perbubbles, and this variation contains evidence of its recurrence. Second, the recurrence ofanother nested variant, represented by a superbubble—for example a recurrent SNP locatedinside the inverted region—can generate such a signal. Third, this could suggest that someof the complexity represented in the graphical structure of the respective locus is not inher-ent to the locus but generated during the graph construction process. Given that the locusin question is a well-known single-event inversion, the second and third explanations aremore likely to be true in this case. The relatively lower impact of including eight haplotypeswith contig breaks inside the inverted locus further highlights that the pseudo-contiguoushaplotype construction implemented in Pivot works as expected and is not introducing noiseinto the analysis.As a positive control, we selected the 5.3 Mbp inversion located at chromosome 8p23.1(chr8:7301024-12598379), which was found to be highly recurrent by our orthogonal tiSNPs-and haplotype-based approaches [13] (discussed in Chapter 4), with a mutation rate of1.11×10−4 inversions per generation. Table 5.2 presents some of the statistics producedby Pivot for this inversion under each of the four settings described in Section 5.2.4. Inthe most flexible setting Pivot identified tinodes ranging from 15,683 (tinodes4) to 36,005(tinodes1). The base pairs covered by these tinodes ranged from 31,048 to 73,982 bp, ac-counting for 14.5% and 34.5%, respectively, of the total analyzed length. For this inversion,the region of interest was traversed by a single contig across all 90 haplotypes, therefore,only the bubble-based stratification is presented in Table 5.2.In contrast to the 17q21.31 inversion, even when limiting the analysis to simple bubbles,Pivot still reported a large number of tinodes, ranging from 12,308 to 29,468, accountingfor 13.7% and 32.8% of the analyzed sequence. Additionally, in both settings, 67 sig_haps,that is, 74% of the haplotypes, were observed, consistent with the high mutation rate ofthis inversion. These findings indicate that the recurrence signal detected by Pivot is clearlypronounced for true recurrent inversions compared to single-event inversions. Moreover,the persistence of this pronounced behavior even under stricter settings highlights both thesensitivity and robustness of Pivot.
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Figure 5.3: Pivot’s inversion recurrence analysis using HPRC graphs. Plot showingPivot’s assessment of recurrence using HPRC graphs. The horizontal axis shows the sumof length of observed tinodes and the vertical axis represents what percentage of the to-tal analyzed sequence indicated toggling, that is, (tisequence length/analyzed sequencelength)×100. All 129 inversions for which Pivot was able to locate the inverted regionin the graph using anchor nodes are shown. The 95 inversions that could be assessed forrecurrence are indicated by black outline. To enhance visibility, a jitter has been appliedto the cluster of points in the bottom-left corner of the plot, corresponding to 0 on both thehorizontal and vertical axes. Recurrent: inversion found recurrent by both haplotype- andtiSNPs-based approaches. Single-event: no inversion recurrence evidence found by eitherof the two approaches. Non-consensus recurrent: inversion found recurrent by only one ofthe two approaches. Unknown: previous assessment for inversion recurrence status was notavailable.
Genome-wide recurrence analysis

Overall, with a 1 Mbp flanking region used to search for the anchor structure and a minimumsafe node length of 15 bp, Pivot successfully identified the anchor structure and extractedinverted loci across the haplotype panel for 129 out of 292 inversions. Based on the dotplot alignments of the flanking sequences, we observed that 125 of the remaining 163 in-versions (77%), were flanked by short inverted repeats (≤10 kbp). The collapsing of thegraph in repetitive regions, inherently reduces the ability to identify such loci using anchornodes. Interestingly, these 163 inversions contained 13 out of 35 X-chromosomal inver-sions, implying that the graph structure did not depict the inversion neighborhood for this



5.3 Results 87
chromosome with sufficient granularity. This interpretation is further supported by the factthat, for all 22 X-chromosomal inversions where Pivot successfully located the anchor struc-ture, the analysis could not proceed further due to the absence of safe nodes necessary tosynchronize the orientation of the extracted paths. To address this, we re-ran Pivot with theminimum safe node length reduced to 5 bp, which allowed the identification of some safenodes across the entire X chromosome graph. However, this adjustment still did not facil-itate further analysis, as the safe nodes did not belong to the same contig as the inversionin any haplotype, except for GRCh38 and T2T-CHM13, both of which are represented assingle contigs. A similar trend was observed for Y-chromosomal inversions. Although Pivotextracted the inverted locus across all haplotypes for 11 out of 13 cases, no safe nodes werefound even after reducing the minimum allowed length to 5 bp.After additionally removing one inversion on chromosome 2 where no non-repetitivebubbles were found inside the inverted locus, a total of 95 inversions were analyzed forrecurrence (Figure 5.3, outlined points). Among these, 20 inversions had been previouslyclassified as recurrent by both the tiSNPs- and haplotype-based approaches [13] (outlined or-ange points in Figure 5.3). Pivot detected some evidence of recurrence (at least one tinode1)for 17 (85%) of these inversions. For the remaining three inversions, the maximum num-ber of haplotypes contributing to the haplotype configuration counts across all bubbles wasrelatively low (10, 16 and 49 out of 90), thereby limiting the power to detect recurrence.Additionally, Pivot identified recurrence evidence for 16 out of 21 inversions that hadpreviously been classified as recurrent by either the tiSNPs- or haplotype-based approach,but not both (outlined purple points in Figure 5.3) [13]. Furthermore, Pivot detected 44recurrence candidates for which prior methods had not reported any evidence of recurrence(outlined green and gray points in Figure 5.3). Among these, 15 showed strong evidenceof recurrence (≥50 tinodes1 and ≥1 tinodes4). These findings suggest that Pivot exhibitshigher sensitivity for inversion recurrence as compared to our previous approaches.
5.3.2 Human Genome Structural Variation Consortium (HGSVC) graphs

Soon after HPRC released the first human pangenome reference [35], HGSVC, in its produc-tion phase 3 (HGSVC3), produced nearly complete genome assemblies for 65 individuals[15]. This enabled the analysis of inversion recurrence in a larger cohort using pangenomegraphs derived from higher-quality genome assemblies compared to those from HPRC.
Graph construction

Unlike HPRC, HGSVC did not provide ready-to-use graphs, so the first step was to generatePGGB graphs. Before constructing the graphs, we assigned each assembly contig to a chro-mosome using alignment quality statistics derived from minimap2 [158] alignments againstthe T2T-CHM13 reference genome. After contig assignment, we generated chromosome-specific PGGB graphs using the parameters -s=50k, -p=98%, and -k=79, as recommended
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by the PGGB developers. These parameters differ from those used for the HPRC graphconstruction (-s=100k, -p=98%, and -k=311) [35]. The rationale for this adjustment (de-tailed in Section 5.2.4) is that higher-quality genome assemblies allow for fine-tuning ofgraph construction parameters to produce a more granular graph. The resulting graphs in-cluded a total of 132 haplotypes—130 from HGSVC3 samples and two reference genomes,GRCh38 and T2T-CHM13.
Pivot’s recurrence assessment

After generating the PGGB graphs, we analyzed the same set of 292 inversions, examinedin the HPRC graphs, using Pivot. Using a 1 Mbp flanking region for anchor node searchand a minimum safe node length of 15 bp, Pivot successfully identified the anchor structurefor 129 out of 292 inversions. Among these, 110 were also located in the HPRC graphs.Of the 19 inversions that could not be located, 11 belonged to chromosome X and six tochromosome Y, suggesting that even with improved assembly quality, the graphical repre-sentation still struggles to accurately depict inversions and their surrounding regions on sexchromosomes. The remaining two small inversions were on chromosome 5 and had flankinginverted repeats shorter than 1 kbp. The 19 inversions that were identified in the HGSVC3graphs, but not in the HPRC ones, comprised 17 autosomal and two X-chromosomal inver-sions. Notably, 58% (11/19) of these were flanked by long inverted repeats (≥5 kbp).We observed a decrease in the number of extracted inversion loci that could not be fur-ther analyzed due to the absence of safe nodes, dropping to 15 out of 129 (11.6%), comparedto 32 out of 129 (25%) in the HPRC graphs, hence enabling the analysis of more inversionsoverall. After excluding two additional inversions that lacked non-repetitive bubbles, weproceeded with 112 (107 autosomal, 5 Y-chromosomal) inversions for recurrence analysis.Among these, 21 had previously been identified as recurrent by both tiSNPs- and haplotype-based approaches (outlined orange points in Figure 5.4) [13]. Pivot found recurrence evi-dence (≥1 tinodes1) for 19 of these (90%). For the remaining two, the detection power waslimited—one involved only four (out of 132) haplotypes contributing to haplotype config-uration counts, while the other contained only eight nodes (12 bp) that were part of anybubble.Additionally, the analyzed set included 26 inversions previously classified as recurrentby only one of the tiSNPs-, haplotype-, or Y-phylogeny-based approaches (outlined purplepoints in Figure 5.4) [13]. Pivot identified recurrence evidence (≥ tinodes1) for 22 of them(85%). Furthermore, Pivot detected recurrence evidence (≥1 tinodes1) for 52 loci wherenone of the previously used approaches had reported recurrence evidence (outlined greenand gray points in Figure 5.4). Among these, 22 (42%) showed particularly strong recur-rence signals (≥50 tinodes1 and ≥1 tinodes4).Figure 5.4 depicts a noticeable change, where the previously dense cluster of inversionsshowing no signs of recurrence (bottom-left of Figure 5.3) became less pronounced. Thisshift mainly included inversions where prior indications of recurrence existed (orange and
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purple points) but were not classified as recurrent using HPRC graphs. Moreover, the recur-rence evidence became quantitatively stronger after using the HGSVC3 graphs, as seen inthe increased fraction of the analyzed sequence indicating recurrence (tisequence), particu-larly for inversions with prior recurrence evidence. This is reflected in the tighter clusteringof orange points towards the upper right corner of Figure 5.4, compared to their more scat-tered distribution in Figure 5.3. These improvements likely stem from the higher-quality,more contiguous genome assemblies generating better graphical layout. Another potentialcontributing factor is the larger number of individuals included in the analyzed cohort.

Figure 5.4: Pivot’s inversion recurrence analysis using HGSVC3 graphs. Plot show-ing Pivot’s assessment of recurrence using HGSVC3 graphs. The horizontal axis shows thesum of length of observed tinodes and the vertical axis represents what percentage of thetotal analyzed sequence indicated toggling, that is, (tisequence length/analyzed sequencelength)×100. All 129 inversions for which Pivot was able to locate the inverted region inthe graph using anchor nodes are shown. The 112 inversions that could be assessed forrecurrence are indicated by black outline. To enhance visibility, a jitter has been appliedto the cluster of points in the bottom-left corner of the plot, corresponding to 0 on both thehorizontal and vertical axes. Recurrent: inversion found recurrent by both haplotype- andtiSNPs-based approaches. Single-event: no inversion recurrence evidence found by eitherof the two approaches. Non-consensus recurrent: inversion found recurrent by only one ofthe two approaches. Unknown: previous assessment for inversion recurrence status was notavailable.
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5.3.3 Recurrent inversions overlapping disease-critical regions

In order to find potential disease associations of the novel recurrent candidates (with weak orno recurrence evidence observed before) identified using the HGSVC graphs, we computedtheir overlap with known morbid CNV regions [13, 80] and observed 18 inversions locatedwithin 50 kbp of a known morbid CNV locus.
Smith-Magenis/Potocki-Lupski critical region

One of the notable cases include a 1.56 Mbp inversion overlapping the 17p11.2 microdele-tion/microduplication critical region. Recurrent 3.7 Mbp microdeletions at this locus areassociated with a contiguous gene syndrome known as Smith-Magenis syndrome (SMS)[159]. SMS is a complex neurobehavioral disorder characterized by mild to moderate in-tellectual disability, sleep disturbance, craniofacial anomalies, and developmental delay[159, 160]. It is considered to be one of the most frequently observed human microdeletionsyndromes [161, 162]. The reciprocal 3.7 Mbp, preferentially paternal, microduplicationof the same locus results in another developmental delay disorder known as Potocki-Lupskisyndrome (PTLS). PTLS shows a milder clinical phenotype than its deletion counterpart[159, 161, 163]. SMS has an estimated prevalence of 1 in 15,000 to 25,000 births [162].Most of the phenotypic traits associated with SMS are caused by the haploinsufficiency ofthe retinoic acid-induced 1 gene (RAI1), resulting either from the 17p11.2 microdeletionencompassing the RAI1 gene (90% of the cases) or its mutation in patients without the dele-tion (10%) [162, 164, 165]. Differently sized deletions with varying breakpoints have beenobserved in SMS patients, however, approximately 70% of the patients carry a 3.7 Mbp longdeletion of the same genetic markers, referred to as the “common” SMS deletion [161–163].NAHR between large and complex flanking repeats, called SMS-REPs, is considered tobe the major rearrangement mechanism mediating the SMS deletions and reciprocal du-plications [66, 166, 167]. There are three copies of SMS-REPs: a proximal, a distal, anda middle SMS-REP (Figure 5.5A). The proximal copy (SMS-REPP) is the longest (approxi-mately 256 kbp) and is located in the same orientation as the distal copy (SMS-REPD) whichis about 176 kbp long [166, 167]. Both these copies share a high sequence identity (about98.7%) and mediate the 3.7 Mbp long SMS common deletion and reciprocal common dupli-cation via NAHR ([166, 167]. The middle SMS-REP copy (SMS-REPM) is located betweenthe proximal and distal copies and is inverted [166, 167]. It is about 241 kbp long and ishypothesized to have been derived from the SMS-REPP. Each of these three SMS-REP copieshave been reported to contain 14 genes or pseudogenes [166]. Based on the observed in-volvement of this locus in several other genomic rearrangements [168–171] alongside stud-ies reporting somatic mosaicism for SMS deletions [172], the 17p11.2 locus is consideredto be a highly unstable region in the human genome. This instability can potentially beexplained by the presence of highly homologous SMS-REPs making the locus prone to bothmeiotic and mitotic rearrangements [166].
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Figure 5.6: Sequence homology between distal and proximal SMS-REPs. pgr-tk [175]based haplotype structures for two haplotypes with varying SMS-REPD structures. The re-spective sequence homology statistics obtained using blastn [176] are shown below eachhaplotype.
The 1.56 Mbp inversion identified as recurrent by Pivot lies between the distal andmiddle SMS-REPs and traverses the RAI1 gene (marked “1” in Figure 5.5). In our cohort of 65individuals, only four haplotypes (HG03452_2, HG00358_2, HG00171_2, and HG01352_1)showed an inversion at this locus [15]. In the cohort of 44 individuals, analyzed in ourearlier Cell study [13], only two individuals (HG01352, HG00171) were observed to becarrying the heterozygous inversion. Given this extremely low allele frequency (2.3%) ofthe inverted allele in the analyzed cohort, both the tiSNPs- and haplotype-based approacheshad limited power to detect recurrence. In the current cohort of 65 samples, although theinverted allele frequency is still low (3.07%), Pivot found convincing evidence of recurrencefor this inversion with 23% (8685/37676) of the analyzed sequence indicating toggling(tinodes1). The upper-bound estimate on the minimum number of haplotypes needed to beremoved from the cohort in order to get rid of the recurrence signal was observed to be ten,indicating variation within the inverted haplotypes. A breakdown based on node lengthsshowed that 67.3% (5844/8685 bp) of the recurrence signal was coming from SNPs, 13.4%(1165/8685 bp) from small variants (>1 bp and <50 bp) while 19.3% (1676/8685 bp) wasoriginating from SVs (≥50 bp). Even with such few inverted haplotypes, the recurrencesignal was still quite strong while restricting only to tinodes2 (9.2%, 3448/37676 bp). Allof the 132 haplotypes included in the graph traversed this locus and its flanking region asone contig, indicating high quality of the assemblies and the graph at this locus.
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We additionally analyzed the architecture of all the haplotypes at this locus. The haplo-type paths extracted by Pivot were translated back to nucleotide sequences using the nodesequence information available in the GFA and the resulting sequences were visualized usingthe PanGenome Research Tool Kit (pgr-tk)—a tool designed to analyze complex haplotypestructures and sequences [175] (Figure 5.5B). We observed tinodes distributed across thewhole inverted locus (red vertical lines at the top of GRCh38 haplotype in Figure 5.5B),potentially ruling out wrong signals generated by recombination or gene conversion events.In addition to the four haplotypes (HG03452_2, HG00358_2, HG00171_2, and HG01352_1)genotyped as inverted by ArbiGent, we observed that the sample NA19705, for which Ar-biGent predicted a copy number variation “4000” (details about how these genotype codesare defined are discussed in Section 3.2.2), is also heterozygous for this inversion.This locus showed a diverse SD architecture across haplotypes, particularly for the dis-tal and middle SMS-REPs flanking the inversion. Figure 5.5B shows that the inversion ispresent in at least two distinct repeat backgrounds as indicated by the SMS-REPM struc-ture of HG01352_1 haplotype showing structural differences compared to other haplotypeswith the inversion. Based on this observation, we hypothesize that with the inclusion ofmore individuals into the analyzed cohort, more distinct SD structures flanking the inver-sion would be revealed. Additionally, we observed non-inverted haplotypes with highlysimilar SD architecture as the inverted ones, for example, the SMS-REPD structures observedfor HG02282_1 and HG02282_2 (non-inverted) appear more similar to the HG01352_1 (in-verted) haplotype, than to other haplotypes not carrying the inversion (Figure 5.5B). Fur-thermore, we observed positional switch of one structural component between SMS-REPDand SMS-REPP (marked by red arrows inside regions shown in red boxes in Figure 5.5B).HG01352_1, HG02282_1, HG02282_2, and NA19036_1 contain this structure only in theSMS-REPP, HG03371_1 has it only inside the SMS-REPD, while NA20355_2 haplotype showsit in both of them.Both SMS-REPD and SMS-REPM architectures exhibit considerable variation across theanalyzed haplotypes, some of which are shown in Figure 5.5B, while SMS-REPP maintaineda relatively similar structure. In order to determine the effect of this variation on the fre-quency of NAHR and hence the predisposition to the common SMS deletion, we analyzedthe sequence homology between each of the two most prevalent SMS-REPD structures andthe SMS-REPP structure of the respective haplotype. Figure 5.6 shows that the SMS-REPDstructure observed across all of the inverted and some of the non-inverted haplotypes (car-rying red triangles instead of yellow ones), exhibits considerably less sequence homologywith the SMS-REPP structure of the respective haplotype as compared to the other prevalentSMS-REPD structure (with yellow triangles). As sequence homology is one of the primaryfactors driving NAHR, we hypothesize that certain SMS-REPD structures, for example theone carried by all the inverted haplotypes shown in Figure 5.5B would have a lower chanceof mediating the SMS common deletion, hence playing a protective role. We additionally an-alyzed the node structure of the inversion flanks (anchor nodes) in the PGGB graph. For each
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Figure 5.7: Graph nodes switching positions between left and right flank of the longer
SMS inversion. A. Visualization of a graph node (purple triangles) observed in either theleft or right flank, or absent in both flanks of the inverted region, across all haplotypes. Tri-angle orientation indicates traversal direction: forward-pointing for forward, and backward-pointing for reverse traversal orientations within the respective haplotype path. Red arrowsdenote the longer SMS inversion allele (Figure 5.5), while gray bars represent flanking SDs(anchor nodes). Only haplotypes carrying the inversion are shown. Among all 132 hap-lotypes analyzed, this node appeared in the right flank of the inversion locus exclusivelyin HG03452_2. B. Schematic showing a potential sequence of inversion events that couldexplain the node’s shift between inversion flanks (shown in A). Green arrows represent thereference (non-inverted) allele. Beginning with haplotype H1, three independent inversionsinvolving distinct breakpoints result in haplotype H4 (HG03452_2).
of the haplotypes, we individually searched for unique nodes on each side of the inversion,that is, a node that is present either on the left or right side of the inversion in the respectivehaplotype. Aggregating the search results over all haplotypes, and filtering for nodes thatare unique in some but not all haplotypes, we identified one node that was present at mostonce across all the haplotypes. Interestingly, we observed that this node was present in theanchor structure on the left side for three of the haplotypes carrying the inversion and on theright side in one of them with a flipped traversal direction (Figure 5.7A). This implies thatin one of the haplotypes the inversion breakpoints included the sequence represented bythe respective node while in the other three they did not. This pattern serves as a recurrentNAHR footprint indicating that in our analyzed cohort, at least three independent inversionevents occurred at this locus with shifted breakpoints (Figure 5.7B).In addition to this inversion, Pivot also identified a neighboring 201 kbp inversion (marked
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“2” in Figure 5.5), as recurrent, with tinodes observed across the whole locus (red verticallines above the respective locus in Figure 5.5). One breakpoint of this inversion lies inSMS-REPM. This inversion also showed a low allele frequency (3.07%) with NA19240_1,NA19239_1, HG03456_2, and HG02282_2 carrying the inverted allele. Notably, none ofthese haplotypes carried the longer inversion (marked “1” in Figure 5.5). This inversion islocated in an SD-rich background as shown in Figure 5.5B, serving as a perfect substrate forrecurrent NAHR. Proximal to this inversion, we observed another highly repetitive regionshowing duplication in some haplotypes (green boxes in Figure 5.5B). Interestingly, neitherin our initial inversion callset, which was based on 44 samples [14], nor in the newly ana-lyzed cohort of 65 samples, was an inversion between SMS-REPM and SMS-REPP observed.Inclusion of a larger number of individuals would help identify if it is just a limitation ofthe analyzed cohort or if external factors, for example selection, are preventing it.
Prader-Willi/Angelman Syndrome critical region

In our inversion callset [13], we reported four inversions overlapping the 15q11-q13 criticalregion (Figure 5.8A). A deletion at this locus in the paternal chromosome results in Prader-Willi syndrome (PWS), while a deletion in the maternal copy causes Angelman syndrome(AS) [177]. Both of these are neurodevelopmental genetic disorders, associated with devel-opmental delay and intellectual disability. The Prader-Willi/Angelman syndrome (PWAS)critical region has three breakpoints—BP1, BP2 and BP3—mapped by HERC2 and other du-plicons [178, 179] (Figure 5.8A). Recurring deletions involving these breakpoints result intwo common deletions associated with PWAS. Type 1 deletion, found in approximately 40%of PWAS patients, involves BP1 and BP3 and is 6 Mbp long, while Type 2 deletion, found inapproximately 60% of the cases, involves BP2 and BP3 and is 5.3 Mbp long [179–181].The four inversions in our callset traversing this locus, shown as Inversion 1–4 in Fig-ure 5.8, are 512 kbp, 22 kbp, 5 Mbp, and 325 kbp long, respectively. In our cohort of 65 indi-viduals, the first and third inversions were each observed in only one haplotype (HG03732_2and HG02492_2, respectively [15]), making it impossible to observe recurrence evidence forthese inversions within the current cohort (Figure 5.8B). The inverted allele frequency ob-served for the second and fourth inversions was 70% and 16%, respectively [15]. Because ofthe highly repetitive architecture of this region, with many shared SD copies (hence sharedanchor nodes) distributed across this locus, we analyzed the entire locus together usingPivot. Visual analysis of the haplotype structures at this locus alongside Pivot’s detectedrecurrence evidence revealed tinodes dispersed across the whole locus instead of being as-sociated with a specific inversion (positions marked by red circles in Figure 5.8B). Inter-estingly, most of the observed tinodes belonged to the flanking regions of the inversions.Figure 5.8B shows tinodes present in the region between the first and second inversion. Sincethe first inversion is present only in one haplotype in our analyzed cohort, we attribute thisrecurrence evidence to the second inversion. This tinodes-containing intermediate regionis flanked by inverted repeats and also appears to invert independently across haplotypes
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(red boxes in Figure 5.8B). Moreover, the architecture of this region is highly identical tothe fourth inversion, which also contains tinodes in some haplotypes (Figure 5.8B). Notably,we observed that the region carrying the second inversion flips along with the third 5 Mbpinversion (HG02492_2, Figure 5.8B). This ability of the second inversion locus to invert in-dividually and along with the neighboring inversion event, indicates its recurrent nature.We hypothesize that analysis of more haplotypes carrying the third inversion might revealcases where the second locus does not invert alongside the third one, indicating anotherrecurrent formation. It is important to note that GRCh38 and CHM13 sequences have oppo-site orientation for the second inversion locus. As the orientation of this region in haplotypeHG02492_2 indicates that GRCh38 is potentially misoriented in this region, we consideredCHM13 state as the “reference/non-inverted” state in this case.In addition to inversion, this region also showed copy number variations, for example,HG01114_1 showed a loss while HG03520_2 showed a copy number gain at the secondinversion locus (Figure 5.8). Furthermore, Pivot picked up some signals of recurrence fromthe region distal to the first inversion, marked by blue rectangle in Figure 5.8B. This regionexhibited highly varying haplotype patterns involving inversions and copy number changes,some of which are shown in Figure 5.8B. Overall, we observed dispersed recurrence evidenceand extensive structural variation at this locus and hypothesize that with the inclusion ofmore haplotypes, particularly those carrying the first and third inversions, might revealmore recurrent rearrangement patterns at this locus.
Additional candidates

In addition to the inversions discussed above, other newly identified recurrent candidatesoverlapping morbid CNV regions include:
• Two inversions overlapping 1q21.1 recurrent microdeletion/microduplication regionassociated with TAR syndrome and neurodevelopmental disorders [182].
• Two inversions overlapping the 2q13 deletion syndrome critical region associatedmainly with developmental delay and cardiac and urogenital malformations [183].
• An inversion overlapping 10q23 deletion region associated with juvenile polyposis anddevelopmental delays [184, 185].
• An inversion overlapping the 3q29 microdeletion/microduplication syndrome criticalregion associated with mental retardation and microcephaly [182].
• Five chromosome 16 inversions overlapping the 16p11.2–p12.2 microdeletion/mi-croduplication syndrome region associated with neurodevelopmental disorders [182]
• An inversion overlapping the 17q12 microdeletion/microduplication critical regionassociated with kidney issues, diabetes, and neuro-developmental disorders [186].
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5.4 Discussion

This chapter introduces Pivot—an approach to detect inversion recurrence in a pangenomegraph. Building upon the theoretical framework of the tiSNPs-based approach, presentedin Chapter 4, Pivot extends the analysis to all variants within the inverted locus and itsflanking regions, thereby increasing the power to detect recurrence. Additionally, insteadof being reliant on the sequencing reads aligned to a linear reference genome, Pivot utilizesthe genome assemblies laid out in a pangenome graphical format. On the one hand, thishelps improve the quality of the analysis due to the better sequence resolution of genomeassemblies and the depth of genomic information captured by a pangenome, while on theother hand, it helps eliminate reference bias. This property also makes Pivot readily usablefor assessing the recurrence status of inversions called at the individual haplotype level.We first applied Pivot to the HPRC year 1 PGGB graphs, which consist of 90 haplo-types [35], to assess the recurrence status of the 292 balanced inversions reported in ourinversion callset from the Cell study [13]. We observed Pivot’s results to be consistent withprevious findings for the 17q21.31 single-event and 8p23.1 highly recurrent inversions. Forthe 17q21.31 inversion, we observed at most 0.58% of the analyzed sequence being indica-tive of toggling, while this percentage was observed to be at least 14.5% for the 8p23.1inversion. Results shown in Table 5.1 indicate that even with a higher number of analyzedvariants as compared to the tiSNPs-based approach, in stricter settings, Pivot is not pickingup false recurrence signals. Consistent with its high recurrence rate of 1.11×10−4 [13], alarge number of haplotypes (74%) were observed to be contributing to the recurrence evi-dence for the 8p23.1 inversion(Table 5.2). Based on the overall results observed across allinversions, we observed that while confirming the recurrence status of the already knownrecurrent inversions, Pivot was able to detect recurrence evidence for inversions where pre-viously no or weak recurrence signal was observed [13], indicating its higher sensitivity.This increase in sensitivity likely stems from the inclusion of additional analyzed variantsand the improved sequence resolution of the genome assemblies.Although Pivot showed an overall improvement in inversion recurrence detection, weobserved that 56% of the inversions, primarily consisting of those flanked by short invertedrepeats, could not be assessed because of the absence of a flanking anchor structure in thegraph. As explained in Section 5.2.4, certain graph construction parameter settings canresult in over-simplification of the graphical structure by collapsing repetitive regions. Inregions of smaller repeats, these collapses can lead to a graphical layout where the repetitivestructure is no longer traceable, resulting in the absence of anchor nodes at these loci. Wehypothesize that a locus-specific tweaking of the graph construction parameters can helpin generating a more accurate layout for these cases. Particularly, we observed that noneof the inversions belonging to X and Y chromosomes could be assessed either due to theabsence of anchor structure (as described above) or the absence of safe nodes that helpto synchronize the extracted sub-paths across haplotypes. The latter can potentially result
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from low-quality fragmented assemblies containing contigs not large enough to traverse theinverted loci alongside the nearest safe nodes. Overall, these observations indicate that thegraphical structure plays a vital role in the performance of any method solely reliant on thepangenome graphs.Afterwards, we analyzed the same set of inversions using graphs generated from higher-quality HGSVC3 assemblies for 65 human individuals [15]. As compared to HPRC graphs,the number of inversions that Pivot could assess in the HGSVC3 graphs increased by 18%.This improvement can be attributed in part to the higher quality of the input assemblies, andin part to the graph construction parameters, which were tweaked to reduce collapses andproduce a more granular graphical structure. Concurrently, the number of novel recurrencecandidates with strong evidence of recurrence also increased as compared to HPRC graphs(42% vs 34%). Comparison of plots shown in Figure 5.3 and Figure 5.4 clearly depicts thatnot only more inversions could be assessed in the HGSVC3 graphs, the recurrence evidence,quantified as the percentage of tisequence, also became stronger. This suggests that betterquality pangenome graphs can improve inversion recurrence assessment both qualitativelyand quantitatively. However, chromosome X still remained an exception, with no inversionsassessed for recurrence. Based on this consistent behavior even with better quality assem-blies, we hypothesize that it is a limitation of the graph construction process and the pa-rameters working well for autosomes might not necessarily work well for sex chromosomes.Theoretically, the graphical layout of a pangenome should mirror the varying genetic pat-terns observed across different chromosomes and within the same chromosomes. However,in practice, most of the pangenome graphs are constructed based on a “one-size-fits-all”approach—using the same parameter settings to construct the whole genome. Particularlyfor inversions, this means that a graph generated with parameters tuned for low complexitymay fail to lay out the flanking inverted repeat structures in sufficient detail—resulting inthe absence of the loop structure (represented by anchor nodes) required by Pivot to iden-tify an inversion. Additionally, much of the variation in and around the inversion—crucialfor gathering recurrence evidence—may be collapsed. On the other hand, a more granulargraph that resolves these repeat structures can introduce considerable complexity withinand outside the inverted region, thereby increasing noise in the input. Accounting for locus-and SV-specific characteristics during graph construction, or using region-specific graphs,may help mitigate these issues to some extent.Of the newly identified recurrent candidates in the HGSVC3 graphs, 18 overlap withdisease associated critical regions. One notable case is the 1.56 Mbp long inversion overlap-ping the 17p11.2 critical region associated with Smith-Magenis/Potocki-Lupski syndrome[159]. Even with only five haplotypes carrying the inversion, we found 23% of the ana-lyzed sequence to be toggling-indicating, with tinodes distributed across the whole locus.We additionally observed that the SD architecture of the inversion flanks varies within theinverted haplotypes, indicating independent inversion occurrence in distinct repeat contexts(Figure 5.5B). Concurrently, we observed a graph node shifting position from left to right
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flank in one of the haplotypes carrying the inversion, suggesting independent occurrencesof this inversion with slightly shifted breakpoints (Figure 5.7B). A comparison of sequencehomology between two most prevalent structures observed for SMS-REPD and the respectiveSMS-REPP copies revealed that one has significantly less sequence identity than the other(Figure 5.7A). Since these two SD copies mediate the common SMS deletion, the haplotypeswith less homology between the two would have a lower likelihood of NAHR-mediated dele-tion as compared to their counterparts. Interestingly, all the inverted haplotypes carry theSMS-REPD sequence exhibiting lower sequence identity. We expect that analysis of this lo-cus in a larger cohort of individuals, including SMS patients, can help establish the potentiallink between these varying haplotype structures and the disease.Additionally, we found inversion recurrence evidence distributed across the SD-rich re-gions at the 15q11-q13 locus associated with Prader-Willi/Angelman syndrome [177]. Visu-ally inspecting the structure of regions containing tinodes revealed an SD-rich architecturemediating different inversion and copy number events (Figure 5.8B). For example, we ob-served a 22 kbp inversion inverting in place and alongside a 5 Mbp neighboring inversion,with tinodes observed in the flanking SD-rich region (Figure 5.8B). Additionally, we ob-served tinodes at the distal part of this locus exhibiting extensive copy number variationwith nested small inversions. Based on the presence of many SD copies across the locus,along with the wide distribution of tinodes, we hypothesize that this region is predisposedto multiple NAHR-mediated recurrent events including inversions, deletions and duplica-tions. A detailed analysis of such a structurally complex locus needs a much bigger cohortof individuals than we currently analyzed. Furthermore, we found recurrent inversionsoverlapping 1q21.1, 2q13, 10q23, 3q29, 16p11.2-p12.2, and 17q12 regions.In summary, we observed that Pivot exhibits a higher sensitivity as compared to ourprevious approaches, identifying novel recurrent candidates and increasing the confidencefor already known cases. Given the improvement seen by using higher quality assemblies forgraph generation, we plan to use Pivot to detect inversion recurrence in the newly releasedHPRC graphs generated with even higher quality assemblies and a cohort of more than200 samples. With a bigger cohort, we hope to be able to better understand the recurrentrearrangements at structurally complex disease-associated regions, for example the PWASor the 3q29 region. Additionally, since Pivot is reference-independent, we also plan toextend it to the analysis of recurrence for inversions called on any individual (non-reference)haplotypes.



Chapter 6

Analyzing homology-mediated
recurrent deletion polymorphisms

This chapter describes my work on identifying recurrent deletions across a cohort of 1,019 samples
from the 1000 Genomes Project. This work was conducted as part of a collaborative study, pro-
visionally accepted for publication in Nature [38]. Relevant text and figures from the publication
are included in this chapter, with proper references where necessary. For publication details and
author contributions, please refer to Section C.6.

6.1 Motivation

The SV breakpoint analysis described in this section was performed by Carsten Hain.

Chapters 4 and 5 primarily focused on the study of recurrent inversion polymorphismsacross the human genome. Although inversion recurrence plays an important role in disease-associated copy number variations due to flipping SD orientations, the phenomenon of re-currence is not confined solely to inversions. The presence of repetitive sequences across thegenome can initiate homology-mediated recombination [55], giving rise to different typesof SVs, depending on the orientation of the involved repeats and the rearrangement pattern.As discussed in the preceding chapters, homology-mediated rearrangements have been iden-tified as a key mechanism driving inversion recurrence; they are similarly hypothesized tocontribute to the recurrence of other repeat-mediated SVs [21, 24, 56, 57]..This chapter presents research conducted in this context, as part of a study aimed atSV characterization using ONT sequencing in a cohort of 1,019 samples, representing 26populations from the 1KGP [38]. An analysis of the breakpoints for the SVs (66,198 dele-tions and 75,238 insertions) showed that 35% of deletions and 28.7% of insertions hadover 50 bp of sequence homology at their flanks, indicating a potential role for homology-directed repair (HDR) in their formation. Among these, 10.8% deletions and 6.7% insertionshad flanking homology of at least 200 bp, which is indicative of NAHR being the poten-
101



102 Analyzing homology-mediated recurrent deletion polymorphisms

Alu-mediated
LTR-mediated
L1-mediated
SD-mediated

Mobile Elements

Alu
SVA
L1

VNTR
NHEJ
Other
All

Repeat-mediated Duplications

Tandem
Interspersed
Complex
Inverted

A

B

0.5

1

SV length [bp]

F
ra

ct
io

n

H
om

ol
og

y 
le

ng
th

 [b
p]

0
0-105 -104 -103 -102 102 103 104 105

0-105 -104 -103 -102 102 103 104 105

102

103

104

105

0

50

102

103

104

105

0

50

102

103

104

105

0

50

Fraction
0.51 0

Fraction
0.5 10

INSDEL
103

100

103

100

103

100

103

100

103

100

103

100

103

100

0 102 103 104 1050 102 103 104 105-104-102102 104

All

SV length [bp]

Figure 6.1: SV breakpoint homology. A. SV length (horizontal axis) versus flank homol-ogy length (vertical axis) for all SVs classes (colored based on the categories shown on topright). SV length <0 indicates deletions while SV length >0 indicates insertions. Marginalplots show the size-binned fraction of SV classes, with deletions and insertions, individuallyshown at the left and right, respectively. NHEJ: SVs exhibiting ≤15 bp microhomology orblunt ended breakpoints. Other: Unclassified SVs. B. SV length (horizontal axis) versushomology length (vertical axis) for all, only deletions, and only insertions. Figure adaptedfrom [38].
tial mediating mechanism. Notably, many of these homology-flanked SVs were flankedby annotated transposable elements (TEs)—specifically Alu, L1, and LTR elements—in theT2T-CHM13 reference genome (Figure 6.1). This enrichment was particularly evident indeletions (3,260 instances) compared to insertions (80 instances). Among this subset ofTE flanked SVs, 89.3% were observed to be flanked by full-length Alu elements, showinga sharp breakpoint homology length peak at 295 bp in Figure 6.1A. AluY and AluSx wereobserved to be the predominant Alu-subclasses appearing in different configurations, cor-relating with their counts in the reference genome. These Alu-mediated SVs varied widelyin size, ranging from approximately 300 bp up to 20.4 kbp for deletions and up to 9.5 kbpfor insertions. These findings are consistent with Alu-based transposable element-mediatedrearrangement (TEMR), previously known to be a prevalent SV formation process [187].Following Alu elements, L1 elements were the next most common mobile elements flankinglarge SVs, again more frequent in deletions (219 cases) than insertions (1 case). SVs flankedby L1 elements were typically larger, reaching up to 62.9 kbp in length (Figure 6.1B).Overall, these observations suggest that homology-mediated processes, utilizing a di-verse spectrum of repeat lengths, play a significant role in the formation of SVs, particularlydeletions. Additionally, TEs can potentially create new substrates for deletions due to theirability to jump around in the genome. With these aspects in mind, we conducted a moredetailed analysis of the deletions flanked by TEs to identify potential instances of repeat-
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mediated recurrence. To this end, we developed an approach analogous to the “tiSNPs-basedapproach” for detecting inversion recurrence, described in Chapter 4 and applied it to searchfor “recurrence-indicating SNPs” in deletion flanking regions. Since the breakpoints of re-current events cluster in the mediating LCRs, the flanking region can potentially containpatterns indicative of recurrence (Section 1.4.2, Figure 1.4). Additionally, we performedphylogenetic validation using hierarchical clustering based trees to identify the recurrencestatus for each of the analyzed locus.
6.2 Deletion recurrence analysis: Methodological framework

6.2.1 Identifying potentially recurrent deletions

Before testing for recurrence, we applied a filtering strategy to focus the analysis on caseswith the potential for recurrence. The filtering process was structured as follows:
• Given the relatively shorter length of TEs compared to other repeat classes, such asSDs, they are not expected to mediate large events. Therefore, we limited our analysisto ≤5 kbp long deletions.
• Concurrently, deletions with flanking sequence homology outside the range of 200–9,000 bp were excluded. The lower bound of 200 bp was selected based on prior find-ings indicating the minimal processing length of flanking repeat sequences necessaryfor NAHR [188, 189]. The upper bound of 9,000 bp was chosen to include eventsmediated by small to intermediate sized SDs.
• In order to limit to cases where we have enough power to detect recurrence, deletionswith allele frequency outside the range of 40-60% were excluded from the analysis.
• Additionally, we used Hardy-Weinberg equilibrium and Mendelian consistency statis-tics to exclude events with potential genotyping errors.
• Finally, we filtered out deletions lacking phasing information.

6.2.2 Recurrence detection

To identify potential recurrence of all deletions shortlisted after applying the filtering crite-ria mentioned in Section 6.2.1, we used a modified version of the tiSNPs-based approach,designed for detecting inversion recurrence [13] (described in Chapter 4). Consistent withthe behavior expected in case of inversions (Chapters 4, 5), observing both alleles of a bi-allelic SNP in haplotypes with and without the deletion provides evidence that the deletionarose independently in different haplotype backgrounds over the course of evolution. Be-cause the loss of sequence makes it impossible to search for such “recurrence-indicatingSNPs” within the deletion locus itself, we focused on the 20 kbp flanking region on each
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side of the deletion locus and screened bi-allelic SNPs with at least 10% allele frequency toidentify signals of recurrence.Additionally, we applied centroid hierarchical clustering to analyze the clustering pat-terns observed between haplotypes with and without the deletion. Specifically, we aimed todetermine whether haplotypes carrying the deletion allele group together in clusters withhaplotypes carrying the reference allele, which would indicate that the deletion event re-curred across human populations. For this analysis, we again relied on the flanking se-quences, constructing a phylogenetic tree using SNPs occurring within a 100 kbp windowon each side of the deletion while excluding the sequence within the annotated deletionbreakpoints. The difference in analyzed flanking region lengths—20 kbp for SNP screeningversus 100 kbp for tree construction—was intended to minimize potential noise. Mecha-nistically, if the deletion recurred multiple times, the recurrence-indicating SNPs should belocated in close proximity of the event. Signals from SNPs farther away cannot be con-fidently attributed to the locus of interest. Conversely, a broader region is necessary forphylogenetic tree construction to prevent clustering patterns from being driven by unre-lated variation or recombination near the deleted locus. Furthermore, we visually inspectedthe SNP haplotypes alongside the phylogenetic tree to filter out noise. This involved en-suring that the recurrence-indicating SNPs were present on both sides of the deletion andruling out cases where recombination appeared to be driving the clustering pattern.Because accurate interpretation of the clustering patterns depends on the correct geno-type assignment for each haplotype, we also validated genotype accuracy in cases whereboth SNPs and the phylogenetic tree provided evidence of recurrence. To do this, the readalignments from individuals carrying the deletion and the reference allele who appeared to-gether in similar clusters in the phylogenetic tree, were visually examined using IGV [190].
6.3 Results

Using the filtering criteria outlined in Section 6.2.1, we shortlisted 42 potentially recur-rent deletion candidates. For each of these candidates, we first searched for evidence ofrecurrence by looking for recurrence-indicating SNPs in deletion flanks, using phased SNPgenotypes generated for the full cohort [38]. Afterwards, we analyzed whether haplotypeswith and without the deletion appeared within the same phylogenetic groups, based on SNPhaplotypes from the flanking regions. Finally, after verifying genotyping accuracy as anadditional quality check, we identified six deletion candidates with the most compellingevidence of recurrence. All six sites displayed recurrence-indicating SNPs on both sides ofthe deletion and showed clustering patterns consistent with the expectations for a recurrentlocus. Notably, all six cases belong to the class of potential TEMRs [187], likely driven byHDR or NAHR using the flanking retrotransposons sequences. Among these, one site in-volved L2/LINE sequences, while the remaining five were flanked by Alu elements. Thesefindings suggest that TEMRs potentially play a vital role in generating recurrent SV poly-
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Figure 6.2: Alu-mediated recurrent deletion at 12p13.3. A predicted 806 bp recurrentdeletion at 12p13.3, mediated by an AluSx-AluY pair. The figure shows the variation ofhaplotypes in a 100 kb window centered around the deletion and the relationship betweenhaplotypes with (red) and without the deletion (gray). Dendrograms of haplotypes are plot-ted using centroid hierarchical clustering algorithm. Green dashed lines represent the sep-aration of four haplotype groups. In each SNP haplotype, reference and alternative allelesare shown in blue and orange, respectively. Recurrence-indicating SNPs within 20 kbp win-dow around the deletion are marked by triangles at the top. Two predicted independentoccurrences of the deletion event are denoted by *. The UCSC Genome Browser [173] view,with the region of interest, highlighted in blue, is shown at the bottom of the figure.



106 Analyzing homology-mediated recurrent deletion polymorphisms

Fi
gu

re
6.

3:
H

ap
lo

ty
pe

co
ns

en
su

s
an

d
ge

og
ra

ph
ic

al
an

ce
st

ri
es

at
th

e
12

p1
3.

3
lo

cu
s.

A80
6bp

delet
ionl

ocat
eda

t12p
13.3

,me
diate

d
bya

nAl
uSx-

AluY
pair,

with
evid

ence
forr

ecur
rent

form
ation

.Clu
sters

1-4a
reob

taine
dfro

mSN
P-ba

sedc
luste

ring
ofth

eha
ploty

pesi
n

a10
0kbp

wind
owc

ente
reda

roun
dthe

delet
ion.

Piec
harts

repre
sent

geog
raph

ical
ance

strie
sfor

each
ofth

efou
rclu

sters
.Fo

reas
eof

visua
lizat

ion,
acon

sens
usha

ploty
pein

an1
8kbp

wind
owc

ente
reda

roun
dthe

delet
ioni

srep
resen

tedf
orea

chcl
uster

.Squ
ares

repre
sent

ana
llele

frequ
ency

of0
(yell

ow)
or1

(cya
n)w

ithin
aclu

ster,
whil

etri
angl

esre
prese

ntal
lele

frequ
encie

sin
betw

een.
Aha

ploty
pefr

om
samp

le“H
G025

46”,
grou

ping
with

Clus
ter4

,isr
epre

sente
das

ano
utlie

r.Re
curre

nce-i
ndic

ating
SNPs

lying
with

inth
e18

kbp
wind

owa
re

mark
edb

yred
verti

calb
ars.



6.3 Results 107
morphisms in human populations. Given the high abundance of mobile elements in thegenome, such events are expected to occur frequently.Figure 6.2 shows an 806 bp recurrent deletion located on chromosome 12p13.3, drivenby an AluSx-AluY pair. Within a 20 kbp window centered around the deletion, we identi-fied ten recurrence-indicating SNPs (shown as black triangles). Hierarchical clustering of theSNP haplotypes across a 100 kbp window around the deletion revealed strong evidence ofrecurrence, with haplotypes carrying the deletion allele clustering alongside those with thereference allele. The resulting dendrogram displayed four distinct haplotype groups, threeof which showed a clear mixing of deleted and non-deleted haplotypes (Figure 6.2, greendashed lines). Through read alignment visualization, we confirmed the genotypes for fivehaplotypes carrying the deletion, but appearing in the fourth cluster, which predominantlyconsists of haplotypes without the deletion (marked with *). To investigate further, we con-structed “pseudo-haplotypes”—consensus sequences where each position reflects the mostfrequent allele observed—for each of the four clusters (Figure 6.3). Additionally, super-population stratification for each cluster was performed, which recapitulated the geograph-ical ancestries: Cluster 1 primarily included East Asian (EAS) samples, Clusters 2 and 4 weredominated by African (AFR) samples, and South Asian (SAS) samples were most common inCluster 3 (cluster numbers based on their order in Figure 6.2). Notably, the deletion allelewas present in different haplotype backgrounds in Clusters 2 and 3 and in an outlier haplo-type from Cluster 4, where the reference allele is otherwise the consensus at this locus. Thepresence of recurrence-indicating SNPs on both sides of the deletion suggests either mul-tiple independent deletion events or extensive local recombination near the deletion site.Given the proximity of these SNPs and their association with specific haplotype groups, themost likely explanation is recurrent TEMR formation, with alternative scenarios involvingrecombination on either side of the event being less plausible.The other five potential recurrent candidates include:

• deletion at 19p13.13 mediated by an AluSx-AluSx pair (Figure B.1)
• deletion at 11p15.4 mediated by an AluY-AluSx pair (Figure B.2)
• 9p24.3 deletion locus mediated by AluY-AluY pair (Figure B.3)
• 9p13.3 deletion mediated by an AluSx-AluSx pair (Figure B.4)
• a deletion at 9q22.1 locus mediated by an L2-L2 pair (Figure B.5)
Each of these events depicted strong evidence of recurrence, with numerous recurrence-indicating SNPs found on both sides of the deletion. Phylogenetic trees, supported by manualgenotype validation, revealed distinct clustering patterns consistent with multiple indepen-dent origins of these deletions.
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6.4 Discussion

As part of our study aimed towards SV characterization in a cohort of 1,019 samples, usingONT reads [38], we found that mobile elements account for an average of 2.26 Mbp of se-quence variation detected per individual, driven by several mechanisms including mobileelement insertions (MEIs), TEMRs, transductions and processed pseudogenes. Analyzingthe SV breakpoints and their surrounding regions revealed flanking homology lengths rang-ing from 50 to thousands of base pairs (Figure 6.1). This suggests that a diverse array ofhomology-associated processes, mediated by varying homology lengths and different ge-nomic repeat contexts, shape the SV landscape in humans.When examining SVs involving flanking mobile element sequences, we observed that themajority of TEMRs (89.9%) represent deletions. Among the different classes of flanking mo-bile elements, Alu elements were the most prevalent, consistent with previous findings thatAlu-based TEMRs are a dominant SV formation process [187]. Given that these homology-mediated rearrangements can occur independently in distinct haplotype backgrounds, wehypothesized that they play a crucial role in SV recurrence. While precise recurrence rateestimates for these events require much larger sample cohorts, we attempted to evaluate therecurrence status for some of the deletion events.We analyzed a set of 42 deletions that met the criteria described in Section 6.2.1 to deter-mine whether they arose more than once over the course of evolution. Applying a recurrencedetection approach built on the theoretical framework used for inversion recurrence analy-sis, discussed in detail in Chapters 4 and 5, we searched for recurrence-indicating SNPs inthe flanking region of each deletion. Beyond identifying such SNPs, we sought additionalphylogenetic support by constructing centroid hierarchical clustering-based dendrogramsusing SNP haplotypes from the 100 kbp flanking regions of each event. By integrating theseanalyses with manual inspection of aligned sequencing reads for genotype validation, weidentified six deletions with compelling evidence of recurrence. In each case, phylogenetictrees consistently revealed co-clustering of haplotypes with and without the deletion. More-over, the presence of recurrence-indicating SNPs in close proximity to both breakpointsreinforced the recurrent nature of these deletions. Among these six events, one was flankedby LINE elements, while the remaining five were flanked by Alu elements, highlighting thepotential role of TEMRs in facilitating SV recurrence. These findings lay the foundationfor future studies using larger sample cohorts to explore this phenomenon across variousSV types. Future directions include examining the linkage disequilibrium patterns aroundthese TEMRs and estimating the precise recurrence rates for such events.Overall, the results presented in this chapter, alongside those from Chapters 4 and 5, es-tablish mutational SV recurrence as a widespread phenomenon across different SV classes,regulated by diverse mechanisms. This underscores the importance of using large, geograph-ically diverse cohorts and developing sophisticated methodologies to gain a population-wideperspective on these events, determine their mutational recurrence rates and understand
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their potential disease associations.
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Summary and Conclusion

Recent advancements in sequencing technologies have significantly improved our ability toanalyze genomic variation. While short-read sequencing provides high accuracy and pre-cision, long-read sequencing technologies, although capable of capturing larger structuralvariations, are often susceptible to higher rates of systematic errors. These errors limit thefull potential of long reads, making it difficult to fully leverage them for identifying andcharacterizing genomic variation. In Chapter 2 of this thesis, a novel allele detection ap-proach, k-merald, was introduced. k-merald uses platform-specific k-mer-based sequencingerror profiles to calculate read alignment costs, thereby enhancing alignment reliability and,in turn, enhancing allele detection accuracy, particularly for error-prone long reads. Wedemonstrated that k-merald outperforms conventional edit-distance-based allele detection,resulting in a prominent reduction in genotyping error rates for SNPs and indels across bothONT and PacBio CLR datasets. This improvement was especially evident in low-coveragesequencing data. Additionally, we showed that k-merald does not rely on sample-specific er-ror profiles. This allows a single error profile to be used across multiple samples—providedthe sequencing data originated from the same platform—thereby reducing computationalruntime.Although all classes of genomic variation contribute to our understanding of geneticdiversity, structural variants are particularly important due to the larger genomic regionsthey typically affect. Among these, inversions represent an especially intriguing subclass;unlike deletions or duplications, they are usually copy-neutral and preserve genomic con-tent. However, their frequent occurrence in highly repetitive regions renders them difficultto detect. Chapter 3 of this thesis introduced ArbiGent, a tool for genotyping inversionsand copy number variants using strand-state inheritance patterns obtained from Strand-seqdata. ArbiGent corrects for alignment artifacts by normalizing Strand-seq read counts basedon the mappability of each locus. Validation experiments, including Mendelian consistencyand Hardy-Weinberg equilibrium analyses, confirmed the high quality of the produced geno-types. Furthermore, a downsampling experiment demonstrated that ArbiGent maintains re-liable genotyping performance even at low Strand-seq coverage. This chapter also detailedArbiGent’s role in generating a multi-platform based inversion callset, comprising 399 inver-sions derived from 44 individuals from the 1KG Project. Analysis of this callset revealed thatinversions span approximately twice the genomic length affected by indels and four timesthat affected by SNPs. Notably, a significantly higher number of inversions were found to
111
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occur at >5% minor allele frequency compared to other SV types. Moreover, we observedSD-rich regions on chromosomes 1, 2, 7, 10, 15, 16, and 17 to be the “hotspots” for inversionformation.The enrichment of inversions in highly-repetitive regions makes them prone to NAHR-mediated recurrent formation. However, distinguishing a single ancestral inversion eventfrom multiple independent events at the same locus requires haplotype-resolved data alongwith robust phylogenetic and population-based analysis. Chapter 4 presented the novelconcept of toggling-indicating SNPs (tiSNPs) and outlined a strategy for assessing inver-sion recurrence using these markers. By analyzing allelic patterns of within-inversion SNPsacross both inverted and non-inverted haplotypes, this approach allowed us to classify in-versions as recurrent or single-event. In combination with orthogonal haplotype-based andY-chromosome phylogenetic analyses, we identified 40 recurrent inversions, collectivelyspanning approximately 0.6% of the human genome. Recurrence rates reached up to onein 10,000 haplotype transmissions—four orders of magnitude higher than those observedfor SNPs—highlighting the widespread nature of inversion recurrence in human genomes.Among these 40 recurrent inversions, we identified one overlapping the 7q11.23 Williams-Beuren syndrome critical region, previously associated with disease predisposition. Addi-tionally, we demonstrated that inversions overlapping 7q11.23, 3q29 and 15q13.3 criticalregions altered the surrounding SD architecture, suggesting a potential mechanistic role indisease predisposition. However, exact characterization of these associations requires largercase-control cohorts and high-quality, haplotype-resolved genome assemblies.With the emergence of pangenomics, this goal is becoming increasingly attainable. Chap-ter 5 of this thesis presented Pivot, a pangenome-friendly inversion recurrence detectionmethod that builds upon the theoretical framework of the tiSNPs-based approach, while ex-tending it by incorporating all within-inversion variant types—not just SNPs—and operatesdirectly on pangenome graphs, thereby mitigating reference bias. We applied Pivot to ana-lyze inversion recurrence using HPRC and HGSVC pangenome graphs, which represent 88and 130 (non-reference) haplotypes, respectively. Pivot not only identified novel recurrentinversions but also provided stronger evidence for known recurrent candidates. As expected,it performed better on HGSVC graphs, constructed from higher quality genome assembliesas compared to the HPRC graphs, emphasizing the importance of assembly quality andlarger sample sizes for recurrence detection. Pivot revealed 18 novel recurrent inversionsoverlapping disease-associated regions, including a 1.56 Mbp inversion at the 17p11.2 locusencompassing the Smith-Magenis/Potocki-Lupski syndrome region. We demonstrated thatthe flanking SD architectures varied between inversion-carrying haplotypes, indicating theirindependent origins. Additionally, evidence for inversion recurrence was observed acrossthe Prader-Willi/Angelman syndrome critical region (15q11–q13), where four distinct in-versions share similar SD-flanking structures. Future work will involve applying Pivot toeven better-quality pangenome graphs, representing more samples—such as those recentlyreleased by the HPRC—to refine recurrence detection, explore complex loci in greater detail,



113
and assess the contribution of recurrent inversions to disease risk.Inversions are not the only SVs subject to recurrence. Chapter 6 explored deletion recur-rence, proposing an approach to scan deletion flanks for recurrence-indicating SNPs. Usingthis approach, in combination with phylogenetic validation, we identified six recurrent dele-tions within a cohort of 1,019 samples from the 1KGP. Five were flanked by Alu elementsand one by LINE elements, suggesting a role for transposable element-mediated NAHR intheir recurrence. Moving forward, we plan to investigate linkage disequilibrium patternsaround such events, estimate precise recurrence rates in larger cohorts, and extend theseanalyses to other SV classes.The work presented in this thesis underscored both the importance and the intricatecomplexity of human genomic variation, offering just a glimpse into a much larger and stillunfolding narrative. While significant progress has been made in this field, a great deal re-mains to be explored. With the rapid evolution of high-throughput sequencing technologies,the development of advanced computational methods, and the recent surge in pangenomics,we are now better equipped than ever to explore the full spectrum of human genomic varia-tion. These innovations are paving the way toward advancements in personalized medicine,uncovering the genetic basis of disease phenotypes, and deepening our understanding of hu-man evolution.
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Appendix A

k-merald: Allele detection using
k-mer based sequencing error
profiles

A.1 Data Availability

Following data has been used for generation of the results described in Section 2.3.
PacBio CLR

HG002: https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/
HG002/hpp_HG002_NA24385_son_v1/PacBio_CLR/PB_HG002-CLR-SvDetection/m64070_19

0824_163708.subreads.bam

pbmm2 (https://github.com/PacificBiosciences/pbmm2) was used for alignment of sequenc-ing reads to GRCh38 reference
pbmm2 align GRCh38.fa m64070_190824_163708.subreads.bam alignments.bam --sort

--median-filter --sample HG002↪→

PacBio Hifi

HG002: https://s3-us-west-2.amazonaws.com/human-pangenomics/working/HPRC_PLUS
/HG002/analysis/aligned_reads/hifi/GRCh38/HG002_aligned_GRCh38_winnowmap.sor

ted.bam

Oxford Nanopore

HG002: https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002
_NA24385_son/Ultralong_OxfordNanopore/guppy-V3.4.5/HG002_GRCh38_ONT-UL_GIAB_2

0200204.bam
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https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/HG002/hpp_HG002_NA24385_son_v1/PacBio_CLR/PB_HG002-CLR-SvDetection/m64070_190824_163708.subreads.bam
https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/HG002/hpp_HG002_NA24385_son_v1/PacBio_CLR/PB_HG002-CLR-SvDetection/m64070_190824_163708.subreads.bam
https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/HG002/hpp_HG002_NA24385_son_v1/PacBio_CLR/PB_HG002-CLR-SvDetection/m64070_190824_163708.subreads.bam
https://s3-us-west-2.amazonaws.com/human-pangenomics/working/HPRC_PLUS/HG002/analysis/aligned_reads/hifi/GRCh38/HG002_aligned_GRCh38_winnowmap.sorted.bam
https://s3-us-west-2.amazonaws.com/human-pangenomics/working/HPRC_PLUS/HG002/analysis/aligned_reads/hifi/GRCh38/HG002_aligned_GRCh38_winnowmap.sorted.bam
https://s3-us-west-2.amazonaws.com/human-pangenomics/working/HPRC_PLUS/HG002/analysis/aligned_reads/hifi/GRCh38/HG002_aligned_GRCh38_winnowmap.sorted.bam
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/Ultralong_OxfordNanopore/guppy-V3.4.5/HG002_GRCh38_ONT-UL_GIAB_20200204.bam
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/Ultralong_OxfordNanopore/guppy-V3.4.5/HG002_GRCh38_ONT-UL_GIAB_20200204.bam
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/Ultralong_OxfordNanopore/guppy-V3.4.5/HG002_GRCh38_ONT-UL_GIAB_20200204.bam
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HG001: https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/NA12878/Ultralong_Ox
fordNanopore/NA12878-minion-ul_GRCh38.bam

Variant callsets

HG002: https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/AshkenazimTrio/HG
002_NA24385_son/latest/GRCh38/HG002_GRCh38_1_22_v4.2.1_benchmark.vcf.gzHG001: https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/NA12878_HG001/lat
est/GRCh38/HG001_GRCh38_1_22_v4.2.1_benchmark.bed

Genome stratifications

https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/genome-stratifications/v

3.0/GRCh38/

https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/NA12878/Ultralong_OxfordNanopore/NA12878-minion-ul_GRCh38.bam
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/NA12878/Ultralong_OxfordNanopore/NA12878-minion-ul_GRCh38.bam
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/AshkenazimTrio/HG002_NA24385_son/latest/GRCh38/HG002_GRCh38_1_22_v4.2.1_benchmark.vcf.gz
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/AshkenazimTrio/HG002_NA24385_son/latest/GRCh38/HG002_GRCh38_1_22_v4.2.1_benchmark.vcf.gz
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/NA12878_HG001/latest/GRCh38/HG001_GRCh38_1_22_v4.2.1_benchmark.bed
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/NA12878_HG001/latest/GRCh38/HG001_GRCh38_1_22_v4.2.1_benchmark.bed
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/genome-stratifications/v3.0/GRCh38/
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/release/genome-stratifications/v3.0/GRCh38/


Appendix B

Analyzing homology-mediated
recurrent deletion polymorphisms

133



134 Analyzing homology-mediated recurrent deletion polymorphisms

*

*

Alternative SNP allele Reference SNP allele Deletion alleleReference allele

Recurrence indicating SNPs

chr19:13791103

Recurrence event*
Figure B.1: Alu-mediated recurrent deletion at 19p13.13. A predicted recurrent dele-tion at 19p13.13 mediated by an AluSx-AluSx pair. The figure represents the variation ofhaplotypes in a 100 kbp window centered around the deletion and the relationship betweenhaplotypes with (red) and without the deletion (gray). Dendrograms of haplotypes are plot-ted using centroid hierarchical clustering algorithm. In each haplotype, reference and al-ternative alleles are shown in blue and orange, respectively. SNPs within 20 kbp aroundthe deletion showing evidence of deletion recurrence are marked by triangles at the top.Two predicted independent occurrences of the deletion event are marked by *. The UCSCGenome Browser [173] view, with the region of interest highlighted in blue, is shown at thebottom of the figure.
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Alternative SNP allele Reference SNP allele Deletion alleleReference allele Recurrence event*

Recurrence indicating SNPs

Figure B.2: Alu-mediated recurrent deletion at 11p15.4. A predicted recurrent deletionat 11p15.4 mediated by an AluY-AluSx pair. The figure depicts the variation of haplotypesin a 100 kbp window centered around the deletion and the relationship between haplotypeswith (red) and without the deletion (gray). Dendrograms of haplotypes are plotted usingcentroid hierarchical clustering algorithm. In each haplotype, reference and alternative al-leles are shown in blue and orange, respectively. Recurrence-indicating SNPs within 20 kbpregion around the deletion are marked by triangles at the top. A predicted independentoccurrence of the deletion event is marked by *. The UCSC Genome Browser [173] view,with the region of interest highlighted in blue, is shown at the bottom of the figure.
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*

Recurrence indicating SNPs

Alternative SNP allele Reference SNP allele Deletion alleleReference allele Recurrence event*
Figure B.3: Alu-mediated recurrent deletion at 9p24.3. A predicted recurrent deletionat 9p24.3 mediated by an AluY-AluY pair. The figure shows the variation of haplotypes in a100 kbp window centered around the deletion and the relationship between haplotypes with(red) and without the deletion (grey). Dendrograms of haplotypes are plotted using centroidhierarchical clustering algorithm. In each haplotype, reference and alternative alleles areshown in blue and orange, respectively. Recurrence-indicating SNPs within 20 kbp aroundthe deletion are marked by triangles at the top. A group of haplotypes not carrying thedeletion (gray) but appearing with the haplotypes carrying it (red), hence supporting therecurrence of the respective deletion event, is marked by *. The UCSC Genome Browser[173] view, with the region of interest highlighted in blue, is shown at the bottom of thefigure.
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*

Recurrence indicating SNPs

Alternative SNP allele Reference SNP allele Deletion alleleReference allele Recurrence event*

Figure B.4: Alu-mediated recurrent deletion at 9p13.3. A predicted recurrent deletion at9p13.3 mediated by an AluSx-AluSx pair. The figure displays the variation of haplotypes in a100 kbp window centered around the deletion and the relationship between haplotypes with(red) and without the deletion (gray). Dendrograms of haplotypes are plotted using centroidhierarchical clustering algorithm. In each haplotype, reference and alternative alleles areshown in blue and orange, respectively. Recurrence-indicating SNPs within 20 kbp aroundthe deletion are marked by triangles at the top. A predicted independent occurrence of thedeletion event is marked by *. The UCSC Genome Browser [173] view, with the region ofinterest highlighted in blue, is shown at the bottom of the figure.
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*

Recurrence indicating SNPs

Alternative SNP allele Reference SNP allele Deletion alleleReference allele Recurrence event*
Figure B.5: L2-mediated recurrent deletion at 9q22.1. A predicted recurrent deletion at9q22.1 mediated by an L2-L2 pair. Figure shows the variation of haplotypes in a 100 kbpwindow centered around the deletion and the relationship between haplotypes with (red)and without the deletion (gray). Dendrograms of haplotypes are plotted using centroidhierarchical clustering algorithm. In each haplotype, reference and alternative alleles areshown in blue and orange, respectively. Recurrence-indicating SNPs within 20 kbp aroundthe deletion are marked by triangles at the top. A predicted independent occurrence of thedeletion event is marked by *. The UCSC Genome Browser [173] view, with the region ofinterest highlighted in blue, is shown at the bottom of the figure.
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Published articles underlying this
thesis

C.1 Allele detection using k-mer-based sequencing error pro-
files

The manuscript “Allele detection using k-mer-based sequencing error profiles” [36] waspublished in Bioinformatics Advances. Author information, author contributions, license andcopyright information are listed in the subsections below.
C.1.1 Authors

Hufsah Ashraf, Jana Ebler and Tobias Marschall
C.1.2 Contributions

Tobias Marschall and I designed the algorithm and the study. I developed k-merald andperformed all the experiments. I and Tobias Marschall wrote a draft of the paper and JanaEbler contributed edits and comments. All authors approved the final manuscript.
C.1.3 License and copyright information

This is an open access article distributed under the terms of the Creative Commons Attribu-tion License as stated in the online version of the published article: https://doi.org/10.1
093/bioadv/vbad149

“This is an Open Access article distributed under the terms of the Creative Com-mons Attribution License (https://creativecommons.org/licenses/by/4.0/), whichpermits unrestricted reuse, distribution, and reproduction in any medium, pro-vided the original work is properly cited.”
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C.2 Haplotype-resolved diverse human genomes and integrated
analysis of structural variation

The manuscript “Haplotype-resolved diverse human genomes and integrated analysis ofstructural variation” [12] was published in Science. Author information, author contribu-tions, license and copyright information are listed in the subsections below.
C.2.1 Authors

Peter Ebert*, Peter A. Audano*, Qihui Zhu*, Bernardo Rodriguez-Martin*, David Porubsky,Marc Jan Bonder, Arvis Sulovari, Jana Ebler, Weichen Zhou, Rebecca Serra Mari, FeyzaYilmaz, Xuefang Zhao, PingHsun Hsieh, Joyce Lee, Sushant Kumar, Jiadong Lin, TobiasRausch, Yu Chen, Jingwen Ren, Martin Santamarina, Wolfram Höps, Hufsah Ashraf, NelsonT. Chuang, Xiaofei Yang, Katherine M. Munson, Alexandra P. Lewis, Susan Fairley, LukeJ. Tallon, Wayne E. Clarke, Anna O. Basile, Marta Byrska-Bishop, André Corvelo, Uday S.Evani, Tsung-Yu Lu, Mark J. P. Chaisson, Junjie Chen, Chong Li, Harrison Brand, AaronM. Wenger, Maryam Ghareghani, William T. Harvey, Benjamin Raeder, Patrick Hasenfeld,Allison A. Regier, Haley J. Abel, Ira M. Hall, Paul Flicek, Oliver Stegle, Mark B. Gerstein,Jose M. C. Tubio, Zepeng Mu, Yang I. Li, Xinghua Shi, Alex R. Hastie, Kai Ye, Zechen Chong,Ashley D. Sanders, Michael C. Zody, Michael E. Talkowski, Ryan E. Mills, Scott E. Devine,Charles Lee, Jan O. Korbel, Tobias Marschall and Evan E. Eichler
* joint first authors
C.2.2 Contributions

Author contributions as stated in the manuscript [12]:
“PacBio production sequencing: K.M.M., A.P.L., Q.Z., L.J.T., and S.E.D. Strand-seq production: A.D.S., B.R., P.H., and J.O.K. Phased genome assembly: P.E.,P.A.A., D.P., Q.Z., F.Y., W.T.H., and T.M. Assembly analysis: P.E. Assembly-based variant calling: P.A.A. Variant QC, merging, and annotation: P.A.A., T.R.,M.J.P.C., J.R., T.L., Z.C., Y.C., K.Y., J.L., X.Y., and J.O.K. Assembly scaffolding:F.Y., D.P., and P.E. Additional long-read callsets: P.A.A., Y.C., Z.C., W.T.H., J.R.,and A.M.W. Short-read SV calling and merging: X.Z., Q.Z., H.J.A., H.B., N.T.C.,W.E.C., A.C., U.S.E., S.E.D., I.M.H., W.T.H., A.A.R., M.C.Z., and M.E.T. BionanoGenomics SV discovery and analysis: F.Y., J.L., and A.R.H. Strand-seq inversiondetection and genotyping: D.P., W.T.H., H.A., M.G., T.M., A.D.S., and J.O.K. MEIdiscovery and integration: B.R.-M., W.Z., M.S., N.T.C., J.M.C.T., J.O.K., R.E.M.,and S.E.D. Variant hotspot analysis: D.P. and E.E.E. Breakpoint analysis: S.K.,J.L., X.Y., M.G., K.Y., and J.O.K. PanGenie genotyping: J.E. and T.M. Illuminagenotype analysis: J.E., X.Z., W.E.C., P.E., T.R., P.A.A., H.B., J.O.K., M.E.T.,
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M.C.Z., and T.M. RNA-seq and QTL analysis: M.J.B., A.S., Z.M., J.C., C.L., M.B.-B., A.O.B., O.S., Y.I.L., X.S., M.C.Z., and J.O.K. Ancestry and population geneticanalyses: PH.H., R.S.M., P.A.A., T.M., and E.E.E. Data archiving: S.F., P.A.A.,K.M.M., and P.F. Organization of supplementary materials: Q.Z. and C.L. Dis-play items: P.A.A., P.E., J.E., A.R.H., PH.H., R.S.M., T.M., D.P., T.R., B.R.-M.,M.S., F.Y., X.Z., and W.Z. Manuscript writing: P.A.A., P.E., B.R.-M., A.S., D.P.,PH.H., Q.Z., F.Y., A.R.H., J.L., M.E.T., M.J.B., X.S., S.E.D., J.O.K., T.M., andE.E.E. HGSVC Co-chairs: C.L., J.O.K., and E.E.E.”

I, in collaboration with Wolfram Höps, contributed towards Strand-Seq based inversiongenotyping using ArbiGent and developing the integrated inversion callset.
C.2.3 License and copyright information

According to the AAAS Rights & Permissions office the following holds:
“After publication of a manuscript in an AAAS journal, the author may reprinttheir full manuscript or portions of the manuscript in a thesis or dissertationwritten by the author as part of a course of study at an educational institutionin print & electronic formats. Credit must be given to the first appearance of thematerial in the appropriate issue of the AAAS journal.”

C.3 Recurrent inversion polymorphisms in humans associate with
genetic instability and genomic disorders

The manuscript “Recurrent inversion polymorphisms in humans associate with genetic in-stability and genomic disorders” [13] was published in Cell. Author information, authorcontributions, license and copyright information are listed in the subsections below.
C.3.1 Authors

David Porubsky*, Wolfram Höps*, Hufsah Ashraf*, PingHsun Hsieh, Bernardo Rodriguez-Martin, Feyza Yilmaz, Jana Ebler, Pille Hallast, Flavia Angela Maria Maggiolini, William T.Harvey, Barbara Henning, Peter A. Audano, David S. Gordon, Peter Ebert, Patrick Hasenfeld,Eva Benito, Qihui Zhu, Charles Lee, Francesca Antonacci, Matthias Steinrücken, ChristineR. Beck, Ashley D. Sanders, Tobias Marschall, Evan E. Eichler and Jan O. Korbel
* joint first authors
C.3.2 Contributions

Author contributions as stated in the manuscript [13]:
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“Conceptualization, D.P., A.D.S., T.M., E.E.E., and J.O.K.; methodology & soft-ware, D.P., W.H., H.A., P. Hsieh, B.R.-M., and M.S.; formal analysis, D.P., W.H.,H.A., P. Hsieh, B.R.-M., F.Y., J.E., and P. Hallast; investigation, D.P., W.H.,H.A., P. Hsieh, B.R.-M., A.D.S., M.S., and C.R.B.; resources, HGSVC, Q.Z., C.L.,P. Hasenfeld, A.D.S., T.M., E.E.E., and J.O.K.; computational support, W.T.H.,P.A.A., B.H., and D.S.G.; validation, F.A.M.M., P.E., E.B., and F.A.; writing, D.P.,W.H., H.A., B.R.-M., T.M., E.E.E., and J.O.K., with input from all authors.”
In this study, I worked along side Wolfram Höps to refine ArbiGent’s performance, performvalidation experiments, Strand-Seq based inversion genotyping and integrating the inversioncalls from different technologies into one comprehensive inversion callset. Additionally, Ideveloped the “toggling-indicating SNPs (tiSNPs)-based approach” for detecting recurrentinversion polymorphisms in human genomes and performed several downstream analysesusing its findings in order to understand the mechanism driving the recurrence phenomenon.In collaboration with PingHsun Hsieh and Matthias Steinrücken, I contributed towards pro-viding a comprehensive list of recurrent inversions, including novel candidates.
C.3.3 License and copyright information

This is an open access article under the Creative Commons CC BY-NC license as stated in theonline version of the published article: https://doi.org/10.1016/j.cell.2022.04.017
“This article is available under the Creative Commons CC-BY-NC license andpermits non-commercial use, distribution and reproduction in any medium, pro-vided the original work is properly cited.”

C.4 Inversion polymorphism in a complete human genome as-
sembly

The manuscript “Inversion polymorphism in a complete human genome assembly” [14]was published in Genome Biology. Author information, author contributions, license andcopyright information are listed in the subsections below.
C.4.1 Authors

David Porubsky, William T. Harvey, Allison N. Rozanski, Jana Ebler, Wolfram Höps, Huf-sah Ashraf, Patrick Hasenfeld, Human Pangenome Reference Consortium (HPRC), HumanGenome Structural Variation Consortium (HGSVC), Benedict Paten, Ashley D. Sanders, To-bias Marschall, Jan O. Korbel and Evan E. Eichler

https://doi.org/10.1016/j.cell.2022.04.017
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C.4.2 Contributions

Author contributions as stated in the manuscript [14]:
Conceptualization, D.P., E.E.E.; Formal analysis, D.P.; Investigation, D.P., E.E.E.;Inversion genotyping, W.H., H.A., J.E., T.M.; Strand-seq data generation, A.D.S.,P.H., J.O.K.; Computational support, W.T.H., A.N.R.; Assembly resources, B.P.;Writing, D.P., E.E.E., with input from all authors. The authors read and approvedthe final manuscript.
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