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1. Zusammenfassung 

Das Humane Leukozyten Antigen System (HLA) ist eine hochvariable Genkassette auf Chromosom 

6p21, das in vielen Funktionen des Immunsystems eine Rolle spielt. Das HLA ist der am stärksten mit 

chronisch entzündlichen Darmerkrankungen (CED) und dessen Subformen Morbus Crohn und Colitis 

ulcerosa assoziierte Genlokus. Dieser Suszeptibilitätslokus ist genetisch hoch-komplex und 

kennzeichnet sich durch enge Strukturen des Kopplungsungleichgewichts (Linkage Disequilibriums; 

LD), die die Zuordnung kausaler Varianten zum Assoziationssignal erschweren. In vorangegangenen 

Publikationen wurde das HLA Allel DRB1*01:03 als wichtiger krankheitsrelevanter Faktor für CED in 

der kaukasischen Population genannt1. Für den großen Anteil des Assoziationsignals in der HLA 

Region ist eine solche Zuordnung bisher jedoch nicht möglich. Ziel dieser Arbeit war es daher, das 

HLA Signal in CED weiter zu charakterisieren und zu analysieren, ob das starke LD zwischen den HLA 

Genorten HLA-DQ und -DR mithilfe eines ethnienübergreifenden Ansatzes aufgelöst werden könnte. 

Dabei war Fokus dieser Arbeit die Colitis ulcerosa. In Kollaboration mit dem Internationalen 

inflammatory bowel disease (IBD, zu Deutsch CED) Genetik Konsortium, trugen wir einen einzigartigen 

Datensatz bestehend aus Individuen 8 verschiedener Ethnizitäten zusammen, die auf Illuminas 

Immunochip genotypisiert wurden. Da die NGS-basierte Typisierung des HLA für eine große Anzahl 

an Individuen teuer ist, entschieden wir uns für einen Ansatz, der die Herleitung von HLA- Allelen 

(Imputation) ermöglichte. Zunächst erstellten wir eine optimal für unsere Anwendung zugeschnittene 

Imputationsreferenz. Danach imputierten wir die HLA Allele und führten eine Feinkartierung der HLA 

Region über die verschiedenen Populationen hinweg durch. Wir identifizierten genetische 

Risikofaktoren, die ethnienübergreifend geteilt werden und sowohl in der Effektstärke als auch -

richtung korrelieren. Wir ermittelten ganze Allelgruppen, die mit der Colitis ulcerosa assoziiert sind, von 

denen wir die HLA-DRB1*15 Gruppe hervorheben wollen. Durch die Bestimmung von HLA-Haplotypen 

konnten wir die starke Korrelation zwischen verschiedenen Allelen der HLA-DQ und -DR Genorte 

erklären, und sogar gesamte HLA-DQ-DR Haplotypen, die über die Ethnizitäten hinweg geteilt werden, 

identifizieren. Wir zeigten, dass das DRB1*01:03 Allel ein populationsspezifisches Allel ist, welches 

hauptsächlich in Individuen westeuropäischer Herkunft und selten in nicht-kaukasischen Individuen 

vorkommt. Durch die Analyse der physikalisch-chemischen Eigenschaften der HLA Proteine und der 

Analyse von Peptiden, die von diesen HLA Allelen vorrangig gebunden werden, konnten wir außerdem 

die Komplexität des HLA Signals weiter reduzieren und zeigten, dass Risikoallele und protektive Allele 

bezüglich ihrer Eigenschaften und Peptidbindungspräferenzen zusammengefasst werden können. Die 

Ergebnisse dieser Studie dürften auch für andere Forschungsbereiche, im Speziellen der Genetik und 

Peptidomics, sowie auch in Verbindung mit der Analyse anderer Immunerkrankungen, wie zum 

Beispiel Multiple Sklerose und Lepra, die ebenso mit Allelen der HLA-DRB1*15 Gruppe assoziiert sind, 

von Interesse sein.  
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2. Summary 

The human leukocyte antigen (HLA) region is a highly variable gene cassette located on chromosome 

6p21 that is involved in diverse functions of the host-immune system. The HLA is the strongest but 

also the most complex susceptibility locus for inflammatory bowel disease (IBD) and its subforms 

Crohn’s disease (CD) and ulcerative colitis (UC). Tight structures of linkage disequilibrium within this 

highly complex gene locus complicate the identification of causal variants to an association signal. In 

previous publications, the DRB1*01:03 allele was identified as a determining factor for IBD in the 

Caucasian population1. However, for most of the association signal such a delineation was not 

possible. The aim of this thesis was therefore to further characterise the HLA signal and to analyse 

whether tightly linked signals between the HLA-DQ and -DR loci could be resolved using a trans-ethnic 

approach. The focus of this study was UC. To this end, we assembled a unique dataset of individuals 

from 8 different ethnicities in collaboration with partners of the International IBD Genetics Consortium. 

The individuals were typed on lllumina’s ImmunoChip. With NGS-based typing of HLA alleles being 

expensive for a larger number of samples, we opted to inferring HLA alleles using an imputation 

approach. First, we compiled an HLA imputation reference panel specially tailored to our cohorts of 

interests. Next, we imputed HLA alleles and performed HLA fine mapping across the different 

populations. For the first time, we identified genetic factors shared across different ethnicities both in 

effect direction and magnitude. We found whole allele groups that are associated with UC, highlighting 

alleles of the HLA-DRB1*15 group. Using haplotype phasing of HLA alleles, we were able to explain 

the tightly linked signals of the HLA-DQ and -DR loci and showed that there are entire HLA-DQ-DR 

haplotypes shared across different ethnicities. In addition, we identified the previously reported 

DRB1*01:03 as a population-specific signal that is mostly present in individuals of Western European 

descent and hardly present in non-Caucasian individuals. Furthermore, by analysis of physico-

chemical properties of the respective HLA proteins and analysis of peptides that are preferentially 

bound by them, we were able to further reduce the complexity of the signal, showing that risk and 

protective proteins, respectively, share common features both in regard to their chemical properties as 

well as to the peptides they preferentially bind. Our findings should be of broad interest to the research 

community, both to genetics and peptidomics experts also in the context of the analysis of other 

immune-related diseases, for instance multiple sclerosis or leprosy, which are also associated with the 

HLA-DRB1*15 group. 
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3. Overview of main publications 

This thesis has resulted in the publication of one review article and two original research articles which 

have been incorporated into this thesis as Paper A, Paper B and Paper C (for paper references see 

Chapter I). The background and aims, results and conclusions of these papers are described briefly 

below. A more detailed summary of the papers can be found in Chapter 4.1.4 (Paper A), Chapter 5.1 

(Paper B) and Chapter 5.2 (Paper C). 

 

Table 1 – Summary of Paper A, Paper B and Paper C. 

  Paper A Paper B Paper C 

B
a
c
k
g

ro
u

n
d

 a
n

d
 a

im
s

 

This paper is a review paper 
that was written for clinicians 
to give an update on the 
knowledge obtained from 
genetic association studies of 
inflammatory bowel disease 
(IBD). It describes the most 
relevant and most consistent 
findings in IBD in the 
Caucasian population and 
shortly also elucidates to 
knowledge obtained in non-
Caucasian populations.  

HLA reference imputation panels are 
mostly available for Caucasian 
populations. More diverse panels are 
needed in trans-ancestry approaches. 
The aim of this study was therefore to 
construct such a panel using 1,360 
individuals from different populations 
that could be used for accurate HLA 
imputation in Paper C.  

Most of what is known on HLA association with 
IBD has been studied in Caucasian populations. 
Here, causal variants could not be identified 
except for the highly associated DRB1*01:03 due 
to the tight linkage disequilibrium (LD) across the 
HLA region. The aim of this study was therefore 
to investigate whether differences in in LD across 
populations of different ancestries could be 
leveraged to identify causal variants, and the 
characterisation of the HLA signal across 
different ancestries in general. The focus of the 
study was ulcerative colitis (UC). 

R
e
s
u

lt
s

 

A benchmark was conducted using a 5x 
cross validation approach on a subset 
of samples from each of the cohorts 
analysed in Paper C and the 
independent 1000 Genomes 
population. We achieved highly 
accurate results across all analysed 
HLA loci. 

The HLA-DRB1*15 group is associated with UC 
across different ancestries with different alleles of 
the group present in different populations. Using 
a newly developed phasing approach, we were 
able to explain the LD across the HLA further but 
could not identify causal variants. We found that 
the HLA-DRB1*01:03 allele is specific to 
countries linked to the British Empire and that 
peptides binding to the risk HLA alleles are rich in 
lysine and arginine. 

C
o

n
c

lu
s

io
n

s
 

The reference panel can be used in 
diverse populations to predict HLA 
genotypes with high accuracy. 

We developed a new approach for the analysis of 
HLA data in the context of trans-ancestry fine 
mapping. For the first time, we identified how 
potential antigens in the disease may look like. 
We could not identify causal variants due to tight 
LD structures observed within the HLA region 
even across all our analysed populations of 
divergent ancestries. 
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4. Introduction 

In this following chapter, inflammatory bowel disease (IBD) and its related demographic genetic and 

epidemiological aspects are introduced (Chapter 4.1). As the results of this thesis detail analyses 

performed across populations of different ancestries, differences in these aspects regarding ancestry 

are discussed. The introduction continues with an overview of the human leukocyte antigen (HLA), its 

nomenclature and function. Some historical aspects of HLA typing are described (Chapter 4.2). 

Subsequently, databases and tools useful in the analysis of the HLA are introduced. In reference to 

Paper A, studies performed on the HLA in the context of IBD are discussed. This includes the most 

important findings of the largest HLA fine mapping study performed using HLA imputation in the 

Caucasian population (Goyette et al.1). The introduction ends with a description of the most important 

methodologies used in this thesis (Chapter 4.3). 

 

For the description of clinical features of the disease and its treatment, references were taken from the 

book chapters of the 2nd edition of “Molecular Genetics of Inflammatory Bowel Disease”2, publications 

on Crohn’s disease (Crohn’s disease – your guide) and ulcerative colitis (Ulcerative colitis – your guide) 

by the Crohn’s & Colitis UK3,4 and Shi et al.5, which focuses especially on differences across 

populations of different ancestries. Sources used in the other chapters are detailed in the respective 

chapter.  
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4.1. Inflammatory bowel disease 

Inflammatory bowel disease (IBD) is a chronic inflammatory disease of the gut. The disease aetiology 

of IBD is still not completely understood, though research strongly indicates an interplay of genetic 

predisposition and environmental factors, especially related to the gut microbiome (referring to the 

bacterial, fungal and archaeal cells inhabiting the human gut)2,6.  

 

4.1.1. Clinical characteristics of IBD 

IBD can be subdivided into Crohn’s disease (CD) and ulcerative colitis (UC). While manifestations of 

ulcerative colitis are mainly localized to the colon and rectum, Crohn’s disease can extend throughout 

the whole gastrointestinal tract. CD and UC present with different endoscopic findings as detailed in 

Figure 1. 

 

 

Figure 1 – Anatomical & endoscopic differences between Crohn’s disease and ulcerative colitis.  
(I) Crohn’s disease (CD) can affect the whole gastrointestinal tract while ulcerative colitis (UC) is 
restricted to the colon and rectum. Graphic figures are property of the Johns Hopkins university and 
were downloaded from www.hopkinsmedicine.org/inflammatory_bowel_disease_center/about_ibd. 
Figure was modified to include anatomical descriptions. Endoscopic images of UC (II) and CD (III). 
Figures taken from Lee et al.7. Original descriptions: (II) Figure 1: Typical endoscopic features of 
ulcerative colitis. (A) Mild: mucosal erythema [reddening of the mucosal walls], fine granularity, 
decreased vascular making. (B) Moderate marked erythema, loss of vascular marking, erosions. (C) 
severe ulcers. (D) Severe spontaneous bleeding. (E) Luminal narrowing with pseudopolyps. (III) Figure 
2: Typical endoscopic features of Crohn’s disease. (A) Longitudinal ulcers, (B) cobblestone 
appearance, (C) aphthous ulcers showing longitudinal array. 

  

http://www.hopkinsmedicine.org/inflammatory_bowel_disease_center/about_ibd
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Symptoms of IBD 

Clinically, the inflammatory bowel diseases present with several symptoms. These symptoms include 

abdominal pain or cramping, diarrhoea, rectal bleeding (more prominent in UC), fever and general 

fatigue. Common disease symptoms outside the gut (extraintestinal manifestations (EIMs)) include 

joint problems, liver inflammation in primary sclerosing cholangitis (PSC), skin problems like erythema 

nodosum, inflammation of the eyes and malnutrition causing weaker bone structure and anemia2–4. 

Approximately 6% to 47% of all Caucasian IBD patients suffer from EIMs of the disease8,9. The 

frequency of EIMs in non-Caucasian, e.g. Asian and African American populations, is not well studied, 

though lower prevalence rates for some of EIMs in IBD patients have been reported10,11. 

 

IBD risk factors 

Risk factors for IBD include smoking (increased risk for CD and decreased risk for UC), geographical 

location (i.e. living in Western or Westernized countries: influences amongst others from (childhood) 

hygiene, dietary factors play a role here), age, family history of IBD and ancestral background2.  

 

Diagnosis of IBD 

The diagnosis of IBD is predominantly made at ages 20-30, while mean and median ages for the 

diagnosis of CD are typically 5-10 years less12. A second larger peak at the sixth and seventh decade 

has been reported in smaller studies, though this has failed to replicate in multiple studies and is also 

not observed in non-Caucasian individuals12,13. Up to 25% of all IBD patients are paediatric patients 

which often suffer from a more severe form of IBD than adult patients14. IBD is diagnosed based on a 

scale of histological and endoscopic findings (i.e. disease location as detailed below), physical 

examination, and markers of inflammation present in the blood or stool. Markers of inflammation 

analysed in IBD include C reactive protein (blood: acute phase protein produced in the liver) and 

calprotectin or lactoferrin (stool: antimicrobial proteins). Additional serological markers include anti-

Saccharomyces cerevisiae (ASCA) and perinuclear antineutrophil cytoplasmic antibodies (pANCA). 

These markers guide the differential diagnosis of CD and UC. While pANCA blood levels are higher in 

in UC patients, ASCA levels are higher in CD patients. Combined information on pANCA and ASCA 

enable differential diagnosis of CD against UC with a sensitivity (frequency of positive test result when 

patient suffers from a disease) of 46-64% and a specificity (frequency of negative test result, when 

patient is not affected) of 92-99% in adult-onset IBD15,16. Another important criterium for the diagnosis 

of IBD is family history for IBD (i.e. do/did family members suffer from IBD), which puts an individual 

at a larger risk to develop the disease. Approximately 12% [MIN=11%, MAX=13%] of all first-degree 

relatives of IBD patients are also affected by IBD in Caucasians. In Middle East Asians about 13% 

[10%, 16%] of the relatives are affected, while family history seems to be of lesser importance in the 

Black (7% [4%,10%]) and East or South Asian populations (3% [2%, 4%], 4% [2%, 7%])5. Regarding 
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association of IBD with gender, Shi et al.5 reported, that UC was observed about equally in males and 

females in the Caucasian, Asian and Hispanic populations, while a preponderance in females was 

seen in the Black population. For Crohn’s disease a male preponderance was observed in East Asian, 

South Asian, and Hispanic individuals, while in Middle East Asian and Caucasian populations the ratio 

was about equal. 

 

Classification of IBD 

Both CD and UC can be classified using the so-called Montreal classification system. This system  was 

designed by a working party at the Montreal World Congress of Gastroenterology in 2006 as a revision 

of the preceding Vienna classification of IBD, for more accurate diagnostics of IBD17. 

 

Classification of Crohn’s disease 

Crohn’s disease can be classified using the Montreal classification system according to age of onset, 

disease location (L) and disease behaviour (B). The latter is discussed in more detail in the next 

paragraph. Regarding disease location, CD is classified as ileal (affecting the small bowl, L1), 

ileocolonic (pertaining to the ileum and colon, L2) or colonic (L3) (Figure 1). CD that only effects the 

upper gastrointestinal tract is classified as L4. In Caucasians, 24-30% of all patients suffer from ileal, 

32-37% from ileocolonic and 35-43% from colonic CD, while 3-5% only show symptoms in the upper 

GI tract5. Especially in East Asian, Middle East Asian and Black populations, CD with L3 is reported to 

be most common, while ileal disease is least common in the Black population with a prevalence of 6-

22%5. Cleynen et al. showed that, genetically, colonic CD places in between UC and ileal CD, thus 

suggesting the necessity to subdivide CD into colonic and ileocolonic CD18. Regarding age groups, CD 

patients are categorized into 3 age groups, i.e. younger than 17, aged between 17 and 40 and older 

than 40. Typically, a more severe form of the disease is seen in paediatric patients. 

 

Complications observed in CD patients 

Common complications of CD are stricturing (narrowing of the gut lumen) and development of fistulae 

(formation of abnormal connections between skin/other organs and the bowel). A rarer complication is 

the perforation of the bowel (formation of holes in the mucosal linings of the bowel)3. Using the Montreal 

classification system for disease behaviour (B) of CD, inflammatory (B1), stricturing (B2) and 

penetrating (B3) disease are distinguished with an additional modifier for perianal disease (p). 

Complications are observed more often in non-Caucasian populations than in Caucasian populations5. 

With increasing age of the individuals affected by CD, the development of a complication becomes 

more likely with 74% of all patients suffering from B2 or B3 within 30 years of the diagnosis, while at 

the point of diagnosis this number is at 30%19. This leads to many patients needing surgery. For 

Caucasians Cleynen et al. report a value of more than 50% of all CD patients needing surgery within 

approximately 10 years after first diagnosis19. Shi et al. report that approximately 33% [27%, 39%] of 
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patients require surgery within 5 years of the diagnosis. Numbers observed in the Black population are 

higher (40% [33%, 48%]). Lower numbers were observed in the Asian population (17% [8%, 26%]). 

The severity of the disease is assessed using the Crohn’s disease activity index (CDAI) which includes 

several clinical parameters like disease behaviour, stool frequency and pain. It is further described in 

Best et al.20. 

 

Classification of UC 

UC is classified using the Montreal classification system by disease extent and age of onset. Regarding 

disease extent, it is classified as either proctitis (E1), where inflammation is localized to the terminal 

colon, left-sided (E2), where inflammation is localized to the descending colon and terminal colon and 

extensive (E3), where inflammation occurs across the entire colon. In Caucasians approximately 28% 

[24%, 32%] of patients suffer from inflammation localized to the terminal colon, while 36% [33%, 38%] 

each suffer from left-sided or extensive UC21. These values vary across different ethnicities and age 

groups. A more severe form of the disease is seen in paediatric UC patients (age <17, Figure 2). 

 

 

Figure 2 – Differences in location of UC location across different age groups. 
Figure was taken from the Supplement of Cleynen et al.19. Original and shortened description: 
Supplementary Figure 2: UC disease extent versus age at diagnosis. Observed distribution of disease 
extent versus age at diagnosis is shown as smoothed proportions, with 95% confidence bands. 
Extensive, left-sided and proctitis are shown respectively in orange, blue and grey. Confidence bands 
are not corrected for disease duration, which is correlated to age at diagnosis. 
 

Black, Hispanic and South Asian individuals are more likely to suffer from left-sided or extensive 

disease (approximately 40% each). In East Asian individuals each localization is approximately equally 
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likely and in Middle East Asian individuals extensive disease is most prominent with a prevalence of 

44% [40%, 47%]5. Severity of ulcerative colitis is most commonly assessed using the Mayo score first 

introduced by Kenneth et al. in 1987 (original publication list affiliation as from the Division of 

Gastroenterology and Internal Medicine, Mayo Clinic – hence the name)22. This score is based on a 

combination of stool frequency, occurrence of rectal bleeding, physician assessment, endoscopy and 

a physician’s global assessment and is described further in the original publication. 

 
Complications observed in UC patients 

Complications of UC observed in individuals suffering from the disease, include the development of a 

toxic megacolon, colon cancer and extraintestinal manifestations like PSC as described in the section 

detailing general symptoms of IBD. A toxic megacolon manifests as the widening of the colon which 

most likely results from damage to nerve cells innervating the smooth muscles cells within the outer 

mucosal layer of the colon. It is accompanied by a fulminant acute inflammation of the colon. This leads 

to retention of faeces in the colon, which in turn poses a risk for rupture4. Overall, about 22% of UC 

patients have been reported to need surgery within 10 years of the diagnosis in the Caucasian 

population19. 

 

Unclassified IBD 

In up to 10% of IBD patients, a differential diagnosis of CD or UC cannot be made and they are 

subsequently diagnosed with indeterminate IBD23, also termed unclassified IBD or IBD-U. In up to 

14%-18% of patients classified with UC or CD the diagnosis changes over time24,25. 

 

4.1.2. Treatment of IBD 

The inflammatory bowel diseases are treated according to a regimen that is commonly aimed at 

reducing inflammation and avoiding surgery (Figure 3). The first line of medication includes 5-

Aminosacylates (5-ASA: derivatives of salicylic acid bearing an amino-group; mesalazine, 

sulphalasalzine, olsalazine) as well as antibiotics, to treat bacterial infections (ciprofloxacin, 

metronidazole). Corticosteroids (prednisone, budenoside, hydrocortisone) are administered to reduce 

inflammation. Other medications aimed at reducing inflammation include immunosuppressants 

(azathioprine, mercaptopurine, methotrexate), and biological drugs (produced biotechnologically and 

are similar to substances produced in the human body). Biological drugs include monoclonal antibodies 

as anti-integrin antibodies (natalizumab, vedolizumab), anti-tumour necrosis factor alpha (TNFα) 

antibodies (infliximab, adalimumab, golimumab), anti-interleukin 12/23 antibodies (ustekinumab) and 

inhibitors of the JAK-STAT pathway (tofatinicinib; JAK: Januskinase, STAT: signal transducers and 

activators of transcription). Anti-integrin antibodies target integrins, which play a role in leukocyte 

homing to the gut. Anti-TNFα antibodies target TNFα, which is a cytokine that can induce several other 
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inflammatory cytokines via the NFκB-pathway. 

 

 

Figure 3 – Treatment of inflammatory bowel disease.  
At the bottom of the treatment regimen 5-ASA and antibiotics are used with surgery at the top of the 
pyramid as a last resort.  
 
The JAK-STAT pathway is a signalling pathway that induces production of certain cytokines3,4,26. Other 

treatment options include surgery of the gut, in which the most affected parts of the gut are removed. 

However, this option is only considered at the end of the treatment spectrum and used only in severe 

cases of IBD. Additional treatments may be used to alleviate symptoms outside the gut. This includes 

medication that resolves cramps, pain medication, diuretics (for diarrhoea), laxatives (for constipation) 

or a diet tailored to reducing symptoms of the disease (e.g. decreased fibre intake, avoiding food that 

causes bloating). 

 

4.1.3. IBD demographics 

Regarding the overall global demographical burden of IBD, the disease is most prevalent in Western 

and Westernized countries. It has evolved into a global disease with 6.8 million cases and a global 

prevalence of 84.3 [MIN=79.2, MAX=89.9] per 100,000 individuals27. Figure 4 shows age-standardized 

prevalence rates of IBD for 2017 across the globe, as well as the prevalence change from 1990-2017 

taken from Atalab et al.27. Here, age-standardized prevalence rates were calculated as the mean of 

the IBD prevalence observed in chosen age groups weighted by the number of individuals in the 

respective age groups.  
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Figure 4 – Global prevalence of IBD.  
Figure taken from Atalab et al.27. Original and shortened description: Figure 1: (A) Age-standardized 
prevalence rate (per 100,000 population) of IBD for 195 countries and territories, 2017. (B) Percentage 
change in age-standardized prevalence rate (per 100,000 population) of IBD. 1990-2017; ATG=Antigua 
and Barbuda. VCT=Saint Vincent and the Grenadines. LCA=Saint Lucia. TTO=Trinidad and Tobago. 
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Figure 4 nicely shows that prevalence rates have especially increased in Africa and East Asia, while 

they have not changed to a large degree in the Western and Westernized countries (North America 

and Europe). The increase of prevalence rates may be attributable to the increasing adaptation of a 

Western lifestyle – such as diet changing from traditional to Western diet and changes in hygiene 

practices. A total of $2.2 billion dollar are spent on medical care of IBD patients per year in the US 

alone19. Overall, regions with a high socio-demographic-index (SDI), a measure that includes 

demographical factors such as income, education and children born, had higher age-standardized 

prevalence rates than low SDI regions (Figure 5). Among the high SDI regions, North America had the 

highest prevalence (422.0 [398.7, 446.1])27. 

 

 

Figure 5 – Global prevalence rates of IBD and trends across time. 
Figure taken and modified from Atalab et al.27. Publication by the Global Burden of Disease (GBD) 
2017 Inflammatory Bowel Disease Collaborators. Original description: Figure 7 Age-standardized 
prevalence rate of IBD globally and for 21 GBD regions by SDI, 1990-2017. 
 

In the German population, age-standardized values were reported to be 88.3 cases per 100,000 

individuals (Supplement of Atalab et al.). Unstandardized incidence and prevalence rates for CD and 

UC separately can be found in Ng et al.21. However, the reported measures vary drastically even within 

the same country group. Maximal prevalence rates of UC in Asian populations (including East Asian, 

South Asian, South East Asian and Western Asian populations) were reported to be 106.2 per 100,000 

individuals, while for CD prevalence rates were reported to be 53.1 (both values measured in Western 

Asia, values in other Asian countries are substantially lower by a factor of about 10). In Africa, a 

maximum prevalence of 10.57 per 100,000 individuals for UC and 19.02 for CD were reported, while 
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in South America UC was measured at a maximum prevalence of 44.3 and CD had a maximum 

prevalence of 44.1. The Supplementary Material of Ng et al.21 also provides information on the UC to 

CD ratio. In general, UC has been reported to be more prevalent in the Asian population (UC to CD 

ratio of 2.75 (South Korea) to 4.28 (Taiwan)), while for the Caucasian population prevalence of UC 

over prevalence of CD was reported to be only slightly higher (UC to CD ratio of 1.03 to 1.62 in the 

USA). Some exceptions, as for instance parts of Southern Europe (UC to CD ratio 8.27 in Sardinia) 

and Finland (UC to CD ratio of 2.56-7.42), exist. Overall, incidence rates of IBD are levelling off in 

Caucasian populations and on the incline in newly Westernized countries (Figure 5), while prevalence 

rates are continuing to rise across the globe with an increase in overall life-expectancy. 
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4.1.4. PAPER A – IBD genetics 

Paper A 

 

Degenhardt F, Franke A. Genetik des Morbus Crohn und der Colitis ulcerosa: Aktueller Stand 15 Jahre 

nach Entdeckung von NOD2. Der Gastroenterologe. 2017. doi: 10.1007/s11377-016-0127-z. 

 

This is a concise review of the current understanding of the genetics of Inflammatory bowel disease 

(IBD) and its two subforms Crohn’s disease (CD) and ulcerative colitis (UC). It is directed at the broad 

medical community in Germany. Here, we describe genes that are relevant for IBD pathogenesis and 

that were identified to be associated with IBD by linkage analysis and in genome-wide association 

studies (GWAS). We highlight that the earliest identified markers are also among the most robust 

signals in many GWAS. Most of the discovered loci are shared between UC and CD, showing a strong 

commonality between the two inflammatory diseases with effect sizes that are correlated across 

different ethnicities. Genetic polymorphisms within the HLA region are highly associated with UC and 

explain a significant proportion of the heritability of this disease. We conclude that since the heritability 

explained by the markers identified until now is not exhausting its limits, environmental factors as well 

as genetic factors and their interplay must play a vital role in the disease aetiology of IBD.  

 

Author contributions 

This review was conceived and written by Andre Franke with contributions by Frauke Degenhardt. 
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Additional information on IBD genetics 

In Paper A, we summarized the most important genetic studies conducted in the last decades of the 

IBD research. These studies were largely conducted in Caucasian populations. Since the publication 

of Paper A, two other large studies, also performed in the Caucasian population, have been published 

(Huang et al.28 and de Lange et al.29). For the majority of the markers identified to be associated with 

IBD, only few have been “conclusively resolved to specific functional variants”28. Huang et al. therefore 

performed a fine mapping analysis of IBD associated SNV markers. Out of 94 inflammatory bowel 

disease loci, Huang et al. assigned 45 associations to a single causal variant with a certainty of greater 

than 50% (18 with a certainty of >95%). Most of these markers were enriched for protein-coding 

changes and tissue-specific epigenetic markers in immune cells and the gut mucosa. De Lange et al. 

analysed genetic association with IBD in 25,305 previously unpublished individuals combined by a 

meta-analysis with published summary statistics of other studies. They added 25 loci to the list of 

known IBD susceptibility loci. Three of these genes were integrin genes. Integrins are involved in T cell 

homing to the tissue and hence have an important function in the adaptive immune response.  

 

To complement studies focusing on Caucasian populations described in Paper A, the largest GWAS 

analyses in non-Caucasian populations are listed in Table 2. 

 
Table 2 – GWAS in non-Caucasian populations.  
This table is as an extension to Table 1 in Paper A. Only the largest studies within each population are 
shown. Studies are listed by geographical location of populations and year. 

Year Study Ancestry Results (examples) 

2017 Brant et al.30 African American Largest analysis for IBD 

2015 Juyal et al.31 North Indian Largest study for CD 

2016 Fuyuno et al.32 Japanese Largest study for IBD 

2016 Yang et al.33 Korean Largest study for IBD 

2014 Yang et al.34 Korean Largest study for CD 

2013 Yang et al.35 Korean Largest study for UC 

 

Prior to the studies listed in Table 2, other smaller scale studies or non-GWA studies (only targeting a 

limited number of SNPs) exist in these cohorts. They are not shown here. Apart from the African 

American population, the studies listed in Table 2 are also (partly) included in the large cross-ancestry 

GWAS published by Liu et al.36. 

In Figure 6 and Figure 7, which were taken from Liu et al.36 and Brant et al.30 and the Manhattan plots 

of the genome-wide association results obtained in the respective studies are shown. Most strikingly, 

a clear and consistent association of IBD with variants at the HLA locus can be observed in these plots. 
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Figure 6 – Manhattan plot of IBD, UC and CD in different ethnicities.  
Figure taken from the Supplement of Liu et al.36. Original and shortened description: Supplementary 
Figure 6. Manhattan plot for each separate ancestral cohort. The x-axis of each plot indicates the 
position of all tested SNPs per chromosome. The y-axis shows the strength of association (-log10 P-
value). In rows from top to bottom: East Asian, Indian, Iranian and European. In columns from left to 
right: Crohn’s disease (CD), ulcerative colitis (UC) and combined inflammatory bowel disease (IBD). 
Added description on: ATG16L1: Autophagy related 16 like 1, IL23: Interleukin receptor 23, NOD2: 
Nucleotide oligomerization domain, IRGM: Immunity-related GTPase family M protein, TNFSF15: TNF 
superfamily member 15.  
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Figure 7 – Association analysis in African American IBD, CD and UC.  
Figure taken from Brant et al.30. Original and shortened description: Figure 2. (A, B, C) Meta-analysis 
Manhattan plots for UC (A), CD (B), and IBD (C) phenotypes, respectively. All SNPs are plotted 
according to their position on each chromosome on x-axis, against their association on y-axis. The red 
and blue lines indicate the genome-wide significance (P=5x10-8) and the suggestive significance 
threshold (P=1x10-5), respectively. GWS signals are labeled with corresponding gene names. 
 
Associated variants in the nucleotide oligomerization domain 2 (NOD2) gene, located on chromosome 

16, are absent in the Asian population. The NOD2 protein is a pattern recognition receptor that can 

recognize components of the bacterial cell wall (peptidoglycans). In the Asian population, variants 

within the TNF superfamily member 15 (TNFSF15) gene, located on chromosome 9, are most strongly 

associated with CD. TNFSF15 is a cytokine of the TNF family and is involved in cell signalling. In the 

African American population, the strongest associated SNPs were reported to be located in the HLA 

region, with other associations hypothesized to having arisen from European admixture (NOD2; 

association by LD with another gene, the Sorting nexin 20 (SNX20) gene). Overall, Liu et al. 36 reported 

that genetic association of associated markers were widely consistent in their effect directions and 

magnitudes across different populations. They also showed that some heterogeneity (different allele 

frequencies and different effect sizes) does exist for IBD markers (e.g. variants in the Interleukin 

receptor 23 (IL23R), Autophagy related 16 like 1 (ATG16L1) and NOD2 genes). A large part of the 

disease variability in European and East Asian UC can be explained by the HLA region (Chapter 4.2.3). 

With sample sizes varying across the datasets and UC having a stronger association signal for the 
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HLA than CD (hence variants within the HLA had a higher power (Chapter 6.4.1) to be detected in 

smaller studies), we chose to focus on UC in the context of this thesis. This decision was also made 

considering the complexity of the analyses presented in Paper C. 

 

Genetic association with IBD subphenotypes 

Genetic association with IBD subphenotypes has so far only been conducted in the Caucasian 

population19. Strongest genetic associations were observed with CD disease location (ileal vs. colonic) 

and extent of the disease for UC. Here, variants within the NOD2 gene and the HLA region were 

reported to be associated with ileal and colonic CD disease location respectively. For colonic CD, the 

HLA allele HLA DRB1*01:03 specifically was associated with the disease. A less severe extent of UC 

was associated with a SNP located in HLA-B*08. In Paper C, we showed that alleles of this group are 

located on the same haplotype as the DRB1*03:01 allele. Associations with variants in NOD2, the HLA 

and Macrophage-stimulating protein 1 (MTS1) were also observed with age of onset of IBD. 

 

With genetic research into IBD reaching its limits for the analysis of common variants (minor allele 

frequency (MAF) >1%; i.e. not many more common variants are likely to be discovered), still, only 

about 13.1% – 13.6% percent of the heritability (phenotypic variance explained by genetics) of CD and 

7.5 – 8.2% of the heritability of UC can be explained6,36. Larger efforts like the analysis of whole 

exomes and rare variants measured on genotyping chips may explain some of the remaining “missing 

heritability”. These efforts require even larger datasets (>100K) than included in already published 

studies to give valuable insights into association with rare variants. Exome analysis has also especially 

proven to be of diagnostic value in parent-child trios or family analyses in paediatric IBD cases, where 

de novo mutations are more commonly found37–39. 

 

4.1.5. Other research areas in IBD 

Beside genetic predisposition, other factors such as environmental factors like a Western diet are 

attributed to contributing to the disease aetiology. With genetic associations including genes resulting 

in immune regulatory proteins of the innate (NOD2) and adaptive (HLA) immune system, the human 

microbiome seems to be a prominent target for the identification of disease related factors (i.e. antigens 

derived from bacteria and fungi inhabiting the gut may be recognized by the immune system as is the 

case for NOD2 and bacterial peptidoglycans). These antigens could stem from the microbiome itself 

(i.e. bacterial cell wall components) or microbiome-related dietary factors. Therefore, knowledge 

obtained from this active research area, which is currently also a “hot topic” for many other diseases, 

is described briefly below. Larger scale analysis of the microbiome is facilitated by the development 

and decreasing costs of high-throughput next generation sequencing based analysis of 16S bacterial 

and 18S fungal ribonucleic acid (RNA). IBD has been associated with a shift in the microbial diversity 
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(i.e. number of observed species) of the gut microbiome for both the bacterial and fungal 

microbiomes40. If this is cause or result of the disease is still unclear41. Overall, IBD is associated with 

a decreased bacterial diversity, especially in the most prominently present bacterial phyla (with 

phylogeny described from top to bottom across Kingdom – Domain – Life – Phylum – Order – Class – 

Family – Genus – Species) Firmicutes, Bacteroidetes, Proteobacteria and Actinobacteria (Figure 8).  

 

  
Figure 8 – Overview of gut microbiome composition across IBD.  
In total 9 CD patients, 11 UC patients and 10 healthy volunteers were analysed. Figure taken from 
Alam et al.42. Original description: The gut microbial abundance. a Phylum, b Class and c Family level 
abundance in different conditions. Classes and families belonging to the four most abundant phylum 
across conditions are grouped according to phylum.  
  



  Chapter 4 – Introduction 

30 

      

 

      

 

Together these phyla constitute >98% of the gut microbiome42,43. This decrease in microbial diversity 

is more significant in CD patients than in UC patients42,43.  

 

A decrease in the diversity is also observed in the fungal microbiome, with Ascomycota and 

Basidiomycota being most abundant (Figure 9). In CD especially, a shift in the 

Basidiomycota/Ascomycota ratio is observed along with an increase in Candida albicans and a 

decrease in Saccharomyces cerevisiae species40. 

 

 

Figure 9 – Fungal microbiome in IBD.  
Figure taken from Sokol et al.40. Original and shortened description: Figure 2 – Altered fungal 
microbiota biodiversity and composition in IBD. Global composition of fungal microbiota at the phyla 
and genus levels. Healthy subjects (HS) and patient subgroups are labelled on the x-axis and 
expressed as relative OTUs abundance for each group. OTU: Operational Taxonomical Unit, HS: 
Healthy subjects, IBDf: IBD flare, IBDr: IBD in remission. 
 

Microbes in the gut are separated from the underlying tissue by intestinal epithelial cells (IECs) lining 

the gut lumen. These are constantly replenished from resident stem cells every 4-5 days. Thus IECs 

form a physical and chemical barrier against microbes44,45. To keep microbes in the gut at bay, the 

epithelial layer secretes mucus (Goblet cells) and antimicrobial peptides (Paneth cells). IECs are also 

involved in nutrient uptake from the gut. A current hypothesis states that upon disease, the mucosal 

barrier is disrupted due to a reduction in mucosal thickness. Consequently, increasing amounts of 

microbes are given access to the underlying host tissue, thereby causing an excessive immune 

response (Figure 10). Which processes lead to loss of the mucosal integrity, is not completely 

understood. Some genes suggested to play a role in epithelial cell function (i.e. regulators of epithelial 

cell homeostasis and physiology including mucin (MUC) and matrix metalloprotease (MMP) genes) 

have been implicated in genome wide association studies and are listed in detail in “Molecular Genetics 

of Inflammatory Bowel Disease”, written by IBD experts across the globe2.  
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Figure 10 – IBD as a mucosal barrier defect. 
Figure taken from Sommer et al.43. Original and shortened description: Figure 1 – Microbial signatures 
of a healthy gut and IBD. Under healthy homeostasis the microbiota is diverse. Goblet cells produce a 
thick colonic mucus layer, which creates a physical barrier against the microbiota, but also harbours a 
specific mucus-resident microbiota enriched in, for example, short-chain fatty acid producing bacteria 
Roseburia and Faecalibacterium prausnitzii. However, the composition of the microbiota is less diverse 
in patients with IBD with fewer Bacteroidetes mainly attributed to loss of Prevotella species and 
expansion of Actinobacteria, Proteobacteria such as adherent invasive Escherichia coli and 
Fusobacteria. Mucosal function is also altered, for example, lipid metabolism, illustrating a 
cometabolism of the metaorganism. DC, dendritic cells; IFNγ, interferon gamma; IL, interleukin; MΦ, 
macrophages; TNFα, tumor necrosis factor alpha. 
 

A relatively young research area in IBD involves sequencing-based analysis of T-cell and B-cell 

receptors (BCRs and TCRs). Here, associations of TCRs and BCRs with IBD are investigated, to 

identify if there are specific receptors found in the BCR/TCR repertoire (sum of all receptors observed 

in an individual in the respective cell type) of IBD patients46,47. As I describe further below, T/B cells are 

activated after they have been presented with a specific HLA-peptide combination, which they 

recognize via the respective TCR/BCR receptors. Another important factor within this setting is the 

identification of culprit antigens (i.e. peptides that in the combination with specific HLA proteins and 

TCRs/BCRs elicit an immune response). Peptidomics analyses (i.e. analysis of peptides) are just 

emerging in the research field of IBD and are discussed further in the outlook (Chapter 6.5)  

https://www.ncbi.nlm.nih.gov/core/lw/2.0/html/tileshop_pmc/tileshop_pmc_inline.html?title=Click%20on%20image%20to%20zoom&p=PMC3&id=5595102_gutjnl-2016-313678f01.jpg
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Overall, IBD is a complex genetic disease with many factors involved in the disease aetiology and 

disease progression. A lot of research spanning a wide spectrum of different scientific disciplines has 

been performed. A selection of active research areas, with a focus on the more bioinformatic-heavy 

research has been introduced above. However, in the past decades, little of the research has entered 

the clinical setting, where new developments in treatment (i.e. medication) are still the most dominant 

additions. This is in part because of variability of results seen across studies, especially for microbiome 

studies. Also, conclusions from current research regarding the disease aetiology are still challenging. 

A deeper understanding of mechanisms behind what is observed warrants further research and 

validation (especially functional validation of IBD susceptibility genes). However, microbiome and 

immune system related peptidomics research has the potential to identify possible culprit antigens in 

IBD.  

 

4.2. The human leukocyte antigen region (HLA) 

Information on the function of the HLA was mainly taken from “Janeway’s Immunobiology” by Kenneth 

Murphy and Casey Weaver48. 

 

4.2.1. HLA genes and their function 

The HLA region (termed major histocompatibility complex (MHC) in general, and HLA in humans) is a 

genetic region that spans approximately 5 (Mega base pairs) Mb on chromosome 6p21 with genomic 

positions ranging from 29 to 34 Mb. Genes expressed from this region result in proteins that are 

involved in many complex functions of the adaptive and innate immune system. These include 

presentation of foreign peptides to the host immune system and factors of innate immunity like proteins 

of the complement system. The genes of the HLA can be classified into three different groups according 

to structure and function: the HLA class I, HLA class II and HLA class III genes (Figure 11). HLA class 

I and HLA class II genes code for proteins that are expressed at the cell surface or have regulatory 

functions, while HLA class III genes code for proteins of the complement system (e.g. complement 

component 2 and 4; C2, C4), cytokines (e.g. TNF) and heat shock proteins. HLA class I and HLA class 

II genes can be divided further into classical (HLA class I: HLA-A, -B, -C; HLA class II: HLA-DRA1, -

DRB1, -DQA1, -DQB1, -DPA1,- DPB1) and non-classical genes (e.g. HLA class I: HLA-E, -G, -F; HLA 

class II: HLA-DM, -DO). While non-classical HLA class I genes have been shown to be expressed at 

the cell surface49, non-classical HLA class II genes HLA-DM and -DO have regulatory functions in the 

process of HLA class II peptide loading50. The non-classical HLA class I genes are structurally related 

to the classical HLA class I genes and are to be expressed on specialized tissues (e.g. HLA-G on 

placenta and testis). HLA-G expression has previously also been linked to IBD51,52. 
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Figure 11 – Gene map of the human leukocyte antigen (HLA) region.  
Figure taken and modified from Zhang et al.53. Modified description: Fig.1.1 Genetic map of the human 
MHC. Schematic map of human MHC on chromosome 6. Illustrations are not drawn to scale. The 
centromere (circle) and major HLA are indicated in order. Abbreviations not described in the main text: 
MICA A/B: MHC class I polypeptide-related sequence A/B, TAP1/2: Transporter associated with 
antigen processing, low molecular weight polypeptide (LMP), part of the human immunoproteasome.  
 

The most investigated HLA class I genes HLA-A, -B and -C code for proteins that are expressed on all 

nucleated cells and present peptides to cytotoxic T cells that express co-receptor CD8 (also termed 

CD8 positive T cells, short CD8+). Peptides presented by HLA class I proteins are produced by 

degradation of proteins expressed by or derived from intracellular pathogens like viruses in the cytosol. 

After degradation by the proteasome, a large multicatalytic protease complex present in the cytosol, 

antigenic peptides translocate to the endoplasmic reticulum (ER) where they are loaded onto the HLA 

class I complex and from there exported to the cell surface (Figure 12). HLA I class proteins are 

transmembrane proteins made of three α subunits (α1, α2, α3) and a fourth subunit stemming from 

chromosome 15, the ß-microglobulin. The HLA-peptide complex is recognized by CD8+ T cells, upon 

which an immune response is triggered that leads to the destruction of the affected cell by cytotoxic 

degradation by CD8+ T cells. HLA class II proteins are expressed, with some exceptions (e.g. 

epithelium of the gut), on antigen presenting cells (APCs) like dendritic cells and macrophages to T 

cells that express co-receptor CD4 (also termed CD4 positive T cells, short CD4+). HLA class II proteins 

are heterodimers composed of an α- and a β-chain that are encoded by HLA-DRA, -DQA, -DPA and 

HLA-DRB, -DQB, -DPB, respectively. While the α-chains of the DQ and the DP molecules are 

considerably polymorphic, there are only 29 known variations of the HLA-DRA1 gene that are 

translated into 2 different DRA1 proteins (hla.alleles.org/nomenclature/stats.html on 05032020). Each 

α- and β-chain is made of two subdomains of which subdomains α1 and β1
 come into contact with the 

peptide and the TCR receptor (Figure 12). Peptides presented by HLA class II molecules are produced 

from proteins derived from extracellular pathogens and taken up by macrophages and dendritic cells 

through phagocytes and micropinocytosis or by B cells by receptor-mediated endocytosis through 

surface immunoglobulins50,54. After their synthesis in the ER, HLA class II molecules subsequently 

enter the endocytic pathway by translocation to the Golgi apparatus. 



  Chapter 4 – Introduction 

34 

      

 

      

 

 

Figure 12 – Molecular mechanisms of antigen presentation by the HLA.  
With special thanks to Mareike Wendorff and Renate Nikolaus, who jointly designed this figure. 
BCR: B-cell receptor, CLIP: class II invariant chain peptide, NO: Nitric oxide, TAP: Transporter 
associated with antigen processing, TCR: T-cell receptor. 
 

They are retained inside the endosomal vesicle by binding to the invariant protein chain. In an acidified 

endosome, the invariant chain is cleaved by acidic protease to produce a short peptide fragment, the 

class II invariant chain peptide (CLIP). Proteins that have entered the cell through endocytosis are 

delivered to endosomes in which they are degraded by proteases. Upon fusion of endosomes 

containing these peptides and the endosome containing the HLA class II molecules, the CLIP protein 

is exchanged for an antigenic peptide. This process is catalysed by the non-classical HLA molecule 

DM. DM is inhibited by the non-classical HLA class II molecule DO, that is also present in the acidified 

endosome. Constant interplay between these two molecules influences the selection of peptides bound 

to the HLA class II molecule. The HLA class II–peptide complex translocates to the surface where it is 

recognized by CD4+ T cells and an immune response is mounted. This immune response leads to the 

destruction of pathogens and an increased humoral (involving antibodies) response by activation of B 

cells. Besides pathogenic peptides, both HLA class I and HLA class II molecules also present self-

peptides to the immune system.  
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4.2.2. HLA nomenclature 

The HLA region is a genetically highly polymorphic region with thousands of different SNP haplotypes 

existing for some of the known HLA genes. The genetic diversity of this region may allow distinct 

profiles of immune responses in individuals carrying distinct HLA polymorphisms. By March 2020, the 

Immunogenetics project (IMGT)/HLA database (release 3.39.0), a repository for all known HLA 

variation55, listed a total of 19,031 HLA class I and 7,183 class II alleles. The numbers for the HLA loci 

present in this database are listed in Table 3.  

 

Table 3 – Number HLA class I and HLA class II alleles in the IMGT/HLA database. 
The number of different proteins that result from these alleles and the number of non-functional “null” 
proteins translated from the alleles for database version 3.39.0 are shown. 

Gene 

A
 

B
 

C
 

D
R

A
 

D
R

B
1

 

D
Q

A
1

 

D
Q

B
1

 

D
P

A
1

 

D
P

B
1

 

D
R

B
3

 

D
R

B
4

 

D
R

B
5

 

Alleles 5,907 7,126 5,709 29 2,690 229 1,795 168 1,537 340 165 123 

Proteins 3,720 4,604 3,470 2 1,889 98 1,194 65 1,006 254 109 95 

Nulls 308 244 243 0 89 6 77 3 80 16 19 17 

 

The repository itself is available at https://www.ebi.ac.uk/ipd/imgt/hla/. In order to keep track of the 

different HLA alleles, a specific nomenclature was developed by the “World Health Organization (WHO) 

Nomenclature Committee for Factors of the HLA System”. Genes are categorized according to four 

different criteria resulting in an “eight-digit” or “four-field” nomenclature system (Figure 13). 

 

 

Figure 13 – Current HLA nomenclature.  
HLA alleles are named in a 4-field notation. Each field is separated by the separator “:” and signify 
different properties of the HLA allele. 
 

The first field names the allele group, which often corresponds to the serological antigen of an allele, 

determined by cross-reactivity of lymphocytic components in the blood. The next field shows a 

nonsynonymous nucleotide exchange within the exons of an HLA gene. The third field classifies 

synonymous nucleotide exchanges within the exons of an HLA gene and the last field shows changes 

in the intron sequence. For instance, HLA-A*02:01:01:01 and HLA-A*02:01:01:02 only differ in their 

intron sequence while HLA-A*02:01:01 and HLA-A*02:01:02 have the same amino acid sequence but 

different nucleotides within the coding regions. HLA-A*02:01 and HLA-A*02:02 differ in amino acid and 

https://www.ebi.ac.uk/ipd/imgt/hla/
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nucleotide sequence but belong to the same HLA-A group. A suffix added to the allele sequence may 

indicate differences in expression, i.e. the letter N denotes an allele that is not expressed, and Q 

denotes alleles whose expression is questionable.  

The nomenclature of the HLA has changed and expanded since the discovery of the first antigens on 

human leukocytes by serological typing with the latest major update introduced in 2010. 

Responsibilities for introducing and updating HLA nomenclature lie with the WHO Nomenclature 

Committee, formed in 1967 during the second international Histocompatibility Workshop. Since then 

several HLA nomenclature reports have been published. To the largest part, the following information 

is taken from the webpage hla.alllees.org and the nomenclature reports listed in Table 4. 

 

Table 4 – Timeline of the description of HLA loci in the HLA nomenclature report. 

1968 Publication the first HLA nomenclature report 

1975 First description of HLA-A, -B, -C and -D, HLA nomenclature report56 

1977 First description of HLA-DR, HLA nomenclature report57 

1984 First description of HLA-DQ, -DP and split of DR5 into DR11/DR12, split of DR6 into 
DR13/14, HLA nomenclature report58  

1987 Introduction of eight-digit system and first description of HLA-DRB3, -DRB4. Split of DR2 
into DR15/16, HLA nomenclature report59  

1989 First description of HLA-DRB5, HLA nomenclature report60 

 

First, human leukocyte antigens were grouped into a single serological antigen group based on cross-

reaction of lymphocyte components in the blood. Without knowing that products of different genes were 

evaluated, the identified antigens were named HL-A and a sequential number, i.e. HL-A1 and HL-A2. 

These serological antigen groups were then split into HLA-A and HLA-B and later HLA-C, -DR, -DQ 

and -DP when evidence accumulated that these antigens must originate from different genes (Table 

4). A two-field based system was introduced in the 1987 nomenclature report which enabled the 

distinction of HLA alleles on the sequence level i.e. B*52:01 and B*52:02 could now be distinguished, 

whereas before the serotype group B*52 accommodated both alleles. For most of the more common 

HLA alleles, HLA groups correlate with their serological specificities, i.e. DRB1*01:01, DRB1*01:02 and 

DRB1*01:03 all have the serological specificity DR1, whereas some alleles of the DRB1*03 are 

assigned serological specificities of DR17 and DR18. In the subsequent years more digits were added 

until a four-field based system, like the one described above, was established with each field allowing 

for two numbers only. This meant however, that only up to 99 alleles of the same group could be 

accommodated. Roll-over groups were defined when this number was reached. The first groups for 

which problems arose were the A*02 and B*15 groups. When the 100th allele for the A*02 group was 

identified, it was subsequently named A*92:01, similarly the 100th allele of the B*15 group was named 

B*95:01. When it became clear that this system was not able to deal with the fast-growing numbers of 

alleles being typed and maybe several hundred alleles could be identified for a single HLA gene group, 

the new system described above was introduced. First, separators were added to distinguish the HLA 
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group fields, i.e. A*01010101 became A*01:01:01:01. All alleles with roll-over groups were renamed to 

their original groups, i.e. A*92 and B*95 were renamed A*02 and B*15 respectively. For alleles for 

which more than 100 alleles had already been reached the number 100 would not be assigned, i.e. 

there would not be A*02:100 and B*15:100. Allele groups yet to reach this number would be assigned 

the number 100, i.e. A*24:99 and A*24:100 would exist. With this nomenclature change new allele 

groups were defined based on exon 1 and exon 2 identities for HLA class I molecules and exon 2 

identities in HLA class II molecules, thus making custom group assignments, made by researchers 

within their own specific research projects obsolete and increasing comparability between studies 

(Paper B). Alleles with amino acid sequence identity in exons 1 and 2 (HLA class I) or exon 2 only 

were grouped into the same so-called (protein) “P-group” and alleles with nucleotide sequence identity 

across the respective exons were grouped in the so called “G-group”. In most cases the assigned P- 

or G-group of an allele corresponds to the most frequent allele in this group.  

 

4.2.3. Fine mapping of the HLA in IBD 

Even before the HLA was implicated with convincing statistical evidence as a susceptibility locus in 

IBD by means of linkage-analysis in large IBD families61, it was investigated using smaller scale 

serological and genetic studies with some of these studies also focusing on the association of the HLA 

with IBD subphenotypes. Though reproducibility across the studies was limited, many of their results 

still hold true today. Comprehensive reviews of the findings are presented in Stokkers et al.62 and 

Ahmad et al.63. Stokkers et al. performed a meta-analysis across 29 HLA associations studies related 

to IBD that were published between the years of 1966 to 1998. 15 studies included CD and 18 studies 

included UC, some included both. These studies were mainly conducted in Caucasian populations. 

For UC, an overall positive association of DR2, comprised of the DR15 and DR16 serotypes, pinpointed 

later to an association with DRB1*15:02, as well as DRB1*01:03 was identified. Negative association 

with UC was reported for DR4. For CD, a positive association was found for DR7, DRB3*03:01 and 

DQ4 and a negative association was found for DR3 and DR2. Ahmad et al. report on findings on the 

HLA until 2006 and review the major findings of subphenotype analysis. HLA DRB1*07 and 

DRB1*01:03 and DRB1*04 were implicated in the location of Crohn’s disease. While DRB1*07 and 

DRB1*04 were positively associated with ileal Crohn’s disease, DRB1*01:03 was associated with 

colonic CD. For UC extensive disease was associated with DRB1*01:03 and DRB1*04:01 was 

associated with protection against UC. Multiple studies conducted at this time in the Japanese, Korean 

and Caucasian individuals implicated DRB1*15:02, B*52:01 and C*12:02 in UC. Since then additional 

analyses have been conducted in the Chinese and Iranian population. UC in Iranians (from the city of 

Kerman) has been associated with HLA-DRB1*04. HLA-DRB1*13 was significantly associated with 

disease severity in the same study18. An analysis of Chinese Han and Uyghur UC patients found that 

HLA-DRB1*04/08/13/14 may contribute to the clinical heterogeneity of UC in these ethnicities. Han et 
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al. analysed amino acid polymorphisms in the Korean and Japanese population64,65. To this date, the 

largest fine mapping study within the Caucasian population based on the imputation of the HLA has 

been performed by Goyette et al.1. This study analysed 18,405 individuals with CD, 14,308 individuals 

with UC and 34,241 control individuals, typed on the Illumina ImmunoChip. They generated HLA types 

by HLA imputation using the imputation tools SNP2HLA66 and HLA*IMP267. This study demonstrated 

how HLA haplotype-like correlations could be observed from single association statistics using 

conditional reciprocal logistic regression and drew comprehensive maps of susceptibility alleles 

associated with IBD, for alleles for which such an assignment could be made (Figure 14, Figure 15).  

 

 

Figure 14 – Fine mapping study of the HLA in UC.  
Figure taken from Goyette et al.1..Original and shortened description: The structures illustrated are not 
classically defined haplotype structures but were identified entirely on the basis of the correlation of 
signal defined through pairwise reciprocal conditional logistic regression analyses. Alleles identified as 
primary tags for independent association signals in our HLA-DRB1–focused models are shown in light-
blue boxes, and alternate alleles with equivalent effects are shown in gray boxes. Alleles in white boxes 
show study-wide significant secondary effects that can be explained entirely by the selected HLA 
alleles.  
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Figure 15 – Fine mapping study of the HLA in CD.  
Figure taken from Goyette et al.1..Original and shortened description: The structures illustrated are not 
classically defined haplotype structures but were identified entirely on the basis of the correlation of 
signal defined through pairwise reciprocal conditional logistic regression analyses. Alleles identified as 
primary tags for independent association signals in our HLA-DRB1–focused models are shown in light-
blue boxes, and alternate alleles with equivalent effects are shown in gray boxes. Alleles in white boxes 
show study-wide significant secondary effects that can be explained entirely by the selected HLA 
alleles.  
 

Overall, this study not only confirmed DRB1*01:03 as one of the most important risk alleles across 

both CD and UC, but also demonstrated that HLA alleles are differentially associated with the two 

diseases. In this study, UC showed a stronger association with the HLA than UC. The authors also 

showed that a large part of the heritability, especially in UC, can be explained by HLA alleles as 

opposed to single SNPs within the HLA region. When considering HLA alleles as opposed to the most 

associated SNP (rs6927022, located in the HLA-DQA1 gene locus), the variance explained in UC could 

be increased by a factor of 3 from 2.3% to 6.2%. In CD, the variance explained was increased by a 

factor of 10 (from 0.3% to 3.1%) when considering the HLA alleles over the top associated SNP 

rs9264942 (located in the HLA-B gene locus). The authors however stated that the measure used for 

this analysis could not be compared to traditional heritability estimates.  
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4.3. Methodological considerations 

The study populations used in Paper B and Paper C where typed on the Illumina ImmunoChip, which 

is a custom SNP genotyping array that was specially designed for GWAS of immune-related diseases. 

It is described in more detail below. Additionally, the concepts of HLA typing and imputation (Paper B 

and Paper C) are introduced and genetic association analyses in the context of the HLA are discussed. 

This chapter ends with the description of useful resources that were also used to validate findings in 

Paper C. 

 

4.3.1. Linkage Disequilibrium  

Linkage disequilibrium (LD) is a term used to describe the non-random association of alleles at different 

genomic locations: As a very basic description, LD results from the fact that neighbouring genomic 

regions are inherited together (on a haplotype) across generations68. This concept is shown in Figure 

16.  

 

 

Figure 16 – Linkage disequilibrium explained.  
Figure taken and modified from Bush and Moore68. Original description: Figure 2. Linkage and Linkage 
Disequilibrium. Within a family, linkage occurs when two genetic markers (points on a chromosome) 
remain linked on a chromosome rather than being broken apart by recombination events during 
meiosis, shown as red lines. In a population, contiguous stretches of founder chromosomes from the 
initial generation are sequentially reduced in size by recombination events. Over time, a pair of markers 
or points on a chromosome in the population move from linkage disequilibrium to linkage equilibrium, 
as recombination events eventually occur between every possible point on the chromosome.  
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The term haplotype is used to describe the co-occurrence of alleles located on the same genomic 

strand. In turn, linkage equilibrium describes the situation in which alleles at different genomic locations 

are inherited completely independently of each other. Several other factors influence the patterns of 

linkage disequilibrium besides recombination events in gametes. These are described in detail in Ardlie 

et al.69 and only shortly introduced here. LD values are influenced by recombination rates across the 

genome – i.e. recombination hot spots exist, where recombination events occur more frequently. 

Factors influencing the LD at the population level include inbreeding within a population (generally 

higher values of LD are observed here) and migration/admixture between populations of different 

ancestries (lower LD values observed in the first generations). Another factor at the population level 

includes genetic drift, which refers to the fact, that only part of the genetic material of a generation is 

given to the next generation, and processes of natural selection in which of whole haplotype stretches 

or single markers may be kept in or deleted from the pool of genomes. Finally, mutation events and 

gene conversion events (also termed homologous recombination, in which gene segments are 

replaced from homologous sequences of the opposite chromosome70) may influence the LD. Several 

measures to calculate the LD exist68. The most frequently used measure of LD in genetic association 

studies is the r2-measure. To calculate r2, the observed haplotype frequency of two alleles at different 

genetic positions/loci is compared to the expected haplotype of these alleles under the assumption of 

independence as: 

Equation 1 

r2 =
(pAB − pA ∗ pB)2

pA(1 − pA) ∗ pB(1 − pB)
 

 

Here, 𝑝𝐴𝐵 denotes the frequency of the haplotype with allele A at the first marker and allele B at the 

second marker. 𝑝𝐴 ∗ 𝑝𝐵 denotes the haplotype frequency of the same haplotype alleles at markers A 

and B under the assumption of statistical independence, which is calculated as the product of the 

frequencies of allele A (𝑝𝐴) and allele B (𝑝𝐵). The denominator√𝑝𝐴(1 − 𝑝𝐴) ∗ 𝑝𝐵(1 − 𝑝𝐵) is used to 

standardize the measure. The 𝑟2 can range between 0 and 1. An 𝑟2 = 1 describes a situation of 

complete LD (i.e. markers are highly correlated and typically located closely within a genome) and 𝑟2 =

0 describes incomplete LD (i.e. markers are not correlated and typically located far away from each 

other within a genome)68. The confidence of LD estimates can be calculated by bootstrapping of the 

study population and determination of the 2.5% and 97.5% percentiles of the resulting distribution.  

 

When the haplotype frequency of two alleles is unknown, i.e. data were not phased before calculation 

of LD, it can be approximated by appropriate methods as described for instance by Gaunt et al.71. For 

the analysis of multiallelic markers, classical LD measures are inaccurate and other measures, that 

take the contribution of more than two alleles to observed SNP haplotypes into account, need to be 

considered72. This was observed especially during the computation of classical LD measures within 
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the HLA for the preparation of Paper C, since one HLA locus can have many different alleles. Here, I 

calculated the percentage an HLA allele of interest occurred with another allele at a different locus. 

This accounted for the fact that infrequent alleles may be located on the same haplotype as very 

frequent alleles with overall small LD, due to the high number of diverse haplotypes of the frequent 

allele. As a result of this thesis this method and the production of haplotype maps using this method, 

is described further in Chapter 5. 

 

4.3.2. Genotyping and the Illumina ImmunoChip 

Genotyping of single nucleotide variants (SNVs; minor allele frequency (MAF) <1%) and single 

nucleotide polymorphisms (SNP; MAF >=1%) was carried out in this study using a genotyping array 

produced by the company Illumina – the ImmunoChip. Genotyping arrays are designed for the high-

throughput analysis of SNPs, using fluorescently labelled oligonucleotide sequence specific probes. 

SNP genotypes are inferred from the intensity of the fluorescence emitted when probes (each carrying 

the sequence of the respective SNP allele) labelled with a red or green fluorophore bind 

complementarily to the DNA. To infer the SNP genotypes computationally, calling algorithms (i.e. 

Opticall73, GenomeStudio automatic clustering: software provided by Illumina) that are based on 

clustering of the measured SNP intensities (Figure 17).  

 

 

Figure 17 – Experimental workflow for SNP genotyping. 
For each individual, genotypes are measured on a genotyping array using fluorescently labelled probes 
that are complementary to stretches of the genomic DNA. Upon binding, fluorescence is emitted and 
registered. Genotypes are called using clustering algorithms across all individuals measured on the 
array based on the emitted light intensities. 
 

The design of SNP genotyping arrays was aided by large genome sequencing efforts including the 

Human Genome Project in which polymorphic nucleotides in the human genome were identified, as 

well as the Human Haplotype Project (HapMap), in which the LD structure was used to establish SNP 
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haplotype blocks. Harnessing LD structure, the variation of the genome could now be explained by 

single “tag-SNPs”, reducing the number of SNPs that needed to be typed in order to analyse a large 

portion of the genome. 

 

The Illumina ImmunoChip is a custom genotyping array specially designed for the analysis of immune-

related diseases. It was used in two different versions in this study – the HumanImmuno v1 Beadchip 

and the Illumina ImmunoArray-24 v2. The larger part of the data was genotyped on HumanImmuno 

version 1 Beadchip, while the Maltese dataset in Paper C was genotyped on the Illumina 

ImmunoArray-24 version 2. This is because at the time the Maltese dataset was measured, the version 

1 chip had gone out of production. The HumanImmuno version 1 Beadchip covers 195,524 variants of 

which 718 are small insertion/deletion polymorphisms and 194,806 are SNPs. Insertion/deletion 

polymorphisms – short InDels – refer to deletions or insertions of nucleotide sequences rather than 

variation of single nucleotides. It contents are discussed in great detail in the doctoral thesis of Jostins74 

and described also by Cortes et al.75. The ImmunoChip was initiated by the Wellcome Trust Case-

Control Consortium and designed by the Illumina ImmunoChip consortium consisting of leading 

investigators in the research fields of immune-mediated diseases with the goal of deep replication of 

established susceptibility loci for known immune-mediated diseases and fine mapping thereof74,75. In 

total 50,000 SNPs from 186 loci implicated in genome wide association studies (GWAS) of 17 major 

autoimmune diseases including, type 1 diabetes, celiac disease, inflammatory bowel disease, multiple 

sclerosis, ankylosing spondylitis, rheumatoid arthritis, vitiligo, and systemic lupus erythematosus were 

included. In addition to these 186 loci, the HumanImmuno version 1 Beadchip contains 100 SNPs from 

the Killer-cell immunoglobulin-like receptor (KIR) region, 6378 SNPs across the HLA and 848 SNPs 

from the National Human Genome Research Institute (NHGRI) GWAS catalogue. Additionally, SNPs 

from gene-candidate and rare SNPs from sequencing projects were added.74 

The ImmunoArray-24 version 2 Beadchip was designed by Illumina with new content “produced by the 

research community” based on unspecified research publications. It contains 86,234 new SNP markers 

and approximately 164,000 markers retained from the HumanImmuno version 1 Beadchip. It contains 

additional loci from the NHGRI GWAS catalogue and published ancestry markers. In total, again 17 

different immune-related are represented on this chip. More information on the chip could not be 

retrieved even upon request to Illumina. In this study, pre-called data were used for the larger part of 

the data (data from Liu et al.36), i.e. data for which the genotypes had already been inferred using the 

genotype caller Opticall. For newly added data, the idat-files (containing intensities) were received. 

The dataset from Malta was measured in house. Intensities for the newly added data were extracted 

using the Immuno_Beadchip_111419691_B manifest file and called using Opticall. 
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4.3.3. Concepts behind SNP association analyses 

Association analyses of SNPs, SNVs and HLA variants are used for the study of complex, non-

Mendelian diseases. Here the association of genomic variants with a trait – typically the binary trait 

case-control status – is analysed with single tests for each genomic variant measured in a study. Metric 

traits (e.g. blood measurement) can also be analysed, typically in a control population. This analysis is 

however less commonly conducted. When SNV variants within the HLA and HLA alleles are analysed, 

this study is referred to as an HLA fine mapping study in the literature. Association analysis of 

SNPs/SNVs across the whole genome are called genome-wide association studies (GWAS). In Paper 

C, we performed an HLA fine mapping study, analysing SNP and HLA allele variation within the HLA 

region only. The concepts needed to understand the outcome of such an analysis are explained below. 

In case-control type association studies, the association between the binary disease outcome and 

genomic variant is analysed by statistically assessing whether a certain allele occurs significantly more 

often in one group than in the other. 

 

Minor and major allele 

Association analysis are typically conducted on the SNP, SNV or HLA variant that is less common 

within a population – referred to as the minor allele. The allele frequency of this allele is calculated as 

the minor allele frequency – short MAF. The major allele refers to the more frequent allele in the study. 

In Paper C, the association of HLA alleles was also conducted on the major allele in some instances 

(explained below). Their frequency is therefore referred to by AF. 

 

Coding of biallelic SNVs and InDels 

SNVs are described by the observed nucleotides (A, C, T, G). InDels are either described as I or D (for 

insertion or deletion) or the nucleotide sequences of the InDel (e.g. A, ATTTTC). In the most used 

multiplicative model, that assumes that logarithmic odds (see below) of the disease are linearly 

dependent, i.e. additive on a log scale, genotypes are coded as 0,1 or 2 based on the minor allele. Let 

A be the minor allele and B be the major allele, then the genotype BB is coded as 0, the genotype AB 

is coded as 1 and the genotype AA is coded as 2. SNVs and InDels can also be multiallelic (i.e. have 

more than 2 alleles), in which case each variation is considered separately (i.e. the most frequent allele 

against the others). Other genotype models, which describe a recessive or dominant effect of an allele, 

are coded differently and described for instance by Clarke et al.76. 

 

Coding of multiallelic HLA alleles 

HLA alleles are per definition multiallelic. In an HLA fine mapping study, each HLA variation is 

considered separately and coded as either absent (A) or present (P). The minor allele for most HLA 

alleles is its presence “P”. For some alleles at less diverse genetic loci (HLA-DPA1, HLA-DRB3/4/5) 
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the minor allele is its absence “A”. To maintain a consistent coding of these HLA alleles compared to 

the alleles for which P was observed as the minor allele, statistics were calculated on their major allele 

“P”. HLA genotypes were coded as 0=AA, 1=PA, 2= PP.  

 

Confounders 

In a SNP/SNV/HLA association analysis, confounders are variables that, besides the genotype, also 

have an influence on the trait of interest These include for instance the population diversity within a 

study measured in the form of principal components (PCs) or other variables that have clinically been 

shown to have an influence on a disease (i.e. age, gender, body mass index (BMI)). PCs are calculated 

as a step in a typical GWAS quality control77 to detect outliers (e.g. outliers based on ethnicity, 

individuals that do not map to the population of interest). They are included in a GWAS to control for 

population stratification (i.e. differences in allele frequency merely based on differences in ancestry), 

even after exclusion of outliers. Typically, 5-10 PCs are included in a GWAS and chosen based on 

which PCs reduce the so-called genomic inflation factor. The genomic inflation factor is an indicator for 

population stratification and is calculated based on selected variants using the χ2- distribution.  

 

Contingency tables & the odds ratio (OR)  

Statistical tests that do not consider cofounders for the analysis of binary traits include the χ2 – and 

fisher exact test (the latter is especially used for the analysis of low-frequency variants). These tests 

compute statistics on so called contingency tables. In a GWAS context, contingency tables, summarize 

the number of individuals that are affected or unaffected by a disease and carry/or don’t carry a specific 

nucleotide or HLA variant as described in Table 5.  

 

Table 5 – Example table to explain the concept of the odds ratio (OR). 
Allele A is the less frequent allele that calculations are based on. The table shows observed frequencies 
of each allele in the two groups in a hypothetical sample. 

  variant A  
(minor allele) 

variant B 
(major allele) 

  

affected 5 (a) 10 (b) 15 

unaffected 7 (c) 10 (d) 17 

  12 20 Σ =32 

 

The P-value of association is then calculated based on these tables as described in more detail 

elsewhere78. Since we conducted association analysis with confounders in Paper C, the concept of 

contingency tables is only used to introduce the concept of the odds ratio in the following. The effect 

of an allele (whether it is a protective or risk allele, and the extent of the effect) is calculated as an odds 

ratio (OR), usually reported in combination with the 95% confidence interval (CI) calculated from the 

standard error (SE) of the OR and the OR. 
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Equation 2 

𝐎𝐑 =
𝐚
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𝐝
, 𝐒𝐄 = √

𝟏

𝐚
+

𝟏

𝐛
+

𝟏

𝐜
+

𝟏

𝐝
, 𝟗𝟓%𝐂𝐈 = 𝐞𝐱𝐩(𝐥𝐨𝐠(𝐎𝐑) ± 𝟏. 𝟗𝟔 ∗ 𝐒𝐄) 

 

In the context of association analysis carried out for a SNP or HLA alleles, the OR is the quotient of the 

odds of getting a disease when carrying a specific allele, and the odds of getting the disease when not 

carrying this allele. An OR equal to 1 indicates that the allele of reference (i.e. minor allele in most 

cases) does not have an effect, an OR<1 indicates that an allele is protective for a disease and an 

OR>1 indicates, that the allele of reference confers risk. The question of “how big is a big odds ratio” 

is addressed by Chen et al.79. At a disease frequency of 1%, they state that odds ratios indicative of 

small, medium and large effects should have values of 1.68, 3.47 and 6.71 (this is based on the more 

easily interpretable Cohen’s d (unrelated to d in Table 5) – the standardized effect measure in a 

classical t-test, in which d = 0.2 ~ OR=1.68, ad=0.5~OR=3.47 and d=0.6~6.71)79. In GWAS of complex 

diseases, the ORs are typically small with OR<1.5. These allele-based tests assume equilibrium 

according to Hardy-Weinberg.  

 

Logistic regression analysis 

Regression analyses are used to analyse a trait under the assumption that there are additional 

confounders that influence the trait. In a case-control study, logistic regression is typically used. The 

general logistic regression (also termed Logit-model) estimates  

Equation 3 

ln (
P(Yi = 1)

P(Yi = 0)
) = xi1β1 + xi2β2 + ⋯ . . + xinβn + ϵ 

 

for i=1,….,N individuals, with error ϵ, regression coefficients vector 𝜷 = (𝛽1, 𝛽2, … , 𝛽𝑛) and independent 

variables (i.e. genotype + confounders) xi. In logistic regression the effect estimates cannot be 

calculated analytically, and iterative algorithms are used. For better interpretation of the effects 

estimate, it is transformed into the odds ratio. 

Equation 4 

OR = exp(β) , 95%CI = exp (β ± 1.96 ∗ SE) 

 

The P-value of association is calculated from the beta coefficient of the SNP using appropriate statistics 

like the Wald-statistic. 
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Multiple testing problem 

In a typical GWAS several hundred thousand to more than a million markers are analysed in parallel. 

In general, the errors made in statistical inferences increase with the number of tests performed (false 

positives) if the nominal significance level of 5% is used. This needs to be considered in the 

interpretation of the association P-values. Several different methods to adjust for multiple testing exist. 

In the context of GWAS, the correction by the Bonferroni method is used. Here the P-value of an 

association is simply multiplied by the number of tests. In a typical GWAS, two thresholds are used to 

define significantly associated variants, instead of a direct correction for multiplicity. These thresholds 

are static thresholds at which the number of possible tests needed to be performed in a GWAS was 

estimated at 106. Specifically, the number of common independent variants with a MAF > 5% was 

estimated to be 150 per 500 kilo base pairs by the HapMap consortium. With an extrapolation to 3.3 

giga base pairs this amount corresponds to about 106 independent variants80–82. The P-value cutoff for 

significance was then adjusted according to Bonferroni-Holm as the quotient of 0.05 and 106, which is 

5x10-8. Nominally significantly associated P-values are smaller than 10-5. In the recent past and 

considering the growing number of variants that can be tested in a GWAS, whole exome analyses 

(WES) or whole genome analyses (WGS), these thresholds have been reanalysed by various groups. 

They generally confirmed the threshold of 5x10-8 for variants with a frequency of >5% and suggest 

more stringent thresholds for the analysis of lower frequency variants in the European population 

(based on LD analyses)80–82. In Paper C, we focused more on the consistency of effects measures 

regarding effects direction (risk or protective) and magnitude, simply because the sample size of some 

the analysed cohorts – and hence the power (discussed in Chapter 6.4.1) to detect an effect – is small.  

 

Metaanalysis concepts 

Information in this paragraph is mainly based on Borenstein et al., Morris et al. and Lee et al.83–85. 

 

Results from multiple association studies can be combined using meta-analysis approaches, which 

increase statistical power for the detection of association but also allow for the analysis of the 

robustness of an effect (i.e. are effect sizes consistent across multiple studies and is the variation of 

an effect random or not)83. Meta-analysis methods combine effect sizes – and their variance – across 

different studies under model dependent assumptions. In the analysis of binary traits, the meta-analysis 

is conducted on the OR and its standard error. The standard error is a measure of the precision of the 

estimated effect primarily driven by the number of individuals that were used (i.e. it is larger for small 

studies) and study design (i.e. matched case-control studies, in which clinically relevant outcomes 

other than the outcome of interest are used to pair a case with a control, usually result in higher 

precision). Standard meta-analysis approaches differentiate between fixed effects and random effects. 
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Primer on fixed-effects meta-analysis 

In a fixed effects meta-analysis, it is assumed that all factors that influence the estimate are the same 

in each analysed study and the true effect size is the same for each study. The true effect refers to the 

effect that one would measure in a population of infinite size (rather than a subsample of this 

population). The estimate of an effect is assumed to differ from the true effect only by a random 

sampling error. This error may be larger in small populations. In the fixed-effects meta-analysis the 

number of samples is therefore used to weight the effect estimates derived from the different studies.  

 

Primer on random-effects meta-analysis 

The random effects meta-analysis assumes that factors that influence the estimate are different 

between each study (e.g. patients in one study are leaner or younger than in the other). Therefore, in 

random effect studies the between-study variation is considered additionally to the random sampling 

error.83 

 

Primer on trans-ethnic meta-analysis 

A trans-ancestry meta-analyses, as apparent from the name, is a meta-analysis across studies of 

diverse ancestries. Neither fixed-effects models – that cannot adequately account for heterogeneity 

across studies, nor random effects models – that cannot account for similarity of allele frequencies in 

closely related studies while simultaneously considering differences in allele frequencies in more 

divergent populations, are applicable. In Paper C, we used a method called RE2C to analyse 

heterogeneity of effects across the populations of interest. This method was developed by Lee et al. 

and extends the random effects model RE proposed by Han and Eskin85,86. Using simulated and real 

data, Han and Eskin showed, that the classical random effects model is underpowered to detect an 

effect when large inter-study heterogeneity is observed. They proposed the new random effects model 

RE. RE is based on a likelihood-ratio test, while assuming no heterogeneity under the null hypothesis. 

In traditional random effects models the assumption is that heterogeneity exists under the null 

hypothesis. RE2C can also cope with correlated statistics from studies with overlapping samples. The 

latter is extremely helpful in meta-analyses today, with samples – most often unknowingly – being 

shared across biobanks and genotyping initiatives such as 23AndMe and UK Biobank. In our study, no 

samples overlapped, such that we used RE2C only for the analysis of heterogeneous effect sizes 

across the different analysed populations. In RE2C, a P-value of associations across the studies is 

produced, while no common effects estimate is computed. RE2C also introduces a new method to 

analyse genetic variation across studies where heterogeneity of effect sizes is present. To facilitate the 

interpretation of results across different ethnicities and HLA alleles at the first glance, I developed a 

special meta-analysis plot (Figure 2 of Paper C).  
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4.3.4. Methods for HLA typing  

In the mid-20th century and from thereon for a long period of time, typing of the HLA was mainly 

performed by serotyping using amongst others micro toxicity assays. In these assays the serum of an 

individual is incubated with different antibodies against known HLA antigens and factors of the 

complement system contained in rabbit serum are added. Upon antibody binding, cells are lysed by 

activation of the complement system and a fluorochrome dye can enter the cell. This dye is 

subsequently detected by microscopy using a phase-contrast microscope87. Individuals are assigned 

the HLA type for which HLA antigens stimulated a response in the analysed serum. This evolved to 

sequence-based typing (SBT) by the sequence specific oligonucleotide probe (SSOP) and sequence 

specific primer (SSP) as well as Sanger sequencing of exons 2 and 3 (HLA class I) and exon 2 (HLA 

class II), which are the most variable sections of the HLA region87,88. The SSOP method is based on 

fluorescently labelled probes that complementarily bind to the polymorphic sequence of the HLA. To 

type an HLA allele, sequence specific oligonucleotide probes complimentary to different HLA 

sequences are added to immobilized Polymerase Chain Reaction (PCR)-amplified locus-specific DNA. 

A light signal is emitted upon probe binding that is detected by chemiluminescence87. SSP is based on 

sequence specific primers that only bind to a target HLA sequence. This sequence is then amplified 

and can be detected as a fragment on an agarose gel87. Depending on the number of probes or primer 

pairs used, these methods can distinguish HLA alleles with varying resolution. Typically, they follow an 

iterative protocol in which the allelic group is determined first, followed by a more accurate typing of 

allelic diversity within this group87,88. With decreasing costs and more accurate sequence alignment 

protocols, NGS-based HLA typing has become an increasingly popular method for the typing of HLA 

alleles. In this thesis a protocol developed by Wittig, Juzenas et al.88 was used to type the individuals 

that were used for the compilation of our high-resolution, manually curated HLA imputation reference 

(Paper B) and is described in more detail in “HLA Typing – Methods and Protocols” published by 

Springer89 and also shown in Figure 18. Using nucleotide sequences of HLA alleles documented in the 

IMGT/HLA database, Wittig et al. designed 16,351 biotinylated RNA baits covering a length of 215.5 

kilo base pairs (kb) for target enrichment. Here, sequences derived from the HLA region are targeted 

from fragmented whole genome DNA and extracted. To determine an individual’s HLA profile using this 

method, their DNA is fragmented, and a standard DNA library is prepared. Biotinylated RNA baits that 

are complimentary to HLA variations from the IMGT/HLA database bind to the fragmented DNA, which 

is captured using streptavidin coated magnetic beads that attach themselves to the biotinylated RNA 

baits. The captured fragments are then amplified using PCR and sequenced on a second-generation 

sequencer resulting in paired-end sequences of length 100-150 bp.  
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Figure 18 – RNA typing protocol used for the analysis in this study  
Figure was taken from “HLA Typing – Methods and Protocols” published by Springer89. Original and 
shortened description: Fig. 1 Workflow. The workflow starts with two independent parts, the bait 
synthesis and the library preparation. For the bait synthesis a tiling of the target sequence is performed, 
which means all target sequence is fragmented into 120 bp parts. This can be performed in overlapping 
or nonoverlapping manner. For the HLA design nonoverlapping tiling was performed as the template 
sequence was a collection of all known HLA allele sequences, which is already a very redundant 
template. For the gDNA perform random fragmentation followed by a library preparation of the 
fragmented DNA. The library preparation adds sequences to the fragment flanks, which are needed 
during the sequencing reaction. These sequences consist of primer-binding sites, inserts, and indices 
(molecular barcodes) and the so manipulated gDNA is ready for sequencing. Perform a hybridization 
of the RNA baits and ready-to-sequence DNA to bind the target DNA to the biotinylated RNA baits. 
Using Streptavidin coated magnetic beads it is possible to capture the RNA-DNA-hybrids and to get 
rid of the majority of unspecific DNA. The captured DNA goes on a 2nd generation sequencer which 
generates a pair of fastq files (sequence data plus quality data). These fastq files can be analysed with 
appropriate HLA calling software. 
 

Fastq files, produced by the sequencer, are subsequently analysed using a computational method 

developed by Wittig et al. on a graphical user interface (GUI) (Figure 19)88. The software can be 

downloaded from https://hlassign.org/.  

 

https://hlassign.org/
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Figure 19 – GUI of the HLAssign software for a chosen locus – HLA-C. 
Figure taken from hlassign.org/release-notes/. Original description: New HLAssign user interface 
design. This screenshot shows the HLA typing results in the graphical quality control mode of 
HLAssign. Additionally, the evenness of the read distribution (i.e. larger gaps between two homologous 
parts of other loci (this may for instance be the case for HLA-A and HLA-H and HLA-DRB3/4/5 and 
HLA-DRB1)) are considered.  
 
Reads obtained from the sequencing are mapped to the cDNA collection of the IMGT/HLA database. 

Matching of the sequenced reads to the reference is evaluated as follows: Only perfect matches 

between the reference and the sequenced reads are allowed, and only single-start point are retained 

(i.e. copies of the same read are reduced to 1). cDNAs with a central read coverage, calculated as a 

ratio of central reads)/(noncentral reads), <0.2 are discarded as overlapping reads. 

For each cDNA pair (i.e. pair of alleles) the coverage calculated “as the area under the curve (auc), the 

number of reads that map exclusively to one of the two alleles (allele-specific mappings, asm), the 

number of mapped pairs per read (mppr), the length of the mappable sequence (msl)” and the read 

equality (req) are calculated88. “The read equality is calculated as the ratio of min(asm)/max(asm). After 

these values are calculated for all allele combinations, they are scaled between 0 and 1. The most 

likely genotype is the one that had the highest harmonic mean for all these measures”88. During manual 

selection of the alleles, allele pairs per locus are ranked according to the harmonic mean of the 

measures described above. For the construction of the HLA imputation reference in Paper B, Michael 

Wittig manually called the main part of the HLA data. I called HLA-DRB3/4/5 in all populations and the 

Japanese cohort. 
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4.3.5. HLA imputation 

GWAS typically analyse genotypic information from several thousand individuals to increase the 

statistical power of detecting an effect. Large disease consortia like the International IBD Genetics 

Consortium (IIBDGC), of which our group is a member, combine studies across the globe to achieve 

this goal. Statistical power of detection especially needs to be considered in the analysis of the highly 

polymorphic HLA region, where not only two to four but thousands of different variations may exist, and 

even larger study cohorts are needed. This soon becomes a problem of financial feasibility. Typing of 

the classical HLA alleles cost > 50€/per sample using NGS and several hundred € using conventional 

SBT methods. With 20,000 and more individuals analysed in larger association analyses, the 

endeavour of HLA typing becomes cost- and highly labour-intensive and other solutions are needed. 

HLA imputation refers to the inference of HLA types for individuals with an unknown HLA profile but 

known SNP genotypes from a reference dataset containing known HLA allele and HLA SNP genotype 

information. It was introduced by Leslie et al. in 200890 as the LDHLA algorithm which was further 

developed by Dilthey et al.91,67 as HLA*IMP (2011) and HLA*IMP:02 (2013). HLA imputation makes 

use of genotypes measured using SNP array technology. This is data that is most commonly already 

available for individuals included in studies of GWA. To create a reference dataset, HLA allele 

information is measured using suitable typing methods and used together with the genotype 

information to create a reference dataset. The accuracy of HLA imputation highly relies on the size of 

and allelic diversity covered in a reference dataset as well as ancestry background of both input and 

reference data (Paper B) and does not reach diagnostic accuracy. Approaches for the inference of 

HLA alleles including HLA*IMP/HLA*IMP:02, SNP2HLA66 and HLA Genotype Imputation with Attribute 

Bagging (HIBAG)92 and reviews thereof93–95 have been published in in the last decade. For our own 

analysis we considered both SNP2HLA and HIBAG, which were easily available, straight-forward in 

their application and had been shown to be accurate92,96. However, the libraries of HLA alleles 

considered in SNP2HLA were out-of-date and a larger effort would have been required to update the 

tool. HIBAG, on the other hand, is a tool that is independent of predefined HLA libraries, with the 

drawback, that at the time we constructed the model, it was computationally time and resource 

intensive. Since then faster algorithms for computation on the Graphic Processing Unit (GPU) have 

been developed. HIBAG is an HLA imputation approach based on supervised machine learning that 

uses attribute bagging and is available as an R-package (https://github.com/zhengxwen/HIBAG)97. It 

was published by Zheng et al. in 2014. The HIBAG model is shown in Figure 20. The general workflow 

of an HLA imputation is shown in Figure 21.  

 

https://github.com/zhengxwen/HIBAG
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Figure 20 – Overview of the HIBAG prediction algorithm. 
Figure was taken from Zheng et al.92. Original description: Overview of the HIBAG prediction algorithm. 
HIBAG is an ensemble classifier consisting of individual classifiers (Ck) with human leukocyte antigen 
(HLA) and single-nucleotide polymorphism (SNP) haplotype probabilities estimated from bootstrapped 
samples (Bk) and SNP subsets (Sk). The SNP subsets are determined by a variable selection algorithm 
with a random component. HLA-type predictions are averaged over the posterior probabilities from all 
classifiers. 
 

To explain HLA imputation using HIBAG, we mainly cite from the original paper by Zheng et al. and a 

book chapter entitled “Imputation-Based HLA Typing with SNPs in GWAS Studies” from “HLA Typing 

– Methods and Protocols” published by Springer89.  

As introduced above, HIBAG is short for HLA Genotype Imputation with Attribute Bagging. Attribute 

bagging here refers to a repeated random sub sampling with replacement of individuals with known 

HLA and SNP genotype profiles (i.e. an individual can be present more than once in a subsample of 

the size of the original dataset; termed bootstrap aggregating or bagging), combined with random sub 

sampling with replacement of the feature space (here the features space is represented by SNPs) 

information at chosen positions. With each of these subsamples, a classifier is constructed that groups 

the SNP genotypes of individuals in this sub sample to the observed alleles. This grouping is performed 

for each locus separately based on the HLA alleles the individuals in the respective subsample carry. 

SNP haplotypes and their frequencies are estimated using an expectation maximization algorithm on 
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the joint probability of an HLA type and the SNP genotypes and is described in more detail in Zheng et 

al.92. Genomic positions that are most predictive for differentiating between all alleles of a locus are 

identified for each classifier using a stepwise procedure aimed at minimizing the error of classification 

(i.e. predicted HLA allele) calculated from the samples not used within a classifier (termed also out-of-

bag samples). Highly predictive SNPs are likely to be used across multiple classifiers. The different 

classifiers are then combined to build an ensemble classifier.  

 

 

Figure 21 – Workflow of imputation using HIBAG. 
Figure was taken from the book chapter entitled “Imputation-Based HLA Typing with SNPs in GWAS 
Studies” from “HLA Typing – Methods and Protocols” published by Springer89. Original description: Fig. 
1 Computational workflow for HLA imputation using SNP data. (a) the training datasets consist of HLA 
and SNP genotypes; (b) computing equipment can be a desktop, a cluster of compute node, or a 
graphics processing unit (GPU); (c) the HIBAG R package can be downloaded from Bioconductor 
(BioC) and the training algorithm is freely available in the package; (d) SNP profiles are required for 
imputing HLA types of new individuals; (e) the parameter estimates are the output of the training 
algorithm and the pre-fit classifiers are published online; (f) the prediction algorithm is freely available 
in the HIBAG package; (g) the prediction results are best-guess HLA types and their confidence scores. 
 
The HLA allele information for an individual with previously unknown HLA genotype is then inferred by 

comparing this individual’s SNP genotype information to the haplotypes stored in the ensemble 

classifier and the HLA alleles with the highest probability across all classifiers are chosen. The alleles 

that best fit to the observed SNP genotype information across all classifiers is predicted. The accuracy 

of HLA imputation depends on the number of samples used in the HLA reference, the number of SNPs, 

the frequency of the HLA alleles in a population and the ancestry of the individuals used for construction 
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of the HLA reference panel – i.e. the reference population and study population should be of closely 

related ancestries. Both sample number and divergent populations within a reference panel, increase 

the allelic diversity in the HLA reference. HIBAG models were released with the software and are 

available on http://zhengxwen.github.io/HIBAG/hibag_index.html showcasing many different SNP 

arrays from Affymetrix and Illumina for African American, Asian, European and Hispanic ancestries. A 

notion of caution is advised, since these datasets were generated before a major HLA nomenclature 

update in 2010 and it is not quite clear whether they follow standard G- or P-group notations. The 

model produced in Paper B was added to the HIBAG repository and is available at 

http://zhengxwen.github.io/HIBAG/hibag_index.html. 

 

4.3.6. HLA-peptide binding 

HLA molecules bind peptides inside the peptide binding groove. While HLA class I proteins 

preferentially bind to peptides of length 9-15 amino acids, peptides that are bound by HLA class II 

proteins can be longer and typically have a length of 15-30 amino acids. This is due to the fact that the 

peptide binding groove of HLA class I molecules is closed at both ends, while the peptide binding 

groove of HLA class II molecules is open at both ends. The core recognition site of HLA class II 

molecules has a length of 9 amino acids and is displayed in Figure 22.  

 
Figure 22 – Crystal structure of the HLA class II binding groove.  
Figure was taken from Yeturu et al.98. Original and shortened description: Figure 1: Structure of an 
MHC class II binding groove. (A) Binding domain of HLA-DR1 [PDB:1DLH], with the five pockets in the 
binding groove highlighted (P1 – red; P4 – yellow; P6 – green; P7 – blue; P9 – purple).  
 

 

For HLA class II proteins, the amino acids of the HLA that come into contact with the amino acids of 

the peptide are grouped into so called pockets (P). In total 9 pockets (P1 to P9) are defined for HLA 

class II proteins, with anchor residues, i.e. residues that are most important for HLA-peptide binding, 

http://zhengxwen.github.io/HIBAG/hibag_index.html
http://zhengxwen.github.io/HIBAG/hibag_index.html
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at pockets 1, 4, 6, 7 and 9. Flanking regions are either side of the core recognition site also affect HLA-

peptide binding. Several machine learning algorithms to predict HLA-peptide binding exist. These 

algorithms are trained on experimental data mostly measured manually in the lab that are deposited in 

the Immuno Epitope Database or HLA peptides identified by Mass Spectrometry and peptide 

immunopurification studies in cell lines99–101. In this study we used the HLA-peptide binding tool 

NetMHCIIpan-3.2. NetMHCIIpan can predict the peptides that bind to any HLA allele by extrapolation 

across HLA alleles that it was trained on using pseudosequences generated for the alleles, while 

NetMHCII predicts HLA-peptide binding only for alleles that this tool was trained on.  

 

4.3.7. Useful resources 

These resources are also described in more detail in “HLA Typing – Methods and Protocols” published 

by Springer89. 

 

The IPD-IMGT/HLA database 

The IMGT/HLA database is a central repository for human sequences of the HLA. It was first released 

in 1998 and was later incorporated into the Immuno Polymorphism Database (IPD) that was released 

200255. It currently contains 26,518 (IPD-IMGT/HLA version 3.39.0) allele sequences of 43 genes (6 

HLA class I, 12 HLA class I pseudogenes, 21 HLA class II and 5 other non-HLA class I and class II 

alleles) and is updated every three months. Since its release there have been 90 releases (1.0-1.16, 

2.0-2.28, 3.0.0-3.39; Figure 23). The IMGT/HLA database, amongst others, provides FASTA files for 

all known HLA alleles based on full gene, coding gene and amino acid information as well as alignment 

files for each locus. Additionally, updates in nomenclature as well as changes in allele status are 

recorded. The current releases all follow the nomenclature from 2010 (Chapter 4.2.2). Allele status 

here refers to whether an allele is retained in or deleted from a data release based on additional 

information gathered on an allele between releases, e.g. errors in the sequence or information on 

expression of an allele. Reasons why alleles are changed from release to release, are for instance the 

identification of errors in a submitted sequence. Most often alleles with errors in the sequence are 

found to be equal to another already submitted sequence and are deleted. Alleles are changed when 

longer read information is obtained or the expression status is evaluated. Apart from data on the human 

allele specifications, sequence information on an additional 80 organisms can be accessed from the 

IDP-MHC database (Release 3.4.0.0).  
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Figure 23 – Number of HLA sequences available at the IPD-IMGT/HLA up to release 3.39.0. 
This is a selection of genes present in the database. Figure was created from 
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/Allelelist_history.txt. We noted the first and last version 
number of a base version (i.e. version 1,2,3), where 3390 corresponds to version 3.39.0. 
 
The IMGT/HLA database is available at https://www.ebi.ac.uk/ipd/imgt/hla/. The web front provides 

additional web-based services for aligning and blasting of HLA allele sequences and queries for HLA 

alleles with specific submission status or ethnical origin. Historically, many of the alleles uploaded to 

the IMGT/HLA database have included only exons I and II for HLA class I molecules and exon II for 

HLA class II molecules, which are the regions that are functionally most variable. Currently the 

IMGT/HLA database still excepts partial sequences in addition to full length genomic sequences for 

submission into the database. With decreasing costs of NGS and the generation of an increasing 

number of genomic sequences, the number of sequences submitted to the IMGT/HLA database is 

expected to increase substantially. The impact of NGS-based HLA typing can also be seen in Figure 

23. Still, the coverage of HLA class I alleles is at present significantly higher than the coverage of HLA 

class II alleles.  

  

ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/Allelelist_history.txt
https://www.ebi.ac.uk/ipd/imgt/hla/
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The HLA alleles website 

The website hla.alleles.org presents a useful resource to learn about HLA nomenclature, its history 

and updates thereof. It is tightly linked to the IMGT/HLA database, listing alleles present in the 

databases and providing an overview of which loci have been typed. It presents information on HLA 

nomenclature reports – which contain changes in nomenclature across different timepoints – and basic 

knowledge on how alleles are named.  

 

HLA frequency database 

The allele frequency net database (AFND) is a web-based resource (http://allelefrequencies.net/) 

that stores HLA allele and HLA haplotype frequency information for worldwide populations102. In 

addition, information on other immune genes (Killer-cell immunoglobulin-like receptor: KIR, cytokines, 

Human MHC class I chain related genes: MIC) can be queried in various populations (Figure 24).  

 

 
Figure 24 – Populations for which information is available in the AFND.  
Figure was taken and modified from the AFND webpage. The map used here is based on the google 
maps and was retrieved on the 1st of April 2020. A satellite image was chosen. Original description: 
Map 1. Populations in the Allele Frequency Net Database (blue: HLA, red: KIR, green: cytokines, 
yellow: MIC). 
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In March 2020, frequency information from 10,688,428 individuals originating from 1,717 different 

populations were available on the AFND across all stored frequencies for the genes described in Figure 

24. The AFND provides several additional resources, including an epitope frequency search currently 

available for HLA-A, -B and -C and information of HLA drug reverse reaction for HLA alleles as well as 

a frequency conversion tool to determine amino acid frequencies in a population. Allele frequencies 

and haplotypes are searchable for any allele present in the AFND, including amongst other filter options 

to select only population samples of specific country of origin, ethnic background, the number of 

individuals recorded in the population sample and the level of resolution (1-field to 4-field).  
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5. Results 

5.1. PAPER B 

 

Degenhardt F, Wendorff M, Wittig M, Ellinghaus E, Datta LW, Schembri J, Ng SC, Rosati E, Hübenthal 

M, Ellinghaus D, Jung ES, Lieb W, Abedian S, Malekzadeh R, Cheon JH, Ellul P, Sood A, Midha V, 

Thelma BK, Wong SH, Schreiber S, Yamazaki K, Kubo M, Boucher G, Rioux JD, Lenz TL, Brant SR, 

Franke A. Construction and benchmarking of a multi-ethnic reference panel for the imputation of HLA 

class I and II alleles. Hum Mol Genet. 2019 Jun 15;28(12):2078-2092. doi: 10.1093/hmg/ddy443. 

PMID: 30590525; PMCID: PMC6548229. 

 

Background & Aims: Next generation sequencing (NGS)-based HLA typing is cost-intensive and 

therefore limits the number of samples that can be analysed. To address this problem, appropriate HLA 

imputation references are needed. Published reference panels, mostly addressing allelic diversity only 

in the Asian and Caucasian populations, exist for variable number of HLA loci and allelic resolutions. 

Here we aimed to create a HLA imputation reference panel that covers a wide spectrum of different 

ethnicities using 2-field HLA information for the genes HLA-A, -B, -C (HLA class I) as well as HLA-

DRB1, -DRB3/4/5, -DQA1, -DQB1, -DPA1 and -DPB1 (HLA class II).  

Methods: Using NGS, we typed 1,360 individuals from 8 different populations of divergent ancestries 

at the stated loci and combined this with genotype information derived for all individuals from Illumina’s 

ImmunoChip. This data was used to create an HLA imputation reference panel using the machine 

learning tool HIBAG92. We benchmarked our approach by performing a 5x cross-validation across our 

8 populations and the independent 1000 Genomes population103–105. Furthermore, the HLA-DRB3/4/5 

genes were analysed in detail. Additionally, we calculated statistical measures such as sensitivity and 

specificity for all alleles to evaluate how accurately each single allele could be imputed. 

Results: Our benchmark showed high accuracy across partitions of our 8 different populations and 

the independent 1000 Genomes population. We validated known HLA-DRB1-DRB3/4/5 haplotypes 

and addressed why imputation is challenging in general for some HLA alleles across different HLA 

imputation panels, including our panel, with a focus on alleles of the HLA-DRB1 locus.  

Conclusion: In summary, we created a highly diverse imputation panel for the imputation of the HLA 

with a broad range of classical HLA alleles available for imputation.  
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Supplementary files 

Supplementary files for Paper B are shown in Appendix A (Chapter 8). Supplementary tables are stored 

on the enclosed CD. 
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5.2. PAPER C 

Degenhardt F, Mayr G, Wendorff M, Boucher G, Ellinghaus E, Ellinghaus D, ElAbd H, Rosati E, 
Hübenthal M, Juzenas S, Abedian S, Alizadeh B, BK T, Yang S-K, Duk Ye B, Cheon JH, Datta LW, 
Daryani NE, Ellul P, Esaki M, Fuyuno Y, McGovern DPB, Haritunians T, Hong M, Juyal G, Jung ES, 
Kubo M, Kugathasan S, Lenz TL, Leslie S, Malekzadeh R, Midha V, Motyer A, Ng SC, Okou DT, 
Raychaudhuri S, Schembri J, Schreiber S, Song K, Sood A, Takahashi A, Torres EA, Umeno J, Vahedi 
H, Weersma RK, Wong SH, Yamazaki K, Karlsen TH, Rioux JD, Brant SR for the MAAIS Recruitment 
Center, Franke A for the International IBD Genetics Consortium. Trans-ethnic analysis of the human 
leukocyte antigen region for ulcerative colitis reveals common disease signatures. Currently under 
review. 
 
 

Background and Aims: Inflammatory bowel disease (IBD) is a chronic inflammatory disease of the 

gut. Genetic association studies have identified the highly variable human leukocyte antigen (HLA) 

region as the strongest susceptibility locus for IBD, and specifically DRB1*01:03 as a determining factor 

for ulcerative colitis. However, for most of the association signal such a delineation could not be made 

due to tight structures of linkage disequilibrium within the HLA. The aim of this study was therefore to 

further characterise the HLA signal using a trans-ethnic approach. 

Methods: We performed a comprehensive fine mapping of single HLA alleles in a cohort of 9,272 

African American, East Asian, Puerto Rican, Indian and Iranian descent and 40,691 previously 

analysed Caucasians, additionally analysing whole HLA haplotypes. Using NetMHCIIpan-3.2, we 

performed peptide prediction for sets of 200,000 random unique human peptides for associated HLA 

alleles and additionally analysed their physico-chemical properties. 

Results: We describe genetic factors and even entire HLA-DQ-DR haplotypes shared across different 

ethnicities, highlighting alleles of the HLA-DRB1*15 group. We identify the previously reported 

DRB1*01:03 as a population-specific signal that is mostly present in individuals of Western European 

descent and hardly present in non-Caucasian individuals. Peptides that preferentially bind to risk 

proteins are rich in positively charged amino acids such as arginine and lysine. 

Conclusions: The HLA plays an important role for UC susceptibility across different ethnicities, though 

there are some population specific signals which should be considered dependent on the population 

of interest. This research implicates that there may be specific features of peptides that preferentially 

bind to risk and protective HLA proteins. 

Author contributions are listed in the paper.  

 

Authors contributions & Supplementary files 

Author contributions are listed in the paper. Supplementary files for Paper C are shown in the Appendix 

B (Chapter 8). Supplementary tables and an additional supplementary analysis are stored on the 

enclosed CD.  
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5.3. Additional results 

5.3.1. HLA haplotype maps 

I developed a graphical illustration of HLA haplotypes (HLA haplotype maps) in the context of Paper C 

but did not include these maps due to the limitations of the journal. Correlation between multiallelic 

variants cannot be adequately captured by LD. This is shown also in Table 6. In addition to using 

classical LD measures for the HLA alleles, the relative frequency h of co-occurrence of two HLA alleles 

was calculated as stated in Equation 5. 

Equation 5 

h(A, B) =  
pAB

pB
       and h(B, A) =  

pAB

pA
 

 
Here, the relative frequency of the co-occurrence of an allele at locus A with an allele at locus B is 

calculated conditionally on the allele at locus B and vice versa. pAB denotes the true haplotype 

frequency of the haplotype formed by the allele at locus A and the allele at locus B. pA and pB denote 

the frequencies of each allele. 

 

Table 6 – Explanation of Equation 5 with an example. 
As the allele of reference DPA1*01:03-DPB1*01:01 was chosen. The LD (r.sq) and the 95% confidence 
interval, given as the 2.50% and 97.50% percentiles, are shown. The frequency of the HLA-DRB1 
allele is given as “a”, and the frequency of DPA1*01:03-DPB1*01:01 is given as “b”. “ab” denotes the 
haplotype frequency of both alleles. Data was calculated for the Caucasian (EUR) population including 
both UC cases and healthy controls and a total of 31,112 samples with a phasing probability >0.8 
across all classical HLA loci (excluding HLA-DRB3/4/5). ab/a and ab/b are the conditional frequencies. 

DRB1 r.sq 2.50% 97.50% a b ab ab/a ab/b 

01:01 3.02E-03 3.31E-03 2.71E-03 1.13E-01 2.70E-02 2.41E-04 2.13E-03 8.92E-03 

01:02 3.55E-04 3.84E-04 2.69E-04 1.38E-02 2.70E-02 1.61E-05 1.17E-03 5.95E-04 

03:01 1.93E-01 2.03E-01 1.83E-01 1.05E-01 2.70E-02 2.47E-02 2.35E-01 9.14E-01 

04:01 1.91E-03 2.25E-03 1.58E-03 9.65E-02 2.70E-02 5.14E-04 5.33E-03 1.90E-02 

04:02 1.38E-04 2.06E-04 5.27E-05 8.12E-03 2.70E-02 4.82E-05 5.94E-03 1.78E-03 

04:03 6.36E-04 7.89E-04 4.71E-04 3.00E-02 2.70E-02 1.13E-04 3.76E-03 4.16E-03 

04:06 1.01E-07 1.09E-04 2.79E-09 6.40E-04 2.70E-02 1.61E-05 2.50E-02 5.95E-04 

04:07 8.97E-05 1.03E-04 2.78E-05 4.32E-03 2.70E-02 1.61E-05 3.72E-03 5.95E-04 

07:01 2.80E-03 3.15E-03 2.42E-03 1.20E-01 2.70E-02 4.50E-04 3.76E-03 1.66E-02 

08:01 4.96E-04 6.53E-04 3.37E-04 2.60E-02 2.70E-02 1.29E-04 4.94E-03 4.76E-03 

09:01 1.37E-04 2.22E-04 4.37E-05 9.02E-03 2.70E-02 6.43E-05 7.13E-03 2.38E-03 

10:01 1.46E-04 1.90E-04 6.44E-05 7.39E-03 2.70E-02 3.21E-05 4.35E-03 1.19E-03 

11:01 2.49E-03 2.75E-03 2.23E-03 9.38E-02 2.70E-02 1.77E-04 1.88E-03 6.54E-03 

11:04 3.43E-04 3.72E-04 2.60E-04 1.34E-02 2.70E-02 1.61E-05 1.20E-03 5.95E-04 

12:01 5.32E-04 6.21E-04 4.17E-04 2.21E-02 2.70E-02 4.82E-05 2.18E-03 1.78E-03 

13:01 1.53E-03 1.77E-03 1.29E-03 6.78E-02 2.70E-02 2.41E-04 3.55E-03 8.92E-03 

13:02 1.03E-03 1.18E-03 8.72E-04 4.14E-02 2.70E-02 8.04E-05 1.94E-03 2.97E-03 

14:54 6.60E-04 7.31E-04 5.45E-04 2.55E-02 2.70E-02 3.21E-05 1.26E-03 1.19E-03 

15:01 4.34E-03 4.59E-03 4.07E-03 1.39E-01 2.70E-02 6.43E-05 4.62E-04 2.38E-03 

16:01 2.08E-04 2.55E-04 1.25E-04 9.64E-03 2.70E-02 3.21E-05 3.33E-03 1.19E-03 
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To compare the relative conditional frequencies of the co-occurrence of two HLA alleles to the standard 

LD measure, the LD was calculated as described in Equation 1. The 95% confidence interval of the 

LD measure was calculated on 1,000 random subsamples of alleles at locus A and alleles at locus B. 

Unlike the LD, the percentage calculated with Equation 5 is not symmetrical and depends on the allele 

used as reference. Comparing the values computed for the LD of DRB1*03:01 and DPA1*01:03-

DPB1*01:01 to their conditional frequency in Table 6 shows that DRB1*03:01 is located on the same 

haplotype as DPA1*01:03-DPB1*01:01 in 91.4% of all haplotypes the DRB1*03:01 is observed in. The 

LD of 0.193 [0.183, 0.203] is much lower (0.193 compared to 0.914), because DPA1*01:03-

DPB1*01:01 is also observed with other HLA-DRB1 alleles.  

 

Figures 25 to 27 show the graphical interpretation of results as displayed in Table 6 for the allele group 

DRB1*15, which was observed to be associated with UC across ethnicities in Paper C. Here, only 

individuals for which all loci (HLA-A, -B, -C, HLA loci-DPA1, -DPB1, -DQA1, -DQB1 as well as -DRB1) 

had a phasing certainty of >0.8 were considered. The analysis was carried out irrespective of case-

control status. In total 641 African American (AA), 198 Chinese (CHN), 31,112 Caucasian (EUR), 1,203 

Indian (IND), 484 Iranian (IRN), 2,862 Japanese (JPN), 1,021 Korean (KOR), 236 Maltese (MLT) and 

472 Puerto Rican (PRI) individuals had a phasing probability >0.8 across all analysed loci.  

 

 

Figure 25 – Example haplotype plot for DRB1*15:01.  
The given DRB1*15:01 frequencies were calculated across all individuals of the population irrespective 
of case-control status. Loci are sorted by genomic location. (AA: African American, PRI: Puerto Rican, 
EUR: Caucasian, MLT: Maltese, IND: Indian, IRN: Iranian, CHN: Chinese, JPN: Japanese, KOR: 
Korean). 
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Figure 26 – Example haplotype plot for DRB1*15:02.  
The given DRB1*15:02 frequencies were calculated across all individuals of the population irrespective 
of case-control status. Loci are sorted by genomic location. (AA: African American, PRI: Puerto Rican, 
EUR: Caucasian, MLT: Maltese, IND: Indian, IRN: Iranian, CHN: Chinese, JPN: Japanese, KOR: 
Korean). 
 
 

 
Figure 27 – Example haplotype plot for DRB1*15:03.  
The given DRB1*15:03 frequencies were calculated across all individuals of the population irrespective 
of case-control status. Loci are sorted by genomic location. (AA: African American, PRI: Puerto Rican, 
EUR: Caucasian, MLT: Maltese, IND: Indian, IRN: Iranian, CHN: Chinese, JPN: Japanese, KOR: 
Korean). 
 
 
In these plots, the haplotype co-occurrence of alleles at non-reference loci with the reference allele, is 

indicated by the size of the boxes along the x-axes. The allele of reference is shown in the middle of 
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the plot, together with its frequency across all analysed individuals, respective to the individual cohort. 

Note that these frequencies may be different from the frequencies calculated in the single association 

statistics of the reference allele, as only individuals with complete haplotype information across all loci 

are considered. These frequencies, in addition to the marginal probabilities calculated for individual 

alleles (i.e. a measure how accurately each allele could be imputed) in Paper C, can be used to aid 

interpretation of the maps (i.e. the rarer an allele in a population, the more likely imputation artefacts 

will impact the results shown in the map). In addition, HLA-DRB3/4/5 alleles located on the same 

haplotype as specific HLA-DRB1 alleles are shown in Supplementary Table 10 of Paper B. These 

alleles cannot be accurately phased, because they can either be present or absent in an individual, 

which is something phasing cannot accommodate for. 

 

5.3.2. HLA imputation pipeline 

Scripts written for the HLA imputation and phasing in Paper C were incorporated into a single HLA 

imputation pipeline. In collaboration with Mareike Wendorff and Marc Höppner, this pipeline was written 

to be used with Nextflow, a bioinformatic workflow manager that is publicly available as a github 

repository. A flowchart detailing the steps of the pipeline is shown in Figure 28.  

 

  

Figure 28 – HLAPipe workflow. 
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Detailed information on methods used in this pipeline are described in Paper C.  

The main scripts of this pipeline were written in R and modified from scripts used in Paper C. This 

pipeline also incorporates some of the R scripts written for other projects during the time of the 

production of this thesis, that were written to complement a general GWAS quality control pipeline. The 

Nextflow workflow will be available on github as ikmb/HLAPipe. 

 

Across the workflow, plus-strand annotation and genome build hg19 are assumed. In the workflow, the 

input of a dataset (readData) is followed by the optional evaluation of the quality of the submitted 

dataset (dataInputQuality). This includes a check for genotyping call rate (per variant statistics that 

gives information on the success of genotyping of this variant across all analysed individuals), sample 

call rate (per individual statistic calculated across all variants) and concordance of observed and 

genotyped gender (if chromosomes X and Y are present in the study dataset). dataInputQuality is only 

performed if at least information for chromosomes 1 to 22 is present in the input data. A second optional 

step includes the imputation of missing SNPs into the study dataset using the publicly available 

software Beagle106 (runBeagle). Here SNPs are imputed for individuals that were not assigned a 

genotype at a respective SNP from information that is available for other individuals in the study 

dataset. Next, genotype data are aligned to a chosen HLA reference (alignToReference). Variants that 

do not match between reference and input dataset are excluded. ATCG variants (i.e. A/T and C/G 

variations) are excluded if the alleles do not match to the reference (on assumed +-strand notation) 

and the frequency of the ATCG variant is >0.4. ATCG variants are also excluded if their frequencies 

between reference and study differ by more than a value of 0.2. HLA alleles are inferred using HIBAG92 

and a chosen reference model that can be used with HIBAG. Only alleles at loci that are present in the 

reference can be imputed (imputeHLA). The user can also select specific loci present in the reference. 

Imputation is performed for each locus in parallel. Data are combined and a plot detailing the posterior 

probability of imputation, as shown in Figure 3 of Paper B, is generated. Additionally, marginal 

imputation probabilities per allele are calculated as described in the Methods section of Paper C 

(impute HLACombine). SNPs across the HLA are phased (phaseSNPs) and phasing certainty is 

calculated based on 100 random samples of the haplotype graph (*hgraph) as produced by 

SHAPEIT2107. Variants with a median certainty of 0.8 across the 100 subsamples are excluded from 

the data. HLA allele haplotypes are phased based on SNP haplotypes generated with HIBAG and 

SHAPEIT2 as described in the Methods section of Paper C. Phasing probabilities are calculated across 

10 classifiers of the HIBAG model and subsequently plotted (phaseHLA on gene level, 

phaseHLACombine combines these data). Plots and detailed information on the analysis and tool 

version are than submitted to a report HTML file.  
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6. Discussion 

The aim of this thesis was the characterisation of the genetic association of UC with the highly complex 

HLA region in a trans-ancestry context. By leveraging the differences in LD, one goal was also to assign 

causal variants to the association signal. To achieve this aim, an HLA imputation approach was chosen. 

In Paper B, we compiled a trans-ancestry HLA imputation reference to optimally cover the allelic 

diversity of the cohorts we analysed in the fine mapping of the HLA in Paper C. In Paper C, we 

observed that whole HLA-DR-DQ haplotypes were associated with UC even across different ancestries 

and were therefore unable to pinpoint causal variation to either locus. However, other interesting and 

valuable conclusions could be drawn from this analysis as discussed in detail the respective 

publications (Chapter 5.1 and Chapter 5.2) and summarized in the overview table in Chapter 3. As one 

of the main results of Paper C, alleles of the DRB1*15 group were associated with UC across 

populations of different ancestries. The previously described DRB1*01:03 was identified to be 

population-specific and not present in non-Caucasian populations. We also showed that proteins 

translated from risk alleles are predicted to bind peptides that contain the amino acids arginine and 

lysine. Here, I want to briefly address some additional points regarding Paper B and Paper C.  

 

In Paper C, we analysed individuals of African American, Caucasian, Chinese, Indian, Iranian, 

Japanese, Korean and Puerto Rican descent. The Caucasian individuals were recruited in Germany 

and Malta. We used a subgroup of samples from the same study populations to construct our 

imputation reference panel. For the Puerto Rican population, no DNA samples were available for NGS 

typing in Paper B. Therefore, the imputation reference was constructed for 8 of the 9 analysed 

populations. In Paper B, we showed that our imputation reference could be used for highly accurate 

HLA imputation within these cohorts and at good quality also for the Puerto Rican population of the 

1000 Genomes population (Table 2 of Paper B).  

 

In Paper C, we used the constructed reference, to impute HLA alleles into a large case-control dataset 

for fine mapping of the HLA in UC. One of the main findings of Paper C is, that alleles of the DRB1*15 

group are associated with UC across different ethnicities. For South Western Asian (Iranian, Indian) 

individuals other HLA associations were observed to be more dominant (i.e. HLA-DRB1*11 and HLA-

DRB1*14). Additionally, we identified HLA-DRB1*01:03, previously reported as the most associated 

risk allele, as specific to subpopulations of the Caucasian population. This indicates that there is 

genetic variation of the HLA even among the Caucasian population. DRB1*01:03 was not present in 

non-Caucasian populations. This warrants the need for either stratification by subpopulations or the 

consideration of HLA allele frequencies, as reported for instance in the allele frequency net database. 

While HLA fine mapping studies have concentrated on the analysis of single amino acid changes in 
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the past, we analysed the amino acid properties of the whole peptide binding groove in Paper C. This 

approach better captures the actual biology of HLA-peptide binding and was also applied by Goyette 

et al.1, who conducted an HLA fine mapping in the Caucasian population also included in Paper C. In 

their analysis, alleles associated with both CD and UC as well as common alleles not associated with 

the disease were analysed in respect to the electrostatic properties within the binding groove of the 

resulting proteins. In Paper C, we performed a similar analysis on alleles associated with UC only in a 

trans-ancestry setting, using a more diverse set of electro-chemical properties of amino acids across 

5 pockets of the binding groove. The considered pockets 1, 4, 6, 7 and 9 come into close contact with 

the peptide. We largely reproduced results by Goyette et al.1 and likewise found that risk and protective 

proteins cluster regarding their amino acid properties. To take this analysis a step further, we 

additionally analysed the properties of the peptides that are preferentially bound by risk proteins and 

showed for the first time that these peptides are enriched for the negatively charged amino acids lysine 

and arginine. This finding could aid the identification of culprit antigens in the future.  

 

Below, the potential roles of arginine and lysine in UC are discussed (Chapter 6.1). What is currently 

known on the actual expression of HLA alleles in the gut is described in Chapter 6.2. Alleles of the 

DRB1*15 group were associated with UC across different ancestries. Though little is known on 

functional implications on the genetic level, alleles of these groups have also been associated with 

other diseases, which is described in Chapter 6.3. DRB1*15 has not been associated with CD, the 

other subform of IBD. Potential reasons for this are discussed below (Chapter 6.3). This Chapter ends 

with the description of some limitations of the methods used in Paper B and Paper C (Chapter 6.4). 

 

6.1. Potential roles of arginine and lysine in UC 

In Paper C, we showed that peptides bound preferentially by HLA proteins derived from HLA risk alleles 

to be rich in arginine (R) and lysine (K) after excluding peptides that were HLA proteins derived from 

both protective and risk allele groups. Incidentally, peptides rich in these amino acids have been shown 

to be good T cell epitopes, i.e. can elicit an immune response108,109. Dhanda et al.106 analysed 1,032 

known epitopes from 14 different sources (including Mycobacterium tuberculosis, Dengue Fever Virus, 

Zika Fever Virus, house mite and other allergens) and known non-epitopes from the same dataset. 

They compared amino acid distributions between these epitopes and non-epitopes of 15 amino acids 

length. The results of this analysis, taken from the publication, are shown in Figure 29. The displayed 

motif is remarkably similar to the combined peptide binding motifs of DRB1*11:01/04 and DRB1*13:01, 

specifically (Figure 4 in Paper C).  

 



  Chapter 6 – Discussion 

118 

      

 

      

 

 

Figure 29 – Epitope vs. non epitope properties.  
Figure taken from Dhanda et al.108. Original description: Figure 4. Two-sample logo created using 
epitopes and non-epitopes in all the data (p-value <0.01). The immunogenicity motifs for epitopes and 
non-epitopes were derived from the combination of all the datasets. 
 
What occurs at T cell level when T cells bind to peptides rich in arginine and lysine (i.e. which types of 

responses are produced in the host) as opposed to peptides depleted in these amino acids, has to my 

knowledge not been studied so far. Arginine has been reported to be an important agent in the immune 

system and has the capacity to dampen inflammation110. Though this effect is most likely independent 

of possible arginine-rich peptides driving a pro-inflammatory signal in IBD, a controversial hypothesis 

may be the formation of short RRR or KKK peptides during inflammation. Huan et al. showed, that 

shorter fragments of peptides could combine in the HLA peptide binding groove to form a full length 

peptide111. Research on the length requirements of peptides to elicit T cell response and survival, has 

demonstrated that peptides as small as 3 amino acids can elicit a response. Though I also carefully 

point out, that this finding has not been reproduced.  

In the literature more information can be found on arginine than lysine in the context of IBD. Arginine 

is an essential amino acid that can be delivered in the diet but can also be synthesized in the body. It 

is a substrate for different enzymes, including nitric oxide (NO) synthetases (NOS1 – also termed 

neuronal NOS (nNOS), NOS2 – also termed inducible (iNOS), and NOS3 – also termed endothelial 

NOS (eNOS)). NO synthetases catalyse the generation of NO and citrulline from arginine, oxygen and 

NADPH. Arginine is also a substrate of arginine synthases ARG1 and ARG2 which catalyse the 

hydrolysis of arginine to ornithine and urea110. NO is, amongst others, a major agent in the defence 

against pathogens in the immune response and is toxic to bacteria. It is produced, amongst others, by 

macrophages. In animal models, arginine supplementation has been shown to attenuate tissue 
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damage and improve clinical parameters of dextran sulfate sodium (DSS)-induced colitis as well as 

enhance cell migration, which has been implicated in improved wound repair110,112. In the same study, 

arginine supplementation in DSS-induced colitis reduced blood levels of inflammatory cytokines and 

showed a positive effect (i.e. enhanced microbial diversity) on the gut microbiota in mice110. Arginine 

has been shown to be elevated in serum levels and diminished in colonic tissues of patients with active 

UC113,114. Expression analysis of genes related to arginine synthesis and uptake have shown a 

decreased expression of arginine transporter Solute Carrier Family Member 2 (SLC7A2) and an 

increased expression of NOS2 and ARG2 in humans114. Overall, the diminished arginine concentration 

in the tissue was attributed to a “decreased cellular uptake and increased consumption by NOS2”114. 

In addition to arginine, the same publication also showed decreased serum levels of lysine. Candida 

albicans, which is a fungus that produces arginine as a response to host-derived reactive oxygen 

species (ROS), has been shown to be present in IBD patients at a higher level40,115. Arginine is also 

found at an increased level in antimicrobial peptides116–118. Antimicrobial peptides are made of cationic 

residues and are part of the innate immunity. They target the cell wall of bacteria or structures in the 

cytosol of bacteria119. A hypothesis therefore could also be that an auto-reactive process in affected 

individuals leads to a T cell response after production of antimicrobial peptides upon breach of the 

mucosal barrier.  

 

6.2. HLA-DRB1 expression 

While research, including this thesis, has shown that variants of the HLA-DRB1 gene are associated 

with UC, the (differential) expression of these variants at an allelic level has not been investigated in 

the context of IBD. This is likely due the challenges in the primer design for quantitative real time PCR 

measurements of expression at these highly polymorphic and complex genes. While method 

establishment for HLA genotyping has been driven to a large part by the need to match patients to 

donors in the context of tissue transplantation, measuring the HLA expression has not been an 

important step in this process. Appropriate tools for the analysis of HLA expression from available RNA-

sequencing (RNA-Seq) data at a higher resolution have been emerging in the recent years. Still, the 

problems of correctly matching the RNA-Seq reads to HLA reference genomes sequences 

remain120,121. The sequence-redundancy across genes like the HLA-A and HLA-H genes and the HLA-

DRB1/3/4/5 genes, which have arisen by gene duplication, further complicate this endeavour. 

However, some research on HLA expression at the gene level has been previously published, dating 

back as far as 30 years ago. These studies are based on antibody staining using fluorescently labelled 

anti-sera and visualization using phase-microscopy44,122–124 or antibody staining using gold-conjugated 

anti-sera and electron microscopy125. They specifically evaluated expression on epithelial cells. A study 

of HLA expression in tissue across the whole human body was conducted by Boegel et al.122 in publicly 

available datasets obtained mostly by RNA bulk sequencing, such that the origin of the cells that 
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expressed HLA class I and class II molecules in the intestine was not addressed. Bulk RNA 

sequencing, as opposed to single cell sequencing in which transcriptomes are evaluated at the single 

cell level, measures expression across various cell types and tissues. Contrarily to the common opinion 

on HLA class II genes only being expressed on APCs, this early research has pointed towards HLA 

class II genes also being expressed by epithelial cells of the gut. However, here reports are 

contradictory. While some (earlier) research reported that DRB1 proteins are only presented on 

epithelial cells of the colon during active inflammation and absent in non-inflamed healthy tissue, more 

recent analysis of HLA expression along the gut points towards HLA class II proteins also being 

expressed in the healthy intestine. This finding is also supported by NGS-based analysis of RNA levels 

in the tissue44,122–124. Selby et al.44 showed diminished expression of the HLA-DP gene on intestinal 

epithelial cells, while no expression of HLA-DQ was observed (though transcripts for these proteins 

were present in the cytosol, no HLA-DQ proteins were observed on the cell surface). This observation 

was not replicated in other studies. Boegel et al. showed expression, albeit low, of the HLA-DR, -DP 

and -DQ genes in healthy individuals (Supplementary Table 2 of Boegel et al.122). Theleman et al. 

showed that MHC class II expression can be induced by interferon (INF) gamma126. Koyama et al. 

showed that gnotobiotic mice lack MHC class II expression on intestinal cells and that exposition to 

microbiota in the gut is required for expression, hence indicating a cross-talk between the microbiota 

and the mucosa of the gut also in the healthy individuals127, which is supported by data from Häsler et 

al.128. The latter study investigated correlations between expression patterns and abundance of 

microbiota in the human gut and showed that the cross-talk between the microbiota in the gut is 

reduced in individuals affected by IBD. They also reported HLA expression to be constitutively present 

in the thinner epithelial linings of the small intestine, while constitutive expression in the colon was not 

observed. 

 

Since HLA-DRB1 variants are located on the same haplotype as specific HLA-DQ and HLA-DRB3/4/5 

alleles (Figure 3 of Paper C), and their correlation cannot be dissolved using genetic association 

studies, neither of these genes can be specifically ruled out as disease driving. It may well be that HLA 

proteins expressed from all three loci are involved. In the context of Multiple Sclerosis, which is also 

associated with DRB1*15:01, peptide repertoires from both DRB1*15:01 and the correlated 

DRB5*01:01 were analysed by Scholz et al.129. The authors showed that “quantitatively, both molecules 

contributed to the peptide repertoire presented by cells expressing the HLA-DR15 haplotype”, but that 

the peptide binding repertoire of both proteins were distinct. This is also further supported by 

DRB1*15:01 and DRB5*01:01 peptide binding motifs generated by NetMHCIIpan-3.2 – which are 

differing especially in pockets 6 through 9, shown in Figure 30. 
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Figure 30 – Weighted Kullback-Leibler motifs of DRB1*15:01 and DRB5*01:01. 
For 200,000 unique random human peptides the percentile rank scores of preferential peptide binding 
were calculated using NetMHCIIpan-3.2101 (Set 2 of Paper C). Peptide motifs were plotted using 
Seq2Logo130 on the top 2% binders using the NetMHCII3.2-pan rank score. Here amino acids enriched 
(A, B) and depleted (C, D) in the binding motifs are shown. The colour scheme shows the chemistry of 
the amino acids. Red: positively charged amino acids, blue: negatively charged amino acids, green: 
polar amino acids, purple: neutral amino acids and black: hydrophobic amino acids.  
 
Finally, it is possible that the extent of gene expression is not related to disease development. It may 

well be that increased expression levels of HLA variants are part of a healthy immune response and 

thus independent of disease. Furthermore, one could also imagine that an individual susceptible to UC 

possesses lowly expressed HLA variants (i.e. DRB1*15:01 or DRB1*01:03 (in the British-descended 

population)) that can still bind detrimental peptides, which then leads to disease.  

 

6.3. DRB1*15 in Crohn’s disease and other immune diseases 

Though as we show in Paper C, there is clear association of DRB1*15 alleles with UC, such a clear 

signal is not seen in CD. It was not identified in the largest fine mapping study by Goyette et al. of 

Caucasian CD as associated at a genome-wide significance level (DRB1*15: P = 0.00173, OR = 0.94, 

DRB1*15:01 P=2.69x10-5, OR=0.92) and was also not included in the genetic map published with the 

article1. Stokkers at al. reported an association of the DR2 specificity (alleles of the DRB1*15 and 
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DRB1*16 groups belong to this specificity) and observed that DR2 was slightly protective in CD 

(OR=0.83, 95%CI = 0.70 - 0.98. no P-value given). Neither studies included in Stokkers et al. nor the 

Goyette et al. study stratified by disease location (i.e. ileal vs. colonic CD). Genetically, ileal CD has 

been associated with NOD2 while colonic CD has been associated with the HLA. It is therefore possible 

that DRB1*15 is not associated in the more prevalent ileal CD but increases susceptibility to colonic 

CD. This would need further investigation, as described in the outlook (Chapter 6.5). 

Alleles of the DRB1*15 group also play a role as risk factors in other immune-related diseases including 

Multiple Sclerosis131–134 (a chronic inflammatory neurological disorder), Systemic Lupus 

Erythematosus135 and Dupuytrien’s disease97,136 (both are disorders of the connective tissue). It has 

also been reported to be associated with adult onset Still’s disease137 (a systemic inflammatory 

disease), Graves disease (an autoimmune disease that affects the thyroid), pulmonary tuberculosis 

and Lepra138,139 (a disease caused by Mycobacterium Leprae that affects the skin). For Multiple 

Sclerosis, DRB1*15:03, like in our study, was observed to be specific for African American 

populations131. DRB1*15 alleles have been reported to be strongly protective in type 1 (T1) diabetes 

(in which the autoimmune system attacks insulin producing beta cells of the pancreas), and pemphigus 

vulgaris (a skin blistering disease). However, the functional consequences of HLA-DRB1*15 

association with these diseases have not been addressed and for most of them the potential disease 

driving antigens are not known. Exceptions are lepra, in which Mycobacterium Leprae causes the 

disease and pemphigus vulgaris, in which the skin protein desmoglein is targeted. Krause-Kyora et al. 

found that DRB1*15:01, among 18 contemporary DRB1 proteins, was predicted to “bind the second 

smallest number of potential Mycobacterium Leprae antigens” and further hypothesized that limited 

presentation of the Mycobacterium Leprae, may impair the immune response against this pathogen138. 

 

6.4. Limitations 

6.4.1. Limitations of statistical power to detect specific HLA alleles 

Statistical power describes the probability of a statistical test to detect a true effect, i.e. to reject the 

null hypothesis when a specific alternative hypothesis is true. In the context of HLA fine mapping 

studies (and GWAS) specifically, the power to detect an effect is dependent on the number of samples 

investigated and the frequency of a genetic variant in the population. Other factors like the significance 

level, case-control ratio and LD also play a role but are not discussed here. The lower the frequency 

and the closer the OR to 1, the more samples are needed to detect a statistical association. This is 

one important limitation of Paper C that is discussed further below. The power to detect an effect in 

Paper C with respect to the OR and population size is shown in Figure 31.  
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Figure 31 – Power to detect a true effect in our study.  
The power to detect a statistical association was calculated for the sample sizes N of our study cohort, 
OR (denoted by number in the grey box), allele frequencies (MAF) and for a significance level of 
0.000125. To generate these data the R script https://github.com/kaustubhad/gwas-power, which 
implements a formula for the calculation of power by Visscher et al.140, was used. AA: African American, 
CHN: Chinese, EUR: European ancestry, IND: Indian, IRN: Iranian, JPN: Japanese, KOR: Korean, 
MLT: Maltese, PRI: Puerto Rican. 
 
I chose a significance level of 0.000125 to indicate a P-value threshold corrected for multiplicity using 

the Bonferroni method (0.05 divided by the maximal observed allele number per population of ~ 400 

alleles). Note that the power to detect an effect is identical for the OR (here risk) and the reciprocal OR 

(1/OR, here: protective). These plots show that the power to detect a variant with a “small” OR (<1.5) 

is decreased when compared to a variant with a “large” OR (e.g. >3), dependent on the size of the 

studied population and the minor allele frequency of the variant. To take this into account during 

interpretation of the data, we performed a meta-analysis across association results obtained from 

single statistical tests for each of the 9 analysed populations. We also visualized the effects directions 

and magnitudes across them using a plot specially designed for purposes of interpretation in Paper C 

(Figure 3, Paper C). 

In Paper C, we described that DRB1*15:01 and DRB1*15:06 share the same amino acid properties 

within the HLA peptide binding groove. With low overall global frequency of the DRB1*15:06 allele, it 

was not statistically associated with UC. It was most frequent in the Indian population (AF= 2.1%, OR= 

1.27, 95%CI [0.77, 2.11]). In Figure 32, I show that the OR and frequency of the allele may have been 

too low to detect an effect in the Indian population at the given sample size (N=1,621). The theoretical 

power to detect an effect at the given sample size of 1,621, OR of 1.27 and AF of 2.1% at a significance 

level of 0.05 is 0.50 and even less at the Bonferroni corrected significance level of 0.000125. 

 

https://github.com/kaustubhad/gwas-power,k
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Figure 32 – P-values vs. OR in the Indian population for different allele frequencies.  
OR and P-values were taken from the association analysis of HLA alleles within the Indian population 
in Paper C. The allele frequency of the HLA alleles is shown for different ranges. The OR and P-value 
of DRB1*15:06 is marked as a black dot. This plot shows the relationship between the OR, frequency 
and P-value of an allele in this study and indicates that at the estimated OR and frequency of 
DRB1*15:06, an association was likely not observed due to reasons of statistical power.  
 
A list of other HLA alleles with sequence identity of amino acids in P1-P9 is shown in Supplementary 

Table 7 of Paper C. This table can be used to identify possible low-frequency HLA alleles associated 

with UC. Note however, that though candidates can be selected for further investigation, sequence 

identity of two alleles does not necessarily have to mean that both have an effect. By comparing 

sequence identity only, other modifications – like glycosylation – of the HLA alleles binding pockets and 

T cell interaction are not considered. 

 

6.4.2. Limitations of HLA imputation 

Limitations of HLA imputation are also discussed in Paper B. The quality of HLA imputation is 

dependent on the diversity and size of the HLA imputation reference as well as the frequency of 

individual HLA alleles. HLA imputation is most accurate for highly frequent HLA alleles and less 

accurate for infrequent alleles. This is simply because, adding more available data points, machine 

learning algorithms can better differentiate between similar alleles. When in doubt, the more frequent 

allele is assigned to an individual. In Paper B, we created a highly accurate HLA reference panel that 

can be used for the imputation of HLA alleles in populations of diverse ancestries. Here we focused on 

a 2-field resolution. Even better resolution would require a larger reference dataset to increase the 

number of each 3- or 4-field HLA allele. Since we were most interested in the HLA binding site 

considering 2-field resolution was however sufficient in our case. As also described in Papers B and 
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C, some HLA alleles are difficult to impute using genotypes measured on genotyping arrays. With gaps 

in the sequences of the HLA alleles, their underlying SNP haplotypes are similar. This is especially true 

for HLA-DRB1 alleles. The extent of this is of course dependent on the genotyping or sequencing 

strategy (i.e. different HLA alleles can be differentiated better if more genomic variants are covered), 

the diversity of the HLA imputation panel and the number of samples included. This directly also 

impacts the quality of the HLA imputation map. This is one of the reasons, we opted not to include 

HLA-DRB1*04 and DRB1*11 in Figure 3 of Paper C. With similarities between the HLA-

DRB1*04:01/03/04 alleles, we were not sufficiently able to differentiate between these alleles in our 

benchmark. This is also true for HLA*DRB11:01/04. Apart from this, the imputation quality may also 

have an impact on the phasing results – for which again very similar alleles are difficult to distinguish, 

if observed in the same individual. The phasing results in turn will only be as correct as the imputation 

results, i.e. although the phasing may be correct, the alleles themselves may only be correct on the 

group level. As shown in Paper C, our phasing approach was highly accurate in a test panel of the 

HapMap Phase3 CEU trio individuals. 

 

6.4.3. Limitations of peptide prediction 

In Paper C, we used the machine learning tool NetMHCIIpan-3.2 to predict HLA peptide binding 

between UC risk alleles and random sets of human peptides. This is still one of the most 

comprehensive methods for the prediction of HLA-peptide binding. Experimental data is still lacking for 

a lot of (infrequent, non-Caucasian) alleles. This is also due to the fact, that data on HLA-peptide 

binding has been obtained by manually and laboriously measuring the interaction of certain HLA alleles 

with single peptides (affinity measurement) or lower-throughput methods based on Mass Spectrometry. 

One advantage of NetMHCIIpan-3.2 in this setting is that it can extrapolate information on unknown 

HLA-peptide binding from known HLA-peptide binding data across sequentially similar alleles (i.e. 

similar in their amino acid sequences). In general, the quality of HLA-peptide binding prediction using 

machine learning algorithms is highly dependent on the quality of the data that the machine learning 

algorithm is trained on. Again, the sample size matters, i.e. more diverse datasets giving more 

information to the machine, will result in better HLA-peptide predictions. The machine learning tool 

NetMHCIIpan-3.2 extrapolates information that is known for a specific HLA allele to other less 

represented HLA alleles by generating and comparing pseudo-amino acid sequences of the HLA 

alleles. Based on this, HLA-peptide interactions are predicted. Though, as also stated above, this is a 

great advantage of this tool, in some instances this may introduce a bias. In Paper C, we hypothesized 

that the motif of peptides predicted to bind to DRB1*15:02, for which only little data was available to 

NetMHCIIpan-3.2 during training, was influenced by data available for DRB1*13:02, specifically by 

falsely introducing an asparagine (N) at position 4 of the allele. Indeed, this hypothesis has since been 

supported by experimental data produced by Wendorff et al.141. Data in Wendorff et al. were produced 
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using a peptide array. This array measured HLA-peptide binding of fixed peptides to experimentally 

introduced HLA molecules. It contained about 70,000 peptides. Amongst others, Wendorff et al. 

produced large-scale experimental data on DRB1*15:02, which they used to train machine learning 

algorithms, NNAlign and PIA (Figure 33).  

 

 
Figure 33 – Motif plots of DRB1 *15:02 from experimental data. 
Figure taken and modified from Wendorff et al.141. HLA-peptide binding was predicted using different 
machine learning algorithms and a selection of 100,000 random peptides; (A) deep learning model 
(PIA) first described in Wendorff et al., (B) NNAlign142 and (C) NetMHCIIpan-3.2101. Prior to prediction, 
PIA and NNAlign had been trained on peptides obtained from experimental analysis of HLA-peptide 
binding using a high-throughput microarray technology. NetMHCIIpan-3.2 was trained by the authors 
of the NetMHCIIpan-3.2. tool on experimental data obtained from HLA-peptide affinity measurements. 
Peptide motifs were plotted using Seq2Logo130 on the top 1% binders. The colour scheme shows the 
chemistry of the amino acids. Red: positively charged amino acids, blue: negatively charged amino 
acids, green: polar amino acids, purple: neutral amino acids and black: hydrophobic amino acids.  
 
They compared their results to predictions produced by NetMHCIIpan-3.2 which had been trained by 

the authors of the NetMHCIIpan-3.2 paper on another publicly available dataset101. Asparagine (N) at 

position 4 is not present in the experimental data for DRB1*15:02 as shown in Wendorff et al.. 

 

6.5. Concluding remarks & Outlook 

Within the work process of this thesis, I generated a workflow for the analysis of the HLA in a trans-

ancestry cohort that is applicable to the analysis of the HLA in the context of other immune-related 

diseases. It can also be used in studies in which not only HLA alleles but also their phase is of interest 

(i.e. knowledge on which HLA alleles are located on the same haplotype can be incorporated). Little is 

currently known on the association of UC subphenotypes with the HLA across different ancestries. HLA 

associations have also not been analysed in trans-ancestry CD cohorts. Hence, the analysis of 

subphenotype associations with the HLA for both UC and CD in general would be a next logical step. 

A first unstratified (disease location was not considered) analysis of trans-ancestry CD data, that I 

performed using the workflow in Paper C, indicated that the signals seen across different ancestries 

for CD are less consistent. However, especially in CD, disease location may play a vital role in the 

analysis of HLA association. Cleynen et al.19 observed a more significant association with variants in 

HLA in colonic CD, while variants in the NOD2 gene were more associated with disease in CD patients 
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with small-bowel involvement. This study was conducted in the Caucasian population. Overall small-

bowel involvement, and not colonic CD, is more prevalent among CD patients. Stratification may 

strengthen the HLA signal for colonic CD, reducing signals that are derived from possibly non-

associated ileal CD. However, the weaker HLA association of CD with the HLA as well as the 

diminished sample numbers resulting from splitting the data, remain major bottlenecks of this type of 

analysis  

 

Current HLA fine mapping studies focus on the classical HLA class I and class II alleles, while non-

classical HLA alleles (i.e. HLA-E, -F and -G) are mostly overlooked. Research into the non-classical 

HLA-G has suggested differential expression of this gene in IBD cases versus healthy controls. 

Whether this is linked to specific HLA variation in this gene, i.e. related to specific HLA-G alleles, has 

not been studied. 6 to 19 different proteins are recorded for the non-classical HLA class I genes HLA-

E, -F and -G in the IMGT/HLA database version 3.39.0. This is about a factor of 150-800 less than 

known for the more commonly studied classical HLA class I alleles HLA-A, -B and -C. Though I do not 

expect these numbers to increase drastically in the future, more HLA-E, -F and -G alleles likely await 

discovery especially in the non-Caucasian population – i.e. the reference databases for these alleles 

are likely incomplete. This directly influences the quality of NGS typing for these alleles. A reference 

panel used specifically for the HLA imputation of these genes should currently therefore best only be 

constructed in the Caucasian population.  

 

In this thesis I have made a first step towards identifying how culprit antigens may look like. To continue 

along these lines, limitations of current HLA-peptide predictions using machine learning algorithms 

need to be overcome. The major limitation in this effort is the number of available data points to train 

the algorithms. This limitation can be addressed by performing HLA-peptide binding analyses in a high-

throughput manner. This will increase the number of known HLA-peptide binding and thereby create 

larger databases that can be used for the training of suitable machine learning algorithms and 

prediction of more refined peptide motifs for HLA proteins associated with IBD. Current higher 

throughput experiments include peptide arrays as proposed by Wendorff et al.141 and Buus et al.143, as 

well as more computationally expensive peptide elution experiments, in which peptides that bind to 

predefined HLA proteins are eluted from these proteins and then identified using Mass Spectrometry. 

These technologies are more feasible for this application than the manual measurement of HLA-

peptide affinities of single predefined peptides against known HLA proteins. Still, one of the main 

challenges in the analysis of HLA-peptide-binding, even when done in silico, is the vast number of 

bacterial, fungal – down to the strain levels – and food-borne proteomes. Some hints towards which 

bacterial species may be implicated in IBD can be deduced from microbiome studies, though results 

are in parts still inconsistent and strain differences are usually not considered. The human proteome, 

which we subsampled in Paper C, can be screened comparably fast. However, challenges in 
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considering processes that play a role in vivo, like peptide processing or differential HLA expression, 

remain.  

Another general goal in deciphering IBD is also to understand what triggers the deterioration of the 

mucosal barrier in the first place – which then leads to the overstimulation of the immune system by 

exposition of the tissue to the gut microbes. Genetical association and sequencing studies have 

implicated several genes important for maintaining the intestinal epithelial barrier homeostasis. 

Expression studies of these genes have shown differences in the expression between individuals 

affected by IBD and unaffected individuals. The genes associated with differential expression were 

especially enriched in genes whose products are involved in the formation of the mucus layer (mucin 

genes (MUC), including MUC1 and MUC4) and included genes involved in the formation of tight 

junctions and the extracellular matrix144. Van der Post et al. analysed the proteome of the IBD and 

healthy gut and implicated amongst others mucin proteins, like the MUC2 to be differentially present 

in the gut proteome, while Visschedijk et al. showed that rare variants in the MUC2 are associated with 

UC145,146. Loss of cell polarity and cell dissociation has been linked to highly glycosylated MUC proteins 

in cancer147. Functional follow up and further characterisation of genes involved in the formation of the 

epithelial barrier in the gut may give deeper insight into the processes leading to the mucosal barrier 

deterioration. With respect to the results of this thesis, HLA-peptide binding of the identified risk alleles 

to peptides derived from proteins that are involved in the epithelial barrier homeostasis, like the MUC 

genes, would be of interest. Especially the wild-type proteins derived from these genes could be 

compared to proteins derived from known (coding) IBD variations, to investigate whether self-tolerance 

is disrupted in IBD patients.  
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