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Abstract 

 
Genetic variation is enriched in structurally complex regions of the genome—tandem 

repeats, segmental duplications and highly polymorphic gene families—which evolve 

rapidly through mutation, recombination and copy-number change. Reliable detection 

of this variation is constrained by sequencing technology, reference representation, and 

the model used to infer genotypes. This dissertation addresses these constraints in two 

systems where conventional short-read analysis fails: genomic divergence among long-

term laboratory isolates of the parasite Toxoplasma gondii, and natural diversity at the 

human killer-cell immunoglobulin-like receptor (KIR) locus. First, we compared three 

independently maintained T. gondii ME49 isolates using Oxford Nanopore long-read 

sequencing. Long reads enabled an accurate de novo assembly with substantially 

improved contiguity (NG50 6.68 Mb versus 1.2 Mb for the current RefSeq) and near-

complete chromosome resolution. Pangenome graph-based genotyping against this 

reference revealed clear intra-strain heterogeneity, including SNVs, indels and 

structural variants. The most striking was a 13 kb tandem expansion at the virulence-

associated ROP8-ROP2A locus that doubled copy number from three to six in two 

isolates. These results show that laboratory-maintained strains diverge measurably over 

time and argue for routine genomic monitoring to protect experimental reproducibility. 

Second, we developed KIR*BLOOM, a copy-number-aware genotyping method for 

the KIR locus from short-read data, where current tools struggle with near-identical 

paralogs, extensive copy-number variation and incomplete reference representation. 

KIR*BLOOM infers gene copy number from read depth, selects alleles from a curated 

database under that constraint while treating ambiguous mappings as informative, then 

refines coding sequences by variant calling. Developed on 52 samples from the 1000 

Genomes Project with matched haplotype-resolved assemblies and evaluated on a 

further 45, it achieved 99.85% precision and 99.92% recall for copy-number inference, 

and 92.73% precision and 92.69% recall at five-digit allele resolution, outperforming 

T1K, GraphKIR and Geny. Together, both studies show that detecting complex 

variation depends critically on the choice of reference and algorithm. Long reads 

matched to an appropriate reference revealed structural differences between laboratory 

parasite strains, while a copy-number-aware model improved KIR typing from existing 

short reads—in both cases, the right combination of reference and method, rather than 

the sequencing data alone, enabled more reliable detection than standard pipelines.  
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1 Introduction 

Since the discovery of the DNA double helix and its role as the carrier of genetic 

information, efforts to determine the sequence of DNA have driven major advances in 

molecular biology. Early sequencing methods, such as the chain-termination approach 

developed by Frederick Sanger in 1977 [1], were labor-intensive and limited to short 

stretches of DNA. Over the past decades, sequencing technologies have evolved 

dramatically, transitioning from low-throughput approaches to high-throughput 

platforms capable of generating millions to billions of bases in a single run [2, 3]. 

Today, short-read sequencing technologies, most prominently developed by Illumina, 

enable rapid and cost-effective genome analysis, while long-read platforms such as 

Pacific Biosciences [4] and Oxford Nanopore Technologies (ONT) [5] provide the 

ability to resolve complex genomic regions through reads spanning thousands to tens 

of thousands of bases. 

These technological advances have fundamentally transformed biological research. 

DNA sequencing now underpins diverse fields, including evolutionary biology, cancer 

research, infectious disease biology, and immunology. It enabled large-scale analysis 

of genetic variation across individuals and populations, forming the basis of modern 

population genetics. In immunogenomics, sequencing provides the means to dissect 

immune receptor diversity and identify genetic determinants of immune responses. In 

infectious disease biology, it enables the study of pathogen evolution, transmission 

dynamics, and the genetic basis of virulence and antimicrobial resistance. As a result, 

biology has shifted from targeted, low-throughput investigations to a comprehensive, 

genome-wide and data-driven discipline. 

Despite this progress, different sequencing technologies present distinct trade-offs. 

Short-read sequencing offers high accuracy and scalability. Moreover, the vast majority of 

existing datasets remain available only as short reads, making it the dominant approach 

for population-level studies [6,7], but it collapses in regions of high homology, 

segmental duplication, or extreme polymorphism [8]. Long-read sequencing resolves those 

structures but has historically carried higher error rates and higher cost per sample. The 

central challenge in modern genomics is therefore not simply generating more data, but 

choosing and adapting the right technological framework to accurately detect genetic 

variation and link it to phenotype, particularly for complex variation that is invisible to 

standard pipelines. 
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This challenge appears in very different biological systems, but the underlying problem 

is the same. The work presented in this dissertation addresses it in two complementary 

contexts that together span pathogen genomics and immune receptor genomics. 

First, in parasite genomics, Toxoplasma gondii (T. gondii) serves as a model organism 

for studying intracellular parasitism [9, 10]. Although clonal lineages are widely used 

in the laboratory, phenotypic differences have been reported after prolonged culture or 

passage, including changes in growth rate, plaque size, differentiation capacity, and the 

loss of oocyst production in cats [11,12]. The genomic extent of variation underlying 

these phenotypic changes remains largely unknown, because the earlier studies that 

documented these phenotypes predated high-throughput sequencing, and later work has 

relied mainly on short reads that cannot reliably span repetitive regions or resolve large 

structural variants [13]. A further challenge is comparing isolates in a comparative 

genomics framework when data come from different Nanopore chemistries, especially 

older data with higher error rates. Technical differences between chemistries can mimic 

biological variation and make it difficult to distinguish true mutations from sequencing 

artifacts, with small Indels in homopolymeric tracts being particularly error-prone [14]. 

We therefore sequenced three independently maintained ME49 isolates with a shared 

clonal origin using ONT, and used de novo assembly with graph-based genotyping to 

integrate variation across chemistries and test for genomic changes among the three 

isolates. 

Second, in human immune receptor genomics, the killer-cell immunoglobulin-like 

receptor (KIR) region exemplifies the opposite constraint [15, 16]. KIR is one of the 

most polymorphic and structurally complex loci in the human genome, with extensive 

gene-content variation, high sequence similarity, and direct relevance for natural killer 

cell mediated immune responses against infected and transformed cells [17]. Because 

most clinical and population cohorts have been sequenced with short reads, there is  a 

pressing need for methods that can extract accurate KIR genotypes from existing short-

read data, rather than requiring new long-read sequencing for every sample. Current 

methods remain insufficient, with additional challenges arising from the incomplete 

representation of KIR alleles in existing databases. In this dissertation, we developed a 

new method for accurate KIR genotyping directly from available short-read Illumina 

sequencing data. 

Aims of this thesis: 

1. To identify and characterize acquired small and large genomic variation in 
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laboratory strains of T. gondii using Oxford Nanopore long-read sequencing. 

2. To develop a novel computational method that leverages widely available short-

read data for accurate genotyping of gene content and allelic variation in the 

human KIR region. 

Thesis structure: 

This cumulative thesis is based on two first-author publications that form the scientific 

core. 

1. Chapter 2: It includes the background necessary to understand the work in the 

papers. 

2. Chapter 3.1: presents the study on T. gondii. It describes the long-read sequencing 

strategy, the detection of small and large structural variants arising during in 

vitro and in vivo propagation, and the interpretation of this heterogeneity in the 

context of parasite biology. 

3. Chapter 3.3: presents the computational study on the KIR region. It introduces 

the algorithm, and its validation against state-of-the-art typing methods. 

4. Chapter 4: provides a discussion that integrates both projects. It compares the 

technological trade-offs, discusses the implications for variations in pathogens 

and for immunogenetic screening in humans, and outlines future directions.  

Together, these studies demonstrate that accurate characterization of complex variation 

requires matching the biological question to the appropriate sequencing framework, and 

that both experimental long-read approaches and improved short-read inference can 

close critical gaps left by standard genome analysis. 

2 Background 

This chapter sets out the biological background and bioinformatic principles that underpin 

the projects in this dissertation. Section 2.1 provides a common foundation relevant to 

both topics. Mentions of Toxoplasma gondii (T. gondii) and killer-cell immunoglobulin-

like receptor (KIR), occur occasionally in this common foundation. Readers seeking a 

brief overview of both are recommended to begin with Sections 2.2.1 and 2.3.1, which 

present the topic-specific background for T. gondii and KIR respectively. 

2.1 Common Foundation 

2.1.1 DNA sequencing 

DNA sequencing is the determination of the precise order of nucleotides in a DNA 
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molecule. Sanger sequencing dominated the field for approximately three decades due to 

its high accuracy (~99.9%) and relatively long read lengths (~400–900 bp) [1,18]. Its 

limitation was the low throughput and high cost per base [3]. The second-generation 

sequencing emerged between 2005 and 2007 with massively parallel short-read 

technologies from 454 Life Sciences/Roche, Solexa/Illumina, and SOLiD. These 

methods replaced electrophoresis-based approaches with highly parallelized sequencing 

chemistries, including sequencing-by-synthesis, pyrosequencing, and sequencing-by-

ligation, enabling millions of simultaneous reactions [3]. This transition led to a dramatic 

reduction in the cost of sequencing a human genome, decreasing from millions of dollars 

per genome to only thousands of dollars by around 2014 [19]. Third-generation 

sequencing became commercially established with Pacific Biosciences’ single-molecule 

real-time sequencing platform in 2011 and Oxford Nanopore’s MinION nanopore 

platform in 2014, moving to single-molecule sequencing chemistries that initially traded 

lower raw per-base accuracy for much longer reads, ranging from tens to hundreds of 

kilobases [3]. 

2.1.2 Short read sequencing 

Due to their low cost and high accuracy, short-read sequencing is still a fundamental 

aspect of large-scale human genetic studies, because it is commonly used in population-

based analyses, and some of the largest available human datasets, such as UK Biobank, 

were generated using Illumina NovaSeq short–read sequence platforms [6, 7]. In this 

method, genomic DNA is typically fragmented to ~200–600 base pairs, ligated to 

sequencing adapters, and clonally amplified on a flow cell via bridge amplification. 

Fluorescently labeled nucleotides are incorporated one base at a time, imaged, and then 

cleaved, enabling cyclic base calling [20, 21] (Figure 1). This process generates massive 

parallel output, with high-throughput platforms such as the Illumina NovaSeq capable 

of producing up to 20 billion reads per run [2]. Typical outputs are paired-end reads of 

150 or 300 base pairs, with a large proportion of bases achieving Q30 quality scores 

(corresponding to ~99.9% accuracy) and an error profile dominated by substitutions 

with a very low Indel rate [2, 22]. 
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Figure 1. Overview of Illumina short-read sequencing workflow. Genomic DNA is first 

fragmented and ligated to sequencing adapters to generate a DNA library. Library molecules are 

then immobilized on a flow cell and clonally amplified by bridge amplification to form clusters. 

During sequencing-by-synthesis, fluorescently labelled nucleotides are incorporated in repeated 

cycles, allowing the sequence of each cluster to be recorded (Reprinted from BioRender, based on 

a BioRender template). 

 

 

The main limitations of short-read methods arise from their read length. Structural 

variants larger than the insert size, including deletions, duplications, inversions and 

translocations, are inferred indirectly from discordant read pairs (pairs mapping in an 

unexpected way) or split-read alignments (different parts of the same read map to 

different positions) rather than observed directly as continuous molecules [11–13] 

(Figure 2, middle panel). Structural variations are discussed in more detail in Section 

2.1.6.3. Complex haplotypes cannot be resolved over distances greater than the 

fragment length [25]. Additionally, because individual reads are shorter than most 

repetitive elements, they also struggle to span tandem repeats, segmental duplications, 

homopolymer tracts and other low-complexity regions, leading to ambiguous mapping, and 

collapsed or misassigned paralogs in these intervals [12, 15]. These constraints limit short-

read sequencing to precise characterization of small variants, while leaving large-scale 

genome architecture incompletely resolved. 
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Figure 2. Overview of approaches for detecting structural variants. De novo assembly, short-read 

mapping, and long-read mapping provide different signals for identifying structural variants. In 

assembly-based approaches, structural variants can be inferred from changes in the relative order, 

orientation, or spacing of assembled genomic segments. In short-read mapping, paired-end reads, 

split reads, and read-depth changes are used to identify the type, size, and genomic position of 

variants, although repetitive regions can remain difficult to resolve. In long-read mapping, 

individual reads can span larger variants and repetitive sequences, allowing structural variants to 

be detected from long-read alignment patterns. 

Reproduced from Mahmoud et al., Structural variant calling: the long and the short of it, Genome 

Biology 20, 246 (2019) [8], under the Creative Commons Attribution 4.0 International License. 

No changes were made. 

 

2.1.3 Long read sequencing 

Long-read sequencing has been advanced to overcome limitations of short reads in 

structurally complex regions. For example, Pacific Biosciences (PacBio) HiFi 

sequencing generates reads of approximately 15–25 kilobases with consensus accuracy 

exceeding 99.8%, achieved through multiple passes of the same molecule, resulting in 

largely random errors that can be effectively corrected [27] (Figure 3). Oxford 

Nanopore Technologies (ONT) sequences native DNA by passing single strands 

through a biological nanopore and inferring sequence from changes in ionic current in 
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real time [5] (Figure 3). This approach can produce read-length distributions with N50 

values, defined as the read length L such that reads of length ≥ L contain at least 50% 

of all sequenced bases, in the tens to hundreds of kilobases depending on DNA 

extraction and library preparation; ultra-long ONT protocols have reported N50, values 

above 100 kb and individual reads approaching megabase scale [28, 29].  

Both ONT and PacBio enable direct detection of DNA base modifications without 

chemical conversion, and they differ in the modification types they capture, such as 5-

methylcytosine and 6-methyladenine [30–32]. Because long reads span repeats, 

structural variants including deletions, duplications, insertions, inversions, and 

translocations are observed as continuous alignments across breakpoints (Figure 2, left 

panel) [8,33]. Long reads also resolve tandem repeat arrays, segmental duplications, 

and other low-complexity regions inaccessible to short reads, allow haplotype phasing 

over tens of kilobases, and support de novo assembly into highly contiguous contigs 

without reliance on a reference genome [28, 29]. 

PacBio HiFi generally provides the highest single-read consensus accuracy, whereas 

ONT offers very long reads, real-time sequencing, portability, lower entry-cost 

instruments, and flexible throughput [5, 34]. Accordingly, ONT sequencing was 

employed in this dissertation to construct a genome assembly for T. gondii and enable 

simultaneous analysis of small and large sequence variation in different isolates 

(Chapter 3) 

 

Figure 3. Overview of long-read sequencing technologies. 
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(A) PacBio HiFi sequencing begins with high-quality double-stranded DNA, which is converted 

into circular SMRTbell libraries. DNA polymerase repeatedly sequences the circular molecule, 

generating subreads that are combined into a high-accuracy consensus read. (B) Oxford Nanopore 

sequencing measures changes in ionic current as DNA is translocated through nanopores. Each 

nucleotide produces a characteristic signal pattern, allowing the DNA sequence to be inferred 

directly from the electrical signal. (Adapted from BioRender, based on a BioRender template. 

) 

 

2.1.4 Genome assembly 

An assembled genome is not a directly observed chromosome, but a constructed model. 

Formally, assembly is the computational reconstruction of a genome from the millions 

of short or long fragments generated by a sequencer. Because DNA cannot yet be read 

continuously from telomere to telomere in a single pass, these fragments must be 

compared, connected, and merged into contiguous sequences (contigs) and then ordered 

and oriented into chromosome-scale scaffolds. This process, and the one used in this 

dissertation, is called de novo assembly, reconstruction without guidance from a pre-

existing reference, in which genome contiguity, base accuracy, representation of repeats 

and haplotype resolution are determined by the sequencing data and the assembly 

algorithms themselves. 

Currently, de novo genome assembly is primarily based on long-read sequencing data. 

Reads sequenced using PacBio HiFi or ONT platforms are assembled into contigs 

through graph-based algorithms implemented in assemblers such as hifiasm, Flye, and 

Verkko [35–37]. Gaps in centromeres, telomeres, and other highly repetitive regions 

can be closed when accurate long reads are combined with ultra-long reads that traverse 

large repeat arrays, as demonstrated by recent telomere-to-telomere assemblies [38]. 

Chromosome-scale scaffolding orders and orients constructed contigs, typically using 

proximity-ligation data such as Hi-C, to produce chromosome-level assemblies [39, 

40]. This is particularly useful for de novo assemblies without a high-quality reference 

genome, for example in uncharacterized organisms. 

Assemblies are evaluated with reference-independent metrics, including NG50 for 

contiguity, defined as the assembled sequence length L such that sequences of length ≥ 

L together add up to at least 50% of the expected genome size; consensus QV for base-

level accuracy, where QV50 corresponds to approximately one error per 100,000 bases, or 

99.999% accuracy; and BUSCO scores for gene-space completeness based on 

conserved single-copy orthologs [41, 42]. In this dissertation, de novo assembly was 

essential for the work on T. gondii, for which long-read Oxford Nanopore data were 

generated and assembled with Flye [36]. Flye is a long-read assembler designed for 
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PacBio and Oxford Nanopore reads. It uses a repeat-graph approach, but instead of 

constructing the graph directly from all read overlaps, it first assembles error-prone 

long reads into rough sequences called disjointigs. These disjointigs represent 

approximate paths through the genome and are then used to construct a repeat graph, in 

which unique regions and repeated sequences are represented as graph edges and nodes. 

Flye subsequently maps the original reads back to the graph to resolve repeats where 

possible, particularly when reads span repeat boundaries. Finally, Flye performs 

consensus polishing using the input reads to improve base-level accuracy and produce 

the final contig sequences (Figure 4). 

 

Figure 4. Repeat graph construction in Flye. The schematic illustrates a genome containing two pairs of 

highly similar repeats, the reads sampled from it, the construction of disjointigs, the generation of a repeat 

plot, and the conversion of this information into a repeat graph that can be used to resolve bridged and 

unbridged repeats. Reproduced from Kolmogorov et al., “Assembly of long, error-prone reads using 

repeat graphs,” Nature Biotechnology, 37, 540–546, 2019 [36], with permission from Springer Nature. 

 

 

2.1.5 Reference genome 

A reference genome provides a single, linear, haploid representation of a species' DNA 

sequence against which new sequencing data are aligned, compared, and interpreted. It 

serves as a coordinate system for variant calling, gene annotation, and functional 

studies, and therefore defines what is considered "reference" versus "alternative" in 

downstream analyses [43]. For human, the initial draft of the human genome was 
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produced by the International Human Genome Sequencing Consortium and published 

in 2001 [44]. It was assembled as a mosaic from DNA derived from multiple 

anonymous donors and contained more than 150,000 gaps [45]. The reference was later 

maintained and improved by the Genome Reference Consortium (GRC), an 

international collaboration founded in 2007 to improve the human, mouse, and 

zebrafish reference assemblies by closing gaps, correcting errors, and representing 

complex variation [46]. The current major human reference build, GRCh38, was 

released by the Genome Reference Consortium in 2013 and remains the standard GRC 

human reference assembly [47]. Although GRCh38 greatly improved earlier human 

reference builds, it is a mosaic linear reference derived from multiple individuals, 

introducing reference bias that can influence variant discovery and downstream 

analyses and some highly repetitive regions remained incomplete or difficult to 

represent accurately. For example, the GRC notes that complete and biologically 

accurate representation of some rDNA repeat clusters was still not possible in GRCh38 

with the available resources [48]. A gapless telomere-to-telomere assembly was 

reported in 2022 for the CHM13 genome by the Telomere-to-Telomere Consortium. 

This genome is effectively homozygous due to its derivation from a hydatidiform mole, 

which simplified assembly [38]. However, the T2T-CHM13 reference has limitations: 

it represents a single genome lacking a Y chromosome and therefore does not capture 

normal human heterozygosity or population diversity. While the telomere-to-telomere 

CHM13 assembly addresses many gaps in the reference genome, GRCh38 remains the 

predominant coordinate system in clinical genomics due to its widespread adoption. 

The T2T-CHM13 assembly is primarily used as a complementary reference in research 

settings. In this dissertation, both references were used for read filtering and to assist in 

KIR genotyping, as described in Chapter 4. 

For T. gondii, early references were constructed from Sanger sequencing, and not all 

circulating strains have a de novo assembly. The community has therefore relied heavily 

on lineage-representative references and ToxoDB resources [49], with ME49 

commonly representing Type II strains, GT1 representing Type I, and VEG 

representing Type III [40,41]. More recently, long-read sequencing has been used to 

improve T. gondii genome assemblies and revise genome structure [42, 43]. Re-

evaluation of apicomplexan genomes with long reads has uncovered previously hidden 

assembly errors, and karyotype differences, demonstrating that assembly quality 

directly changes biological interpretation. Xia et al., for example, used Oxford 
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Nanopore sequencing to generate near-complete assemblies for RH, ME49, and CTG 

[52]. Their work consolidated the T. gondii karyotype to 13 chromosomes instead of 14 

and closed many repeat-associated gaps. Together, these studies show that reference 

quality is not only a technical issue, but also a determinant of how genome organization, 

structural variation, and strain-specific biology are interpreted in T. gondii. 

2.1.6 Genetic variation 

Genetic variation refers to differences in DNA sequences among individuals, strains, or 

populations, including single-nucleotide differences, insertions, deletions, duplications, 

copy-number changes, and rearrangements. Such variation arises from mutations and 

provides the substrate for evolution and for investigating biological differences among 

individuals or populations. Mutations can arise spontaneously during DNA replication 

or through DNA damage and repair processes. [53–55] Mutations are commonly 

classified according to how they arise, the cell lineage in which they occur, their 

genomic context, and their molecular size. By origin, variants are classified as inherited, 

having been present in the parental germline and transmitted to offspring, or as de novo, 

having arisen anew during gametogenesis or early development and absent from the 

parents [56,57]. By cellular context, mutations are designated germline when they occur in 

the lineage that gives rise to gametes and can therefore be passed to subsequent 

generations, or somatic when they arise in other tissues and are typically confined to 

the individual. Because a de novo event may occur in either compartment, the two 

classifications overlap: all inherited variants are by definition germline-derived, 

whereas de novo variants may be germline and potentially heritable or somatic and non-

heritable in organisms with an early-segregated germline. In organisms lacking a 

distinct germline-soma architecture, this distinction is absent and newly arising 

mutations can be transmitted directly to descendant cells. Independent of origin and 

cellular-context, genomic location distinguishes non-coding changes in introns, 

untranslated regions, or intergenic DNA, which can influence regulation and splicing, 

from coding changes within exons that may alter the amino acid sequence [58]. Size 

provides a further classification that is driven primarily by detection methodology, and 

defines the principal variant classes encountered in genome analyses: single-nucleotide 

variants, small insertions and deletions, and large-scale structural variants such as large 

insertions, deletions, inversions, duplications, and translocations.  

2.1.6.1 Single nucleotide polymorphisms (SNP) 

SNPs are substitutions affecting a single base and represent the most abundant form of 
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variation in genomes [59]. Spontaneous base-substitution mutations can arise during 

DNA replication when DNA polymerases misincorporate a nucleotide, forming a non-

canonical base pair that escapes proofreading. Misincorporation is promoted by 

transient mispairing, most notably by the rare tautomeric forms of bases first proposed 

by Watson and Crick, who suggested that a shift from the common keto form to the 

rarer imino or enol tautomer (Figure 5) allows a mismatched base to adopt a Watson-

Crick-like (WC-like) geometry and therefore be accommodated in the polymerase 

active site [53, 60–62]. Later studies also showed that mismatches can also adopt non-

Watson–Crick conformations, such as G·T wobble base pairs, in which the bases are 

displaced relative to canonical Watson–Crick pairs but remain accommodated within 

the DNA helix (Figure 5). 

 

Figure 5. Rare base forms and non-canonical DNA base pairing. 

DNA bases predominantly exist in common tautomeric forms but can transiently shift to rare 

tautomeric states through proton rearrangements. These rare tautomers alter hydrogen-bond donor 

and acceptor patterns, allowing mismatched bases to form Watson–Crick-like geometries, such as 

G–T or A–C mismatches. In contrast, wobble base pairs do not necessarily require tautomeric 

shifts; they can arise from alternative base-pair conformations or changes in protonation state 
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influenced by the local chemical environment, such as acidity. Such non-canonical base-pairing 
events can contribute to replication errors if they escape repair. (Created in BioRender) 

 

When SNPs occur in coding regions, the changes are categorized by their translational 

impact into synonymous, missense and nonsense. Synonymous or silent variants do not 

change the encoded amino acid. Missense variants replace one amino acid with another, 

potentially altering protein structure or function. Nonsense variants create a premature 

stop codon, resulting in premature termination of translation and production of a 

truncated protein [63]. 

2.1.6.2 Small insertions and deletions (Indel) 

The second most common class of small-scale variation, in humans, are small insertions 

and deletions, collectively termed Indels [64]. They are defined as insertions or 

deletions of fewer than 50 base pairs relative to the reference sequence, with insertions 

adding nucleotides absent from the reference and deletions removing nucleotides 

present in it. Indels can arise through a process known as strand slippage [53], which 

occurs frequently in homopolymeric or repetitive regions when either the template 

strand or the newly synthesized strand transiently loops out during DNA replication as 

illustrated in Figure 6. 

 

Figure 6. Replication slippage in a homopolymer tract. 

During DNA replication, repetitive sequences can cause transient misalignment between the 

template and newly synthesized strand. If the new strand loops out, DNA polymerase may insert an 

extra base, resulting in an insertion. If the template strand loops out, the polymerase may skip a base, 

resulting in a deletion. These insertion–deletion errors are common in homopolymer and other 

repetitive regions. 

 

In coding regions, the consequences of indels depend on size. Insertions or deletions 

that are not multiples of three nucleotides cause a frameshift, which alters the 

downstream reading frame and often result in premature termination or loss of protein 
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function. In-frame indels, which occur in multiples of three, maintain the reading frame 

while adding or removing amino acids. 

2.1.6.3 Structural variations 

Large-scale differences are classified as structural variations and are generally defined 

as genomic alterations of at least 50 base pairs [13, 56]. The five main classes are 

deletions, insertions, duplications, inversions, and translocations. Deletions can range 

from a few bases to entire genes or chromosomal segments. Insertions may involve 

novel sequence or the integration of mobile genetic elements. Duplications occur when a 

segment of DNA is present in more than one copy within the genome. They can occur as 

tandem duplications, where the copies are located adjacent to each other, or as 

interspersed duplications, where the duplicated segment is inserted at a different 

genomic location. Inversions arise when a chromosomal segment breaks at two points 

and is rejoined in the opposite orientation, with sizes ranging from kilobases to 

megabases, and are frequently located in repetitive regions that complicate detection. 

Translocations describe the exchange of genetic material between non-homologous 

chromosomes or between distant loci on the same chromosome. A depiction of different 

types of SV is presented in Figure 7. 

Figure 7. Depiction of major classes of structural variation. (Reprinted from BioRender, based on a  

BioRender template.) 

 

 

Structural variants arise through several broad categories of mechanisms, among the 
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best characterized of which are: replication-based mechanisms, including Fork Stalling 

and Template Switching (FoSTeS), Microhomology-Mediated Break-Induced 

Replication (MMBIR), and Break-Induced Replication (BIR); repair-based 

mechanisms, including Non-Homologous End Joining (NHEJ) and Microhomology-

Mediated End Joining (MMEJ); and recombination-based mechanisms, including Non-

Allelic Homologous Recombination (NAHR). 

Replication-based SVs stem from problems during DNA replication, notably fork 

stalling and collapse. During replication, the replisome unwinds DNA and polymerases 

synthesize the second copy. The fork stalls when it meets obstacles such as secondary 

structures from repeats, DNA lesions, transcription-replication conflicts, or nucleotide 

depletion [66]. One rescue pathway is Fork Stalling and Template Switching, FoSTeS. 

When the fork stalls, the lagging strand can disengage and, via microhomology, switch 

to a nearby template on the same chromosome or sister chromatid and resume synthesis. 

This template switching can occur multiple times in series, with the lagging strand 

repeatedly disengaging and switching to successive nearby templates. The final 

synthesized product is therefore a mosaic of sequences copied from different templates, 

stitched together at microhomology junctions. Depending on the relative positions of 

the templates involved, this process can generate deletions, duplications, or complex 

rearrangements [65, 67] (Figure 8, left panel). 

 

Figure 8. Replication-based mechanisms of complex structural rearrangement. 

(A) In fork stalling and template switching (FoSTeS), replication fork stalling allows the nascent 

lagging strand to disengage from its original template. Through short regions of microhomology, 

the nascent strand can anneal to a different template at another active replication fork and restart 
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DNA synthesis. Repeated strand disengagement and template invasion can join segments from 

different genomic regions into a single rearranged product. (B) In microhomology-mediated break-

induced replication (MMBIR), replication fork collapse generates a single-ended double-strand 

break. After 5′–3′ resection, the exposed 3′ overhang can anneal to microhomologous sequence at 

another genomic location and initiate DNA synthesis. Repeated template switching can generate 

complex rearrangements containing segments copied from multiple regions. Figure reproduced from 

Burssed et al., 2022, [65] under the Creative Commons Attribution 4.0 International License. No 

changes were made. 

 

A closely related mechanism is Microhomology-Mediated Break-Induced Replication 

(MMBIR), which shares similarities with FoSTeS but differs fundamentally in its 

initiation. While FoSTeS is initiated by a transiently stalled fork, MMBIR begins when 

a replication fork stalls and subsequently collapses. Fork collapse occurs when the 

replication machinery encounters a lesion it cannot bypass, causing the fork structure 

to break down and endonuclease cleavage to generate a one-ended double-strand break. 

This one-ended break is then resected by nucleases including MRE11, EXO1, and 

DNA2, producing a 3' single-stranded overhang. This 3' overhang subsequently anneals to 

a nearby region of microhomology on the same chromosome or sister chromatid and 

primes new DNA synthesis. As in FoSTeS, this process can involve multiple template 

switches in series, with the invading strand repeatedly disengaging and annealing to 

successive microhomologous regions, ultimately generating complex genomic 

rearrangements including deletions, and duplications at breakpoints characterized by 

short microhomology sequences [65,67,68] (Figure 8, right panel).  

The third replication-associated mechanism is Break-Induced Replication (BIR), which 

like MMBIR is initiated by a one-ended double-strand break arising from replication 

fork collapse. Following resection of the broken end to generate a 3' single-stranded 

overhang, BIR diverges fundamentally from MMBIR in how it proceeds. Rather than 

annealing to a nearby template via short microhomology sequences and switching 

templates repeatedly, the 3' overhang in BIR invades a double-stranded template, 

typically the sister chromatid, using extensive sequence homology of hundreds of base 

pairs. This invasion displaces one strand of the duplex to form a stable D-loop structure, 

from which replication continues all the way to the end of the chromosome without 

disengaging from the template. Because synthesis proceeds entirely on the sister 

chromatid template from the point of invasion to the chromosome end, the original 

sequence information in that region is replaced, generating loss of heterozygosity over 

large genomic intervals [69]. 

Non-Homologous End Joining (NHEJ) is a repair-based mechanism that operates on 
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two-ended double-strand breaks, which arise when both strands of the DNA duplex are 

severed simultaneously by exogenous sources of damage such as ionizing radiation, 

chemotherapeutic agents, or reactive oxygen species. Unlike the replication-based 

mechanisms discussed above, NHEJ does not use sequence homology to guide repair. 

Instead, the two broken ends are recognized and processed by a coordinated set of 

polymerase, nuclease, and ligase complexes that can act on the broken ends in any 

order, independently at each end, with multiple rounds of nucleotide resection and 

addition possible before final ligation joins the ends together. Because this end 

processing is flexible and iterative rather than precise, NHEJ can generate a spectrum 

of outcomes ranging from small insertions or deletions at the junction to large-scale 

structural variants including inversions, deletions, and translocations, the latter arising 

when two spatially proximate double-strand breaks occur simultaneously and their ends are 

erroneously joined together across different genomic locations [61, 62] (Figure 9). 

 

Figure 9. Non-homologous end joining repair of DNA double-strand breaks. 

DNA double-strand breaks are recognized by Ku, which recruits NHEJ-associated polymerase, 

nuclease, and ligase activities. During repair, DNA ends can undergo nuclease-mediated resection 

and polymerase-mediated nucleotide addition before ligation. Short regions of microhomology may 

guide end joining, either when already present at the broken ends or generated by nucleotide 

addition. Because end processing can occur in multiple ways, NHEJ is error-prone and can produce 

different repair junctions, including deletions and insertions. Added nucleotides are shown in green 

lowercase. Reproduced from Chang et al., 2017 [71]; licence obtained from Springer Nature. No 

changes were made 

 

A related pathway is Microhomology-Mediated End Joining (MMEJ), which also 

repairs two-ended double-strand breaks but differs from NHEJ in that the broken ends 

undergo more extensive resection to expose single-stranded overhangs that anneal via 

short regions of microhomology, typically 2 to 25 base pairs, before ligation. This 
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produces a characteristic signature of deletions flanked by microhomology at the 

breakpoint junctions, generally larger than those produced by NHEJ [63, 64] (Figure 

10) 

 

Figure 10. Model of microhomology-mediated end joining repair of DNA double-strand breaks. 

Following a double-strand break, 5′–3′ end resection exposes short single-stranded 

microhomologous regions. These microhomologies anneal to each other, forming an intermediate 

with 3′ flaps and gaps. The non-homologous flaps are removed, the gaps are filled by DNA synthesis, 

and the repaired DNA is sealed by ligation. Because sequence between the annealed 

microhomologies is lost, MMEJ is an error-prone repair pathway. Reproduced from Wang and 

Xu, Microhomology-mediated end joining: new players join the team, Cell & Bioscience 7, 6 

(2017) [73], under the Creative Commons Attribution 4.0 International License. No changes were 

made 

 

Non-Allelic Homologous Recombination (NAHR) is a recombination-based 

mechanism that generates structural variants when the recombination machinery 

misaligns paralogous sequences during meiosis. Normal homologous recombination 

relies on extensive sequence homology to pair allelic positions on homologous 

chromosomes and facilitate crossing over. However, in regions containing highly 
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similar duplicated sequences arranged in tandem, such as the KIR locus, the recombination 

machinery can mistake one paralog for another and align non-allelic positions. Once 

misaligned, crossing over proceeds normally, but the resulting products are unequal: one 

chromosome gains extra sequence, producing a duplication, while the other loses sequence, 

producing a deletion. If the crossover point falls within a gene rather than between genes, 

the recombination joins the beginning of one gene to the end of a different gene, generating a 

fusion gene [56, 65] (Figure 11). 

 

Figure 11. Non-Allelic Homologous Recombination (NAHR) (A) NAHR leading to duplication 

and deletion. (a) Normal chromosome pairing and alignment of low-copy repeats (LCRs) in the 

same orientation. (b) Because LCRs share high sequence similarity, misalignment can occur 

during recombination, leading to unequal crossing-over. This can generate (c) a chromosome 

carrying a duplication and (d) a chromosome carrying the corresponding deletion. (B) NAHR 

leading to inversion. (a) Normal chromosome pairing and alignment of LCRs. LCR-X and LCR-Z 

share similar DNA sequences but are present in opposite orientations. (b) Misalignment and 

recombination between these oppositely oriented LCRs can generate (c) an inversion of the 

intervening genomic segment. Reproduced from Burssed et al., 2022 [65], under the Creative 

Commons Attribution 4.0 International License. No changes were made. 

 

 

2.1.7 Variant calling 

Variant calling is the process of identifying differences between sequenced reads and a 

reference genome. After reads are aligned, algorithms scan the column-by-column view of 

how many reads support each base at each genomic position, known as the alignment 

pileup, to detect places where the sample sequence deviates from the reference. These 

deviations are classified as single-nucleotide variants (SNVs), small insertions and 

deletions (Indels), or larger structural variants (SVs). Different algorithms exist for 

variant calling depending on the sequencing technology and the structure of the 

reference, with methods developed for both linear and graph-based references 

(explained in section 2.1.8) and for both short- and long-read data. Algorithms are also 

typically developed separately for small variants and for structural variants, because the 

two require fundamentally different detection strategies: small variants are identified 

by analyzing base-level disagreements within the pileup, whereas structural variants are 
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inferred from larger-scale signals such as split reads, clipped alignments, read-pair 

orientation, and changes in read depth across genomic regions. Broadly, variant callers 

fall into two algorithmic categories. Classical statistical callers, such as GATK, and 

FreeBayes, apply explicit probabilistic models to the alignment pileup, calculating the 

likelihood that the observed reads at a given position reflect a true variant rather than a 

sequencing error, based on parameters such as read depth, base quality scores, and 

expected error rates [75, 76]. Machine learning-based callers, such as DeepVariant, and 

Medaka, instead learn the patterns that distinguish true variants from sequencing errors 

directly from training data, typically using neural networks that take the pileup as input 

and output a prediction of the most likely variation at each position [77–79]. Machine 

learning approaches have become particularly important for long-read data, where the 

error profiles of platforms such as Oxford Nanopore are too complex and context-

dependent to be fully captured by simple statistical models. 

In this dissertation, which integrates two studies, variant calling is implemented 

differently in each biological context. First, in the T. gondii ME49 intra-strain 

heterogeneity study, a long-read pangenome approach was employed using three 

complementary tools: Medaka [79], Sniffles2 [80], and vg [81]. Medaka was used for 

ONT-based small-variant calling. Medaka uses a neural network specifically trained on 

the error patterns produced by particular combinations of nanopore chemistry and 

basecaller versions. Reads are first aligned to the reference with minimap2 [82]; 

Medaka then converts the alignment into a strand-separated pileup where each genomic 

position is encoded as a count matrix of 10 features (A, C, G, T and deletion, each for 

forward and reverse strand). Counts are normalized to frequencies to remove coverage 

bias, and a bidirectional recurrent neural network evaluates the local sequence context 

to predict the most probable true base [83]. Differences to the reference are emitted as 

SNPs and Indels in VCF file format. 

Sniffles2 was used for structural variant discovery from the same long-read alignments. 

Unlike short-read SV callers that rely on discordant pairs, Sniffles2 exploits the length 

of nanopore reads to detect SV signatures directly within individual alignments. It scans 

the BAM for split-reads, large gaps, clipped ends, and depth changes, clusters 

supporting reads by SV type and breakpoint, and applies a repeat-aware genotyping 

model to distinguish heterozygous from homozygous and mosaic events. This enables 

sensitive detection of deletions, insertions, inversions, duplications and translocations 

in the 50 bp to megabase range, which are typically missed by small-variant callers like 
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Medaka. 

Variant calling with vg was carried out within the genotyping workflow and is described in 

section 2.1.9 

Second, in the KIR genotyping study, variant calling was implemented as a simple 

pileup-based consensus approach applied at the level of coding sequences. The most 

likely CDS genotype was first inferred from the read data, and reads were then re-

examined position by position against this initial genotype. At each position, if the 

proportion of reads supporting an alternative base exceeded a predefined threshold of 

75% to 80%, the CDS sequence was corrected accordingly. This refinement step served 

two purposes: it improved the accuracy of the called allele where the initial genotype 

was imperfect, and it enabled the detection of novel alleles that were not represented in 

the existing reference database. 

2.1.8 Pangenomes and genome graphs 

A linear reference as explained in section 2.1.5 and its assembly in section 2.1.4 is a 

pragmatic necessity, but it also imposes important limitations. A linear reference 

represents only one possible path through the space of population genomes, usually 

corresponding to a single haplotype or consensus sequence derived from one or a small 

number of individuals. Consequently, it collapses heterozygous variation, excludes 

sequences absent from the reference genome, and describes all other genomes in terms 

of deviations from that single path [84]. Structural variants such as large insertions, 

deletions, inversions, duplications, and highly divergent haplotypes can be difficult to 

align to a linear reference and may be misrepresented, incompletely characterized, or 

missed entirely [85–87]. As population-scale sequencing continues to uncover 

extensive sequence and structural diversity, reliance on a single linear coordinate 

system introduces reference bias and limits the accuracy of read mapping, variant 

discovery, and genotyping. These limitations motivate the development of pangenome 

references, in which genomic diversity across individuals is incorporated directly into 

the reference. Formally, a pangenomic reference is a data structure that represents the 

genomic sequences of a population, metagenome, clade, species, or strains. Pangenomic 

models can take many forms, but the most widely used representation is the sequence 

graph, which is a data structure consisting of nodes and edges used to compress 

redundant input sequences into a smaller structure that remains representative of the 

full set [84]. In the node-labeled formulation, nodes carry DNA sequences and edges 
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indicate observed adjacencies between them; walks through the graph reconstruct the 

input genomes. Sequence graphs can be implemented as directed or bidirected graphs. 

A directed graph stores each DNA strand separately: the forward sequence and its 

reverse complement require distinct nodes, which doubles the graph and complicates 

the representation of strand-specific events. Because DNA is double-stranded, 

pangenome graphs are typically implemented as bidirected graphs. In bidirected graphs 

each node stores a single DNA sequence but is understood to have two ends: a left (5') 

and a right (3') end. Edges connect specific ends rather than whole nodes, thereby 

encoding orientation. Traversing a node from left to right yields the forward sequence; 

traversing from right to left yields its reverse complement. This allows both strands to 

be represented without duplication, and it enables inversions to be encoded naturally as 

walks that enter a node through the opposite end, rather than as separate subgraphs. 

When the sequence graph is built to represent whole-genome relationships, these 

structures are called genome graphs [84]; walks correspond to the included haplotypes, 

and regions where multiple paths diverge and reconverge (bubbles) encode variation. 

A further refinement is the variation graph, in which the linear haplotypes of the 

pangenome are embedded as named paths through the sequence graph. Because 

positions are defined along paths rather than on graph topology alone, the coordinate 

system remains stable regardless of how the graph was constructed, enabling 

coordination of positions, annotations, and alignments with linear references [88].  

In this dissertation, a variant graph was constructed using vg toolkit [81], which 

implements the variation graph model as a bidirected sequence graph with embedded 

haplotype paths. Construction proceeds in two steps: (i) the linear reference genome is 

converted into an initial graph backbone, and (ii) variants called across multiple samples 

(SNPs, indels, and structural variants in VCF format) are incrementally added. Each 

variant creates an alternative path through a local bubble, preserving the reference path 

while embedding sample-specific alleles as additional traversals. The resulting graph 

therefore compresses shared sequence into common nodes and represents population 

diversity explicitly as alternative walks, rather than as deviations from a single 

coordinate. Once constructed, the graph serves as the reference for sequence alignment. 

Unlike linear aligners, which align reads to a single reference path, graph aligners can 

align reads to alternative paths through the graph topology, allowing reads carrying 

non-reference alleles to map without being forced onto the linear reference sequence. 

Here, reads from each sample are aligned to the variation graph using GraphAligner  
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[89]. Alignment output, such as GAM or GAF, records how each read traverses the 

graph, including the nodes and edges supporting its placement. These graph-based 

alignments can then be used by downstream genotyping methods to estimate read 

support for reference and alternative alleles embedded in the graph. 

2.1.9 Genotyping 

Genotyping is the inference of the allelic state at a locus by choosing the best-supported 

option from a set of alternatives. In practice, no single tool covers all forms because 

workflows differ in how that set is built and how evidence is evaluated. In standard 

variant-calling pipelines, the set is built during analysis; candidate sites are identified 

typically after sequencing read alignment to a reference, and genotyping assigns the 

diploid state at each site, for example 0/0, 0/1, or 1/1 for a biallelic A/G variant. 

Inference is therefore site-level and tightly coupled to discovery. In catalogue-based 

genotyping, the set is supplied beforehand. The catalogue may contain full-length 

sequences, as in HLA or KIR typing with IPD-IMGT/HLA [90] and IPD-KIR [91] 

(typed with tools like HLA*LA [92] or Locityper [93]), or a curated panel of individual 

sites, as in SNP arrays or pharmacogenomic panels. The task is to select the allele, allele 

pair, or site-level combination best supported by the data, using evidence from read 

alignments or local assemblies. Inference can be site-level or whole-locus depending 

on the catalogue. Similar to variant calling, method choice is shaped by the sequencing 

data type, short versus long reads with their different error profiles and phasing 

capacity, the class of variation targeted from SNVs and Indels to structural variants and 

complex haplotypes, and the reference representation, linear reference genome (as used by 

most conventional genotypers like GATK and FreeBayes) versus pangenome graph 

representations [94] (as in vg and PanGenie [95]). 

At an abstract level, a genotyping workflow proceeds by first establishing a set of 

candidate alleles, either discovered from the reads or assembly or taken from a reference 

panel, variation graph, or curated allele database. Evidence for each candidate is then 

extracted from the data, for example through read alignments, k-mer counts, assembly 

alignments, or read-depth patterns. These observations are evaluated within a statistical 

or probabilistic model that produces genotype scores, expressed as likelihoods, 

posterior probabilities, HMM state probabilities, or coverage-based support scores. 

Where available, priors or cohort-level information such as allele frequencies, 

haplotype-panel constraints, copy-number expectations, or locus-specific databases are 
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incorporated to constrain or refine these scores. The workflow concludes by reporting 

the best-supported genotype, which may take the form of a site-level call, a phased 

haplotype pair, a structural variant genotype, a repeat size, or a copy-number state [96]. 

While all variant callers comprise an implicit genotyping step that assigns the most 

likely genotype to a detected variant, the focus here is on the catalog-based genotyping 

approach. This catalog approach was particularly relevant for two parts of this 

dissertation. For T. gondii structural variant analysis, a key challenge arises when 

comparing variants across samples: the same biological event is often reported with 

slightly different breakpoint coordinates, or missed entirely in one sample due to a false 

negative, because of differences in read quality, sequencing depth, alignment 

uncertainty, or chemistry. This creates a problem for comparative analysis, because two 

calls may represent the same underlying variant even if their reported coordinates are 

not identical. Graph-based genotyping provides a way to address this issue by 

representing known variants in a shared structure rather than evaluating each sample 

only against a single linear reference. 

In this dissertation, vg was used for graph-based genotyping within the variation graph 

framework. The first step is to construct a variation graph in which all candidate alleles, 

derived from a catalog of structural variants identified across samples, are embedded as 

alternative paths through the graph alongside the reference sequence. Variable regions 

of the graph are identified as snarls, graph structures containing alternative traversals 

between a common entry and exit point, and each snarl represents a site at which one 

of several candidate alleles must be selected. Sequencing reads from a given sample are 

then aligned to the entire graph rather than to a single linear reference, allowing reads 

that match an alternative path to be aligned correctly even when they would have 

mapped poorly to the linear reference. For each snarl, the alignments are summarized 

as read support across the nodes and edges of the candidate paths, and each candidate 

traversal is scored according to how well it is supported by the data. The genotype is 

then assigned from the best-supported path or pair of paths, as illustrated in Figure 12. 
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Figure 12. Schematic of structural variant genotyping in a pangenome graph. Reads are mapped to 

a graph containing both reference paths (blue) and variant paths (yellow), and genotypes are inferred 

from the relative read coverage of each path through a site (a "snarl"). At Snarl 1, an insertion is 

supported by reads mapping to both the reference and the variant path (coverage ratio 1:1.6), 

yielding a heterozygous call (het). At Snarl 2, a deletion is supported only by reads traversing the 

variant path (coverage ratio 0:2), yielding a homozygous call (hom). Reproduced from Hickey et 

al., "Genotyping structural variants in pangenome graphs using the vg toolkit" (Genome Biology, 

2020) [81], under the Creative Commons Attribution 4.0 International License. No changes were 

made. 

 

For the KIR locus, a different catalog-based approach was developed because the highly 

homologous paralogous gene structure of KIR makes general-purpose graph 

genotyping insufficient. A custom genotyping model was implemented that uses the 

IPD-KIR allele database as its reference catalog, selecting the most likely combination 

of catalog alleles based on read support across the coding sequences and applying a 

refinement step to detect novel alleles not yet represented in the catalog. The details of 

this workflow are described in Chapter 4. 

2.2 Toxoplasma gondii (T. gondii) 

2.2.1 Life cycle and transmission 

T. gondii is an obligate intracellular parasite of the phylum Apicomplexa. It is the 

causative agent of toxoplasmosis, a highly prevalent disease estimated to infect 

approximately one-third of the global population [97]. Infection is usually 

asymptomatic but poses significant risk to vulnerable groups, particularly causing 

congenital infection when acquired during pregnancy and life-threatening disease in 

immunocompromised individuals, such as those with HIV/AIDS [98]. The parasite was 

first described in 1908 from the North African rodent Ctenodactylus gondi, it infects 

almost all warm-blooded vertebrates and can invade nearly any nucleated cell type [99]. It 

has a two-host life cycle: sexual reproduction occurs exclusively in felids, the definitive 

hosts, while asexual replication occurs in a broad range of intermediate hosts, 
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including humans, other mammals and birds. The life cycle involves three infectious 

forms: sporozoites within oocysts, tachyzoites, and bradyzoites within tissue cysts. Cats 

acquire T. gondii by ingesting tissue cysts in prey or sporulated oocysts from the 

environment. In the feline intestine, released bradyzoites or sporozoites invade 

enterocytes, replicate asexually as schizonts to produce merozoites, and then 

differentiate into microgametes and macrogametes. Fertilization yields oocysts that are 

shed in feces and sporulate to form two sporocysts, each containing four sporozoites. 

Intermediate hosts become infected by ingesting oocysts or tissue cysts; the liberated 

parasites invade nucleated cells and replicate as tachyzoites within a parasitophorous 

vacuole. In response to environmental stress, tachyzoites subsequently convert into 

bradyzoites, which persist in tissue cysts predominantly in muscle and neurons and can 

reactivate to tachyzoites during immunosuppression [9]. The life cycle is illustrated in 

Figure 13. 

 

Figure 13. Life cycle of Toxoplasma gondii. 

T. gondii undergoes sexual reproduction only in felids, the definitive hosts, where intestinal stages 

produce gametes that fuse to form oocysts. Oocysts are shed into the environment and can infect 

intermediate hosts, including humans, rodents, and other warm-blooded animals. In intermediate 

hosts, parasites undergo asexual replication as rapidly dividing tachyzoites and can differentiate 

into slow-growing bradyzoites within tissue cysts, particularly in muscle and neural tissues. 

Infection can occur through ingestion of sporulated oocysts from the environment or tissue cysts 

from infected meat. (Created with BioRender). 

 

2.2.2 Genetic diversity of T. gondii 
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Almost all life-cycle stages of T. gondii are haploid; diploidy is restricted to the transient 

zygote formed in felids by fusion of a macrogamete and a microgamete, and is maintained 

within the immature oocyst until meiosis during sporulation restores haploidy [9]. 

The first population-level picture came from low-resolution PCR-RFLP analyses, which 

surveyed only a small number of loci in isolates drawn predominantly from North America 

and Europe and largely derived from humans and domestic animals [100]. This limited 

marker set and biased sampling identified three predominant allele combinations, designated 

types I, II, and III, leading to the view that T. gondii was largely clonal in these regions. These 

archetypal lineages are closely related, showing very low within-lineage diversity and 

approximately 1–3% divergence between lineages, consistent with recent expansion from a 

common ancestor. 

Recognition of this geographic bias prompted a shift to intermediate-resolution multilocus 

approaches applied to globally diverse collections, particularly isolates from South America 

and wild hosts. These studies employed multilocus microsatellite typing and sequencing of 

neutral introns from housekeeping genes. The increased number of independent markers 

resolved substantially greater genetic diversity and grouped strains into 15 major haplogroups 

[101]. In this framework, the original RFLP types were retained as haplogroups 1, 2, and 3, 

while genotypes previously classified as “atypical” were distributed across haplogroups 4 

through 15. A fourth largely clonal lineage prevalent in North American wildlife, not 

distinguishable using the original RFLP panel, was subsequently designated haplogroup 12. 

High-resolution whole-genome sequencing has since added further depth to this haplogroup 

framework by revealing the underlying genome architecture of T. gondii. Genome-wide 

analyses of globally distributed isolates demonstrated that T. gondii chromosomes are 

composed of mosaic haploblocks with distinct ancestral origins, and that specific haploblocks 

enriched in secretory pathogenesis determinants are inherited in a clade-specific manner. This 

mosaic architecture provides a finer-grained view of population structure that complements 

haplogroup classification, helping to explain how recombination between ancestral lineages 

has shaped contemporary strain diversity [13]. 

2.2.3 Genomic changes in lab strains of T. gondii 

Previous studies on the RH strain, a type I lineage originally isolated from a 1939 case 

of toxoplasmic encephalitis, showed that laboratory strains accumulate tens to low 

hundreds of spontaneous single nucleotide variations (SNVs) over decades of culture, 

with a transition/transversion ratio of ∼0.9 [102]. These SNVs are not distributed 

randomly: only 19.1% fall in exons, and most of those are synonymous, the pattern 

expected if replication errors occur genome-wide but purifying selection removes 

coding changes. Based on SNV analysis, there are no apparent hot- or cold-spots for 
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variations generated by either in vitro culture or chemical mutagenesis. Notably, the 

apicoplast genome shows ∼100-fold more spontaneous polymorphisms than the 

nucleus, which may reflect lower fidelity of plastid genome replication or a distinct 

deployment of DNA repair enzymes in that organelle [102]. T. gondii, like other 

eukaryotes, acquires this variation through two principal routes: spontaneous errors 

during DNA replication and during the repair of DNA lesions. In laboratory strains, 

the intrinsic source to acquire mutations is driven by the parasite's mode of division. 

T. gondii replicates within the parasitophorous vacuole (PV) by endodyogeny that 

typically completes in 6–9 h depending on strain [100]. This rapid replication imposes 

significant replicative stress, leading to fork stalling and collapse, which has been 

shown to trigger the homologous recombination repair response in T. gondii, mediated 

by RAD51 [103] Prolonged stalling leads to fork collapse into single-ended double 

strand break (DSB) [104], and activation of DNA repair, principally homologous 

recombination, which is not entirely error-free [105]. 

Beyond intrinsic sources of mutation, T. gondii experiences exogenous mutagenic 

pressure during infection, particularly from reactive oxygen species (ROS) generated 

by the host immune response [106]. Activated macrophages and other immune cells 

produce ROS as part of their antiparasitic defense, exposing intracellular T. gondii to 

oxidative damage that can cause base oxidation, single-strand breaks, and double-

strand breaks in the parasite genome. T. gondii also possesses a functional non-

homologous end joining (NHEJ) pathway, mediated by KU70 and KU80, which is in 

fact the preferred DSB repair mechanism in this parasite and contributes to genomic 

instability through its inherently error-prone joining of broken ends [107]. 

2.3 Killer-cell Immunoglobulin-like Receptors (KIR) 

2.3.1 KIRs and the Regulation of NK Cell Recognition 

KIRs are a family of innate immune receptors expressed primarily on natural killer 

(NK) cells and subsets of T cells. NK cells are innate lymphocytes that recognize and 

eliminate virus-infected and cancerous cells. Upon target recognition, NK cells kill 

through the directed release of cytotoxic granules containing perforin and granzymes: 

perforin forms pores in the target cell membrane through which granzymes enter and 

trigger apoptosis [17]. This killing response depends on the integration of signals from 

two opposing receptor classes: activating receptors, such as NKG2D and the natural 

cytotoxicity receptors (NCRs), recognize stress-associated ligands upregulated on 
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infected or malignant cells and promote killing, while inhibitory receptors, including 

KIRs, bind self MHC class I molecules on healthy cells and suppress it [108].  

The best-characterized pathway governing this balance is missing-self recognition as 

illustrated in Figure 14. Inhibitory KIRs continuously survey target cells for self MHC 

class I; in healthy cells this interaction delivers a dominant inhibitory signal that 

prevents NK cell activation [109,110]. When a cell downregulates MHC class I, a 

common immune evasion strategy in viral infection and malignant transformation, the 

inhibitory signal is lost and the NK cell is released from restraint. However, this alone 

is often insufficient to trigger a full cytotoxic response, as efficient activation requires 

the concurrent engagement of at least one activating receptor by its cognate stress 

ligand. Missing self therefore lowers the threshold for activation, but an activating 

signal is still needed to start the response [111,112]. This two-signal requirement helps 

NK cells attack abnormal cells while sparing healthy tissue. 

 

Figure 14. NK cell recognition of normal and altered self. 

Natural killer (NK) cell activity is determined by the balance between inhibitory and activating 

signals. Normal cells expressing MHC class I engage inhibitory NK-cell receptors and are protected 

from killing, even when activating ligands are present. In transformed or infected cells, loss of MHC 
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class I can remove inhibitory signalling and trigger missing-self recognition, whereas increased 

expression of stress-induced activating ligands can trigger induced-self recognition. Both 

mechanisms shift the balance toward NK-cell activation and target-cell killing. Reproduced from 

Raulet et al., 2006 [111]; licence obtained from Springer Nature. No changes were made. 

 

While missing-self recognition and the two-signal requirement describe how NK cells 

respond to the absence of inhibitory input, the discovery of activating KIRs introduced 

a more controversial dimension to NK cell biology. Rather than suppressing NK cell 

responses, activating KIRs contribute to the recognition of infected or malignant cells. 

However, the ligands for most activating KIRs remain poorly defined, and the finding 

that some activating KIRs recognize the same MHC class I ligands as their inhibitory 

counterparts is paradoxical, as it raises the question of how activating KIR engagement 

does not trigger killing of healthy cells that still express MHC class I, making the 

activating KIR family an active area of ongoing investigation [113,114].  

2.3.2 The KIR gene family 

The KIR gene family is clustered within a 100–200 kb region on chromosome 19q13.4. 

This region is part of a larger immune gene complex known as the Leukocyte Receptor 

Complex (LRC) [91]. It includes 8 inhibitory KIR genes, such as KIR2DL1, KIR2DL2, 

KIR2DL3, KIR2DL5A, KIR2DL5B, KIR3DL1, KIR3DL2, and KIR3DL3; 6 activating 

KIR genes, including KIR2DS1, KIR2DS2, KIR2DS3, KIR2DS4, KIR2DS5, and 

KIR3DS1; the atypical gene KIR2DL4, which can mediate both inhibitory and 

activating functions; and two pseudogenes, KIR2DP1 and KIR3DP1. In most genomic 

regions, a gene is defined by a fixed position on the chromosome, while alleles are 

sequence variants of that gene at the same position. The KIR region does not always 

follow this simple model because KIR genes can occur in different combinations and 

orders across haplotypes [16]. As shown in Figure 15, one haplotype may contain a 

certain arrangement of KIR genes, while another may have extra, missing, or 

repositioned genes. For example, KIR2DS3 can be found at two different positions 

within the KIR cluster. Therefore, KIR diversity includes both allelic variation and 

structural variation, making the distinction between a gene and an allele less clear than 

in a typical single-locus region. 

Within the KIR cluster, KIR genes are arranged head-to-tail approximately 2.4 kb apart 

and are organized into two broad haplotype groups. Group A haplotypes have relatively 

fixed gene content and are dominated by inhibitory KIR genes, with KIR2DS4 as  the 

only activating gene: KIR3DL3-KIR2DL3-KIR2DL1-KIR2DP1-KIR2DL4-KIR3DP1- 
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KIR3DL1-KIR2DS4-KIR3DL2. In contrast, group B haplotypes are more variable and 

often contain additional activating KIR genes, including one or more of KIR2DS1, 

KIR2DS2, KIR2DS3, KIR2DS5, and KIR3DS1, as well as variable inhibitory genes 

such as KIR2DL2 and KIR2DL5A/B. 

Structural variation in the KIR region is mainly generated by recombination between 

highly similar KIR genes. Recombination at a central hotspot can exchange the 

centromeric and telomeric parts of the cluster, producing new haplotype combinations. 

In addition, unequal crossing-over between misaligned KIR genes can add, remove, or 

rearrange genes, leading to copy-number variation and gene-content diversity. If 

recombination occurs within a gene, it can produce fusion genes made from parts of 

different KIR genes. In addition to this structural variation, individual KIR genes also 

show extensive allelic diversity, with many sequence variants differing in their coding 

regions, regulatory regions, or both. As a result, accurate KIR genotyping is challenging 

because it requires distinguishing highly similar paralogous genes, identifying gene 

presence and copy number, resolving haplotype structure, detecting hybrid genes, and 

assigning alleles within genes that are themselves highly polymorphic.  

Figure 15. Structural haplotypes of the KIR gene cluster and mechanisms generating KIR 

diversity. 

(A) Common KIR haplotypes differ in gene content, gene order, and allele frequency. Group A 

haplotypes have relatively conserved gene content and are dominated by inhibitory KIR genes, 

whereas group B haplotypes are more variable and often contain additional activating genes. 

KIR2DP1 and KIR3DP1 are pseudogenes. The figure also illustrates how the distinction between 

genes and alleles can be blurred in the KIR region, as some genes, such as KIR2DS3, can occur at 

different positions within the cluster. (B) Homologous recombination at a central recombination 

hotspot can shuffle the centromeric and telomeric parts of the KIR locus, producing new haplotype 

combinations. (C) Additional diversity is generated by unequal crossing-over, which can delete, 

duplicate, reposition, or create hybrid KIR genes. Reproduced from Béziat et al., 2016 [16] under 

a Creative Commons licence. No changes were made. 

 

KIR alleles are named following an HLA-like nomenclature system coordinated by the 

IPD-KIR Database. The gene name first describes the structural features of the receptor. 
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In names such as KIR2DL1 or KIR3DS1, the number 2D or 3D indicates whether the 

receptor has two or three extracellular immunoglobulin-like domains, while L or S 

indicates the length of the cytoplasmic tail. L denotes a long cytoplasmic tail, usually 

associated with inhibitory signalling through ITIM motifs, whereas S denotes a short 

cytoplasmic tail, usually associated with activating signalling through adaptor proteins 

(Figure 16, upper panel). After the gene name and an asterisk, alleles receive a 

numerical designation: the first three digits distinguish alleles that differ in protein 

sequence; the next two digits distinguish alleles with synonymous differences within 

the coding sequence; and the final two digits distinguish alleles that differ only in 

introns, promoters, or other non-coding regions. Thus, a 3-digit name defines the 

protein sequence, a 5-digit name adds synonymous coding variation, and a 7-digit name 

represents the fully resolved genomic allele (Figure 16, lower panel). Seven-digit 

resolution is particularly challenging for KIR because introns are not under the same 

selective pressure as exons encoding the HLA-binding domains. Intronic regions 

accumulate neutral variation rapidly, leading to a large number of closely related alleles 

that differ only outside the coding sequence. This inflates allelic diversity without 

functional consequence, complicates phasing across the highly homologous and 

repetitive KIR cluster, and requires long-read sequencing spanning entire genes to 

resolve confidently. 
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Figure 16. KIR receptor structure and allele nomenclature. 

KIR gene names describe structural features of the receptor: 2D or 3D indicates the number of 

extracellular immunoglobulin-like domains, while L and S indicate long or short cytoplasmic tails, 

respectively. Long-tailed KIRs usually contain inhibitory ITIM motifs, whereas short-tailed KIRs 

signal through adaptor proteins such as DAP12 containing ITAM motifs. The lower panel 

illustrates the IPD-KIR allele nomenclature system, in which the gene name is followed by an 

asterisk and numerical fields that distinguish protein-changing, synonymous coding, and non-

coding sequence variation. Adapted from the IPD-KIR Database. 

 

 

2.3.3 KIR genetic diversity and functional consequences 

The extent of KIR genetic diversity, encompassing gene content variation, copy number 

variation, and allelic polymorphism, has direct functional consequences for NK cell 

biology. At the most fundamental level, the presence or absence of a KIR gene 

determines whether an NK cell can express that receptor at all, shaping the repertoire 

of receptors available to survey target cells. Importantly, gene presence does not equate 

to expression, as KIR expression is stochastic, allele-dependent, and epigenetically 
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regulated [115]. Pseudogenes are never expressed, several common alleles are 

transcriptionally silent or retained intracellularly, and each NK cell clone expresses only a 

subset of its inherited KIR genes. Beyond gene content, copy number variation 

influences the frequency of NK cells expressing a given KIR: individuals carrying two 

copies of KIR3DL1 have a higher proportion of KIR3DL1-positive NK cells than those 

with a single copy, suggesting that each gene copy is regulated independently and 

contributes additively to the size of the expressing NK cell subset [116]. This has 

functional implications because a larger pool of KIR3DL1-expressing NK cells 

provides greater surveillance capacity against targets that have downregulated HLA-

Bw4, the cognate ligand of KIR3DL1, and higher KIR3DL1 copy number has been 

associated with improved control of HIV infection [117,118]. Allelic variation adds a 

further layer of complexity: even when a KIR gene is present, the functional output 

depends on which allele is carried. For example, KIR2DL1 allotypes differ in binding 

affinity for HLA-C2, such that alleles with weaker affinity produce less well-educated 

NK cells (explained later) with lower interferon-γ production upon target recognition 

[16,119,120]. 

The interplay between KIR and HLA class I variation further amplifies this diversity: 

because KIR and HLA genes are encoded on separate chromosomes, the number of 

possible KIR/HLA genotype combinations across individuals is enormous, tending 

toward individuality, with consequences for resistance to infection, susceptibility to 

autoimmune disease, reproductive outcomes, and transplantation. First, in establishing 

NK cell function is a developmental process called NK cell education, through which 

NK cells are calibrated to respond appropriately to abnormal cells [121,122].  During 

development, NK cells expressing inhibitory KIRs encounter healthy surrounding cells 

expressing self HLA class I molecules. When an inhibitory KIR engages its matching 

self HLA class I ligand, it delivers a chronic calibrating signal that progressively raises 

the NK cell's internal activation potential, a process described by the rheostat model 

[111,121].NK cells whose inhibitory KIRs find a matching self HLA ligand become 

fully licensed and highly responsive, while those lacking a matching KIR/HLA pair 

remain hyporesponsive even when they later encounter abnormal cells [122]. Education 

therefore depends critically on the match between the inhibitory KIR receptors 

expressed by an NK cell and the HLA class I ligands present in that individual. For 

example, KIR3DL1 recognizes HLA-Bw4. In individuals who carry KIR3DL1 but lack 

HLA-Bw4, NK cells expressing KIR3DL1 do not receive KIR3DL1-mediated licensing 
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and are generally less responsive through this pathway. However, these cells may still 

be educated through other self-HLA-specific inhibitory receptors that they co-express 

[118,120]. 

Additionally, KIR/HLA interactions shape reproductive biology through uterine NK 

cells: maternal KIR2DS1 binding to fetal HLA-C2 on trophoblast cells activates 

decidual NK cells to secrete growth factors including GM-CSF, promoting trophoblast 

migration and healthy placentation, while triggering of activating KIR2DS4 on uterine 

NK cells induces a distinct cytokine and chemokine profile including GM-CSF, XCL1, 

and CCL1 [123,124]. In the context of viral infection, distinct KIR/HLA compound 

genotypes have been shown to alter the kinetics of NK cell responses in influenza A 

infection models, suggesting that individual genetic variation in these receptor-ligand 

pairs shapes not only the magnitude but also the timing of innate immune responses 

[125]. Finally, in therapeutic settings, KIR/HLA ligand context influences the efficacy 

of antibody-dependent cellular cytotoxicity: in lymphoma patients treated with 

rituximab, low or absent KIR ligand expression on tumour cells favoured stronger NK 

cell ADCC responses, suggesting that KIR genotyping may have value in predicting or 

optimising responses to NK cell-engaging therapies [126,127] 

Taken together, these findings strongly support the importance of comprehensively 

characterizing KIR genotypes to understand their functional consequences. As 

computational methods for resolving the highly homologous paralogs, copy number, 

and complex haplotype structure of the KIR locus continue to improve, increasingly 

refined genotype-phenotype correlations are expected to emerge, deepening our 

understanding of NK cell biology and its role in human health and disease. 
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3.1 Publication 1: “Intra-strain genetic heterogeneity in 
Toxoplasma gondii ME49: Oxford Nanopore long-read 
sequencing reveals copy number variation in the ROP8-
ROP2A locus” 

Manuscript published in: BMC Genomics 

Impact factor: 3.7 (2024) 

DOI: https://doi.org/10.1186/s12864-025-12372-5 

Authorship: Shared first author 

Contribution to the publication: 

In this study, I performed the genome assembly and developed the overall analysis 

strategy. I designed and implemented the full analysis pipeline, including the variant 

analysis and graph-based genotyping framework, which was developed jointly with 

MN. I carried out the data analysis and led the interpretation of the results. The 

manuscript was written jointly with AD. Parasite samples and sequencing data were 

provided by LH, DW, JM, KB, and MH. US, DD, and KP contributed through 

scientific discussion and feedback. The project was supervised by AD. All authors 

contributed to the revision and approved the final manuscript. 
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3.2 Supplementary material for Publication 1 

 
3.2.1 Supplementary notes 

3.2.1.1 Propagation history of the sequenced T. gondii ME49 isolates 

2015T was obtained from ATCC (the exact date is unkown) and thawed in 2015. 

After thawing, it was cultured for two passages and then cryopreserved. In January 

2022, it was thawed again and maintained in continuous cell culture, with passaging 

occurring twice per week. Samples for sequencing were collected between June and 

November 2024. Exact collection dates are provided in Supplementary Table 1. 

2020T was obtained from ATCC in April 2020, thawed and cultured in May 2020, and 

has been continuously maintained in cell culture since that time, with biweekly 

passages. Two samples were collected for sequencing in December 2021 and May 

2022 (Supplementary Table 1). 2000B was acquired in the early 1990s; the exact 

source is unknown. The isolate has been continuously propagated in mice at the 

Institute of Medical Microbiology and Hospital Hygiene, University Hospital 

Düsseldorf, for at least 30 years. Reinfection typically occurred every 3–6 months, 

depending on experimental needs. Periods of frequent passaging were associated 

with higher animal usage, while lower demand resulted in less frequent propagation. 

Sample collection for sequencing happend between January 2022 until July 2023. 

Exact collection dates are provided in Supplementary Table 1. 

 

3.2.1.2 Mitochondrial reads confound assembly at NUMT-Containing 

Locus 

During an initial genome assembly attempt that did not exclude mitochondrial reads, 

we identified an anomalous region that aligned with one of the identified anomalous 

loci in the Xia et al. ME49 assembly (see later). This artifact arises due to the 

presence of a large nuclear mitochondrial DNA segment (NUMT), which causes 

mitochondrial reads to erroneously align to the nuclear genome and induces a 

misassembly. This issue is clearly visible in the IGV screenshots in the following 

Figure: (A) shows the region before mitochondrial read filtering, where abnormal read 

alignment and coverage patterns are evident, while (B) shows the same region after 
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filtering for mitochondrial reads and reassembly, where the assembly anomaly is 

resolved. 

 

 

 
 

 

3.2.1.3 Identification of Assembly Anomalies 
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The entire Xia et al. assembly was, based on the Nanopore sequencing data 

generated by Xia et al. that was used to generate the assembly (SRA: SRX8862416), 

manually inspected in IGV v2.17.4 to assess assembly quality. The goal was to 

systematically identify anomalous positions that could indicate potential errors in the 

assembly. Anomalous positions were identified based on three primary criteria: 

1. Read depth anomalies: Sudden increases or decreases in read depth, 

particularly regions with sharp depth drops or unexpected coverage spikes. 

2. Evidence for structural variants (SVs) : Positions showing split-read 

signatures, or large insertions/deletions indicative of structural variations. 

3. Patterns associated with collapsed repeats: Regions with stretches of 

positions containing multiple alleles, suggesting possible misassemblies due 

to repeat compression. 

Positions were then classified into two categories: 

⚫ Erroneous positions: Positions where all reads mapping to the site exhibited 

the same anomaly, such as a uniform pattern of insertions or a complete lack 

of spanning reads at a high-depth site. 

⚫ Suspicious positions: Positions where some but not all reads exhibited 

anomalies, indicating possible inconsistencies or mixed signals in the 

sequencing data (e.g., at least one spanning read was present) 

These positions were extracted with coordinates selected to cover the full extent of 

the anomalous regions. After creating the 2015T assembly, we used LiftOver 

[1](version 469, installed from Bioconda) to project these identified positions from the 

Xia et al. assembly onto the 2015T assembly. To facilitate coordinate projection, we 

implemented a Snakemake v7.32.4 pipeline, first mapping the new assembly to the 

JACEHA000000000.1 reference with minimap2 using the -cx asm20 -m 10000 -z 

10000,50 -r 50000 --end-bonus=100 --secondary=no --eqx -Y -O 5,56 -E 4,1 -B 5 

preset to generate a PAF alignment file. This file was converted to chain files using 
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paf2chain [2] for use in coordinate conversion, and LiftOver was subsequently 

performed with the UCSC liftOver tool with -minMatch=0.4. Each position in the 

2015T assembly was then reviewed in IGV to verify alignment consistency and read 

depth, ensuring that no unexpected variations or mismatches were present. A table 

containing the coordinates of the anomalous positions on the Xia et al. assembly and 

their corresponding positions on the 2015T assembly is provided in Supplementary 

Table 2. A final scan of the 2015T assembly in IGV confirmed the absence of new 

anomalies and validated that all regions exhibited consistent read alignment and 

expected depth, indicating a more accurate and homogeneous assembly. 

3.2.1.4 Manual curation of ROP8-ROP2A sequence in 2000B sample 

We defined two anchor genes—genes that are neither ROP2A nor ROP8 and that exist 

uniquely in the genome. The identified anchors were TGME49_215750, located left of 

the ROP2A-ROP8 locus, and TGME49_275310, located right of the locus. No single 

read from sample 2000B spanned both anchor genes in the 2015T assembly, i.e. no 

single read was informative about the true structure of this locus in the 2000B sample. 

To reconstruct the sequence of the locus in isolate 2000B, we identified a pair (A, B) 

of overlapping reads, selected according to the following criteria: i) read A contained 

the left anchor; ii) read B contained the right anchor; iii) A and B overlapped in the 

reference genome with similar mismatch pattern at the overlapping region. To find 

suitable read pairs, reads mapping upstream of position 7,302,329 in 2015T (left 

anchor) and those spanning position 7,302,329 to 7,322,405 in 2015T (right anchor) 

were extracted using SAMtools, and a pair of reads, meeting the criteria stated above, 

was selected: 9350f71a-a210-444c-97d9-ab2c695af5e3 (left) and cb2b7796-e42a-

46b4-b204-7b3e511adecc (right) (panel A in the following figure). The second read 

was reverse-complemented, and the corrected sequence was used in analysis. The 

two reads were stitched together using Minimap2 (-cx ava-ont), selecting the alignment 

from the PAF file based on the expected 10,000 bp overlap. Bases up to position 

17,115  in  9350f71a-a210-444c-97d9-ab2c695af5e3  were  concatenated  with 
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cb2b7796-e42a-46b4-b204-7b3e511adecc starting from position 108. Reads from the 

2000B sample mapping to the ROP8-ROP2A locus in the 2015T assembly were 

extracted and aligned to the stitched sequence using Minimap2 (-ax map-ont) (panel 

B in the following figure). The stitched sequence was then polished in two rounds with 

Medaka (r104_e81_sup_variant_g610_model_pt.tar.gz). Secondary alignments and 

small indels (<10bp) were filtered during visualization(panel C in the following figure). 
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3.2.3 Supplementary tables 

Due to their size, the supplementary tables are not included in print and can be found on 

the enclosed CD 
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3.3 Publication 2: “KIR*BLOOM: Accurate KIR 
genotyping using a new copy number-aware integrated 
genotype likelihood framework” 

Available on: BioRxiv 

DOI: https://doi.org/10.64898/2026.04.15.718735 

Authorship: first author 

Contribution to the publication: 

This study was initiated through joint discussions with AD, who proposed the core 

idea of the method. Building on this, I led the development of the KIR*BLOOM 

algorithm, including its implementation and iterative refinement. I designed and 

conducted the computational experiments and performed the analyses. The manuscript 

was written jointly with AD. AD supervised the study and provided continuous input 

on the methodology and interpretation. ADG contributed at an early stage by helping 

to define the modeling strategy and evaluation metrics. 
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Due to their size, the supplementary tables are not included in print and can be found 

on the enclosed CD 
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4 Discussion 

The work presented in this dissertation addresses a central challenge in modern 

genomics: how to accurately characterize genomic variation, whether acquired during 

laboratory culturing or encoded as natural polymorphism, under different 

technological constraints. Although sequencing has transformed genome analysis, 

inference remains shaped by read length, error profile, reference representation, and 

locus complexity. At first glance, an intracellular parasite and a human immune 

receptor seem unrelated, yet both confront the same limitation: standard pipelines fail 

when variation lies in repetitive, duplicated, or incompletely represented regions. 

This dissertation explored the problem in two complementary systems. In T. gondii, 

Oxford Nanopore long-read sequencing was used to generate the most contiguous and 

complete ME49 reference assembly to date, providing a substantially improved 

genomic foundation for the species. Building on this assembly, variant calling and 

graph-based genotyping were then applied to compare three independently maintained 

ME49 isolates, revealing that laboratory strains are not genetically stable and 

detecting both small variants and a 13 kb expansion in the repetitive ROP8–ROP2A 

locus that increased copy number from three to six, a structural variant that would 

have been undetectable using short-read sequencing alone. In the human KIR locus, 

where most available data exist only as Illumina short reads, current methods are 

insufficient for several reasons. The locus is notoriously difficult to genotype due to 

its highly homologous paralogous genes, extensive copy number variation, complex 

haplotype structure, and the presence of fusion genes, all of which confound short-

read alignment and allele assignment. Compounding these challenges, the allele 

database remains incomplete, limiting the ability of catalog-based methods to 

recognize novel alleles. KIR*BLOOM was therefore developed to extract gene-

content and allele-level genotypes from short reads using a copy-number-aware 

likelihood framework, achieving near-perfect gene copy number detection and 

substantially improved allele-level genotyping accuracy that exceeds the performance 

of currently available short-read KIR genotyping tools such as T1K. 

Together, the two studies address opposite sides of the same problem: generating long 

reads to directly resolve structural variants in T. gondii, versus developing statistical 

models to recover complex genotypes from imperfect short reads at the KIR locus. In 

T. gondii, long reads were essential for the ROP8–ROP2A locus, where short reads 
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cannot distinguish the order or copy number of near-identical paralogs. Equally 

critical was the improved ME49 assembly, contiguous across nearly all chromosomes, 

because a fragmented reference obscures variant calling. De novo assembly was 

therefore not a technical add-on but the foundation for comparative genomics, and 

joint genotyping across isolates was subsequently performed using a pangenome 

graph. A remaining challenge is that long reads are not error-free, and homopolymers 

and tandem repeats still produce systematic artifacts that require stringent filtering and 

graph-based re-genotyping to distinguish from true isolate-specific variation. 

For KIR, the constraints were different. Long reads would be ideal, but discarding the 

vast existing short-read cohorts that constitute most of the available KIR data is 

impractical. KIR*BLOOM therefore treats ambiguous mappings as informative rather 

than forcing deterministic read assignment, infers copy number from depth, and 

constrains allele choice accordingly. Some limitations remain intrinsic to short-read 

data: variants separated by distances greater than the fragment length cannot be 

reliably phased, and incomplete reference entries lead to suboptimal allele calls. 

KIR*BLOOM therefore also required an improved reference, constructed by 

completing missing regions in the allele database, incorporating alleles from GRCh38 

and T2T, and masking KIR sequences in the genome to prevent spurious mapping.  

Genotyping was then performed by evaluating alternative allele combinations under 

explicit copy-number constraints rather than aligning to a single linear haplotype. 

The biological implications follow directly from this improved variant resolution. For 

T. gondii, the detection of structural variation in virulence-associated genes such as 

those at the ROP8–ROP2A locus challenges the long-standing assumption that long-

maintained laboratory strains remain genetically identical to their original isolates. 

This has direct relevance for experimental reproducibility, and argues that periodic 

genomic monitoring of widely used reference strains should become standard 

practice. For KIR, the implication is parallel but operates at a different scale: because 

accurate genotyping is a prerequisite for immunogenetic association studies in 

infection, autoimmunity, cancer, pregnancy outcome, and transplantation, improving 

short-read KIR calls unlocks decades of accumulated cohort data without requiring re-

sequencing, potentially enabling discoveries that have been blocked by genotyping 

limitations rather than statistical power. 

Both studies have limitations that point toward future work. In the T. gondii study, the 

number of isolates was small, and the study did not determine when the detected 
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variants arose or whether they were driven by drift, selection, or pre-existing 

heterogeneity within the original stock. Functional validation was also not performed, 

so the phenotypic consequences of the detected variants remain unresolved. Future 

work should combine long-read sequencing with transcriptomic, proteomic, and 

experimental phenotyping approaches to test whether structural and coding variants 

affect parasite growth, differentiation, virulence, or host interaction. Expanded 

sampling of additional ME49 isolates and other T. gondii strains would also help 

determine how common laboratory-acquired structural variation is and whether 

similar loci are recurrently affected. For KIR, the main limitations arise from 

incomplete reference databases and intrinsic short-read ambiguity. Some allele 

combinations cannot be resolved when distinguishing variants are too far apart to be 

phased by short-read fragments. Novel alleles also remain difficult, especially in 

genes with copy number greater than one, because reads from novel sequences may be 

distributed across multiple candidate alleles, obscuring variant calling. Future 

improvements could include cohort-level statistical phasing, and further expansion of 

the allele database. As long-read sequencing becomes more widely available, it will 

be valuable both for direct KIR genotyping and for improving the reference resources 

that short-read methods depend on. A key next step will be the application of 

KIR*BLOOM to large existing short-read cohorts, enabling genome-wide association 

studies (GWAS) that link KIR allele- and copy-number-level variation to disease 

susceptibility, treatment response, and other clinically relevant phenotypes at a scale 

that has so far been inaccessible due to the limitations of existing genotyping tools. 

In conclusion, these studies converge on a single principle: in genomics, detection is 

not limited by the reads alone. The reference sets the observable space of variation, 

and improving it is as important as the algorithmic and sequencing choices. Long 

reads made it possible to identify previously hidden differences among T. gondii 

laboratory isolates only because they were paired with an improved assembly that 

could represent those differences, and a revised statistical framework allowed accurate 

KIR typing from existing short-read data only because it was paired with an extended 

allele database that defined the space of recognizable variation. The reliability of 

every downstream analysis, including variant calls, genotypes, association tests, and 

functional inferences, ultimately depends on whether the analytical strategy is 

matched to both the architecture of the genome and the limitations of the data, and on 

whether the reference is rich enough to make the underlying biology visible.  
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