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摘要
人類基因組中的殺手細胞類免疫球蛋白受體（KIR）基因很重要，但研究起

來因為基因的複雜性所以具有挑戰性。這些基因透過與人類白血球抗原 (HLA)相

互作用來影響自然殺手 (NK)細胞的活性。這種相互作用調節免疫反應並影響各種

健康狀況，例如自體免疫疾病和器官移植結果。然而，KIR基因的遺傳結構複雜，

且受遺傳因素影響個體間拷貝數（CN）差異較大，使得 KIR分型變得複雜。台灣

族群特有的個體層級 KIR-HLA組合資料缺乏歷史資料，影響了我們的研究方向。

我們的研究利用了各種工具，即 HLA-VBseq、HISAT-genotype、T1K、DRA-

GEN、Qztype、graphKIR和 capKIR，來解釋來自各種來源的 KIR和 HLA基因資

料，例如、合成資料、panel、全基因體定序（WGS）、人類泛基因組參考聯盟

(HPRC)資料庫、台灣人體生物資料庫 (TWB)，以及結合爬蟲收集的資料進行分

析。由於每種工具的性能因資料集而異，因此對其功能進行了仔細評估。在 HLA

方面，T1K和 HISAT-genotype基因分型因其卓越的準確性和全面的分型功能而

成為 HLA分型性能較好的工具。在 KIR方面，graphKIR最適合WGS資料類型，

capKIR適合 panel資料類型。

使用 graphKIR 工具，我們詳細了解了台灣族群中 KIR 基因變異和不同單

倍型的分佈。對 TWB 的 1,492 個樣本的分析揭示了固有的遺傳異質性，其特

徵是 A單倍型的頻率異常高，其中 AA單倍型是最常見的 (49.7%)，BB(4.62%)，

BX(45.7%)。

隨後，我們利用等位基因頻率網路資料庫（AFND）對台灣幾個亞人群的 KIR

基因頻率進行了全面評估。我們觀察到特定基因的差異，是有關於人口差異和研

究方法差異引起的變異的問題，展示了樣本人群內 KIR基因的複雜動態。例如，

我們看 AFND數據，會發現一些顯著的頻率差異。以 K96資料庫中的 KIR2DL1

為例。這個基因在台灣 KIR（K96）亞族群中只出現在約 65.6%的情況下，這一

比例顯著低於其他資料庫。這種差異可能源於每個研究中樣本收案或 PCR-SSP

primer設計的差異。這些因素突顯了基因頻率差異如何為我們提供有關 KIR基因

動態性質的重要性。

iii

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

為了加深我們對 KIR-HLA交互作用對多種疾病易感性的潛在影響的了解，

我們對 TWB 的參與者資料進行了一項關聯性研究。我們的研究揭示了 KIR-

HLA(T1K)組合與多種表型的關聯，並透過邏輯迴歸分析進一步驗證。儘管存在

年齡和性別等潛在限制因素，但我們的觀察有助於了解 KIR基因和 KIR-HLA交

互作用對台灣免疫相關疾病易感性的影響。

關鍵字：殺手細胞類免疫球蛋白受體、KIR基因型鑑定、全基因體定序、生物資
訊、KIR-HLA組合、邏輯氏回歸
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Abstract

The human genome’s Killer-cell Immunoglobulin-like Receptor (KIR) genes are sig-

nificant yet challenging to study due to their gene complexity. These genes modulate the

activity of natural killer (NK) cells through interactions with Human Leukocyte Antigens

(HLA), impacting various health conditions like autoimmune diseases and organ trans-

plantation outcomes. KIR gene complexity arises from their varied copy number (CN)

amongst individuals due to genetic factors, complicating KIR typing. Due to a lack of

KIR-HLA-related data for the Taiwanese population, we see an opportunity to focus our

research in this direction.

Our research utilized various tools, namely HLA-VBseq, HISAT-genotype, T1K,

DRAGEN, Qztype, graphKIR, and capKIR, to interpret KIR and HLA gene data from

diverse sources. These sources included synthetic data, panel, whole-genome sequencing

(WGS), the Human Pangenome Reference Consortium (HPRC), Taiwan Biobank (TWB)

data sets, and data collected through web crawling for analysis. Since every tool’s perfor-

mance shifts according to the data set employed, we meticulously evaluated their capabil-

ities. T1K and HISAT-genotyping emerged as high-performing tools for HLA due to their

superior precision and comprehensive genotyping features. Regarding KIR, graphKIR is

most suited for WGS data types, while capKIR is befitting panel data types.

Using graphKIR, we have gained a clear and detailed picture of the variation in

KIR genes and the distribution of different haplotypes within the Taiwanese population.

Our analysis of 1,492 samples from TWB revealed a significant diversity in the genetic
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makeup. Specifically, the AA haplotype was most common, seen in 49.7% of the popu-

lation, followed by BB and BX haplotypes at 4.6% and 45.7%, respectively.

Subsequently, we conducted an exhaustive assessment of KIR gene frequencieswithin

several Taiwanese subpopulations using the Allele Frequency Net Database (AFND). We

observed the differential occurrence of specific genes that raised questions about variants

due to population differences and methodological disparities, illustrating complex dynam-

ics of KIR genes within sampled populations. For instance, if we look at the AFND

data, we find some notable frequency discrepancies. Take the KIR gene 2DL1 in the

K96 database as an example. This gene shows up in only about 65.6% of the Taiwanese

KIR(K96) subpopulation, a percentage significantly lower than in other databases. This

discrepancy could stem from differences in the enrollment of samples or variations in the

design of PCR-SSP primers used in each study. These factors accentuate how gene fre-

quency divergence can provide important insights into the dynamic nature of KIR genes.

To deepen our understanding of the potential influence of KIR-HLA interactions on

susceptibility to multiple diseases, we conducted an association study on participant data

from TWB. Our research uncovered associations of KIR-HLA(T1K) combinations with

numerous phenotypes, further confirmed by logistic regression analysis. Despite prevail-

ing potential limiting factors like age and gender, our observations contribute significantly

to comprehending the influence of KIR genes and KIR-HLA(T1K) interactions on suscep-

tibility to immune-related diseases in Taiwan.

Keywords: killer-cell immunoglobulin-like receptors, KIR genotype typing, whole genome
sequencing, bioinformatics, KIR-HLA combinations, logistic regression
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Chapter 1 Introduction

1.1 KIR

Killer cell immunoglobulin-like receptors (KIRs) are a family of cell surface proteins

found on natural killer (NK) cells, a type of lymphocyte involved in the immune response

(Zinkernagel and Doherty, 1974). KIRs regulate NK cell activity by interacting with pri-

mary histocompatibility complex (MHC) molecules on target cells. This interaction can

activate or inhibit NK cell cytotoxicity depending on the specific KIR-MHC combination

(Asl et al., 2021).

The nomenclature of KIR genes is based on their protein structure, describing their

extracellular and intracellular domains (Marsh et al., 2003). The KIR gene family includes

15 functional genes: KIR2DL1, KIR2DL2, KIR2DL3, KIR2DL4, KIR2DL5A, KIR2DL5B,

KIR2DS1, KIR2DS2, KIR2DS3, KIR2DS4, KIR2DS5, KIR3DL1, KIR3DL2, KIR3DL3

and KIR3DS1. In addition, the KIR gene complex has two pseudogenes, KIR2DP1 and

KIR3DP1 (Figure1.1).

1.1.1 Nomenclature

KIR receptors are designated based on the combination of their extracellular Ig-like

domains (2D or 3D) and the length of their cytoplasmic tail (long (L), short (S), or pseu-

dogene (P)). Differentiating factors for KIR receptors with the same extracellular domains

and cytoplasmic tail length is indicated by a numerical identifier. Allelic variants are de-

noted by an asterisk(Figure1.2).

Genetic variations, such as substitutions, insertions, or deletions, can alter the ter-

mination site of the KIR gene, resulting in either a long or short cytoplasmic tail. These

nucleotide changes have a profound impact on the function of KIR receptors. Except for

KIR2DL4, which has dual inhibitory and activating capabilities, KIR receptors with long

cytoplasmic tails are inhibitory, while those with short tails are activating.
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Figure 1.1: Leukocyte receptor complex (19q13.4) and KIR haplotypes.
The Leukocyte Receptor Complex (LRC) is a genomic region spanning 100-200 Kb on
chromosome 19 (19q13.4). This figure is from https://www.ebi.ac.uk/ipd/kir/
about/

Figure 1.2: The rule of KIR nomenclature.
It included Ig-like domains, cytoplasmic rail, and seven digits for expressing DNS
substitution. This figure is from https://en.wikipedia.org/wiki/Killer-cell_
immunoglobulin-like_receptor

2

http://dx.doi.org/10.6342/NTU202400244
https://www.ebi.ac.uk/ipd/kir/about/
https://www.ebi.ac.uk/ipd/kir/about/
https://en.wikipedia.org/wiki/Killer-cell_immunoglobulin-like_receptor
https://en.wikipedia.org/wiki/Killer-cell_immunoglobulin-like_receptor


doi:10.6342/NTU202400244

1.1.2 Molecular structure and functions

The KIR gene is located on chromosome 19 and is highly polymorphic, indicating

significant genetic diversity. The KIR gene complex spans a gene region approximately

4 to 16 kb in length and consists of 4-9 exons(Figure1.3).

Figure 1.3: KIR gene organization.
Pseudo-exons, marked in red, exist within the genome but are excised post-transcription
into RNA. As a result, these pseudo-exons are absent from the coding sequence (CDS).
The diagram was sourced from https://www.ebi.ac.uk/ipd/kir/about/

Extracellular immunoglobulin-like domains characterize the molecular structure of

KIR proteins. Based on their structure, KIR genes can be divided into type 1 KIR2D,

type 2 KIR2D genes, and KIR3D genes. Type 1 KIR2D genes comprise two extracel-

lular immunoglobulin-like domains, D1 and D2. Type 2 KIR2D genes have D0 and D2

domains. The KIR3D gene contains all three domains: D0, D1, and D2. The presence

or absence of specific domains affects the binding specificity of KIR proteins to MHC-I

molecules.

Another essential feature of KIR proteins is the length of their cytoplasmic tails. KIR

receptors can be classified as long-tailed (KIR2DL or KIR3DL) or short-tailed (KIR2DS

3
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or KIR3DS) by the length of their cytoplasmic domain. Long-tailed receptors contain

an inhibitory signaling motif called the immunoreceptor tyrosine-based inhibitory motif

(ITIM), which transmits an inhibitory signal when binding to MHC-I molecules. In con-

trast, short receptors lack ITIM and can transmit activating signals leading to NK cell

activation(Figure1.4) (Farag et al., 2002; Vilches and Parham, 2002).

Figure 1.4: Structural characterization of KIR proteins.
KIR proteins consist of two to three immunoglobulin-like domains. The binding of ac-
tivating KIRs with adapter molecules is indicated in green, and the ITIMs of inhibitory
KIRs are highlighted in red boxes. The source of this illustration is https://www.ebi.
ac.uk/ipd/kir/about/
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1.1.3 Haplotypes

The KIR gene is highly polymorphic. Individuals show marked variation in the type

and number of copies of the KIR gene they possess. Based on previous literature stud-

ies, the researchers defined two haplotypes, A and B, based on the distribution of com-

mon genotypes. Genes shared by both haplotypes are called framework genes, including

KIR3DL3, KIR3DP1, KIR2DL4, and KIR3DL2. Framework genes are usually present in

two copy numbers and are less prone to deletion and duplication events, which lead to

copy number variation. However, between KIR3DP1 and KIR2DL4 has a recombination

hotspots. Therefore, framework genes may not always have two copy numbers (Martin

et al., 2000; Hsu et al., 2002).

Haplotype A is relatively fixed and mainly consists of inhibitory KIRs. It comprises

the above four framework genes and 2DL3, 2DP1, 2DL1, 3DL1, and 2DS4. Haplotype B

showed more variation in the number and combination of KIR genes. It is characterized

by one or more of the following genes: 2DL2, 2DL5A/B, 2DS1, 2DS2, 2DS3, 2DS5, and

3DS1. Possession of any of these genes defines an individual as having haplotype B.

The KIR gene content is highly polymorphic, and a recombination hotspot exists

between 3DP1 and 2DL4. Therefore, based on this boundary, KIR haplotypes are often

divided into centromeric and telomeric regions. The centromeric region is located between

the framework genes 3DL3 and 3DP1, near the center of the chromosome. KIR genes

may appear in this region, including 2DL1, 2DL2, 2DL3, 2DL5B, 2DS2, and 2DP1. The

telomeric region is located between the framework genes 2DL4 and 3DL2, near the end of

the chromosome. Possible KIR genes in this region include 2DL5A, 2DS1, 2DS4, 3DL1,

and 3DS1. Additionally, 2DS3 and 2DS5 are more particular and can exist in centromere

and telomeric regions (Roe et al., 2017).

Compared with haplotype A, haplotype B contained more genes and showed more

variation in the number and combination of genes (Kulkarni et al., 2008). As a result, the

centromeric region of haplotype B can be further divided into B1 and B2. These two KIR

haplotypes can give rise to haplogroup A/A and haplogroup B/X, respectively(Figure1.5).
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Figure 1.5: KIR Polymorphism.
The KIR gene is composed of two segments, the centromere and the telomere, which vary
in their genetic composition. Two primary KIR haplotypes exist, with the A haplotype
possessing a constant genetic content. Conversely, the B haplotype contains a fluctuating
amount of genes, which is indicated in parentheses. Each haplotype incorporates frame-
work genes, displayed in pink boxes.
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1.2 HLA

1.2.1 Nomenclature

The human leukocyte antigen (HLA) nomenclature follows a format to identify and

differentiate alleles within the human MHC genes. Here is an explanation of the different

components(Figure1.6) (Marsh et al., 2010).

• HLA: This fixed prefix indicates that the allele is part of the human MHC genes.

Gene Name: The gene name follows the prefix, such as HLA-A or HLA-B, and

identifies which gene the allele modifies.

• Antigen Type: The first two numbers after the gene name (e.g., HLA-A*02) repre-

sent the antigen type associated with that allele. This designation typically corre-

sponds to the serological antigen present. Alleles with the same antigen type will

not react with each other in serological tests.

• Protein Coding: The next set of digits (e.g., HLA-A*02:01) indicates the protein the

allele codes. These numbers are assigned sequentially based on the order of their

discovery. Any change in this number represents a different protein resulting from

a nucleotide change that replaces an amino acid with another.

• Allele Variant: The third set of numbers (e.g., HLA-A*02:01:01) indicates an allele

variant with a different DNA sequence that produces the same protein as the normal

gene. These variants represent synonymous mutations in the coding region.

• Non-CodingRegion Polymorphism: The fourth set of numbers (e.g., HLA-A*02:01:01:02)

designates single or multiple nucleotide polymorphisms in a non-coding gene re-

gion.

• Suffix: In addition to the specific allele number, there are additional optional suf-

fixes that may be added to an allele to indicate its expression status(Table 1.1 ).
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Figure 1.6: The rule of HLA nomenclature.
The HLA nomenclature system allows for organized recognition and distinction between
alleles based on these elements. It provides a uniform and standard method for naming the
various HLA alleles found in human MHC genes. This illustration comes from https:
//www.hlaprotein.com/hla-technology/.

Table 1.1: HLA Suffix.

Letter Significance

N Null allele (produces a non-functional protein)
L Lower than regular cell surface expression
S Soluble protein not found on cell surface
Q Questionable (allele may affect regular expression)
C Protein that is present in cytoplasm but not cell surface
A Aberrant expression (uncertain if a protein is expressed)
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1.2.2 Molecular structure and functions

The HLA region contains many genes involved in the immune response. The HLA

region is located on the short arm of chromosome 6 at position 6p21.3 (Trowsdale, 1993).

Class I, Class II and Class III comprise three areas(Figure1.7).

• HLA Class I

Class I regions include the HLA-A, HLA-B, and HLA-C genes. These molecules

are present on the surface of almost all nucleated cells in the body. Class I molecules

play a important role in the presentation of antigens to CD8 T cells and are recog-

nized in allograft rejection (Choo, 2007).

• HLA Class II

The class II region contains the HLA-DP, HLA-DQ, and HLA-DR genes. Class

II molecules are constitutively expressed on antigen-presenting cells (APCs) and

can be induced on other cell types during inflammation. Class II molecules con-

sist of alpha (heavy) and beta (light) chains encoded by genes within the MHC.

HLA-DRmolecules have an invariant alpha chain, while the beta chain exhibits ex-

treme polymorphism. The number of HLA-DR genes may vary among individuals,

and additional genes such as HLA-DRB3, HLA-DRB4, and HLA-DRB5 may be

expressed on a single haplotype (Touraine et al., 1989).

• HLA Class III

The class III region is located between the class I and II regions. It contains genes

related to the immune response, such as complement components (C2, C4, and B

factors), tumor necrosis factor (TNF), heat shock proteins, and other genes with

immune functions. Genetic variants within class III regions have been associated

with certain diseases, including systemic lupus erythematosus (SLE) and rheuma-

toid arthritis (RA) (Gruen and Weissman, 2001).

• HLA G group

The HLAG group refers to a subset of HLA genes called HLA-G. The HLA-G gene

is located in the human genome’s major histocompatibility complex (MHC) region

and plays a unique role in immune regulation(Figure1.8) (Grubic, 2020).
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Group G distinguishes HLA alleles that have a or multiple synonymous variants.

GroupG distinguishes anHLA allele from one ormore synonymous variants, mainly

about the reason for antigen binding.

The HLA-G group refers to the HLA genes named HLA-G, which are part of the

HLA system genes. These genes have unique properties and play specific roles in

immune regulation, especially in pregnancy and certain diseases. It is particularly

clinically significant (Apps et al., 2008).

Figure 1.7: The HLA Complex.
Many key genes on chromosome 6 are involved in immune function, disease de-
fense, and transplant compatibility. The figure is from http://sciscogenetics.com/
technology/human-leukocyte-antigen-complex/.

1.2.3 Clinical role of HLA in health and disease

HLA complexes belong to a family of highly polymorphic genes involved in immu-

nity and are present in disease-associated regions of the human genome. HLA regions are

associated with hundreds of diseases, including autoimmune disorders, cancer, and infec-

tious diseases. Recent advances in genotyping arrays and sequencing technologies allow

better characterization of extreme polymorphisms in HLA (Gao et al., 2019).

Regarding health, HLA molecules are critical for maintaining immune homeostasis

and preventing infection. They enable the immune system to distinguish self-antigens

from non-self antigens, allowing a targeted immune response against pathogens while

avoiding harmful reactions to the body’s cells. HLA typing is commonly performed in

transplant medicine to match donors and recipients, as HLA compatibility is critical for

successful organ and tissue transplantation (Mahdi, 2013).
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Figure 1.8: The structure of HLA and the G group.
The peptide-binding region of the HLA class I molecules, formed by the α1 and α2 do-
mains, is encoded by exons 2 and 3 of the HLA class I genes. In contrast, within HLA
class II molecules, the peptide-binding region consists of the α1 and β1 domains, encoded
by exon 2 of the HLA class II genes. The diagram notes the exons responsible for encod-
ing these peptide-binding domains.

In infectious diseases, the frequency and presence of HLA alleles may vary in dif-

ferent populations. Certain alleles that confer resistance to specific pathogens are more

prevalent in endemic areas. Genomic analysis also helps map and identify loci associated

with various diseases.

HLA alleles play a crucial role in the immune response to infectious diseases. The

clinical roles of HLA in health and illness are manifold. Extensive polymorphisms in

HLA genes lead to individual differences in immune responses and disease susceptibility.

Understanding the complex interplay between HLA and the immune response is critical

to advancing personalized medicine and improving patient outcomes in various clinical

settings (Mosaad, 2015).

1.3 The combination between KIR and HLA

KIR and HLA genes are highly polymorphic in humans. Many studies have found

that KIR and HLA will combine to regulate the function of NK cells and the immune

system(Figure1.9). Different combinations of KIR receptors and HLA molecules lead

to different susceptibility and immune responses to certain diseases in different ethnic
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groups. Numerous studies have demonstrated the relevance of KIR genotypes and KIR-

HLA combinationswith disease interactions in various human diseases such as rheumatoid

arthritis, ankylosing spondylitis, systemic lupus erythematosus, psoriatic arthritis, viral

infections such as HIV (Rajalingam, 2016), hepatitis B, and C), preeclampsia (Yang et al.,

2020) and cancer (Leone et al., 2017).

In addition to disease associations, knowledge of KIR-HLA combinations has also

been applied to clinical treatment. For example, the specificmonoclonal antibody IPH2102

has been used to treat acutemyeloid leukemia (AML), multiplemyeloma, and solid tumors

(Nijhof et al., 2015). Furthermore, KIR-HLA matching has potential implications in solid

organ transplantation and hematopoietic stem cell transplantation (HSCT) (Ludajic et al.,

2009). Some studies have even shown that the influence of KIR-HLA interactions can

predict post-transplant outcomes. For example, when AML patients receive hematopoi-

etic stem cells from unrelated donors with specific KIR-HLA combinations, it can reduce

the risk of relapse and improve overall clinical outcomes.

Briefly, combining KIR and HLA genes exhibits significant diversity and has im-

plications for clinical transplantation and disease mechanisms. Examining the frequency

of KIR-HLA pairings in different populations can provide insight into the role of KIRs

in clinical transplantation and disease mechanisms. These associations parallel the initial

observations made with HLA polymorphisms and disease, highlighting the importance of

delving deeper into the underlying mechanisms. Finding out the specific combinations

of KIR and HLA alleles is crucial for unraveling the mechanisms governing immune re-

sponses, disease susceptibility, and the development of therapeutic interventions. This

knowledge provides valuable insights into the intricate interplay between the immune

system and diseases, paving the way for personalized medicine and improved clinical

outcomes.
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Figure 1.9: KIR-HLA Interactions.
They are unveiling the complexities of immune genes in transplantation and disease. In-
sights into pairings provide opportunities for personalized medicine and improved clinical
outcomes (Rajalingam, 2016).
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Chapter 2 Research Aims and Design

Objective:

The primary objective of this study is to determine the genetic landscape of the HLA

allele and KIR copy number distribution in the Taiwanese population. Additionally, the

study aims to identify potential clinical implications of HLA and KIR genes specific to

the Taiwanese population(Figure2.1).

1. Data and Tool Collection: The project must obtain a diverse range of data types,

including panel, WGS, assembly, and simulated data. Additionally, selecting ap-

propriate typing tools from various options is crucial. TheHPRC dataset, containing

assembly data, is pivotal in determining the most suitable tools for KIR and HLA

typing of TWB NGS data.

2. HLA Typing: The accurate typing of HLA alleles involves utilizing tools such as

HISAT-genotype, T1K, Dragon, hla_annotate, Qztype, and VBSeq. The analysis of

the HPRC dataset enhances the precision of HLA typing. Furthermore, allele-level

HLA typing is carried out on the TWB dataset using HISAT-genotypes and T1K.

3. KIR Copy Number Determination: To measure KIR gene copy numbers with

precision, a dedicated capKIR pipeline is developed. CapKIR and graphKIR are

evaluated using the HPRC dataset, incorporating the correct KIR answers obtained

from the SKIRT tool. Finally, graphKIR, a suitable tool for KIR typing within the

TWB dataset, is applied to determine KIR copy numbers for all 1,492 individuals.

4. Combination of HLA and KIR Data: I am integrating allele-level HLA typing

results from HISAT-genotype and T1K with KIR copy number data derived from

graphKIR.

5. Phenotype Association Analysis: Phenotypic information is extracted from the

TWB dataset, and association analyses between combined HLA-KIR genotypes and

phenotypic features are conducted using Fisher＇s exact tests.
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6. Interpretation and Significance: The project concludes with the analysis and in-

terpretation of the association results, shedding light on the potential clinical sig-

nificance of HLA and KIR genes within the context of various phenotypic features.

Additionally, valuable insights are provided into personalized HLA/KIR genomic

profiles among individuals in the Taiwanese population.

Figure 2.1: Study design.
The genetic landscape of HLA and KIR is revealing the genomic diversity of the Tai-
wanese population. Analysis of different data types and tools, such as HISAT-genotype
and graphKIR, revealed the clinical significance of HLA and KIR genes. Integration of
HLA-KIR data identifies personalized genomic profiles and reveals phenotypic associa-
tions.
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Chapter 3 Materials and Methods

3.1 Available datasets

• HLA

The table records the currently available HLA datasets, as well as the number and

type of classified samples, whether there is a standard answer, what software is used

for analysis, and who performs the analysis, etc(Table 3.1).

• KIR

The table records the currently available KIR datasets, as well as the number and

type of classified samples, whether there is a standard answer, what software is used

for analysis, and who performs the analysis, etc((Table 3.2).

Table 3.1: HLA available datasets.

Table 3.2: KIR available datasets.

3.2 Databases

3.2.1 AFND

The Allele Frequency Net Database (AFND) is a publicly available database that

serves as a comprehensive collection of frequency data for various immune-related genes
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Table 3.3: The total of KIR alleles at version 2.12 (2022-12).

in the human genome. It was originally designed to incorporate polymorphisms in HLA,

KIR, and cytokine polymorphisms information (Gonzalez-Galarza et al., 2018).

The goal of the database is to provide a central resource where researchers can con-

tribute their frequency data while allowing users to search and access existing informa-

tion. Collected data are presented in allelic, haplotype, and genotype formats, enabling

comprehensive analysis of genetic variation at these important immune-related loci. The

allele frequency net database ( http://www.allelefrequencies.net/hla6006a.asp)

is 2020 update. support@allelefrequencies.net (Gonzalez-Galarza et al., 2020)

3.2.2 IPD-HLA and IPD-KIR

IPD-HLA (Barker et al., 2023) and IPD-KIR (Robinson et al., 2012) are official

databases that store information on genetic polymorphisms of the human immune sys-

tem. These databases play a crucial role in collecting and organizing data related to allelic

and sequence diversity of HLA and KIR genes.

The IPD-KIR database focuses exclusively on KIR genes, providing a comprehen-

sive collection of star allele names and their corresponding sequences(Figure 3.2). The

database is constantly expanding, and the latest version (2022-12, version 2.12.0) contains

1,617 alleles, including full-length and partially sequenced variants.

In the Table 3.3, we can see the total number of alleles for each KIR gene in the IPD-

KIR library to date. The information has been obtained from https://www.ebi.ac.uk/

ipd/kir.

As depicted in the figure, it is evident that an increasing number of researchers are

delving into the field of KIR and HLA immunogenetics. This has led to the rapid finding
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of new alleles, and databases have expanded astonishingly.

The count of HLA alleles, designated byWHONomenclature Committee for Factors

of the HLA System and recorded in the IPD-IMGT/HLA Database, reveals a consistent

uptrend in newly identified class I and class II alleles over the past three decades(Figure

3.1).

Figure 3.1: Trend of HLA Allele Discovery Over Time.
The momentum of novel allele discovery is amplified with the integration of NGS tech-
nologies, leading to a higher number of new alleles being christened in just the initial
quarter of 2019 as compared to the entirety of the previous century. This figure is from
https://academic.oup.com/nar/article/48/D1/D948/5610347.
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Figure 3.2: Trend of KIR Allele Discovery Over Time.
The following chart represents the count of alleles that have been identified and housed
within the IPD-KIR Database, spanning from 2003 through December 2021. This figure
is from https://www.ebi.ac.uk/ipd/kir/about/statistics/growth/.

3.2.3 TWB

Taiwan Biobank (TWB), the largest human biobank in Taiwan, was established in

2012 as a research project of Academia Sinica (Fan et al., 2008). It aims to collect and

analyze biological samples from the Taiwanese population to facilitate various studies

and research projects. TWB has been actively recruiting participants since December

2008 and as of December 2022, has collected data on more than 180,000 people. It is an

invaluable resource for studying all aspects of human health and genetics. TWB generated

WGS data by paired-end sequencing using Ion Proton, Illumina HiSeq2500 / HiSeq4000

/ NovaSeq6000 platforms.

In this study, we analyzedKIR andHLAgenotyping of 1492 individuals using Illumina-

based WGS from TWB. Ethical approval for this study was obtained from the Institu-

tional Review Board of the Affiliated Hospital of National Taiwan University College of

Medicine (IRB approval number: TWBR11106-05).

20

http://dx.doi.org/10.6342/NTU202400244
https://www.ebi.ac.uk/ipd/kir/about/statistics/growth/


doi:10.6342/NTU202400244

3.3 KIR Software

3.3.1 PING2

PING (Norman et al., 2016) and PING2 (Marin et al., 2021), short for ”Pushing Im-

munogenetics to the Next Generation,” is a sophisticated tool designed to determine KIR

gene copy numbers and perform allele-level genotyping with a precision of 5 digits. This

tool has revolutionized the field of immunogenetics by offering a multi-step approach that

involves three key modules: PING_extractor, PING_copy, and PING_allele.

The PING_extractor module utilizes a read mapping process, selectively retaining all

reads mapped to a pre-defined KIR haplotype. Following this, the PING_allele module

meticulously counts the number of retained reads that align perfectly with specific probes.

PING2 calculates the gene’s depth by determining the average probe count within the gene

and normalizing it against KIR3DL3. Through the collective read counts across all sam-

ples within a cohort, PING2 expertly determines copy numbers via manual thresholding, a

process guided by operators who base their decisions on observations of the copy number

figures (Figure 3.3).

However, PING2 does comewith certain limitations. First, it relies onmanual thresh-

olding, demanding operator intervention to fine-tune it after processing all samples in

Ping_copy. Secondly, PING2 exhibits relatively slower processing speeds, particularly

during KIR allele typing, due to the iterative nature of the read mapping pipeline. The

tool operates using a single thread, contributing to its slower performance. Moreover,

the output alleles generated by PING2 provide only partial resolution, with a precision

of 5 digits instead of the desired seven digits. This limitation can impact the accuracy of

downstream analyses.

Furthermore, PING2may encounter issues and potentially crash if it fails to detect the

KIR3DL3 read count, necessitating manual removal of such samples from the analysis.

Lastly, PING2’s virtual probes, used for copy number estimation, may require periodic

updates in alignment with the latest database releases. The probes may need re-evaluation

and selection to ensure accurate alignment and avoid misalignment issues.
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In summary, PING2 is a valuable tool for KIR gene analysis. However, it has certain

limitations, including manual thresholding, slower processing speeds, incomplete allele

resolution, potential issues in specific scenarios, and the need for periodic updates and

probe evaluation. Despite these drawbacks, PING2 remains an essential asset in advancing

immunogenetics research.

Figure 3.3: Sample Copy Number Figure Generated by PING2.
The y-axis represents the KIR3DL3-normalized KIR2DL1 gene depth for samples in the
cohort. The x-axis is the HPRC samples, arranged in ascending order of scale. The dashed
line is the manually assigned threshold.

3.3.2 capKIR

capKIR is a specialized data analysis pipeline developed by Wan-Chi Liu within the

research facility of Dr. Ya-Chien Yang in the Department of Clinical Laboratory Sciences

22

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

and Medical Biotechnology. This pipeline is designed for the comprehensive analysis

of data generated through capture-based Next-Generation Sequencing (NGS) techniques.

To overcome the challenges posed by the high genetic similarity between KIR2DL1 and

KIR2DS1 genes, capKIR combines reference sequences and provides tailored parameter

settings specifically designed for capture-based NGS experiments conducted in Dr. Pei-

Lung Chen’s Lab.

These customizable settings include (1) the utilization of exon selection v.2.3, (2)

the establishment of thresholds for assessing copy number variations in KIR genes, and

(3) the application of an estimation coefficient known as ”KIR3DL3*0.87” to standardize

gene depth. These parameters have been proven to significantly improve the accuracy

of identifying KIR gene copy numbers. In forthcoming capture-based NGS sequencing

endeavors in this laboratory, capKIR can be readily deployed for data analysis, yielding

valuable insights into KIR gene types and copy numbers.

Moreover, capKIR’s capture probes are specifically designed to target HLA, AIRR,

and KIR immune-related genes. The sequencing results also provide information about

HLA genes in the specimens. Given the ongoing discussions regarding the interaction and

compatibility of KIR and HLA genes, capKIR holds promise for further applications in

KIR gene typing research.

3.3.3 graphKIR

graphKIR is a cutting-edge software developed by Hong-Ye Lin within the research

facility of Dr. Chien-Yu Chen in the Department of Bio-Mechatronics Engineering. This

software is designed to address the complexities associated with KIR genes within the

human genome.

KIR genes exhibit high levels of polymorphism, characterized not only by striking

genetic similarity between star alleles but also among the genes themselves. Additionally,

KIR genes can vary in copy number and copy count between the two haplotypes in an

individual, complicating accurate typing. To tackle these challenges, graphKIR has been

developed to estimate KIR gene copy numbers and precisely type full-resolution (7 digits)

KIR alleles from WGS data.
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Key Findings and Features of graphKIR:

1. Copy Number Estimation: graphKIR uses innovative clustering methods to accu-

rately estimate copy numbers sample-wise. This method effectively addresses the

challenges posed by KIR genes’ high similarity and variable copy numbers.

2. Allele Typing Accuracy: graphKIR achieves high accuracy in allele typing, outper-

forming competitive tools.

3. Comparative Analysis: The software was compared to other tools like PING2,

GATKIR, and KPI, demonstrating superior performance. In particular, GATKIR

had lower accuracy in copy number estimation, attributed to the size of the sample.

4. Graph-Based Indexing: graphKIR utilizes graph-based indexes derived frommulti-

ple sequence alignments (MSA). It offers better results compared to linear indexing,

especially for similar genes.

5. Post-Mapping Filtering: The software effectively removes multiple-mapped reads,

improving mapping precision and reducing false variant calls.

6. Copy Number Estimation Parameters: graphKIR evaluates various parameters af-

fecting copy number estimation, such as read depth calculation methods, clustering

algorithms, and gene depth calculation from exon-only regions.

7. Algorithms and Tools: The software uses novel clustering algorithms to estimate

copy numbers and implements an enhanced version of HISAT2 EM abundance for

allele typing.

3.4 HLA Software

3.4.1 HISAT-genotype

HISAT-genotype is a robust and invaluable companion tool that seamlessly comple-

ments HISAT2, the cutting-edge graph-genome read mapper (Kim et al., 2019). in 2019.

While HISAT2 specializes in rapid graph mapping, HISAT-genotype furthers genomics
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analysis by enabling precise alleles calling for highly polymorphic genes, including cru-

cial ones like HLA.

The primary role of HISAT-genotype is to efficiently extract genetic variants and their

corresponding star alleles from alignment files in the widely adopted .bam format. Once

these variants are carefully extracted, HISAT-genotype utilizes a sophisticated Expectation-

Maximization (EM) algorithm to rank them and make highly accurate allele calls. This

process is fundamental in understanding complex genetic variations within these highly

polymorphic genome regions.

It is essential to highlight that while HISAT-genotype excels in determining allele

abundances through the EM algorithm, it does not provide an exact count of the number

of alleles present in a given sample. Nevertheless, users can easily retrieve information

about the two most abundant alleles from the result file, making it an invaluable resource

for HLA typing(Figure 3.4).

Figure 3.4: Depiction of the HISAT-genotype Algorithmic Process.
This is achieved by parsing external databases, such as IMGT/HLA, which contain com-
prehensive information about human genes and genomic regions. These databases are
meticulously converted into an intermediate format that seamlessly aligns with the sophis-
ticated algorithms of HISAT-genotype. Genotype genomes include these variants, thereby
supporting accurate genotyping.

3.4.2 VBSeq

HLA-VBSeq is designed for accurate and efficient HLA typing using whole-genome

sequencing data (Nariai et al., 2015). It leverages variational Bayesian inference to opti-
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mize the alignment of sequencing reads to HLA allele sequences and accurately quantify

reads onHLA alleles, ultimately delivering high-resolution HLA typing results at the com-

plete (8-digit) resolution.

The HLA-VBSeq process encompasses several critical phases. The process starts

by aligning sequencing reads obtained from whole-genome sequencing to the reference

genome (GRCh37/hg19) using the BWA-MEMalignment program, which includes dummy

sequences. Subsequently, reads aligned to HLA loci and unmapped reads are filtered out

from the alignment file. For paired-end sequencing data, where one mate is associated

with an HLA locus while the other is not, both mates are extracted. The extracted reads are

then realigned to capture all genomic HLA allele sequences in the IMGT/HLA database,

enabling multiple alignments for each read. The IMGT/HLA database houses genomic

DNA sequences for various HLA loci, including pseudogenes. Finally, the expected read

counts on HLA alleles are estimated using variational Bayesian inference within a statis-

tical framework designed explicitly for HLA typing.

In practical terms, users can easily employ HLA-VBSeq by downloading the HLA-

VBSeq.jar file and a few additional essential files, including bamNameIndex.jar, SamTo-

Fastq.jar, parse_result.pl, hla_all.fasta, and Allelelist.txt. These supplementary files are

required for processing fast data and accessing the necessary HLA allele sequences from

the IMGT/HLA database. The software, developed in Java, undergoes multiple steps, be-

ginning with the alignment of fastq sequences to the reference genome to generate a bam

file. Subsequently, operations are performed on the resulting bam file to extract precise

HLA typing information(Figure 3.5).
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Figure 3.5: Schematic Diagram of the HLA-VBSeq Workflow.
It employs provided data, the sequence of the human reference genome, and HLA allele
reference sequences to predict read counts on HLA alleles for precise HLA typing.

3.4.3 T1K

T1K (Song et al., 2022), short for T1-KIR, is a versatile genotyping tool designed for

the precise determination of both KIR and HLA genotypes using NGS data. At its core,

T1K provides genotyping results at the allele series level, offering three-digit resolution

for KIR genotyping and six-digit resolution for HLA genotyping by default. This level

of resolution allows for the identification of major genetic variants within these important

gene families, aiding researchers and clinicians in understanding immune system diversity

and functionality.

It intelligently selects the pair of alleles that maximizes the total number of compat-

ible reads, ensuring the most accurate genotyping possible. Furthermore, T1K employs a

Poisson model to calculate quality scores for each called allele, adding an additional layer

of confidence to the results and helping filter out false alleles.

T1K goes beyond simple genotyping by offering post-processing methods that en-

hance the utility of its results. These include the detection of novel single nucleotide

polymorphisms (SNPs) on representative alleles, which can be invaluable for uncovering

genetic variations specific to the studied population. Additionally, T1K provides infor-

mation about single-cell level allele abundances, allowing for a deeper understanding of

the genetic makeup of individual cells within a sample.
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However, it’s important to be aware of certain limitations associatedwith T1K. Firstly,

T1K cannot directly compare its results with those generated by PING, limiting its ability

to evaluate and benchmark its performance against other genotyping tools. Additionally,

the tool reports alleles at a relatively moderate resolution level, which may not capture

the full spectrum of genetic diversity in specific research or clinical contexts. T1K may

also face challenges in resolving ambiguous SNPs and hybrid genes, potentially leading to

reduced sensitivity and less accurate genotyping results. Finally, T1K operates under the

assumption of a maximum of two alleles per gene, which may result in the exclusion of

relevant alleles andmay not fully represent the genetic diversity within a given population.

In summary, T1K is a valuable genotyping tool that provides essential insights into

KIR and HLA genotypes, enabling researchers and clinicians to explore the genetic intri-

cacies of the immune system.

3.4.4 DRAGEN

The DRAGEN (Dynamic Read Analysis for GENomics) Bio-IT Platform is a highly

efficient solution designed to streamline the process of genome data analysis. Notably,

it excels in both reducing analysis time and enhancing accuracy, thanks to its meticu-

lously optimized algorithms. This robust platform encompasses a suite of bioinformatics

pipelines specifically crafted for tasks such as mapping, alignment, classification, repeat

marking, and variant calling.

One of the key strengths of DRAGEN lies in its versatility. It is adept at analyz-

ing various types of genomic data, including Whole Genome Sequencing (WGS), Whole

Exome Sequencing (WES), and RNA Sequencing (RNA-seq). This adaptability makes

DRAGEN a comprehensive solution for diverse genomics applications.

It’s worth noting that the capabilities and performance of DRAGEN have been rig-

orously tested and compared, with the results based on version v4.2.4. For more detailed

information and documentation, you can refer to the official DRAGEN documentation at

https://illumina.github.io/dragen-azure-quickstart/4.2.4/.

DRAGEN takes efficiency to an entirely new level. The program is developed in

C/C++, ensuring exceptional efficiency. It employs FPGA (Schmidt and Hildebrandt,
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2017) hardware acceleration for rapid and efficient parallel processing. As the field of

next-generation sequencing continues to expand, the volume of generated data grows ex-

ponentially. It requires specific hardware, including 128GB of memory, 56 threads, a 2TB

SSD, and an FPGA chip. It employs a specialized alignment algorithm, which differs from

BWT transformation and necessitates substantial memory capacity. The index is loaded

into the FPGA before alignment, allowing it to efficiently process one task at a time.

Speed and accuracy in data analysis become paramount.DRAGEN’s core strength

lies in its ability to perform rapid sequence alignment and variant calling. Leveraging

FPGA technology and G3 data compression, it achieves remarkably fast and highly par-

allelized sequencing data analysis. DRAGEN can quickly complete the alignment and

variant calling analysis for a whole human genome while maintaining high accuracy.

3.5 Web Crawler

Web Crawler is the process of automatically browsing a website and extracting infor-

mation from its web pages (Kausar et al., 2013). It involves submitting relevant keywords

or queries to a search form on a website and efficiently retrieving the desired web content.

Web crawling is commonly used for various purposes, such as data mining, data analysis,

content aggregation, and research.

In order to perform web crawling, several important libraries and tools are frequently

used. These include urllib. Request, for making HTTP requests to fetch web pages; a RE

(regular expression) library that helps with pattern matching and extracting specific infor-

mation fromweb pages; Beautiful Soup, a library for parsing HTML and XML documents

to extract Structural, a Python library for transforming data; and Pandas, a powerful data

processing and analysis library (Hejing et al., 2020).

Analyzing awebsite’s URLs helps identify patterns or rules that allow us to generate a

list of the correct URLs to crawl. By understanding the structure of website URLs, we can

programmatically generate URLs for different pages or categories of content, effectively

scraping large amounts of data.

When crawling a website, it is imperative to mimic standard user behavior to avoid
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being blocked or flagged as a robot. This is achieved by setting the User-Agent header in

the HTTP request, which identifies the web crawler as a legitimate user.

Once the web pages are retrieved in HTML format, the data extraction process be-

gins. Extract relevant information from HTML content, such as database names, sources,

allele frequencies, gene frequencies, and other useful data. This extraction can be done

using techniques like regular expressions, parsing HTML tags, or leveraging functionality

provided by libraries like Beautiful Soup. The extracted information can then be stored in

a database such as MySQL for further analysis, processing, or storage.

I use Web Crawler technology to obtain the KIR frequency data of the Taiwanese

population on the AFND website and then continue to save it in MYSQL for further anal-

ysis and operation(Figure 3.6).

Figure 3.6: The schematic diagram of web crawler.
This operation deciphers and scrutinizes web pages. It simulates standard user behavior,
systematically generates URLs, and collects pertinent data fromHTML content for storage
in a database such asMySQL. This technique was implemented to procure KIR Frequency
data specific to the Taiwanese population from the AFND website.

3.6 Linux Server Hardware Configuration

The National High-Performance Computing Center (NCHC) is the organization that

owns the Taiwania 3 supercomputer, one of Taiwan’s self-developed supercomputers. Tai-

wania 3 consists of 50,400 cores distributed across 900 nodes, using Intel Xeon Platinum

8280 2.4 GHz CPUs with 28 cores each. It runs on CentOS 7.8 operating system.

Taiwania 3, as a multi-functional computing host, provides computing services in

multiple fields, such as physics, chemistry, mathematics, atmospheric science, engineering
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applications, and life sciences. In addition to commercial software packages, the system

also provides a variety of compilers andMPI libraries, which is convenient for researchers

to develop their calculation programs. We run all scripts and perform performance data

analysis on Taiwania3.
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Chapter 4 Results

4.1 Benchmarking HLA genotype by HPRC short read
WGS dataset

In our study, the HPRC dataset served as an invaluable resource. This extensive

dataset covers various data types, such as HIFI-read, WGS, and panel data. As one of the

most accessible datasets, it played a crucial role in our research on the correlation between

KIR-HLA pairs and different phenotypes. I want to express our heartfelt thanks to Dr. Pei-

Lung Chen’s Lab, with a special shout-out to Sheng-Kai Lai for their help with the HPRC

panel data, HLA typing, and generating panel consensus data.

We utilized various tools for the panel and WGS datasets, such as VB-seq, HISAT-

genotype, T1K,DRAGEN, andQZtype(TBGBiotechnologyCorp., Taiwan http://www.

tbgbio.com/en/product/product_analysis_software). Each tool has its unique

features and capabilities, depending on the versions and alignment methods used and the

IPD-HLA database versions they reference. To comprehensively understand these tools,

we have compiled all the relevant information in Table 4.1. This table is a comprehensive

summary detailing each tool’s distinctive features and literature.

Table 4.1 is for a brief overview of these tools. For instance, the HLA-VBseq and

HISAT-genotype tools present different versions and publication years, and they refer to

other reference genomes for their function. They also diverge in the alignment method -

with the former using linear alignment and the latter leveraging graph alignment. How-

ever, they refer to different IPD-HLA database versions. Notably, the HISAT-genotype

includes HLA alternative contigs in its reference genome, enhancing the accuracy of its

results. The other tools in the table also have unique characteristics, such as different

alignment methods, reference genomes, and IMGT/HLA database versions. This diver-

sity in the tools and their features underpins the careful selection and application of these

tools fitting to the requirements of the data sets.
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Table 4.1: The Principal HLA Typing Tools Employed.

Our research adopted a comprehensive approach to analyzing HLA typing tools, cul-

minating in selecting T1K and HISAT-genotype tools for HLA typing on Taiwanese indi-

viduals (Figure 4.1). This selection process employed a systematic comparison of HLA

typing tools’ performance, using data categorized into two types: WGS and panel data.

A consensus from the panel was established as the answer key to evaluate individual

tools’ accuracy. We depicted the specificity and limitations of these tools in Figure 4.1a

and Figure 4.1b. Figure 4.1a represents a comparison not excluding tools that could not

type certain genes or samples. An evident example is the DRAGEN tool, which could not

type out HLA-DPA1 and HLA-DPB1.

Contrastingly, the figure of fig:17b includes these limitations. Due to this inclusive

approach, the figure exhibits higher accuracy rates for some tools, marked by having NaN

values, which are any un-typable or non-callable alleles excluded from the dataset. This

analysis leads to different denominators for each tool’s accuracy rate. Under standard

conditions, as shown in Figure 4.1a, each tool should have an expected denominator of

704 (calculated from 2 alleles per gene x 8 genes x 44 samples). However, in Figure 4.1b,

the denominators differ among tools due to their limitations. For instance, the denominator

is 690 for ’wgs_consensus,’ 504 for ’panel_DRAGEN,’ 516 for ’wgs_DRAGEN,’ and 692

for ’panel_Qztype.’ These values reflect each tool’s maximum typing ability under given

limitations.

The selection of T1Kwas based on a comparative analysis considering its capabilities
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and limitations, as well as the ’panel_consensus’ results. Although slightly inferior in

terms of outcomes, HISAT-genotype was also chosen. Both T1K and HISAT-genotype

are accurate and have comprehensive typing capabilities, which increases the reliability

of our study.

• For Figure 4.1a, the accuracy percentage was calculated differently, considering the

tool’s limitations in calling certain genes:

Accuracy = Number of correct alleles determined by the tool
Total number of correct alleles according to the panel consensus

This calculation shows the percentage of alleles the tool correctly identified com-

pared to the panel consensus.

• For Figure 4.1b, the accuracy percentage was calculated using the following for-

mula:

Accuracy = Number of correct alleles determined by the tool
Total alleles after removing non-callable alleles by the tool and correct alleles according to the panel consensus

This calculation provides a more realistic accuracy percentage, considering the typ-

ing limitations of each tool.

These accuracy measures allowed us to evaluate the typing tools in different sce-

narios, providing comprehensive insights into their performance.

Our comprehensive analysis showed that certain tools had higher accuracy rates when

non-typable or non-callable alleles were excluded from consideration. This understand-

ing led to a more comprehensive evaluation of each tool under different scenarios and

challenges they might encounter in actual research applications.

T1K and HISAT-genotype proved to be the most optimal tools in our study due to

their superior accuracy and comprehensive gene typing capabilities. With their remarkable

performance, even considering the limitations in typing, these tools have shown great

potential for performing reliable and complete analyses for future studies.

In conclusion, our comparative analysis provides valuable insights into applying

HLA gene typing tools in different contexts. Given their consistent and commendable

performance, T1K and HISAT-genotype were selected as the tools of choice for analyzing

the TWB WGS data.
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(a) HPRC 44 Samples After Dropping NaN Values.

(b) HPRC 44 Samples with NaN Values.

Figure 4.1: Comparison of HPRC Tools in Two HLA Fields.
It reflects the findings from our meticulous summary of the HPRC typing results, which
ultimately facilitated the selection of T1K and HISAT-genotype as the preferred tools for
HLA typing in Taiwanese individuals. The choice was made considering the accuracy,
alignment with consensus results, and overall performance demonstrated by these tools.
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Evidence-based medicine (EBM) forms the basis of today’s medical practice (Lebe-

dev et al., 2020). EBM optimizes patient care decision-making processes by advocating

a systematic approach to identifying the most reliable evidence from scientific research.

While all academic work is supported to some degree by empirical evidence and exhibits

varying degrees of scientific rigor, EBM places this work into a hierarchical categorization

based on the strength of its underlying evidence.

This study focuses on exploring the concept of EBM and, in particular, examining

the highest levels of evidence, namely 1A, 2A, and 2B. The investigation includes the

analysis of HLA risk alleles using data from clinical variants provided and curated by

PharmGKB (as of June 5, 2023). The original data source comprises information from

1492 individuals in the TWB of T1k.

Examination of this extensive data revealed different patterns of risk allele prevalence

(Figure 4.2. Of the Taiwanese individuals, 1,377 had at least one risk allele. This result

corresponds to a high prevalence rate of 0.923, a considerable percentage of the population

(Table 4.2). When examining level 1A evidence among individuals, we found that 423

individuals had at least one 1A risk allele, corresponding to a prevalence of 0.284 (Table

4.3). Among the 1A risk alleles, HLA-B*58:01 had the highest prevalence, accounting

for 12.567% of 1A risk alleles in the population (Figure 4.3).

We also wanted to categorize these risk alleles according to their level of evidence

and associate them with different substances and medications with which they are associ-

ated (Figure 4.4). The result is a comprehensive classification of the influence of differ-

ent risk alleles on drug sensitivity, which could be invaluable for personalized medicine.

For example, the most common risk allele, HLA-B*40:01, showed evidence of stage 2A

and was associated with carbamazepine. It accounts for an impressive 18.901% of the

Taiwanese sample. Similarly, HLA-A*33:03 and HLA-C*03:02 (each with level 2B evi-

dence) showed significant associations with allopurinol, with frequencies of 13.237% and

12.567%, respectively. The frequently occurring HLA-B*58:01 (evidence level 1A) was

also associated with allopurinol, with a frequency of 12.567%.

The risk alleles show strong and frequent associations with different substances and

medications. Our study provides a comprehensive investigation of Taiwanese individuals

who have a minimum of the described risk alleles. The study is based on the principles of

37

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

EBM and uses data from 1492 individuals from the TWB, reflecting a remarkably high

prevalence rate.

Table 4.2: Distribution of Risk Alleles Among Taiwanese Individuals.

At least $num
risk allele People Frequency

1 1377 0.923
2 955 0.640
3 422 0.283
4 233 0.156
5 66 0.044
6 34 0.023
7 1 0.001

Table 4.3: Distribution of 1A Risk Alleles in the Taiwanese Population

At least $num
1A risk allele People Frequency

1 423 0.284
2 63 0.042
3 0 0.000

Figure 4.2: Comparison of 1A,2B,and 2A counts.
It graphically represents the variation in the likelihood of 1A, 2B, and 2A risk allele counts
within the TWB. This distribution offers pivotal insights into the prevalence and impact
of various risk alleles on the Taiwanese population’s health.
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Figure 4.3: Distribution of Risk Allele Probabilities in the TWB.
The distribution of risk allele probabilities among individuals in the TWB. The x-axis
represents different alleles, while the y-axis illustrates their frequencies. Alleles falling
under category 1A evidence are distinctively marked with an asterisk.

Figure 4.4: Comparative Frequency of HLA Risk Alleles across Different Levels of Evi-
dence Linked to Specific Chemicals.
It provides a comparative visualization of the frequency of HLA risk alleles across dif-
ferent evidence levels (1A, 2A, 2B) associated with particular chemicals. The x-axis rep-
resents different chemicals, while the y-axis highlights their frequency. Each chemical
displays stacked categories of 1A, 2A, and 2B evidence levels, offering an inclusive view
of their distributions.
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4.2 Designing WGS-based KIR genotyping protocal

Processing the complexity and diversity ofKIR genes is crucial formany immunogenomic

studies. Nevertheless, the complexity and diversity of KIR genes can make this particu-

larly challenging, requiring the most optimal KIR typing tool.

Our research aims to identify the most appropriate tool for KIR typing in TWB for

WGS. To compare KIR typing tools, we used the table 4.4, which provides a compre-

hensive overview of different tools, including PING, Sakaue KIR (Sakaue et al., 2022),

T1K(Song et al., 2022), capKIR and graphKIR. The table contains information about the

alignment tools, the sample level (per sample or cohort), the reference genome, the IPD-

KIR version, the detectability of new alleles, the typing level (CN, allele digit), and the

source information.

Each tool has its characteristics. For example, PING uses a manual threshold method

where the user has to set a threshold and then determine the CN based on the read depth

distribution. As for identifying novel alleles, our results show that each tool currently has

limitations and cannot recognize such alleles. It was also found that these limitations make

it difficult to identify missing or fused alleles.

The results presented fromKIR typing tools suggest that the findings at the copy num-

ber level are considered the most reliable. As a result, in our research, we chose to delve

deeper with capKIR, a tool developed by Dr. Ya-Chien Yang’s lab, and graphKIR, con-

tributed by Hong-Ye Lin from Dr. Chien-Yu Chen’s lab. Additionally, we have a bench-

mark from the HPRC dataset that we applied and the KIR answer provided by SKIRT, a

tool originating from Tsung-Kai Hung of Dr. Pei-Lung Chen’s lab (Hung et al., 2023).

A key feature of capKIR is its exon selection capability. Although capKIR requires

manual threshold adjustment, it provides a standardized value after correction byWan-Chi

Liu from Dr. Ya-Chien Yang’s lab so manual threshold adjustment may be unnecessary.

On the other hand, the strength of graphKIR lies in its algorithm, which bases the data

analysis on the 75th percentile of the read depth distribution, allowing a more comprehen-

sive analysis of the data.

We used capKIR and graphKIR individually and in combination (capKIR+graphKIR)
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for KIR typing on two data types: WGS and panel data, as shown in Figure 4.5. The table

contains the CN errors detected by each tool on both data types. The table’s blank indi-

cates that the corresponding tool is not used to analyze this data type. The results showed

that graphKIR had 4 CN errors in WGS data and 97 CN errors in panel data (Table 4.5).

In the WGS data, capKIR +graphKIR had 165 CN errors. capKIR had 6 CN errors in the

panel data.

The results of these extensive tests suggest that the performance of each tool varies

depending on the data type used. GraphKIR performed significantly better on WGS data,

while capKIR was the better choice for panel data and had fewer CN errors. These ob-

servations suggest that proper tool selection tailored to the data type is crucial for reliable

KIR typing and achieving better results in genomics research. We therefore conclude that

graphKIR is suitable for WGS data, while capKIR is more suitable for panel data for KIR

typing and provides better results.

Table 4.4: Comprehensive Comparative Overview of KIR Typing Tools

Table 4.5: KIR Typing Results of graphKIR, capKIR, combine version in WGS and panel
type on HPRC Datasets.

graphKIR capKIR+graphKIR capKIR
WGS 4 165
Panel 97 6
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Figure 4.5: Combining capKIR and graphKIR Schematic Diagram.
It provides a detailed schematic illustration of the integrated process combining the func-
tionalities of both capKIR and graphKIR. It outlines how these two genotyping tools work
together to provide an enhanced and comprehensive method for KIR typing. The diagram
represents how graphKIR’s algorithm design, which analyzes data based on the 75th per-
centile of read depth distribution, blends with capKIR’s unique feature of utilizing exon
selection. This combination results in a more accurate and reliable KIR typing process.

4.3 KIR copy number typing in TWB

We employed graphKIR to analyze 1,492 samples from the TWB to evaluate the CN

of KIR genes. Through careful data evaluation, we aimed to provide a full picture of CN

distribution and its link to different KIR genes.

As shown in Figure 4.6, our findings highlight CN values’ wide range and variability

for each KIR gene. Each CN’s different densities and prevalence across the TWB samples

underscore the Taiwanese population’s genetic diversity and unique makeup.

Further analysis of the four commonly occurring KIR genes, known as framework

genes, helps to reveal haplotype prevalence (Figure 4.7). Notably, the genes from the

A haplotype appeared more frequently, especially when looking at total CN counts. In

contrast, genes from the B haplotype were less common. Therefore, the genetic variety of

the Taiwanese population involves a significant prevalence of A haplotype genes.

The collective genotyping results from using graphKIR on the 1492 TWB samples

allowed us to conduct a more detailed analysis of AA, BB, and BX haplotypes (Figures

4.8 and 4.9). We classified ’3DL1’ and ’2DS4’ as representative of the A haplotype and

’2DS2’, ’3DS1’, ’2DL5’, ’2DS3’, and ’2DS5’ as representatives of the B haplotype. The

distribution of these haplotypes shows that nearly half (49.7%) of the total results belonged
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to the AA haplotype. The BX haplotype was also quite prevalent, making up 45.7% of

the total, while the BB haplotype formed a smaller part of the results at 4.6%.

By focusing on the CN values and corresponding gene counts of these haplotypes,

we gained a deeper understanding of the KIR gene landscape (Figures 4.10 4.11 4.12).

For instance, Figure 4.10 provides an in-depth look at the AA haplotype’s gene counts

and compositions. Similarly, Figures 4.11 and 4.12 display the BB and BX haplotypes,

respectively.

The culmination of these analyses, visualized, offers key insights into the genetic

diversity and complex interplay of the KIR genes within the Taiwanese population, laying

the groundwork for more refined and targeted genetic research in the future (Table 4.6).

Edit original text Accept, and next Reject and next Undo Accept allReviewTo assess the

copy number (CN) of KIR genes, we used graphKIR to analyze 1,492 samples from the

TWB, a large and diverse source of genomic data. Through careful data analysis, we

aimed to create a complete picture of CN distribution and its association with different

KIR genes through detailed data analysis.

As shown in Figure 4.6, our results demonstrate the wide range and variability of CN

values for each KIR gene. The different densities and prevalences of each CN in the TWB

samples emphasize the Taiwanese population’s genetic diversity and unique composition.

Further analysis of the four common KIR genes, known as frame genes, helps to re-

veal haplotype prevalence (Figure 4.7). It is noticeable that the A haplotype genes are

more common, especially when considering the total number of CN. In contrast, genes of

the B haplotype were less frequent. Thus, the genetic diversity of the Taiwanese popula-

tion includes a significant prevalence of haplotype A genes.

The collective genotyping results from using graphKIR on the 1492 TWB samples

allowed us to analyze the AA, BB, and BX haplotypes in more detail (Figures 4.8 and

4.9). We classified ’3DL1’ and ’2DS4’ as representatives of the A haplotype and ’2DS2’,

’3DS1’, ’2DL5’, ’2DS3’ and ’2DS5’ as representatives of the B haplotype. The distribu-

tion of these haplotypes shows that almost half (49.7%) of the total results belonged to

the AA haplotype. The BX haplotype was also quite widespread, with a share of 45.7%,

while the BB haplotype accounted for a smaller proportion of the results with 4.6%.

43

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

By focusing on the CN values and corresponding gene counts of these haplotypes,

we gained a deeper understanding of the KIR genetic landscape (Figures 4.10 4.11 4.12).

For example, Figure 4.10 provides a detailed insight into the number and composition of

AA haplotype genes. Similarly, figures 4.11 and 4.12 show the BB and BX haplotypes,

respectively.

These analyses provide important insights into the genetic diversity and complex

interplay of KIR genes within the Taiwanese population. It forms the basis for future

refined and targeted genetic research (table 4.6).Copy
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(a)

(b)
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(c)

(d)

Figure 4.6: Distribution of Copy Numbers for Each KIR Gene.
Figures (a), (b), (c), and (d) present graphical representations illustrating the distribution
and density of Copy Numbers for each KIR Receptor gene. These visualizations offer a
clear and detailed overview of the variation and prevalence of different KIR genes within
the analyzed sample set.
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Table 4.6: Distribution of KIR gene copy numbers in a cohort of 1492 individuals from
TWB.

0 1 2 3 4
3DL3 0 0 1492 0 0
3DL2 0 0 1492 0 0
2DL4 0 44 1395 49 4
3DP1 0 45 1394 49 4
2DL1 8 589 839 54 2
2DL2 1091 372 29 0 0
2DP1 11 273 1183 24 1
2DS1 622 861 9 0 0
2DS4 72 459 961 0 0
2DS5 1132 329 31 0 0
2DL3 30 373 1089 0 0
2DL5 864 526 92 10 0
2DS2 1093 369 30 0 0
2DS3 1163 310 18 1 0
3DL1 69 459 964 0 0
3DS1 961 455 73 3 0

Figure 4.7: Sorted Total Counts of KIR Genes Across Individuals.
It offers a detailed visualization of the total count for each KIR gene across the 1492 indi-
viduals. The X-axis represents each KIR gene, while the Y-axis denotes the corresponding
total count across the individuals. The figure is constructed with the genes sorted in an
ordered manner based on their prevalence, providing a clear picture of the distribution and
abundance of different KIR genes in the analyzed population.
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Figure 4.8: Sorted Composition of AA, AB, and BX Haplotypes among TWB Samples.
It presents a histogram that depicts the count of different KIR haplotypes - AA, AB, and
BX, among the 1492 TWB samples. The Y-axis represents the size, indicating the number
of each specified KIR haplotype. The haplotypes are visualized in sorted order, showing
their relative abundance within the genotyped population.

Figure 4.9: Proportional Representation of AA, AB, BX Haplotypes among TWB Sam-
ples.
It offers a pie chart displaying the proportional representation of the AA, AB, and BX
haplotypes observed within the TWB samples. This graphical representation offers an
immediate and understandable visualization of the distribution of these haplotypes in the
given population.
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Figure 4.10: Genotyping Results for the AA Haplotype.
It provides a comprehensive analysis of the AA haplotype, focusing on the corresponding
KIR gene counts and haplotypes. It offers a clear visualization of the variations within the
AA haplotype, providing pivotal information on the diversity and prevalence of specific
KIR genes.

Figure 4.11: Genotyping Results for the BB Haplotype.
It mirrors the analysis done for the AA haplotype but focuses on the BB haplotype. This
figure delivers a detailed examination of the BB haplotype, illustrating the distinct KIR
gene counts and haplotypes within this category.

49

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

Figure 4.12: Genotyping Results for the BX Haplotype.
It depicts the genotyping results for the BX haplotype, similar to the previous figures for
AA and BB haplotypes. It underscores the variations within the BX haplotype, demon-
strating the KIR gene counts and different haplotypes within this group.
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4.4 Taiwanese KIR gene frequency information in Allele
Frequency Net Database (AFND)

We have diligently collected data from various reputable sources, starting with our

web crawl of the AFND. This database provides access to seven datasets rich in gene

frequency information. Furthermore, we have acquired an additional dataset focusing ex-

clusively on 3DS1 allele frequencies by sequencing in AFND databases. Each dataset

relates to a specific subpopulation, contributing to our cohort’s overall diversity and com-

pleteness.

Table 4.7 documents information relevant to the web crawler utilized in the study.

It includes the database used, the sources of literature reviewed, the KIR gene detection

methodology, and the labeling of the x-axis in the derived graph. Table 4.7 offers an

organized overview of the behind-the-scenes data collection and processing elements that

contribute to the subsequent analysis and visual representation of the findings in the study.

Furthermore, we have integrated data from two studies conducted by Taipei Medical

University Chou et al., 2020 and Chang Gung UniversityWang et al., 2017, encompassing

four different sub-populations, as well as being documented in the table.

The gene frequency data primarily originated from assays that utilized sequence-

specific oligonucleotide probes (PCR-SSOP) or sequence-specific primers (PCR-SSP).

Notably, the TWB100 dataset provides valuable insights into KIR gene frequency and is

based on the analysis of 100 samples from the TWB, employing PCR-SSP. This dataset

was generated in Dr. Ya-Chien Yang’s laboratory, which is affiliated with the Graduate

Institute of Clinical Laboratory Sciences and Medical Biotechnology at National Taiwan

University.

In addition, the TWB1492 dataset represents KIR gene frequency data from 1492

samples within the TWB, and this information was derived using graphKIR software.

Figure 4.13 shows that the KIR genes 2DL1, 2DL3, 3DL1, 2DL4, 2DP1, 3DL2,

3DL3, and 3DP1 each have a gene frequency of 80-100% in the analysed libraries. An

exception to this pattern was observed for the KIR gene 2DL1 in the K96 database, which

occurs in 65.6% of the Taiwanese KIR(K96) subpopulation, including normal people who
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do not select race. Its frequency is significantly lower than that of other databases. This

discrepancy may be due to differences in the population or may be due to the timing of

the study and the use of PCR-SSP technology when the study was written.

Figure 4.14 shows a visual representation of the gene frequency of certain KIR genes

- 2DL5, 2DS3, 2DS5, 2DS1, 2DS2, 2DL2, and 3DS1 across multiple databases. Each KIR

gene has a gene frequency of less than 80

In Figure 4.15, we see unique cases with the KIR genes 3DS1 and 2DS4. The 3DS1

KIR allele was originally identified using sequencingmethods. The results were converted

from allele frequency to gene frequency to allow consistent comparison at the same level

with gene frequency. For the Taiwanese population, we corrected the allele frequency

to gene frequency for 3DS1 and added a corresponding bar (pink color) to the figure for

clarity.

The gene frequency for 2DS4 is shown differently due to its partial and completely

deleted forms. The frequency representation for 2DS4 in the figure follows the original

representation method from the parent paper for consistency and to emphasize its unique

genetic changes. This visual representation captures the nuanced dynamics of these KIR

genes within the population under study.

Our data collection includes a variety of sources that allow a comprehensive study

of KIR gene frequencies in different subpopulations. This will enable us to analyze the

differences in gene frequencies for each KIR gene in different subpopulations.

Overall, our results correct the current KIR gene frequencies and provide all KIR-

associated comparisons in Taiwan, revealing a distinct range of KIR gene frequencies

within this population. In addition, we extended our study by analyzing 100 TWB samples

using PCR-SSP and evaluating 1,492 TWB samples using graphKIR. Comparisons of

gene frequencies in different subpopulations were also performed to validate our results

indirectly.

52

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

(a) 3DL3 (b) 3DL2

(c) 2DL4 (d) 3DP1

(e) 2DL1 (f) 2DP1
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Table 4.7: Recorded KIR Gene Information Sourced from the AFND and Relevant.
DB name Sample Size Alternative name Paper Source Method Population Source

Taiwan Ami KIR 40 A40 AFND[A] SSOP Amis
Taiwan Hakka KIR 40 H40 AFND[A] SSOP Hakka

Taiwan Han KIR pop 2 59 P2_59 AFND[A] SSOP Normal person
Taiwan Han KIR pop 3 48 P3_48 AFND[A] SSOP Normal person
Taiwan Han KIR pop 4 97 P4_97 AFND[B] SSP Normal person

Taiwan KIR 96 K96 AFND[C] SSP Normal person
Taiwan Taroko Atayal KIR 42 T42 AFND[A] SSOP Taroko Atayal

EMSN 117 EMSN117 [A] SSOP Normal person

EMSP 147 EMSP147 [A] SSOP Patient
Endometriosis

ASN 952 ASN952 [B] SSP Normal person

ASP 653 ASP653 [B] SSP Patient
Ankylosing Spondylitis

TWB 100 TWB100 YQ Lab SSP Taiwan Biobank
Taiwan Han KIR 157 Han157 AFND[D] Sequencing Normal person

1 SSOP: Sequence-Specific Oligonucleotide Probe
2 SSP:Sequence-Specific Primer
3 AFND[A]:Single et al., 2007
4 AFND[B]:Wu et al., 2009
5 AFND[C]:Yen et al., 2006
6 AFND[D]:Norman et al., 2007
A [A]: Wang et al., 2017
B [B]: Chou et al., 2020

(g) 2DL3 (h) 3DL1

Figure 4.13: High Gene Frequency of Selected KIR Genes.
It provides a graphical representation depicting the gene frequency for specifiedKIR genes
- 2DL4, 3DL2, 3DL3, 3DP1, 2DL1, 2DL3, 2DP1, and 3DL1 within the sample set. Each
gene exhibits a high frequency of 80-100%, indicating their widespread presence and pos-
sible significance within the analyzed population. The visualization offers a comprehen-
sive overview, highlighting the genes with high prevalence rates, and serves as a pivotal
insight into the genetic makeup of the studied population.
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(a) 2DL2 (b) 2DL5

(c) 2DS1 (d) 2DS2

(e) 2DS3 (f) 2DS5
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(g) 3DS1

Figure 4.14: Lower Gene Frequency of Specific KIR Genes.
It presents a detailed visualization of the gene frequency for selected KIR genes - 2DL5,
2DS3, 2DS5, 2DS1, 2DS2, 2DL2, and 3DS1within the analyzed sample set. Each of these
genes presents a gene frequency of less than 80%, indicating their varying presence in
the studied population. The figure provides valuable insights, emphasizing the genes with
lower prevalence rates, and contributes to a comprehensive understanding of the diversity
and distribution of KIR genes in the observed population.

(a) 2DS4 (b) 3DS1

Figure 4.15: Unique Frequency Representations for 3DS1 and 2DS4.
It presents a distinctive gene frequency representation for KIR genes 3DS1 and 2DS4. This
figure offers a comprehensive view of the specific gene frequency conversions and rep-
resentations utilized for these two genes, providing insights into their variations. Unique
gene frequency presentations for 3DS1 and 2DS4 give the study a nuanced perspective on
the diversity and distribution of these KIR genes within the analyzed population.
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4.5 Analyzing KIR-HLA pair frequencies

The relationship between HLA and KIR genes is crucial in immune function and

responses. In this study, we examined the frequencies of HLA-KIR combinations in the

TWB dataset to gain insights into their prevalence and potential implications for human

health. We focused on HLA alleles, excluding combinations involving KIR pseudogenes

and framework genes. This approach ensured the accuracy of the data by considering only

functional KIR genes.

By analyzing the frequencies of HLA (HISAT-genotype) and KIR pairs, we inves-

tigated 1,474 pair combinations, as illustrated in Figure ??. This visualization provides

a clear understanding of the distribution of pair frequencies. Notably, the most common

HLA Class I combination is KIR2DL1_A*11:01, accounting for 44.37% (654/1474) of

cases, closely followed by KIR2DL1_C*07:02 at 35.41% (520/1474). Among Class II

combinations, KIR2DL1_DPA1*02:02 is the most prevalent, with a frequency of 80.66%

(1189/1474), followed by KIR2DL1_DPB1*05:01 at 62.07% (915/1474).

Looking at HLA (T1K)-KIR combinations, as depicted in Figure 4.17, the most fre-

quent HLA Class I combination is KIR2DL1_A*11:01, comprising 44.50% (664/1492) of

total combinations. Notably, KIR2DL1_C*07:02 closely follows with an occurrence of

35.72% (533/1492). Among Class II combinations, KIR2DL1_DPA1*02:02 is the most

frequently observed at 80.56% (1202/1474), and KIR2DL1_DPB1*05:01 is the second

most prevalent at 66.69% (995/1492).

The detailed visualization of HLA-KIR pairs and their frequency distributions (Fig-

ures 4.16 and 4.17) contributes to our understanding of population-based HLA-KIR com-

binations. The analysis of HLA-KIR pair frequencies using both T1k andHISAT-genotype

produced similar results, proving the robustness of this comparison. WhileHISAT-genotype

could type out 1,474 samples, T1k could handle all 1,492 samples, highlighting the T1k’s

broader reach in this analysis. Despite this difference in sample handling, the gene rank-

ings for T1k and HISAT-genotypes reflected significant consistency.

Our analysis using T1k and HISAT-genotype methods documents a largely consistent

HLA-KIR gene pairing pattern across the Taiwanese population. This correlation makes
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our data more reliable and provides strong evidence for understanding the prevalent HLA-

KIR combinations in the Taiwanese cohort.
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(a) HISAT-genotype classI

(b) HISAT-genotype classII

Figure 4.16: HLA (HISAT-genotype) Combinations With KIR Frequencies.
It offers a comprehensive visual representation of the combinations of HLA (HISAT-
genotype) with KIR genes and their corresponding frequencies. The X-axis represents
the unique combinations of KIR with HLA, while the Y-axis denotes the respective fre-
quencies as a percentage for these pairings. With 1474 instances considered, the visual-
ization employs a color-coding scheme to signify the counts of each specific KIR-HLA
combination, facilitating an easier understanding of their prevalence.
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(a) T1k classI

(b) T1k classII

Figure 4.17: HLA (T1K) Combinations With KIR Frequencies.
It provides a graphical overview of HLA (T1K) combinations with KIR genes and their
associated frequencies. The X-axis showcases the combinations of KIR with HLA, while
the Y-axis illustrates their frequencies as a percentage. A color gradient represents the
counts of each unique combination out of 1492 instances. This pictorial presentation ef-
ficiently conveys the prevalence of specific KIR-HLA combinations within the analyzed
data.
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4.6 Studying the association ofKIR-HLA(T1K) pairswith
multiple phenotypes using Association Studies

Association studies provide a thorough approach that can probe the possible influence

of genetic variation on various diseases simultaneously and on a large scale. These stud-

ies often focus on the involvement of genetic factors, like KIRs and their corresponding

HLAs, in immune responses and the associated risks for various diseases. These KIR-

HLA(T1K) pairs play critical roles in controlling our immune responses, and changes in

their interactions are tied to susceptibility to multiple diseases. Therefore, our research

utilized association studies to investigate the relationship between KIR-HLA(T1K) com-

binations and specific traits to illuminate the genetic basis of different conditions.

To enhance the accuracy of our study, we analyzed the TWB dataset using a logistic

regressionmodel. We included KIR-HLA(T1K) combinations and their associated pheno-

types in the analysis. Gender and age were also considered variables to address potential

confounding factors and better understand the relationship between KIR-HLA(T1K) com-

binations and individual phenotypes.

The study included minor positive counts above 15 to ensure accurate analytical find-

ings. This approach provides the representation of at least 1% of the population and ex-

cludes extremely rare alleles. By doing so, the analysis avoids any potential bias and

maintains the reliability and relevance of the results.

The phenotypes analyzed in this study spanned a vast spectrum, including but not

limited to anti-HCV AB, HBsAg, HBeAg, anti-HBs AB, anti-HBc AB, HbA1C, diabetes,

gout, allergies, and asthma 4.18. This wide-ranging phenotype inclusion enables a com-

prehensive overview of the implications of KIR-HLA(T1K) combinations on various as-

pects of an individual’s health.

Findings from this study include the use of logistic regression models for 31 phe-

notypes. These models were validated for accuracy using log-likelihood ratio (LLR)

p-value testing, a widely accepted statistical tool to confirm the model’s fit to the pre-

sented data. The identified top 20 KIR-HLA(T1K) combinations with the most signif-

icant associations were visualized to make understanding the major associations easier.
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These graphical presentations aid in identifying KIR-HLA(T1K) combinations that sig-

nificantly impact various phenotypes (Figure 4.19). For instance, when considering the

phenotype ANTI_HBC_AB, we can observe the log-transformed p-value from the y-axis

while the x-axis displays alleles that have passed the LLR test. For ANTI_HBC_AB,

the leading allele is DPB1*107:01_1_KIR2DL4_2, demonstrating a highly significant

association with a p-value of 0.00041. These observations indicate that the KIR-HLA

combination DPB1*107:01_1_KIR2DL4_2 plays a substantial role in the expression of

ANTI_HBC_AB, reinforcing the importance of both KIR-HLA combinations and genetic

factors in health and disease.

Our methodology has successfully uncovered the intricate connection between KIR-

HLA(T1K) pairs and various individual traits. These discoveries enhance our understand-

ing of how genetic factors impact disease risk and can help shape future research endeav-

ors.

I want to thank everyone who has helped with this research and made it possible.

I am grateful for the hard work of those who provided the datasets used in this study.

For more information on our study’s methodology, please visit our GitHub repository at

https://github.com/Ritabear/all_kir_hla.

Refinement of this thesis through ChatGPT (OpenAI, 2023).
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Figure 4.18: Phenotype and their LLR Test Outcomes.
This table provides a comprehensive comparison between column names and their cor-
responding phenotypes. It also includes information on whether or not each phenotype
passed the Log-Likelihood Ratio (LLR) test for model accuracy. This extensive overview
aids in understanding the potential impacts of various KIR-HLA(T1K) combinations on
different aspects of an individual’s health.

(a) ANTI_HBC_AB (b) CERVICAL

(c) DYS (d) ENDO
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(e) HBEAG (f) MYO

(g) OVA

Figure 4.19: Phenotypes are passing the LLR P-Value Test.
This figure displays the significant associations between KIR-HLA(T1K) combinations
(shown on the X-axis) and various phenotypes that pass the LLR p-value test for model
accuracy. The Y-axis represents the negative logarithm of the p-value from the logis-
tic regression for each combination, which allows for an easier visual interpretation of
the significance level. A higher value on the Y-axis denotes a smaller p-value, indi-
cating a stronger association. Of all the combinations under investigation, phenotypes
ANTI_HBC_AB, CERVICAL, DYS, ENDO, HBEAG, MYO, and OVA successfully
passed the verification for model accuracy. This advancement enhances the reliability
and credibility of the logistic regression’s p-values for these phenotypes.
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(a) GERD (b) CORONARY_ARTERY

Figure 4.20: Phenotypes Not Passing LLR P-Value Test.
This graph illustrates the KIR-HLA(T1K) combinations linked with phenotypes that did
not meet the significance level in the LLR p-value test for the accuracy of the logistic
regression model.
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(a) Association Study Results Without LLR P-value Filter

(b) Association Study Results With LLR P-value Filter

Figure 4.21: Comparative Association Study Results with and without LLR P-value Fil-
ter.
Impact of LLR P-value Filtering on Genotype-Phenotype Associations: This figure dis-
plays association study results, evaluating associations between various genotypes (KIR,
HLA, KIR-HLA combinations) and a wide range of phenotypes. Figure 4.21a demon-
strates an unfiltered snapshot of these associations, depicting the preliminary landscape
of genotype-phenotype interactions. Conversely, Figure 4.21b presents a more stringent
view by applying an LLR p-value filter, zeroing in on the seven phenotypes with statistical
significance.
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Chapter 5 Discussion

5.1 Discussion

This study explored Taiwanese KIR gene frequencies, inspected HLA-KIR pairings,

and analyzed their potential associations with a broad range of individual phenotypes.

While this study offers substantial insights, various areas could be elaborated on, im-

proved, or clarified.

5.1.1 Challenges with AFNDWeb Crawler Data Collection

The primary data collected from the AFND, largely based on SSOP and SSP, is a

critical cornerstone of our research. However, the performance of these methodologies

is inherently dependent on specific primers used, which can introduce variations arising

from different laboratory protocols. Additionally, certain KIR genes appear underrepre-

sented or absent in some datasets. This challenges making comprehensive conclusions

and comparative studies across diverse populations presents a challenge.

Another point worth discussing is the evident discrepancy in KIR gene frequency,

particularly for KIR gene 2DL1. As illustrated in Figure 4.13 and 4.14, this gene demon-

strates a significantly lower frequency in the K96 database than others. This divergence

could be attributed to genuine genetic variations, differences in sample collection, or

methodology issues related to this gene’s specific detection. Understanding this discrep-

ancy could necessitate additional research or a more detailed overview of the methodolo-

gies originally employed in data collection.

5.1.2 Limitations and Strategies in Genotyping Tools

In examining KIR-HLA interactions, our study relies on computational tools such as

graphKIR and HLA typing tools such as HISAT-genotype and T1K. It is important to note
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that these tools do not guarantee 100% accuracy, especially when dealing with the output

of similar genes such as 2DL1 and 2DS1 or HLA allele typing results.

We strategically focus on CN results rather than allele-level profiles in the graph’s

KIR output to obtain more reliable KIR-HLA combinations. The reason for this decision

is that CN values generally provide higher reliability. The graphKIR pipeline relies on

alignments produced by the HISAT2 graph mapper, which means that limitations inherent

to HISAT2 (such as its inability to handle repetitive elements typically found within the

300-1000bp region of KIR genes) may affect our analysis, resulting in occasional map-

ping errors. The graphKIR does not consider phasing information between different read

pairs, further complicating accuracy. Therefore, graphKIR may be unable to determine

the appropriate allelic variants when the distance between variants exceeds the short read

length. This limitation may lead to mistyping of certain alleles.

Similar uncertainties exist in HLA typing tools (e.g., HISAT-genotype, T1K), where

allelic typing results are not always accurate. We address these nuances despite these

limitations, allowing us to adopt a more informed and precise approach.

5.1.3 Influence of Age and Gender on Genotype-Phenotype Associa-
tions in Taiwanese Population

In our investigation, seven phenotypes, including ANTI_HBC_AB, CERVICAL,

DYS, ENDO, HBEAG, MYO, and OVA, demonstrated significant associations with spe-

cific KIR-HLA(T1K) combinations derived from logistic regression models, as presented

in Figure 4.19.

However, it is interesting to note that the majority of p-values for each phenotype

did not surpass the GWAS stringent p-value threshold of 5 × 10−8, as depicted in the

association study graph (Figure 4.21b). The outcome suggests that while these associ-

ations have statistical significance, the physiological implications may be less profound

than anticipated.

A particular point of consideration is the nationwide implementation of the Hepatitis

B vaccination program in Taiwan since July 1992. The program’s widespread coverage

and effectiveness may have significantly influenced the association of KIR-HLA(T1K)

68

http://dx.doi.org/10.6342/NTU202400244


doi:10.6342/NTU202400244

combinations with Hepatitis B-related phenotypes, rendering age a significant factor. This

aspect could be attributed to less pronounced p-values for genotype-phenotype associa-

tions for Hepatitis B.

Furthermore, five out of the seven significant phenotypes are female-related health

conditions. This observation suggests that gender is important in shaping these associa-

tions, leading to heightened p-values.

Thus, while genotype-phenotype associations were observable and statistically sig-

nificant for certain phenotypes, their physiological impact might be overshadowed by in-

fluential factors such as age and gender. This finding is crucial, as it underscores the need

for a multifactorial approach toward understanding genetic influence on various health

conditions and disease susceptibilities.

Our study demonstrates significant associations between KIR-HLA(T1K) combina-

tions and multiple phenotypes in the Taiwanese population. However, the physiological

implications of these associations may be modulated by confounding factors such as age

and gender, underscoring the complex landscape of genetic influence on health and dis-

ease. This complexity necessitates an integrated examination of various influencing fac-

tors in genetic research to decipher the multi-dimensional nature of genotype-phenotype

correlations.

5.1.4 Considerations and Challenges in Phenotypic Analysis and Ge-
nomic Interpretation

Our research utilized phenotype data from the TWB, a rich resource that encapsu-

lates a wide range of data obtained through direct measurements and questionnaires. The

selection of this data source, while extensively enriching, necessitates the consideration

of potential uncertainties. With questionnaire-based data, the accuracy predominantly re-

lies on the preciseness and reliability of respondents’ inputs, presenting the potential for

pre-embedded error. Subjectivity and inherent bias can contribute to inaccuracies. It thus

becomes critical to navigate the interpretation of such data with due diligence and caution.

The study employed logistic regression to analyze the association between pheno-

types and KIR-HLA combinations. However, it is crucial to acknowledge the statistical
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considerations that inherently accompany this approach. We chose a minor positive count

cut-off at 15 to eliminate excessively infrequent alleles that could skew associations. Still,

this decision simultaneously risks excluding potential genetic variants with true but rare

impacts on certain phenotypes.

The sample size constraint also posed an inherent limitation. Although we referred to

a substantial dataset of Taiwanese individuals, increasing the sample size is almost always

preferable. A larger sample size ensures heightened statistical power, and better popu-

lation representation, enhances the detection of rare alleles, and procures more precise

estimates of allele frequencies.

Overall, these considerations affirm the necessity for meticulous attention to the mul-

tifaceted elements both in the practical aspects of the study and in the interpretational

components. By doing so, we ensure the findings drawn are reliable, valid, and, most

importantly, reflective of the actualities of the complex genomic landscapes.
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Chapter 6 Conclusion

The primary goal of this research is to explore and elucidate the complex charac-

teristics of Taiwanese KIR gene frequencies, their KIR-HLA pair combinations, and the

associations between these pairs and multiple phenotypes in individuals. The study design

leverages a comprehensive dataset and statistical techniques to explore these interactions

and their impacts on individual phenotypes.

We employed a three-pronged approach to fulfill this objective based on potent com-

putational methods and vast empirical data. These facets of the research encompass the

analysis of Taiwanese KIR gene frequencies and KIR-HLA pair frequencies and use lo-

gistic regression to study the relation of these pairs with multiple phenotypes. We employ

a three-pronged approach to fulfill this objective based on potent computational methods

and extensive empirical data. These facets of the research encompass the analysis of Tai-

wanese KIR gene frequencies and KIR-HLA pair frequencies and using logistic regression

to study the relation of these pairs with multiple phenotypes. The analysis of KIR gene

frequencies reveals valuable insights about the KIR genotypic makeup of the Taiwanese

population. Careful analysis of multiple datasets provides a comprehensive understanding

of KIR gene frequencies in Taiwanese populations. Primary data comes from the AFND,

a reputable source of gene frequency information. We further supplement this with ad-

ditional data from two Taiwanese studies at Taipei Medical University and Chang Gung

Memorial University. By including data from Dr. Ya-Chien Yang’s laboratory, we add

different dimensions to our analysis. We also have the TWB1492 dataset, involving a

sample of 1492 individuals within the TWB, analyzed using graphKIR software.

Through exhaustive data collection and precision-enhanced visualization (as shown

in Figures 4.13, 4.14, and 4.15), we successfully plot the frequency distributions of mul-

tiple KIR genes across various subpopulations. Our findings indicate a nuanced diversity

concerning KIR gene distributions, thereby highlighting the genetically unique attributes

associated with different groups within the Taiwanese population.
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We expand our research’s horizon by conducting an in-depth analysis of the associa-

tions between KIR genes and their respective HLA ligands, as depicted in Figure 4.16 and

Figure 4.17. This exploration is undergirded by benchmarking the HLA genotype using

the HPRC as referenced in Figure 4.1. It is clear from the performance tests that the pro-

ficiency of each tool varies depending on the data type used. Notably, graphKIR emerges

as a better performer with WGS data, while capKIR displays fewer CN errors with panel

data. Therefore, depending on the data type, the appropriate tool selection remains crucial

for reliable KIR typing, enhancing the study outcomes.

Moreover, given the tools’ differential performance, we recommend using graphKIR

for WGS data and capKIR for panel data for optimal KIR typing. This customized selec-

tion of tools is pivotal in yielding superior outcomes in genomic research.

Lastly, we conduct an exhaustive association study to study the impact of KIR-HLA

interactions on multiple phenotypes. Methodologically, we leverage logistic regression

tools with inclusion variables such as age and gender, and the logistic regression model is

utilized to enhance the accuracy and interpretability of the obtained results. To improve

the accuracy and validity of our findings, minor allele counts greater than 15 are factored

into the study to ensure the observed results represent at least 1% of the population. In

terms of phenotyping, a comprehensive range of well-distinguished phenotypic features

such as anti-HCV AB, HBsAg, HBeAg, diabetes, gout, arthritis, hypertension, and blood

lipids, among others, are incorporated in our analysis, as depicted in the results table (Table

4.18).

Our study yields extensive data on KIR gene frequencies and their interactions with

HLA alleles in Taiwanese populations. These findings deepen our understanding of these

gene combinations in the context of individual phenotypes and reveal the compelling rele-

vance of these genetic factors in human health and disease. Furthermore, the data collected

in this study provide a solid foundation for subsequent studies to delve into the world of

KIR gene interactions. Comprehensive analysis of KIR gene frequencies, KIR-HLA pair

association, and association study applications highlights the impact of these genes on the

human immune system and disease susceptibility.

Our combined analyses provide a unique piece of this complex puzzle, promoting

a more comprehensive understanding of the vast diversity of the genomic landscape that
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controls human health and disease. Hopefully, this study can provide a useful reference

for future research.
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