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In rowing you are going backwards and you don't see the finish line, but
you know it is there. In science you are rowing like crazy and hope that a
finish line will be there.

— Katalin Kariké

An individual is more than the sum of genes — but nothing without them.

— Spontaneous thought

Zeichnet es nicht ein gutes Immunsystem aus, dass man es iiberhaupt
nicht bemerkt?

— Dobby modified (J.K.Rowling)






SUMMARY

Immune mediated chronical diseases, like inflammatory bowel disease (I1BD),
are lifelong diseases for which curative therapies are not available until now.
The current treatment, aiming to reduce the symptoms of the disease, can
have severe side effects and sometimes only a limited treatment response.
One main reason why the treatment options are so limited, is that the
pathogenesis of the disease is still not fully understood.

Over the last decades, different factors associated with increased risks of
these diseases have been identified with the human leukocyte antigen (HLA)
as one of the strongest associated genetic regions for many different inflam-
matory traits. The profile of the HLA association differs across diseases. A
causative role of the HLA, including the elucidation of disease-specific vari-
ation in the HLA (HLA alleles), in chronic inflammations remains to be
revealed. One exception is Celiac disease. The identification of gluten and
a specific HLA variation as the triggering factor in Celiac disease has im-
proved the live of affected patients drastically as they can manage their
symptoms by avoiding gluten contained in wheat. Patients with IBD do not
have this possibility as no clear factors related to the HLA association (i.e.,
a specific HLA-peptide-T-cell interaction) have been identified yet.

Studying the HLA is a challenging task as the classical HLA genes are
highly polymorphic, neighboring genes are inherited together (linkage dise-
quilibrium), and the function of the HLA is based on presenting "something
of everything" that is present in the body. It can be expected that each
HLA allele can present about 2% of all peptides of suitable lengths, and that
any HLA-peptide interaction resulting from this, might induce an immune
reaction in presence of a specific T helper cell. The UniProt database is a
database for all protein sequences of any natural source. It includes more
than 100 different peptides by fragmenting the protein sequences into pep-
tides of a length of 15 amino acids using a sliding window approach. One
hypothesis is, that a single peptide or a handful of peptides of the even
larger pool of peptides that exists in reality (including unknown species, un-
known sequences and modified peptides) explain the strong association of
the classical HLA genes with ulcerative colitis (UC) and Crohn'’s disease (CD),
the main types of IBD.

The aim of this thesis is to gain as much understanding as possible about
the HLA alleles genetically associated with UC, and the source and struc-
ture of peptides hypothesized to drive the disease. This thesis includes two
papers published in peer-reviewed journals and an additional manuscript
which is in progress. Furthermore, publications where | have been involved
are listed and cited if suitable. In the first publication, presented in this
thesis (Section 6.3), we built an imputation panel that enabled the analysis
of IBD and the associated HLA alleles and their corresponding haplotypes
across different ancestries. In the second publication (Section 7.3), | ana-
lyzed the interaction of peptides with a defined set of HLA alleles associated
with UC. This study was the first to use ultra-high density microarray data
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for predicting the binding status of HLA alleles and peptides. In the final
manuscript (Section 8.3), | studied the genetics of UC in Caucasian individ-
uals. | analyzed, what the genetics, combined with prior knowledge about
different genes and their protein function, can tell us about a hypothesized
peptide that might be a key player in the pathogenesis of UC.

Next to some improvements in the imputation of HLA genotypes and the
binding prediction, this thesis points out first concrete candidate peptides
and suggests a path to continue to discover more about the contribution

of the HLA in UC.
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ZUSAMMENFASSUNG

Immuninduzierte chronische Krankheiten, wie chronisch entziindliche Darm-
erkrankungen, sind lebenslange Erkrankungen, fiir die keine heilenden The-
rapien verfligbar sind. Aktuelle Therapien, die darauf abzielen Symptome
zu lindern, haben oft schwere Nebenwirkungen und nur eingeschrankten
Behandlungserfolg. Ein Hauptgrund, warum die Behandlungsoptionen so
eingeschrankt sind ist, dass die Pathogenese der Erkrankung immer noch
nicht vollstindig bekannt ist.

Uber die letzten Jahrzehnte wurden verschiedene Faktoren identifiziert,
die mit einem erhohten Risiko fiir diese Krankheiten assoziiert sind. Fiir
viele Entziindungskrankheiten ist die Region der humanen Leukozyten Anti-
gene (HLA) dabei einer der am starksten assoziierten genetischen Orte. Das
Profil der HLA assoziierten Allele unterscheidet sich dabei zwischen den
Erkrankungen. Eine ursichliche Rolle des HLA, einschlieBlich einer Erklarung
fuir die krankheitsspezifischen Assoziationen der HLA Allele in chronischen
Entziindungen, muss noch identifiziert werden. Eine Ausnahme ist Zdliakie.
Die ldentifikation des Glutens und einer spezifischen HLA Variante als aus-
|6sende Faktoren in der Zdliakie hat das Leben von Betroffenen drastisch
verbessert. Die Patienten konnen durch den Verzicht auf Gluten, welches
in Weizen enthalten ist, ihre Symptome in den Griff bekommen. Patienten
mit chronisch entziindlichen Darmerkrankungen haben diese Mdglichkeit
nicht, da bislang kein eindeutiger Faktor in Bezug auf die HLA Assoziation
gefunden wurde (also eine spezielle Interaktion zwischen HLA, Peptid und
T-Zelle).

Die Forschung zu HLA ist eine herausfordernde Aufgabe, da die klas-
sischen HLA Gene sehr polymorph sind, benachbarte Gene zusammen vererbt
werden (Kopplungsungleichgewicht) und die Funktion der HLA Proteine
darauf beruht, von allem, was im Korper zu finden ist, etwas zu prasen-
tieren. Es kann davon ausgegangen werden, dass jedes HLA Protein etwa
2% aller moglichen Peptide in einem festen Ldngenbereich prasentieren
kann und jede HLA-Peptid Interkation, die daraus resultiert, kdnnte eine
Immunreaktion ausldsen, wenn eine spezifische T-Helferzelle prasent ist. In
der Datenbank UniProt, einer Datenbank fiir alle Proteinsequenzen natiir-
lichen Ursprungs, sind iiber 10'° verschiedene Peptide verfiigbar, wenn die
Aminosiduresequenzen mit einem "Sliding Window" in Peptide mit einer
Liange von 15 Aminosduren zerlegt werden. In der Realitdt kann davon
ausgegangen werden, dass sogar noch mehr Peptide natiirlich vorkommen,
durch bislang nicht sequenzierte Arten und modifizierte Sequenzen. Eine
Hypothese ist, dass ein einzelnes Peptid oder eine handvoll Peptide aus
diesem gigantischen Pool an Peptiden die Erkldrung fiir die starke Assozia-
tion der klassischen HLA Gene mit Colitis Ulcerosa und Morbus Crohn, den
beiden Hauptformen chronisch entziindlicher Darmerkrankung, liefert.

Das Ziel dieser Doktorarbeit war es, die HLA Allele zu erforschen, die mit
Colitis Ulcerosa assoziiert sind, und soviel wie moglich iiber den Ursprung



und die Struktur von Peptiden, von denen hypothetisch angenommen wird
die Erkrankung auszul&sen, herauszufinden.

Diese Arbeit beinhaltet zwei Publikation, die in wissenschaftlichen Fach-
zeitschriften verdffentlicht worden sind, und ein weiteres Manuskript, dessen
Verdffentlichung noch aussteht. Weitere Publikationen, bei denen ich in-
volviert war, werden in dieser Arbeit aufgelistet und an gegebenen Stellen
zitiert. In der ersten Publikation, die hier prisentiert wird (PAPER A, Ab-
schnitt 6.3) haben wir eine Imputationsreferenz gebaut, die die Analyse von
chronisch entziindlichen Darmerkrankungen und den damit assoziierten HLA
Allelen in verschiedenen Populationen erméglicht. In der zweiten Publika-
tion (PAPER B, Abschnitt 7.3) habe ich die Interaktion von Peptiden mit
einem definierten Satz von HLA Allelen, die mit Colitis Ulcerosa assoziiert
sind, analysiert. Diese Studie war die erste, die Daten von einem Mikroar-
ray mit einer ultrahohen Dichte verwendet hat, um die Bindung zwischen
HLA Allelen und Peptiden vorherzusagen. Im finalen Manuskript (PAPER C,
Abschnitt 8.3) habe ich die Genetik von Colitis Ulcerosa in Kaukasiern un-
tersucht und analysiert. AuBerdem habe ich erforscht, was uns die Genetik
in Kombination mit bereits vorhandenem Wissen zu verschiedenen Genen
und deren Funktion iiber die hypothetischen Peptide verrat, die womdglich
eine Schlisselrolle in der Colitis Ulcerosa haben.

Neben Verbesserungen in der Imputation von HLA Genotypen und der
Vorhersage der Bindung von HLA Allelen und Peptiden beschreibt diese
Arbeit erste konkrete Kandidatenpeptide und schlagt einen Weg vor, wie
mehr liber die Rolle der HLA Gene bei Krankheiten herausgefunden werden
konnte.
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Part |

GENETICS OF INFLAMMATORY BOWEL DISEASE

Genetic studies are an important angle for the study of com-
plex diseases like inflammatory bowel diseases. Inflammatory
bowel diseases involve chronic inflammations of the gastroin-
testinal tract, caused by genetic factors and environmental fac-
tors. Within this part, | am giving some background about
genetics and genetic studies of diseases. Furthermore, | am in-
troducing inflammatory bowel diseases and give a brief insight
into the current knowledge about the genetics in inflammatory
bowel diseases.






INTRODUCTION

Over the last decades, a huge effort has been invested into understanding
the role of genetics in the etiology of various diseases. The developments in
genotyping and the tremendous success of GWASs, as a means to analyzing
genetic associations in disease, has resulted in the discovery of an increas-
ing amount of genetic risk factors for complex diseases over time. For some
diseases, including IBD, several hundred independent genetic risk factors are
known today. For many of those associated genes, no conclusive connection
or no connection at all to the disease pathophysiology has been discovered
to date. Pharmacological studies have shown that drug candidates have a
higher success rate if their target is related to genes associated with the dis-
ease [92]. Overall, a disease with an understood cause and pathophysiology,
might offer more defined treatment and therapy opportunities. For many
complex diseases, we still have only a fragmentary knowledge of the cause
of disease, as many factors have an impact on the phenotype. Currently,
the scientific community aims to understand the identified risk factors of
diseases following the path of correlation to uncovering causation (Figure 1)
[103].

One genetic locus associated with many immune-related diseases is the
HLA. The classical HLA proteins are important players in adaptive immunity.
Through the presentation of potential antigens (antibody generators), in

scRNA-seq

Epigenome Y,
editing "o,)
Y,

Co-culture

Cell
phenotyping

Figure 1: Variant to function approach for interpreting GWAS hits. The interpre-
tation of GWAS signals is advancing with more tools and models arising
to study the impact of genetic variations from different angles. Figure
taken from Lichou and Trynka [103].
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the form of peptides to T cells, allow the immune system to identify and
eliminate sources of suspicious antigens from the body. Only antigens that
are presented by the HLA (i.e. not floating around freely in the cytosol or
cell environment) may lead to the generation of antibodies. Many different
peptides derived from non-immunogenic sources as well and are presented
by the HLA. The role of the HLA is to provide a little of everything to
the immune system. Different peptides bind to different HLA proteins. The
HLA proteins vary in the chemico-physical properties of the HLA-peptide
binding groove and bind peptides with different affinities and selectivity.
The immune system then decides which sources need to be eliminated.
This selectivity is then joined by the T cell receptor (TCR). The limited
but still broad spectrum of potential antigens, induced by the different HLA
proteins based on the genetic variability in this region, is expected to be
the reason for the association of this genetic region with a multitude of
different immune-mediated diseases. The generality of the HLA makes the
identification of the disease specific role of the HLA a challenging task.

Within this thesis, | will analyze the HLA using bioinformatical techniques.
The aim of the studies, presented in this thesis, is to reveal what the human
genetics tell us about the function of the HLA in IBD. A special focus
is on UC, as the genetic variation within the HLA has a greater impact
in UC than in the other main form of IBD, CD. Therefore, | will initially
focus on the determination of HLA proteins based on genetic information,
described in PAPER A (Section 6.3). In a second step, | will analyze the
presentation profile of HLA alleles associated with UC, published in PAPER B
(Section 7.3). Finally, I will investigate the genetic variability in UC patients
and healthy controls with a focus on the HLA genes and how other mutations
might impact the repertoire of presented peptides as shown in PAPER C
(Section 8.3).

As the human genetics are a fundamental factor for this study, and previ-
ous findings on genetic associations are the motivation for this study, Part i
focuses on genetics and IBD. First, the fundamentals of the human genetics
and genetic associations are introduced (Chapter 2). Afterwards, a short
introduction of IBD is given in Chapter 3. This is followed by an overview of
the genetic associations in IBD as described in the literature in Chapter 4.

Part ii then focuses on the HLA in general. After an introduction into
the HLA (Chapter 5), the methods for differentiating the HLA types based
on the genetics are described (Chapter 6). This section includes PAPER
A, which introduces a multi-ethnic reference panel for the computational
inference (imputation) of HLA alleles. The last chapter in this part moves
away from the genetic perspective and concentrates on the description of
the presentation of peptides by the HLA molecules (Chapter 7). As part of
this section, PAPER B (Section 7.3) is included, which presents the first
prediction tool for HLA-peptide interaction that is based on high-density
peptide microarray data.

The last part (Part iii), as a connection to the preceding chapters, deals
with the role of the HLA in IBD (Chapter 8). The chapter starts with an
overview of the associations of the HLA with IBD as described in the liter-
ature (Section 8.1) including a trans-ethnic study, where | supported the
analysis as co-author [44]. Then, the chapter discusses the different hypoth-
esis for the role of the HLA in the pathogenesis of IBD (Section 8.2) and
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finishes with my own analysis of the HLA in UC based on the human genetics
(PAPER C, Section 8.3). The second chapter of this part (Chapter 9), com-
plements the thesis by discussing different aspects affecting the presented
studies and giving an outlook on future work that could be conducted to
identify the disease specific role of the HLA.






GENETICS

The genome of an organism is the basis of all appearance and the start-
ing point for the investigation of most diseases. Susceptibility, immunity,
missing and mislead functionality are based on genetics.

The human genome is divided into 22 autosomal chromosome pairs and
two sex chromosomes, XX in case of female and XY in case of male individ-
uals [200]. Each chromosome consists of two deoxyribonucleic acid (DNA)
strands. Each strand is made of DNA nucleotides composed of a sugar
molecule (deoxyribose), a phosphate molecule, and one of the organic base
adenine (A), thymine (T), cytosine (C), and guanine (G) [65, 123].

Deoxyribonucleic acid (DNA)
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Figure 2: Structure of the DNA. The DNA double helix is constructed out of nu-
cleotides. The nucleotides form a sugar-phosphate backbone along the
strands and the nucleotides between the bands interact via hydrogenic
bonds. Figure taken from the National Human Genome Research Insti-
tute [123].
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Each base of one strand pairs together with the corresponding base of
the other strand via hydrogen bonds — Adenine (A) pairs with thymine (T)
and guanine (G) with cytosine (C) [65].

DNA strands are read from the 5' (phosphate) to the 3" (hydroxyl) end
[65] and are also commonly referred to as plus (4+) and minus (=) strand
[65]. The plus (+) strand is defined as the strand with the 5'-end at the
telomer of the short arm of the chromosome [129]. Telomers are the tip
regions of the chromosomes, while the central part dividing the two arms
of the chromosome is called centromere [65].
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The human genome contains about 20000 protein coding genes [52]
i.e., genes that are transcribed from DNA to messenger RNA (mRNA)
(transcription) and then translated info functional proteins (translation).
The exonic regions within a gene define protein sequences of the translated
protein. Intronic regions are nucleotide sequences that are most commonly
not incorporated into the protein but may contain regulatory elements or
carry non-informative nucleotide sequences [59, 155]. Variants of the same
gene are produced by splicing events, which are called transcripts of a gene.
During splicing, nucleotide sequences are cut from an immature mRNA
containing the whole sequence read from the DNA to form a mature mRNA.
By splicing, whole sections across both exons and introns may be omitted.
[33, 203, 210]

More than 99% of the genome are identical in all people [57]. Parts
of the remaining 1% of the remaining genome has been linked with basic
phenotypic differences across individuals and different diseases.

While some diseases are caused by either chromosomal abnormalities,
e.g., Down syndrome, or based on the disfunction of a single gene, e.g.,
hemophilia A. Other complex traits e.g., Alzheimer's disease or IBD, are
influenced by variation across multiple genes at different locations across
the genome [57]. Those variants often only have a small statistical effect
size and can only be detected by studying large sample sizes in GWAS
(Section 2.3).

2.1 REFERENCE AND VARIATIONS OF THE GENOME
2.1.1 Genome builds

To define a specific nucleotide variation and to be able to communicate it,
a common nomenclature is necessary. With this goal in mind, the genome
reference consortium (GRC) began to define genetic assemblies based on
long, high quality sequences, as early as 2004. GRCh38, also called hg38,
is the current major assembly for the human genome, which was primarily
released in December 2013 [126]. The previous reference assembly GRCh37,
also called hg19, is still in use [125]. Next to the 25 main assemblies for the
different chromosomes (1-22, X, Y) and the mitochondrial DNA, additional
alternative contigs (a continuous sequence generated from overlapping se-
quences from a single genetic source) were included in the reference. In
the initial hgl9 reference were 9 alternative contigs, 7 of those were for
the HLA region and the remaining two for the genes MAPT and UGT2B17
[66]. The number of loci with alternative contigs increased to 207 with 261
alternative contigs, including 8 alternative HLA sequences in GRCh38 [67].

Data with different genome builds may be brought together to the same
build by a liftover as the UCSC implemented [73].

2.1.2 Genetic variations

Different versions of a whole gene or a genetic location are called an allele
[122]. If there are only two variants a locus is called biallelic or otherwise
multiallelic. A replacement of one base pair is called single nucleotide variant
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(SNV). If the frequency of the minor (less frequent) allele is above 1%
it is called single nucleotide polymorphism (SNP). Alternative variability
originates from InDels (insertions or deletions) or copy number variations.

Genetic variants are differentiated based on the influence on the resulting
protein sequence (Figure 3). Synonymous mutations are the most common
mutations in the coding region, as they do not lead to a change in the amino
acid sequence. A missense mutation induces the replacement of one single
amino acid by a different one. InDel mutations are caused by insertions
or deletions of nucleotides within the DNA sequence. If the number of
inserted nucleotides is a multiple of 3 within a coding DNA sequence, the
InDel mutation is called an in-frame mutation. In-frame mutations lead to
the addition or removal of one or a few amino acids to/from the protein,
possible paired with a replacement of the initial amino acid. In other cases,
SNVs or InDels can lead to a more severe change in the protein structure,
e.g., start loss or gain of a stop codon, leading to the premature termination
of the amino acid sequence (truncated protein) or an InDel induces the shift
of the reading frame (frameshift) which results in a different follow up
sequence. Most of the latter mutations cause a loss of function (LoF) of
the protein [97]. Compared to the reference genome, the genome of an
individual carries approximately 3 to 4 million SNVs and 0.4-0.5 million
InDels, whereof about 100 have a protein truncating effect [97].
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Figure 3: Functional annotation and downstream consequences of SNVs and
Small InDels. Figure taken from Lappalainen et al. [97].

2.1.3 Linkage disequilibrium

A specific (sub-)sequence of nucleotides on one single chromosome is called
haplotype. The frequency of haplotypes across a population is influenced
by the linkage disequilibrium (LD). The genome of an individual is shaped
amongst others by heritability, recombination of chromosomes via cross-
over and de-novo mutations i.e., mutations not inherited from a parent.
A group of neighboring genetic variants on the same haplotype are often
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inherited together. As a result, the frequency of one variant is dependent on
the frequency of another variant. This effect is called linkage disequilibrium
(LD). [166]

About 20 years before the very first GWAS (Section 2.3) Lander and
Botstein [96] proposed that screening the whole genome for disease loci
might be possible by making use of the LD. Though further improvements,
especially in genotyping (Section 2.2), were needed before GWAS could be
performed and impacted the knowledge about many disease and phenotypic
traits.

2.2 GENOTYPING

It took until 1972 for determining the sequence of a whole protein-coding
gene after uncovering the general structure of DNA in 1953 [72]. Since
then, different methods have been developed to define genetic sequences
and individual genetic variation. The technologies make use of different
biological, physical and chemical properties of the DNA. Those technologies
differ in their throughput, accuracy, pricing, sequencing length, and de-novo
applicability [74]. Consequently, different methods are used for different
scientific questions.

Sequencing technologies are used to uncover the genome of a new species
or rare, potentially individual mutations (Section 2.2.1). For GWAS (Sec-
tion 2.3) typically genotyping arrays (Section 2.2.2) are used, as those
enable the genetic characterization of huge sample sets for a selected set
of known variants with comparably low cost and high accuracy [178]. The
variants are usually selected to be representative for different haplotypes
and enable an imputation of further variants (Section 2.2.3).

2.2.1 Sequencing

The first sequencing technology used over a long-time span was the dideoxy
chain-termination method, also called Sanger sequencing [72]. It is defined
as the standard method due to its accuracy, robustness, and ease of use.
Briefly, in each single step of the analysis, four reactions are run parallelly.
In each reaction one of the monomers of the DNA, the deoxyribonucleotide
(dNTP) is partly replaced by the corresponding radiolabeled dideoxynu-
cleotide (ddNTP) with a lacking 3" hydroxyl group required for the bonding
of the next dNTP. Thereby the extension of the sequence is interrupted ran-
domly after the occurrence of a specific base. Using gel electrophoresis, the
sequence of the bases can be read. This step is repeated many times to
analyze a whole stretch of DNA. The technology was later improved e.g.,
by changing the labelling to allow the reaction in only one vessel and by
using capillary-based electrophoresis. Those improvements contributed to
the development of increasingly automated DNA sequencing machines. [72,
74]

DNA sequences analyzed with Sanger sequencing typically have a length
of approximately 1 kilobase (kb). For the generation of longer sequences
overlapping sequences are generated and combined in silico to a continuous
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sequence ('contig') [72]. Furthermore, Sanger sequencing is characterized
by high accuracy, low throughput, and high costs. [142]

The first methods of the next generation of DNA sequencers (next gen-
eration sequencing (NGS)) officially appeared in 2005 [112, 116, 163]. Com-
pared to Sanger sequencing, NGS comprised several different methods with
a dramatic increase in throughput [116]. Two approaches described here
are pyrosequencing as the first commercially available NGS technology and
the nowadays most important NGS technology Solexa, later acquired by
[llumina [72].

Pyrosequencing does not use radio- or fluorescently-labelled molecules,
instead a luminescent method for measuring pyrophosphate synthesis is
applied. In brief, a single dNTP is added during each reaction cycle. The
inorganic phosphate that is naturally released during DNA strand synthesis
induces a light signal based on the conversion of luciferin to oxyluciferin
[72]. This in turn results in the emission of light, that can be measured
[69, 72]. This technology uses the natural nucleotides and the resulting
sequence can be measured in real time during synthesis [72].

The Solexa method starts with a library preparation where the DNA is frag-
mented, and adaptors are ligated to the fragments. The adapter-modified,
single stranded DNA is then added to a flow cell. A flow cell contains an-
chor sequences (oligonucleotides) that are complementary to the adaptors.
The fragmented DNA is thus immobilized by hybridization to the flow cell
[58]. The DNA templates are then amplified by "bridge" polymerase chain
reaction (PCR), relying on captured DNA strands "arching" over and hy-
bridizing to an adjacent oligonucleotide [58, 192]. This process is also re-
ferred to as clustering, as due to the immobilized DNA sequences, clus-
ters of sequences are generated [58]. The DNA fragments are sequenced
in a sequence-by-synthesis manner using fluorescent 'reversible-terminator’
dNTPs [72]. The fluorophore occupies the 3' hydroxyl position of the dNTP
and must be cleaved off before the polymerization can continue. This al-
lows synchronous sequencing (Figure 4) [58, 72, 192]. Light emitted by the
fluorophores is captured by a charged couple device and then translated
into a nucleotide sequence [72]. Typically read length of 150 base pairs are
generated [77].

With application of NGS the costs and time for sequencing a whole
genome decreased massively [74, 142]. This method is also named second-
generation sequencing or short-read sequencing, in contrast to the first-
generation sequencing (Sanger-sequencing) and the third-generation se-
quencing or long-read sequencing [74].

Third-generation sequencing technologies provide advantages over sec-
ond-generation sequencing, but for a long time lacked in accuracy [74].
PacBio machines, which are single molecule real time machines, enable the
measurement of kinetic data next to the sequencing information and can
produce very long reads. Accordingly, they are suitable for the generation
of de novo genome assemblies. Nanopore sequencing, as another example,
allows sequencing of longer reads and the sequencing can be done in the
field [72]. Until recently this method had an error rate of around 14%.
Optimizations during the last years reduced this lack of quality massively
[74].

11
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Figure 4: NGS workflow in the Solexa method as used by Illumina. [58]

Depending on the sequencing template, DNA sequencing includes whole
genome sequencing (WGS), whole exome sequencing (WES), epigenome se-
quencing and targeted sequencing (TS) [74]. Template preparation can be
based on the PCR (commonly used for TS) or hybridization capture-based
approaches (commonly used for WES and TS).

In TS, opposed to WGS, targeted regions are sequenced to reduce cost
and time of the experiment. TS can focus on single genes or a group of
genes or even on whole exomes (all exons within a genome) (WES). The
human exome represents about 2% of the genome. WES is designed to
cover the entire exome. WES is unbiased, as no preliminary assumptions
about relevant genes needs to be made. Most mutations with large effects
on disease-related traits are expected to be covered by WES. [115, 142]

2.2.2  SNP arrays

In the early 2000s, high throughput genotyping was introduced, enabling
genetic association studies (Section 2.3) in big datasets. This led to the
identification of genetic variants with small statistical effects on different
disease traits. [142]

In most cases those association studies are based on genotyping infor-
mation generated by SNP arrays which enable the measurement of specific
predefined sets of genetic variation.
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Different SNP arrays are based on different chemistries but always call
for the hybridization of fragmented single-stranded DNA to labeled oligonu-
cleotide probes. Each array contains different unique nucleotide probe se-
quences. A signal intensity associated with each probe and its target after
hybridization is measured and translated into specific genotype. Widely used
SNP arrays are manufactured by the companies Illumina and Affymetrix and
have been developed over time.

SNP arrays designed by lllumina use silica microbeats, hence they are
called Illumina Bead Arrays, coated with multiple copies of a nucleotide
probe. [78]

A variation of selection criteria offering different advantages and applica-
tion possibilities are used to design SNP arrays. The first SNP arrays mainly
included common variants. Nowadays a greater density of variants with a
wider range of allele frequencies is included [178]. Variants covered by var-
ious arrays increased from a few 1000s to nearly a million over the years
[95]. Whole-genome SNP arrays are typically designed to include variants
with the highest information content on the genetic variation (utilizing LD)
[95, 111]. Other SNP arrays have a special focus e.g.:

e On the analysis of protein-coding regions (exome chips). [178]

e On loci important for a specific research question (custom arrays like
the lllumina ImmunoBeadChip also called Immunochip, designed to
cover genetic variation related to the immune system) [37].

e On the ancestry of individuals [76, 111].

Multi-ethnic arrays are designed to cover genetic variation across different
ethnicities (e.g., the multi-ethnic Illumina Global Screening Array (GSA))
[76].

Two genotyping arrays suited for the analysis of IBD and the HLA are the
GSA and the Immunochip both designed by lllumina. The Infinium Global
Screening Array-24 BeadChip (short GSA) is a whole-genome array that
was designed to cover clinical research variants as well as allowing high
imputation accuracy (Section 2.2.3) of nucleotide variants at a minor allele
frequency (MAF) larger than 1% in all populations of the 1000 Genomes
Project (1KGP) [6]. Version 3 of the GSA includes 654027 fixed markers
plus additional capacity for up to 100000 custom markers. [76]

The Immunochip as a custom-array was designed to enable cost-effective
analysis in the major autoimmune and seronegative diseases. The array
contains 196524 nucleotide polymorphisms. All of them were identified
by GWAS on one of the considered diseases, including UC and CD. The
chip also contains a dense set of SNPs in the HLA region. The cost of
this chip was lower than other genome-wide chips, due to the comparably
lower number of measured SNPs and high production numbers. However,
the Immunochip was designed using information from Caucasian samples
and might be less representative of variation observed in other populations
and marker selection was based on previous GWAS. [37]

According to company specifications genotype call rates and reproducibil-
ity of the SNP arrays are >99.7% for both types [178]. Compared to Se-
quencing technologies, SNP arrays are relatively inexpensive (about 40US$
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per sample), highly accurate and the analytical pipelines for GWAS analy-
sis are well established for array data. Though the acquired data is mainly
restricted to common and low-frequency variants with a bias towards well-
studied or sequenced populations [178].

2.2.3  Phasing and Imputation of Genotypes

As mentioned above, SNP arrays (Section 2.2.2) are commonly used for
genetic analysis. They consider only a predefined set of genetic variants
without phase information. Non-genotyped variants might, however, be of
biological interest or relevant to compare studies that were e.g., measured
on different genotyping platforms. This data can be generated to some de-
gree from SNP array data by imputation, using reference genomes Figure 5.
Imputation methods take advantage of local LD patterns that enable the
inference of SNP genotypes within a region from genotyped SNPs that are
representative for a haplotype. These representative SNP are called tag-SNPs
and are chosen as part of the SNP array design.

(B)
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Figure 5: Schematic overview of imputation. (A) Genotyped SNPs are phased to
estimate haplotypes that alleles reside on. (B) Publicly available ref-
erence haplotypes with dense nucleotide sequence coverage ate down-
loaded from projects including the International HapMap Project and
the 1KGP. (C) Phased haplotypes from the study are assessed and com-
pared to the publicly available haplotypes. The most likely genotypes
are imputed based on the alleles found in the reference haplotype panel.
Figure from Wood et al. [202].

Imputation is typically performed in two steps, phasing of the genotypes
and the imputation. Theoretically, phasing and imputation could be per-
formed in one combined step, but the separated approach is common prac-
tice for computational efficiency [171], though slightly less accurate. Both
processes are based on high quality reference data commonly produced by
large consortia. These are used to infer the phase of the data and to infer
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missing genotype information. Alternative approaches, in which only the
study genotypes themselves are used as a reference for both phasing and
imputation, are uncommon but also possible. The size of the reference panel
is directly and inversely related to the imputable allele frequency [178]. The
number of imputable variations is only expected to increase further in the
coming years.

The most commonly and widely used reference panels are the 1KGP
panel (number of individuals (n) = 2504 in phase 3), the Haplotype Refer-
ence Consortium panel (HRC, n = 32470) and the most recently released
TOPMed panel (n = 97256) [121, 178].

The 1KGP first released sequencing data of the initial 1092 (phase 1)
whole genomes in 2012 [6] and up until today it is the only fully open
source WGS data set consented for public distribution of raw sequence data
without access restriction [25]. The phase 3 data include 88 million phased
variants (84.7 million SNPs, 3.6 million InDels and 60 000 structural variants)
from 2504 individuals from 26 different populations. This resource includes
more than 99% of SNP variants with a frequency of >1% for a variety of
ancestries. The dataset is generated out of a mixture of low-coverage WES,
deep WES, and dense microarray genotyping [15]. Recently, an updated
version was published recently including a higher coverage of the genome
resulting in more variants for the sample set and 602 related parent-child
trio samples [26].

The first version of the Haplotype Reference Consortium (HRC) reference
panel initially described 2016 by McCarthy et al. [113], comprised 64 976
haplotypes from 32488 samples and provides accurate genotype imputation
at MAFs as low as 0.1%. The dataset includes the phase 3 data of the 1KGP.
It comprises a set of 39235157 variants and does not include any InDels.
The majority of these samples is of Caucasian ancestry. [113]

The largest imputation reference panel so far is the 2021 presented Trans-
Omics for Precision Medicine (TOPMed). It includes 97 256 individuals of
diverse ancestries and 308 107 085 SNV as well as InDels based exclusively on
deep WGS data [177]. As stated in Taliun et al. [177], this reference can be
used to accurately impute (12 > 0.3) variants with minor allele frequencies
above 0.002-0.003% in individuals of European and African ancestry.

Even though the TOPMed dataset is not publicly available, it can be
used for imputation and phasing via publicly available imputation servers:
the TOPMed Imputation Server and the Michigan Imputation Server. [39]

Phasing algorithms are typically based on a Hidden Markov Model [171].
Briefly, probabilities for a specific allele or haplotype are calculated based
on given variants. The probabilities are defined based on the haplotype
information in the reference dataset. Some of the most common phasing
tools are Eagle (Eagle2.4.1 [107]), SHAPEIT (SHAPEIT4 [45]), and Bea-
gle (Beagle5 [20]). For imputation, the commonly used tools are Minimac
(Minimac3 [39], Minimac4 [118]), IMPUTE (IMPUTES5 [156]) and Beagle
(Beagle 5.4 [21]). All those tools have been improved continuously over the
years, often with the focus on computational time. A combination of Eagle
v.2.4 and Minimac4 can be run online on the TOPMed imputation Server
[121] with the TOPMed reference or the Michigan Imputation server [39,
117] using different references: 1KGP, CAAPA (a reference panel mainly for
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African Americans), HRC, or TOPMed [39]. According to Stahl, Gola, and
Konig [171] all those tools are comparable in performance.

2.3 GENOME WIDE ASSOCIATION STUDIES

The aim of genome wide association study (GWAS) is the identification of
variants that are statistically more prevalent in individuals with a certain
trait [95]. The identified variants are expected to lead to disease predis-
position or inherited together with another variant, leading to disease pre-
disposition [95]. It can be discussed if the first GWAS was presented by Ozaki
et al. [141] in 2002 on myocardial infections and identified a candidate lo-
cus on chromosome 6p21 including the HLA through gene-based genotyped
SNPs, or if the first GWAS was conducted in 2005 by Klein et al. [93] as they
applied Bonferroni-correction to define the significance. They presented the
first Manhattan-Plot plotting on all SNPs vs their —logjo(P) association
and presented loci of interest as high "skyscrapers" (even though it was a
barplot, where nowadays a scatterplot is used). Most GWAS make use of an
autosomal additive model [178]. Therefore, a logistic regression model is
applied, fitting the phenotype (typically cases vs. control) in dependency of
the genotype dosages of a variant. Genotypic dosages are most commonly
coded as 0 (homozygous for the major allele), 1 (heterozygous), and 2
(homozygous for the minor allele).

More than 50000 genome-wide associated variants for different traits
have been reported since the first GWAS was performed [178]. The NHGRI-
EBI GWAS Catalog, a publicly available database that catalogues variants
observed in different GWAS, comprised 71 673 variant-trait associations from
3567 publications in September 2018 [24]. According to Visscher et al. [190]
the number of observed risk variants is predicted to increase for all traits
with the ever-growing size of discovery data sets, enabling the identifica-
tion of low-frequency variation [178, 190]. Some of the associated variants
have led to a better understanding of the disease susceptibility and allowed
the development of new drug targets, disease biomarkers or personalized
treatments [95, 178]. The study of Nelson et al. [128] shows that the drug
development using genetically supported targets has a higher success rate.

As in GWAS many statistical tests are performed simultaneously, a correc-
tion for multiple testing is necessary to filter out false positive observations.
A classical approach would be the application of the Bonferroni correction.
Ergo, the accepted significance threshold of o = 0.05 is divided by the
number of conducted statistical tests. Due to the LD (Section 2.1.3) not
all variants observed across the genome are independent of each other, in
consequence a commonly set genome-wide significance threshold is defined
as 5.0 x 1078, based on the approximately 1 million independent variants
in the HapMap Phase |l [55] data set [86, 142]. To reach those significance
levels it needs large sample sizes, high allele frequencies, and large effect
sizes.



2.3 GENOME WIDE ASSOCIATION STUDIES

2.3.1 Quality Control

An appropriate and stringent quality control (QC) is a key factor for the
generation of reliable and replicable findings in GWAS. Biases might be
introduced into a study by the sampling procedure or technical issues of
the genotyping experiment. Even though a complete removal of those bi-
ases post data generation is impossible, a carefully conducted QC can help
to reduce biases and may uncover potential problems with genotyping data.

Typical QC steps are:

1. Remove variants with a high genotyping missingness.
2. Remove samples with a high genotyping missingness.

3. A principal component analysis (PCA) to control for population strat-
ification and perform the exclusion of ancestral outliers.

4. Control variants for the Hardy Weinberg equilibrium (HWE) to remove
variants with poor genotyping quality.

5. Assess the degree of relatedness amongst the samples.

6. Analysis of sex for consistency between reported and genetic sex of
the samples.

7. Eventually analysis of batch effects, caused by i.e., measurements of
batches of samples at different timepoints or labs.

2.3.1.1 Missingness

A high missingness of variants within a sample or overall missingness for a
single variant is an indicator for problems either caused from sample pro-
cessing or genotyping. For example, the DNA that is used for a sample
might have been of bad quality or contaminated. For a variant, the cap-
turing of this genetic variant might have failed systematically. Therefore,
variants and samples with high missingness are removed in the quality con-
trol. The cutoff value defining "high" missingness changed over the years
with improving sequencing procedures and depending on the sequencing
technology. Késsens, Wienbrandt, and Ellinghaus [89] defined a default
threshold of 0.02 for a variant or 0.02 for a sample.

2.3.1.2  Principal component analysis (PCA)

By conducting a PCA, the similarity between different samples can be ana-
lyzed. Hence, genotyping data are represented in reduced dimensions and
general patterns within the genetic data can be reflected. Based on the pref-
erences of the user, several principal components (PCs), typically 10, are
calculated. Each PC captures some variability of the data, with the first and
second PC containing the highest degree of information. Since PCA should
be conducted on uncorrelated data, genomic data are pruned, meaning that
only independent variants, based on the LD are chosen for analysis. Regions
with generally high LD, such as the HLA region, are excluded.
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For the identification of differences in genetic background, the data of
interest is normally mapped onto the PCs generated by data with diverse
and known ethnical background, for example the 1KGP dataset [15]. Out-
liers within the dataset are then removed as big trait independent allele
variations are expected for those samples [9]. Further, the first principal
components are often used as covariates in the association analysis to ac-
count for remaining trait independent patterns.

2.3.1.3 Hardy Weinberg equilibrium (HWE)

In general variants are expected to follow the law of Hardy-Weinberg [172].
A biallelic variant with a MAF f is expected to be heterozygous in 2 x f x
(1 — 1) of the samples and homozygous with the minor allele in f2 of the
samples. Variants which fail this rule indicate a genotyping or genotype
calling error [9]. Deviations from HWE may also be indicative of selection,
therefore variants related to a disease might fail HWE in case samples. In
conclusion, during QC the evidence of deviation from the HWE is calculated
[9, 89]. For this only control samples are used [9, 89]. Samples with a HWE
p-value less than a predefined threshold are then removed [9, 89].

2.3.1.4 Sex checks

Information about the sex of an individual is often available. The sex can
also be defined based on the genotyping information on the sex chromo-
somes. As males only have one X chromosome, they are expected to be
homozygous on all variants of the X chromosome and have non-null calls
for the Y chromosome. Females in contrast with two X chromosomes are
expected to be heterozygous for some variants on the X chromosome but
have only null calls for the Y chromosome. A comparison of the reported sex
and the genotyping sex can help to identify plating errors or possible errors
in metadata. Samples with discordant sex should be further investigated or
be removed from the analysis. [9]



IBD

IBD is a complex disease. Complex diseases are believed to be caused
by the interplay of a variety of genetic variations and the environment.
IBD has a higher prevalence in industrialized countries in comparison to
non-industrialized countries. IBD can be categorized into two main forms
UC and CD. Typical symptoms of this diseases are abdominal pain, diarrhea,
fatigue, weight loss, rectal bleeding, and bloody stool. Additional symp-
toms in severe cases, are blood and mucus in the stool, fistula, fissure, and
anemia (Figure 6) [181]. Between 6% and 47% of IBD patients reported
additional extraintestinal manifestations [187] i.e., manifestations outside
of the gastrointestinal tract, e.g., ocular manifestations [176].
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Figure 6: Risk factors, symptoms, and inflammation pattern in IBD.

In the 20th century, the prevalence and incidence of IBD in industrialized
countries increased steadily [130]. During the last decades, the incidence
in industrialized regions like North America and Europe stagnated with a
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prevalence above 0.3% [130]. In other parts of the world, the progression
of the disease seems to be in an earlier stage and the incidence is still
increasing [130].

IBD is characterized by a remittent or progressive inflammation of the
bowel [88]. CD can affect the whole gastrointestinal tract, while UC effects
mainly the colon. While CD often shows a patchy pattern of inflammation,
UC spreads continuously from the rectum along to the colon (Figure 6)
[206]. Histologically, in both diseases the epithelial layer of the bowel is
disrupted. In CD the whole epithelial layer and the lamina propria may be
affected [206]. In UC the inflammation is characteristically limited to the
mucosal surface and the tight junctions are defect, which also increases the
permeability of the epithelium [140].

More recent research has reported a dysbiosis of bacteria in the gut in
both CD and UC when compared to healthy individuals [170]. The diversity
of bacteria in IBD patients is decreased (Figure 6). The totality of bacteria
observed at a specific site in the body is also referred to as the microbiome.
One common hypothesis in IBD research is that the disruption of the mu-
cosal barrier (Figure 6) allows bacteria to enter the tissue, which in turn
causes inflammation. This is accompanied by the presence of activated T
cells with an increased amount of T helper cells and a decreased amount
of regulatory T cells (Figure 7) [170]. However, it is unclear whether the
impaired barrier and inflammation are cause or consequence of the disease.
Overall, the disease etiology of IBD is only partly understood. It is, as stated
above, multifactorial, including: a genetic predisposition (Chapter 4), the
gut microbiome composition, dis-regulated immune responses and environ-
mental factors [184, 206]. Exemplary environmental risk factors associated
with IBD are stress, hygiene, diet, and smoking (Figure 6) [88, 205].
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Figure 7: Microbiome signatures of a healthy gut and in IBD. Figure taken from
Sommer et al. [170].

Due to the complex background of the disease, there are different classes
of treatments: either only affecting the symptoms or influencing one par-
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ticular biological pathway [137]. None of the drug treatments have been
reported to lead to a curation of the disease, only a remission of the acute
inflammation and a procrastination of another flare of the disease may be
reached [137]. Currently, the knowledge on which treatment is optimal for
which patient is limited and many patients change their medication during
treatment several times [137]. Other IDEAs, in the large treatment spec-
trum for IBD, include curative surgeries in which parts of the bowel are
resected. This is usually considered as the last option. A curation of UC
might be possible but often accompanied with severe side effects [184]. For
a more detailed overview across treatment options and drugs in IBD see
Yeshi et al. [205].
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To date, about 240 genetic risk loci have been associated to IBD [11, 40, 82].
Associations of these loci to the disease are based on statistical analyses,
such as linkage analysis in IBD families or genome-wide association analyses
in large cohorts of diseased and healthy unrelated individuals. Most risk
variants have a small statistical effect size on the case control status of IBD
cohorts based on logistic regression (odds ratio (OR)<1.3). The majority
of IBD patients carry many of those common variants [42, 50]. About 70 %
of the 240 gene loci overlap between UC and CD [206].

Most of the observed association signals are consistent between cohorts
of different ethnic backgrounds [105]. Variations in disease association of
a locus between different cohorts are predominantly driven by the distinct
MAFs of variants and in some cases the effect size of the associations (Fig-
ure 8) [105].

In specific ancestries, variants associated with IBD are absent or highly
invariable (low MAF), as is the case for variants located in the NOD2
gene. The strong association of nucleotide-binding oligomerization domain
2 (NOD2) with cD (Figure 8) is based on rare mutations present mainly in
Caucasian samples [54, 105] (see also PAPER C, Section 8.3). The most
significantly associated CD locus among the Asian population is interest-
ingly therefore not NOD2 but TNFSF15-TNFSF8 [105].

The association of the HLA locus with IBD, the strongest association in
UC, was reported with a different OR between Caucasian and East Asian
samples by Liu et al. [106]. A more detailed analysis by Degenhardt et al.
[44] showed that the associations within the HLA locus are highly conserved
in UC across different ancestries, based on which HLA alleles are associated
and concur with Liu et al. [105] on differences in effect sizes. The potential
role of HLA in IBD is reviewed and analyzed in more detail in Part iii.

For many associations, the causal disease driving gene or variant remains
unknown [42, 185] and up until now only a few genes have been well-studied
and linked to IBD [206]. The translational results and the direct consequence
of identified variants on the disease phenotype are still poorly understood
[11].

However, the genes identified to be associated with IBD can be catego-
rized broadly in three groups: Genes involved in pathogen recognition, genes
involved in pathogen clearance by innate and cell-mediated immunities, and
genes hindering pathogen invasion through the intestinal mucosal barrier
[206].

Graham and Xavier [64] categorized IBD associated genes into seven
categories and pathways related to the three groups described by Younis,
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Figure 8: Variance explained per risk variant for CD (a) and ucC (b) in European
and East Asian samples. This figure is taken from Liu et al. [105]. In
this first trans-ancestry association study of IBD the authors analyzed
the variance in disease liability explained by the single independently
associated SNPs. Each box in the figure represents one of the associated
variants. The box size is relative to the variance in the disease liability.
The coloring, as shown in the legend, highlights whether variants differ
between the European and East Asian cohort in MAF or OR or both.

Zarif, and Mahfouz [206] (Figure 9a-g). The first category encompasses
"microbe-sensing and effector pathways" (Figure 9a) [64]. The group of
genes in this category include the aforementioned NOD2 gene. The gene
product of NOD2 is an intracellular pattern recognition receptor, that can
recognize bacterial peptidoglycans and induce an immune reaction [54, 105,
159]. The second category describes effects for the integrity of the intestinal
barrier (Figure 9b) [64]. The third category describes the adaptive immunity
(Figure 9c) [64]. This pathway involves the HLA locus introduced in Part ii.
Briefly, the HLA molecules present small peptides from different sources to
T cells and can thereby induce an immune reaction [105, 206]. The fourth
category described by Graham and Xavier [64] includes genes involved in
inflammation and fibrosis (Figure 9d). This pathway and the associated
genes might lead to a pathological inflammation-healing [64]. The fifth
category leads to the cell death induced by cell-stress (Figure 9e) [64]. The
gene ATGI16L1 is an example for a gene association pointing towards a
new pathway, as the role of autophagy in CD was previously not known
[178]. The sixth described category deals with the communication between
cells by different cytokines (Figure 9f) [64]. The seventh and last category
describes the inflammasome signaling (Figure 9g) [64]. This is another
microbe-sensing pathway, which is placed in the cytosol of the host cells
based on inflammasome complexes [64].
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Although over 240 variants have been identified, only about 7-37 % of
phenotype variance (heritability) can be explained by genetic variation based
on GWAS data [62, 82, 105]. Twin studies have estimated the heritability
to be more than twice as high with 75% in CD and 67% in UC [62]. This
observed difference between these two measurements, is also referred to as
the effect of "missing heritability" and is based on different factors: The
heritability estimated by GWAS might be underestimated, as only variants
reaching the significance threshold are considered. Furthermore, GWAS rely
on the inference of untyped variants from imputed references based on LD
of variants, however knowledge on the LD might be incomplete [62]. On
the other hand, the heritability estimated by twin studies might be overes-
timated. The heritability calculated based on twin studies is grounded on a
comparison of monozygotic to heterozygotic twin pairs [62]. The attributed
assumption that the impact of environmental factors for monozygotic and
heterozygotic twins is are identical fails for different reasons [62]. For ex-
ample, in contrast to heterozygotic twins, 30% of monozygotic twins share
the same placenta [62]. Additionally, heterozygotic twins might have differ-
ent gender leading to a sex bias. Moreover, behavioral traits, like smoking,
are also correlated to genetic factors [62]. The true quantitative heritability
might never be known [62].

The genetics of IBD was mainly studied by GWAS based on SNP array
genotyping data. This approach is described in more detail in Section 2.2.2
and Section 2.3. It is limited to variants present on the array or in an applied
imputation reference [64]. By using WES or WGS to study the genetic back-
ground novel and rare variants may be identified [64]. | performed a GWAS
based on paired genotyping and exome data in PAPER C (Section 8.3)
with a special focus on the HLA gene locus.






Part Il

THE HUMAN LEUKOCYTE ANTIGEN

The human leukocyte antigen is a key factor in our adaptive
immune system. It has been identified as an important risk fac-
tor, not only for inflammatory bowel disease but also for other
immune-related diseases. In the following, | introduce the func-
tion, structure, and nomenclature of the human leukocyte anti-
gen. Furthermore, | describe how alleles of the human leukocyte
antigen can be inferred from genetic data by HLA allele imputa-
tion and computational methods can facilitate the prediction of
which peptides an HLA allele will bind. In this chapter, PAPER
A and PAPER B will be included. In PAPER A, we generated
a new multi-ethnic reference panel to impute human leukocyte
antigen alleles. In PAPER B, we used novel human leukocyte
antigen microarray data to predict the binding of peptides to a
human leukocyte antigen protein.






INTRODUCTION INTO THE HLA

The HLA locus is located on chromosome 6p21.1-p21.3. The region en-
codes over 140 genes, of which many play a role in the immune system
[168]. Often only the three classical HLA class I, six classical HLA class I
genes, and their products are considered in scientific studies. All other jawed
vertebrates have equivalent genes to the HLA. A broader term for HLA is
major histocompatibility complex (MHC) [94]. HLA is specific for humans,
while e.g., BoLA Bovine leukocyte antigen is the name of MHC in cattle
and histocompatibility system 2 (H-2) in mice [16, 90, 151].

5.1 BIOLOGICAL PATHWAYS OF THE HLA

HLA class | proteins play an important role in adaptive immunity against
intracellular pathogens like viruses or cancer (Figure 10) [144]. They are
expressed on the surface of all nucleated cells [157] and present peptides of
8-12 amino acids length to CD8" T cells [17, 27]. These peptides originate
from inside the cell, e.g., from a replicating virus. Within the cell, these
peptides are cleaved by the proteasome, transported into the endoplasmic
reticulum (ER) via the transporter associated with antigen processing (TAP)
protein complex and loaded there onto the HLA binding cleft [144]. The
loaded HLA is subsequently transported to the cell surface [144]. The in-
teraction between the HLA-peptide complex with a TCR can activate the T
cell and induce the destruction of the peptide presenting cell [144]. While
only some HLA presented peptides are T cell epitopes, all T cell epitopes
need to be presented by an MHC molecule [98].

HLA class |l molecules are only expressed on the surface of professional
antigen presenting cells (APCs) [7]. These include dendritic cells (DCs), B
cells, and macrophages. The HLA class Il molecules are synthesized in the
ER together with the invariant chain. A small peptide of this molecule is the
class Il-associated invariant chain peptide (CLIP). It occupies the binding
groove to impede other peptides within the ER to bind to the HLA [134].
Antigens enter the cell via phagocytosis, pinocytosis or receptor-mediated
endocytosis. They are processed and broken down into smaller peptides in
the vesicles of the endocytic pathway [161]. The invariant chain is degraded
and the HLA protein is loaded with the antigenic peptide. This process is
assisted by HLA-DM and HLA-DO, two non-classical HLA class Il molecules
[153]. The HLA-peptide complex is then presented on the cell surface. When
it is recognized by a CD4+ T cell different immunological processes can be
set into motion [153]. Briefly, these processes encompass [1]:
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Figure 10: Biology of the HLA for classical HLA class | molecules (nucleated cell,
bottom left) and for classical HLA Il molecules for the different types
of APCs (Dendritic Cell: top right; Macrophage: top left; B cell: bot-
tom right). The figure was generated in cooperation with the designer
Renate Nikolaus.

e clonal expansion of the antigen specific T cells,
e activation of B cells involving stimulation of antibody secretion,

e or release of substances like nitric oxide (NO) and superoxide (O27) by
macrophages which are important for the elimination of a pathogen.

Other than HLA class | molecules, HLA class Il molecules are mainly re-
sponsible for the defense against extracellular pathogens like bacteria [13,
153]. Peptides are presented by classical HLA proteins. The classical HLA
genes comprise the HLA class | genes HLA-A, HLA-B, and HLA-C, and
the HLA class Il genes HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1,
HLA-DRA, and HLA-DRBI (Figure 11a) [13]. Some HLA haplotypes en-
code for an additional HLA-DRBI paralog, either HLA-DRB3, -DRB4 or
-DRB5, with the same structural and functional role [13, 43]. Each human
individual has between three and twelve different peptide presenting HLA
class Il molecules on the surface of its APC depending on the combination
of its genotype (Figure 12).

5.2 STRUCTURE OF THE HLA GENE AND PROTEIN

The classical HLA class | and class |l proteins, besides their functional dif-
ferences, also differ in their protein structure. HLA class Il proteins are
heterodimers built by an « and a 3 chain (Figure 11b) [147]. The two
chains are encoded by a pair of classical HLA genes, e.g., HLA-DRA and
HLA-DRBI [1]. Both chains contain a cytoplasmic region, a transmem-
brane region, and two domains of the extracellular domain including the
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Figure 11: The HLA from the chromosomal location (Figure 11a) to the mature
protein (Figure 11b and 11c). Figure 11a shows the location of the HLA
genomic region on the short arm of chromosome 6 (6p21.1-21.3) and
the organization of the classical HLA loci - DP, DQ, DR, B, C, and A -
as well as a small selection of other non-classical HLA genes. Figure 11b
shows the exonic structure of the HLA class Il o and 3 genes (direction
is turned for graphical reasons) and the resulting mature protein. Exon
1 of the o and B chain code for the signal peptide (SP). Exon 2 of
the a and B chain code for the &1 and B1 domain, including the
highly polymorphic peptide binding cleft of the heteromeric molecule.
Exon 3 of both chains encodes the «2 and 32 region, respectively,
responsible for CD4 binding and structure stabilization. Exon 4 of the
o chain and Exon 4 and 5 encode the transmembrane region (TMm)
and cytoplasmic region (CY) of the protein. Exon 5 of « and exon 6
of B are 3' non translated region (3'NT). Figure 11c shows the exonic
structure of the HLA class | genes and the resulting mature protein.
The exon 1 codes for the SP. Exon 2 and 3 encode for the &1 and «2
domain including the highly polymorphic peptide binding cleft. Exon 4
encodes for the a3 region responsible for CD8 binding and structure
stabilization. Exon 5 codes for the TM and exon 6 and 7 for the CY
part of the protein. Exon 8 encodes the 3'NT. The lighter chain of the
class | molecule, comprising the 2m region is encoded by the beta-2
microglobulin (B2M) gene on chromosome 15. (The figure was created
with BioRender. com).

peptide binding cleft («1 and B1) and the binding region for the T cell
co-receptor CD4 («2 and (32) [1].

HLA class | proteins are also heterodimers, one polypeptide chain is en-
coded by the HLA gene, the other polypeptide chain is a 32-microglobulin
encoded by the B2M gene on chromosome 15 (Figure 11c) [127, 164]. The
32 microglobulin forms only one extracellular protein domain [1]. A HLA
class | gene encodes for three extracellular domains, the x1 and «2 domain
forming the binding cleft for the peptide, and the «3 region important for
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Figure 12: Different genotypes lead to 3-12 different HLA class Il proteins on the
surface of the APCs. Figure 12a shows six different common HLA class
Il haplotypes. Figure 12b shows exemplary phenotypes based on com-
binations of those genotypes with an increasing number of different
HLA class Il molecules. The figure was generated in cooperation with
the designer Renate Nikolaus.

(b) Exemplary HLA class Il phenotypes

binding of the T cell co-receptor CD8 [1]. Additionally, the HLA class | gene
encode for a cytoplasmic and a transmembrane region [1].

All classical HLA genes, except for DRA, are highly polymorphic, especially
within the binding groove of the molecule. The binding groove is generally
formed by a 3-sheet with two framing o-helices (Figure 13) [1]. In case of
HLA class I, the binding groove is open at both ends, enabling peptides of
variable lengths to interact with the HLA molecule [1, 47, 108]. The binding
groove of HLA class | molecules is closed, and the interacting peptides are
restricted to peptides with lengths of around 9 amino acids [1].

5.3 NOMENCLATURE OF THE HLA

When research into HLA began in the late 1950s to early 1960s [75], HLA
proteins were classified into different serotypes, based on serological test-
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ing. Whereas in the beginning only one serological group was know, and
subgroups were named by numbering (e.g. HL-A1, HL-A2), it soon became
apparent that the observations in the serological testing originated from dif-
ferent HLA loci [75]. Therefore, the naming system was adjusted to account
for the genetic origin of the antibodies and newly identified sub-serotypes
[75]. With the introduction of sequencing-based methods, the HLA was
soon classified based on nucleotide sequence in addition to its serotype
(Section 6.1).

Sequence-based analysis allowed for a more detailed distinction of dif-
ferences in the HLA leading to the discovery of an ever-increasing amount
of different nucleotide sequences, also called HLA alleles. The latest HLA
nomenclature defines an HLA allele based on a prefix (HLA), the gene name,
and four fields separated by colons (Figure 14) [12, 75]. The first field de-
fines the allele group and is in general equivalent with the previously defined
serologically defined HLA subtypes. The second field defines the complete
protein. The third field includes synonymous mutations within the coding
region and the fourth field includes variations within the non-coding region
[12].

Prafix Gen 1. Feld 2. Feld 3. Feld 4. Feld

Organismus Allele-  Spezifisches Kodierende nicht
und Gen gruppe Protein Varianten kodierende

Gengruppe Varianten

Figure 14: Nomenclature of the HLA.
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Previous versions of the nomenclature did not use any separator between
the different fields but assumed that differences across each specification
could be represented by two digits. In 2010 a new name convention includ-
ing the separator was introduced, as more than 100 alleles were discovered
within distinct HLA groups [12, 75, 138]. As a relic of the previous nomen-
clature, some papers still refer to 2- and 4-digit alleles, instead of 1- and
2-field alleles, respectively.

Many scientific studies are mainly interested in analyzing differences of
the HLA within its peptide binding groove only. This region is encoded by
exon 2 of the according gene for both the o and the  chains of the class Il
proteins (Figure 11b). For class |, the peptide binding groove is encoded by
the exons 2 and 3 (Figure 11c). Focusing only on differences in the peptide
binding groove results in G-grouping of HLA alleles. All alleles that have
identical exon 2 or exon 2/3 sequences are assigned to the same G group.
A specific G group is then marked with a 'G’ suffix, e.g., A*02:01G. If only
coding variants within a G group are considered, the groups can be further
collapsed into P groups (indicated by a 'P’ suffix) [75]. Unfortunately, many
studies lack the clarity to specify the HLA alleles were determined.

In general, other suffixes are used in the HLA nomenclature as well, in-
dicating the expression of the gene. The most important suffix is the 'N’
marking a non-expressed allele. [138]

As of today, the IMGT/HLA database includes 34422 HLA alleles and
their sequences (release 3.49.0, 12.07.2022) with currently an increase of
several hundred new alleles per quarter year [51, 152].
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The HLA locus is characterized by a high number of polymorphisms, paired
with a large amount of homologous sequences between many HLA genes
and pseudogenes. The genetic differentiation of specific nucleotide varia-
tions is therefore more challenging for HLA alleles than in the rest of the
genome. Typically, the best accuracy for measuring an HLA allele is achieved
by using sequencing-based methods (Section 6.1). However, sequencing is
time and cost intensive in the framework of association analysis, where
thousands of individuals are analyzed parallelly. Genotyping arrays (Sec-
tion 2.2.2), used in GWAS (Section 2.3), do not cover the entirety of the
HLA variation. As a consequence, HLA alleles cannot be called based on
genotype information derived from these arrays directly. Instead, specifically
designed imputation references are used to infer HLA allele information from
array-based genotyping (Section 6.2).

6.1 HLA TYPING BASED ON SEROTYPES AND SEQUENCING

The HLA was traditionally typed using the complement dependent cytotoxic-
ity (CDC) assay. This approach relies on sera of known anti-HLA-antibodies
that bind to specific HLA allele groups. After adding the complement, cells
with the according HLA profile lyse. This dissolution can be visualized un-
der the microscope [19, 196]. In the 80s, DNA-based techniques became
popular for HLA type inference [19]. These methods include the applica-
tion of sequence-specific oligonucleotides (SSO), sequence-specific primers
(SSP), and real-time PCR (RT-PCR) [19]. The kits, i.e., specific packages
of chemicals and other components, which were used for these techniques,
are generally not able to discriminate between closely related HLA alleles as
the used primers or oligo probes do not cover all polymorphisms [19].

In addition to this, sequencing technologies of the different generations
(see Section 2.2.1) are used. Sanger sequencing typically focuses only on
the exons related to the peptide binding groove (exons 2 and 3 for class |
and exon 2 for class Il, Figure 11) [19]. Sequencing limited to these exons
can lead to a high level of ambiguity of the HLA calls [4]. NGS enables
sequencing of whole HLA genes in a cost and time effective manner. Many
ambiguities can be eliminated with NGS due to sequencing of additional
exons [4] and clonal amplification, where the DNA fragments are copied as
a whole, and spatially separated [19]. On the other hand, clonal amplifica-
tion might introduce PCR bias. Clonal amplification and the assembly of
short sequences is not necessary any more using third generation long-read
sequencing [19].
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Based on the type of sequences generated by second and third generation
sequencing, different tools can be used to accurately genotype the HLA
alleles. Some of them use the IMGT/HLA database [51, 152] as a reference
for the HLA allele sequences. Others focus on de novo assembly to build
a consensus sequence from read fragments [19]. Exemplary tools used for
HLA typing based on NGS data are:

e HLAssign: This open-source tool assigns alleles based on references
from the IMGT /HLA database [201]. The tool was, for instance, used
in PAPER A (Section 6.3, [43]).

e HLA twin: The commercial HLA twin software from Omixon allows
both reference-based and de novo genotyping [139].

e NGSengine: The commercial NGSengine analysis software from GenDx
is based on the IMGT /HLA reference. GenDx is compatible with any
amplification strategy and different common sequencing platforms
[48, 56].

Sequencing data is still not affordable nor available for large cohort stud-
ies. Instead, genotyping arrays are used to determine the HLA genotypes
(Section 6.2).

6.2 TOOLS FOR THE IMPUTATION OF HLA ALLELES

HLA allele imputation is in its principles similar to SNP imputation (see Sec-
tion 2.2.3). As in SNP imputation, missing HLA genotypes are inferred from
specially designed reference panels. Tools that have specifically been devel-
oped for HLA allele imputation include HLA*IMP [46], SNP2HLA [80], HI-
BAG (HLA Imputation using attribute BAGging) [211, 212] and CookHLA
[35].

The imputation of all these tools is based on a reference dataset. HLA*IMP
was published with a reference consisting of over 2500 individuals of Euro-
pean ancestry [46]. SNP2HLA was published with two different reference
datasets: First, the HapMap-CEPH panel, including 90 samples of diverse
genetic background and second, the T1IDGC (Type 1 Diabetes Genetics
Consortium) panel, including 5225 European samples [80]. HIBAG was
published with a variety of panels. The single models incorporate data from
European, Asian, Hispanic, and/or African samples. Especially for African
individuals, the reference size, with around 100 typed individuals, is com-
parably small to cover the whole diversity of HLA haplotypes. CookHLA
validated their algorithm based on different publicly available datasets, e.g.,
data from the 1KGP or the T1IDGC [35].

Jia et al. [80] already pointed out that large population-specific refer-
ence panels are needed to achieve high quality HLA imputation. When this
research started, all available references for HLA imputation were either of
limited size or focusing on Caucasian ancestries only. To analyze the HLA in
UC in other populations, as performed in Degenhardt et al. [43], a more di-
verse reference for HLA imputation was needed. In PAPER A (Section 6.3)
we constructed a new multi-ethnic imputation reference based on HIBAG
[43]. An updated version of SNP2HLA including a new multi-ancestry ref-
erence was recently published on the Michigan Imputation Server [109].
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They integrated the HLA imputation in a broader workflow for an associa-
tion analysis [109].

6.3 PAPER A: MULTI-ETHNIC REFERENCE PANEL

Frauke Degenhardt et al. “Construction and benchmarking of a multi-ethnic
reference panel for the imputation of HLA class | and Il alleles.” In: Human
molecular genetics 28.12 (2019), pp. 2078-2092. 1sSN: 1460-2083. DOI:
10.1093/hmg/ddy443, p. 2

Aim

Improve the HLA imputation quality in non-Caucasian samples to allow the
analysis of disease associated HLA profiles in trans-ethnic cohorts.

Method

Genotypes were measured with lllumina’s Immunochip genotyping array for
more than 1300 samples from Germany, Malta, China, India, Iran, Japan,
Korea, and samples of African American ancestry. The HLA types of those
individuals were established using a high-resolution next generation sequenc-
ing approach (HLAssign) for all classical HLA class | and Il alleles including
HLA-DRB3/4/5. Based on this data a new reference panel was trained for
HIBAG. We benchmarked the panel by cross-validation and with indepen-
dent data from the 1KGP.

Results

The benchmark showed high accuracy across the eight populations and
the independent data from 1KGP. We identified specific alleles that are
challenging to impute in the single populations.

Conclusion

Our new multi-ethnic imputation panel allows accurate 2-field HLA impu-
tation for all classical HLA alleles and HLA-DRB3/4/5 based on diverse
ancestry populations.
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Abstract

Genotype imputation of the human leukocyte antigen (HLA) region is a cost-effective means to infer classical HLA alleles
from inexpensive and dense SNP array data. In the research setting, imputation helps avoid costs for wet lab-based HLA
typing and thus renders association analyses of the HLA in large cohorts feasible. Yet, most HLA imputation reference
panels target Caucasian ethnicities and multi-ethnic panels are scarce. We compiled a high-quality multi-ethnic reference
panel based on genotypes measured with Illumina’s Immunochip genotyping array and HLA types established using a
high-resolution next generation sequencing approach. Our reference panel includes more than 1,300 samples from
Germany, Malta, China, India, Iran, Japan and Korea and samples of African American ancestry for all classical HLA class I
and II alleles including HLA-DRB3/4/5. Applying extensive cross-validation, we benchmarked the imputation using the HLA
imputation tool HIBAG, our multi-ethnic reference and an independent, previously published data set compiled of
subpopulations of the 1000 Genomes project. We achieved average imputation accuracies higher than 0.924 for the
commonly studied HLA-A, -B, -C, -DQB1 and -DRB1 genes across all ethnicities. We investigated allele-specific imputation
challenges in regard to geographic origin of the samples using sensitivity and specificity measurements as well as allele
frequencies and identified HLA alleles that are challenging to impute for each of the populations separately. In conclusion,
our new multi-ethnic reference data set allows for high resolution HLA imputation of genotypes at all classical HLA class I

and II genes including the HLA-DRB3/4/5 loci based on diverse ancestry populations.

Introduction

The major histocompatibility complex, in humans also named
human leukocyte antigen (HLA) complex, is a highly variable
gene cassette with major functions in the immune system.
The HLA region spans ~5 Mb on chromosome 6p21 with
genomic positions ranging from 29 Mb to 34 Mb. Genes in this
region code for proteins that are involved in many complex
functions of the adaptive and innate immune system like
the presentation of peptides to the host immune system
and also code for proteins that aid peptide presentation or
antigen recognition. Results from over 10 years of genome-
wide association studies (GWAS) support the HLA as one
of the most important disease susceptibility loci for almost
every immune-mediated and autoimmune disease. In many
cases, the strongest association signals are found within the
highly polymorphic classical HLA genes in the class I and II
regions, a finding made long before the GWAS era for many
of these diseases (1). Therefore, pinpointing the exact genetic
variants in the HLA region, which are associated with these
diseases, is of utmost importance to disentangle the underlying
genetic pathophysiology (2). This is complicated by the highly
polymorphic nature of the region, resulting in the need for large
disease cohorts to increase statistical power in the detection of
genetic association. The costs per sample for Sanger- and next
generation sequencing (NGS)-based HLA typing is still at least
double that of a genome-wide single nucleotide polymorphism
(SNP) array analysis with the new chip platforms. Therefore,

imputation methods and reference panels have been developed
to provide geneticists with a tool to infer HLA alleles at the
classical loci in silico using inexpensive and dense SNP array
data. These have led to significant advances in fine-mapping
of disease relevant genetic variants for many inflammatory
and autoimmune diseases (3-5). Published and established HLA
imputation tools are amongst others SNP2HLA, HLA Imputation
using attribute BAGging (HIBAG) and HLA*IMP (6-8). Imputation
of the HLA requires reference panels with high coverage of
alleles and genotypes in the region of interest as well as a broad
spectrum of samples in order to capture as many different
alleles as possible. Additionally, the ancestral background of
the reference panel used to impute a data set of interest must
be as close as possible to the study population as shown
for instance by Jia etal. (7). Most HLA imputation reference
panels target Caucasian ethnicities and although there has
been progress in the development of ancestrally diverse HLA
reference panels, studies in which multi-ethnic analyses are
performed are still scarce and limited in size (e.g. for chronic
inflammatory diseases, (9)). Several imputation references have
been published in the past using various genotyping chips
and at different resolutions. All reference panels have sig-
nificantly advanced HLA imputation and analysis conducted
with the produced data. However, to date, no full context
four-digit multi-ethnic HLA imputation reference panel exists
for fine mapping of the HLA region across the totality of the
mentioned loci.
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Figure 1. Flowchart of steps taken in preparation and benchmarking of our multi-
ethnic reference panel. HLA allele calls were made based on NGS reads. Genotype
information was measured using the Illumina Immunochip. These data were
combined to train a HIBAG imputation model. Benchmarking was performed
using a 5x cross-validation and the independent, previously published, 1000
Genomes data set (24).

With this study, we aimed to create a comprehensive high-
quality multi-ethnic HLA reference data set, including HLA-DPA1,
-DPB1 and -DRB3/4/5, using populations of African American,
East Asian (Japan, South Korea and China), European (Germany,
Malta) and Middle Eastern (India and Iran) descent.

We generated HLA allele calls from next generation sequenc-
ing (NGS) reads for ulcerative colitis (UC) and control individuals
of each population, using HLAssign (10) and genotype infor-
mation using the Illumina Immunochip SNP array [[llumnina,
San Diego, CA, USA] (Fig. 1). Using multidimensional scaling
(MDS) analysis, we analyzed population structure based on HLA
allele frequencies. The combination of called HLA alleles and
SNP array genotypes served as training data sets for our new
multi-ethnic reference using the HLA imputation tool HIBAG
(6). We benchmarked the imputation, applying extensive cross-
validation on our multi-ethnic reference panel (Supplementary
Material, Fig. S1). The performance of our final model was addi-
tionally assessed using the previously published HLA calls of
the 1000 Genomes project (11). We also conducted a literature
search into the genetic architecture of HLA-DRB3/4/5 in relation
to HLA-DRB1, as the presence of the HLA-DRB3/4/5 are highly
dependent on which HLA-DRBI1 allele is carried by an individ-
ual. These loci are of particular interest, since they represent a
functional variation that has not been considered in many of the
previously published reference data sets and hence have been
largely excluded in association studies.

Results

MDS-based clustering of reference samples on HLA
allele frequencies

Using MDS analysis on relative frequencies of single HLA G
grouped alleles across each cohort, we observed distinct clusters
for individuals with East Asian, African and European back-
grounds (Fig. 2), except for HLA-DRB3/4/5 and HLA-DQBI1. The
different subpopulations of our multi-ethnic study population
cluster well with respective ethnicities of the 1000 Genomes
population. For the 1000 Genomes population, exons 2 and 3

(class I) or exon 2 (class II) were typed only for loci HLA-A,
-B, -C, -DQB1 and -DRB1 but not for HLA-DPA1, -DPB1 and
-DRB3/4/5. However, to the best of our knowledge no custom
G groups were defined (11). Samples did not show population-
specific clustering for HLA-DQB1, because frequencies of the
HLA alleles in European individuals were similar to those in the
Yoruban, African American and European individuals of the 1000
Genomes population. We did not detect consistent clusters for
the HLA-DRB3/4/5 genes, possibly because there was not enough
variability to allow good clustering results. In our multi-ethnic
data set we only observe four, three and six different four-digit
alleles for the HLA-DRB3/4/5 genes, respectively. In addition,
these genes also included a high percentage of null alleles (HLA-
DRB3, 48.45-81.28%; HLA-DRB4, 65.78-84.52%; HLA-DRBS5, 71.28-
85.66%; Table 1) that dominate the frequency spectrum and thus
the MDS analysis. With ‘null allele’ we here refer to the absence
of a locus in a given individual. These null alleles are named
DRB3*00:00, DRB4*00:00 and DRB5*00:00 throughout this paper.
In summary, the MDS analysis reveals significant population
heterogeneity for the classical HLA genes and thus, imputation
tools should be able to account for this heterogeneity by using
population-matched and diverse reference panels.

Imputation benchmark

We performed HLA imputation of the HLA class I loci HLA-A,
-B, -C and class Il loci HLA-DQA1, -DQB1, -DPA1, -DPB1, -DRB1 and
-DRB3/4/5 using HIBAG and three different constellations: (i) our
multi-ethnic reference panel in full four-digit context (Fig. 3 and
next paragraph), (ii) our multi-ethnic reference panel combined
with the 1000 Genomes data set on G group level (Supplementary
Material, Fig. S2 and Supplementary Material, Table S1) and (iii)
our multi-ethnic reference panel on G group level as a com-
parison (Supplementary Material, Fig. S3 and Supplementary
Material, Table S2). We also used the 1000 Genomes panel to test
the performance of our data (Table 2) with special focus on the
imputation for the non-European population panels, as one of
the main innovations of this work.

Using a cross-validation approach (Supplementary Material,
Fig. S1), we divided the data of each specific population into five
random subsamples irrespective of case-control status. For each
of the subsets, using the remaining 80% of the population, as
well as the HLA allele and genotype information of all other
populations, we trained a HIBAG model. The HLA alleles were
predicted for the 20% of data from the analyzed population that
were not used for training. We calculated accuracies for each of
the five subsamples of our population of interest and imputa-
tion accuracies for unrelated individuals of the 1000 Genomes
population. The results of the cross-validation are depicted in
Figure 3 and Table 3. Overall accuracies were high with average
accuracies ranging from 0.924 in the Chinese to 0.967 in the
Maltese populations (Table 3; Supplementary Material, Table S3).
More specifically, high overall accuracies were achieved for the
HLA-C, HLA-DP and HLA-DQ loci whereas the HLA-A, -B and
-DRB1 loci were more challenging to impute across all ethnicities
with accuracies as low as 0.862 for HLA-DRBI in the Iranian
panel. This is also reflected in the posterior probability curves
depicted in Figure 3b. Posterior probabilities in HIBAG are used as
an additional measure to control prediction accuracies and are
generated as an average over all classifiers. Low overall posterior
probabilities for a locus indicate that the majority of the alleles
were challenging to impute. Note, that correct calls, e.g. for
rare alleles, also tend to have smaller posterior probabilities,
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Figure 2. MDS analysis of HLA typed allele data: the MDS analysis was performed using a Euclidean distance measure. Alleles with a frequency <1% were excluded to
produce a clustering that is not biased by similarity in low frequency variants. Colors show the origin of the cohort. Red: African American (AA) and African background;
Green: European and Middle Eastern background: German (GER), Indian (IND), Iranian (IRN), Maltese (MLT); Blue: Asian background: Hong-Kong Chinese (CHN), South
Korean (KOR) and Japanese (JPN); Purple: Non-reference admixed American individuals. Capital acronyms in the panels depict the 1000 Genomes populations as
described in Auton et al., (24). The 1000 Genomes populations include Americans of African Ancestry in the Southwest USA (ASW), Africans from Kenya (LWK), Nigeria
(YRI), Columbian (CLM), Mexican (MXL) and Puerto Rican (PUR), Han Chinese in Beijing (CHB), Southern Han Chinese (CHS), Japanese in Tokyo (JPT), Finnish (FIN), British
(GBR), Tuscan (TSI) and samples with Western European Ancestry collected in the CEPH diversity panel (CEU). For HLA-DPA1, -DPB1, -DQA1 and the -DRB3/4/5 loci no
data was available in those panels. For the MDS analysis across all loci (HLA CLASS I_II) we included HLA-A, -B, -C, -DQB1 and -DRB1. Samples of our own cohorts cluster

well with the corresponding 1000 Genomes population.

while incorrect calls can have a high posterior probability when
haplotypes of two alleles are similar across many classifiers.
Therefore, we decided to additionally use other measures such
as sensitivity and specificity, and allele specific accuracy to
evaluate allele specific results in the following analyses. With
29-55 alleles per population, and 75% (Malta) to 82% (Japan) of
the alleles having frequencies of <1% (Supplementary Material,
Tables S4 and S5), HLA-B presented a particular challenge for
imputation. Similarly challenging were HLA-A and -DRB1, which
are discussed further below. The remaining loci were not as
variable or had a smaller and more even frequency spectrum
(Supplementary Material, Table S5), such that posterior probabil-
ities were higher. HLA-DPA1 and -DPB1 had the most “on target”
SNPs (30 and 51 SNPs, respectively) (Supplementary Material,
Table S6), reflecting the fact, that these loci are least variable and
therefore better suited to be captured on a SNP genotyping array.
Overall, between 682 (HLA-DPB1) and 1,794 (HLA-A) SNPs were
located within the different gene loci including flanking regions
of 500 kb upstream and downstream of each gene. A median
of 41.5 (HLA-DRBS5) to 81 (HLA-A) SNPs were used by the single
classifiers of HIBAG.

In the following, we show the results of the imputation with
our own reference data set divided by ethnic background and
also compare our data to previously reported HLA imputation
accuracies on published data sets from Dilthey et al. (8), Jia et al.
(7), Okadaet al. (12),Kim et al. (13) and Zhenget al. (6) (Table 4).1Itis
of importance to note, that high accuracies for a reference panel
using a specific benchmarking panel are best achieved when
the benchmarking panel follows the same allele nomenclature
and grouping as the panel used for imputation. We could not
determine to which extent this was considered in each of the
above studies, but we estimate that the effect should not be
detrimental if differences only occur between slightly different
custom allele groupings (i.e. we assume that the allele that a
grouping is based on is also the most frequent allele) and not
between different levels of grouping (i.e. full context versus G
groups). A summary of these data sets is described in Table 4.
The following results are specific to the imputation of HLA
alleles into the respective populations using our multi-ethnic
four-digit full context reference panel. If not stated otherwise,
mean accuracies were compared for four-digit allele imputations
of HLA-A, -B, -C, -DQB1 and -DRB1. These are the loci that are
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Table 1. Frequencies of HLA-DRB3/4/5 in our multi-ethnic reference panel: frequencies of HLA-DRB3/4/5 in the typed HLA data for African
American (AA), Hong-Kong Chinese (CHN), German (GER), Indian (IND), Iranian (IRN), Japanese (JPN), South Korean (KOR) and Maltese
(MLT) populations at full four-digit context. Null alleles have the highest frequencies. For HLA-DRB4 mainly one other allele, DRB4*01:03,
exists. DRB5*01:01 is the second most abundant of the HLA-DRB5 alleles in all but the Japanese and Iranian panels, where DRB5*01:02 is
seen more often.

AA CHN GER IND IRN JPN KOR MLT
DRB3*00:00 51.61 64.60 59.88 56.74 48.45 81.28 64.34 55.00
DRB3*01:01 11.13 2.55 14.51 5.32 8.53 4.55 11.07 4.69
DRB3*02:02 27.74 19.34 22.53 32.98 37.98 8.82 16.39 33.75
DRB3*02:24 0.00 0.00 0.62 0.00 0.39 0.00 0.00 0.31
DRB3*03:01 9.52 13.50 247 4.96 4.65 5.35 8.20 6.25
DRB4*00:00 84.52 75.91 80.25 80.85 75.97 65.78 68.44 75.63
DRB4*01:01 6.77 0.00 2.47 0.35 1.55 0.00 0.00 3.75
DRB4*01:02 0.00 0.00 0.00 0.00 0.39 2.14 0.41 0.00
DRB4*01:03 8.71 24.09 17.28 18.79 22.09 32.09 31.15 20.31
DRB4*03:01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.31
DRB5*00:00 81.94 72.63 80.56 71.28 85.66 71.66 82.38 81.56
DRB5*01:01 15.97 21.53 16.67 15.96 5.43 6.42 11.07 10.00
DRB5*01:02 0.32 1.82 0.62 12.77 6.98 20.59 4.51 3.75
DRB5*01:03 0.00 0.73 0.00 0.00 0.00 0.00 0.00 0.00
DRB5*01:08 0.32 2.19 0.00 0.00 0.00 0.27 0.41 0.00
DRB5*02:02 0.97 0.36 2.16 0.00 1.94 1.07 1.64 4.69
DRB5*02:03 0.00 0.73 0.00 0.00 0.00 0.00 0.00 0.00
DRB5*02:13 0.48 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 2. Imputation accuracies for 1000 Genomes populations: population groups are depicted in bold and the subpopulations in italic type.
African (AFR) samples are divided into Americans of African Ancestry in the Southwest USA (ASW), Africans from Kenya (LWK) and Nigeria
(YRI). Admixed American (AMR) samples are split into samples with Columbian (CLM), Mexican (MXL) and Puerto Rican (PUR) ancestry. East
Asians (EAS) were collected as Han Chinese in Beijing (CHB), Southern Han Chinese (CHS) and Japanese in Tokyo (JPT). Samples with European
Ancestry (EUR) are Finnish (FIN), British (GBR), Tuscan (TSI) and samples with Western European Ancestry collected in the CEPH diversity panel
(CEU). Accuracies of HLA-DRB1* are HLA-DRBI measured without DRB1*04:03, DRB1*04:04 and DRB1*11:04, which improved accuracies for all
ethnicities. HLA-A* are accuracies measured without A*02:03, which improved accuracies for the Chinese samples. Overall accuracies were
highest for EUR samples and lowest for the non-AMR, for which no samples with similar backgrounds are included in our novel imputation
reference.

#samples A B C DQB1 DRB1 mean A* DRB1*
AFR 162 0.920 0.833 0.932 0.951 0.886 0.904 0.920 0.906
ASW 41 0.939 0.805 0.915 0.939 0.902 0.900 0.939 0.923
LWK 75 0.880 0.853 0.960 0.980 0.893 0.913 0.880 0.899
YRI 46 0.967 0.826 0.902 0.913 0.859 0.893 0.967 0.902
AMR 193 0.909 0.756 0.972 0.984 0.710 0.866 0.909 0.766
CLM 67 0.925 0.709 0.970 0.985 0.687 0.855 0.925 0.711
MXL 56 0.857 0.688 0.973 0.991 0.598 0.821 0.857 0.674
PUR 70 0.936 0.857 0.971 0.979 0.821 0.913 0.936 0.888
EAS 260 0.929 0.931 0.975 0.992 0.940 0.953 0.941 0.951
CHB 82 0.939 0.921 0.988 0.994 0.939 0.956 0.948 0.967
CHS 92 0.935 0.924 0.967 0.995 0.935 0.951 0.963 0.944
JPT 86 0.913 0.948 0.971 0.988 0.948 0.953 0.913 0.943
EUR 322 0.983 0.944 0.994 0.989 0.890 0.960 0.983 0.968
CEU 52 0.981 0.922 0.971 1.000 0.865 0.948 0.981 0.987
FIN 95 0.984 0.974 1.000 0.989 0.926 0.975 0.984 0.959
GBR 86 0.977 0.959 1.000 0.983 0.884 0.960 0.977 0.993
TSI 89 0.989 0.910 0.994 0.989 0.871 0.951 0.989 0.944

present for all imputation references (Table 4). Within the cross-
validation framework, accuracies for a gene were calculated as
an average across the different cross-validation runs as it has
been done previously (12,13) and enables better comparison of
these values between studies. We also report median, minimum
and maximum values in Supplementary Material, Table S3.
We report accuracies across all imputed alleles in Table 3,
Supplementary Material, Tables S1 and S2. A few alleles were
especially challenging to impute, both within our as well as in

previously published reference panels. These alleles usually
have comparably lower sensitivity or specificity scores and sim-
ilar haplotype structures within the same 2-digit allele groups
(Supplementary Material, Tables S7 and S8, Supplementary
Material, Tables S5-S8 of Zheng etal., (6)). This is especially
important in the context of association analyses where the
greatest impact from these issues is seen with higher frequency
variants (AF >1%) and thus needs to be considered carefully.
Note that this also depends on the ethnicity of the samples
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Table 3. Imputation accuracies of the imputation with the multi-ethnic reference panel: 20% of the data with a specific ethnic background were
used as validation set after training a model with 80% of the remaining data and all data from other ethnic backgrounds. We included 1,360
African American (AA), Hong-Kong Chinese (CHN), German (GER), Indian (IND), Iranian (IRN), Japanese (JPN), South Korean (KOR) and Maltese
(MLT) samples in total in the imputation reference. Shown are mean accuracies of the HLA imputation with HIBAG using a 5-fold cross-validation
scheme and the multi-ethnic data set with full four-digit allele information. The given mean considers only the loci highlighted in bold, as
these are loci also analyzed in all previous publications. Accuracies of HLA-DRB1* are HLA-DRB1 measured without DRB1*04:03, DRB1*04:04
and DRB1*11:04, which improves accuracies for all ethnicities. HLA-A* are accuracies measured without A*02:03, which improves accuracies
for the Chinese samples. Overall, HLA-B is the most challenging to impute. Mean accuracies are higher than 0.925 across all cross-validation
runs. Best results are achieved for the GER, JPN and MLT populations.

AA CHN GER IND IRN JPN KOR MLT
#samples 312 140 162 143 132 189 122 160
A 0.969 0.900 0.976 0.955 0.973 0.936 0.939 0.984
B 0.877 0.868 0.917 0.875 0.885 0.938 0.934 0.947
C 0.953 0.986 0.975 0.979 0.974 0.973 0.968 0.988
DPA1 0.969 0.979 0.960 0.968 0.985 0.995 0.975 0.988
DPB1 0.925 0.949 0.960 0.944 0.954 0.979 0.963 0.956
DQA1 0.942 0.975 0.975 0.965 0.962 0.968 0.959 0.978
DQB1 0.962 0.964 0.988 0.990 0.981 0.984 0.975 0.984
DRB1 0.925 0.903 0.948 0.924 0.862 0.960 0.918 0.931
DRB3 0.971 1.000 1.000 1.000 1.000 1.000 0.996 0.994
DRB4 0.977 1.000 0.991 0.996 0.996 0.990 1.000 0.988
DRB5 0.987 0.982 1.000 1.000 1.000 1.000 0.992 1.000
mean 0.937 0.924 0.961 0.944 0.935 0.958 0.947 0.967
A* 0.969 0.954 0.976 0.954 0.973 0.935 0.937 0.984
DRB1* 0.930 0.904 0.954 0.952 0.956 0.968 0.926 0.971

evaluated. We describe A*02:01/A*02:03, DRB1*11:01/DRB1*11:04
and DRB1*04:03/DRB1*04:04 below for illustration purposes.

African American panel

The imputation of HLA alleles into our own African American
data set achieved an average imputation accuracy on full context
four-digit level of 0.951 across all analyzed loci and of 0.937 on
average for loci HLA-A, -B, -C, -DQB1 and -DRB1 only (Table 3).
Employing our multi-ethnic reference data set on G group level
(ii), we were able to impute alleles of the genes HLA-A, -B, -C,
-DQB1 and -DRB1 of the 1000 Genomes African ancestry data with
a mean accuracy of 0.904 and highest accuracies for the Luhya
Kenyan samples alone (0.880-0.980; mean of 0.913; Table 2). In
comparison, Zheng etal. (6) imputed HLA alleles of random
subsets of their African American HLARES data combined with
the Yoruba Nigerians (YRI) HapMap samples with a reported
mean accuracy of 0.818 using their tool HIBAG (Table 4b). Jia
et al. (7) imputed the HLA alleles of YRI HapMap samples using
their Caucasian Type 1 Diabetes Genome Consortium (T1DGC)
reference panel with accuracies between 0.203 (HLA-DRB1) and
0.984 (HLA-C) across all loci and an overall mean accuracy of
0.750 (Table 4a).

East Asian panel

Employing our multi-ethnic reference data set (i) to impute
HLA alleles into our Chinese samples, we achieved accuracies
of 0.868 (HLA-B) to 1.000 (HLA-DRB3/4) and of 0.924 on average
for HLA-A, -B, -C, -DQB1 and -DRB1. We imputed HLA alleles
into our Japanese samples with accuracies of 0.936 (HLA-A)
to 1.000 (HLA-DRB3/5) and 0.958 on average for HLA-A, -B, -C,
-DQB1 and -DRB1. For our Korean samples imputation accu-
racies of 0.918 (HLA-DRBI) to 1.000 (HLA-DRB4) were reached,

with an average accuracy of 0.947 (Table 3). Additionally, we
imputed the HLA alleles of the East Asian 1000 Genomes data
on G group level (ii) with mean accuracies higher than 0.953
(Table 2).

In comparison, Okada et al. (12), Jia et al. (7), Kim et al. (13) and
Zheng et al. (6) reported mean accuracies between 0.77 to 0.922
for HLA-A, -B, -C, -DQB1 and -DRB1 (Table 4) for East Asian popu-
lations using their respective HLA imputation panels. HLA-DPA1
or HLA-DRB3/4/5 is not considered in any of the publications for
East Asian ethnicities. For single loci the reported imputation
accuracies vary between 0.656 (HLA-B with T1DGC reference for
Han Chinese in Beijing (CHB) and Japanese samples (JPT); (7)) and
0.984 (HLA-C with a Korean reference panel and the same test
population; (13)).

In the cross-validation benchmark the accuracy of locus HLA-
A in the Chinese population (Fig. 3a) was decreased due to a
misclassification of A*02:03 to A*02:01 in 32% of 37 samples in
which this allele occurred. This misclassification is due to the
high similarity between these alleles (Supplementary Material,
Supplementary Text). When excluding A*02:03 from accuracy
calculations for HLA-A, accuracies improved for the Chinese
subpopulation from 0.900 to 0.954 (Table 3).

Iranian and Indian panels

Overall imputation accuracies for our Indian and Iranian panels
over all loci were 0.944 and 0.935, respectively. The accuracies
were high for all loci except HLA-B (0.875 and 0.885, respectively)
and -DRB1 (0.924 and 0.862, respectively) (Table 3).

The accuracy of the Iranian samples in the cross-validation
benchmark (Fig. 3a) at HLA-DRB1 was low due to a misclassi-
fication of DRB1*11:04 to DRB1*11:01 in 39% of the 36 Iranian
samples in which this allele occurs (Supplementary Material,
Supplementary Text). When excluding the DRB1*11:04 as well as
the DRB1*04:04 and DRB1*04:03 alleles (see below) from accuracy
calculations for HLA-DRBI, the accuracies improved from 0.862
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Table 4. Previously reported imputation accuracies: accuracies measured for HLA reference panels, which are mainly based on Caucasian and
Asian data, with origin of the publications and cohorts used for training and validation as well as a comparison to accuracies achieved with our
own multi-ethnic reference panel (i) in the cross-validation experiment on our own data (see also Table 3) and on the 1000 Genomes cohorts (see
also Table 2). Accuracies of the cross-validation (own) framework and of the imputation into the 1000 Genomes population are shown. Mean
accuracies are calculated across HLA-A, -B, -C, -DPB1 and -DRB1 (loci highlighted in bold). Mean accuracies of the listed reference panels are lower
compared to our own reference panel in the majority of the cases, especially in the non-European population. (a) Accuracies published with
SNP2HLA. The international T1DGC reference panel (7) published along with SNP2HLA was used to gain the accuracies on the 1948 British Birth
Cohort and the HapMap-CEPH Cohort, two European ancestry panels. The T1DGC panel was further used for imputing the Yoruban Nigerian
(YRI), the East Asian Han Chinese from Beijing (CHB) and the Japanese from Tokyo (JPT) samples of the 1000 Genomes data sets. For the East
Asian 1000 Genomes panels accuracies reached by later-published ethnic-specific references (12,13) are also listed. (b) Accuracies published
with HIBAG using the HLARES data from GlaxoSmithKline (GSK) clinical trials of specific ethnic background combined with 1000 Genomes data
sets (6). (c) Accuracies published with HLA*IMP:02 using different combinations of the Golden Set (GS = 1948 Birth Cohort/ HapMap CEU and
CEPH CEU+) and the HLARES data as references (8).

(a) SNP2HLA

Source Jia et al. (7) Okada et al. (12) Kim et al. (13)
imputation T1DGC Japanese Korean Korean
reference
# training 5,225 918 330 413
samples
test population 1948 British CEPH YRI CHB & JPT JPT random CHB & JPT
Birth Cohort subset
# test 918 90 not specified not specified 44 83 61
samples
A 0.981 0.991 0.699 0.981 0.908 0.908 0.91
B 0.968 0.968 0.905 0.656 0.943 0.859 0.893
C 0.969 0.991 0.984 0.688 0.989 0.928 0.984
DPA1 / / / / / / /
DPB1 / / / / / 0.95 /
DQA1 / 0.985 0.649 0.963 / / /
DQB1 0.983 0.991 0.961 0.964 0.894 0.937 0.893
DRB1 0.933 0.969 0.203 0.923 0.843 0.868 0.893
DRB3 / / / / / / /
DRB4 / / / / / / /
DRB5 / / / / / / /
mean 0.967 0.983 0.729 0.864 0.915 0.908 0.915
mean A-C, 0.967 0.982 0.75 0.842 0.915 0.9 0.915
DQB1, DRB1
mean A-C, own
DQB1, DRB1
GER 0.961 GER 0.961 AA 0.937 CHN 0.924 CHN 0.924 CHN 0.924 CHN 0.924
MLT 0.967 MLT 0.967 JPN  0.958 JPN  0.958 JPN  0.958 JPN  0.958
KOR 0.947 KOR 0.947 KOR 0.947 KOR 0.947

1000 Genomes

EUR 0.96 EUR 0.96 ASW 0.9 CHB 0.956 CHB 0.956 CHB 0.956 CHB 0.956
LWK 0.913 CHS 0.951 CHS 0.951 CHS 0.951 CHS 0.951
YRI 0.893 JPT 0.953 JPT 0.953 JPT 0.953 JPT 0.953
(b) HIBAG
Source Zheng et al. (6)
imputation HLARES data of Asian HLARES data of African American HLARES data of European
reference ancestry & CHB & JPT Hispanic ancestry HLARES data & ancestry
60 African YRI
# training samples 720 + 90 (minus test) 439 (minus test) 173 + 60 (minus test) 2668 (minus test)
test population random subset random subset random subset random subset
# test samples subset subset subset subset
A 0.921 0.934 0.924 0.982
B 0.875 0.75 0.768 0.966
Cc 0.966 0.962 0.885 0.988
DPA1 / / / /

(Continued).
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Table 4. Continued

(b) HIBAG
DPB1 0.898 0.931 0.8 0.947
DQA1 0.868 0.938 0.794 0.964
DQB1 0.96 0.957 0.742 0.992
DRB1 0.887 0.82 0.771 0.921
DRB3 / / / /
DRB4 / / / /
DRB5 / / / /
mean 0.911 0.899 0.812 0.966
mean A-C, DQB1, DRB1 0.922 0.885 0.818 0.97
mean A-C, DQB1, DRB1 own
CHN 0.924 AA 0.937 GER 0.961
JPN 0.958 MLT 0.967
KOR 0.947
1000 Genomes
CHB 0.956 PUR 0.913 ASW 0.9 EUR 0.96
CHS 0.951 LWK 0.913
JPT 0.953 YRI 0.893
(c) HLA*IMP:02
Source Dilthey et al. (8)
imputation GS HLARES _EU GS & HLARES_ALL
reference
# training 1,585 1,758 2,055
samples
test population HLARES_EU random subset African Americans Asians of Europeans of Hispanic of random
of random random subset random subset subset
subset
# test samples 1,060 872 1,008 (all populations)
A 0.96 0.97 0.73 0.79 0.96 0.82
B 0.9 0.95 0.73 0.68 0.95 0.63
C 0.96 0.96 0.97 0.82 0.97 0.92
DPA1 / / / / / /
DPB1 / 0.90 (2-digit) / / / /
DQA1 0.87 0.97 1 0.73 0.96 0.93
DQB1 0.98 0.98 0.87 0.83 0.97 0.97
DRB1 0.88 0.91 0.71 0.72 0.9 0.8
DRB3 / 0.94 (2 digit) / / / /
DRB4 / 0.98 (2 digit) / / / /
DRB5 / 0.99 (2 digit) / / / /
mean 0.93 0.95 0.84 0.76 0.95 0.85
mean A-C, 0.94 0.95 0.8 0.77 0.95 0.83
DQB1, DRB1
mean A-C, own
DQB1, DRB1
GER 0.961 GER 0.961 AA 0.937 CHN 0.924 GER 0.961
MLT 0.967 MLT 0.967 JPN 0.958 MLT 0.967
KOR 0.947
1000 Genomes
EUR 0.96 EUR 0.96 ASW 0.9 CHB 0.956 EUR 0.96 PUR 0.913
LWK 0.913 CHS 0.951
YRI 0.893 JPT 0.953

to 0.956 (Table 3). Mean sensitivity values for DRB1*11:04 for
the cross-validation runs were 0.307 for the Iranian popu-
lation and 0.208 for the Indian population (Supplementary
Material, Table S8). The frequency of this allele was 2.82%
and 13.85%, respectively (Supplementary Material, Table S5).

The improvement of the overall accuracy by excluding these
alleles in the Indian samples (0.924 to 0.952) was not as big as in
the Iranian samples because of the lower allele frequency (AF).
Previously reported sensitivity values for the DRB1*11 alleles
(Supplementary Material, Tables S5-S8 of Zheng et al. (6)) range
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from 0.627 (DRB1*11:04) to 0.993 (DRB1*11:01) in the European
population. In this previous study, misclassifications occurred
for DRB1*11:04, too, which was called as DRB1*11:01 in 93% of
cases when a misclassification occurred in European samples
(6). This is in line with our own results.

Imputation for non-reference populations

The Latin American admixed populations of the 1000 Genomes
data set (containing Amerindian and European, for Puerto
Rico also West African ancestral admixture, here grouped
into Mexican, Columbian and Puerto Rican populations) were
imputed with mean accuracies ranging from 0.821 for the
Mexican, 0.855 for the Columbian to 0.913 for the Puerto Rican
population (Table 2). In particular, HLA-B and -DRB1 showed
low imputation accuracies (0.688 to 0.857 and 0.598 to 0.821,
respectively) while all remainingloci had accuracies higher than
0.857 (Table 2). Overall, the Puerto Rican data set showed highest
accuracies and only 40 out of 134 total measured alleles had
sensitivity values of lower than 1.000 (Supplementary Material,
Table S9). Out of these 40 alleles, 22 have an AF <0.1% in the
Puerto Rican panel. Accuracies for loci imputed within the Puerto
Rican data set ranged from 0.821 (HLA-DRB1) to 0.979 (HLA-DQB1)
(Table 2).

HLA-DRB3/4/5 haplotypes

Many imputation tools allow the imputation of HLA-A, -B, -C,
-DQB1 and -DRB1 but only a few studies have reported on the
imputation of the HLA-DRB3, -DRB4 and -DRB5 (HLA-DRB3/4/5)
loci, such as Dilthey etal. (8), who analyzed HLA-DRB3/4/5
imputation in Caucasian data sets (Table 4c). These genes can
be present or absent in an individual depending on the HLA-
DRB1 genotype. For the evaluation of the imputation of these
genes and to elucidate which HLA-DRB3/4/5 loci are known
to be located on the same haplotype as a specific HLA-DRBI,
we conducted an extensive literature review and present the
results below. We mainly focus on the information reported
by Holdsworth et al. (14), Robbins et al. (15) and Bontrop et al.
(16). According to literature, alleles of the HLA-DRB3/4/5 loci
occur within a specific HLA-DRB1 context, being present in some
haplotypes and absent in others. The results of this review are
summarized in Figure 4. Haplotypes with HLA-DRB1 always carry
the pseudogene HLA-DRB9, which is located downstream of HLA-
DRBI1 and that consists of two exons (17). DRB1*01, DRB1*08 and
DRB1*10 are not found with any HLA-DRB3/4/5 allele. Haplotypes
with DRB1*03, *11, *12, *13 and *14 are found with HLA-DRB2
and -DRB3. DRB1*04, *07, *09 are found with HLA-DRB4 as well as
-DRB7 and -DRBS. Finally, DRB1*15 and *16 are reported to be
located on the same haplotype as HLA-DRBS5. Exceptions to his
rule have been described for DRB1*15 and *16, where especially
in African Americans HLA-DRB5/6 can be missing. DRB1*07 has
been reported to occur with a non-expressed form of DRB4*04:01
(15) and DRB1*08 has also been previously identified together
with DRB3*03:01 (15).

We investigated our herein-described multi-ethnic data on
HLA-DRB1 and -DRB3/4/5 for congruence with these previous
findings. In short, we determined the HLA-DRB1 alleles for every
sample and checked whether we could also find the expected
HLA-DRB3/4/5 alleles or the absence of these in the same sample.
All but four samples followed the haplotype structures depicted
in Figure 4. After re-analysis of the remaining four samples we
concluded that these samples must have been contaminated,
since three or more alleles could plausibly be called for all ana-
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lyzed loci, with one allele having a smaller number of reads that
aligned to it. In further six samples we found one of the excep-
tions described in the literature. One Maltese sample did not
have HLA-DRB4 while DRB1*07:01 was present and five African
American samples did not have HLA-DRB5 while DRB1*15:03 or
DRB1*16:02 was present.

Frequencies of HLA-DRB3/4/5 are shown in Table 1. Overall,
HLA-DRB3 is the most variable of those genes according to its
frequency spectrum, with DRB3*02:02 being the most common
non-null allele with an AF ranging from 8.82% in our Japanese
panel to 37.98% in our Iranian panel. For HLA-DRB4, DRB4*01:03
is the most common non-null allele with frequencies ranging
from 8.71% in the African American to 32.09% in the Japanese
panel. DRB5*01:01 is the most common non-null allele in all but
the Iranian and Japanese panels with frequencies of 5.43% in the
Iranian to 21.53% in the Chinese panel, while DRB5*01:02 has a
frequency of 20.59% in the Japanese panel and a frequency of
6.98% in the Iranian panel. Our data suggest that DRB1*15:01 is
located on the same haplotype as DRB5*01:01, while DRB1*15:02
(which is very common in Japanese samples) is located on
the same haplotype as DRB5*01:02 (Supplementary Material,
Table S10). Accuracies of the HLA-DRB3/4/5 imputations are high
(>0.971; Table 3 and Fig. 3a). Sensitivity measures for the HLA-
DRB3/4/5 are generally high; however, for low frequency variants
(e.g. DRB3*02:24 in the Iranian, Maltese and German panels
at frequencies of <0.62%) values as low as 0 were measured.
DRB4*01:02 in the Japanese panel, DRB3*01:01 and DRB4*01:01
in the African American panel are common alleles (AF > 1%)
classified with mean sensitivity values of lower than 0.800 (0.375,
0.739, 0.690, respectively). We also observed, using the tool Dis-
entangler (18), that the phasing of HLA-DRB3/4/5 alleles might
present a challenge, with many of the null alleles occurring on
haplotypes with HLA-DRB1, when the respective HLA-DRB3/4/5
allele is present (Supplementary Material, Fig. S4; HLA-DRB3/4/5
are excluded here). The analysis of this particular topic, however,
is beyond the scope of this paper.

Discussion

We compiled three different imputation panels as pre-trained
HIBAG models that can be used for HLA imputation in different
ethnicities: (i) a multi-ethnic reference with four-digit full
context HLA alleles and (ii) a multi-ethnic reference with four-
digit HLA alleles as G groups. Both panels include HLA-A, -B, -C,
-DQA1,-DQB1,-DPA1,-DPB1,-DRB1 and -DRB3/4/5 and (iii) a multi-
ethnic reference panel combined with the 1000 Genomes data
(including data from HLA-A, -B, -C,-DQB1, -DRB1, -DPA1, -DPB1l at a
four-digit G group resolution). Our reference panels have high
accuracy values across different ethnicities and subsets of
the data and also achieve high accuracies in non-reference
ethnicities (Tables 2 and 3). The accuracies in non-reference
ethnicities are high, but lower than for our reference data sets,
as even though our reference is highly diverse the worldwide
diversity of the HLA is still not sufficiently captured. Average
accuracies of our multi-ethnic reference are larger than 0.924.
Tabulated results describing the accuracy measures of panels
(ii) and (iii) are presented in Supplementary Material, Tables S1
and S2. Using our reference data, few alleles remain challenging
to impute. This affects alleles of the HLA-DRB1 locus, like the
DRB1*11 and DRB1*04 group, which has already been described
as problematic in previous benchmarks of other imputation
reference panels (6-8) as well as alleles of the highly diverse
HLA-A and -C genes. We therefore recommend using a two-
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Figure 4. Known architecture of HLA-DRB3/4/5: HLA haplotypes that usually contain a specific HLA-DRB1 allele (HLA-DRB1 column) are shown. Two-digit alleles are
denoted. All loci are depicted in order of their genomic location. HLA-DRA, HLA-DRB1 and HLA-DRB9 coincide with all haplotypes. The remaining loci are present or
absent depending on the haplotype. The most prevalent haplotypes with the known exceptions are shown in the rows below. Exceptions are sometimes seen for
DRB1*08, DRB1*07, DRB1*15 and DRB1*16. DRB1*08 can occur with HLA-DRB3, DRB1*07 can occur without an expressed form of HLA-DRB4 and DRB1*15 and DRB1*16
can occur without HLA-DRB5/6. Loci that usually occur together are joined by a line. The name of the corresponding serotype is shown on the left and haplotypes are
ordered by serotype name. Information for this figure was retrieved from Bontrop et al., Holdsworth et al. and Robbins et al. (14-16).

digit resolution for these alleles and to consider the imputation
difficulties in the interpretation of association results for these
alleles. We further suggest that the interpretation of specificity
and sensitivity measures should be done separately by ethnic
background, since measures can vary between ancestries,
i.e. haplotypes for an allele that are highly predictive in one
ethnicity may not be highly predictive in another ethnicity.
We also verified that SNPs missing in the data set for which
HLA alleles are imputed—and that exist in the reference—
can negatively affect the imputation accuracy. This was the
case for DRB1*04:03 and DRB1*04:04, where exclusion of 4.4%
of the SNPs used by the HIBAG had a major impact on the
imputation accuracy for these alleles (Supplementary Material,
Supplementary Text). We therefore suggest, as a general rule,
to cautiously investigate the coverage of SNPs used by any
imputation reference panel prior to imputation with the
respective panel into a data set. Posterior probabilities are
often used to improve the quality of the data set. Indeed,
we also observe that the accuracies improve when using a
posterior probability threshold. However, for some alleles similar
haplotype structures can cause incorrect calls despite high
posterior probabilities. Especially for rare alleles, correct calls
are possible at a very low posterior probability. We therefore
suggest using the sensitivity and specificity tables we provide
in Supplementary Material, Table S8 to perform data filtering as
well as checking the posterior probability.

In summary, imputing HLA alleles into multi-ethnic genome-
wide association data sets with our reference panels provides
accurate results and can aid HLA fine mapping studies especially
in non-Caucasian populations in the future. It allows for HLA
imputation using the most recent HLA allele nomenclature at a
full context four-digit resolution and a high diversity of different
populations.

Nevertheless, larger sample sizes and even more diverse
reference panels are needed to adequately cover the existing
global HLA polymorphism and frequency spectrum particularly
for the ethnicities not included in our panel and also to impute
especially rare HLA alleles with high accuracy. DRB1*01:03, for
instance, is an allele that has a higher frequency in North
American Caucasians (0.9-1.9%) than European Caucasians
(~0.6%) (19). As over a million of samples will have been
genotyped and whole-genome sequenced in the near future,
it is just a matter of warranting global coverage, thus to include

representatives from every ethnicity for these efforts. Still, most
genetic research focuses on Caucasian ancestry cohorts and
neglects large segments of human populations. Decreasing
costs of high-resolution NGS-based HLA typing approaches—
including phased data sets from long-read technologies—will
further fuel the development of more comprehensive and even
more accurate imputation reference panels.

Materials and Methods
Resolution of imputation reference panels

Several imputation references have been published in the past
using various genotyping chips, allowing for the imputation
of different HLA genes at different resolutions, i.e. full context
four-digit (two-field), G group and P group resolution (as defined
by the IMGT/HLA database) or custom groups (mostly before
2010). Full context four-digit levels provide information on the
gene name, their allele group and the protein sequence of the
HLA molecule (i.e. A*01:02—Gene: A; allele group: 01; protein:
02). Alleles that are within the same G group have identical
nucleotide sequences for exons 2 and 3 (HLA class I) or exon
2 only (HLA class II) and may differ in sequence in the other
exons. Alleles that are within the same P group encode for
identical amino acid sequences in exons 2 and 3 or exon 2
only. P and G group annotations were introduced in 2010 and a
major update in allele naming was conducted (ftp://ftp.ebi.ac.uk/
pub/databases/ipd/imgt/hla/Nomenclature_2009.txt), amongst
others the separator ' was introduced and alleles were renamed
especially alleles of the HLA-A, -B, -C and -DPB1 genes. Notably,
HLA allele calling conducted before this time, with alleles typed
only at exons 2 and 3 or exon 2, may not follow the known G
group and P group conventions published by the IMGT/HLA, i.e.
HLA alleles might be grouped in custom groups and some of
the alleles will carry outdated allele names. This issue should
be considered when merging reference panels, such that all
included alleles should map to the same allele groups and
also in benchmarking studies using external data. G grouping
published by the IMGT/HLA database is based on the highest
resolution that is recorded for an allele (i.e. eight digits or lower).
Note that the post-calling G grouping based on four-digit alleles
is problematic for some alleles listed in Supplementary Material,
Table S11.
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Cohorts & data preparation

Multi-ethnic data set. DNA of 96 healthy individuals and 96
UC patients were collected from different studies of Chinese,
German, Indian, Iranian, Japanese, Korean and Maltese popula-
tions that have been published and described elsewhere (20,21).
In short, Chinese samples were collected in and around Hong
Kong (Chinese University of Hong Kong), Korean samples in
South Korea (Yonsei University College of Medicine and Asan
Medical Centre, Seoul), Japanese samples in Tokyo (Institute of
Medical Science, University of Tokyo, RIKEN Yokohama Institute
and Japan Biobank), Iranian samples were collected in Tehran
(Tehran University of Medical Science), Indian samples in North
India (Dayanand Medical College and Hospital, Ludhiana),
all self-reported North Indian which was consistent with
their genetically determined background, German samples in
North Germany and Maltese samples in Malta (Department of
Gastroenterology, Mater Dei Hospital, Msida, Malta). In addition
to the data from the published UC studies, DNA samples were
obtained from 192 healthy controls and 192 UC patients, all self-
reported as African American, which was consistent with their
genetically determined background as each had an admixture
of West African and European ancestry (22). These subjects
were recruited in the United States of America and Canada
by the Johns Hopkins Multicenter African American IBD Study
as well as other Genetics Research Centers of the NIDDK IBD
Genetics Consortium. We also received 192 (96 healthy, 96 UC)
pre-analyzed Japanese samples directly from RIKEN Yokohama
Institute.

High density SNP-array data interrogating a wide proportion
of the extended HLA region were produced for these samples
using the Illumina, Immunochip (all but Malta) with 196,524
markers addressing immune relevant genes or the Illumina
Infimum ImmunoArray 24 (Malta only) with 253,702 markers
and subjected to strict quality control criteria as described in
the Supplementary Material, Supplementary Methods. DNA was
isolated and processed as described previously (10) in prepara-
tion for sequencing. Sequencing was performed on an Illumina
HiSeq2500 (http://systems.illumina.com) with 100 bp or 125 bp
paired-end runs on a panel of both case and control data in a
pool of 96 libraries per lane. A total of 192 Japanese samples
were provided by the RIKEN Yokohama Institute and sequenced
using 125 bp paired-end runs on the HiSeq2500 with pools of 94
libraries per lane. Four-digit HLA alleles for all classical HLA I and
HLA II genes HLA-A, -B, -C, -DQA1, -DQB1, -DPA1, -DPB1, -DRB1
as well as -DRB3/4/5 were manually curated and called using
HLAssign (10). In short, only reads mapping exactly to a reference
based on HLA sequences published with the IMGT/HLA database
version 3.27.0 (23) were used for calling, taking into consideration
evenness of read mapping, read equality and specific read map-
ping as described by Wittiget al. (10). We also cautiously looked at
cross-mapping events (reads mapping to multiple HLA loci) and
SNP patterns to identify e.g. alleles originating from concatena-
tion of true alleles. In total 1,360 samples were used in this study,
having been sequenced and called successfully based on their
DNA quality and internal HLAssign measures, i.e. sufficiently
large read coverage and also having passed our stringent criteria
for the quality control of the Illumina Immunochip array data
(Supplementary Material, Supplementary Methods). The HLA-
DRB3/4/5 calls were additionally evaluated for plausibility with
respect to the called HLA-DRB1 genotype. HLA-DRB3/4/5 alleles,
according to reported studies (14-16), occur on certain haplo-
types in tight linkage with specific HLA-DRB1 variants and can
either be present or not present at all (i.e. null allele, described
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as DRB3*00:00, DRB4*00:00 and DRB5*00:00 in the following) or
as one functional HLA-DRB3/4/5 allele in combination with two
of the HLA-DRB3/4/5 null alleles. For a detailed overview we
compiled Figure 4. A total of 312 African American (158 Controls,
154 UC cases), 162 German (78 Controls, 84 Cases), 140 Chinese
(68 Controls, 72 Cases), 143 Indian (78 Controls, 65 Cases), 132
Iranian (63 Controls, 69 Cases), 189 Japanese (96 Controls and
93 Cases), 122 South Korean (81 Controls and 41 Cases) and 160
Maltese (75 Controls and 85 Cases) samples were available for
construction of HLA imputation models with HIBAG.

1000 Genomes data set. Using the Phase 3 [version from
20130502] 1000 Genomes reference data set (24) and Vcftools
(version 0.1.12b), we extracted 174,538 phased SNPs that are
present in both the Phase 3 data set and on the Illumina
Immunochip used for the main part of our trans-ethnic
data. We then performed quality control as described in the
Supplementary Material, Supplementary Methods leaving out
batch and population stratification analyses. HLA data were
downloaded from ftp:/ftp.1000genomes.ebi.ac.uk/voll/ftp/
technical/working/20140725_hla_geotypes/. Publicly available
data from the 1000 Genomes data set do not include HLA-DPA1,
-DPB1, -DQA1 and DRB3/4/5 allele calls. In total 162 samples of
African Ancestry, 193 samples of South American Ancestry, 260
samples of East Asian ancestry and 322 samples of European
ancestry were available for construction of HLA imputation
models with HIBAG. The HapMap data used in other studies
(Table 4) are a part of the 1000 Genomes data set.

Calling of HLA-DRB3/4/5 alleles. Data were analyzed visually
using HLAssign (10). HLAssign does not calculate phases of
the HLA alleles and thus does not make hemizygous calls (i.e.
recognize null alleles) such that HLA-DRB3/4/5 genotypes were
edited with respect to the HLA-DRBI allele post calling. For
consistency with the HLA-DRB3/4/5 with the literature (Fig. 3), we
introduced null alleles DRB3*00:00, DRB4*00:00 or DRB5*00:00
when the HLA-DRB1 locus was called as DRB1*01, DRB1*08
or DRB1*10, respectively. DRB3*00:00 was assigned if no HLA-
DRB3 was present in the corresponding HLA-DRB1 haplotype.
Equally, DRB4*00:00 and DRB5*00:00 were assigned if haplotypes
corresponding to the absence of HLA-DRB4 or -DRB5 were
called. Samples with inconclusive HLA-DRB3/4/5 detected during
HLAssign analysis were re-analyzed using HLAReporter (25).
HLAReporter performs de novo assembly on the NGS reads within
the investigated HLA locus using the alignment tool TASR (26)
and compares these to either G groups or full context alleles
known in the IMGT/HLA database with the parameters (-m 50,
-05,-r0.7,-u0,-i1,-t0, -e 33, -c 0) for on target reads. Contigs
for samples with equal G group predictions were aligned against
each other to generate longer overlapping regions using contigs
with a coverage higher than 15 and then realigned to the known
IMGT/HLA reference alleles.

MDS analysis. Relative allele frequencies were calculated for
each allele across the entire multi-ethnic and 1000 Genomes
HLA data within the HLA-A, -B, -C, -DQ and -DR loci. For the
MDS analysis alleles with an allele frequency of less than 1%
in any subpopulation are excluded to avoid a clustering biased
by similarity in low frequency variants. The MDS analysis was
performed using R and the stats-Package (cmdscale) with a
Euclidean distance measure. For the MDS analysis across all loci
we used HLA loci HLA-A, -B, -C, -DQB1 and -DRBI1.
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HLA imputation benchmark

Training of the reference panel. We performed HLA imputation
using the published imputation tool HIBAG (6). This is a
machine learning tool implemented in R that employs ensemble
classifiers built on bootstrap samples that has been shown to
perform with high accuracy in HLA imputation across multi-
ethnic data sets (6). In short, a training set with both HLA alleles
and SNPs typed in the HLA region on chromosome 6, between 29
and 34 Mb, is used to build several classifiers based on bootstrap
samples and a subset of SNPs, similarly to random forest as
proposed by Breiman et al. (27) that minimize the out-of-bag
errors. Once a model is trained, it can be used as reference
to predict HLA alleles from unknown samples using their
respective SNP genotype information, utilizing the posterior
probability as measure of confidence. For the benchmark, we
performed a 5x cross-validation using HIBAG (6) and HLA and
SNP genotype data from the following two sources: our multi-
ethnic cohort described above and the publicly available 1000
Genomes data set (24). The 1000 Genomes data set was typed
for HLA-A, -B, -C, -DPB1 and -DRB1, while the multi-ethnic data
set contained all classical HLA class I and class II loci and
additionally HLA-DRB3/4/5. For the 1000 Genomes data set,
typed HLA data were available for samples of the following
ethnicities: African, South American Ancestry, East Asian and
European. We grouped our data into three different data sets:
(i) our multi-ethnic reference containing eight different cohorts
described above, (ii) the same reference as in (i) with HLA alleles
transformed into their respective G groups (G groups combine
alleles with identical exon 2 and 3 (HLA Class I) or exon 2 (HLA
Class II) nucleotide sequence) using hla_nom_g.txt downloaded
from hlaalleles.org date: 2017-07-10, IPD-IMGT/HLA version
3.29.0) and (iii) our multi-ethnic panel and the 1000 Genomes
data set combined. In total we used 1,360 samples and 7,428
SNPs within the HLA region for the multi-ethnic reference, as
well as 937 samples from the 1000 Genomes data and 7,551
SNPs within the HLA region from the 1000 Genomes data set,
with 2,297 samples and 7,126 SNPs for the combined data set as
well as their respective HLA calls. For the 1000 Genomes panel,
we checked for nomenclature issues, making sure that all of
the HLA alleles used in the 1000 Genomes panel mapped to the
nomenclature for HLA alleles used since April 2010 (ftp://ftp.ebi.
ac.uk/pub/databases/ipd/imgt/hla/Nomenclature_2009.txt). For
alleles with unambiguous G groups (Supplementary Material,
Table S11), we assigned the lower number allele for reference
panels (ii) and (iii). Genotype data were prepared as described in
Supplementary Material, Supplementary Methods. Samples
with typed HLA information were extracted from each quality-
controlled, genotyped data set. The different cohorts were
merged and those SNPs with a consistent minor allele frequency
(MAF) of <1% (across all cohorts typed for the particular SNP)
were excluded. The data were randomly split into five equal
parts per cohort with respect to case-control status, thus
ensuring that a training set would include both case and control
data. Using HIBAG (version.1.8.3), we trained our models using
the reference containing the merged subpopulations, excluding
20% of the population of interest and 100 classifiers, as suggested
by the authors of the tool (Supplementary Material, Fig. S1).

Validation of the reference panel. The quality-controlled geno-
type data for each cohort were imputed using Beagle version 4.1
(28) with the cohort itself serving as an internal reference to fill
in any remaining missing data. Pretrained HIBAG HLA models
(see above) were provided with the respective 20% of the remain-

ing data of each analyzed population (Supplementary Material,
Fig. S1), using the genomic position as the identifier. HLA calls
were calculated and stored with their respective posterior prob-
abilities. Accuracies and the number of samples to be excluded
were calculated for different posterior probability thresholds and
compared between the different populations.

Calculation of accuracies. Imputation accuracies were calculated
on best-guess alleles compared with the known alleles of the
typed data. Accuracies for best-guess alleles were calculated by
counting the number of alleles imputed correctly per locus and
dividing by the number of samples multiplied by two. Per locus
and per allele accuracies were evaluated. We also calculated sin-
gle allele specificity and sensitivity values if possible. For this we
evaluated each allele separately, counting the number of times
an allele was predicted correctly as present (True Positive; TP)
or absent (True Negative; TN) and the number of times an allele
was incorrectly predicted as present (False Positive; FP) or absent
(False Negative; FN). We then used the standard definitions to
calculate sensitivity and specificity from these values.

Sensitivity = TP/(TP + FN)
Specificity = TN/(TN + FP)

Accuracy = (TP + TN)/(TP + TN + FP + FN)

For the calculation of the accuracy, specificity and sensitivity
values within the cross-validation, the mean values across the
different runs were calculated for each locus or allele, as well
as median, minimum and maximum values for comparison. To
establish which alleles might have low sensitivity and specificity
values in a general setting for (i), we calculated these measures
using a model based on the entire population (i).

Imputation reference panels for comparison

A Caucasian reference panel based on genotypes retrieved from
the TIDGC (29), as well as a Pan Asian data set (30) using
three different Asian populations, were published along with
SNP2HLA (7) and are available on request from the SNP2HLA
authors. Here, loci HLA-A, -B, -C, -DQA1, -DQB1, -DPB1 and -DRB1
were typed (Table 4a). Two additional Asian reference panels
based on SNP2HLA were published at a four-digit resolution.
First, a Korean reference panel was published in 2014 (13) for the
imputation of amino acids and HLA alleles into East Asian pop-
ulations for HLA-A, -B, -C, -DQB1, -DPB1 and -DRB1 and second,
a Japanese reference data set was published in 2015 by Okada
etal. (12) with an evaluation of loci HLA-A, -B, -C, -DQB1 and
-DRBI1. For these two last reference panels, we assume that they
were typed at a full context four-digit resolution. This has not
been explicitly mentioned in the respective publications (12,13),
but we find that the typed alleles best fit to the full four-digit
context based on which alleles are present. Pre-trained multi-
ethnic HLA models with European, Asian, Hispanic and African
ancestry (based on a total of 3,738 samples) are provided with
the HLA imputation tool HIBAG (6). The samples used for these
models were obtained from HLARES (samples GlaxoSmithK-
line clinical trials) (6) and the HapMap project. Loci HLA-A, -B,
-C, -DQA1, -DQB1, -DPB1 and -DRB1 were evaluated at four-digit
resolution (Table 4b). The remaining considered reference panels
based on HLA*IMP:02 (8) are based on HLARES data and a study
specific "Golden Set" (GS) (Table 4c).
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Availability of resources

The herein-described reference data sets are available on
request from the authors (email contact: f.degenhardt@ikmb.uni-
kiel.de) as pretrained HIBAG models and are mapped to
IMGT/HLA database version 3.27.0 with G group definitions
derived from IMGT/HLA database version 3.29.0. Note that
allele names at four-digit levels did not change between these
two releases. The training of these models was performed as
described above without exclusion of any samples. A script that
will estimate the haplotype similarity between alleles based on
the genotype positions available in a data set is also available
upon request.

Supplementary Material

Supplementary Material is available at HMG online.
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EPITOPES OF THE HLA

7.1 IMMUNE EPITOPES

Nucleotide polymorphisms within the MHC region lead to altered chemico-
physical properties of the MHC-peptide binding domain. Therefore, differ-
ent MHC molecules differ in their peptide binding characteristics (Figure 13).
The immune epitope database and analysis resource (IEDB) collects and pro-
vides access to experimental results for immune epitope experiments [124,
191]. Epitopes are short sequence patterns to which specific receptors of
the adaptive immunity can bind. A T-cell receptor can only recognize a pep-
tide that is presented by MHC molecules but not all MHC presented peptides
(ligands) are epitopes [158]. The MHC ligands of the MHC-peptide complex,
annotated in the IEDB, have been determined by different methods devel-
oped over the last 30 years [83]. These methods differ in their throughput,
biological factors included (e.g., splicing), the location of the MHC (cellular
or purified), used antibodies, and further conditions. In general, the most
relevant lab protocols for the analysis of the MHC-peptide binding can be
categorized into three main groups [124]:

1. 3D structure by X-ray crystallography
2. MHC binding assays (binding affinity (BA))
3. MHC ligand elution (eluted ligands (EL))

X-ray crystallography generates a 3-D structure of an MHC-peptide com-
plex. It allows deeper insights into the interaction between the MHC molecule
and its ligand [87, 209]. The throughput of the approach is very low.

The MHC-peptide binding assays (BA) include a diverse group of exper-
imental setups. One subgroup of widely used approaches are competitive
quantitative MHC binding assays, measuring the half maximal inhibitory
concentration (IC50) [124]. The IC50 in MHC binding assays measures the
concentration needed to occupy half of the MHC molecules in the presence
of a fixed concentration of a reference peptide (typically the CLIP peptide)
with a peptide of interest. Two of the main differences of the single proto-
cols are the labelling of the ligand (fluorescently or radio-labeled) and if the
MHC proteins are purified or cellular [124]. The throughput of these proto-
cols differs, e.g., purification is a limiting factor [83, 124]. To increase the
throughput, the MHC-peptide interactions measurement can be performed
on a 96-well microtiter plate [41, 91]. A high throughput multiplex assay
can be used to measure hundreds of thousands of MHC-peptide interactions
at once. As opposed to the competitive assays, where the inhibitory con-
centration of a peptide is measured. In these high-throughput assays, an
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intensity generated by MHC molecules bound to the fixed peptides is ana-
lyzed. This relatively new assay type was used in PAPER B (Section 7.3,
[197]) in collaboration with Sgren Buus and Thomas @sterbye (Department
of Immunology and Microbiology, University of Copenhagen, Copenhagen,
Denmark).

In the case of MHC ligand elution, peptides initially bound to the MHC
proteins are washed from the MHC proteins [110]. The eluted peptides are
then typically determined by mass spectrometry (MS) [110, 124]. Peptide
elution experiments result in a set of peptides naturally progressed peptides
presented by the MHC complex. In contrast, the other approaches measure
the interaction for a defined set of peptides. Therefore, peptide elution
renders a big advantage over MHC-peptide analysis using array-technology,
as peptides that are previously processed within the cell are presented, thus
mirroring the natural conditions more truthfully. On the other hand, the
method does not measure which peptides do not bind against the MHC
molecules of interest [150]. Furthermore, the identified peptidome often
does not exactly represent the in vivo peptidome, as the elution is performed
in cell lines. Sometimes the cells are genetically modified to express only
a single MHC molecule type. Additionally, the eluted peptides are mostly
self-peptides (i.e., peptides that originate from the cell itself) or peptides
from the medium that is used even if lysates of interest (e.g., containing
peptides from pathogens) are added before measurement. Moreover, the
identification of peptides based on MS spectra is often based on matching
the produced MS spectra against a reference database containing either
known spectra or expected amino acid sequences (e.g., the human reference
proteome) [183]. Peptides not included in the reference can therefore not be
identified. Alternatively, a de novo approach can identify peptides directly
from the spectral data but if the measured MS spectrum is of moderate
quality the complete sequence cannot be extracted [38].

The current research focus in peptide-MHC interaction has shifted more
onto peptide elution experiments. They allow for the investigation of more
biologically relevant mechanisms than previously used experiments and gen-
erate hundreds to thousands of naturally presented peptides in a single
experiment [49].

7.2 HLA BINDING PREDICTION

Already in the 1990s, MHC epitope data was collected to perform analysis
on MHC-peptide binding including data derived from several experiments
[22, 146, 147]. Since then, based on the growing data source, diverse tools
have been published to a) summarize the features of peptides binding to
a specific MHC molecule and thus create an easily interpretable binding
motif of MHC associated epitopes (e.g., SYFPEITHI [146], Seq2Logo [182])
and b) to automatically predict the binding status for chosen peptide-MHC
combinations, including novel combinations previously not observed in any
experiment (Table 1).

The performance and capabilities of tools have continuously been im-
proving with developments in machine learning algorithms and an increas-
ing data availability. Some tools predict the MHC-peptide binding for spe-



TOOL COVERED ALLELES ALGORITHM INPUT SOUCE Year

NetMHClIpan-1.0 MHC Il pan ML BA Nielsen et al. [135] 2008
TEPITOPEpan HLA-DR pan static presentations  BA Zhang et al. [209] 2012
NetMHClIpan-3.2 MHC Il pan ML BA Jensen et al. [79] 2018
MARIA HLA-DR, -DQ ML, DL BA, EL, expression Chen et al. [29] 2019
MAPTAC HLA 11, mono-allelic DL EL Abelin et al. [2] 2019
MixMHC2pred HLA Il pan static representation EL Racle et al. [145] 2019
MHCAttnNet HLA | and Il DL BA Venkatesh et al. [188] 2020
NetMHCllpan-4.0 MHC Il pan ML BA and EL Reynisson et al. [150] 2020
MHCnuggets MHC pan DL BA and EL Shao et al. [162] 2020
PIA 4 HLA-DR alleles DL BA (microarray) Wendorff et al. [197] 2020
BERTMHC MHC Il pan DL BA and EL Cheng et al. [32] 2021
PIA-M HLA Il pan DL EL, expression, subcellular compartment, EIAbd et al. [49] 2022

glycosylation sites

Table 1: Overview of different tools for MHC class Il peptide binding prediction. The prediction is based on three different classes of algorithms: static representation (e.g.,
position specific scoring matrices, motif representation and evolutionary algorithms), machine learning (ML) and deep learning (DL) (ML algorithms with more layers
and potentially more complex structures). The tools are based on binding affinity (BA) and eluted ligands (EL) data. Only a selection of tools is represented in this
table.
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cific alleles only. These tools were mainly developed in the early times of
MHC-peptide binding research like PERUN or NetMHCII-2.0 [22, 133] or
developed to make use of data generated by a new lab technique (see Sec-
tion 7.1) as it was the case for PIA (PAPER B, Section 7.3) or MAPTAC
[2, 197]. They were limited in their allele coverage as the availability of
MHC-peptide data was limited while the model was constructed but they
serve as a proof of principle that the used datatype is suitable for predict-
ing the MHC-peptide binding. Later models are often pan-specific, i.e., the
prediction uses a pseudo-sequence of the MHC allele and allows an allele
specific prediction independent of the allele specific training data through
interpolation [32, 79, 87, 135, 150].

The algorithms developed from static representations, like pocket profiles
or positions specific scoring matrixes [23, 47, 136, 146, 149, 165, 174, 208,
209], towards machine learning (ML) [79, 133, 135, 150, 193], to deep learn-
ing (DL) algorithms with more than one hidden layer. [2, 29, 32, 49, 143,
145, 188, 197].

Over time, data used for training of the tools in Table 1 have been mea-
sured using different lab techniques to determine immune epitopes (see
Section 7.1). Early algorithms were mainly trained with BA, later data de-
rived from EL or a combination of both was used for training (see Table 1
for details). The use of EL data for MHC-peptide binding prediction was
challenging in the beginning, as the analyzed cells expressed different MHC
alleles, hindering the assignment of a presented peptide to the MHC molecule
presenting it. From the lab side, this problem was faced by developing cell
lines expressing only specific MHC alleles. In silico, this problem could be
mitigated by using prediction algorithms based on BA data to determine the
MHC allele origin, or by clustering the peptides into separate groups (Gibbs
Clustering [10]) [18].

As EL data is influenced by additional biological factors, like peptide pro-
cessing, Chen et al. [29] included additional gene expression data in their
tool MARIA. Our PIA-M model uses expression information as well as in-
formation about the subcellular compartment and the glycosylation sites to
improve the prediction quality [49].

A review from Chen et al. [31] concluded, investigating and comparing
different prediction algorithms, that no algorithm outperformed others. The
different algorithms predicted best for particular MHC types and peptide
lengths. Wang et al. [194] combined different analysis resources on the IEDB
webpage and added a consensus approach to reach the best results. Even
though the consensus was continuously updated with new tool versions
[124, 191, 195], it currently does not include any of the deep-learning tools
or a tool using more than sequence information as input.

One of the most used tools in the field is the NetMHCpan group (the
latest published versions for MHC class | is NetMHCpan-4.1 and for class
Il is NetMHCllpan-4.0' [150]). This tool is one of the pan-specific models
discussed above. In comparison to previous versions, the current version
of NetMHClIpan is trained on data derived from EL additional to data
derived from BA. NetMHClIpan-4.0 was used in PAPER C (Section 8.3).
The previous version NetMHCllpan-3.2 [79] was used for comparisons in

An updated version NetMHClIpan-4.1 trained on a larger EL dataset is nowadays avail-
able online. [131]


http://tools.iedb.org/mhcii/
http://tools.iedb.org/mhcii/

7.3 PAPER B: PEPTIDE-HLA CLASS II INTERACTIONS

PAPER B (Section 7.3) and next to the DL model PIA, NNAlign [132] was
trained with data generated for the purpose of this publication.

7.3 PAPER B: PEPTIDE-HLA CLASS Il INTERACTIONS

Mareike Wendorff et al. “Unbiased Characterization of Peptide-HLA Class
Il Interactions Based on Large-Scale Peptide Microarrays; Assessment of
the Impact on HLA Class Il Ligand and Epitope Prediction.” In: Frontiers
in Immunology 11.August (2020), pp. 1-8. ISSN: 1664-3224. DOI: 10.338
9/fimmu.2020.01705, p. 2

Aim

Due to the availability of new data and development of suitable algorithms,
the quality of predicting MHC-peptide binding has continuously improved
over time. Here, we aim to integrate novel high-density microarray data
and state of the art machine learning algorithms to perform and evaluate
MHC-peptide binding prediction.

Methods

We applied novel high-density peptide microarray technology combined in
collaboration with the working group of Sgren Buus (Department of Im-
munology and Microbiology, University of Copenhagen, Copenhagen, Den-
mark). This gave us unbiased MHC-peptide binding data for over 200 000
defined peptides with four exemplary HLA-II molecules. Two machine learn-
ing algorithms were trained with these datasets: NNAlign, a recurrent neural
network architecture, that forms the baseline of NetMHClIpan-3.1, and a
novel recurrent neural network model implemented in TensorFlow named
PIA (Peptide Immune Annotation). The prediction quality of the models
was then compared using the "Frank"s, a statistical score based on the
ranks of the predictions.

Results

The identified peptide-MHC binding motifs, generated based on predictions
with the high-density peptide microarray, correlated with those generated
from NetMHCllpan-3.1 predictions. PIA reached a significantly higher Pear-
son's correlation coefficient and Spearman’s correlation coefficient that
NNAlign in a cross-validation approach with the microarray data. Both tools
trained on the microarray data achieved a significantly higher Spearman’s
correlation coefficient on the microarray data than NetMHCllpan-3.1. The
new models were in general on par with the established NetMHClIpan-3.1
tool in predicting classical BA and EL data.
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Conclusion

The microarray technology is a novel technology to investigate the pep-
tide binding preferences of MHC-Il molecules in a large-scale and unbiased
manner.
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" Genetics & Bioinformatics, Institute of Clinical Molecular Biology, Christian-Albrechts-University of Kiel, Kiel, Germany,
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Human Leukocyte Antigen class Il (HLA-Il) molecules present peptides to T lymphocytes
and play an important role in adaptive immune responses. Characterizing the binding
specificity of single HLA-II molecules has profound impacts for understanding cellular
immunity, identifying the cause of autoimmune diseases, for immunotherapeutics, and
vaccine development. Here, novel high-density peptide microarray technology combined
with machine learning techniques were used to address this task at an unprecedented
level of high-throughput. Microarrays with over 200,000 defined peptides were assayed
with four exemplary HLA-IIl molecules. Machine learning was applied to mine the signals.
The comparison of identified binding motifs, and power for predicting eluted ligands
and CD4+ epitope datasets to that obtained using NetMHCllpan-3.2, confirmed a
high quality of the chip readout. These results suggest that the proposed microarray
technology offers a novel and unique platform for large-scale unbiased interrogation of
peptide binding preferences of HLA-II molecules.

Keywords: ultra-high density peptide microarray, MHC class Il, HLA, antigen presentation, prediction, peptide
binding, high-throughput, machine learning

INTRODUCTION

The highly diverse major histocompatibility complex (MHC) proteins play a major role in
the adaptive immune system. MHC class II proteins present peptides of variable lengths
mainly derived from extracellular antigens (1). In humans, MHC is called human leukocyte
antigen (HLA). The HLA locus is highly polymorphic, resulting in different HLA molecules
having a specific peptide binding preference and specific peptidomes. The HLA is an
important susceptibility locus in genetic studies of many immune-related diseases, often with
multiple HLA alleles playing a role (2-4). However, beyond the suggested association, these
studies do not inform about the causes of a disease, i.e., the antigen/epitope that binds to
associated HLA proteins and potentially drive the disease onset. To make this link between
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HLA and antigen, further studies to characterize the peptidome
bound by specific HLAs are necessary (5, 6). To this end,
efficient and reliable high-throughput technologies for measuring
peptide-HLA interaction are needed. Different assay types may
be used to record the interaction between HLA and peptides
(7). Classical in-vitro assays measure one single interaction of
a synthetic peptide and an HLA-molecule in one experiment.
Mass spectrometry of HLA eluted peptides considers the whole
process of antigen synthesis up to presentation might fail the
identification of low abundant peptides or modified peptides. To
avoid costs and time delays in-silico prediction tools for HLA
binding and antigen presentation have been trained on measured
assay data (8-17).

Here, we set out to overcome the experimental limitations
outlined above by employing our high-density peptide
microarray data, a new high-throughput in-vitro technology
(18, 19), combined with synthetic in-vitro generated HLA-II
molecules (20) to perform large-scale unbiased characterization
of HLA-II allele-specific binding. Earlier work has used peptide
microarray for measuring peptide-HLA interaction, but this
was limited to thousands of peptides per array (21). Here, the
high-density peptide microarray enables the in-situ synthesis of
over 2 million peptides per array on about 2 cm? (18). To this
end, we synthesized about 70,000 random peptides in triplicates
on one array, allowing us to generate vastly more data points
than the combined number of all HLA-DR epitopes registered
in the immune epitope database IEDB (www.iedb.org) (7).
This technology enables the analysis of whole proteomes of
interest in one single experiment and the systematical analysis
of post-translational modifications. Our presented technology
offers a unique solution to produce large datasets to characterize
binding properties of HLA-II molecules and improve the in-silico
prediction of peptide-HLA interaction while being suitable for
hypothesis driven tests.

To prove the quality of the high-density peptide microarray
for characterizing peptide-HLA-II interactions, we selected four
HLA-DRBI1 proteins that are known to be strongly associated
with ulcerative colitis, a complex chronic inflammatory bowel
disease (2). For DRB1*01:03, DRB1*03:01, DRB1*15:01, and
DRB1*15:02, a set of 69,815 random peptides were analyzed. To
mine the extracted datasets and to learn predicting peptide-HLA
binding, we applied NNAlign (22), as well as a deep learning
approach, referred to as PIA (Peptide Immune Annotation).
Using the obtained models, we assessed the quality of the
chip readout in terms of identified binding motifs, and
power to predict publicly available MS data from elution
experiments as well as CD4+ epitope datasets in comparison to
NetMHClIIpan-3.2 (8).

STATE OF RESEARCH

Peptide-HLA Assays

The IEDB collects all types of immune epitopes. The oldest
record is from 1952 (7). From the 90s to 2010, in-vitro assays
measuring binding of synthetic peptides to HLA molecules (20,
23) were the most common MHC binding assays (www.iedb.
org). In the last 5 years, mass-spectrometry (MS) sequencing of

HLA eluted peptides (24, 25) became more popular (first records
already in 1991).

Both methods have their strengths and weaknesses. In-vitro
binding studies can measure interaction of individual peptide-
HLA combinations. However, this approach is highly cost-
intensive (one assay per peptide) and the assay fails to address
some events leading up to effective HLA antigen presentation
such as antigen processing, the effects of chaperones like HLA-
DM, editing of the repertoire of HLA bound peptides (12,
14), and HLA-peptide complex stability. In contrast, recent
advances in MS technology have expanded the detectable peptide
repertoire presented by HLA molecules (immunopeptidome)
by use of liquid chromatography MS. Immunopeptidome data
include comprehensive information on the complex HLA ligand
presentation (26), and analysis results of such data are a
rich source of information for learning about the underlying
rules of HLA antigen presentation. However, MS HLA peptide
elution data mainly covers self-peptides and is assumed to
miss low abundant peptides (26), further post-translational
modifications might be identified but misinterpreted (27).
Another problem arising with natural cell lines is that they most
often present different HLA proteins. To solve this problem,
either homozygous cell lines, tagging of a specific HLA allele
(14, 28) or algorithms for deconvolution of the HLA proteomes
can be employed (16, 17, 29). However, deconvolution has been
shown to be of limited success in cases of lowly expressed
HLA proteins or cells expressing HLA proteins with overlapping
proteome specificity (14).

Peptide-HLA Binding Prediction

Beyond the different experimental approaches developed to
specify peptide-HLA interaction, large efforts have been made
to develop prediction models capable of accurately predicting
peptide-HLA binding. Historically, most in-silico methods have
been developed based on in-vitro binding data and an exemplary
state-of-the-art computational method is NetMHClIIpan (8, 9,
30). Recently, prediction methods have been developed from
HLA-II elution data (10-15). The results suggest that the
inclusion of elution data has a positive impact on the predictive
power of in-silico methods in particular for the prediction of
HLA antigen presentation (10-15). Algorithms can be trained
on either in-vitro or in-vivo data (8, 11, 14, 16), but a benefit
from training on the two data types combined has been reported
(10, 12, 13, 15, 17). However, currently even the best methods
for prediction of HLA-II binding and antigen presentation suffer
from an excessive number of false positive predictions.

MATERIALS AND METHODS

Microarray

Peptide microarrays were produced by Schafer-N (Copenhagen,
Denmark). Briefly, a Nexterion E microscope slide (Schott, Jena,
Germany) were amino functionalized with a 1% w/v linear
copolymer (1TOC) of N,N-dimethylacrylamide (Sigma-Aldrich)
and aminoethyl methacrylate (Sigma-Aldrich) and used as
substrate for solid-phase peptide synthesis. The peptide synthesis
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was initiated with the coupling of one unit of epsilon-amino-
capronic acid (EACA) followed by the peptide sequences. The
1T0C and EACA unit served as a spacer between the array surface
and the peptides allowing the HLA class II molecules to interact
and peptides to protrude out of the HLA in both ends. For
each experiment the same array-design was chosen. The peptide
chips were subdivided into 12 sectors with a marker peptide
“PVSKMRMATPLLMQA” of the HLA-II antigen gamma chain
(CD74; UniProt: P04233-1: 103-117) placed multiple times in
all the sectors corners. 69,815 different random natural 13-mer
peptides were placed on the chip in triplicates. The chip does
not contain peptides containing more than four poly residues
(e.g., RRRR) as poly residues are difficult to synthesize and have
a tendency toward unspecific binding.

Peptide microarrays were incubated with different HLA-
DR molecules as previously described (31). Briefly, HLA-DR
molecules were diluted from a stock (8 M Urea, 25 mM Tris,
pHS8) to achieve a final concentration of 500 nM HLA-DR in PBS,
0.05% Lutrol F68, 20% Glycerol pH 7.4 and added (overlaid) to
the peptide array surface and allowed to fold for 24h at 18°C
before washing and staining with monoclonal mouse anti-HLA-
DR (L243) and goat anti-mouse-Cy3. The peptide arrays were
scanned with a laser-scanner (InnoScan, Innopsys, France) at a
resolution of 1 wm and the amounts of bound HLA-DR were
quantified to intensities between 0 and 254 by a proprietary
software (Peparray, Schafer-N, Denmark). Larger spots with high
values were excluded as noise.

The data was normalized by taking the median intensity of
each repeated measurement x; for each peptide and transformed

to fall in the range 0-1 by logi%‘%.
one test dataset comprising 10% of the data and a 10-fold cross-
validation dataset of the remaining data. To ensure limited data
redundancy between subsets, therefore similar peptides [e.g., a
9-mer overlap (underlined amino acids in the following are the
same), for example AALITRGLTEMGR and ARTALITRGLTEM,
or at least 11 of the 13 amino acids in the same order, for example
ADLGSGAGAAGLA and ALGSGAAGAAFGL] were placed into
the same subset. For the performance evaluation, the data was
back-transformed to the intensity scale.

The data was split into

Consistency Metrics
We evaluated the consistency of the triplicates using the
coefficient of variation (CoV) and the Pearson Correlation
Coefficient (PCC) between three replicates. The CoV for each
repeated peptide measurement was calculated as the standard
deviation of intensity divided by mean intensity +1 and the mean
CoV over the 69,815 peptides for all four alleles was given.

The PCC between the three replicates was calculated
combining the pairwise PCCs Rjz, Rz, and Rz as

R123=\/R122 + Ri3% + Rpz? — 2%(R},R}5Rp3) (32).

Epitope and Eluted Ligand Test Datasets

T cell epitopes and HLA ligands obtained from mass
spectrometry were downloaded from IEDB and wused as
independent test data (www.iedb.org, June 18th 2019) (7). Only
positive linear peptides with a length between 13 and 19 amino

acids were used. Data with an overlapping sequence of at least
9 amino acids with the peptide microarray data or an unknown
amino acid were excluded. This resulted in 502 epitopes and 719
ligands for the four alleles (Supplementary Table 1).

Negative data (peptides thought not to bind the respective
alleles) were added by downloading the sequence of the
epitope/ligand source protein as linked by IEDB from NCBI
(www.ncbi.nlm.nih.gov), and in-silico digesting by a sliding
window of the length of the ligand/epitope into overlapping
peptides. Peptides with an overlap of 9 amino acids with the
peptides used in training or the positive peptides were excluded.

For predicting the binding affinity for a peptide, prediction
on all 13-mer subsequences was made and the highest prediction
value reported.

Finally, the performance for each epitope/ligand was reported
as the Frank value. The Frank value of a binding peptide is the
ratio of the number of peptides with a higher predicted binding
score in the source protein divided by the overall number of
peptides within the protein (8).

NNAlign

NNAlign-2.1 was used on the peptide microarray data (22).
NNAlign generates artificial neural network models of receptor-
ligand interactions. The program takes as input a set of ligand
sequences with target values; it returns a sequence alignment, a
binding motif of the interaction, and a model that can be used to
scan for the motif in other sequences. Further details of the used
parameters can be found in the Supplementary Methods. The
motifs generation by Seq2Logo (33) is automatically performed
by NNAlign.

Deep Learning Model PIA

PIA is a gated recurrent neural network (GRU) based model
(34) implemented using Keras (https://keras.io) deep learning
framework with TensorFlow (www.tensorflow.org). Further
details on the model architecture can be found in the
Supplementary Methods.

For generating the logos, 500,000 13-mers were randomly
selected from the human reference proteome and screened using
PIA. The top 1% of peptides were submitted to GibbsCluster-2.0
(29) for motif identification.

RESULTS

High-density peptide microarrays were used to identify large,
unbiased peptidome datasets for four HLA-DR molecules.
We describe the raw peptide chip readout to quantify data
consistency and make comparisons to earlier in-vitro binding
experimental results. Further, we describe the results of applying
two machine-learning frameworks to mine and extract the rules
for peptide-HLA binding from the chip data, and we assess
the quality of the chip data by comparing the power of the
constructed models to that of NetMHCIIpan-3.2 for prediction
of HLA ligands and epitopes.
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FIGURE 1 | Performance of the models on peptide microarray data and resulting motifs. (A) The Pearson correlation coefficient (PCC) and (B) the Spearman
correlation coefficient (SCC) on the independent test dataset of the peptide microarray are shown. The pairwise p-values were calculated using a non-parametric
bootstrap hypothesis test with 1,000,000 bootstrap iterations. *0.01 < p < 0.05, **0.001 < p < 0.01, **0.0001 < p < 0.001, and ****p < 0.0001. Motif plots of (C)
DRB1*01:083, (D) DRB1*03:01, (E) DRB1*15:01, and (F) DRB1*15:02 based on the top 1% (from a pool of 100,000 random natural peptide) binding peptides
generated with the deep learning model (PIA), NNAlign model and NetMHClIpan-3.2 (8). (G) Pearson correlation coefficient (PCC) of the position specific scoring
matrices (PSSM) between the different models.
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FIGURE 2 | Comparisons of prediction quality on (A) MS ligand and (B) epitope data. The center line inside the box indicates the median Frank and the triangle
shows the mean Frank. The data points available in IEDB are represented using a jitter plot. The colored box covers the interquartile range. The whiskers represent
1.5-fold of the interquartile range. Pairwise p-values were calculated using a Wilcoxon signed-rank test (applying Pratt’s zero method). *0.01 < p < 0.05,
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Microarray Experiments

The peptide microarray contained 69,815 random 13-mer
peptides. An example of the raw readout of the array is shown
in Supplementary Figure 1, confirming overall clear signals
corresponding to discrete peptides. To assess the accuracy and
consistency of the array readout, two metrics were used: the CoV
and correlation coefficient between the three repeated peptide
measurements (for details see Materials and Methods). Overall,
this analysis demonstrated highly consistent values with a mean
CoV over the 69,815 peptides for all four alleles of 0.135 and
a correlation coefficient over 0.988 for the single microarrays
(Supplementary Figure 2).

For further validation of the microarray readout, the amino
acid composition of the top 2% peptides with highest signal was
compared to the amino acid composition of peptide binders as
obtained from the IEDB for the HLA molecules where available.
The results of this analysis are shown in Supplementary Figure 3
and confirmed an overall high consistency between the two
with correlation coefficients for HLA-DRB1*03:01 and HLA-
DRB1*15:01 above 0.910.

For further analysis, the median of the triplicate was used.

Prediction of Microarray Data

For building the prediction models, the microarray data was log-
transformed to reduce the skew and to optimize the range of the
data. We trained the NNAlign and the GRU based PIA models
using 10-fold CV for each allele. In all cases, PIA outperformed
NNAlign. Figures 1A,B show the PCC and the Spearman
correlation coefficient (SCC) performance values of the two
models on the test dataset. Here, PIA outperforms NNAlign

in all cases. Figure 1B also includes the SCC performance of
NetMHClIIpan-3.2, which is trained on in vitro IC50 binding
values demonstrating at least a SCC of above 0.53 for the different
alleles for predicting the chip test data.

To quantify the consistencies between different data types and
prediction models, binding motifs were estimated for each HLA
molecule and prediction model (Figures 1C-F). The binding
motifs identified by the peptide microarray based models are
close to identical and in most cases similar to those generated
with NetMHClIIpan-3.2 using Seq2Logo (8, 33). To compare
the motifs obtained by the two microarray-based models, we
performed a correlation analysis of the 9 x 20 position specific
scoring matrix produced by Seq2Logo defining the predicted
binding motif. In all four cases, we obtained PCC values
above 0.90 (Figure 1G). When comparing the NNAlign and
NetMHCIIpan motifs, the correlation values were still very high
with 0.59-0.75.

Predict Ligands Measured by Mass
Spectrometry

To further assess the predictive power of the developed methods,
we performed a benchmark on a set of HLA eluted ligands as
obtained from the IEDB (7). Here, the Frank value was used as
performance measure (8). In short, Frank is the proportion of
peptides within a source protein with a prediction value greater
than the given ligand. The Frank is 0 if the ligand is the peptide
with the highest binding score and 0.5 for random predictions.
To limit the effect of noise and falsely positive assigned data
points, only ligands that obtained a Frank value of 0.15 or less
for at least one of the included prediction models were included
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in the benchmark. As the IEDB currently does not contain
any ligands for DRB1%15:02 the molecule was excluded from
our analysis (Supplementary Table 1). The results (Figure 2A)
demonstrate an overall comparable performance of the three
methods. The microarray-based methods and NetMHClIIpan-
3.2 each outperform the other for one dataset (NetMHClIIpan-
3.2 performs better for DRB1¥01:03, and PIA and NNAlign
for DRB1*15:01). No consistent performance difference was
observed between the NNAlign and PIA models.

Predict CD4+ Epitopes

The same analysis performed on the HLA eluted ligand data was
done on a set of CD4+ T cell epitopes available from the IEDB
(Supplementary Table 1). The results (Figure 2B) show that
the microarray-data based models in most cases performed on
par with NetMHClIIpan-3.2. For DRB1*15:01, NetMHCIIpan-
3.2 significantly outperformed both peptide microarray-based
methods. For DRB1*01:03, the microarray-based models showed
an increased performance compared to NetMHCIIpan-3.2. This
latter difference was, however, not statistically significant due
to the limited number of epitopes available in the benchmark.
Moreover, the results indicate a slightly improved performance
of NNAlign over PIA.

DISCUSSION

Genetic variants in the HLA gene region have been associated
with a multitude of diseases, not only autoimmune conditions.
Earlier work suggests this to be caused by an intrinsic property of
particular HLA variants [for instance different HLA-DQ alleles
influencing IL-17 production in T-cells irrespective of the peptide
ligand (35)]. However, beyond this and for most HLAs and
diseases, the detailed underlying mechanisms and candidate
antigens remain unknown. Experimentally testing all possible
peptide-HLA combinations to identify the relevant antigens
for a given disease is a major undertaking, and with current
technologies in most cases not feasible.

To deal with this limitation, we here present a new type of
HLA-II antigen interaction assay based on high-density peptide
microarrays. This technique allows the assessment of more than
200,000 independent peptide-HLA interaction tests within one
single experiment.

We demonstrate how this high-density peptide array serves
as a novel, valuable source for high-throughput and high-
volume data to accurately characterize the peptidome of HLA-
IT molecules and its binding specificity. We demonstrated
this by quantifying the consistency between internal replica
(peptides analyzed multiple times on a given microarray),
and by comparing the amino acid composition of the
peptidomes as obtained from the peptide microarray to
that obtained using conventional in-vitro binding assays
with solid phase synthesized peptides. We furthered the
validation by applying machine learning methods to mine
and extract the HLA binding signal from the microarray
data and compared the derived binding motif and power of
the associated prediction model to state-of-the-art methods
trained on conventional in-vitro binding data. All comparisons

confirmed a high consistency of the microarray data with
conventional methods.

In our study, two different machine learning algorithms
were applied to mine the large-scale microarray datasets. The
first is NNAlign, which is the basis for NetMHClIpan-3.2 and
NetMHCII 2.3 (8, 22) accepted to be among the best available
for prediction of peptide binding to HLA-II (30). The second,
PIA is based on GRU, a deep learning architecture developed for
sequence learning. Both algorithms are able to capture the signal
within the peptide microarray data and predict the microarray
test dataset with very high performance.

Moreover, the two prediction models trained on the
microarray data were benchmarked against NetMHCIIpan-3.2
on independent data of HLA eluted ligand and CD4+ epitope
data obtained from the IEDB. Here, all models were found
to perform at par, suggesting that the measurements obtained
from the microarray are accurately capturing signals of peptide-
HLA binding.

The microarray experiments performed here were conducted
in the absence of HLA II peptide- loading chaperones such as
HLA-DM and HLA-DO earlier demonstrated to play a role in
editing the repertoire of HLA class II binding peptides (36, 37).
Future work will tell if similar results are obtained in the context
of the peptide-microarray technology.

Overall, our results suggest that the described microarray
technology for large-scale evaluations of peptide-HLA-II
interaction is accurate, precise and highly scalable. We believe
this result opens a venue of novel applications addressing
challenges and biological problems that can only to a limited
extent be addressed using conventional immunoassays. Such
applications include mapping the impact of peptide-specific
post-translational modifications (such as phosphorylation,
deamination, or citrullination, all of these modifications
can be added in the peptide synthesis step, i.e., in the array
design process) on HLA-II binding and unbiased large-scale
screening for HLA-II binding of pathogen proteomes. The
herein presented in-silico technology data is in our opinion a
good addition to immunopeptidome data for the next generation
of prediction tools.
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Part Il

THE HUMAN LEUKOCYTE ANTIGEN IN
INFLAMMATORY BOWEL DISEASES

The human leukocyte antigen is the strongest associated ge-
netic locus for inflammatory bowel disease, although the spe-
cific role of the human leukocyte antigen in the pathogenesis
remains unknown. In this part, | summarize the current knowl-
edge about the association of the human leukocyte antigen with
inflammatory bowel diseases. In PAPER C | study the genetic
association and the autoimmune hypothesis in ulcerative colitis,
which is one subtype of inflammatory bowel diseases. Finally, |
discuss the different approaches used in analyzing the human
leukocyte antigen in diseases, what is known and not known
about the human leukocyte antigen in inflammatory bowel dis-
ease, which possibilities exist in gain additional knowledge and
how this knowledge might help patients in the future.






HLA IN IBD

The HLA was among the first identified genetic risk factors in IBD using
classical linkage analysis. An alternative name used for this region is IBD3,
for inflammatory bowel disease locus 3. Other hints for an association of
with HLA with IBD were already published in a serological study from 1972
[5, 61, 204]. Though IBD has been continuously associated with the class ||
genes of the HLA region, in particular HLA-DRBI and -DQ), it is still unclear
which genetic locus is causal in the disease etiology [44, 63]. Other genes,
besides the classical HLA genes within the gene rich HLA region, might also
play a role in the association with the disease. For example, tumor necrosis
factor (TNF)- and the MHC class | chain-related genes (MICA/B), located
in the HLA class Il region between HLA class | and class Il, are suspects
to a separate genetic association as described in Muro, Lépez-Hernandez,
and Mrowiec [120].

The association of the HLA region with IBD was among those genetic
associations suffering a reproducibility crisis [204]. In retrospect, limited
power within the single studies due to small sample sizes and differences
in populations are mainly responsible for the different effects seen across
different studies.

Today, a consistent picture of the association of the most common HLA
alleles is available regarding the association of HLA with the two main
forms of I1BD. Even though, more samples are needed for rare alleles or
alleles predominantly present in understudied populations. An overview of
the single associated HLA alleles is given in Section 8.1. Hypothesis on the
functional role of the HLA in IBD are described in Section 8.2.

8.1 GENETIC ASSOCIATIONS WITHIN THE HLA WITH IBD

The genetic profile of UC and CD patients differs in the HLA region. The
associations are stronger within UC. Ahmad, Marshall, and Jewell [5] noted
that the sharing of HLA alleles within families suggests that the HLA region
contributes 64%-100% of the total genetic risk of ulcerative colitis but only
10%-33% of the total genetic risk of Crohn's disease. Goyette et al. [63]
calculated the variance explained by HLA alleles to be 6.2% in UC and 3.1%
in CD. Due to the different identified association profiles of the HLA in the
tow diseases, they are now described separately.
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8.1.1 HLA associations in Ulcerative Colitis

The most significant associations within the HLA for UC are in the genes
HLA-DR and HLA-DQ of the class Il. Even though the evidence is limited,
there are some hints towards HLA-DR to be the gene of interest. First,
the expression level of HLA-DR is in general higher [81]. Second, Goyette
et al. [63] found a proxy for all significantly associated HLA-DQ genes in
HLA-DR but not vice versa.

8.1.1.1 HLA-DRBI1 association in Ulcerative Colitis

Figure 15 presents the HLA-DRBI alleles analyzed in three relevant pub-
lications of this field. The inner part shows a meta-analysis of Stokkers
et al. [173]. This study published in 1999 included 29 studies on UC, CD,
or both subtypes. In comparison to more recent studies, the single stud-
ies performed until this timepoint included small sample sizes with up to
344 cases. They were often based on serological studies or alternatively
on genetic determination with a one-field resolution. Their meta-analysis
identified the serotype DR4, today noted as HLA-DRB1*04, as protective.
DR9 (HLA-DRB1*09) and DR2 (DRB1*15 and DRB1*16) and its subtype
DR15 (DRB1*15) were identified as risk factors for UC.

In 2015, Goyette et al. [63] published an HLA fine-mapping study based
on a large Caucasian cohort including more than 32000 IBD cases. The
HLA alleles were determined by imputation (see Section 6.2). The results
are presented in the middle ring in Figure 15. The study confirmed the
protective effect of HLA-DRB1*04 and the analysis in a 2-field resolution
showed the same direction of effect for all alleles of this group with HLA-
DRB1*04:01 and *04:04 being statistically significant. Due to the larger
power, HLA-DRB1*07 and HLA-DRB1*03 were statistically significant as-
sociated as protective with UC. Furthermore, HLA-DRB1*09 was statisti-
cally associated as protective by Goyette et al. [63] and therefore contradicts
the finding of Stokkers et al. [173]. None of the single studies agglomer-
ated in Stokkers et al. [173] identified a significant association with this
allele. Next to HLA-DRB1*15, the 1-field alleles DRB1*01, DRB1*11 and
DRB1*12 were statistically significantly associated with a risk in UC by
Goyette et al. [63]. For DRB1*01 interestingly only the rare 2-field allele
HLA-DRB1*01:03 was statistically significant with the highest OR among
all significantly associated HLA alleles with 3.59 (p-value= 9.47 x 10~ 121),
For DRB1*15 the two alleles DRB1*15:01 and DRB1*15:02 are also sepa-
rately significantly associated, where DRB1*15:02 has the higher OR with
2.21. The HLA-DRB1*13 serogroup seems to be heterogenic regarding
the association with UC. In Goyette et al. [63] the 1-field allele was not
significantly associated, but the 2-field allele DRB1*13:01 is statistically
significantly associated as a risk factor, while the 2-field allele DRB1*13:02
shows a trend towards being protective.

Even though no significant association within HLA-DRB1*13 was iden-
tified by the trans-ethnic analysis from Degenhardt et al. [44], the hetero-
genic picture was present here as well. In general, the analysis from De-
genhardt et al. [44] allowed an insight into cross-ethnicity allele association
at the HLA loci at 2-field resolution, with differences in allele frequencies
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Figure 15: HLA-DRBL1 alleles associated with UC. The figure summarizes the re-
sults from Stokkers et al. [173], Goyette et al. [63] and Degenhardt et
al. [44]. The angle is approximately representing the allele frequency in
control samples. The inner ring for each publication presents the lower
reported resolution, while the outer ring represents the finest reported
resolution. Results from Stokkers et al. [173] were considered signifi-
cant (marked by a black frame around the allele) if the reported 95%
confidence interval does not include an OR of 1, while for Goyette et al.
[63] and Degenhardt et al. [44] a p-value of 5 x 1078 was applied.
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observed across the different analyzed populations. The results of the per-
formed meta-analysis are presented on the outer ring of Figure 15. The
HLA-DRB1*15 alleles are highlighted here as the different subtypes are es-
pecially prevalent in separate global regions. Both the DRB1*15:01 allele
in Caucasians and the DRB1*15:02 allele in Asians, were significantly asso-
ciated with risk in UC by Degenhardt et al. [44] and Goyette et al. [63]. The
DRB1*15:03 allele, which is specifically prevalent in people with African
ancestry, failed to reach genome wide significance, most probably because
of small sample sizes within this ancestry. The analysis from Degenhardt et
al. [44] reached genome-wide significance for the HLA-DRB1*01:01 allele,
but as explained in the study the strength of this signal may result from a
misclassification of DRB1*01:03 as DRB1*01:01 (Supplementary Figure 8
in [44]). All studies concur that there are no significant associations with
DRB1*14 and DRB1*08.

Overall, the association of the HLA-DRB1 alleles with UC is stable across
different studies. The only exception is HLA-DRB1*09. Except from this,
the serogroups DRB1*03, *04 and *07 were found to be associated with
a statistically protective effect in UC, while DRB1*01, *11, *12, and *15
were found to be significantly associated with an increased risk of UC. The
effect size within the single serogroups varies but even though the sample
sizes increased over the years, the power to show all effects on the 2-field
level is still limited.

8.1.1.2 HLA haplotypes and other non-HLA-DRBI alleles

Most of the statistically significant associated classical HLA alleles of the
other loci are in LD with an HLA-DRBI1 allele. Goyette et al. [63] cal-
culated conditional regression models based on the HLA-DRBI signals
(Figure 16b). They showed that only four alleles were independently as-
sociated with UC when correcting for the HLA-DRBI alleles. Those are
HLA-A*02:01, HLA-C*12:02, HLA-B*18:01, and HLA-DPB1*03:01. Ex-
cept for HLA-B1*52:01, located on the same haplotype as HLA-C*12:02,
all other HLA alleles of the class | and of HLA-DP show only secondary
effect in LD with a stronger associated HLA-DRBI allele. The haplotype
HLA-C*12:02-B*52:01-DRB1*15:02-DQA1*01:03-DQB1*06:01 is the only
haplotype described by Goyette et al. [63] where the association signal in
the HLA class | region is stronger than in the HLA class Il region. This effect
is also visible in the non-Caucasian data from Degenhardt et al. [44], who
validated the haplotype signals identified by Goyette et al. [63], using a
classic phasing approach.

Many HLA-DQ alleles were identified with similar effects as the HLA-
DRB1 alleles. Due to the high LD a conclusion which allele is causative for
the association remains until know impossible. Among those DQB1*06:02,
located on the same haplotype as DRB1*15:01, is the allele with the high-
est OR and DQB1*03:03 the allele with the lowest OR. In addition to HLA-
DRB1, Degenhardt et al. [44] included the loci HLA-DRB3, -DRB4 and
-DRBS5. As reviewed in Degenhardt et al. [44] the alleles of these genes are
in high LD with the HLA-DRBI1 alleles, they generally show a stronger asso-
ciation based on the P-value, since they have a higher power for detection,
which is related to the comparably small number of alleles at these loci.
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Figure 16: Correlated HLA association signals across the different classical HLA

genes. The upper graphic (a) represents the alleles associated with CD,
while the lower graphic (b) represents the alleles associated with UC.
Each box represents an allele with its corresponding OR (bottom left)
and p-value (bottom right). The blue boxes include alleles considered
in the model generated by Goyette et al. [63], while connected grey
boxes show alternative alleles with a comparable effect and white boxes
show alleles with secondary effects. Figure taken from Goyette et al.
[63].
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8.1.2 HLA associations in Crohn’s disease

As already mentioned, the HLA association in CD is not as rich as the asso-
ciation in UC, meaning that here is a generally less significant associations
of CD with the HLA across both HLA loci. At the HLA allele level, the asso-
ciation of HLA class Il is also not that much stronger than the association
with the HLA class | comparing both effects and p-values. One exception
is the allele DRB1*01:03, which is also the strongest associated HLA allele
in UC (compare to Figure 16a and Figure 17). For HLA-DRB1*01:01, the
most common allele of the DRB1*01 group, the effect direction identified
in [63] was opposite to the one identified in UC and those of DRB1*01:03.
Next to HLA-DRB1*01:03 only the DRB1 allele group HLA-DRB1*03 was
significantly associated with the same direction of effect in both subtypes of
IBD. HLA-DRB1*07 is significantly associated with both diseases but with
the opposite direction of effect. Of the other DRB1 alleles, statistically sig-
nificant associated with CD, HLA-DRB1*08:01 and HLA-DRB1*16:01 were
not statistically significant in UC at the p-value of 5 x 107°. This cutoff is
defined by Goyette et al. [63] to represent statistical significance. Of those
alleles HLA-DRB1*16:01 was correlated with a protective effect, while the
other two alleles were associated with an increased risk for CD.

When compared to the HLA-DRB1 based model generated by Goyette et
al. [63] for UC, the HLA-DRB1 based model for CD included more alleles of
other classical HLA loci. Here, the association of HLA-DRB1 covers only a
smaller part of the association (Figure 16b). Again, for most haplotypes the
association signal cannot be separated between HLA-DR and HLA-DQ but
while all significantly associated HLA-DQ alleles can be represented by an
HLA-DRBI allele, this does not hold true the other way round. There is an
independent statistically significant association for the HLA-DPA1*01:03
allele and some HLA class | haplotypes namely: C*06:02-B*57:01, B*14:02,
B*35:03, C*12:01-B*52:01, B*35:02, A*03:01, and C*14:02. The analysis
on the trans-ethnic data used in Degenhardt et al. [44] has not yet been
published for analysis of CD and is therefore not included in the comparison.
No DRBL1 allele significant in either Stokkers et al. [173] or in Goyette et
al. [63] was found to have another direction of effect in the other study,
respectively (Figure 17).

8.2 POTENTIAL ROLE OF HLA IN IBD

Ashton et al. [13] summarized potential roles of the HLA in IBD. Their
hypotheses are summarized in Figure 18. As described in the previous
section, different 1- and 2-field alleles of the HLA are associated with a
different risk of IBD. Those alleles mainly differ in their peptide binding
region. One hypothesis of the role of the HLA in IBD is that the associ-
ated HLA risk alleles present peptides to the host immune system which
in turn triggers an immune response. The peptides of interest might ei-
ther originate from the commensal microbiome in the gut, or from the
host itself. Those self-peptides might contain patterns similar to a bacte-
rial peptide (molecular mimicry) and may drive the disease, also referred
to as an auto-immunogenic antigen. In combination with triggering of an
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Figure 17: HLA-DRBI alleles associated with CD. The figure summarizes the re-
sults from Stokkers et al. [173] and Goyette et al. [63]. The angle is
approximately representing the allele frequency in control samples. The
inner ring for each publication presents the lower reported resolution,
while the outer ring represents the finest reported resolution. Results
from Stokkers et al. [173] were considered significant if the reported
95% confidence interval does not include an OR of 1, while for Goyette
et al. [63] a p-value of 5 x 10~8 was applied.
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Potential role of HLA in IBD. Different forms of peptide presentation by
HLA proteins are hypothesized to initiate an immune reaction leading
to 1BD (left side with green stars). Different forms of abnormal immune
responses as implicated by IBD might be triggered by the HLA (right
side with purple stars 1-4). Original figure from Ashton et al. [13].

response, inducing the activation of T cells and the production

of pro-inflammatory cytokines, other factors may further enhance the dis-
ease progression to IBD. Those may, for instance be an overreaction of

the host’

reaction),

s immune system to the commensal microbiome (hyper-immune
insufficient clearance of bacteria resulting in a chronic low-level

immune reaction or an impaired mucosal barrier, either induced by genetic
factors or by the immune reaction itself. This in turn may lead to the in-
vasion of bacteria into the tissue. Another factor may be an autoimmune
process directed against the host cells.
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Aim

The HLA is a known risk factor for UC but the concrete mechanisms behind
this association are unknown. In this study, we aim to figure out what we
can learn from the human genetics in UC patients and controls to enlighten
the potential role of HLA in IBD. As the HLA proteins are interacting with
various peptides, changes within the protein coding regions are of special
interest. Here, we focus on the autoimmune hypothesis and try to identify
potential autoimmune peptides driving the disease by their potential to be
presented by HLA proteins.

Methods

To reach this aim, we performed a GWAS analysis on imputed SNP array data
and exome sequencing data of 863 German UC patients and 4 185 controls.
The protein sequences are generated based on WES and used to generate
a peptidome including the variation within the sample set. The HLA alleles
were imputed using HIBAG. A peptidome wide association study (PepWAS)
was conducted on peptides generated candidate protein sequences and the
characteristics of the binding peptides was analyzed. Furthermore, the pep-
tides predicted to be differentially presented between cases and controls
were analyzed for further supporting attributes like higher expression, over-
lap with immunopeptidomics data, and the subcellular compartment of the
corresponding proteins.

Results

The genetic analysis revealed a novel association with NOD2, a well-known
risk gene for CD. The new mutations are located in a different part of
the protein. Additionally, mutations were identified in genes by previous
GWAS analysis not, or not sufficiently covered (TAS2R43 and UNQ6494).
Overall, the genetic association represented the signals as expected based
on previous GWAS studies. This is also true for the association of HLA alleles.
A further analysis of the binding characteristics showed that HLA alleles
associated with a decreased risk of UC have a binding motif including more
acidic amino acids. But not all protective alleles show the same binding
pattern that distinguishes them from alleles associated with an increased
risk of UC. The PepWAS analysis yield 234 significant candidate peptides,
whereof one was also present in the immunopeptidomics data in a gene
differentially expressed in UC patients. This peptide originates from HLA-
DRB1*15 alleles, a group of alleles associated with a comparably high risk
of getting the disease. It is the most promising candidate identified.

Conclusion

Here, we identified a few novel genetic associations with UC. Previously,
those were most probably missed, because of the used reference and im-
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putation panel. Those findings need to be validated with a larger dataset.
It suggests that there are still some associations that can be revealed by
classical GWAS, using WES, WGS data, or imputation based on the GRCh38
genome build.

The HLA alleles show a constant association with the disease. The allele
HLA-DRB1*15:01 having the largest power among the DRB1 alleles in our
dataset. The applied PepWAS is one approach to filter down candidate pep-
tides. Whatsoever, as the HLA is not selective on the greater scale, HLA
does not give sufficient clues about the protein source. The HLA presenta-
tion itself allows to draw conclusions about the pattern of the peptides of
interest, as it is based on physico-chemical properties of the peptide. There-
fore, follow up analyses need to be conducted to test the 234 candidate
peptides from PepWAS for their immunogenicity, especially in relation to
the TCR repertoire of UC patients. Furthermore, additional sources of pep-
tides, such as microbial peptides or environmental, should be considered in
following analyses.
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[Abstract]

Genome wide association studies contributed to a better understanding of the etiology of
inflammatory bowel disease (IBD). While over 240 genetic associations with IBD have since
been identified, functional follow-up studies are still in their infancy with the overall
pathogenesis of IBD remaining unsolved. E.g., a functional understanding of the genetic
association between the human leukocyte antigen (HLA) region and ulcerative colitis (UC) —
one subtypes of IBD - is still lacking. Here, we analyzed whether an autoimmune reaction
involving the HLA class Il proteins HLA-DQ and -DR, both being strongly associated with UC,
could be a disease trigger or driver. To this end, genotype data derived from whole exome
sequencing and genome-wide SNP array data of 863 German UC patients as well as 4,185
healthy controls were analyzed. Association analyses identified novel variants in the NOD2
and SNX20 genes to be linked with UC and confirmed known HLA allele associations.
Employing the genetic data, we generated patient-specific self-immunopeptidomes and in
silico predicted HLA-peptide binding. Peptidome-wide association analyses of peptide binding
preferences in a set of candidate proteins yielded significant associations with 234 specific
peptides. Interestingly, none of those peptides showed a differential presence in case and
control samples. The disease-associated candidate peptides predicted to be presented by risk
HLA proteins contained predominantly aromatic amino acids. In contrast, protective HLA
proteins were predicted to bind peptides enriched in acidic amino acids. In summary, we
present a proof-of-concept immunogenetic analysis that contributes to a better understanding
of the HLA in UC.
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[Introduction]

Although about 0.3% of people in the industrialized countries suffer from inflammatory bowel
disease (IBD)', the etiology of the diseases is still unclear. Different studies have correlated
the disease with environmental®® and genetic factors*”’. For some of the known factors, a
concrete role in the pathogenesis of IBD has been identified, in other cases the impact on the
disease remains unknown. Interestingly, the major histocompatibility complex region (MHC),
which shows the strongest genetic association with the disease, still has an enigmatic role in
IBD®. The genetic association at this locus differs between the two main subtypes of IBD,

Crohn’s disease (CD) and ulcerative colitis (UC)2*°

. Especially in UC, the MHC class Il genes
are highly associated with the disease in Caucasians (Goyette et al.®) and across different
ancestries (Degenhardt et al.’®). Though detailed analysis showed a consistent genetic profile,
the biology behind the associations remains unsolved. MHC class |l proteins mainly present
peptides derived from extracellular proteins to CD4-positive T cells, which may then elicit an
immune response in the host. The classical MHC class Il genes in humans are the human
leukocyte antigen (HLA) genes HLA-DPA1, -DPB1, -DQA1, -DQB1, -DRA, -DRB1 and
depending on the (DRB1-related) haplotype possibly one of HLA-DRB3, -DRB4 and -DRB5.
Except for HLA-DRA, which is nearly invariable regarding its protein sequence, all other
classical HLA proteins are highly polymorphic. Several different processes of how the HLA
may contribute to the inflammation in IBD have been discussed in the literature, most of those
are based on the structural differences in the peptide binding pocket and the related
differences in antigen recognition®. Differences among HLA alleles and their binding

preferences have already been discussed in Goyette et al.® and Degenhardt et al."®

. Here, we
dig deeper into the autoimmune hypothesis which refers to an immune reaction triggered by

HLA-presentation of a host’s self-peptide®.

For this purpose, we analyzed genotype data derived from next generation sequencing (NGS)-
based whole exome-sequencing (WES) and genotyping based on lllumina’s Global Screening
Array (GSA) as well as imputed HLA allele information of 5,048 German individuals for genetic
association with UC (Figure 1, Supplementary Table 1). This data is unprecedented in its

resolution of individual-level coding variation.
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Figure 1: Graphical abstract of the current study. The first box summarizes the sample collection and wetlab part.
The second box shows the data preparation. The third box lists the different performed analyses. UC: ulcerative
colitis, CD: Crohn’s disease, DNA: Deoxyribonucleic acid, QC: quality control, SNP: single-nucleotide
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polymorphism, HLA: human leucocyte antigen, GWAS: genome-wide association study, PepWAS: peptidome-wide
association study. This Figure was created with BioRender.com.

Based on this exceptionally high-resolution genotype data, we first performed a genome-wide
association analysis (GWAS) as well as a fine-mapping of the HLA region. Subsequently, we
took advantage of the individual WES data and performed a peptidome-wide association
analysis (PepWAS)"" based on personalized proteomes, focusing on self-peptides from a
disease-relevant set of human proteins (Supplementary Table 2), to identify candidate self-
peptides with a differential likelihood of presentation in patients and controls. The personalized
proteomes were generated by translating the per-patient observed nucleotide variations from
the WES data into a collection of personalized protein sequences. Further, we checked the
peptides identified through the PepWAS for mutations in the coding DNA sequence leading to

the according peptide or another amino acid sequence.

[Results]

Comparison of exome data and imputed genotyping data

The exome data is expected to include novel or rarely described coding variants. In a first step
we therefore compared how many exome variants are not included in our imputed SNP
(single-nucleotide polymorphism) genotyping array dataset. The comparison revealed that half
of the variants discovered by exome sequencing are not detected in the imputed data. Most
of those variants are very rare (minor allele frequency (MAF)<0.1%). Of the variants with a
higher allele frequency about 11% are unique to the exome data. 6.3% of the common exome
variants (MAF>5%) are still not imputed.

The fraction of variants specific to the exome data varies not only with the allele frequency but
also with the type of mutation. E.g., for missense variants the most common variants were
imputed and only 2.8% of variants were specific for the exome dataset but the fraction of

overlap is lower for InDels.

GWAS of imputed genotyping data

For the summary statistics of the imputed genotyping data, a genomic inflation factor lambda
of 0.995 was calculated based on the data excluding the HLA region (Supplementary Figure
1). This means no population stratification is expected to cause false positive hits. The
Manhattan plot of the analysis is shown in Supplementary Figure 2. Overall, 1,713 of the
imputed genotyping markers with a minor allele frequency of at least 1% passed the
suggestive significance threshold P-value<10® and 975 of those reached genome-wide

significance. The at least suggestively significant markers were assigned to 26 loci,
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considering two variants as belonging to one locus if their physical distance in GRCh38 is
below 150 kbp, overlapping largely with results from LD-based clumping (P-value<0.00001)
but allowing for a combination of larger association signals such as the HLA class Il with 24
clumped signals calculated by PLINK. Of these loci 19 main variants were supported by
variants in LD (Supplementary Table 3; Supplementary Figures 3-21). Three of those loci
contained genome wide significant variants: 1p36.13 (OTUD3, Supplementary Figure 5),
6p21.32 (HLAII, Supplementary Figure 11), and 5p14.3 (no specific gene, Supplementary
Figure 9). In agreement with previously published GWAS’, our dataset shows the main
significant genetic association in the HLA region on chromosome 6 with the main peak being
in the region of the classical HLA class Il genes. In addition, OTUD3 is one of the strongest
associated loci reported previously in the literature for UC’. 5p14.3 (Supplementary Figure
9) was not reported previously and does not replicate in the publicly available IIBDGC dataset
(available through RICOPILI*. The main signal rs2937516 (P-value=1.62x10%, OR=0.68
[0.60-0.78]) is located on chr5:18748431 between the genes LINC02100 (chr5:18,514,857-
18,746,202) and the pseudogene UBE2V1P12 (chr5:18,886,622-18,887,095).

Next to the three genome-wide significant loci, we identified 16 suggestively significant loci
(Supplementary Table 3): 5p13.1 (PTGER4, Supplementary Figure 10)", 10924.2 (NKX2-
3, Supplementary Figure 14)" and 22q13.1 (PDGFB - RPL3, Supplementary Figure 21)’
as well as 6p21.33 (HLAI, Supplementary Figure 11) all of which being previously reported
to be associated with UC (NHGRI-EBI GWAS catalog®). An intriguing novel association signal
for UC was detected at 16g12.1 (NOD2 and SNX20, Supplementary Figure 17), a locus
known previously to be associated only with Crohn's disease”**. A detailed follow up-analysis
of these variants in the context of UC is described in the paragraph SNX20/NOD?2 association
in ulcerative colitis and Crohn’s disease. 12q24.13-q24.21 (RBM19, rs3782449, P-value=
8.90x10°, OR=0.73 [0.64-0.84], Supplementary Figure 16) and 4p12 (rs113429955, P-
value=5.51x10°, OR=1.81 [1.40-2.33], Supplementary Figure 8) have not been previously
described but were replicated using the [IBDGC dataset with replication-P-values of 0.00738
and 0.045, respectively. For 12q24.13-q24.21 (RBM19), an association with ocular
manifestation in IBD was described by others before®. The LD between the T allele
rs4766697, the variant associated with ocular manifestation and the A allele rs3782449, our
protective lead variant, is with R? of 0.0058 very low but the D’ is 1. Therefore, all T of
rs4766697 (allele frequency of 2.2 %, P-value=0.64, OR=0.92 [0.64-1.32] in our data) are
most likely located on the haplotype of the reference allele A of rs3782449 (allele frequency
79.3 %). The two-sided Fisher’s Exact test on the contingency table of the dosages yielded a
P-value of 1.27x107.
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The region of the signal at 9922.2 (UNQ6494, rs36147380, P-value=7.4x10°, OR=0.74 [0.65-
0.84], Supplementary Figure 13) was not covered in the GRCh37 build and therefore no
lookup in the IIBDGC GWAS data was possible. The remaining eight loci did neither replicate
in the IIBDGC GWAS dataset nor were they listed in the NHGRI-EBI GWAS catalog, but four
of these loci had additional links to UC. Firstly, TNFRSF8, also called CD30L, at 1p36.22
(rs72641067, P-value=7.4x103, OR=1.47 [1.25-1.77], Supplementary Figure 3) is an (auto-
Jimmune relevant gene and the gene coding for the corresponding ligand gene TNFSF8 has
been described as associated with CD”%®. Secondly, the gene TPRG1 (3q28,
chr3:188,947,214-189,325,304) was found to be associated in the IBD GWAS from de Lange
et al.®, but the location of the signal was slightly different. Our lead SNP rs73184427 is located
at chr3:189,167,658 (P-value=7.11x107%; OR=1.56 [1.28—1.89], Supplementary Figure 7),
while de Lange et al. described rs56116661 at chr3:188,683,372, annotated to the LPP gene,
to be associated with CD (P-value=5.67x10""%; OR=1.14 [1.10-1.18])°. The R? and the D’
between the variants are with respectively 0.00092 and 0.18 low and the association P-value
of the previously described variant rs56116661 in UC patients vs. controls is 0.0067 (OR =
0.82 [0.72-0.95]). Thirdly, the gene CTCF (16922.1, rs117327757, chr16:67627037, P-value
= 8.6x10°, OR = 1.8 [1.39-2.33], Supplementary Figure 18) is known to influence the
expression of TNF®. Fourthly, LYPD5 (19q13.31, rs364691, chr19:43804850, P-value =
1.6e10-6, OR = 1.35 [1.2-1.53]) was reported by Taman et al. as upregulated in treatment-

naive UC patients®.

Associations in the whole exome data

The genomic inflation factor lambda for the exome data was determined to be 1.005
(Supplementary Figure 22). Overall, five loci showed at least suggestive associations
(Supplementary Figure 23-28, Supplementary Table 3). In the whole exome data only the
HLA-II region was found as a genome-wide significant signal with LD support (Supplementary
Figure 25). The intronic PGAMS variant rs7973452 at 12p13.2 is LD-supported and reaches
suggestive significance (P-value=8.47x10° OR=1.34 [1.18-1.53], Supplementary Figure
27). PGAMS5 is known to regulate antiviral responses®. Three additional loci reached
suggestive significance, none of these were supported by variants in LD, even when including
low frequency variants. One of those is the 1p36.13 locus with OTUDS3, also identified in the
imputed genotyping dataset, with the intronic variant rs773646156 (chr1:19890367; P-
value=4.53x107"; OR=1.33 [1.19-1.48], Supplementary Figure 24). Second, the bitter taste
receptor gene TAS2R43, with the missense variant rs200922417 (chr12:11092088; P-
value=6.17x107% OR=1.92 [1.45-2.54]; 48L>48V, Supplementary Figure 26), is a suggested

160

target for UC treatment as itinfluences CLCA7°". This variant is not well covered in the imputed

genotyping data and the gene was not distinguished from TAS2R45 in genome build GRCh37.
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The fifth association in the exome data, the third without LD support, is the synonymous variant
rs755163625 on 22qg11.21 in the gene SCARF2 (chr22:20429374; P-value=9.2x107%;
OR=2.37 [1.62-3.47], Supplementary Figure 28). Coding mutations within SCARF2 were
previously described as responsible for the Van Den Ende-Gupta Syndrome, an extremely

rare autosomal-recessive disorder characterized by distinctive craniofacial features®'.

SNX20/NOD2 association in ulcerative colitis and Crohn’s disease

NOD?2, also formerly known as IBD1* in linkage studies, was previously described to be a CD-
specific disease gene. Here, we identified an association with UC. To investigate this further,
we performed additional lookups and calculated the genetic association for this region also for
the available CD data (4,097 CD cases and 4,185 controls as in UC analysis).

Our main UC association in the genotyping dataset rs139397276 (P-value=1.3x107%; OR=3.74
[2.19-6.37]; MAFcontos=0.9%; MAFcases=2.4%) was located at chr16:50666737
(Supplementary Figure 17 and 29). In addition, an association was identified with
rs61736932 in the exome dataset (OR=4.22 [2.36, 7.54], P-value=1.15x10°, MAF=1%, note:
MAF is with 0.00990 slightly below 1% therefore it was not described above) at
chr16:50711744. Both rs139397276 and rs61736932 are located closer to the centromere as
compared to the established CD susceptibility variants rs2066844, rs2066845, and rs2066847
(all of them have an R?=0 with the lead variant rs139397276). The variant rs139397276 is in
the SNX20 gene and the calculated credible set includes four additional variants with a
probability above 1%, including the NODZ2 exome variant rs61736932 (OR=4.47 [2.43, 8.25],
P-value=1.60x10"°, MAF=1%). Of the remaining three, two are in introns of the NOD2 genes
and one in an intron of SNX20. All five variants reach nominal significance in the association
analysis (Supplementary Table 3, Supplementary Figure 29) and have a frequency around
1%. None of the variants changes the amino acid sequence of the NOD2 protein. While the
previously described CD variants have an impact on the leucine rich repeat region (LRR) of
the NOD2 protein, our variants are in the nucleotide binding region and in the 3’-UTR region
of SNX20 (Supplementary Figure 29). The IIBDGC dataset supported our finding of
rs139397276 with a P-value of 2.6x10* and an OR of 1.36 [1.15-1.60]. We further queried the
data of Lesage, 2002% and of the IBD Exomes Browser®® for validation purposes. The data
on the IBD Exomes Browser reports an overall P-value of 0.023 and an OR of 1.31[1.07, 1.60]
forrs61736932 in UC versus healthy controls. In the Non-Finnish European batch, the P-value
is 6.78x10™ with an OR of 1.93. Lesage reported with 1.9% (6 of 318) in UC patients a lower
MAF than in their controls with 2.4% (5 of 206). Therefore, the data of Lesage and colleagues

does not support the association we identified.

Gene-based analysis
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The gene-based analysis using SAIGE-GENE?>® on the exome data with an AF<1% resulted
in no significant gene if correcting for the number of analyzed genes (P-value < 2.61x10).
We here describe the three genes with the lowest P-values. Those genes are NOD2, KCNK3
and PSORS1CH1.

NOD2 was also identified in the single variant association of the imputed data. The same
variant rs61736932 is responsible for the association signal of the gene-based test (P-
valueskat-o = 3.47x107°, P-valueskatr = 1.21%10°, P-valueguden = 0.915). The variant was not
identified in the single variant analysis as the allele frequency in the exome data was slightly
below 1%. The Burden test result, with very low significance, suggests that the other rare
variants have different directions of effect. Of the 13 included variants with an allele frequency
between 0.1% and 1% only three other variants were more common in patients than in
controls.

The gene KCNK3 was previously not associated with IBD, of the three performed gene-based
tests SKAT has the lowest P-value (P-valueskato = 1.10x10™*, P-valueskar = 5.17x107%, P-
valuesurden = 3.96x1072). The signal is mainly based on the intronic variant rs926416351 with
an allele frequency of 0.0059 (P-value = 4.07 x107®). In the very similar gene KCNK9 a copy
number variation (CNV) associated with UC was identified by Saadati et al.®*. A recent study
tested the effect of KCNK9 and KCNK3 knockout in @ mouse model®®. They figured out that
the absence of one gene increases the expression of the other gene. A KCNK3 knockout lead
to a beneficial outcome in DSS-induced colitis with less mitochondrial damage and apoptosis,
while the increased expression of KCNK3 did not prevent apoptosis after DSS exposure.
The third gene PSORS1C1 (P-valueskar-o = 3.04x10°, P-valueskat = 4.27x107°, P-valuesurden
= 9.49x107°) is located close to the HLA class | region. The two most common variants
included in the gene-based analysis (rs118016068 and rs117114042) were also significantly

associated in the publicly available RICOPILI*®

dataset (see also Supplementary Table 3).
Power analysis of genome wide associations in ulcerative colitis

Other well-known loci associated with UC like IL23R, LINC02132 and IL10 failed to show
nominal significance but show the trend as reported in previous GWAS studies. The expected
statistical power to reproduce those loci with a P-value of <10 is below 0.75 (Supplementary
Figure 30). All previously reported loci with a greater suggested power were only reported in

studies with samples of Asian populations and therefore could be population-specific findings.

HLA association in UC

We imputed HLA alleles and amino acids for HLA-A, -B, -C, -DPA1, -DPB1, -DQA1, -DQB1, -
DRB1, -DRB3, -DRB4 and -DRB5 at full 2-field level. Overall, we observed 234 different 2-
field alleles in our UC and control data set. For the single loci, between 6 (HLA-DPA1) and 62
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(HLA-B) different alleles were imputed into our samples. In consistency with previous studies
of the HLA in UC®'° the main association signal was in the locus containing HLA-DR and HLA-
DQ (Supplementary Figure 31). Overall, four 2-field alleles were associated at genome-wide
significance (DQB1*06:02 (P-value=2.68x10"°, OR=1.58 [1.37-1.82]), DRB1*15:01 (OR=1.56
[1.36-1.80], P-value=6.61x10"°), DRB5*01:01 (OR=1.56 [1.35-1.80], P-value=8.40x10"7),
DRB4*01:03 (OR=0.66 [0.57-0.76], P-value=6.80x107)), and 3 additional 2-field alleles were
nominally significant (5x10® < P-value < 1x10°% (C*12:02, B*52:01, DQA7*01:02)
(Supplementary Table 4). The strongest association from a SNP data was observed for the
intronic SNP rs6927022 located in HLA-DQA1 (P-value=2.20x10"*, OR=0.64 [0.58-0.72]). As
discussed also previously by Degenhardt et al.'®, DQB1*06:02 is located on the same
haplotype as DRB1*15:01 (Figure 2). In our dataset, HLA-DRB1*15 is the most significantly
associated 1-field allele (OR=1.61 [1.40-1.85], P-value=2.07x10""). Overall, the observed
association of HLA alleles is in line with previous studies (Figure 2).

The main associated signal described by Goyette et al.® HLA-DRB1*01:03 is not nominally
significant (cutoff P-value<1x10?®) in our data set due its low frequency in our data, even
though its effect size is even larger in our German cohort (OR=5.31 [1.85-15.25], P-
value=1.95x10"2, MAFcases=0.41%, MAF contro1s=0.96%) than reported by Goyette et al.’.

Of the 58 alleles previously reported to have a nominally significant association with UC either
within the European dataset from Degenhardt et al.'® or the results from Goyette et al.° only 6
showed an opposite direction of effect in our data. (Supplementary Table 4 and Figure 2 and
Supplementary Figure 32). DQA1*05:01 showed a risk effect in Goyette et al.®. However, we
suspect that Goyette et al. named DQA71*05:05 as DQA1*05:01 since both belong to the same
g-group of alleles and since the allele DQA7*05:05 is not reported by Goyette, and the allele
frequencies of DQA71*05:05 (MAF=14.7%) and DQA7*05:01 (MAF=11.9%) combined are
closer to the allele frequency reported by Goyette et al. (MAFcases=28.0%, MAF controls=25.3%).
Further, the associations of the alleles A*29:02, C*01:02, DRB1*13:01, DQA1*01:03 and
DQB1*06:03 were not supported in our dataset since all of them have an allele frequency
below 10% in all cohorts and the lowest P-value in our data is with 0.28 for HLA-DRB1*13:01
far from significant. Moreover, the three class Il genes are located on the same haplotype
(Figure 2).



91

8.3 PAPER C: ANALYSIS OF THE HLA IN UC

03:01 07:02 mwnw
_owoa _
11
lo2:01
40 04:01
02:02
11:01 01:02
15:02
. 0.80
24:02 5907 (3 (303 R—
29:02 06:02
31:01
07:04 147
26:01 03:03
- 0.70
68:01 ;079 oss
32:01 12:03 3e.03
25:01 05:01
23:01
08:02
others e
01:01 07:01
< (@)

35:01

27:05

13:02

15:01

44:03

51:01

44:02

: 0.50
85v08mmgdd

others

57:01

14:02
38:01 064

18:01

08:01

none

3*%03:01
[5*¥02:02""1

4*%01:01

3+02:02,11

3*%01:01

DRB345

lo1:02 134
1.22
01:01 3732 05:01
01:01
03:02 ,28
07:01 07
—_ 02:02
02:01 &W”M 05:02
13:02
{06:04 |
16:01 Jo3:03 |
others 04:01 .0.63
0.63 2e-02 04:02 .0.62
08:01 083 141 1e02
. 1.21
11:01 12X
TEHOEL  oih
14:54 |
05:05) g2
Zor—1 1.41
05:03 L
11:04 3e02
13:01 _OHnow _om”ow _
. 0.8 : 0.82 . 0.8
03:.01 ;08 05:01 5252 GZERTRE
- — —
m < Poa)
o o o
a a a)

02:01

02:02

01:03

DPAl

1.23
2e-02

c 11
j04:01 ;%
05:01
17:01

13:01

04:02

02:01

01:01

DPB1




92 HLA IN IBD

Figure 2: Disentangler*? plot that summarizes the HLA haplotype structure in our UC cases and controls. Risk
alleles are colored in red (10-°<P-value<=0.05: light-red; 5x10-8<= P-value<10-%: mid-red; P-value<=5x10"% dark-
red), protective alleles in green (10°<P-value<=0.05 light-green; 5x10%<= P-value<10?®: mid-green; P-
value<=5x10"% dark-green), dark-grey missing data, light-gray alleles with no effect (P-value>0.05). The inner color
of each box is based on our dataset, the inner frame of each box represents the results from Goyette et al.® and
the outer frame represents the European data from Degenhardt et al.'®. (Note: We suspect that Goyette et al. did
not distinguish between DQA7*05:01 and DQA7*05:05.) For genome-wide-significant alleles the OR and P-value
is noted next to the allele names in bold type. The height of the box illustrates the allele frequency. Our results are
concordant with the previous analyses by Degenhardt ef al. and Goyette et al. as colors for each box are in most
instances the same.

As different alleles share attributes with each other on the protein level based on the amino
acid sequence, we further analyzed the data for specificities in the amino acid sequence
(Supplementary Table 4). Glutamic acid (D) at position 175 of DQA1 is the associated amino
acid with the lowest P-value of 3.92x107"2 and an OR of 0.64 [0.56-0.72], the amino acid is
only present in alleles with a protective direction of effect (e.g., DQA71*03:01, DQA7*02:01 and
DQA1*03:02). Alternatively, a Lysine (L) can be present at amino acid position 175, present
mainly in the DQA7*05 alleles, with different directions of effect or glutamine (Q) present
mainly in the risk associated alleles and therefore also nominal significant associated (P-value
of 3.92x10"? and an OR of 0.64 [0.56-0.72]). The variation is based on rs2308891
(chr6:32642232). The amino acid is in the a2-domain of the protein.

Additionally, nucleotides and amino acids are stronger associated as the single alleles in our
data set. The multiallelic variant rs9269955 (chr6:32584361) influences the amino acid 11 of
the DRB1 allele with the nucleotide G as the strongest associated (P-value of 5.08x10™2 and
an OR of 1.50 [1.33-1.68], MAF=0.2920). Depending on the rs17878703 (chr6:32584360)
characteristic either an allele of the DRB1*15 and DRB1*16 group with a proline (P) in position
11 (P-value of 1.99x107'° and an OR of 1.54 [1.35-1.76]) or the DRB1*01 group is present for
this risk variant. This amino acid is involved in the interaction with the peptide in binding pocket

6 (peptide-HLA interaction as previously identified in Degenhardt et al. 2021').

Other nucleotides and amino acids playing an important role in HLA-peptide interaction with
genome-wide significant UC association are at amino acid positions 13 and 71 of the DRB1
protein, and amino acid position 86 of DQB1. All genome-wide significantly associated amino

acids and nucleotides are listed in Supplementary Table 4.

Binding motifs of associated HLA alleles

To figure out the similarity between the different UC-associated HLA alleles we generated a
dendrogram based on the predicted binding peptides. The dendrogram of the HLA-DR-peptide
interaction shows three groups of protective and risk alleles each (Supplementary Figure

32). The biggest cluster is the HLA-DRB1*04 group with the main important alleles
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DRB1*04:01 and DRB1*04:03 but also all other DRB1*04 alleles have at least a tendency to
be protective if reported and except DRB1*04:02 all cluster closely together. The Second
protective cluster combines DRB7*07:01 and DRB1*09:01. Both are the only representatives
of their 1-field allele group in all three datasets shown. DRB1*04, DRB1*07 and DRB1*09 are
the only alleles occurring together with the pseudogenes DRB7 and DRB8 and in most cases
the protein coding DRB4 gene. Therefore, this signal might be either based on the similarity
between the alleles as all of them evolved most probably from the same ancestor® or because
of another locus that is in LD, e.g., especially the DRB4 locus. The third protective cluster
includes all present DRB1*03 alleles (DRB1*03:01 and DRB1*03:02).

The risk alleles also cluster based on the 1-field classification in a cluster with DRB71*01
(present as DRB1*01:01 and *01:03) and DRB1*15 (present as DRB1*15:01, *15:02, *15:03
and only single cases of *15:06), additional DRB7*12:01 was identified as risk allele but in this
case the only other allele of the same serogroup DRB1*12:02 does not support the same
direction of effect but the allele is only present in very low frequencies and so far only Goyette
et al. reached an association P-value below 0.05 for this allele.

For a closer look into the binding specificities, we generated logos for the genome-wide
associated alleles (Figure 3). The separate clusters are characterized by individual binding
characteristics. DRB1*03:01 is especially characterized by an enrichment of acidic amino
acids in binding pocket 4 and basic anchors in pocket 6 and 9. The DRB171*04 alleles
DRB1*04:01, *04:03, and *04:04 are characterized by an antigen with a polar or acidic amino
acid in position 6 with a residue with one or two carbon atoms. Similar characteristics are also
present in anchor position 9 but here the size restriction is not as stringent and additional
alanine (A) as a hydrophobic amino acid is present. DRB1*07:01 and DRB7*09:01 do not
show any enrichment of acidic amino acids but in comparison to the risk alleles
(Supplementary Fig. 33) they show an enrichment for the polar amino acids serine (S) and

threonine (T) in position 4.

The risk alleles DRB1*01:01 and DRB1*01:03 are characterized by a small residue in binding
pocket 6 (alanine, glycine, and serine) this can be explained by the high-volume amino acids
in position 11 (L) and 13 (F) of the beta chain. DRB1*12:01 peptides are characterized by a
hydrophobic amino acid in pocket 4 (leucine or isoleucine) and a big uncharged amino acid in
pocket 9 (tyrosine, phenylalanine, leucine, valine), one factor for this characteristic is that the
allele has the smallest residue at position 9 (E) and smaller residues at position 39 and 57.
The alleles DRB1*15:01 and DRB1*15:02 are mainly characterized by preferring aromatic
amino acids in pocket 4 (tyrosine, phenylalanine, tryptophan).

Overall, the logo of the DQ alleles (Supplementary Figure 34) are not as well defined as the

motifs of the DR alleles. Here, an acidic anchor occurs in position 6 of the risk DQ haplotypes
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DQA1*01:01-DQB1*05:01 and DQA1*01:02-DQB1*05:01 and an additional aromatic anchor
in position 4 is present. Further, proline plays a more important role in binding peptides, but

not in a disease-associated manner.

In summary, a single consistent binding motif for all risk or protective associated alleles cannot
be defined. However, the protective alleles do tend to bind more often acidic amino acids,
while the risk alleles are characterized by aromatic amino acids based on the binding

predictions.
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Figure 3: Binding logo plot of associated HLA-DR alleles. The upper row represents the protective associated
alleles, the bottom line the logos of the risk alleles. The motifs are based on the NetMHClIpan-4.0 predictions of
the binding cores of all peptides at least annotated as weak binders. The single letters represent the one letter
amino acid code colored by the chemical properties of the amino acids.
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PepWAS analysis

We performed a PepWAS analysis to investigate which self-peptides are differentially
recognized by the UC risk and protective HLA-DRB1 proteins. For computational reasons we
limited the analysis to UC susceptibility genes from previous studies and identified within this
study testing the hypothesis that chronic inflammation in UC patients is driven by self-peptides
encoded by the patient's genome and that are presented by their own HLA molecules. Coding
mutations in the genes encoding the peptides may additionally lead to the presence or
absence of specific peptides in some patients and controls.

The PepWAS resulted in 234 significant peptides after multiple hypothesis correction (P-
value<3.73x10° based on 13,411 peptides) for HLA-DRB1 (Supplementary Figure 35,
Supplementary Table 5). Those peptides originate from 46 of the 76 considered GWAS
genes (in 155 transcripts). All peptides are specific to one of the genes. Up to 18 peptides
identified through the PepWAS are annotated to one single gene. The number of peptides
identified within a protein correlates with the length of the amino acid sequence (Pearson’s
product-moment correlation: R?=0.27, P-value=1.02x10%), especially when considering 2
peptides separately, if they have no overlap of 9 amino acids when shifted against each other
(Pearson’s product-moment correlation: R>=0.44, P-value=4.71x10™"").

Eight of the proteins containing PepWAS hits are described in the meta-analysis from Linggi
et al®® or in the analysis of treatment naive patients by Taman et al.°' as differentially
expressed in ulcerative colitis patients. Whereof JAK2, KIF21B, FCGR2A, NOD2, and the HLA
genes DRB1 and DQA1 are upregulated and NXPE1 and HSD11B2 are downregulated
(Supplementary Table 5). Of those genes KIF21B and HSD11B2 are neither reported as
membrane proteins, nor as extracellular. Peptides of the genes JAK2, FCGR2A and HLA-

DRB1 were extracted with the peptidomes described in EIAbd et al.>®

. The only hit from the
PepWAS analysis having at least nine amino acids overlap to the proteomes is the peptide
RRVQPKVTVYPSKTS (P-value=1.52x10°). This peptide is present in the sequence of alleles
of the HLA-DRB1*15, -DRB1*16, and -DRB1*10 groups and of HLA-DRB4 alleles. The peptide
was identified previously in 5 of 6 samples with a DRB71*15:01 allele using antibody-based
HLA-pulldown and LC-MS analysis®. The other sample has a genotype with two DRB4 alleles,
regarding the prediction the genotype of this patient (DRB1*07:01/DRB1*09:01) would not
present this peptide. In the 9 other samples with a genotype with a DRB4 molecule but no
DRB1*15 allele (one case with 2 haplotypes with DRB4), the peptide was not found. Side note:
Interestingly, all haplotypes with a copy of the DRB4 gene (DRB1*04, DRB1*07 and DRB1*09)
are associated with a protective effect.

62 mutations are essential to generate one or more of the identified peptides, but thereof 40
would prevent the generation of another identified peptide. In comparison to the 22 missense

mutations that lead to the generation of a peptide identified as associated in the PepWAS
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analysis, there are 156 missense mutations that lead to a peptide not being identified as
significant in the PepWAS.

All PepWAS hits were predicted to bind HLA-DRB1*15:01 and the rare HLA-DRB1*15:06
protein. In most cases also the other tested DRB1*15 alleles (DRB1*15:02 and DRB1*15:03)
were predicted to bind. Other alleles binding several hits are DRB1*16:01 and DRB1*16:02,
the other alleles of the DR2 serotype and DRB1*01:03. Interestingly no peptide identified in
the PepWAS was predicted to bind with DRB1*01:01, even though the allele shows a trend of
being a risk factor.

The peptide hits are enriched for isoleucine, asparagine, valine, and tyrosine and have lower
frequencies of cysteine, glutamic acid, glycine, and arginine compared to our candidate
transcripts.

121 of the peptide hits were present in all individuals within our sample set, 133 are peptides
of the reference proteome, of which 19 are not present in all individuals. The remaining 101
peptides require at least one mutation from the reference genome to be encoded
(Supplementary Table 5). None of the mutations shaping the peptides was statistically
significant associated with the disease after correcting for multiple testing and no peptide
identified in the PepWAS analysis showed significantly different frequencies in cases and

controls.

[Discussion]

Different hypotheses on the underlying processes leading to inflammation in UC including the
role of the HLA haplotype are discussed in the literature®. Here, we focused on the
autoimmune hypothesis in association with autoantigens, excluding microbial peptide
candidates from the analysis, because of the excessively larger search space. However, the
binding preferences of the HLA alleles are general attributes and therefore parts of our results
(and the analysis concept in general) can also be transferred to microbial candidates. While
most of the identified genetic associations are not related to HLA antigen recognition, the
consistent and strong association of HLA suggests that HLA peptide interaction plays an

important role.

Our GWAS results are overall in line with previous studies. The previously not described
genome-wide significant hit at 5p14.3 is either specific for our German subpopulation or
represents a false positive signal. This intergenic association is well supported by variants in
LD but could not be validated in the larger IBDGC dataset. In addition, no biologically or

disease relevant conclusions could be made.
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The NOD2 gene harbors the most prominent genetic associations known for CD. It has also
been studied previously in the context of UC®2, however, no clear associations for UC have
been described before’. The herein determined novel association of rs61736932 with UC is
supported by two large publicly available data sets®*®. Interestingly, the identified NOD2 UC
variants are in another location of the protein not in LD to those variants described for CD,

suggesting a different functional role in UC.

The suggestively protective variant we identified in the RBM19 gene, rs3782449, and the
previously described risk variant with an association in ocular manifestation in IBD
rs4766697°°, are located on different haplotypes. The direction of effect for rs4766697 in our
data is protective as well, even though far from statistical significance. To our knowledge, there
are no other studies linking RBM19 to IBD, therefore additional studies are needed to clarify

the exact role of this candidate gene in UC disease etiology.

Previous GWAS already yielded over 240 genetic variants significantly associated with IBD®,
but still those findings only cover a part of the heritability®®. Our study cohort was not sufficiently
powered to identify low-frequency variants and variants with small effect sizes. However,
compared to previous GWAS, we used the genome build GRCh38 (others mainly used build
GRCh37) and we employed state-of-the-art imputation reference and exome data sets. This
enabled us to analyze previously not, or not properly, covered genetic regions. For example,
the signal at 9g22.2 (UNQ6494) was not covered in GRCh37, which may explain why no
former study identified this locus as associated with IBD. Nevertheless, an independent
replication is necessary to validate this signal. Furthermore, for the bitter taste receptor gene
TAS2R43, where we identified a suggestive hit without LD support in the exome data, the
genetic architecture changed between the genome builds GRCh37 and GRCh38 and is still
not well covered by imputation. This explains why a potential identification of disease-
associated markers at this locus was nearly impossible beforehand but might be improved by
further analyses of diverse whole genome sequencing data. It further shows the benefit of
improving imputation reference panels and methods.

We identified two suggestive hits located within genes involved in the TNF pathway (TNFRSF8
and CTCF). TNF levels are typically increased in IBD patients and anti-TNF is a common
treatment option for IBD even though the biological role of TNF is much more complex and
treatment not effective in all patients®®. Both signals were not validated in publicly available

data sets.

The genetic risk profile of the HLA region in our data is consistent with UC associations

described in the literature for Caucasian populations®. As shown by Degenhardt et al.', this
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also holds true for different ethnicities in UC, even though some HLA alleles are not observed

in Caucasian populations or more frequent in the non-Caucasian population.

The main genetic association signal for UC is located within the HLA-DR and HLA-DQ genes.
Causality of either locus for UC cannot be shown with our data due to the strong LD between
the loci. Mechanistic follow-up studies are clearly needed to disentangle this signal. On the
computational level, Goyette et al.® used a gene-based analysis and identified HLA-DR as the
most likely disease-relevant candidate gene. However, as shown in Figure 2, and discussed
in Degenhardt et al., HLA-DQ cannot be fully ruled out, due to the very strong linkage
disequilibrium with HLA-DRB1.

The PepWAS analysis ranks peptides based on the HLA profile of the disease-associated
HLA alleles and enables the identification of disease-relevant binding motifs. However, the
PepWAS approach cannot differentiate disease-relevant peptides from other similar peptides
without a prefiltering of peptides of interest, due to peptide similarity among different proteins,
statistical restrictions, and the limitation in the specificity of the HLA profile. In our analysis, 46
of the 76 GWAS candidate genes contained PepWAS hits. Longer protein sequences lead to
a higher chance of identifying PepWAS hits within this sequence. This influence factor might
be increased by the in-silico approach of defining the peptides by a sliding window. All
candidates identified by PepWAS are DRB1*15:01 binders, this is associated to the fact that
the allele has the largest power due to its frequency and comparably strong effect size.
Alternative peptides would need to be predicted as binders for more than one serotype with

the same direction of effect to be significant in the analysis.

The only peptide identified by PepWAS that was also present in the 25 immunopeptidomes
described in EIAbd et al.% is a peptide present in DRB1*15. It needs to be considered that the
analysis of the immunopeptidomes was based on a reference dataset including only one
sequence for each gene, and in case of DRB1, the sequence of this gene was DRB1*15:03.
But the peptide in the peptidome is the only PepWAS hit in HLA-DRB1. The PepWAS was
based on the personalized peptidomes of all patients and therefore included sequences of the
different alleles in the dataset. Whether this peptide is a strong candidate to play a role in the
pathogenesis of UC remains to be elucidated. On the one hand, this peptide is presented
especially strong by DRB1*15 proteins, which are related to a higher risk. On the other hand,
the peptide is present in the sequence of the protective haplotypes including a DRB4 allele,
and as the peptidomics data show that the peptide can be presented when carrying those
haplotypes, even though reduced in comparison to individuals carrying a DRB1*15 allele. If

the presentation of this peptide would play a significant role in modulating the disease, a strong
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protective effect would be expected e.g., for DRB1*08 alleles, where the peptide is not strongly

bound nor present in this haplotype. However, such an effect could not be observed.

The peptide sets predicted to bind the risk alleles are characterized by aromatic amino acids
in pocket 4, while the peptides binding the protective alleles are characterized by acidic amino
acids in pocket 4. However, both characteristics do not apply to all the significantly associated
alleles and no peptide identified in the PepWAS analysis is encoded with significantly different

frequencies between our UC patient and control exome data.

Peptides containing mutation sites are less likely to be identified by our PepWAS analysis.
One explanation for this might be a bias based on the training dataset used for the prediction
algorithm. As the peptidome used for NetMHClIpan-4.0% training was derived mainly from
mass-spectrometry data using the human reference proteome to define the peptides, and
while the negative peptides were defined by sampling from the UniProt database, the binding
peptides in the prediction might be biased towards the human reference proteome. Besides,
the version 4.0 of NetMHClIpan® is based on immunopeptidome data and therefore the
training data is expected to be closer to the in vivo situation than the previous versions that
were based on peptide competition assays. Still, the prediction of HLA-peptide interaction
does not cover the T cell specificity and therefore presents only a necessary but not complete

part of an HLA-induced immune reaction.

In summary, we employed a large exome dataset from UC patients and newly available
reference datasets to obtain further insights into the role of the HLA in UC disease etiology.
The initial association analysis identified promising genetic signals in NOD2, RBM19,
TAS2R43, as well as at the intergenic loci 5p14.3 and 9922.2. Further, additional suggestive
hits related to the TNF pathway were identified. An additional replication of those associations
is highly recommended but as most of them either have relatively low frequencies or are not
well covered in older genome references, a replication within a large new dataset is necessary.
A gene-based analysis on the rare variants revealed by exome-sequencing did not result in
any significant results, but as for the three genes with the lowest P-value, an already described
connection to the disease could be drawn, it is expected that a more powerful analysis
including more samples would result in significant and relevant findings.

Our analysis of the HLA showed again a stable association of UC with multiple HLA alleles.
Here, we were also able to highlight some characteristics of the peptides interacting with the
HLA even though no specific autoimmune peptide candidates could be identified, where a

mutation impacts the peptidome in a disease-specific way. This supports either the hypothesis
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of an external/environmental origin of a pathogenic peptide, for example from the microbiome

or the diet, or an autoimmune interaction independent from non-synonymous mutations.

[Materials and Methods]

Cohort description

In total 15,877 individuals from studies across Northern Germany, with mainly chronic
inflammatory traits (arthritic dermatitis, Crohn’s disease (CD), longevity, primary sclerosing
cholangitis, psoriasis, sarcoidosis, and ulcerative colitis (UC)) and 4,680 population controls
with unknown phenotypes were genotyped and submitted to joint genotyping quality control
as described in the section Array-based genotyping, quality control and imputation as a
resource for the genetic analysis of inflammatory diseases. For reasons of feasibility, this study
focuses on the analysis of UC only, since UC exhibits the strongest HLA associations. For this
purpose, we included 863 ulcerative colitis patients and 4,185 population controls from the
total available quality-controlled genotype cohort. The population control is comprised of 969
individuals recruited within the German Food Chain Plus (FoCus) cohort, previously described
in Barbaresko et al., 2020'? and 3,216 German healthy blood donors as used and described
in Degenhardt et al. 2022'. Of the 863 UC patient samples 424 were previously described by
Franke et al., 2008* and 439 by Bokemeyer et al., 2016™.

In total 5,048 individuals (4,185 controls, 863 UC patients) were used for analysis. A detailed

overview of sample numbers is shown in Supplementary Table 1.

Ethics approval

The study was conducted according to the guidelines laid down in the Declaration of Helsinki
and was approved by the Ethic Committee of the Medical Faculty of the University of Kiel
(Germany). All participants gave written informed consent, and the recruitment protocols were
approved by the ethics committees at the respective recruiting institutions. The following
approvals of the project were obtained from the ethics committees: BioColitis samples
(D 474/12)"*, German blood donors (A 103/14)" and the samples of the FoCus Cohort as well
as the samples described in Franke et al., 2008* (A 156/03).

Sample preparation/processing
DNA was extracted by the DNA laboratory of the Institute of Clinical Molecular Biology (Kiel
University, Kiel, Germany) from whole blood. For a detailed description of the further extraction

protocol, we refer to Ellinghaus et al."®.
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Array-based genotyping, quality control and imputation

Genotyping was performed using the Global Screening Array (GSA), version 1.0, containing
700,078 variants pre-quality control at the Regeneron Genetics Center, U.S.A. The data were
called on genome build GRCh37 (using the cluster file GSAMD-24v1-0-
A _4349HNR_Samples.egt). Genotype quality control (QC) was performed as implemented by
BigWAS'®. Briefly, the variants are annotated in a standard way based on a database and
filtered on missingness (= 0.02 in a single batch or = 0.10 in all batches), and the Hardy-
Weinberg equilibrium (false discovery rate (FDR) threshold of 10 in controls). Then samples
with high missingness (= 0.02), increased or decreased heterozygosity rates (+ 5 standard
deviation), relatedness testing (identity by descent = 0.1875) and based on the population
structure identified by principal component analysis (PCA) (outside the * 5*IQR in PC1 and
PC2) are removed. Of the final sample set, additional variants are filtered for differential
missingness between controls and diseased samples and monomorphic sites.'® After QC, a
total of 5,048 individuals (863 cases/ 4,185 controls) and 579,352 variants remained for
analysis (Supplementary Table 1). Only variants mapping to the autosomes were used here
for association analysis. All genomic positions were lifted to genome build GRCh38 for further
analysis on the TOPMed Imputation Server or for the genotyped GSA data within the
BigWAS'® pipeline using the UCSC liftOver tool'’. To increase the genotyping coverage, SNP
imputation was performed using the TOPMed Imputation Server from the NIH using the
TOPMed Imputation diverse reference panel (version TOPMed-r2@1.0.0) including 97,256
deeply sequenced human genomes with a post-imputation quality score of R? set to 0.1,
In total 90,406,930 variants had an R? larger than or equal to 0.1. In the following analysis
13,780,246 variants with an R? > 0.6 and a MAF above 1% were analyzed if not noted

otherwise.

Exome sequencing, genotyping and quality control

Whole exome sequencing (WES) was performed at the Regeneron Genetics Center, U.S.A.
Sample preparation and sequencing as well as the sequence alignment, variant identification
and genotype assignment were done as described in Van Hout et al. 2020%'. An extended
quality control was conducted with the ‘Goldilocks’ (GL) filters?' and additional filters for
genotypes, variants and samples. In brief genotypes were set to “no call” based on the WeCall
filters allele bias (ABPV <0.009), allele and strand bias (ABPV + SBPV <0.07), bad reads (BR
<15), low quality (LQ <10), low mapping quality (MQ <40), quality over depth (QD <15) and
strand bias (SBPV <0.01) and further, based on the sequencing depth (DP <7), genotyping
quality (GQ >14) or allele balance (AB <0.25). Variants were removed if no reliable sample
(AB =0.15 or homozygous) remained. For insertions and deletions (InDel) the same filtering

was used with different parameters: genotypes with a DP <10 were removed and a reliable
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sample to keep a variant was defined by an AB =0.20 or homozygosity.?' Further, single
nucleotide variants (SNVs) were removed if the missingness was above 10% (variants that
overlapped with an InDel were not considered for missingness filtering) or if the Hardy-
Weinberg-Equilibrium P-value in control individuals was below 107°.

Individuals were removed if they presented with an unusual rate (> 6 standard deviation
difference to the mean) of (a) singletons (more than 737) or (b) missingness (equaling a
missingness cutoff of 0.21), or (c) heterozygous to homozygous ratio (0.0058 < hethom <
0.0077) or (d) transition/transversion ratio (2.14 < Ti/Tv < 2.43). Additionally, individuals were
removed if the reported sex disagreed with the genetic sex. See Supplementary Table 1 for
the sample numbers removed by the different criteria.

Finally, 5,390,149 variants passed exome sequencing filters, summarized in 5,033,063 non-
overlapping positions of variation. 19,688 individuals passed QC, of which 17,138 individuals
overlapped with the quality-controlled genotyping dataset described above and were used for

further analysis.

Genome-wide association analysis

Genome-wide association tests were conducted using SAIGE? (0.45.0) on both the variants
from exome sequencing and genotype imputation implemented within the BIGWas pipeline
that is available at GitHub ikmb/gwas-assoc'®. In brief, a logistic mixed-effects model was
applied on the UC case-control status using genotype dosage (imputed data) or genotype
hard-call genotypes (exome data). Genotype dosages were used to appropriately consider
imputation uncertainty. The model additionally included the first 10 PCs calculated from the
quality-controlled genotypes from the GSA (pre-imputation and post-quality control). We
calculated the genomic inflation factor (lamdaGC) with and without excluding the HLA region
(chr6, 29Mb-34Mb)?3. Variants with a P-value of association < 5x10°® were defined as genome-
wide associated with UC, while variants with a P-value of association < 10 were considered
to have at least a nominal (suggestive) association. Bayesian fine mapping was performed
using the tool FINEMAP (version 1.4) with the parameters --n-causal-snps 1 --sss (shotgun
stochastic search)?2°.

Linkage-Disequilibrium-based (LD-based) clumping was calculated using PLINK with a
significance threshold for the index SNP (clump-p1) of 0.00001 and a secondary significance
for clumped SNPs (clump-p2) of 0.001 in a range of 150 kilo base pairs (kbp).

Gene expression impacts for the associated variants was looked up using the R-package
Qtlizer*® and gtex associated genes with a P-value below 10° were considered marginally

associated.

Replication of suggestive hits
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All suggestive variants were investigated extensively using regional association plots created
with LocusZoom?”?8, Variants with insufficient LD-support (less than two additional variants
with P-value <107 in £150 kbp) and a MAF < 1% were discarded as false positive associations.
To validate all remaining hits, we performed a lookup of variants, considering £150 kbp around
our lead SNP in the NHGRI-EBI GWAS Catalog v1.0.2%° and in the Rapid Imputation for
COnsortias PlpeLine (RICOPILI; dataset IBD_UC_1KG_oct13 dataset®) considering variants
with linkage-disequilibrium (LD) R? > 0.9 from our lead-variants®*. LD was calculated on the
exome and TopMED imputed data using PLINK3'. Variants were considered to replicate if the
lead variant itself or variants in high LD (R? > 0.9) had a P-value of association below 0.05.
Further, a power analysis based on the NHGRI-EBI GWAS Catalog of genome-wide
association studies®® data was performed to investigate replicability of known IBD variants in
our dataset at a P-value threshold of < 10°. For this purpose, odds ratios (OR) reported in the
GWAS Catalog were used, together with the sample size (Ncases=863, Ncontrois=4,185) and allele
frequencies derived from this study’s data. As the power calculated by a single analysis tends
to be overestimated (referred to also as the winner’s curse)*** we computed a corrected
value for power as the median power for the respective reported lead variant within
neighborhood of £5,000 base pairs under exclusion of the highest power value if more than
one study was reported in the NHGRI-EBI GWAS Catalog.

Gene based analysis

To include the genetic variation based on rare variants (MAF < 1%), which have limited power
in the classical analysis, a gene-based analysis was performed using SAIGE-GENE®*. SAIGE-
GENE performs three different tests: 1) The Burden test analyses the correlation between the
number of variants and the disease status and is therefore powerful if the single variants show
the same direction of effect. 2) The sequence-based kernel association test (SKAT)
aggregates the test statistics of the single variants and is therefore robust against variations
in the direction of effect. 3) The SKAT-O is a linear combination of the other two tests. For
more details see Lee et al. 2012°° and Zhou et al. 2020%. The analysis focusses only on the
exome sequencing data, as we are focusing here on the genes and as rare variants cannot
be imputed in sufficient quality. All variants with an allele-frequency <1% are grouped based
on the gene-annotations generated by bcftools/csq®” using release 100 of the primary
assembly of the human proteome from Ensembl®*3°. A relatednessCutoff of 0.125 and the
same 10 PCs as for the GWAS analysis were used. Additionally, the following parameters
were applied: minMAC=0.5, LOCO=FALSE, IsSingleVarinGroupTest=TRUE,
IsOutputAFinCaseCtrI=TRUE, IsOutputNinCaseCtrl=TRUE,
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IsOuputHetHomCountsinCaseCtrl=TRUE. A gene is considered genome-wide significant if
the P-value is below 2.62x10° (based on 19,117 genes).

HLA imputation and fine mapping analysis

Imputation of alleles in the HLA region was performed for the classical HLA class | loci HLA-
A, -B, -C and the class Il loci HLA-DQA1, -DQB1, -DPA1, -DPB1, -DRB1, -DRB3/4/5 at 2-field
full context resolution from quality-controlled SNP genotype data. Here, we extracted pre-
imputation SNP genotypes from the extended HLA region (chromosome 6: 29-34Mb) and
used them as input for HLA genotype prediction with the random-forest based machine

learning tool HIBAG (version 1.20.0)*° using the multi-ethnic reference model published by

I.41

Degenhardt et al.*’, which was modified to include the variants available on the GSA. We

additionally derived amino acid and additional SNP imputation and defined marginal posterior

probabilities for single HLA alleles across all predicted HLA genotypes as described in

/.41

Degenhardt et al.*". Classical HLA alleles with a marginal posterior probability from imputation

<0.3 were further excluded. Association analyses were conducted using PLINK’s logistic
regression framework on the UC case/control status using hard-call HLA alleles, SNPs and
amino acids from the imputation and the first 10 PCs calculated on whole-genome genotype
information pre-imputation and post-quality control. For a closer look into the HLA haplotype

structure, the tool disentangler was used*?.

Generation of personalized proteomes
For subsequent downstream analysis of genome-wide SNP data, a personalized haplotype-
aware consequence-caller was used to predict the effect of genetic variants observed in the
study cohort at the protein level. These genetic variants were obtained by merging WES data
with the quality-controlled genotype data from the GSA (pre-imputation) using the Ensembl
human genome FASTA release 100%% as a reference. Four main steps were performed: (1)
Phasing of nucleotides from WES with eagle (v2.4.1)*, (2) calling of the variant effect at the
protein level (i.e., the type and if available the effect of a variant on the protein level, for
example, a missense variant chr4:85742C>T in ENST00000609518 with the exchange
48P>48S), (3) filtering data for chosen candidate genes (4) translation into FASTA files. (1)
To enable the phasing of the sparse WES data the variant files derived from WES and GSA-
based genotyping were merged. Further, multiallelic variants were transformed into different
biallelic variants with bcftools/norm** as eagle is not capable of dealing with multiallelic
)43

variants. The phasing was then conducted using eagle (v2.4.1)* without an external

reference. The resulting file was scanned for contradictory phased variants and rectified
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randomly by changing the phase for one of the contradictorily phased genotypes. In detail, as
multiallelic variants e.g., ref/alt1/alt2 are split (ref/alt1 + ref/alt2) and phased independently,
for the rare case of heterozygous alternative variants (genotype alt1/ alt2) the phasing might
lead to the phased genotype ref|alt1 + ref|alt2 which is contradictory as the merging back of
the overlapping variants would lead to the ref in one haplotype and the alt1 and alt2 both in
the second haplotype. (2) The haplotype aware variant effects were predicted using
beftools/csq®” on the merged WES/GSA dataset resulting in a VCF file containing 1,353,644
protein changing variants (1,250,354 missense variants, 6,830 inframe-insertions, 17,909
inframe-deletions, 46 inframe-altering variants, 4,904 start-loss variants, 43,201 stop-gain
variants, 2,652 stop-loss variants and 43,994 frameshifts’). (3) For the following parts the set
of genes was filtered to those with an association to UC. Here, we considered genes described
previously as associated with UC at a genome-wide significant level in at least 4 different UC
studies integrated in the NHGRI-EBI GWAS Catalog or variants not described in the catalog
but observed here to have a nominally significant association (for the genotyping data
additionally LD support is mandatory) with UC in this study. This resulted in a selection of 76
genes with 322 protein coding transcripts. A list of these genes and transcripts is shown in
Supplementary Table 2. (4) We utilized VCF2Prot*® to generate a per-patient personalized
version of all proteins transcribed from these 322 candidate transcripts by including the amino
acid changes of step (2) into the reference sequences from Ensembl release 100°%%. Briefly,
the VCFs from step (2) were filtered for records containing the target transcripts into a new
VCF file. The newly generated files along with the reference protein sequence of each
transcript were fed into VCF2Prot and the results were stored as a FASTA file per patient

containing all mutated isoforms.

Peptide binding prediction

The generated personalized protein sequences for the set of candidate transcripts, along with
the reference protein sequence were fragmented into 15-mer peptides using a sliding window
approach with a step size of 1 and the generated results were stored in an SQL database for
downstream analysis.

From all records stored in the database, we next created a set of unique peptides across all
transcripts and patients. Additionally, we created a set of unique HLA-DR alleles and HLA-DQ
alleles observed across all patients from the HLA imputation described above. For all
combinations of unique peptides and unique HLA alleles from these lists, HLA-peptide binding

affinities were predicted using NetMHClIpan-4.0%.

! The sum of mutations by types are more than the overall number, as the variants include multiallelic variants
and mutations might have different effects in different transcripts.
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Binding motifs

The predicted binding affinities were used to generate a sequence logo of the predicted bound
peptide repertoire for the associated HLA-DRB1 alleles and HLA-DQ (genome-wide significant
(P <5x10%) in Goyette et al., the European dataset of Degenhardt et al. or our dataset and no
other effect direction in one of the other studies, for DQA1 and DQB1 pairings these conditions
need to be true for both genes independently). This representation visualizes an enrichment
or depletion of amino acids in comparison to the background amino acid frequency. The
peptides are truncated to the 9-mer core predicted by NetMHCllpan.

We generated 2 logos for each allele: (1) The logo generated by including all peptides
predicted as weak or strong binder (%rank score <10). (2) Only the peptides that additionally
fulfill the criterion of not binding against any of the significant alleles with the opposite direction
of effect. The logos present the probability-weighted Kullback-Leibler logos with pseudo
counts*’. The logos were adjusted with pseudo counts based on the BLOSUM 62%
substitution matrix using a [ of 200, therefore adding 200 artificial peptides reflecting typical

evolutionary mutations*’. The graphical presentation was then performed using the R package

ggseqlogo™.

Peptidome-wide association study (PepWAS)

The predicted peptide binding affinities were further used for a PepWAS analysis. Peptides
with a percentile rank score below 2% (strong binder) were considered to be presented by an
HLA protein. Finally, the set of bound peptides were combined with the patients’ phenotypes
and HLA genotypes to conduct a PepWAS as described initially by Arora and colleagues’”.
The aim of PepWAS is to identify peptides that might be relevant for immune recognition based
on their binding affinity. In brief, PepWAS discriminates peptides based on the predicted
binding affinity in patient versus control samples. Therefore, the same logistic regression
model as for the genetic association (GWAS) analysis was used including the first 10 PCs.
The proteins and their peptides are analyzed for supporting factors. Those are: (1) Mutations
in our sample set influencing the presence of the single peptides. (2) The gene expression
signature in ulcerative colitis patients as published by Linggi et al.*® and by Taman et al. *'. (3)
The cellular compartment of the genes®?. The information of the subcellular compartments

was exported from https://download.jensenlab.org/human_compartment_knowledge full.tsv

on 25.10.2022, the highest score presented for the gene ontology term GO:0005886
(membrane proteins) and GO:0005576 (extracellular proteins) are considered relevant. (4) A

comparison with immunopeptidome data previously published and described by ElAbd et al.*®.
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DISCUSSION

9.1 DISCUSSION OF DIFFERENT ASPECTS

IBD is a complex disease, a disease for which the pathogenesis is attributed
to many different factors. Over the last decades, different risk factors for
IBD have been identified. Among them, 240 genetic risk loci [11, 40, 82],
epigenetic modifications [11, 102, 148, 179], differences in the composition
of the microbiome [99, 206, 214], and environmental factors [8, 102]. As
is typical for complex diseases, like asthma or rheumatoid arthritis, the
complete pathogenesis remains unclear and different scientists are working
on different puzzle pieces to solve this issue from many different research
perspectives. Here, | discuss the limits of the applied methods relevant
within this thesis and what we know or suspect about the location of the
single puzzle pieces. Afterwards, | will give an outlook on possible future
approaches, that might help discover more about the pathogenesis of the
disease or might help to further improve the life of patients with IBD.

9.1.1 Genetic Associations

Genetic studies are a widely used and accepted method to analyze risk
factors that are heritable. Overall, the methods for this analysis have im-
proved over time and biases have been reduced. Still, small biases are hard
to avoid due to ethical restrictions within the research projects, techni-
cal issues, practical issues (e.g., recruitment strategies), or other unknown
factors. Genetic studies are based either on analyzing family trees of indi-
viduals affected by a disease or large case-control studies in the context
of GWAS (Section 2.3). Whereas the genetic variants of diseased samples
are compared against those of healthy individuals. Samples from healthy
individuals, such as blood or stool samples, are generally taken from the
general population. Blood donors, for instance, are easily accessible and
commonly recruited through respective consents, such that many control
samples are available through local blood banks. Sometimes, individuals in
the social network of the scientists are recruited as well. These groups are
not necessarily representative of the general population. They may have
e.g., a defined age profile and negative selection for certain diseases. The
bias introduced this way might be ruled out by studies replicated with new
datasets without the same bias. But as the same controls are often used
across different studies, a bias in the sampling of controls would be notice-
able in the same genetic association with different traits.
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Variants associated with IBD at a high level of significance, like the HLA
locus and the NOD2 locus in CD, are well replicated. While some variants
among the 240 loci, that have a lower level of significance may be false
positives due to statistical noise or the aforementioned biases. DelLange
reported that 188 of the 232 IBD-associated SNPs of the previous meta-
analysis have had at least nominal evidence in their data. Other loci and
variants linked with the disease, might not yet been uncovered. Either be-
cause of a small effect size, low frequencies, or because of an insufficient
representation of the locus in the human reference genome. To also identify
variants with a small effect size, even larger datasets will be needed.

As shown by Visscher et al. [190], no saturation of identified associated
variants has been reached within the GWAS performed for any trait so far.
There is still missing heritability. As already discussed in Chapter 4, the ex-
act heritability of IBD is not known. Estimates of heritability based on GWAS
include only the identified genetic factors and therefore underestimate the
heritability, while estimates based on twin studies tend to overestimate the
heritability [62]. The heritability of complex diseases is expected to be ex-
plained partly by common variants and partly by rare to ultra-rare variants
[178]. The heritability was so far not completely covered by GWAS studies
for different reasons. Ultra-rare variants cannot be detected by classical
GWAS studies, which use tag SNPs measured on SNP genotyping assays to
extrapolate unknown genotypes from imputation approaches. Accurate pre-
diction of these variants is limited, even when using large reference panels.
In addition, some low frequency variants might be poorly captured by the
common tag SNPs [37]. Those variants are more likely to be detectable using
WES and whole genome-based genotyping. Some of the missing heritability
might be in parts of the genome, not covered in classical GWAS studies. As
discussed in Chat et al. [28] those variations include copy number variations
and structural variants.

In PAPER C (Section 8.3), | used WES and SNP array genotyping data
of 863 German UC patients and 4 185 control samples to perform a GWAS.
In comparison to recent GWAS studies using SNP array data [40, 105], the
number of samples in this study was small. Still, | identified novel variants
associated suggestively with UC (hits) in regions poorly or not at all covered
in previous GWAS studies. Within this study | focused on SNPs and common
small InDels. The usage of the new reference genome GRCh38 combined
with WES allowed the identification of associations previously undetectable.
Likely due to the limited sample size, none of the identified variants though
suggestively associated reached genome-wide significant p-values. Hence, a
replication is still needed to validate those results. An additional analysis,
which focuses on structural variants, might be of additional interest but it
is paired with an increasing complexity [28]. The data used in PAPER C
(Section 8.3), might be insufficient in sequencing depth and read length to
accurately identify these more complex variations.

As pointed out in 2015 by Meienberg et al. [115], WES does not cover
all possible exons in sufficient depth. However, Chat et al. [28] pointed out
that ultra-low coverage whole genome sequencing is a promising approach
for cost-effective future GWAS. This approach would lead to lower costs
compared to SNP array-based genotyping [28]. It needs to be mentioned,
that the quality of sequencing has improved over the last years while the
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prices have decreased. Therefore, soon large sequence-based studies for
complex diseases are to be expected.

Another approach to uncovering an association of a disease with rare
variants within a gene, is to study these variants together. This would base
on the hypothesis of a similar effect of these variants within a gene on the
disease phenotype. There are different methods developed to jointly analyze
rare variants within a gene. These methods, including the burden test and
the sequence-based kernel association test (SKAT), have different statistical
assumptions.

The burden test analyzes the number of rare variants in a gene, collapsing
them in a single metric. This test is powerful if all variants have the same
direction of effect but loses power when the variants have different effect
directions. The SKAT is more powerful if the variants within one gene have
different directions of effect [142]. Both options, i.e., variants having the
same effect and variants having different effects, can occur at different loci
across the genome for one trait. Often the best fitting model is therefore
not known. However, the single tests loose power massively if the respective
other hypothesis is true [101]. This problem is addressed by the SKAT-O
test, a linear combination of the SKAT and burden test. | performed a
gene-based test in PAPER C (Section 8.3), using the tool SAIGE-GENE
[213] across all annotated genes. However, no significantly associated genes
(p-value= 2.62 x 107°) were identified. This is most likely due to the
limitations based on the number of samples and low frequency of the rare
variants in the WES dataset. Nevertheless, the analysis suggests that the
same approach on a larger sample set might lead to relevant results.

Other limitations of the GWAS approach include the failure to address
epigenetic effects, gene-gene interactions, or gene-environment interactions
[37]. While epigenetic effects and gene-environment effects cannot be ana-
lyzed on WES or SNP array data alone, one approach to identify gene-gene
interactions based on genetic data is a GWAS analysis based on pairs of
SNPs. Calculations of SNPxXSNP interactions are computationally intensive
as the number of tests increase as compared to the single SNP approach
in a classical GWAS [199]. The high number of tests conducted, leads to a
loss of power of detection of an association after multiple test correction,
which leads to the need of even larger sample sets.

A combination of twin or family-based studies together with large popu-
lation studies might help to identify additional variants associated with IBD.
Potentially rare variants of interest are easier to be identified in family trees.
Complementary, population studies might help to figure out which variants
are of interest on a population level and where a gene is only inherited
within a family only by chance together with a disease.

Even if it were possible to uncover the totality of heritability, the func-
tional characterization of the identified variants would remain challenging
[178]. Association of a variant with a disease does not per-se imply causal-
ity, but merely correlation. To identify causal factors of genetic diseases,
typically a hypothesis about the underlying mechanism is needed [178]. For
some human genes and their protein products, the function is not known or
they might have additional functions, which are yet to be uncovered. Gener-
ating a hypothesis for the role of a specific gene with unknown functionality
within a complex disease is nearly impossible. Many studies have focused
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on mutations affecting the protein structure [97] but also the regulatory
effects, like gene expression, can play an important role.

9.1.2 Analysis of gene expression in IBD

Non-synonymous mutations within a gene have a direct impact on the
protein structure and can influence a protein's functionality, e.g., by leading
to a loss of function of the protein or by changing the potential of the protein
to interact with other proteins, peptides, and molecules. Mutations can
also change the expression level of a gene. Expression in turn, as discussed
in more depth in the next chapter, can also be influenced by epigenetic
effects, and transcription factors. It varies across different stages within cell
differentiation. As the expression is a key factor in the processes of a cell,
different types of studies were developed in the last decades to analyze the
gene expression dependent on different criteria.

Expression Quantitative Trait Loci (eQTL) are genetic loci that have an
impact on the expression of single genes. An eQTL analysis is based on
the same statistics as applied in other quantitative GWAS studies, using
the expression levels as a phenotype (the dependent variable). Usually, as
a secondary step to GWAS analysis of a specific phenotype to identified
phenotype-associated variants, eQTL analysis is used to analyze whether
identified variants or variants in LD have an impact on the expression
of a specific gene. This information can be drawn from publicly avail-
able datasets, as for instance, curated by the Genotype-Tissue Expression
project (GTEx) [68]. The GTEx Consortium [68] stores pre-analyzed datasets
of SNP-expression association analyses, within different tissue types and
sometimes also related to specific diseases, e.g., "Blood cells in celiac dis-
ease", "Cells - Macrophages", or "Colon - Sigmoid" are noted as description
of the tissue.

An alternative way to analyze the impact of expression on a disease,
but in this case independent of a genetic variation, is differential expres-
sion analysis. Levels of gene expression are compared between patients and
control groups. Here, expression levels of genes are measured in samples
with a specific phenotype, e.g., IBD, and healthy controls using ribonucleic
acid (RNA)-based NGS. The generated data is then analyzed to identify
differentially expressed genes (DEGs), using appropriate statistical methods.
In case of IBD, tissue samples are typically taken from the gut. Since sam-
pling of gut tissue is much more inversive than sampling from the blood,
the sample sizes nowadays used for such analysis, especially for the healthy
controls, are limited to tens to a hundred samples [70, 104, 167, 180].
Additionally, the sampling site is not completely homogeneous within and
especially across different studies, e.g., as it varies also with the site of in-
flammation in IBD patients at the timepoint of sample procurement. Those
positional effects, but also temporary effects, like daytime, recent activity
(e.g., sports, eating, sleeping), or the medication of a patient might impact
the genotype expression. It can be expected that those effects are partly
indirectly linked to the disease. For example, the fitness might have been
impacted by the current disease status.
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Currently, gene expression studies in IBD [70, 104, 119, 167, 180] are not
reproducing each other well. A biological explanation for this observation,
the expression profiles of the disease are not stable over time. More likely,
however, the aforementioned sampling-based biases, lab-based biases, and
statistical issues lead to problems in reproducibility. Exemplary sources for
biases induced in the lab are differences in the RNA-extraction and sequenc-
ing protocols, technical differences, or simply the fact that samples may
be processed by different lab staff. Another effect that needs to be consid-
ered is that RNA sequencing suffers from a high dropout, as stochastically
lowly expressed genes are often not detected [30]. More tightly defined and
controlled studies will be needed in the future to reduce these biases and
increase reproducibility across different studies.

9.1.3 Potential role of the HLA in IBD

The HLA proteins are in general well studied and different hypothesis about
their function in a disease context exist. So far, no conclusion about the
reason for the association of variation in the HLA in IBD could been drawn
so far.

The classical HLA alleles are associated with many inflammatory diseases,
but the specific role of the HLA with their disease etiology, like for IBD, is un-
known for most. One exception is Celiac disease. Celiac disease is triggered
by a peptide of the «-gliadin present in wheat. This peptide is presented
especially by proteins of the DQ2 and DQ8 haplotype [160]. The connec-
tion between wheat and the disease was identified by a Dutch pediatrician
who realized that the available diet after the second world war led to the
improvement of symptoms in patients with celiac disease [169].

In case of IBD, even though several environmental associations [3, 102]
have been found, so far, the "one driver" of the disease could not be
identified. One of four possible explanations is most probably the reason
why the triggering peptide has not been identified for IBD so far. It might
be because nothing comparable to the «-gliadin in Celiac disease exists
for IBD. Another explanation would be, that the disease is a collection of
more than the two main subforms distinguished in most studies. Further
subtypes of the disease are sometimes taken into consideration based on
the location of the inflammation [34]. An alternative explanation would be
that the triggering peptide is not as easily accessible and its removal not
as simple to influence as it is the case for a specific food. It may rather be
found in the gut microbiome of the individual patient or even be derived
from the individuals own peptidome in form of an autoimmunogenic peptide.
And lastly, an initial infection combined with a mimicry of peptides present
in the commensal microbiome or self peptidome might be the initial and
driving cause of the disease. In this scenario, the initial peptide might be
hard to identify, as it is not identifiable anymore when the diagnosis for IBD
is made. The driving peptide source alone, might not even be associated
with the disease or a strong binding to HLA proteins.

All these hypotheses together lead to a huge search space for the peptide
of interest including the microbiome, the food-born peptidome, pathogenic
sources, and the human peptidome.
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The role of the HLA is to present peptides to T-cells, independent of their
source. Therefore, an analysis, focusing on the binding of HLA, leads to the
characterization of sequence-based attributes but is not suitable to narrow
down the source of the peptide on a bigger scale as shown in PAPER C
(Section 8.3).

To identify a specific peptide or a limited group of peptides, that reflect
the association pattern of the classical HLA alleles with the disease, addi-
tional factors need to be taken into consideration. In PAPER C, additional
genetic effects, namely non-synonymous genetic variants, were taken into
account but no coding variant influencing the binding of the HLA alleles
was found. Other effects might influence which peptides are presented by
the HLA in addition to the chemico-physical properties of the HLA proteins
coded by the HLA genotype. Those effects include epigenetic factors, that
influence the expression of protein sources, and post translational modifica-
tions (PTMs) of candidate peptides. All analysis conducted in the framework
of PAPER C focus on the auto-immune hypothesis even though the hypoth-
esis of non-human triggers for the disease are equally likely. This would need
to be investigated further in the future.

My suggestion for further research into the identification of peptides is a
reduction of the search space, including a limitation of candidate sources,
e.g., considering only the microbiome species differentially present in IBD
patients and controls.

9.1.4 Peptide-HLA interaction

Next to the large search space in form of an unknown well of peptides,
the analysis of the HLA-peptide interaction, using both experimental and
computational approaches, is nowhere near perfect. In the framework of
this thesis, the analysis of the HLA-peptide interaction refers to the deter-
mination of whether a peptide binds to an HLA protein rather than the
physico-chemical properties of potential binding processes. Even though
different lab protocols have been developed to study HLA-peptide binding,
they all have their weaknesses in representing the peptidome as it would be
present in-vivo (Chapter 5). As outlined in Chapter 7, experimental proto-
cols for elucidating HLA-peptide binding differ. Protocols determining the
BA focus on the affinity of predefined peptides to be bound by an HLA
often in comparison to another peptide. They neglect other impact factors
of peptide presentation. EL are generated by washing any peptide from HLA
molecules as presented on cells.

The most common protocols for BA data achieve limited throughput and
the results measured are impacted by different conditions. As the main
interest is on positive hits, peptides predicted to bind specific HLA alleles
are tested more often by BA experiments. Computational methods, using
these data to predict HLA-peptide binding, are limited to the information
gained by those measurements and peptides with another characteristic
might be missing. This circle might introduce a bias in the data. In addition,
different experimental conditions, e.g., pH of the analyte, may influence the
binding. All in all, the applied protocols vary in many parameters and no
studies, analyzing the effect of the single parameters systematically, have
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been performed to date. Nevertheless, different methods measuring BA data
repetitively showed similar binding patterns (PAPER B, Section 7.3). This
suggests that the results are presenting important characteristics of the HLA
binding peptides. BA data include only a small part of the HLA pathway as
the molecules are often present without any cellular backbone. This means
that the processing of the peptides does not reflect the in-vivo situation (see
Section 5.1) and that the loading of HLA class Il happens in the experiment
without the HLA-DM and HLA-DO molecules involved in the loading of
the HLA.

While measurements of the BA are mostly hypothesis-driven, i.e., on a
range of candidate peptides ex-vivo, peptide elution coupled with MS as a
method to generate HLA-peptide binding data (EL) can capture any peptide
generated in-vivo or in-vitro. EL obtained with this method represent better
biologically relevant and possibly disease-related processes. However, this
method inherently lacks the possibility to control for the peptides that are
identified. Furthermore, as shown by Bassani-Sternberg and Gfeller [18], MS
results can be biased towards the identification of charged peptides.

Since in MS peptides are often identified by comparison of the measured
MS spectra to a reference spectrum, either generated by previous MS ex-
periments or a theoretical spectrum generated from a peptidome, identified
peptides are often limited to this reference. Peptides that are not included in
the reference, may include peptides generated from uncommon genetic vari-
ation within single genes or peptides from not included microbial strains. For
example, by default only the allele HLA-DRB1*15:03 is included in the ref-
erence for HLA-DRBI1 but peptides, which are not in the HLA-DRB1*15:03
molecule, are not present. Another type of peptides not included as such in
the reference are discontinuous peptides. Those peptides consist of multi-
ple small fragments of a protein in a non-sequential manner. According to
Faridi, Dorvash, and Purcell [53], discontinuous peptides might represent a
considerable portion of the HLA-bound peptides at least for HLA class |.

Another disadvantage of peptide elution experiments is that they only
deliver information on presented peptides but no knowledge on the pep-
tides that are not presented. To effectively use peptide elution experiments
for HLA-peptide binding prediction using machine learning approaches, neg-
atives, i.e., non-binders, need to be generated in-silico. Different methods
based on different assumptions were developed for this purpose. Non are
expected to perfectly reflect the reality [49].

An effect, well captured by the EL is the impact of gene expression on
the peptide presentation by an HLA protein. Recent studies from EIAbd
et al. [49] and Chen et al. [29] investigated the impact of the expression
level of genes on the peptides eluted from HLA molecules by developing
HLA-peptide binding prediction algorithms based on EL data coupled with
information on the expression of peptide-parent human protein. This leads
to a more accurate prediction of self-presented peptides. However, this
expression-coupled HLA-peptide binding prediction is currently limited to
human proteins, and non-human proteins are hard to include in this model.
Therefore, the benefit of this prediction approach is currently limited. Beside
the prediction, these studies showed that proteins more highly expressed in
an individual's cell are also more likely to be presented by HLA molecules.
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PTMs, like glycosylation's, also have an impact on the presentation of
peptides by HLA molecules. So far, this effect is hardly studied. Most proto-
cols for the measurement of peptide-HLA binding do not consider any PTMs.
To account for this, we integrated the distance to the nearest glycosylation
site in PIA-M, the prediction tool for HLA-peptide binding published by
EIAbd et al. [49]. So far glycosylation’s are not recorded in the IEDB and
not considered in the experimental settings in the first place. Neverthe-
less, methods like the high-density microarray technology used in PAPER
B (Section 7.3) would enable the interrogation of the influence of PTM on
the binding potential of peptides.

Epigenetic effects might play a role on the expression of genes and there-
fore indirectly impact the HLA peptidome. Those effects might be induced
by environmental factors, like diet or smoking [11]. Differences in the methy-
lation pattern, a common form of epigenetic modifications, was described
by Adams et al. [3] for childhood-onset CD.

Another factor that may influence the captured HLA-peptide complex is
its stability. HLA-peptide binding is on the one hand characterized by how
easily a peptide can be bound and on the other hand by the strength of the
HLA-peptide binding. Both factors influence how long a peptide is presented
by an HLA protein and peptides presented over a longer timespan are more
likely to be detected. While BA data do give a quantitative measurement
of the binding, i.e., information on how much of the peptide is bound by
HLA molecules, EL measurements are qualitative.

In PAPER C, we identified a candidate peptide using a PepWAS approach,
that we could map back to the HLA-DRB1 protein. The potential role of
the peptide as driver of UC was supported by gene expression data, peptide
elution experiments and the subcellular compartment of the HLA. The HLA
is known to present antigens from other HLA alleles. This is especially im-
portant in transplantation medicine and the main reason why the selection
of a suitable donor is so difficult. The healthy organism is resistant against
the own HLA phenotype due to negative T cell selection, i.e., the immuno-
logical instance to avoid autoimmunity by avoiding T cells to induce an
immune reaction by autoantigens. But as shown in transplanted individu-
als, the presentation of HLA antigens can in general lead to an immune
reaction. Whether this may be also extended as a concept to a chronic
inflammation, would need further investigation.

9.1.5 Impact of variation in the HLA on drug response

The HLA is not only associated with the prevalence of IBD but as well
with the efficiency and side effects of different medications [13, 71, 186].
For example, carriers of the allele DRB1*03:01 were identified to have
an increased risk to suffer from nephrotoxicity as a side effect of 5-ASA
treatment even though this finding is of limited clinical relevance as this
side effect is very rare [71, 186]. Another example is the link between the
haplotype DQA1*02:02-DRB1*07:01 and an increased risk of thiopurine-
induced pancreatitis [13, 186]. For both associations the functional link is
still unknown and might help to get a deeper insight into the role of the
HLA in the pathogenesis of IBD. The main aim of pharmacogenetic studies
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(studies that investigate the effect of genetic variation on drug response) is
to help optimize the treatment on the individual level. The identification of
genetic markers linked to drug response can help to reduce side effects and
to select the most efficient treatment for a specific patient in the first place
[186]. The subcategorization of individuals based on their genetic markers
is also called personalized medicine.

9.1.6 Role of T cells

Szeto et al. [175] showed that the HLA, next to the direct interaction
with the peptide, impacts the stability of the interaction with the TCR.
For an immune response to be mounted, the interaction of the TCR with
an HLA molecule and the peptide would be necessary (Section 5.1). First
approaches were represented by Lee and Meyerson [100] on epitopes of the
cytomegalovirus (CMV).

Another effect that needs to be considered when talking about the role
of the HLA in disease is T cell selection. The T cells are selected within
the thymus in a way that the TCR is functional and does not bind any self-
peptides. This should avoid an immune reaction induced by self-peptides.
Errors within this process happen and lead to autoimmune diseases. One
mechanism against autoimmune diseases are regulatory T cells. As their
name suggests, they can suppress an immune response and support self-
tolerance.

The importance of the T cells and the TCR in the follow up consequence
of a peptide presentation by HLA is striking. Huge knowledge on the role of
the HLA in IBD might be gained by considering the T cells. The analysis of
TCRs, as well as their interaction with an HLA-peptide complex, is even more
challenging than the analysis of HLA-peptide interaction alone because of
the high variability of the TCR based on VDJ recombination. While the HLA
alleles are "hardcoded" in the genome and can be therefore determined by
genome sequencing, the sequences of the TCRs are based on recombination
of different V, D, and J gene segments and additional nucleotide editing.
Each single T cell presents a different TCR, i.e., the sequences of TCR are
highly variable within each individual.

NGS-based TCR profiling can be performed to gain some insights into dif-
ferent TCR sequences. As the majority of the TCR sequences are rare, anal-
ysis is challenging because statistically appropriate methods are currently
lacking, and only a subset of different TCRs can be captured by sequenc-
ing. Single cell analysis of colonic CD8" T cells [36] and the TCR repertoire
[198] in UC revealed differences between patients and controls. Recent anal-
ysis of the TCR profile in diseased and in healthy patients led to the iden-
tification of TCR sequence patterns, which are more common in patients
with CD [154]. Further analysis to explain the pathogenesis of these in the
diseases are needed. Also, the impact of the HLA on those profiles needs to
be studied.
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9.1.7 Non classical HLA genes in IBD

There are other immune-related genes not involved in antigen presentation
that are also located within the HLA region on chromosome 6. The most
studied non-classical HLA genes include TNF (an MHC class Il gene) and
MICA/B (the MHC class | chain-related A and B genes). So far, only small
association studies analyzed the variability within these genes in the IBD-
context, some of them describing a genetic association others without any
significant results at these loci [5, 60, 120, 204]. Searching the PubMed
database, no recent study can be found that had a deeper view into both the
classical HLA alleles and the polymorphisms within TNF and MICA/B. The
results of my HLA fine-mapping analysis, consistent with other publications
[44, 63], revealed no obvious additional peak between the classical HLA
class | and HLA class Il genes, where those genes are located. However, this
might be a consequence of the complex genetic structure of the HLA in
general, paired with limited investigations into the genetics of those genes.
In fact, TNF is in the scientific focus of IBD research through anti-TNF
blockers which are a common treatment option for IBD [14, 120]. MICA
has also been implicated in the pathogenesis of IBD by interacting with
NKG2D as proposed by Muro, Lépez-Hernandez, and Mrowiec [120]. There
has been no large, recent study analyzing the alleles in the non-classical
HLA genes in IBD, even though the MIC genes are known to be highly
polymorphic [204]. Any statistical analysis into the genetics of these non-
classical HLA loci should always include the classical HLA alleles in any
interpretation, since associations observed for these loci may only result
from secondary effects, i.e., because of an LD of these with classical HLA loci.
However, potential results might have an impact on the associations of the
classical HLA alleles and the resulting functional interpretation. Furthermore,
variation, especially within the TNF gene, might have an impact on the
response to treatment. First findings in the pharmacogenetics in IBD in
relation to the HLA are already published (described in Section 9.1.5).

9.1.8 Identification of drivers of IBD

Even though many studies have been performed to figure out more about
the factors inducing IBD over the last decades, no coherent picture has
been identified. Some pathways have been described (Chapter 4) that keep
the chronic inflammatory reaction running but the initiating factors of the
disease remain unclear. In general, it is difficult to study an individual pre
disease onset or during disease onset. Therefore, only limited knowledge is
available for this period. One of the most widely accepted factors for the
development of IBD, amongst some environmental factors, is a genetic pre-
disposition, as the genes do not change over time. And those genes point,
amongst others, towards the HLA genes and the corresponding antigen pre-
senting proteins. In Section 8.3 (PAPER C), | describe the characteristics
of antigens presented in UC patients versus those presented in control in-
dividuals. Even though those analyses include uncertainties based on the
bioinformatics approach, the overall setting is suitable to limit the peptides
to a smaller, though still huge set of candidates, in comparison to the hy-
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pothesized peptides relevant to the pathogenesis of IBD. To further reduce
this set to a reasonably sized set of candidates, i.e., a number of peptides
that can easily be followed up in the lab, further research including the
analysis of the interaction of the APC with the T cell is necessary, e.g.,
analysis of the TCR profile. During the last years, first studies have been
published showing a decreased diversity of TCR in IBD patients [85]. For CD
an enrichment for a specific sequence pattern was identified by Rosati et al.
[154], a study for which | was a coauthor. If those TCR sequences do have
an immunogenic role, needs to be further studied.

9.2 OUTLOOK

Many different studies may be conducted to follow up the investigation of
the HLA in chronic inflammatory diseases.

The genetic profile of the classical HLA alleles in UC is now well described
by Goyette et al. [63], by Degenhardt et al. [44] (with my co-authorship),
and in PAPER C (Section 8.3). All three papers focus on imputed 2-field
alleles of the classical HLA. Larger cohorts might help to get a clearer
picture for rare alleles or alleles with lower effect sizes as well. Another
improvement might be achievable by the analysis of HLA alleles at a 3- or
4-field resolution. The genetic variabilities in the third field, accounting for
synonymous variation, and fourth field, accounting for intronic variation,
have no impact on the protein itself (Section 5.3) but might influence its
expression level.

The imputation of HLA alleles is with the available imputation references
limited to 2-field resolution. NGS-based or Sanger-sequencing-based HLA
data would be needed to train an imputation model using machine learn-
ing or, depending on the number of sequenced samples, could be directly
applied in studies including higher resolution. As already shown in PAPER
A (Section 6.3), accurate imputation panels need to fit the ethnicity of the
individuals under study. However, not all ethnicities are sufficiently covered
in imputation panels so far.

The impact of genetic factors on the expression of the HLA are also a
separate field of interest for further investigations, as genome-wide eQTL
studies are expected to have limited success in the complex HLA region.

Furthermore, studies including non-classical genes of interest in the HLA
region, e.g., TNF and MICA/B (Section 9.1.7), might help to differentiate
the genetic association signal located in this genetic region. It needs to be
considered, that based on the current knowledge, an independent associa-
tion of those genes is uncertain.

The prediction of the HLA-peptide interaction will never be perfect. As al-
ready discussed in Section 7.1, the different data types that can be measured
have different advantages and disadvantages for determining the binding
of peptides by HLA proteins. For the BA, more data especially on rarer HLA
alleles could lead to an improvement in HLA-peptide prediction. These data
could be generated by the new ultra-high-density microarrays used in Pa-
PER B (Section 7.3). This might be a cost-effective solution but currently
the technology has some technical weaknesses. First, in generating the mi-
croarray, and second, in the readout, as the signal has a location bias. This
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is most probably based either on inequal contact of the array with the used
liquids or based on the illumination during the readout (Section 7.3).

Currently, the focus of HLA-peptide research is on peptide elution exper-
iments, to generate data for peptide-HLA interaction. Like for BA there is
room for improvement in the protocols used to generate EL data. First, the
assignment of the parent-HLA protein to the eluted peptides is challenging
in case of cells with a heterozygous combination of targeted HLA alleles.
Approaches already developed in order to tackle this problem include the
in-silico tool MoDec (motif deconvolution) [145] and an HLA tagging ap-
proach [2]. The in-silico approach adds an additional layer of uncertainty to
the data, while the tagging approach is so far not possible in tissue samples.
Second, the current protocols sparsely identify non-human peptides. Third,
during the last years peptide elution experiments have focused on the elu-
tion of peptides from HLA-DR molecules. Consequently, sparse information
is available for HLA-DP and -DQ molecules.

Additionally, the current data hardly include any non-linear peptides or
peptides including PTMs. The inclusion of those increases the complexity
of the lab protocols as well as the peptide-HLA binding prediction. Notably,
Faridi, Dorvash, and Purcell [53] and Mei et al. [114] showed the poten-
tial relevance of including such information. The analysis of PTMs can be
included easily in the high-density microarray protocol (PAPER B, Sec-
tion 7.3) but the biology about the peptide processing needs to be studied
separately. First approaches to include PTMs into MS data have already been
presented by Yu et al. [207] and Kacen et al. [84].

More focus should also be put on the TCR as well as the peptide pre-
sentation by HLA alone is not sufficient to induce an immune reaction. So
far, the peptide presentation by HLA and the TCR repertoire are analyzed
separately but a connection of those puzzle pieces might provide a major
impact to uncovering the pathogenesis of UC. Making this connection might
be possible by using tetramer assays, where HLA tetramers (or other HLA
multimers) loaded with an antigen are used to detect T cells specific for
those complexes. A condition for a successful application of those assays is
a reasonable number of antigen candidates.

In PAPER C we started to define peptide candidates for UC. Specifi-
cally, we focused on the autoimmune hypothesis, i.e. the peptide origin is
hypothesized to be within the host itself. A special attention was on pro-
teins expressed from genes previously associated with the disease in GWAS.
As the HLA presents "something of everything" to the host-immune sys-
tem, the HLA binding alone is not eligible to define a set of candidates but
needs to be combined with other analyses. Those analyses are for example,
TCR analysis as described above, the analysis of the gene expression, or
changes within the protein sequences, the last two were included in PAPER
C. Especially when moving away from the autoimmune hypothesis towards
the microbiome or other non-human antigen sources, additional knowledge
from other fields need to be included.
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9.3 CONCLUSION

The inflammatory processes in IBD are multifactorial [13] and the role of HLA
in IBD remains unknown. However, the work performed in the framework of
this thesis contributed to the current research by analysis of the HLA class
[l protein in general and in relation to UC in particular.

The new reference for HLA imputation presented in PAPER A (Sec-
tion 6.3) improves the accuracy of imputation especially for individuals
of middle eastern ancestry. Furthermore, it includes the genes HLA-DRBS3,
-DRB4, and -DRB5, which are neglected in most other imputation refer-
ences. Additionally, the study identified some pairs of alleles difficult to
distinguish by imputation. In general, HLA imputation, like SNP imputation,
has lower accuracy for rare alleles as some alleles might not be present at
all in the reference dataset or no tag SNPs are available on the genotyping
assay for the discrimination of the corresponding HLA haplotypes.

The imputation panel was, among others, used in the trans-ethnic HLA
fine-mapping study in UC, performed by Degenhardt et al. [44]. This fine-
mapping study performed by us, replicated, and complemented the picture
of associated HLA alleles. Pointing out, that the HLA-DRB1*15 group is a
very important risk factor across ethnicities, with different alleles present in
different ethnicities. HLA-DRB1*15:01 is also the risk allele identified with
the largest power in PAPER C (Section 8.3).

The prediction of HLA-peptide binding is a field developing further with
improving lab techniques and machine learning algorithms. As shown in PA-
PER B (Section 7.3), the ultra-high-density peptide microarrays are a valid
data source for training HLA-peptide binding prediction tools. Ultra-high-
density peptide microarrays have the big advantage of a high throughput,
as hundreds- of thousands of defined peptides can be measured in parallel.
On the other hand, the predictions by algorithms trained with these data
are limited to the interaction between the HLA and a peptide, and do not
reflect any other biological factors, i.e., information on the natural process-
ing of the peptides. For this purpose, EL data is more suitable. We used
EL in EIAbd et al. [49]. So far, peptide elution experiments have limited
success in the identification of non-human peptides and non-binders are
not measured.

The prediction of the interaction between the HLA and a peptide in con-
text of a disease is one way to head from the genetic association of HLA
alleles towards a functional understanding. As shown in PAPER C (Sec-
tion 8.3), the peptides binding HLA-DRBL1 proteins that are associated with
an increased risk for UC on a genetic level differ from those interacting with
alleles associated in a protective manner. This finding supports the hypoth-
esis that the presentation of specific peptides and the related induction of
an immune response might play a role in the pathogenesis of UC. Now,
the candidate sources for these peptides identified from GWAS, microbiome
analysis, and the search for environmental risk factors are so broad that
the identification of a proven disease-causing epitope remains elusive. Next
to the sheer amount of hypothesis-driven peptide candidates, bioinformatic
approaches are currently not able to identify immunologically relevant pep-
tides. As the HLA is supposed to present "something of everything" to the
immune system, focusing only on the HLA helps reducing the candidate pep-
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tides to some degree but not to prove or disprove any hypotheses regarding
the peptide source. To this regard, the inclusion of other fields is necessary,
especially the analysis of the T cell repertoire and the antibody reactivity.
The first studies showing differences in the T cell repertoire for IBD [154,
198] give hope that an identification of a disease specific HLA-peptide-TCR
complex might be possible soon.

To conclude, with the work behind this thesis, | contributed towards a
better understanding of the HLA on the genetic and functional level in IBD
with a special focus on UC. The findings of the GWAS, based on WES data
and using the GRCh38 reference, show that the basic findings on genetic
risk factors are not exhausted yet (PAPER C, Section 8.3). But as already
pointed out by different authors, it is time to make the link from association
to function [64, 185, 189]. The focused analysis of the HLA shows that this
holds true for this complex region strongly associated with different diseases
as well. It is time to bring together different puzzle pieces to get an even
better picture of the disease.
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Supplementary Methods and Figures for “Construction and benchmarking of a multi-ethnic reference

panel for the imputation of HLA class I and II alleles”

SUPPLEMENTARY TEXT
Similarity of some alleles leads to misclassification

We identified a few allele pairs commonly misclassified because of similarity. These alleles can also be
identified by a low sensitivity and specificity (Supplementary Table 8). The most prevalent allele pairs are

described one after another in the following.

The alleles A*02:01:01:01 and A*02:03:01 differ in only three positions across the entire available nucleotide
sequences (IMGT/HLA database). This is especially problematic in our Chinese population. A*02:03 had a mean
sensitivity of 0.581 across all cross-validation runs of the Chinese population with a median of 0.625
[min=0.364, max=0.750] and a mean specificity of 0.996 and at the same time a frequency of 13.31%, which
results in a big impact on the accuracy of HLA-A for the Chinese panel (Supplementary Tables 3, 5, 8).
A*02:01 had equal haplotypes as A*02:03 in 99 of the 100 classifiers. A median of 1.9% [min=0.0%,
max=6.7%] haplotypes do not distinguish between A*02:01 and A*02:03 across the respective classifier, which

makes classification of this allele particularly challenging.

The coding sequences of DRB1#11:04 and DRB1*11:01 differ in only one exonic SNP position and in example
alleles DRB1*11:01:01:01 and DRB1*11:04:01 differ in only four positions in introns and exons. For the alleles
DRBI1*11:04 and DRB1*11:01 a median of 4.3% [min=1.4%, max=10.8%] of the haplotypes used for
classification in the individual classifiers of our reference panel were overlapping in all of the 100 classifiers,
this held true for the alleles DRB1*11:03 and DRB1*11:04 in 94 of 100 classifiers. Here a median of 5.6%
[min=0%, max=23.08%] of the haplotypes did not discriminate between the two alleles (Supplementary Table
7).

DRB1%04:04 is misclassified in the HLA imputation of the 1000 Genomes samples

Using our multi-ethnic reference panel, we also imputed HLA alleles into the 1000 Genomes population. We
observed, that DRB1*04:04 was misclassified in all of the samples of Western European Ancestry, and also in

the East Asian and African samples from the 1000 Genomes panel.

The allele frequencies of DRB1*04:03 and DRB1*04:04 were consistently very low in our typed dataset with
respective frequencies of 0.31% and 0.62% in our German panel and 2.50% and 0.00% in the Maltese panel
(Supplementary Table 5). Due to these low allele frequencies only a small number of haplotypes was provided

for training in the HIABG model, especially for DRB1*04:04. In the 1000 Genomes population the frequencies
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of these alleles were much higher, with respective frequencies of 0.62% and 6.06% in samples of Western
European ancestry. Our multi-ethnic dataset and the 1000 Genomes dataset overlapped in 8,417 of a total of
8,803 SNPs (95.6%). Some of the SNPs that were important for the classification of DRB1*04:04 were among
the missing 4.4% such that 89 classifiers had a median of 5.2% [min=0%, max=45.6%] of the haplotypes used
for allele classification overlap between DRB1*04:03 and DRB1*04:04 (Supplementary Table 7). We observed
mean HLA allele sensitivity values for HLA-DRB1*04:04 of 0.000 (almost all ancestries) to 0.500 (German)
and 0.750 (Korean) in our data (Supplementary Table 8). Notably, specificity measures that were reported by
Zheng et al. (1) were low for DRB1*04, with DRB1*04:03 showing a sensitivity value of 0.150 in the European
population and it was classified as DRB1*04:04 in 65% of the cases a misclassification occurred. Overall
accuracies of the European ancestry data are high with mean values of 0.961 and 0.967 for the German and
Maltese panel respectively based on the HLA-A, -B, -C, -DOBI, -DRBI loci with HLA-B and -DRBI being most

challenging to impute.



132 SUPPLEMENT OF PAPER A

SUPPLEMENTARY METHODS

Quality control of study genotypes

The quality control (QC) was performed in four steps on each the 8 cohorts separately. First, a sample QC was
conducted, followed by a SNP QC, the identification population outliers by principal components analysis
(PCA) and a cohort-based batch QC. Individuals with missingness > 5%, outlying heterozygosity (not within
interval [mean +3-sd, mean -3-sd], sd: standard deviation), with a kinship coefficient (IBD) > 0.185 and those
failing gender check were removed from the data set. The kinship analysis was performed as follow: First,
possible related samples were identified using PLINK (2, 3) —genome and its method of moments (MOM)
estimator. Related samples were then further analyzed with the R-package SNPRelate (version 1.2.0) based on
the more computationally intensive calculation of a maximum likelihood estimator (MLE) and related samples
were then finally identified using this MLE estimation. The gender check was conducted by counting
heterozygous calls on X and Y and plotting the sum. A cluster analysis (based on k-means clustering) was
performed on the counts using the R function stats::kmeans (2 centers, 10 iterations, nstart 1) and incorrectly
assigned samples (gender and cluster assignment not identical) were removed. SNPs with missingness of > 5%
and a deviation from Hardy-Weinberg equilibrium (HWE) P < 0.00001 in controls were excluded. No minor
allele frequency (MAF) threshold was set. SNPs with differential missingness between cases and controls,
differential missingness between batches, and a deviation from HWE within the batches were noted. If a SNP
failed one of the batch criteria it was set to missing. For the analysis of population stratification employing PCA,
the data were LD-pruned using PLINK's (2, 3) -indep-pairwise 50 5 0.2. Additionally, several regions of high LD
as suggested by REF were excluded (chr5:44Mb-51.5Mb, chr6:25Mb-33.5Mb, chr8:8Mb-12Mb, chrl1:45Mb-
57Mb). The MAF-threshold was set to 0.05 for this analysis. PCs 1 to 10 were calculated. Based on PC1 and
PC2 distances of each sample from the “center point” [median(PC1), median(PC2)] were calculated. Outlying
samples were defined as those with a Euclidean distance > median(distance to center point) + 3-IQR(distance to
center point) were excluded accordingly. For samples of Indian ancestry we could identify 3 distinct

subpopulations and chose the largest for further analysis.
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SUPPLEMENTARY FIGURES

Supplementary Figure 1 — Cross validation scheme for the HLA benchmarking: Number of samples used
for training of the respective reference using the example of a cross-validation model applied to the African

American data panel.
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Supplementary Figure 2 — Imputation accuracies employing the multi-ethnic reference combined with the
1000 Genomes dataset: Accuracies and post-imputation probabilities of HLA imputation with HIBAG (1) using
a 5x cross validation scheme and the trans-ethnic and 1000 Genomes dataset (4) with 4-digit G group allele
information. 20% of the data with a specific ethnical background were used as the validation set after training a

model with 80% of the remaining data and all data with other ethnical backgrounds. We used 1,360 African
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American (AA), Hong-Kong Chinese (CHN), Caucasian (GER), Indian (IND), Iranian (IRN), Japanese (JPN),

South Korean (KOR) and Maltese (MLT) samples and 937 samples from the 1000 Genomes dataset in total. (a)

Accuracies are depicted according to post-imputation probabilities with cutoff thresholds at 0, 0.3, 0.5 and 0.8.

Loci are shown according to alphabetical order. (b) Posterior probabilities are depicted as proportion of the

number of samples with a posterior probability smaller than a threshold (x-axis).
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Supplementary Figure 3 — Imputation accuracies employing the multi-ethnic reference panel in G group
context: Accuracies and post-imputation probabilities of HLA imputation with HIBAG using a 5x cross
validation scheme and the multi-ethnic dataset with 4-digit G group allele information. 20% of the data with a
specific ethnical background were used as the validation set after training a model with 80% of the remaining
data and all data with other ethnical backgrounds. We used 1,360 African American (AA), Hong-Kong Chinese
(CHN), Caucasian (GER), Indian (IND), Iranian (IRN), Japanese (JPN), South Korean (KOR) and Maltese
(MLT) samples in total. (a) Accuracies are depicted according to post-imputation probabilities with cutoff

thresholds at 0, 0.3, 0.5 and 0.8. Loci are shown according to alphabetical order. (b) Posterior probabilities are
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depicted as proportion of the number of samples with a posterior probability smaller than a threshold (x-axis).
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Supplementary Figure 4 — Disentenglar plots: Disentenglar (5) plot of alleles with a MAF >1% for (a) African
American (AA), (b) Chinese (CHN), (¢) European (EUR), (d) Indian (IND), (e) Iranian (IRN), (f) South Korean
(KOR), (g) Japanese (JPN) and (h) Maltese (MLT) data. Typing was performed on a 4-digit level using
HLAssign (6). Plot shows frequencies as height of the bar and haplotype connections as grey lines. HLA loci are

ordered by genomic location.

(a) AA
+07:02 | -
230:02 - 1¥58:02 | *15:03 +03:01 *04:02
— — +45:01 *13:02 - $06:02 *18:01
— *16:01 *07:02 : —
e S ———
*02:01 *08:02 —— — 05:01 _—
—re EEEEN +11.01 - —
*68:01 +06:02 e—— *01:01 —— —
— = — _- — *01:03 e
Hl!!l!- — 2!
— — __ 1*01:02 | *03:01 —
+30:01 — — F13:01 |
: . —
F02:02 | +11:02 |
— . *53:01 N *05:01 R e
L 23.01 | — +15.03 —— i Sl ;
*23:01 2
+68:02 o *35:01 +07:01 *02:01 -
¥74:01 203:04 +15:10 *08:04 +02:01 -
MEERUEM £17:01 “32:01 =05:03 *04:01 F03.02 £02:02 +01:01
o ~ ~ — —
< Q @ e % b= . o
3 3 3 x o4 [o4 a a
o o
T T T Q o la
P D D D D
3 3 3 3 3
T T T = = T

NN

30000k 31000k 32000k 33000k




cEE E
HLA-C > M B2 S
£ N N =

- v
HLA-B = a o > 5
L N N

*46:01
*13:01

*40:01

*15:01

*15:01

SUPPLEMENT OF PAPER A

*01:03
*01:01

*03:03

*05:02

*06:01

*03:01
*03:02

139

*03:03 +11:01
+05:01
#07:01
+33:03 +03:02 +02:01
— — -
< < < @
j o a a
T [a] [a] [a)
D D D
S 3 3
I I I
30000k 31000k 32000k 33000k
(¢) GER
OL:01 |
-
— R MeE]
—_— — —
— R
— —
— — =_—
A
+15:01 - o +01:03
—
— +01:01 —
T — I
*01:03 — —
—
—
I
- —~ ~ - —
@ @ < @ < @
3 « (o4 o a a
T aQ Q =} Q a
D D
3 3 3 3 3
T T T T T
30000k 31000k 32000k 33000k



140 SUPPLEMENT OF PAPER A
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Supplementary Material

1 Supplementary Methods

1.1 NNAlign

The final NNAlign model is an ensemble of 400 networks. The single networks are trained on one of
the 10 cross-validation datasets with 10, 20, 40 and 60 hidden neurons and starting with 10 different
initial configurations.

Each model was trained for 1200 cycles with a learning rate of 0.10 (eta), without early stopping. A
burn-in period of 10 cycles was used where amino acid preference at position 1 is imposed (def:
ILVMFYW). The peptide binding core length was set to 9 amino acids.

1.2 Deep Learning Model PIA

PIA is a gated recurrent neural network (GRU) based model (1) that is composite of an embedding
layer which projects each amino acid into a continuous representational space of eight dimensions,
followed by a GRU layer with 100 units, followed by a batch normalization layer (2) and finally an
output neuron giving the prediction score of each peptide. A sigmoid activation function was used for
the final layer to restrict the output to be between zero and one.

The model parameters were optimized using Adam (3) to minimize mean absolute error between the
predictions and the true labels. Training was carried out for 500 epochs with a batch size of 1024
using an Nvidia Tesla P 100 GPU.

As the models were trained using a 10-fold cross-validation (CV) dataset scheme, a final ensemble of
the 10 models, one per CV dataset, with the highest SCC on the validation dataset was constructed.
The output of the ensemble was computed as the mean.
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Supplementary Material
3 Supplementary Figures and Table

3.1 Supplementary Figures

Supplementary Figure 1. Exemplary peptide microarray raw readout. The background figure shows
the complete readout with the twelve subfields separated through an empty region (black). The
corners of the fields were marked with the CLIP marker peptide. As CLIP is a good binding peptide,
the fields are visible as bright angles. Additionally, a zoom-in of a small area is shown. The peptides
were synthesized in fields defined by 2 x 2 mirrors and a one-mirror-wide empty region separated
the individual peptide fields.
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Supplementary Figure 2. Correlation of the three replicates. The measurements get their number of
replicate randomly.
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Supplementary Figure 3. Amino acid frequencies in binding peptides. Comparison of the amino
acid frequency of the peptide microarray data against the IEDB binding affinity (BA) data for alleles
DRB1*03:01 (A) and DRB1*15:01 (B). The grey dotted line represents the identity line (y=x) and
the red line is the fitted linear regression line (Pearson correlation coefficient shown in legend). Only
the top 2% binding peptides from both data sources are included in the analysis.

3.2 Supplementary Table

Supplementary Table 1. Summary of positive test data downloaded from IEDB. The numbers in
brackets are those remaining after applying the Frank filter.

DRBI *01:03 *03:01 *15:01 *15:02 T
Epitopes | 11 (10) 224 (145) |242(152) |25(14) 502 (321)
MS ligands | 126 (62) 114 (65) 479 373) |0 719 (500)
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Genome-wide analysis of individual coding variants and HLA-ll-associated self-

immunopeptidomes in ulcerative colitis — Supplementary Material
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Supplementary Figure 1: Quantile-quantile plot of association summary statistics of the imputed genotyping data. The 95%
concentration band under random sampling is shown in gray. The genomic inflation factor lambda is defined as the ratio of
the medians of the sample x2 test statistics and the 1-df x2 distribution (0.455).* Panel (A) includes all 8,765,716 variants
with MAF > 1 % and an imputation score r2>0.6. Panel (B) excludes the variants of the HLA-region (chr6:29-34MB).
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Supplementary Figure 2: Manhattan plot of the imputed genotyping data with a MAF > 1 % and an imputation score
r2>0.6. All loci of at least nominal significance (blue horizontal line; P<1x10) are annotated by the SNP-ID. Loci with LD
support are highlighted with a blue (nominal significance) or red circle (genome-wide significance, red horizontal line;
P<5x108).
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Supplementary Figure 3: Regional association plot for 1p36.22 with the top hit chr1:12090328 (rs72641067). The purple
dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 4: Regional association plot for the locus 1p36.22 with the top hit chr1:12601409(rs12136952). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
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gene. The plot was created using LocusZoom?.
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Supplementary Figure 5: Regional association plot for the locus 1p36.13 with the top hit chr1:19839478 (rs7523442). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 6: Regional association plot for the locus 2p16.1 with the top hit chr2:59899466 (rs17050481). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 7: Regional association plot for the locus 3g28 with the top hit chr3:189167658 (rs73184427). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 8: Regional association plot for the locus 4p12 with the top hit chr4:45120035 (rs113429955). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 9: Regional association plot for the locus 5p14.3 with the top hit chr5:18748431 (rs2937516). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 10: Regional association plot for the locus 5p13.1 with the top hit chr5:40323836 (rs348594). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 11: Regional association plot for the locus 6p21.33 with the top hit chr6:31118325 (rs117198148).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 12: Regional association plot for the locus 6p21.32 with the top hit chr6:32644620 (rs6927022). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 13: Regional association plot for the locus 9g22.2 with the top hit chr9:89844860 (rs36147380). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 14: Regional association plot for the locus 10q24.2 with the top hit chr10:99541336 (rs4590800). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 15: Regional association plot for the locus 12p13.31 with the top hit chr12:9333053 (rs187033004).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 16: Regional association plot for the locus 12q24.13 with the top hit chr12:113880288 (rs37824489).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 17: Regional association plot for the locus 16q12.1 with the top hit chr16:50666737 (rs139397276).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 18: Regional association plot for the locus 16q22.1 with the top hit chr16:67493201 (rs77919558).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
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build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the

gene. The plot was created using LocusZoom?.
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Supplementary Figure 19: Regional association plot for the locus 19q13.11 with the top hit chr19:32088213 (rs6510221).
The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the
linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome
build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows
the name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 20: Regional association plot for the locus 19q13.31 with the top hit chr19:43804850 (rs364691). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 21: Regional association plot for the locus 22q13.1 with the top hit chr22:39318699 (rs1569498). The
purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots represents the linkage
disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent the genome build
GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom part shows the
name and locations of the genes within the region. The thicker blue line represents the position of the exons, while the
thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the name of the
gene. The plot was created using LocusZoom?.
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Supplementary Figure 22: Quantile-quantile plot of association summary statistics of the whole exome data. The 95%
concentration band under random sampling is shown in gray. The genomic inflation factor lambda is defined as the ratio of
the medians of the sample x2 test statistics and the 1-df x2 distribution (0.455).1 The left figure includes all 150,874 variants
with MAF > 1 % and an imputation score r’>0.6. The right figure excludes the variants of the HLA-region (chr6:29-34MB).
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Supplementary Figure 23: Manhattan plot of the exome data with a MAF >1% and an imputation score r2 >0.6. All loci of

at least nominal significance (blue horizontal line; P<1x10-5) are annotated by the SNP-ID. Loci with LD support are
highlighted with a blue (nominal significance) or red circle (genome-wide significance, red horizontal line; P<5x108).
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Supplementary Figure 24: Regional association plot for the locus 1p36.13 in the exome data with the top hit chr1:19890366
(rs7523442). The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots
represents the linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent
the genome build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom
part shows the name and locations of the genes within the region. The thicker blue line represents the position of the exons,
while the thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the
name of the gene. The plot was created using LocusZoom?Z.
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Supplementary Figure 25: Regional association plot for the locus 6p21.32 in the exome data with the top hit chr6:32661551
(rs28724240). The purple dot represents the most strongly associated SNP with ulcerative colitis. The color of the dots
represents the linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The positions represent
the genome build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs (Mb). The bottom
part shows the name and locations of the genes within the region. The thicker blue line represents the position of the exons,
while the thinner line represents the intronic regions. The direction of transcription is represented by an arrow behind the
name of the gene. The plot was created using LocusZoom?.
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Supplementary Figure 26: Regional association plot for the locus 12p13.2 in the exome data with the top hit
chr12:11092079 (rs113197337). The purple dot represents the most strongly associated SNP with ulcerative colitis. The

color of the dots represents the linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The
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positions represent the genome build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs
(Mb). The bottom part shows the name and locations of the genes within the region. The thicker blue line represents the
position of the exons, while the thinner line represents the intronic regions. The direction of transcription is represented by

an arrow behind the name of the gene. The plot was created using LocusZoom?.
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Supplementary Figure 27: Regional association plot for the locus 12q24.33 in the exome data with the top hit
chr12:132711135 (rs7973452). The purple dot represents the most strongly associated SNP with ulcerative colitis. The color
of the dots represents the linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The
positions represent the genome build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs
(Mb). The bottom part shows the name and locations of the genes within the region. The thicker blue line represents the
position of the exons, while the thinner line represents the intronic regions. The direction of transcription is represented by
an arrow behind the name of the gene. The plot was created using LocusZoom?.
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Supplementary Figure 28: Regional association plot for the locus 22q11.21 in the exome data with the top hit
chr22:20429371 (rs755163625). The purple dot represents the most strongly associated SNP with ulcerative colitis. The
color of the dots represents the linkage disequilibrium (LD) with the most strongly associated SNP (see color legend). The

positions represent the genome build GRCh38. The recombination rate is shown in centimorgans (cM) per million base pairs

(Mb). The bottom part shows the name and locations of the genes within the region. The thicker blue line represents the

position of the exons, while the thinner line represents the intronic regions. The direction of transcription is represented by

an arrow behind the name of the gene. The plot was created using LocusZoom?.
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Supplementary Figure 29: Associations at the NOD2 locus and the influence on the protein level. Rs139397277 is our main
signal and rs61736932 the strongest associated variant within the exome data while the other three variants are those
previously identified as associated with CD. Created with BiorRender.com.
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Supplementary Figure 30: Power analysis based on the GWAS catalog data. The corrected power is calculated based on the
median odds ratios and standard errors as listed in the GWAS catalog, when removing the strongest effect if more than one
association is given. The power is calculated for the nominal significance level 1 x 10°°> and the frequencies given in our data.
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Supplementary Figure 31: Finemapping of the HLA region including the imputed alleles (orange), amino acids (purple) and
nucleotides (dark blue) generated from the HIBAG imputation. The light blue dots in the background are the topmed

imputed variants.
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Supplementary Figure 32: Dendrogram of HLA-DRBI1 alleles. The distances within the dendrogram are based on the
Pearsons’ correlation coefficient between the predicted eluted ligand mass spectrometry score from NetMHCllpan-4.0. The
main clusters of risk and protective alleles are highlighted. The colored box below shows the effect direction shown in our
data as well as in the two most important publications on HLA in UC (blue: protective, red: risk, grey: no information,
shading based on the p-value: grayish red/blue: no significance, mid red/blue: p<0.05, pure red/blue: p<5 x108). All straight
lines were also stable on other prediction subsets of the human proteome, while dotted lines represent lines that differ
dependent on the proteome.
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Supplementary Figure 33: Binding logo plot of associated HLA-DR alleles in differentiation to alleles with the other direction
of effect. The upper row represents the protective associated alleles, the bottom line the logos of the risk alleles. The motifs
are based on the NetMHClIpan-4.0 predictions of the binding cores of all peptides at least annotated as weak binders,
excluding peptides binding against one of the alleles of different direction of effect. The single letters represent the one
letter amino acid code colored by the chemical properties of the amino acids.
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Supplementary Figure 34: Binding logo plot of associated HLA-DQ alleles. The allele names are shortened, e.g.,
DQA1*02:01-DQB1*02:02 is written as DQ*02:01/02:02. The motifs are based on the NetMHClIpan-4.0 predictions of the
binding cores of all peptides at least annotated as weak binders. The single letters represent the one letter amino acid code
colored by the chemical properties of the amino acids.
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Supplementary Figure 35: Vulcano plot of the PepWAS analysis. Each dot represents the PepWAS results for one peptide.
The red dotted line represents the Bonferroni corrected P-value (P-value <3.73 x 106 based on 13,411 peptides).
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Supplementary Tables

Supplementary Table 1: Sample number before, during, and after QC. Numbers in white lines represent sample numbers to
be removed.

ucC Control All traits

-non German samples (Metadata) 0 0 1312
-only Exome data 0 0 3
-only GSA data 31 171 785
-duplicate samples 1 46 256
-unique blacklist 32 217 2065
‘GSAQCinput 182
-Missingness outlier 12 77 392
-Heterozygosity outlier 2 5 41
-PCA outliers 506
-duplicates 0 0 2
-unique QC removed 53 121 903
‘GSAafterac 85 4382 17589
-Relatives 2 157 1672
-relatives not already removed 1634

-het/hom 3 11 43
-TiTv 0 0 1
-singletons 6 11 65
-missingness 0 0 7
-sex 0 0 13
-unique QC removed 6 16 84

Supplementary Table 2: Genes and transcripts used to generate the proteome. Given are next to the genetic hg38 location
and the ensemble-ids also the biotype of the transcript, the hgnc symbol and the uniprot gene ids.

[See separate xlIsx-file]

Supplementary Table 3: At least nominal significantly associated lead variants identified in the “imputed genotyping”
dataset or the “Exome” dataset. For each locus an identifier is given in the “NR” column and the band information, further
in case of a locus top hit it is annotated whether the locus is LD supported. For comparison additional entries from external
sources were added. Those sources are the GWAS catalog (dataset named by the first author of the publication; namely: Liu
JZ3, de Lange K*, Silverberg MS>, McGovern DP®, Jostins L7, Barrett JC8 Anderson CA°, Asano K1°, Okamoto DL, Ellinghaus
D2) as well as information for the exact same variants or variants in high-LD (R?>0.9) from the publicly available RICOPILI
summary statistics (IBD_UC_1KG_oct13). The specific variant is characterized by its rs-id, the chromosomal position in
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GRCh38 (hg38) and GRCh37 (hg19) as well as the given alleles. From the association analysis the P-value (p.value) the OR
with its 95% confidence interval (CI_L95 and Cl_U95) as well as the beta and standard error (SE) are given. Further, the
MAPPED_TRAIT is shown, which is always ulcerative colitis for our own data and the dataset extracted from RICOPILI but
varies for data from the GWAS catalog as also variants including IBD are listed in case no association with UC could be
identified for this locus in the database but another IBD related trait. Further the allele frequencies separated by patients
(AF.Cases) and controls (AF.Controls) is given. For the RICOPILI data the frequencies are as given by Hapmap. For imputed
variants, the imputation info is given. The R2 is related to imputed genotyping lead variant, the corresponding dataset is
also given in the dataset_Id column. The mapped gene and the related impact on the protein structure (change) are listed
as well as gtex associated genes associated with the variant.

[See separate xlIsx-file]

Supplementary Table 4: The association results with the HLA imputed data. In the “type” column the type of the analyzed
variant is given as one of the following: 1-field HLA, 2-field HLA, nuc, or prot. The HLA gene name (locus) and the exact
description of the variant (name) together with the chromosome (CHR) and position in the human reference genome
GRCh38 (hg38) and GRCh37 (hg19) and the position within the protein sequence in case of nucleotides (nuc) and amino
acids (prot) specify the exact variant. The alleles A1 and A2 are either the one letter nucleotide or amino acid code or in the
case of polymorphic variants and HLA alleles noted as present-absent (P and A). From the association analysis the P-value
(p.value), the OR with its 95% confidence interval (CI_L95 and Cl_U95), as well as the standard error (SE) are given. Further
the minor allele frequency (MAF) as well as the allele frequency separated by cases (AF.Cases) and controls (AF.Controls) is
included. Additionally, for the HLA alleles the posterior probability is listed as a reliability score of the imputation.

[See separate xlIsx-file]

Supplementary Table 5: The significant associated peptides from the PepWAS analysis (sheet: peptides) and the
information condensed on the transcript (sheet: transcripts) and gene level (sheet: genes). For each peptide the association
statistics are given as effect size (effect_size) and p-value (p) further the corresponding transcripts (ENSTs) with the position
in GRCh38, the ensemble gene ids (ENSG) and the hgnc symbol is given. It is noted whether the peptide is present in the
reference proteome (mutations) and in how many samples (n). The sample numbers with a specific peptide are also listed
separated by cases (n_nase) and controls (n_controls). Those values are also given as frequencies (f, f_case and f_control).
Also, the OR of the frequencies (OR_freq) is included and the p-value of the fisher test on the frequencies. The mutations
related to the single peptides are listed: First the mutations that are needed to generate the sequence (nucchanges and
protchanges), further the different amino acid positions in different transcripts are listed and then all mutations, that would
change the sequence of the peptide, are listed. The column HLA lists the HLA alleles predicted to bind the peptide. The
number (n_immunopeptidome_blood) and sequences (immunopeptidome_blood) of identified peptides in the 25
immunopeptidomes published in EIAbd et al.13 are presented. On the transcript level (sheet: transcripts) for each ensemble
transcript (ENST) the uniprot gene id and the ensemble protein id together with the length of the amino acid sequence
(lengthAA) are noted. The number of peptides per transcript are given (n_hits). As the peptides are generated by a sliding
window approach and peptides binding HLA class Il are longer than the binding pocket, often neighboring peptides are
predicted as similar good peptides and a single missense mutation might have only a small impact on the binding affinity,
therefore also the number of peptides where less than 9 amino acids are in the same order are given (n_no9AAoverlap).
Further, the number of PepWAS hits is separated by those with a mutation (n_hits_mut) and those present in the reference
(n_hits_ref). Additional numbers of related mutations (n_relevant_mut) are given as mutations necessary to form a
PepWAS hit (necessary_mut), mutations that are changing the present peptide but both peptides are PepWAS hits
(possible_mut), and mutations that modify a peptide in a way that it is not predicted as PepWAS hit anymore
(forbidden_mut). On the gene level (sheet:genes) the different transcripts are summarized, with the majority of the
previously described attributes, and whether all peptides annotated to one gene are expressed within one transcript
(AllHitsinOneENST). Further information about the expression of the genes is given as reported in Taman et al.** and in
Linggi et al'>.. Further if the confidence set of associated variants includes any GTEx'® variants the effect is given in
comparison to the risk variants (risk_variant_lead_to_expression) as “decreased” or “increased” expression. The
immunopeptidome data are given for the whole genes independent of the location of the PepWAS hits.

[See separate xlIsx-file]
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