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(Department of Computer Science)

Dr. Ulrike Stege, Departmental Member

(Department of Computer Science)

Dr. Xuekui Zhang, Outside Member

(Department of Mathematics and Statistics)



iii

Supervisory Committee

Dr. Ibrahim Numanagić, Supervisor
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ABSTRACT

The accurate genotyping of Killer Immunoglobulin-like Receptors (KIR) plays a

pivotal role in enhancing our comprehension of immune responses, disease correla-

tions, and the advancement of personalized medicine. This thesis delves into the

intricacies of KIR genotyping methodologies and introduces ”Geny,” an innovative

computational tool formulated for precise allele-level genotyping. Through a compre-

hensive evaluation, Geny consistently demonstrates superior performance compared

to existing tools, notably surpassing T1K, especially within crucial gene segments.

The tool’s resilience in addressing both fundamental and advanced genotyping tasks

highlights its robustness in the face of various challenges. The exceptional precision

demonstrated by Geny in identifying critical genes positions it as a valuable resource

for advancing the field of patient-centric medicine. By contributing to the evolution

of KIR genotyping, this study not only establishes a new benchmark but also high-

lights the continuing requirement for innovative approaches. We emphasize Geny’s

remarkable capabilities, recognizing the ever-evolving landscape of genomics. Fur-

thermore, we outline potential future directions, encompassing the detection of gene

fusions and the enhancement of mutation identification. These insights pave the way

for KIR genotyping to play a pivotal role in shaping the landscape of modern medical

research.
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Chapter 1

Introduction

The human immune system is a remarkable defense mechanism that protects the body

from infections, viruses, and diseases. At the core of this intricate immune response

are the Killer Immunoglobulin-like Receptor (KIR) genes, a family of genes located

on chromosome 19 in the human genome. KIR genes encode cell surface receptors

that play a pivotal role in regulating the activity of natural killer (NK) cells and

certain subsets of T cells [15, 22].

These receptors play a pivotal role in immune surveillance by interacting with

major histocompatibility complex class I (MHC-I) molecules found on the surface

of various cells in the body [4]. The expression and interactions of KIR genes are

essential for distinguishing between healthy and abnormal cells, allowing NK cells to

spare normal cells while effectively targeting and eliminating infected or cancerous

cells [3]. This genetic diversity contributes to the wide array of immune responses

observed among individuals and influences disease susceptibility.

The KIR gene family, located on chromosome 19 within a specific 150kb region of

the Leukocyte Receptor Complex (LRC), showcases intriguing genetic characteristics

[34]. One of the standout features of KIR genes is their pronounced genetic diversity

and polymorphism. Polymorphism in this context refers to the presence of multiple

genetic variants within a gene or gene family. This results in a myriad of KIR hap-

lotypes and genotypes within the human population [29]. Importantly, this variation

is not limited to just the coding regions; it also encompasses the regulatory regions

that direct their expression. Uhrberg [32] proposes that this vast genetic diversity

likely stems from the evolutionary pressures posed by constantly evolving viruses.

Such intricate genetic architecture means that fewer than 2% of unrelated individuals

share an identical KIR genotype [21].
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To offer a detailed perspective, approximately 30 unique haplotypes have been

identified, broadly categorized into groups A and B, depicted in Figure 1.1 as per [6].

Group A maintains a mostly consistent set of genes, while group B introduces more

variability. Nevertheless, a number of genes, referred to as framework genes, remains

consistent across most KIR haplotypes. The combined interplay of both maternal and

paternal haplotypes introduces an added dimension of complexity, further diversifying

individual KIR genotypes.

Figure 1.1: Illustration of the KIR gene positions on chromosome 19, showcasing the
distinct structures of haplotype groups A and B.

KIR genes are named based on their extracellular Immunoglobulin-like (lg-like)

domains (designated as 2D or 3D) and the lengths of their cytoplasmic tails, marked

as L for long cytoplasmic tails, S for short cytoplasmic tails, and P for pseudogene.

A general rule is that short-tailed KIRs are activating receptors and long-tailed KIRs

are inhibitory receptors. Sequential numbers and asterisks are used for further dif-

ferentiation and to highlight allelic variations [21]. Based on these designations, the

KIR genes can be categorized as follows:

• Genes with two domains and long cytoplasmic tails include KIR2DL1, KIR2DL2,

KIR2DL3, KIR2DL4, KIR2DL5A, and KIR2DL5B.
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• Those with two domains and a short cytoplasmic tail are KIR2DS1, KIR2DS2,

KIR2DS3, KIR2DS4, and KIR2DS5.

• KIR genes with three domains and long tails are KIR3DL1, KIR3DL2, and

KIR3DL3,

• KIR3DS1 is characterized by having three domains and a short tail.

• Additionally, the KIR gene family includes two pseudogenes: KIR2DP1 and

KIR3DP1.

The intricate relationship between KIR genes and human leukocyte antigen (HLA)

molecules has significant implications for disease associations. Specific KIR-HLA

combinations have been associated with altered susceptibilities to various infectious

diseases, autoimmune disorders, and cancers. For example, KIR genes have been

found to play a crucial role in HIV-1 control [23]. Certain KIR-HLA profiles can

confer protection against viral infections, while others may increase susceptibility to

certain diseases.

As our understanding of the role of KIR genes in immune regulation and disease

associations grows, the demand for precise and efficient genotyping methods has in-

creased. High-throughput sequencing (HTS) technologies have emerged as powerful

tools for genotyping KIR genes, enabling comprehensive analysis of KIR loci and their

interactions with HLA molecules [19].

Detecting mutations can be a crucial step for ascertaining the presence of specific

genes, and determining their alleles and copy numbers which are pivotal in biomedical

research and clinical practice. These genetic variations can influence susceptibility to

diseases, affect therapeutic responses, and predict the risk of hereditary conditions.

For example, certain mutations can increase cancer susceptibility [28]. Specific gene

alleles can influence drug metabolism, leading to variations in drug response and

potential adverse reactions [8]. Furthermore, copy number variations (CNVs) can

result in developmental disorders and have been implicated in conditions such as

autism and schizophrenia [25]. Therefore, accurate detection and understanding of

these genetic elements play a crucial role in personalized medicine, disease prevention,

and therapeutic interventions.

A multitude of researchers have advanced computational methodologies to address

the intricate challenges posed by genotyping highly polymorphic genes. Notably,

tools developed by Numanagić et al. (Aldy), Lee et al. (Stargazer), Twesigomwe
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et al. (StellarPGx), and Twist et al. (Astrolabe) stand out as premier genotyping

approaches for pharmacogenes [18, 11, 30, 31]. Within the realm of KIR genes,

contributions from Song et al. (T1K), Norman et al. (PING), Roe and Kuang (KPI),

and Vukcevic et al. (KIR*IMP) offer distinct strategies for the analysis of these genes

and their respective variants [26, 17, 24, 33].

Aldy is a novel computational tool based on integer linear programming techniques

that aims to analyze data from high-throughput sequencing (HTS) technologies to call

genotypes and potentially identify genetic variations. It demonstrates higher accuracy

and computational efficiency than other methods, making it suitable for large-scale

studies and various types of genomic variation, including copy number variations,

gene fusions, and complex mutations. While Aldy is optimized for pharmacogenes

and adept at identifying specific known variations within them, it may not be tailored

to handle the complexities of KIR genes, as it was designed to work with one gene

with fewer complexities than KIRs. The abundance of closely related genes, coupled

with a multitude of highly similar and polymorphic alleles, necessitates specialized

mapping techniques and a tailored tool for precise representation.

T1K is a cutting-edge genotyping tool, grounded in the expectation maximization

methodology, tailored for precise and rapid identification of KIR and HLA (Human

Leukocyte Antigen) genotypes from sequencing data. While T1K offers speed and

commendable accuracy, it currently lacks the capability to determine the copy number

of alleles and genes. This limitation can be crucial when multiple copies of the same

allele or gene are present.

PING (Pushing Immunogenetics to the Next Generation) is a groundbreaking

method tailored to decode the complexities of the highly polymorphic KIR and HLA

class I genes. Notably, PING identified 116 novel KIR alleles, greatly enriching the

current KIR allele database. The method stands out for its efficiency and cost-

effectiveness in genotyping KIR genes. Moreover, its flexibility allows adaptation

for other polymorphic gene systems. However, it’s worth noting that PING, being

specifically designed for KIR-targeted amplified data, may occasionally overlook spe-

cific KIR genes, especially those with close similarities like KIR3DL1 and KIR3DS1,

during allele predictions [26].

The KPI (KIR Probe Interpretation) algorithm is a novel technique designed to

precisely predict KIR genes and haplotypes using Whole Genome Sequencing (WGS)

data. The method employs a synthetic SSO-like (k-mer) library and marker-based

genotyping, utilizing a comprehensive multiple-sequence alignment of full-length hap-
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lotypes. Through rigorous testing, the algorithm has showcased remarkable accuracy

in gene and haplotype-pair predictions, significantly advancing our comprehension

of KIR gene diversity and its relevance in immunogenetics research. However, it is

important to note that the primary focus of this algorithm lies in gene-level analysis,

rather than extensively exploring allelic variations which play a key role in tailoring

medical interventions to an individual’s genetic makeup.

KIR*IMP is a statistical imputation tool, designed to interpret the complexities of

the KIR gene region, adeptly identifying genetic variations with an emphasis on SNP

mutations on alleles. Its distinctive ability to unravel the vast diversity of specific

haplotypes and discern between various KIR copy-number types is considerable. De-

spite its benefits, KIR*IMP primarily operates by harnessing the information of SNP

genotypes and might inadvertently omit some pivotal SNPs due to data reliability

concerns. Furthermore, it can only impute variants that exist in its reference panel,

ensuring accuracy only when there are enough examples. Such limitations indicate

potential areas for improvement and refinement in its approach and sets the stage for

the emergence of novel tools that might offer heightened precision and comprehensive

insights into the complex area of KIR genotyping.

While several computational tools have been devised to address the challenges of

KIR genotyping, each presents specific limitations. Aldy, despite its strength in phar-

macogene variation identification, is not inherently tailored for the intricacies of KIR

genes. T1K’s swift and precise methodology has a notable shortcoming in determining

allele and gene copy numbers. PING’s unique approach can sometimes bypass certain

KIR genes with close similarities. The KPI algorithm, although adept at gene-level

analysis, does not extensively explore vital allelic variations. And KIR*IMP, even

with its specialization, might exclude essential SNPs owing to data reliability issues.

Recognizing these shortcomings, we have designed and implemented a new algorithm,

aiming to offer a more comprehensive solution to the multifaceted challenges of KIR

genotyping.

While current tools have substantially advanced progress in genomics and KIR

gene genotyping and analysis, there remain discernible areas of enhancement. To

bridge these identified gaps, we introduce “Geny” (GENotYper for KIR genes). This

tool, built on a robust foundation of expectation minimization and integer linear pro-

gramming, offers fast and accurate allele-level genotyping and copy number calling.

Furthermore, it is able to detect and leverage all mutation types found in the KIR

database. In the upcoming chapter, we delve deeper into the details of the implemen-
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tation of Geny.
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Chapter 2

Method

2.1 Preliminaries

Let the alphabet Σ be defined as Σ = {A,C,G, T}, representing the nucleotide

bases Adenine (A), Cytosine (C), Guanine (G), and Thymine (T). These bases are

the fundamental building blocks of human DNA sequences. Each sequence G =

G1, G2, . . . , Gm where Gi ∈ Σ represents a DNA sequence. Within the scope of this

thesis, G represents a KIR gene sequence.

A read r refers to a relatively short fragment of DNA that has been determined

through a sequencing method. This fragment originates from randomly shearing

DNA samples into smaller pieces, which are then sequenced using technologies such

as Illumina’s next-generation sequencing (NGS) platforms or Oxford Nanopore’s long-

read sequencing [9]. Reads can be generated in two different forms; single-end and

paired-end. Single-end reads involve sequencing from one end of the DNA fragment,

providing a linear snapshot of the genetic sequence. They are simpler and quicker to

generate but may not capture the full context or complexity of the genomic region.

In contrast, paired-end reads sequence both the forward and reverse ends of a DNA

fragment. This method offers greater accuracy, especially in regions of repetitive

DNA or where structural variants exist, by capturing the entire span of the fragment.

The distance between the paired reads, known as the insert size, can provide critical

information about the structural layout of the genome. Once these reads are gener-

ated, they are aligned to a reference genome, essentially piecing them together in the

correct order to reconstruct the original DNA sequence. In the context of genotyping,

these aligned reads are examined at specific genomic positions or loci to identify the
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specific nucleotide(s) present. By comparing these nucleotides with known reference

sequences, one can determine the genotype of an individual at that position.

Each gene G can exhibit multiple variations, indicating that mutations have al-

tered the gene. These variations typically arise from genetic mutations, which can

manifest through a range of mechanisms such as:

• Deletion: This process involves the removal of one or more nucleotide bases

from a DNA sequence. Deletions can have profound effects on gene function

and lead to various genetic disorders [27, 16].

• Insertion: This refers to the addition of one or more nucleotide bases into a

DNA sequence. Like deletions, insertions can have significant consequences on

gene function [27, 16].

• SNP (Single Nucleotide Polymorphism): A change at a single position in a DNA

sequence that varies among individuals. SNPs serve as biological markers and

help scientists locate genes associated with specific diseases [1].

Another type of genomic alteration is fusion which arises when two previously distinct

genes merge, often due to events like translocations. These variations are common in

several cancer types [14].

In the context of This thesis, we use the term “valid allele” for alleles that pass

the allele-filtering stage, “valid reads” for reads that pass the read-filtering stage, and

“true allele” for the alleles present in the sample DNA.

As highlighted in the previous chapter, the detection of mutations is essential

for identifying specific genes and discerning their alleles and copy numbers. Such

determinations are fundamental in both biomedical research and clinical settings.

Our model uses Integer Linear Programming (ILP) as its solver. To understand

ILP, it’s important to first comprehend Integer Programming (IP). IP is a mathemat-

ical optimization technique where some or all of the decision variables are constrained

to take integer values. It is widely used to model and solve combinatorial optimization

problems arising in various domains, such as scheduling, production planning, and

network design. On the other hand, ILP is a subset of IP where the objective function

and constraints are linear. Essentially, ILP is an extension of linear programming, but

with the added restriction that one or more variables must be integer-valued, making

the problem NP-hard and, at times, computationally challenging to solve [35].
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Our objective is to develop a novel algorithm that can precisely and efficiently

detect the KIR genes present in a patient sample, identify the alleles of those genes

and determine the copy number of each one, leveraging high-throughput sequencing

reads as input. In the subsequent sections, we will delve into the specifics of our

methodology.

2.2 Overview

Our method comprises three essential components, each contributing to the overall

process of accurately determining the true alleles and their copy numbers. These

components are designed to progressively refine the input data and provide an optimal

foundation for the final stage, which involves the design and execution of an Integer

Linear Programming (ILP) algorithm.

The first stage of our method involves mapping the reads to the reference sequence.

This initial mapping step allows us to identify the potential locations in the genome

where each read could be aligned. By determining these potential mapping positions,

we establish a starting point for further analysis.

The subsequent stage of our method focuses on filtering the alleles and reads to

enhance the quality of the input data for the final stage.

The allele filtering stage aims to narrow down the list of potential alleles by ap-

plying specific criteria, such as coverage of functional mutations and the percentage

of non-covered positions. This filtering process ensures that the selected alleles align

with the observed sequencing data and meet the defined thresholds.

Following the allele filtering stages, we proceed to the read filtering stage. Here,

we apply additional filters to the reads, selecting those that align more accurately

with the chosen alleles. This filtering step further enhances the quality and reliability

of the input data for the subsequent analysis.

Finally, armed with the refined input data, we enter the last stage of our method.

In this stage, we employ an ensemble method to obtain the optimal result. The first

solver, which utilizes the Expectation Maximization (EM) algorithm, further refines

the selection of alleles. Through iterative parameter estimation, the EM algorithm

improves the alignment of the chosen alleles with the sequencing data, maximizing

the likelihood of observing the given data.

The last solver is used for generating the final results. This stage involves design-

ing and solving an Integer Linear Programming (ILP) algorithm. The ILP algorithm
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Figure 2.1: Schematic representation of the pipeline of our proposed tool.
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assigns the reads to the potential true alleles, taking into account their copy num-

bers. By optimizing the assignment of reads, the ILP algorithm determines the true

alleles and their respective copy numbers, providing valuable insights into the genetic

variations present in the data. An illustration of the workflow is shown in Figure 2.1.

Next, we will delve into each stage of our method in detail, outlining the specific

processes and considerations involved.

2.3 Mapping to reference alleles

In our algorithm, we have the flexibility to utilize two types of inputs: next-generation

sequencing reads or mapped reads to the reference sequence. Regardless of the input

type, our first step is to map the reads to the reference sequence. This process allows

us to identify the corresponding locations in the genome where these reads align.

However, in the case of the KIR region of chromosome 19, we need to take an

additional step to ensure accurate mapping. Specifically, for reads that can be mapped

to the KIR region, we remap them to the allele sequences associated with the KIR

region. By aligning these reads to the allele sequences, we enhance the precision

of mapping, which is vital for subsequent analysis. Accurate mapping serves as a

fundamental building block for downstream analysis and ensures reliable results.

To achieve this, we employ a reliable mapper called minimap2 [12]. This tool is

well-regarded for its ability to support multi-mapping, which means it can handle

cases where a read can be aligned to multiple locations in the genome. Detecting

multi-mapping is crucial, particularly when it comes to identifying pseudo-genes such

as KIR2DP1 and KIR3DP1. By utilizing minimap2, we can effectively identify and

handle these scenarios.

An additional component of this stage involves mapping the reads to a copy

number-neutral gene, IGFL3, sequence. This gene is part of the insulin-like growth

factor family of signalling molecules [7]. Mapping to this sequence provides us with

the expected coverage of the sequencing process, which we subsequently use in the

optimization phase.

After performing the all-to-all mapping of the reads to the respective sequences,

we obtain a comprehensive collection of locations that each read can be mapped to.

This information provides us with the basis necessary for further analysis. These

bases serve as the foundation for subsequent steps, enabling us to delve deeper into

the analysis of the data and extract meaningful insights.
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2.4 Allele filtering

In our analysis, we encounter a substantial number of KIR genes, amounting to a

total of 17, with an extensive set of alleles, totaling 1549. However, directly using

all these alleles as input to an Integer Linear Programming (ILP) solver can lead to

computational load and the existence of noise can potentially impact the accuracy of

the results. To mitigate this issue, we employ a filtering approach to limit the number

of valid alleles that we consider for further analysis. This filtering process involves

several criteria outlined below:

1. Functional mutations coverage: Functional mutations are alterations in gene se-

quence that cause changes in the final produced proteins by the gene. In order

to detect trues present alleles we need to make sure that all functional muta-

tions are covered by the reads. To ensure comprehensive coverage of functional

mutations, we prioritize the inclusion of alleles where all functional mutations

are covered by at least one read. In the case of wildtype alleles, which are se-

quences without mutations, we adopt a strategy to facilitate their analysis. We

select specific positions along their sequence and treat them as virtual muta-

tions. This approach allows us to assess the coverage of these wildtype alleles

in a similar manner to alleles with actual mutations.

To include wildtype alleles in the selection of valid alleles, the number of vir-

tual mutation positions not covered should be less than a predefined threshold,

denoted as T1. The less the value of T1, the less we take sequencing errors into

account.

2. Overall Coverage Percentage: In addition to functional mutations, we evaluate

the coverage of all positions within an allele. The percentage of positions that

are not covered by any read should be less than a specified threshold, denoted as

T2. T2 can be determined experimentally using known sequences and controlled

simulations.

3. Non-Functional Mutation Coverage: Non-Functional mutations are alterations

in gene sequence that do not cause changes in the final produced proteins by the

gene. This optional step can be used for ranking selected alleles, particularly

when dealing with a large number of valid options. We assess the coverage

of non-functional mutations within the alleles, ensuring that the percentage

of uncovered non-functional mutations is below the threshold value T3. This
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additional criterion enhances the selection process, allowing us to prioritize

alleles with better coverage of non-functional mutations for further analysis.

4. Selection of AG Alleles per Gene G: some genes can have many similar alleles

that all can pass the filtering step. To maintain a manageable number of alleles

for the solver phase and to accommodate other genes in subsequent stages,

we set a criterion to choose up to AG alleles for each gene G. This approach

streamlines the allele count for further analysis.

It is important to note that these filtering steps are performed sequentially, with

the output of one step serving as the input for the next. Consequently, the result of

this filtering process is a list of candidate alleles, where for each gene G, there are AG

or fewer alleles that satisfy the defined criteria.

Selecting values for thresholds T1 and T2 requires careful consideration since they

play a key role in defining which alleles will be included in the following steps. We

established these thresholds after experimentation with various datasets. Our selected

values for T1 and T2 are 10 and 50 respectively.

By implementing these filtering criteria, we can effectively reduce the number of

alleles considered for analysis, focusing on those that are most relevant and likely to

provide accurate results. This approach optimizes the efficiency of the ILP solver and

enhances the overall accuracy of the subsequent analyses.

2.5 Filtering reads

After identifying the valid alleles in the previous stages, the next crucial step is to

filter the reads to optimize efficiency and focus only on the ones that provide valuable

information for the allelic decomposition process. It is unnecessary to always use all

the reads, as some may not contribute significantly to the task at hand. Therefore,

we aim to select the minimum set of reads that can effectively distinguish between

alleles.

To filter the reads, we first need to determine the important mutation positions

that can help differentiate between alleles. These positions play a crucial role in the

selection process. One approach is to consider all mutation positions within the valid

alleles for each gene individually. However, this method can lead to unnecessary com-

putational overload, as not all positions may be essential for distinguishing between

alleles. Another approach is to focus solely on functional mutations that are present
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in our KIR database. While more efficient as there are fewer positions, this approach

may not be sufficient to distinguish alleles with identical functional mutations.

In our approach, we generate a set of important positions for each gene G. These

important positions can be generated by taking the union of mutations found on the

valid alleles of that gene. By using this approach, we can capture the important

differences between alleles in an efficient manner. This allows us to include only the

necessary mutation positions, reducing computational complexity while still ensuring

the ability to distinguish between alleles effectively.

Figure 2.2: Diagram illustrating the read filtering stage. Two alleles of the same
gene are shown. Reads selected for analysis are highlighted in red, with blue squares
indicating the mutations in each allele. The chosen reads encompass the combined
mutations of both alleles.

Once we have the list of important positions, we examine all the reads that can

be mapped to those positions with a mapping cost equal to or less than a specified

threshold, denoted as Te. We add these reads to our list of valid reads as shown in

Figure 2.2. In cases where the reads are paired-end, we must also consider the other

paired read to ensure that both reads can be mapped to the allele under consideration.

By carefully filtering the reads based on important mutation positions in the

read filtering step, we obtain a refined set of valid reads that provide the necessary

information for accurate allelic decomposition. This step optimizes computational

efficiency, reduces noise from non-informative reads, and ensures that the subsequent

analysis focuses on the most relevant and informative data.

A significant challenge encountered during this step is the possibility of a read

from a non-mutation position of one allele being erroneously mapped to a mutation

position of another allele. We expect this situation due to the high similarity between

different alleles, making it crucial to address this problem and prevent mismatches in
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subsequent steps.

To overcome this challenge and ensure accurate mapping, we incorporate non-

mutation positions of the alleles into consideration. By including some of these non-

mutation positions, reads that truly originate from these positions have the opportu-

nity to be mapped back to their correct locations as the solver tries to assign reads to

mutation positions that they cover in order to find the true locations they originate

from, resulting in a more realistic coverage of important positions. However, it is

essential to exercise caution during this process to avoid excessive increases in the

number of important positions, which could lead to computational inefficiencies.

Moreover, including non-mutation positions as input to our ILP solver may result

in lower coverage for those positions. This occurs because we did not initially consider

all reads covering these non-mutation positions in the first step. Thus, it is necessary

to strike a balance between capturing important reads and positions while avoiding

excessive computational complexity and potential coverage loss which we will discuss

more in the next section.

To address these challenges effectively, we introduce the concept of landmarks

as an alternative to using mutation positions. The generation of landmarks will be

discussed in detail in the following section. By incorporating landmarks, we can

appropriately identify specific positions within alleles that are distinctive and infor-

mative for subsequent analysis. This approach allows us to include important reads

and positions in our algorithm while mitigating potential mismatches and maintaining

computational efficiency.

2.6 Landmark Generation

When analyzing the obtained set of valid alleles and reads, it is common to encounter

overlapping regions among the selected reads where multiple mutation positions are

located in that region. However, such overlaps can introduce redundancy as the muta-

tion positions are close to each other and assigning a read to one mutation position is

equivalent to assigning it to the other, resulting in increased computational overhead

and potential compromises to final accuracy. Furthermore, some valid reads can have

multimappings (a situation in which a read can be mapped to different positions) on

the same and other alleles. To address these challenges and also accommodate reads

from important non-mutation positions, we introduce the concept of landmarks.

Landmarks are projections of mutations (SNPs) on alleles that do not possess mu-
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tations but some valid reads can be mapped to them. The objective of landmarks is to

provide the opportunity for the reads to be assigned to those alleles while maintaining

a minimal number of those positions.

For each candidate allele (AC ∈ AG), we construct an overlap graph (GC) to

capture the relationships between reads that align to the mutations of AC . Each read

corresponds to a node in the graph, and an edge is created between two reads (r1

and r2) if there is an overlapping region between them on allele AC . Constructing

the overlap graph enables us to identify the connections among reads aligned to the

mutations of each candidate allele.

Subsequently, we identify the strongly connected components (SCCs) within the

overlap graph for each candidate allele. These SCCs represent groups of reads that

have mutual alignments with each other. To effectively handle the challenge of multi-

mapping, which is particularly prevalent in genes like KIR2DP1 and KIR3DP1 based

on our experiments on the KIR database, we consider all mappable positions of the

reads on each candidate allele when generating the SCCs.

The next step is to select a minimal number of landmarks so that every read within

each SCC covers at least one landmark. This selection process involves strategically

choosing the minimum number of positions that maximize the coverage of valid reads.

For each candidate allele (AC), we identify a set of landmarks (LC) that best represent

the critical regions of interest. An illustration of the process is shown in Figure 2.3.

As a final step in this stage, we revisit the identified landmarks and expand the

set of valid reads by including all the reads that can cover these landmark positions.

By doing so, we enhance the coverage of important positions, resulting in a more

comprehensive and accurate subsequent analysis.

2.7 First Allele Caller: Expectation Maximization

After obtaining a set of valid alleles and reads, we proceed with the first solving

step using the Expectation Maximization (EM) algorithm. This step helps refine

the selection by identifying alleles with lower expectations in the input sample, thus

reducing the solution space for the final solver and improving specificity [13].

The EM algorithm, initially proposed by Dempster et al. [5], in a setting where

the input data in partially known and the parameters of the distribution function

(model) that generated the data are unknown, iteratively estimates the parameters

of the model to maximize the likelihood of the observed data. Here our goal is to
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Figure 2.3: Diagram illustrating the process of landmark generation. Initially, all valid
reads are collected as input. These reads are then utilized to construct a graph that
represents their overlap. Then, we identify strongly connected components (SCCs)
of that graph which represent groups of reads that continually cover a region by
overlapping each other. In the concluding step, an iterative approach is used to
determine the minimal set of landmarks needed to capture all the valid reads within
each SCC. With each iteration, the number of landmarks is increased until all reads
in a given SCC are captured.
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perform maximum likelihood estimation on the abundance of each allele.

Let θ = {θ1, ..., θn}, denote the abundance (percentage) of each of the n candidate

alleles, R be the set of reads, L(θ) The log-likelihood of R given the parameter θ, Zi
j

is the latent variable representing the probability that read Ri is generated by allele

Aj, θ
t
s be the probability that a read is generated by allele As at iteration t.

We define the log-likelihood L(θ) as follows:

L (θ) = logP (R | θ) =
m∑
i=1

logP (Ri | θ) =
m∑
i=1

log
n∑

j=1

P
(
Ri|midZi

j

)
P
(
Zi

j; θ
)

(2.1)

For simplicity, we define cij = P
(
Ri|Zi

j

)
=

N i
j

Lj
where N i

j denotes number of positions

read Ri can be aligned to allele Aj and Lj denotes the length of allele Aj. During

the E-step of the EM algorithm, we compute the expectation of the complete log-

likelihood with respect to the latent variable, as follows:

Ez|R;θt [logP (R, Z | θ)] =
m∑
i=1

n∑
j=1

P
(
Zi

j | Ri, θ
t
)

logP
(
Ri, Z

i
j | θ

)
(2.2)

In the M-step, we update the parameter θts, with maximum likelihood estimation

on (2). by:

θt+1
s = Ej[P

(
Zi

j | Ri; θ
t
)
] = Ej

[
cisθ

t
s∑

k c
i
kθ

t
k

]
=

1

m

m∑
i=1

cisθ
t
s∑

k c
i
kθ

t
k

(2.3)

Once the updated θs values are obtained, we select all alleles associated with activated

components, where θ > ϵ, for further refinement using the Integer Linear Program-

ming (ILP) solver. Here, we set ϵ to a very small value, specifically ϵ = 10−10, which

is chosen to be close to zero. This selection criterion assumes that alleles with abun-

dances below this threshold are not present in the sample. By applying this filtering

step, we focus on alleles that have a substantial presence in the sample, improving

the accuracy and reliability of the results.

It is important to note that selecting the appropriate threshold for allele density

is crucial for obtaining accurate outcomes. While previous studies have reported

thresholds in the range of 0.1-0.25 [26], the robustness of hyper-parameter selection

remains questionable. The process of determining the threshold for selecting alleles
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lacks theoretical proof of optimality.

Therefore, to enhance specificity and achieve more reliable results, further re-

finement of the identified alleles is necessary. This can be accomplished by applying

additional steps or algorithms to improve the accuracy of allele selection and overcome

potential limitations or uncertainties in the initial filtering process.

2.8 Second Allele Caller: Integer Linear Program-

ming

In the ILP formulation for allele refinement, given a set of reads, alleles, positions

on those alleles, and expected coverage of reads on those positions, we aim to de-

termine the optimal assignment of reads to positions on alleles in order to minimize

the difference between expected coverage and assigned coverage on each position and

accurately identify the true alleles present in the sample. The ILP formulation is as

follows:

Let r1...rR represent the set of all R reads from the valid reads, and a1...aA denote

the set of all alleles from the previous solver (EM). We introduce binary variables Vi,j,

where Vi,j indicates whether read rj is assigned to allele ai. To allow the possibility

of dropping reads, we define the variable Dj = 1 − Vj, where Dj equals 1 if the read

is dropped.

To ensure the correct assignment of reads to alleles, we introduce binary variables

Si, where Si = 1 indicates that allele ai is selected. We enforce constraints to ensure

the correct assignment of reads, such that Si ≤
∑

j Vi,j and Si ≥ Vi,j. These con-

straints ensure that if an allele is selected, at least one of its assigned reads is also

selected.

To account for the copy number variation, we introduce an integer variable Ci

to represent the copy number of allele ai. This variable is bounded by Ci ≥ 1

and Ci ≤ M , where M is the maximum allowed copy number, typically set to 12.

Additionally, a selection cost SC is associated with each selected allele, which can

influence the determination of the copy number. This additional cost is determined

through a manual assignment. We employ a heuristic approach by using the read

drop cost multiplied by the expected coverage, which has demonstrated satisfactory

results in our test cases.

The objective of the ILP formulation is to minimize the total absolute error. This
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objective is expressed as:

min

[(∑
i

Si ·

((∑
l∈i

∣∣∣∣
(∑

j∈l

Vi,j

)
− E · Ci

∣∣∣∣ ·Wi

)
+ SC

))
+

(∑
j

Dj ·DC

)]
(2.4)

In this objective function, E represents the expected coverage for a single copy of an

allele, determined by comparing it to a copy number-neutral region. The selection

cost SC influences the preference for selecting particular alleles, potentially aiding in

the accurate determination of copy numbers. The read drop cost DC accounts for

the cost associated with dropping reads.

The objective function involves summations over alleles i, mutations l within each

allele, and reads j in the set of valid reads. The weight Wi represents the relative

importance of allele ai and is defined as maxi Ni

Ni
, where Ni is the number of landmarks

on allele i. This weighting factor ensures that alleles with more landmarks have a

higher impact on the optimization process.

By formulating the problem as an ILP and minimizing the total absolute error,

we effectively optimize the assignment of reads to alleles, resulting in more accurate

and reliable allele identification. The ILP refinement step plays a crucial role in

enhancing the specificity of the analysis and obtaining a refined set of alleles that

correctly represent the true alleles present in the sample.

Note that the specific implementation and parameter settings may vary depending

on the algorithm and software used for the ILP solver. We employed Gurobi as a

reliable tool for solving ILP problems in an efficient manner. [20].The ILP formulation

presented here provides a general framework for allele refinement based on integer

linear programming.

2.9 Implementation

The entire methodology is implemented in the Python programming language. We

selected Python due to its efficiency in model implementation and its widespread

popularity, which facilitates code-sharing with fellow researchers. Inputs are accepted

in the FASTQ file format, and we utilize the minimap2 library for mappings [12].

While we incorporated the EM algorithm in our code, we leveraged the Gurobi solver

for addressing the ILP problem [20].
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Chapter 3

Results

We assessed the performance of our system using real chromosome 19 data. To simu-

late real high-throughput sequencing reads, we employed the ART Illumina simulator

[10]. Utilizing this tool, we generated simulations with a 10x coverage, which subse-

quently served as the input for our model. The outcomes were then compared with

the true alleles inherent in the sample, and the accuracy was subsequently computed.

Our database comprises 48 real chromosome 19 samples sourced from GeneBank

[2], encompassing both haplotype classes A and B. Leveraging this database, we also

have access to annotated alleles for each KIR gene present. In a few instances where

annotations are absent, we undertake a manual labelling process by identifying the

nearest matching sequence within our KIR database.

Our database encompasses all 15 KIR genes along with two pseudogenes, cumula-

tively containing 405 true alleles spread across these genes. The distribution of alleles

for each gene can be referenced in Table 3.1.

To gain a comprehensive understanding of our results, we need to compare our

findings with a state-of-the-art genotyper for KIR genes. As described in the in-

troduction section, there are multiple unique tools that can be used. As we need a

tool that is able to do accurate allele-level genotyping in a timely manner using high

throughput sequencing reads similar to our method, we chose T1K for comparisons.

Comparison with T1K, being the latest and the most accurate model for KIR geno-

typing, can clearly show the capabilities of our model. In this comparison, the dataset

supplied to T1K was identical to that used in our system.

Furthermore, we rigorously assessed our system’s efficacy in scenarios where both

two and three haplotypes are present. This evaluation aims to determine the system’s

accuracy in discerning the correct copy numbers of the extant genes and alleles. For
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the two-copy scenario, input data was generated by randomly selecting two samples

from our initial set of 48, and subsequently using all reads from these two samples.

The methodology for generating three-copy samples is similar to that of the two-copy

process by randomly selecting three samples from our initial set and all their reads.

In our study, we examined 21 two-copy samples and 15 three-copy samples. The

distribution of alleles for each gene, in the context of two and three copies, is detailed

in Table 3.1.

Figure 3.1: Comparison of performances for each gene in different copy number set-
tings.
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We conducted an in-depth evaluation of our model, comparing its accuracy against

the T1K algorithm. In our context, accuracy is calculated by the proportion of major

alleles that were correctly identified out of the total extant alleles. To enhance our

understanding of the model’s performance across the genetic spectrum, we also com-

puted the accuracy for each specific gene. This detailed approach aids in identifying

both the strengths and potential areas for refinement in our model. The final result

can be seen in Table 3.2 and Figure 3.1.

In an exhaustive assessment of KIR genotyping methodologies, two primary algo-

rithms, Geny and T1K were critically evaluated across three distinct simulations to

ascertain their efficiency and precision.

Upon examination of the results in the one-copy simulation, Geny excels with an

aggregate accuracy of 95.8%. Although its accuracy across genes like 2DL3, 2DL4,

and 2DL5A touches perfection at 100%, a noticeable drop is seen in the 2DS1 cate-

gory, descending to 78.5%. Meanwhile, the T1K, which exhibits a total accuracy of

93.5%, maintains par excellence in categories such as 2DL4 and 2DL5A, mirroring

the exactitude of Geny. However, its performance in the 3DL2 and 3DL3 genes,

falling to 80.4% and 78.5% respectively, reveals some potential areas of improvement.

Transitioning to the two-copy simulation, Geny manifests a stable performance,

boasting a cumulative accuracy of 91.8%. Even though it maintains a high accuracy

for genes like 2DL3 and 2DP1, both at 100%, a notable decline is evident in 2DL5A,

with a percentage of 81.8%. Contrarily, T1K, having an overall accuracy of 83.09%,

faces palpable challenges, especially with the 2DL5B and 3DL2 genes, recording a

below-average 75% and 47.2% accuracy respectively.

Finally, in the three-copy simulation, Geny projects an accuracy rate of 87.3%.

Despite exhibiting superior performance in genes such as 2DL3 with a flawless 100%

score, it encounters a daunting challenge with the 2DS3 gene, where accuracy plum-

mets to 50%. Conversely, T1K struggles significantly in this simulation, having an

overall accuracy of 67.6%. The results for genes such as 2DL1 and 2DL4 are notably

low, at 57.1% and 64.1% respectively.

While the overarching findings clearly demonstrate the superiority of Geny over

T1K, it is imperative to delve deeper into the nuanced differences and the potential

implications of these results for practical applications in genomics and personalized

medicine.

The consistent accuracy of Geny across the one and two-copy simulations exem-

plifies its robustness as shown in Figure 3.2. Such reliability can be especially vital
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Figure 3.2: Comparison of performances in different copy number settings.
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when genotyping samples with degraded or limited DNA, as accuracy in these cir-

cumstances directly correlates with the success of subsequent medical interventions

or therapeutic approaches. Moreover, the impeccable 100% accuracy in genes such

as 2DL3 and 2DP1 further underscores the algorithm’s finesse, which is integral for

genetic studies where even minor deviations can have significant downstream effects.

On the other hand, T1K’s faltering performance, especially in the three-copy sim-

ulation, raises questions about its utility in more complex genetic landscapes. Genes

such as 2DL1 and 2DL4, which displayed markedly reduced accuracy, are instrumen-

tal in immune response regulation. Therefore, inaccuracies in these segments might

lead to misinterpretations, potentially influencing clinical decisions. Such challenges

accentuate the need for continuous refinement of genotyping tools to ensure they meet

the exacting standards required in contemporary biomedical research.

While Geny has shown superior performance in most cases, there are some cases

in which T1K outperforms it in terms of accuracy. This situation can be noticed for

2DP1 in one-copy simulations, 2DL5A, 2DS3, and 2DS5 in two-copies simulations,

and 2DL2 and 2DS3 in three-copies simulations. Delving deeper, we observe that

in all of the mentioned scenarios, Geny predicts one of the alleles wrong among all

alleles of that gene but T1K can call all of the present alleles correctly except 2DS3

in three-copies simulations where Geny calls 5/10 of the alleles and T1K calls 7/10 of

them. The reason for the lower accuracy in this specific gene in three-copies scenarios

for both Geny and T1K is that distinguishing between alleles 0020101 and 0010301

in more intricate settings is problematic and this specific allele gets repeated multiple

times among simulations.

In regard to runtimes, Geny efficiently completes the filtering and final ILP solver

stages within seconds for a single copy and approximately 10 minutes for multiple

copies. Nevertheless, the most time-consuming aspect of our system is the remapping

phase, which has polynomial-time complexity and spans from 10 minutes for a single

copy to a maximum of one hour for three copies. Conversely, T1K requires up to 10

minutes to execute its comprehensive analysis.

In summary, through intricate simulations and scrutiny, Geny consistently out-

performs T1K across multiple gene segments. Such findings lay the groundwork

for enhancing the precision and reliability of KIR genotyping algorithms in future

biomedical applications.
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Chapter 4

Conclusion

KIR genotyping is a complex and precise process, vital for biomedical studies. Our

deep dive into its techniques resulted in Geny, a new tool for KIR gene identification.

In evaluations, Geny consistently outperformed another state-of-art tool, T1K, across

various gene segments. Geny proved reliable in everything from basic to intricate

genotyping tasks, highlighting its resilience to the inherent challenges of the process.

Geny’s standout performance is not only of academic interest but also of practical

importance. As we move towards tailored medical treatments, the accuracy of tools

like Geny in identifying genes can shape the future of patient care. Specifically, Geny’s

precision in critical genes positions it as a promising tool for advancing the role of

KIR genotyping in patient-focused medicine.

On the other hand, T1K had variable outcomes, reminding us of genotyping’s

complexities. Though it showed high accuracy in some situations, its inconsistency

in specific simulations raised concerns. Key immune-related genes, such as 2DL1

and 2DL4, displayed this variability. This does not just spotlight areas for technical

improvement, but it also highlights potential clinical implications and the need for

careful interpretation.

As genomics advances, it is vital to have tools that progress alongside these ad-

vancements. Geny sets a benchmark, but it also underlines the constant need for

innovation in this dynamic field.

In summary, our study showcases Geny’s impressive abilities and underlines the

continuous strive for excellence in KIR genotyping. Through our findings, we are

mapping out the future of KIR genotyping and emphasizing its critical role in modern

medicine and research.

Our method is not complete and can always be improved. For potential future
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paths, there is considerable space for refining and enhancing the existing segments.

One particularly promising path to explore is the detection of gene fusions. This area

offers opportunities for significant research and advancements. Another important

part that can be enhanced is remapping the reads to alleles for mutation detection

purposes. This segment can be improved in implementations or replaced by only

mapping reads to the reference genome in order to reduce the time complexity and

achieve higher efficiency.
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