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Summary 
 
The interaction between hosts and pathogens represents a major driver of their evolution, 

and a core interest in the evolutionary biology. In vertebrate hosts, the classical genes of 

Major Histocompatibility Complex (MHC) make a central component of their adaptive 

immune system. The cell-surface molecules encoded by the MHC genes present peptide 

fragments (derived from both self-antigens and pathogens) to T-cells, which upon 

recognizing them as foreign, initiate a specific immune response. To explore the general 

MHC evolution, I used humans as a study system where MHC is designated as Human 

Leukocyte Antigen (HLA). Although a vast allelic diversity of HLA genes exists at the 

population level, potentially maintained by pathogen-mediated balancing selection, only 

a fraction of that is seen at the individual level in the form of a limited number of HLA 

genes and their alleles. This setting has been proposed as an optimum between HLA-

conferred resistance to pathogens and the risk of autoimmunity, which represent major 

antagonistic selection forces on HLA genes. The fine-mapping of various HLA’s association 

with different infectious and autoimmune diseases has suggested a major role of the 

peptide-repertoire of HLA alleles in determining their specific effect on diseases. 

However, the exact mechanisms that underlie HLA’s association with the diseases, and by 

that modulate the antagonistic selection on HLA genes remain elusive. 

In order to elucidate them, I started by investigating the functional basis of the previously 

known protective effect of HLA heterozygosity at the HLA class-I genes on HIV-1 

progression. I used a dataset of 6,311 HIV-1 infected individuals and predicted the HLA-

bound peptides derived from HIV-1 proteome for each HLA allele represented in the 

dataset. The individual-specific repertoire of HLA-bound peptides suggested that HLA 

heterozygote advantage against HIV-1 could be mediated by both a broader array of HLA- 

bound peptides and a higher likelihood of carrying specific protective alleles in 

heterozygotes compared to homozygotes. The comparison of the peptide-repertoire of 

risk and protective alleles suggested that individual alleles could confer disease control 

by binding either a large number of peptides or specific immunodominant peptides. The 

separate analysis of the individual HLA genes indicated that different mechanism for the 

heterozygote advantage might work at different genes, such as either T-cell or NK-cell-

mediated immune attack on the virus, possibly resulting in different evolutionary 

constraints on different HLA genes. Overall, the findings suggested that the pathogen-

mediated selection might favor both HLA heterozygosity and individual alleles.  
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Further, hypothesizing that not all HLA-bound peptides would be relevant for disease 

control, we developed a new approach, named Peptidome-wide association study 

(PepWAS), that can predict HLA-bound disease-associated epitopes from a given 

peptidome. The PepWAS-predicted HIV-1-associated epitopes accounted for as much 

variation (12%) in HIV-1 viral load as by the genetic variants in HLA class-I genes, 

providing a functional basis for the association between HLA and HIV-1 control. 

I then focused on the association between HLA class-II genes and Type 1 Diabetes (T1D). 

Using a case-control dataset of 16,029 individuals, I first showed that heterozygosity at 

the HLA class-II genes conferred T1D risk. To investigate functional basis of this HLA 

heterozygote disadvantage, I predicted individual-specific repertoires of HLA-bound 

peptides from 17 T1D-relevant human proteins. The comparison of individual-specific 

peptide-repertoires between HLA heterozygous and homozygous individuals suggested 

that both a broader array of HLA-bound self-peptides and higher odds of carrying risk 

alleles might contribute to HLA heterozygote disadvantage. The characterization of the 

allele-specific peptide-repertoire suggested that an allele might confer T1D risk due to its 

low peptide-binding affinity possibly contributing to inefficient removal of autoreactive 

T-cells in thymus and (or) by binding specific disease-causing peptides, e.g. post-

translationally deamidated peptides. The PepWAS-predicted T1D-associated epitopes 

accounted for even more deviance in T1D status than HLA class-II haplotypes (33.1 vs. 

29.6%). Moreover, the sequence homology between predicted T1D-associated epitopes 

and pathogenic peptides suggested pathogens as the potential trigger of autoimmunity. 

Overall, the insights from this thesis shed light on different mechanisms that possibly 

underlie the differential association of HLA genes with infectious and autoimmune 

diseases, which, in turn, potentially shape the antagonistic selection on the classical HLA 

genes. 
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Zusammenfassung 
 

This summary was kindly translated from English to German by Marc Ritter and Sina 

Schirmer. 

 

Die Wechselwirkungen zwischen Wirten und Pathogenen sind ein wesentlicher Treiber 

ihrer Evolution und von besonderem Interesse in der Evolutionsbiologie. In Wirbeltieren 

bilden die klassischen Gene des Haupthistokompatibilitätskomplex (MHC von engl. 

„major histocompatibility complex“) eine zentrale Komponente ihres adaptiven 

Immunsystems. Die Moleküle der Zelloberfläche, die von den MHC-Genen kodiert werden, 

präsentieren T-Zellen Peptidfragmente (sowohl die eigenen Antigene als auch von 

Krankheitserregern), die wenn sie als fremd erkannt werden, eine spezifische 

Immunantwort auslösen. Um die allgemeine MHC-Evolution zu untersuchen, habe ich den 

Menschen als Studiensystem verwendet, in dem MHC als Human Leukocyte Antigen 

(HLA) bezeichnet wird. Obwohl auf Populationsebene eine große Allel-Diversität von 

HLA-Genen vorhanden ist, die möglicherweise durch pathogenvermittelte balancierte 

Polymorphismen erhalten wird, ist nur ein Bruchteil davon auf der individuellen Ebene 

in Form einer begrenzten Anzahl von HLA-Genen und Allelen zu sehen. Dieser Zustand 

wurde als ein Optimum zwischen der durch HLA vermittelten Resistenz gegen 

Krankheitserreger und dem Risiko der Autoimmunität vorgeschlagen, welche die 

stärksten gegensätzlichen Selektionskräfte für HLA-Gene darstellen. Die genauere 

Untersuchung der Verbindung von HLA mit verschiedenen Infektions- und 

Autoimmunkrankheiten legt nahe, dass das Peptid-Repertoire von HLA-Allelen eine 

wichtige Rolle bei der Bestimmung ihrer spezifischen Wirkung auf Krankheiten spielt. Die 

genauen Mechanismen, die der Verbindung von HLA mit den Krankheiten zugrunde 

liegen und so die antagonistische Selektion auf HLA-Gene beeinflussen bleiben dabei 

schwer fassbar. 

Daher untersuchte ich zunächst die funktionale Basis der schon bekannten schützenden 

Wirkung von HLA-Klasse-I Heterozygosität auf HIV-1-Progression. Ich verwendete dazu 

einen Datensatz von 6.311 HIV-1-infizierten Individuen und prognostizierte die HLA-

gebundenen Peptide, welche ich vom HIV-1-Proteom abgeleitetet hatte, für jedes im 

Datensatz dargestellte HLA-Allel voraus. Das individuelle spezifische Repertoire an HLA-

gebundenen Peptiden legt nahe, dass der Vorteil von HLA-Heterozygoten gegenüber HIV-

1 sowohl durch ein breiteres Spektrum an HLA-gebundenen Peptiden als auch durch eine 
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höhere Wahrscheinlichkeit in Heterozygoten im Vergleich zu Homozygoten, Träger eines 

spezifische Schutzallele zu sein. Der Vergleich des Peptid-Repertoires von Risiko und 

schützenden Allelen legt nahe, dass einzelne Allele die Krankheit durch das Binden 

entweder einer großen Anzahl von Peptiden oder aber von spezifischen 

immundominanten Peptiden kontrollieren. Die getrennte Analyse der einzelnen HLA-

Gene zeigte, dass unterschiedliche Mechanismen beim Vorteil von heterozygoten bei 

verschiedenen Genen wirken können, beispielsweise bei T-Zellen- oder NK-Zell-

vermittelten Immunangriffen auf das Virus, was möglicherweise zu unterschiedlichen 

evolutionären Einschränkungen bei verschiedenen HLA-Genen führt. Insgesamt deuteten 

die Ergebnisse darauf hin, dass die durch Pathogene vermittelte Selektion sowohl HLA-

Heterozygosität als auch einzelne Allele begünstigen könnte. 

Mit der Hypothese, dass nicht alle HLA-gebundenen Peptide für die 

Krankheitsbekämpfung relevant sind, entwickelten wir einen neuen Ansatz, Peptidome-

wide Association Study (PepWAS), welcher HLA-gebundene krankheitsassoziierte 

Epitope aus einem gegebenen Peptidom vorhersagen kann. Die von PepWAS-

vorhergesagten HIV-1-assoziierten Epitope machten soviel der Variation (12 %) in der 

HIV-1 Viruslast aus, wie die genetischen Varianten in HLA-Klasse-I-Genen, und bildeten 

eine funktionelle Grundlage für die Verbindung zwischen HLA und HIV-1 Kontrolle. 

Im Anschluss konzentrierte ich mich auf die Assoziation zwischen HLA-Klasse-II-Genen 

und Typ-1-Diabetes (T1D). An einem Fall-Kontroll-Datensatz von 16.029 Individuen 

zeigte ich zuerst, dass Heterozygosität bei den HLA-Klasse-II-Genen, T1D-Risiko mit sich 

brachte. Um die funktionelle Basis dieses HLA-Heterozygoten-Nachteils zu untersuchen, 

habe ich aus 17 T1D-relevanten humanen Proteinen individuelle spezifische Repertoires 

an HLA-gebundenen Peptiden vorhergesagt. Der Vergleich von individualspezifischen 

Peptid-Repertoires zwischen HLA-heterozygoten und homozygoten Individuen legt nahe, 

dass sowohl ein breiteres Spektrum an HLA-gebundenen Selbstpeptiden als auch höhere 

Chancen für das Tragen von Risiko-Allelen zum Nachteil für HLA-Heterozygote beitragen 

können. Die Charakterisierung des Allel-spezifischen Peptid-Repertoires legt nahe, dass 

ein Allel aufgrund seiner geringen Peptidbindungsaffinität ein T1D-Risiko verursachen 

kann, das möglicherweise zu einer ineffizienten Entfernung autoreaktiver T-Zellen im 

Thymus und (oder) durch Bindung spezifischer krankheitsverursachender Peptide, z. 

posttranslational desamidierte Peptide. Die mit PepWAS vorhergesagten T1D-

assoziierten Epitope erklärten im T1D-Status sogar noch mehr Abweichungen als die 

HLA-Klasse-II-Haplotypen (33,1 vs. 29,6%). Darüber hinaus deutete die 
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Sequenzhomologie zwischen vorhergesagten T1D-assoziierten Epitopen und pathogenen 

Peptiden auf Krankheitserreger als möglichen Auslöser der Autoimmunität hin. 

Insgesamt werfen die Erkenntnisse aus dieser Arbeit Licht auf verschiedene 

Mechanismen, die möglicherweise der unterschiedlichen Assoziation von HLA-Genen mit 

Infektions- und Autoimmunkrankheiten zugrunde liegen, welche wiederum die 

antagonistische Selektion von klassischen HLA-Genen prägen können. 
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Introduction 
 
The evolution of species is strongly influenced by their environment. Changes in the 

environment exert pressure on species to adapt (1). Those individuals of a species whose 

phenotype allows them to cope up with the changes are more likely to survive, and their 

genetic variants are thus selected and passed on to the next generations. Pathogens 

represent an important part of the environment (1). Being both dynamic and extremely 

diverse, they are regarded as amongst the strongest selective pressure to drive the 

evolution of species (2, 3). Since they can inflict harm to their host, defense mechanisms 

like the immune system have evolved in order to contain them. In vertebrates, the 

immune system is generally divided into innate and adaptive and comprises of a wide 

range of cells specialized in various aspects of the defense such as pathogen recognition, 

immune signaling, killing the pathogens etc. (4). The innate immune system makes 

generic responses through a limited repertoire of germline-encoded receptors on certain 

immune-cells (4, 5). These receptors recognize fixed sequence patterns broadly shared by 

pathogens (5). The innate immune response does not need a long start-up phase and can 

respond very quickly. It makes sure, for example, that bacteria that have entered the skin 

are detected and destroyed (completely or partly) within a few hours. Over the life time, 

an individual could get exposed to a wide variety of pathogens, which could differ in 

several properties e.g. the mode of transmission, the mode of infection e.g. intracellular 

(e.g. HIV) or extracellular (e.g. M. tuberculosis), virulence etc. Despite these differences, 

an important feature shared by almost all of the pathogens is their tendency to evolve and 

adapt to the immune defense of their host (6–8). This has stimulated a lot of research on 

host-parasite co-evolution that has significant implication in health and diseases (3, 9, 10). 

It has been observed that pathogens can adapt to the host’s immune defense in multiple 

ways. For example, they can acquire mutations at key locations in their proteins which 

are targeted by the immune system and thus evade it (11). They can acquire changes in 

their antigen sequence to mimic the self-antigens of the host, so as to deceive the immune 

system and not be detected by it (12). Due to low specificity of innate immune responses, 

the innate immune system is capable of controlling co-evolving pathogens only to a 

limited extent. Therefore, the effective control of pathogens would require a system that 

learn and make the specific immune responses against pathogens (13–17). This kind of 

defense is represented by the adaptive immune system that has evolved in vertebrate 

species (18). As in innate immune system, adaptive immune system is also comprised of 
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certain types of immune-cells. However, a vast diversity of these cell types in the host 

allows making the specific immune response to individual pathogens. If the body’s first 

line of defense – the innate immune system – is unsuccessful in destroying the pathogens, 

then adaptive immune system kicks in. In comparison to the innate immune system, the 

adaptive defense could take longer to start, but it targets the pathogen in a specific and 

accurate manner. Besides the specificity, other major advantage of adaptive immune 

system is that it can remember the encountered pathogen and respond very quickly upon 

re-infection with the same. 

 

Major Histocompatibility complex and its role in the immune system 

A fundamental component of the adaptive immune system is represented by the genes of 

the Major Histocompatibility Complex (MHC) locus, which was first discovered in 1936 

in mouse (19). The genes of the MHC locus are categorized into classical and non-classical 

ones (20). Classical MHC genes encode for the molecules that took up the peptide 

fragments inside the cell, bring them to cell surface and present them to surveilling T-

cells. Upon recognizing the MHC-presented peptides as foreign or non-self-peptides, 

through T-cell receptors, the T-cells can become activated and initiate a specific immune 

response. All jawed vertebrate species have MHC molecules and use T-cell receptors 

(TCRs) and B-cell receptors (BCRs) as antigen receptors, whereas some jawless 

vertebrates, e.g. lampreys and hagfish, lack MHC molecules and use variable lymphocyte 

receptors as antigen receptors (18). In my thesis, I focused on human MHC, designated as 

Human Leukocyte Antigen (HLA), for studying the general evolution of MHC. It lies on 

the short arm of chromosome 6 (21). The classical HLA genes are broadly divided into two 

classes which different in certain aspects. HLA class-I genes (HLA-A, -B and -C) are 

expressed on almost all nucleated cells and present short (~9mer) peptides of 

intracellular origin  to CD8+ T-cells (Cytotoxic T-cells; CTLs), while HLA class-II genes 

(HLA-DP, -DQ and -DR) are expressed mostly on professional antigen presenting cells, e.g. 

macrophages, dendritic cells, and typically present relatively longer (~15mer) peptides 

of extracellular origin  to CD4+ T-cells (Helper T-cells) (Fig. I1) (22). 

 



 

 12 

 

Fig. I1. Interaction between peptide-MHC class-I complex and Cytotoxic T-cell (Left), and 
peptide-MHC class-II complex and Helper T-cell (Right). The image is taken from Penn, 
2002 (22). 

 

Notably, HLA molecules bind both self and pathogen-derived peptides, and the distinction 

between them is critical to the success of adaptive immune response. This distinction 

between self and pathogen-derived peptides is achieved by optimizing the repertoire of 

T-cells in an individual. Naïve T-cells that bind self-peptide-HLA complexes with strong 

affinity are removed during their maturation process in the thymus (23) so as to deplete 

those T-cells that could possibly get activated by HLA-presented self-peptides and cause 

autoimmunity (so called autoreactive T-cells). However, this process is not flawless and 

some autoreactive T-cells can still escape negative selection (23). Studies have shown the 

presence of autoreactive T-cells also in healthy individuals, though they remain either 

inactivated or kept in check by regulatory immune cells (24). 

 

HLA’s diversity and balancing selection 

A remarkable feature of HLA genes is their unparalleled allelic diversity in all human 

populations (Table I1) (25). It is considered to arise from mutation, recombination and 

gene conversion (26, 27). The presence all HLA alleles at nominal frequency suggests that 

they are selective maintained (28). Pathogen-mediated balancing selection is widely 

regarded as the major selective agent that leads to HLA's allelic diversity (13, 29–32). 

Several observations like the correlation between HLA’s allelic diversity and pathogen 

richness across geographical regions (33, 34), and the enrichment for membrane 

glycoproteins in haplotypes shared between chimps and human (35) lend indirect 
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empirical support to that. Two major mechanistic models for balancing selection at HLA 

have been proposed, (1) Heterozygote advantage and (2) Negative frequency dependent 

selection (NFDS) (36). The HLA heterozygote advantage model proposes that an 

individual with two different alleles (heterozygous) of an HLA gene would bind broader 

array of the peptides than an individual with the same alleles (homozygous). This would 

increase the breadth of the immune response in an individual, conferring stronger 

resistance against single or multiple pathogens. Besides allelic diversity, another 

remarkable feature of HLA genes is their very high inter-allelic divergence defined by the 

variation at the sequence level (37, 38). Notably, the variation is concentrated inside the 

peptide-binding groove of HLA molecules and characterized by the high ratio of non-

synonymous to synonymous polymorphism, suggesting that it has been selectively 

maintained (39). This observation has led to another hypothesis named, Divergent allele 

advantage (40, 41), which assumes that heterozygote individuals with more divergent 

HLA alleles would encode for HLA molecules with a larger difference in their peptide-

repertoires. This would result in a broader array of HLA-presented peptides, conferring 

higher immune-surveillance against pathogens and thus stronger resistance. The negative 

frequency dependent selection model, also usually referred as rare-allele advantage, 

proposes that the selective advantage of an allele increases as it becomes rare, because 

the pathogens are more likely to adapt to common HLA alleles in the population (42, 43). 

These mechanisms of balancing selection do not allow selection for the loss or fixation of 

an allele, thus enable the retention of a large number of HLA alleles for a very long time in 

a population. Moreover, it is widely accepted that these models are not mutually exclusive 

and likely act in parallel to shape the overall HLA’s allelic diversity in a population. 

Although the majority of the known HLA alleles are rare (> 80%) (44), it might still allow 

diverse immune response in populations and by that ensure that no single pathogen can 

wipe out the entire populations. As HLA alleles are co-dominantly expressed and each 

encoded HLA molecule binds a specific peptides largely defined by the amino acid 

composition of its peptide-binding groove (45, 46), a large number of HLA loci and HLA 

alleles can be speculated to be beneficial in individuals. However, an evolutionary paradox 

is that HLA diversity is expressed as several alleles at the population level rather than at 

individual level. Each individual carries a limited number of HLA gene and their alleles, 

which is a small fraction of HLA’s total allelic diversity in the population. Several 

theoretical and empirical studies have suggested that this configuration has been selected 
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for an optimum between the resistance to pathogens and the risk of autoimmunity as HLA 

molecules present both self and pathogenic peptides to T-cells (13, 47–49). 

Table I1. Number of HLA alleles in IMGT/HLA database as of November 2018. 

Number of HLA alleles 

HLA class I alleles 14,800 

HLA class II alleles 5,288 

Total HLA alleles 20,088 

Individual HLA alleles are designated at 4-digit level including in this thesis, e.g. HLA-
B*57:01 or HLA-DRB1*02:01, which represents a specific protein. 

 

Association between HLA and diseases 

It is possible that the HLA genotype of an individual might not fit to the given environment, 

e.g. HLA alleles of the individual bind only a few peptides of the pathogen prevalent in the 

individual’s environment or those peptides that do not induce immune response, that 

could lead to disease traits. GWASs have associated HLA genes with a wide variety of 

diseases, be it infectious, e.g. HIV (50), Leprosy (51), Hepatitis (52), Tuberculosis (53) etc., 

or autoimmune, e.g. Type 1 diabetes (54), Rheumatoid arthritis (55), Alopecia areata (56) 

etc. In fact, HLA genes have been associated with the outcome of more number of diseases 

than any other locus of the human genome (Fig. I2) (57–62). These associations have 

brought an interesting observation that a single HLA allele could have an effect on the 

outcome of multiple diseases. For example, the HLA-DRB1 locus is involved in immune 

response against M. tuberculosis infection and has also been linked to the risk of 

Rheumatoid arthritis and Inflammatory bowel diseases (63). Indeed, it has been observed 

that HLA, which has been the prime target of pathogen-mediated selection, is enriched for 

the association with autoimmune diseases (64). Often, the alleles of the HLA gene 

associated with a disease show differential effect, ranging from risk to protective (53, 58, 

65, 66). For example, whereas DRB1*0301 confers susceptibility to Type 1 Diabetes 

(T1D), DRB1*13:01 provides protection from T1D in Caucasian population. Studies have 

shown that individual HLA alleles could also exhibit differential effect on different 

diseases (67). For example, HLA-DRB1*15:01 allele has been associated with the 

protection from Type 1 Diabetes and Rheumatoid arthritis but confers susceptibility to 

Leprosy (68) and Systemic lupus (62). It could be speculated that differential effect of HLA 

alleles could be an artefact of different cohorts across association studies. However, the 
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replication of the association of individual HLA alleles with several common infectious 

and autoimmune diseases between different Caucasian cohorts by Karnes et al. 2017 (62) 

suggested that the differential effect of HLA alleles is not an artefact of cohort-effect. 

 

Fig. I2. Number of significant GWAS association with common human diseases across all 
human autosomes. The figure is taken from Lenz et al. 2016 (61).  

 

Thesis topic 

As mentioned above, HLA-presentation of a broader array of peptides in an individual 

might confer resistance against single or multiple pathogens. However, at the same time, 

it might make it more likely to activate autoreactive T-cells by HLA-presentation of self-

peptides, that can result into autoimmune diseases (69, 70). This conceptual trade-off has 

received some indirect support from studies in non-model organisms showing the 

maximum fitness for those individuals that carried an optimal number of MHC genes (13, 

49, 71–73). This trade-off has facilitated the consideration of pathogens and 

autoimmunity as two antagonistic selection forces operating on HLA genes (47, 48, 74), 

where the former would favor broader peptide presentation while the later would limit 

that. This also suggests that the mechanisms of balancing selection that are thought to 

operate on the breadth of HLA-presented peptides, such as heterozygote advantage, 

should behave oppositely in infections and autoimmune conditions. This is supported by 

the observed heterozygote advantage against pathogens like HIV (75), HBV (76), HCV 

(77), and possible effect of heterozygosity on the risk of autoimmune diseases like T1D 

and RA (58). While it has been hypothesized and widely considered that the functional 

basis of HLA heterozygote (dis)advantage lies in the breadth of HLA-bound peptides, the 

exact mechanisms remain unclear. Consequently, this renders it unclear whether 
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pathogen- and autoimmunity-mediated antagonistic selection forces operates on the 

breadth of the HLA-bound peptides or any other variables related to HLA are also 

involved. 

Moreover, since individual HLA alleles have also been associated with a wide variety of 

infectious and autoimmune diseases with differential effect (62, 78), an individual could 

be resistant or susceptible to a disease due to carrying specific HLA alleles, irrespective of 

HLA zygosity. The specific association of individual alleles with a disease might modulate 

the overall selection on them. For example, if an allele confers very large risk of a high 

mortality infection, but protects from another low mortality autoimmune disease, there 

would be strong negative selection on that allele. Therefore, in order to elucidate the 

antagonistic selection on HLA alleles, it would be important to understand the basis of 

their differential association across diseases. However, the functional basis of alleles’ 

differential association across diseases is not known. The fine mapping of HLA’s 

association with some diseases have suggested peptide-properties of HLA alleles as the 

basis of their differential association (65, 66, 79), but what exactly those properties are 

remains unknown. There could be several possibilities. For example, the breadth of the 

allele-specific peptide repertoire; an allele might confer resistance against a pathogen 

because it binds a large number of pathogen-derived peptides, which might generate a 

broad immune response. Or it could be peptide-binding affinity; an allele can bind 

peptides with high affinity which enables T-cells to interact with peptide-HLA complex 

efficiently and make strong immune response. It is also possible that an allele selectively 

binds those peptides which are highly immunogenic and where the pathogen cannot 

evolve due to fitness constraints. In addition, it is likely that not one variable modulates 

an allele-mediated immune response, but multiple variables together, e.g. the number of 

bound peptides and the ability to bind specific peptides, because if the former was the 

case, an allele would have similar effect across all associated diseases. Moreover, while an 

HLA allele can bind several peptides derived from a given pathogen, it is possible that not 

all of them might induce an immune response. This suggests that it would be beneficial 

for the individual if HLA alleles bind those peptides which are relevant to the disease 

control. Likewise, it would be beneficial for the pathogen to evolve in such peptide regions 

in order to evade the immune response.  

The HLA alleles which confer resistance and susceptibility to a disease might be under 

positive and negative selection, respectively. Therefore, the characterization of the 
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peptide-repertoires of HLA alleles associated with infectious and autoimmune diseases 

would be important to get a deep insight into the molecular basis of the antagonistic 

selection that possibly operates on HLA genes and shapes the HLA allelic diversity in 

populations. However, the peptide-repertoires of most HLA alleles remain so-far poorly 

defined. There are several reasons for that. First, until not long ago, most of the linkage 

and association studies had focussed on the common alleles only, which provided a 

handful of associated HLA alleles and thus did not allow a broad comparison of their 

peptide-repertoires. Secondly, while a very large number of HLA alleles exist in all human 

populations (25), each allele can potentially bind several thousand of peptides (37, 80). A 

fully-factorial experimental assay to screen such a vast repertoire of peptides for the 

binding by individual HLA alleles is unmanageable to-date. However, several recent 

advances in computational and large scale genomics, e.g. the availability of computational 

methods for predicting binding-affinity between individual HLA alleles and any set of 

peptides, large multi-ethnic panels that allow the inference of HLA genotype (combination 

of alleles) of  an individual based on combination of SNP markers, large genomic case-

control datasets consisting of a large number of HLA alleles for several diseases etc., are 

providing promising opportunities to address the above discussed issues. In this thesis 

work, I took advantage of these advances and characterized the peptide-repertoire of 

several common and rare HLA alleles in the context of an infectious disease (HIV/AIDS) 

and an autoimmune disease (Type 1 Diabetes). In addition, we have developed a new 

approach named Peptidome-wide Association Study (PepWAS) that allows screening 

the entirety of a peptidome and predict those HLA-bound peptides which are associated 

with a given disease. I used PepWAS to predict the disease-associated peptide-repertoire 

of HLA alleles associated with HIV and Type 1 Diabetes that provided insights into 

mechanism through which the antagonistic selection could operate on classical HLA 

genes.   
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Thesis outline 
 
In this thesis, I focused on elucidating the mechanism through which pathogen and 

autoimmunity-mediated antagonistic selection forces might operate on the classical HLA 

genes. For that, I characterized the peptide-repertoire of several common and rare HLA 

alleles differentially associated with HIV-1 infection and Type 1 Diabetes (T1D; an 

autoimmune disease). I investigated the effect of the variation in HLA-bound peptide-

repertoire between HLA heterozygous and homozygous individuals on the outcome of 

HIV-1 and T1D. I also analyzed the variation in allele-specific peptide-repertoire to 

unravel the basis of the specific association of HLA alleles with HIV-1 and T1D. In addition, 

using our new approach, Peptidome-wide Association Study, I predicted the disease-

associated peptides bound by individual HLA alleles. The whole work is split into four 

chapters outlined below. 

 

Chapter 1: Quantitative and qualitative differences in allele-specific antigen 

repertoires underlie HLA heterozygote advantage against HIV-1. 

HLA heterozygote advantage against HIV-1 has been shown by Carrington et al. 1999 and 

McLaren et al. 2015. While it is thought to be conferred by the ability of HLA heterozygotes 

to present a broader array of peptides to immune cells than HLA homozygotes, the actual 

mechanism remained elusive. I characterized HLA heterozygote advantage against HIV-1 

by using HLA genotype and HIV-1 viral load of 6,311 individuals. First, I showed that 

heterozygosity at HLA-B and HLA-C but not at HLA-A was associated with lower viral load. 

Then, I predicted individual-specific repertoire of HIV-1 peptides bound by individual’s 

HLA-A, HLA-B and HLA-C alleles. While at HLA-B, heterozygote advantage was potentially 

conferred by quantitative CTL-mediated immune response, another mechanism seemed 

to operate at HLA-C. Moreover, HLA-B heterozygosity resulted into elevated sequence 

evolution of the virus, suggesting HLA heterozygosity might incur replicative fitness cost 

to virus. 

 

Chapter 2: HIV Peptidome-Wide Association Study Reveals Patient-Specific Epitope 

Repertoires Associated with HIV Control. 

Specific amino-acid residues inside the peptide-binding groove of HLA-B and HLA-A have 

been associated with HIV-1 progression, and together account for12.3% of variation in 
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the viral load, suggesting a major role of HLA-presented HIV peptides in disease control. 

In order to identify HIV-1-associated peptides (epitopes), we created Peptidome-wide 

Association Study (PepWAS) approach that can interrogate the pool of all possible 

peptides derived from a given proteome and predict HLA-bound disease-associated 

epitopes. I applied PepWAS on the dataset of HIV-1 infected individuals from Chapter 1, 

and predicted a core set of HLA-B and HLA-A bound HIV-1-associated epitopes. 

Individual-specific repertoire of these epitopes accounted for nearly entire variation in 

viral load previously attributed to amino-acid residues, providing a functional basis of the 

association between HLA and HIV-1. Notably, HLA alleles that bound a broader array of 

predicted epitopes had stronger protective effect on disease progression. 

 

Chapter 3: Does broader antigen presentation underlie HLA-mediated risk for Type 

1 Diabetes? 

Lenz et al. 2015 have suggested a possible effect of heterozygosity at HLA-DRB1 and HLA-

DQ genes on the risk of Type 1 Diabetes (T1D). I used the dataset from Hu et al. 2015 that 

contained HLA genotype of 6,651 T1D cases and 9,378 controls. First, I showed that HLA 

heterozygosity at DRB1 and DQ conferred T1D risk. Then, I predicted DRB1 and DQ allele-

specific repertoire of bound peptides derived from 17 T1D-relevant β-cell proteins and 

tested multiple mechanisms hypothesized to underlie heterozygote disadvantage. The 

results suggested that both a broader array of HLA-bound self-peptides and higher 

likelihood of carrying specific risk alleles in heterozygotes compared to homozygotes 

could contribute to HLA heterozygote disadvantage. I also investigated the functional 

basis of specific association of HLA alleles with T1D. The comparison of the peptide-

promiscuity and the peptide-binding affinity of T1D risk and protective alleles of DRB1 

and DQ genes suggested that the functional basis of the effect of risk alleles is not the size 

of their peptide-repertoire but low peptide-binding affinity, that might contribute to 

inefficient removal of autoreactive T-cell in thymus. In additional, DQ risk alleles bound a 

larger number of deamidated peptides than protective alleles, lending support to the 

other possibility that HLA risk alleles confer risk by binding specific disease-causing 

peptides. 
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Chapter 4: Individual-specific analysis of HLA-presented peptide repertoires 

reveals novel epitopes associated with Type 1 Diabetes. 

Hu et al. 2015 fine mapped that association between HLA and T1D outcome to specific 

amino-acid residues inside the peptide-binding groove of HLA-DRB1 and HLA-DQ genes, 

which together accounted for 26.9% of deviance in disease status, strongly suggesting the 

role of HLA-presented self-epitopes in disease pathology. However, the identity of the 

majority of T1D-associated epitopes remained missing. I used T1D dataset from Chapter 

3 and applied PepWAS on all possible peptides (N = 8,018) from 17 T1D-relevant β-cell 

proteins. It predicted a core set of DRB1, cis and trans encoded DQ-bound peptides that 

were associated with the T1D outcome (T1D-associated epitopes). I also simulated 

deamidation, a stress-induced post-translational modification, of candidate proteins and 

predicted T1D-associated deamidated epitopes. The difference in the individual-specific 

repertoires of predicted epitopes between cases and controls accounted for 33.1% 

deviance in diseases, significantly exceeding the one attributed to amino-acid residues in 

DRB1 and DQ genes. Moreover, sequence similarity between predicted T1D-associated 

epitopes and P. tuberculosis-derived peptides suggested pathogen as a potential trigger 

of autoimmunity. 

 
Table: Individual contribution to the chapters. 

Chapters I II III IV 

Study design TLL, JA TLL, JA TLL, JA TLL, JA 
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Introduction 
 
Genes of the Major Histocompatibility Complex (MHC) play a central role in immune-

recognition of pathogens. They encode for cell-surface molecules that present intra- and 

extra-cellular peptides to T-cells, which, upon recognizing them as non-self, initiate 

appropriate immune responses (81). Each MHC molecule binds a specific peptide 

repertoire which is largely defined by the amino-acid composition of its peptide-binding 

groove (82, 83). Due to a key role in adaptive immunity and an unparalleled allelic 

diversity within and across vertebrate species, MHC genes have become a paradigm for 

studying the effect of genetic diversity on immuno-competence and fitness (57, 84, 85). 

The dynamic action of pathogen-mediated balancing selection is widely regarded as a key 

driver of MHC diversity (29–31, 36, 42). Three main mechanisms of pathogen-mediated 

balancing selection have been proposed: heterozygote advantage, rare-allele advantage, 

and fluctuating selection, all of which have received empirical support (85–88). It is also 

largely established that these mechanisms are not mutually exclusive and likely act in 

parallel to shape the MHC allele pool of a population. However, the relative contribution 
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of each of these mechanisms is still debated, and may indeed depend on the specific 

conditions of a given population or species (89, 90).  

First proposed by Doherty & Zinkernagel (91), the heterozygote advantage hypothesis 

assumes that heterozygous MHC genotypes confer a higher probability of triggering a 

specific immune response upon infection. This would result in enhanced pathogen 

resistance for MHC heterozygous individuals, compared to MHC homozygotes, promoting 

the persistence of different MHC alleles in the population (36, 92). One possible 

explanation why MHC heterozygotes would have a higher probability to trigger a specific 

immune response, compared to homozygous MHC genotypes, could be their presumed 

ability to present a broader array of antigenic peptides, thus increasing the probability to 

recognize at least one of them as foreign and consequently induce a targeted response. 

This quantitative explanation for heterozygote advantage has been expanded to the 

sequence level, triggered by the frequently observed excessive sequence divergence 

among MHC alleles: the divergent allele advantage hypothesis (40, 41). It assumes that 

heterozygote individuals with more divergent MHC allele combinations (i.e. higher 

number of pairwise amino acid differences along the peptide-binding domains) would 

encode for MHC molecules with greater difference in their presented peptide-repertoires. 

This would result in a more diverse array of presented peptides at the cell surface, 

conferring elevated immune-surveillance against pathogens (37, 38). An alternative 

explanation for heterozygote advantage that is not relying on quantitative differences in 

antigen presentation among MHC alleles has also been put forward. It is based purely on 

qualitative differences among MHC alleles, suggesting that heterozygosity simply 

increases the probability of carrying specific protective MHC alleles. Such qualitative 

differences among individual MHC alleles have indeed been observed in a number of 

species, including humans(32, 93, 94). However, it is unclear whether these qualitative 

differences among MHC alleles result from unique binding properties and presentation of 

critical peptides or whether they are ultimately also due to quantitative differences in the 

size of the allele-specific antigen repertoires (95). 

A significant number of studies across a range of species have provided empirical support 

for a phenotypic advantage conferred by general MHC heterozygosity (92, 96–99) as well 

as higher sequence divergence between MHC alleles (100–104).  In humans, with 

thousands of alternative alleles and by far the most comprehensively studied species with 

regard to MHC polymorphism (29, 44), empirical evidence for pathogen-mediated 

selection is surprisingly sparse. Owing to growing individual cohorts and denser 



 

 23 

genotyping approaches, the number of infectious diseases for which statistical 

associations in the MHC have been identified is increasing (69, 94, 105). However, most 

association studies assume a simple additive genetic contribution and rarely consider 

evolutionary implications of their findings, due to their focus on the underlying disease 

mechanics. One of the few exceptions is the seminal study on HIV control by Carrington 

et al. (75), showing that MHC heterozygote individuals progressed significantly slower to 

AIDS-defining conditions, CD4+ T-cell count and/or death. Indeed, the role of MHC genes 

in slowing the progression to AIDS is now well established (106). However, a recent fine 

mapping study on the association between MHC and HIV, while confirming substantial 

additive associations between various MHC alleles and HIV viral load, showed only a very 

small independent protective effect of HLA-B heterozygosity (65). Here we are therefore 

revisiting this hallmark example for MHC heterozygote advantage in humans and explore 

the relative effect of specific MHC alleles versus a general effect of zygosity on HIV control. 

We take advantage of the well-established association between MHC and HIV control to 

address the question whether MHC heterozygote advantage results from quantitative or 

qualitative differences among MHC alleles. For these goals, we use data from an 

unprecedented cohort of 6,311 HIV-1 infected Caucasian individuals and take advantage 

of well-established antigen-binding prediction algorithms for the human MHC (called 

Human Leukocyte Antigen or HLA). We predict individual-specific repertoires of HIV-1 

peptides bound by classical HLA class-I molecules (HLA-A, -B and –C), and show that 

heterozygosity at HLA-B and HLA-C but not at HLA-A is associated with viral control. 

While at HLA-B, the heterozygote advantage is potentially mediated by quantitative CTL 

mediated immune response, another mechanism seems to operate at HLA-C. 

Furthermore, we show that specific HLA alleles with very strong effects exceed the 

general heterozygote advantage against HIV-1. 

 

Results 
 

The available data comprised HLA genotype (at 4-digit allele resolution) and pre-

treatment set point viral load (spVL), an established correlate of HIV-1 control and disease 

progression (107), for 6,311 HIV-infected individuals of European descent. We focused on 

classical HLA class-I genes as they are the only genes within the MHC region reported to 

be independently associated with HIV-1 progression (65, 75). Overall 37, 69, and 27 
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alleles for HLA-A, HLA-B and HLA-C respectively were represented in the dataset (Table 

S1). We screened all possible 9mer HIV-1 peptides (N = 3,252) across the entire HIV-1 

proteome, and identified 409, 491 and 223 distinct peptides likely to be bound by one or 

more of the represented HLA-A, HLA-B and HLA-C alleles, respectively. 

 

HLA heterozygote advantage 

Initially, we aimed to replicate the HLA heterozygote advantage effect observed by 

Carrington et al. (75), since they had focused on time of progression to AIDS or death, 

while our data comprised only a proxy for the progression to AIDS (set point viral load). 

We thus tested whether heterozygosity at any of the classical HLA class-I loci was 

associated with lower viral load. Indeed, we observed a lower level of viral load in both 

HLA-B and HLA-C heterozygous individuals, compared to homozygous individuals 

(Wilcox rank sum test, P = 1.3x10-6 and P = 2.2x10-6, respectively, after correcting for 

multiple testing), while heterozygosity at HLA-A showed no statistically significant effect 

on spVL (Wilcox rank sum test, P = 0.16) (Fig. 1). The associations for HLA-B and HLA-C 

were highly significant, even though the actual effect was quite small (effect size = -0.25 

and -0.21, respectively). The HLA region is characterized by strong linkage disequilibrium 

(LD) (108–110) which can overshadow the individual effect of HLA loci on disease 

progression. In order to test whether the observed effects of HLA-B and HLA-C 

heterozygosity were independent of each other, we calculated the association of HLA-B 

heterozygosity with viral load only among HLA-C heterozygotes (N = 5748), thus 

controlling for HLA-C zygosity. This test demonstrated the effect of HLA-B heterozygosity 

to be independent of HLA-C heterozygosity (P = 0.01). Moreover following Carrington et 

al. (75), we tested if heterozygosity at multiple loci adds up to the conferred protection 

and observed that heterozygosity at two loci led to stronger resistance to disease 

progression compared to heterozygosity at only one locus (Fig. S1). Overall, these results 

suggested that our dataset was appropriate to explore the effect of HIV heterozygote 

advantage against HIV and its underlying mechanism in more detail. 
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Fig. 1. Set point viral load in HLA heterozygotes and homozygotes. Comparison of the 

set point viral load between HLA homozygous and heterozygous individuals for the three 

classical HLA class I loci. Outlier values are not shown for better visual comparison. N 

indicates the number of individuals. Bonferroni-corrected P-values from Wilcoxon rank 

sum test are shown. 

 

Divergent allele advantage 

We sought to test the hypothesis of divergent allele advantage by evaluate the relation 

between sequence divergence of an individual’s allele pair and viral load. We calculated 

pairwise sequence distance as a measure of sequence divergence between both alleles of 

a given HLA class-I locus in each individual. Sequence distance was calculated at the amino 

acid level, using Grantham scores, which proved to be the most suitable proxy for 

functional divergence in an earlier study (38). First, we saw that the sequence divergence 

between an individual’s HLA-B alleles was correlated with the divergence between HLA-

C (Pearson correlation, r = 0.26, P < 0.001) and HLA-A alleles (r = 0.07, P = 0.001) (Fig. 

S2), reflecting the gene organisation and LD pattern across the HLA class-I region. 

Following the predictions of the divergent allele advantage hypothesis, HLA-B, the locus 

with by far the strongest association to HIV control, showed a negative correlation 

between pairwise allele divergence and viral load across individuals (τ = -0.07, P = 1.3x10-

14 in HLA-B heterozygous individuals) (Fig. 2). While we found no such correlation for 

HLA-A (P = 0.11), HLA-C surprisingly showed a positive association between allele 

divergence and viral load (τ = 0.06, P = 3.2x10-12 in HLA-C heterozygous individuals). This 

would essentially indicate a divergent allele disadvantage at HLA-C, for which it is difficult 
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to conceive a plausible mechanistic scenario, and it is also at odds with the observed 

advantage for HLA-C heterozygotes described above. However, it has been shown that 

HLA-C coevolves with KIR genes (111) and does not seem to be under selection for 

contributing to diverse immunological surveillance (112). It is thus possible that this 

positive correlation is not due to quantitative differences in antigen presentation among 

HLA-C alleles, but rather due to interactions between HLA-C and KIR. Notably, even 

though HLA-B and HLA-C loci are in strong LD, the pairwise Grantham distance between 

individual’s HLA-B alleles was significantly higher than between HLA-C alleles (P < 0.001) 

(Fig. S3), supporting the notion that HLA-C is not evolving under the same selective 

constraints as HLA-B.  

 

 

Fig. 2. Sequence divergence between HLA alleles and set point viral load. Correlation 
between set point viral load (spVL) and sequence divergence between individual’s HLA-
A (Left), HLA-B (Center) and HLA-C (Right) alleles. Each dot represents a heterozygous 
individual (N = 5386, 5933 and 5742 for HLA-A, -B and -C, respectively). Kendall’s 
estimate of correlation τ and Bonferroni-corrected P-values are shown. 
 

Functional consequence of heterozygosity and allele divergence 

Observing effects of both heterozygosity and allele divergence in our data, we then asked 

whether these measures of genetic variability would indeed confer presentation of a 

broader array of HLA-bound pathogenic peptides, as hypothesized by the quantitative 

explanation for MHC heterozygote advantage. Using computational peptide-binding 

prediction, we found that heterozygosity always resulted in a broader array of bound 

peptides for all three classical HLA loci (Fig. S4). Furthermore, the number of peptides 

bound by a pair of HLA-B alleles was positively correlated with the sequence divergence 

alleles (Fig. S5). It was true for HLA-A and HLA-C as well (Fig. S5). This association 

between sequence divergence at the HLA loci and predicted functional divergence among 

HLA alleles had been reported before (37, 38). However, our present HIV dataset allowed 
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us to evaluate this association using an empirical disease phenotype. We thus tested 

whether the ability to bind more HIV-1 peptides was associated with HIV control (i.e. 

spVL). Indeed, the individual-specific number of HIV-1 peptides predicted to be bound by 

the individual’s HLA-B molecules was negatively associated with viral load (Kendall 

correlation, τ = -0.12, P = 1.0x10-47) (Fig. 3). This was also true for HLA-A and HLA-C, 

though the correlation coefficient was relatively smaller (Kendall correlation, HLA-A: τ = 

-0.04, P = 1.7x10-5; HLA-C: τ = -0.05, P = 8.8x10-8). Interestingly, the association between 

viral load and the breadth of individual-specific HLA-B bound peptides was stronger (τ = 

-0.12) than the association between viral load and allele divergence (τ = -0.07), suggesting 

that allele divergence is a useful but imperfect proxy for functional divergence among 

HLA-B alleles, at least in the case of HIV-1. 

 

 

Fig. 3. Correlation between HLA-bound peptides and set point viral load. Correlation 
between set point viral load and individual-specific breadth of HIV-1 peptides bound by 
HLA-A (Left), HLA-B (Center) and HLA-C (Right) alleles. Each dot represents an 
individual (N = 6,311). Kendall’s estimate of correlation (tau) and Bonferroni-corrected 
P-values are shown. 
 

HLA heterozygosity and within-individual evolution of HIV 

Presentation of pathogenic peptides is thought to increase the likelihood and efficiency of 

a pathogen-specific immune response. Consequently, such HLA restriction is a potential 

factor that influences the evolutionary landscape of pathogens. Specifically for HIV-1, the 

virus has been shown to acquire mutations within HLA bound peptides that can help it to 

escape immune recognition (7, 113). In this context, following the predictions of the 

quantitative heterozygote advantage hypothesis, heterozygote HLA genotypes should 

pose a broader selective pressure on the virus, leading to a larger number of escape 

mutants. Taking advantage of our unique dataset, which also comprised a limit set of 

autologous HIV-1 sequences from each individual, we performed a phylogenetic 
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comparison of these autologous HIV-1 sequences to test whether HLA heterozygosity 

leads to more pronounced within-individual evolution, possibly because of the broader 

HLA restriction. For this analysis we focused on HLA-B, the locus with strongest 

association to HIV control, and observed that virus sequences in HLA-B heterozygous 

individuals (N = 36) were indeed more diverged compared to the ones in homozygous 

individuals (N = 4) (Fig. 4A). In order to account for the unbalanced sample size, we 

permuted the individuals across zygosity groups for 1,000 times and each time re-

calculated the average divergences. This analysis showed that the observed difference is 

unlikely to be due to chance (one-tailed P = 0.028) (Fig. 4B). Nonetheless, more 

autologous HIV sequences, particularly from HLA homozygous individuals will help to 

corroborate this finding. 

  

Fig. 4. Within-individual evolution of the virus in HLA homozygotes and 
heterozygotes (A) Rooted trees of the autologous virus sequences from HLA-B 
homozygous (N = 4) and heterozygous (N = 36) individuals. We used HIV-2 as outgroup 
to identify the root during tree construction. (B) The observed difference in the mean 
root-to-tip distance in groups of HLA-B heterozygous and homozygous individuals 
resided within the top 2.8% of distance distribution of 1000 tree-pairs generated by 
permuting the individuals across zygosity groups. P-value is one-tailed. 
 

Allele-specific effects versus general heterozygote advantage 

HLA alleles are known to show differential association with HIV control ranging from risk 

to protection (65). We therefore tested the alternative hypothesis for heterozygote 
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advantage, which suggests that heterozygosity might simply increase the chances of 

carrying a particular HLA allele that binds immunogenic peptides and through that 

provides better viral control. Of 7 HLA-B alleles significantly associated with HIV control, 

4 (including B*57:01) were indeed enriched in the heterozygous state (Fig. S6), making 

this hypothesis a viable explanation. The insignificant enrichment for the other 3 alleles 

could be due to their low frequency in our dataset. We then asked what property made 

individual alleles more protective. Following the same intuition as for the quantitative 

heterozygote advantage above, they could confer protection simply by presenting more 

peptides to T-cells compared to other alleles. Alternatively, they could confer a qualitative 

advantage by presenting very specific peptides that are particularly difficult (i.e. costly) 

for the virus to mutate. We tested this point by focusing on HLA-B*57:01, the allele known 

to confer strongest resistance against disease progression (65, 114–116). We found that 

B*57:01+/- heterozygous individuals exhibited a lower viral load than B*57:01-/- 

heterozygotes (carrying any two HLA-B alleles except B*57:01) (Wilcoxon rank sum test 

P < 0.001; Fig. 5 Right). However, B*57:01+/- individuals are predicted to bind a greater 

breadth of peptides compared to B*57:01-/- heterozygous individuals (Wilcoxon rank 

sum test P < 0.001; Fig 5 Left), making it difficult to discern quantitative and qualitative 

effects of B*57:01. Yet, the allele B*57:01 alone was predicted to bind fewer HIV-1 

peptides (N = 54) than the median number of the peptides (N = 68) bound by B*57:01-/- 

heterozygous individuals (Wilcoxon rank sum test P = 0.003; Fig. 5 Left). This allowed us 

to evaluate the qualitative effect of binding specific HIV peptides on viral load while 

excluding any quantitative advantage of binding more HIV peptides. We found that 

individuals homozygous for B*57:01 also exhibited a lower viral load than B*57:01-/- 

heterozygotes (Wilcoxon rank sum test P = 0.011) (Fig. 5 Right), suggesting that binding 

of specific HIV-1 peptides provides a qualitative advantage to B*57:01. Nevertheless, 

B*57:01 is also predicted to bind the largest number of HIV-1 peptides among all tested 

HLA-B alleles (Arora et al. In press; Chapter 2), maintaining the possibility that both 

qualitative and quantitative aspects of peptide binding are contributing to the protective 

effect of this allele. 
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Fig. 5. Heterozygote advantage vs. allele-specific effect. Comparison of the number of 
bound HIV-1 peptides (Left) and set point viral load (spVL) (Right) in HLA heterozygous 
individuals not carrying HLA-B*57:01 allele, individuals carrying one copy of HLA-
B*57:01 allele and individuals homozygous for HLA-B*57:01. N indicates the number of 
individuals. Bonferroni-corrected P-values from Wilcoxon rank sum test are shown. 
 

Having established that the effect of individual HLA alleles can significantly exceed the 

effect of general zygosity, we next aimed to explore more generally the relative role of 

additive effects of HLA-B alleles versus HLA-B heterozygosity. We therefore tested 

whether the observed associations of HLA heterozygosity, sequence divergence and the 

number of bound HIV-1 peptides to viral load remained significant after accounting for 

additive effect of individual alleles. Using a regression model that included allele-specific 

effects in an additive manner, we observed qualitatively equivalent effects of HLA 

heterozygosity, sequence divergence and the number of bound peptides on viral load as 

in the absence of allele-specific effects, with a variation in viral load associated with these 

compound parameters ranging from 0.06 to 0.09 % for HLA-B (Table 1). However, it is 

also apparent that the independent effect of these compound parameters is substantially 

lower than the combined additive effects of all individual HLA-B alleles, which account for 

11.4 % of the variation in viral load (65). 

 
Table 1:  Variation in set point viral load associated with HLA-B heterozygosity, sequence 
divergence between individual’s HLA-B alleles, and individual-specific breadth of HLA-B 
bound peptides after accounting for allele-specific additive effects. 
 

 
Associated variation in spVL in % (P value) 

Locus Heterozygosity Sequence divergence Bound peptides 

HLA-B 0.06 (0.016) 0.09 (0.005) 0.09 (0.006) 
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Discussion 
 
Of all three classical HLA class-I genes tested here, heterozygosity at HLA-B and HLA-C 

was independently associated with viral control. The absence of any significant 

association between HLA-A heterozygosity and viral load suggests that the previously 

observed contribution of HLA-A heterozygosity to disease resistance (75) might be the 

consequence of its linkage disequilibrium with neighboring HLA-B and/or HLA-C loci 

(108–110). While we recapitulated the general observation that higher sequence 

divergence between an HLA allele pair could lead to a larger number of bound peptides 

(37, 38) (HIV peptides in this case), a weak association of sequence divergence with HIV-

1 viral load suggests that the number of bound peptides could be a better proxy for 

immunocompetence when focusing on a specific pathogen. 

The negative correlation between the number of HLA-B-bound peptides and viral load in 

individuals suggest that HLA-B heterozygote advantage is probably mediated via 

quantitative CTL response to a broad set of HIV-1 peptides, though empirical validation 

would substantiate the finding. Interestingly, a relatively weak negative correlation 

between HLA-C bound peptides and viral load suggests that an effector mechanism other 

than CTL-mediated quantitative immune response might be responsible for HLA-C 

heterozygote advantage. This suggestion gains additional support from the fine mapping 

study by McLaren et al. 2015 (65), where unlike for HLA-B, there were no HIV-associated 

amino-acid residues found for HLA-C. Moreover, nearly only half the peptide-repertoire 

size of HLA-C alleles, relative to HLA-A and HLA-B, allows to speculate that HLA-C might 

be evolving not to work with the vast diversity of CTLs, but other relatively less diverse 

cell types. One such cell type could be Natural Killer (NK) cells which express Killer-cell 

immunoglobulin-like receptors (KIRs) on their cell surface (117). HLA-C molecules have 

been proposed to be potent ligand of KIRs (117, 118), and specific interactions between 

HLA-C molecules and KIRs have been associated with multiple diseases, including HIV 

control (119–121). 

Pereyra et al. 2014 have shown that CD8+ T-cell targeting of specific HLA-presented 

peptides could confer viral control (122). A broader array of HLA-bound peptides in 

heterozygous individuals might increase the possibility that such peptides are presented 

on the cell surface. Moreover, even though the B*57:01 allele bound fewer HIV-1 peptides 

compared to B*57:01-/- heterozygous individuals, the superior viral control conferred by 
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B*57:01 compared to general HLA-B heterozygote advantage suggests that an HLA allele 

might bind specific disease-relevant peptides and control the disease without HLA 

binding of a broader array of peptides and being heterozygous at HLA. However, since 

B*57:01 also bound the largest number of peptides among all HLA-B alleles, we cannot 

completely rule out that the possibility of quantitative advantage of binding a large 

number of peptides contributes to its association with HIV-1 control. 

Together, these results suggest that HLA heterozygosity in an individual might confer 

advantage in multiple ways. One is the quantitative advantage through a broader HLA-

presentation of a larger number of viral peptides, which might generate a broad immune 

response. This appears to exert stronger evolutionary pressure on the virus to evolve, as 

shown by elevated sequence evolution of the virus in HLA heterozygous individuals, 

possibly resulting in replicative fitness cost. Additionally, HLA heterozygosity provides an 

advantage by making it more likely to carry certain protective HLA alleles that can present 

specific peptides to T-cells and thus confer disease-control. 

In conclusion, these results shed light on the functional basis of the protective association 

between HLA heterozygosity and HIV progression. They disentangle the role of 

quantitative and qualitative features of the HLA’s peptide-repertoire in mediating the 

immune response. These results suggest that even a single pathogen can lead to selection 

for both, HLA heterozygosity (including excessive allele divergence) as well as specific 

HLA alleles. Moreover, they lend support to HIV vaccine programs aiming to impart 

antiviral immunity using a broad yet specific array of HIV peptides. 
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Material and methods 
 

Samples and genotype data 

We analyzed data of 6,311 chronically HIV-1 infected individuals. The original data and 

thorough quality check are described in detail in McLaren et al. (65). Briefly, genome-wide 

genotype data had been collected from 8 independent GWAS studies and combined as part 

of the International Collaboration for the Genomics of HIV. Principal component analysis 

was used to infer ancestry using HapMap 3 (123) as a reference. Only samples grouping 

with HapMap Europeans were retained to ensure consistent ancestry for across samples. 

The first five principal components were used as covariates to account for residual 

population stratification in downstream analysis. SNP genotypes that had not been 

covered in original genotyping platforms were imputed with Minimac (124) using 

haplotypes from the 1,000 Genomes Project Phase 1 v3 reference panel. Imputed 

genotypes from other imputation protocols, Shapeit (125) and Impute2 (126), yielded 

highly concordant results. Imputed SNPs with low r2 score (< 0.3) or minor allele 

frequency of < 0.5% were discarded. HLA alleles (4-digit resolution) for classical class I 

loci (HLA-A, -B, -C) were imputed from genome-wide genotype data using best-guess 

genotypes. Available measurement of pre-treatment set point viral load (spVL; log10 HIV-

1 RNA copies/μl of plasma) was used as quantitative disease phenotype for all individuals 

(65). 

 

HLA binding affinity for HIV-1 peptides 

We used the NCBI accession NC_001802.1 as the reference sequence for the HIV-1 

proteome (M group subtype B). It comprised 10 proteins with sequence length ranging 

from 82 to 1435 amino acids. The Gag-Pol protein is a precursor protein that results from 

a −1 ribosomal frameshifting event in upstream Gag (127). It is cleaved by virus-encoded 

protease to produce the mature Pol protein. In our analysis, we manually trimmed the 

Gag-Pol protein sequence to Pol in order to avoid redundancy with the separate Gag 

protein. HLA class-I molecules preferentially bind and present 9mer peptides (128, 129). 

NetMHCpan v4.0 is a computational method that predicts binding affinity of 9mer 

peptides to any known HLA class I molecule (130).  The method has been trained on 

naturally eluted ligands and binding affinity data. It reports the rank of predicted binding 

affinity of HLA-peptide complexes against predicted affinity of random natural peptides. 

Using this tool, we predicted HLA allele-specific binding affinities for all 9mer peptides 
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generated from the entire HIV-1 proteome. HLA-peptide complexes with predicted 

binding affinity rank less than 0.5 were retained (corresponding to ‘strongly bound’ 

peptides) (130). The breadth of peptides bound by an individual’s HLA allele pair was 

taken as the total number of unique peptides predicted to be bound by both alleles but 

accounting for multiple occurrences of peptides in the HIV-1 proteome.  

 

Sequence divergence between alleles of HLA genotype per individual 

Sequence divergence between alleles was computed for all HLA allele pairs (genotypes) 

of HLA-A, -B and -C genes. Protein sequences of HLA alleles were taken from IMGT/HLA 

database (25). Exons 2 and 3, which are known to encode for the variable region in the 

peptide binding groove of HLA class I molecules, were obtained following the annotation 

reported in Ensemble database (131). The alignment of amino acid sequences was 

performed using MUSCLE (132), and the sites containing alignment gaps at the beginning 

or the end of sequences were removed. The genetic distances between an aligned allele 

pair were calculated based on the Grantham distance matrix (133) using custom script 

(38). The non-parametric Kendall correlation was used to test for the associations of the 

sequence divergence between individual’s HLA alleles with: (i) the set point viral load 

(spVL), (ii) the combined number of bound peptides. All p-values were adjusted for 

multiple testing across the number of loci tested. 

 

Phylogenetic comparison of autologous virus sequences 

Autologous sequences of 6 HIV-1 proteins, namely Gag, Pol, Vif, Vpr, Vpu and Nef, were 

available for 65 individuals. Due to poor quality of sequences, we concatenated these 6 

proteins in order to obtain better resolution and statistical power, and aligned using 

MAFFT v7 with default parameters (134). The alignment was optimized for maximum 

gap-free area using MaxAlign-1.1 (135), which resulted into 5 sequences for HLA-B 

homozygote and 37 for heterozygotes individuals. Maximum likelihood trees were made 

using PhyML-3.1 (136) with default parameters. The tip-to-tip distances were extracted 

using Ape-3.5 package (137) in R 3.5.1. Difference in the mean tip-to-tip distance in each 

group of individuals was taken as the observed difference in diversity. We obtained the 

statistical significance of the observed difference by permuting the individuals across the 

groups and repeating the above procedure 1000 times. P-value was taken as the number 

of times the difference in mean diversity of permutations was equal to more than the 

observed difference. 
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Association with the viral load while controlling for allele-specific effects 

The association of a variable with viral load (spVL) was calculated using linear regression 

model following McLaren et al. (65). Variation in viral load attributable to a given variable 

(heterozygosity, sequence divergence or the breadth of bound peptides) while controlling 

for allele-specific effects was calculated as the difference between adjusted-R2 values of 

the model with variable, alleles and covariates (Equation 1) and the model with alleles 

and covariates only (Equation 2). We did the analysis for each HLA class-I locus separately 

that contained all imputed alleles (N = 69 for HLA-B; N = 37 for HLA-A; N = 27 for HLA-C) 

and first five principle components of SNP variation and the cohort identity (all adopted 

from McLaren et al. (65)) as the covariates. The significance of the variable’s association 

with viral load was calculated by comparing these two models using chi-square test. 

  [Equation 1] 

   [Equation 2] 

All analyses were performed in R v3.3.3 and data was visualized using the ggplot2 v2.2.1 

package (138). 
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Supplementary data 
 
 

   

Fig. S1. Comparison of the set point viral load between individuals who are heterozygous 
for HLA-C only (N = 110), for HLA-B only (N = 295) and for both HLA-B and HLA-C (N = 
5368). P values from Wilcoxon rank sum test are shown. 
 
 

  
Fig. S2. (A) Correlation between the pairwise sequence divergence between HLA-B alleles 
and the pairwise sequence divergence between HLA-C alleles of an individual. (B) Alike 
correlation between the pairwise sequence divergence between HLA-B alleles and the 
pairwise sequence divergence between HLA-A alleles of an individual. Pearson’s estimate 
of correlation (r) and P-value are shown. 
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Fig. S3. Comparison of pairwise Grantham distance between individual’s HLA-B and 
HLA-C alleles. P value from Wilcoxon rank sum test are shown. 
 
 
 

 
Fig. S4. HLA heterozygous individuals, whether for HLA-A, HLA-B or HLA-C, bound a 
significantly greater breadth of HIV-1 peptides compared to homozygotes. 
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Fig. S5. Correlation between pairwise Grantham distance between individual’s HLA 
alleles and the breadth of bound HIV-1 peptides for HLA-A (left), HLA-B (center) and 
HLA-C (right). 
 
 
 

 
Fig. S6. Enrichment for protective HLA-B alleles in heterozygous individuals compared to 
homozygous individuals. Odds ratio (OR) and P-value from Fisher exact test are shown. 
 
 

Table S1. The HLA alleles represented in the dataset. There were 37, 69, and 27 alleles 
for HLA-A, HLA-B and HLA-C genes, respectively, that were represented in the dataset. 
 

HLA-B HLA-A HLA-C 
B07:02 A01:01 C01:02 
B07:04 A01:02 C02:02 
B07:05 A01:03 C02:06 
B08:01 A02:01 C03:02 
B13:01 A02:02 C03:03 
B13:02 A02:03 C03:04 
B14:01 A02:05 C04:01 
B14:02 A02:06 C04:03 
B15:01 A02:11 C04:07 
B15:03 A03:01 C05:01 
B15:05 A03:02 C06:02 
B15:07 A11:01 C07:01 
B15:08 A11:02 C07:02 
B15:10 A11:03 C07:04 
B15:16 A23:01 C08:01 
B15:17 A24:02 C08:02 
B15:18 A24:07 C12:02 
B15:25 A25:01 C12:03 
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B15:27 A26:01 C14:02 
B18:01 A26:08 C15:02 
B27:02 A29:01 C15:04 
B27:03 A29:02 C15:05 
B27:04 A30:01 C16:01 
B27:05 A30:02 C16:02 
B27:07 A30:04 C16:04 
B35:01 A31:01 C17:01 
B35:02 A32:01 C18:01 
B35:03 A33:01  
B35:08 A33:03  
B35:12 A34:02  
B35:17 A36:01  
B37:01 A66:01  
B38:01 A68:01  
B39:01 A68:02  
B39:06 A69:01  
B39:09 A74:01  
B39:10 A80:01  
B40:01   
B40:02   
B40:06   
B41:01   
B41:02   
B42:01   
B42:02   
B44:02   
B44:03   
B44:04   
B44:05   
B45:01   
B46:01   
B47:01   
B48:01   
B49:01   
B50:01   
B51:01   
B51:02   
B51:05   
B51:06   
B51:08   
B52:01   
B53:01   
B55:01   
B56:01   
B56:04   
B57:01   
B57:02   
B57:03   
B58:01   
B73:01   
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Chapter 2 
 

  
This chapter has been accepted for publication in PNAS (the email from PNAS is attached in Annex) 
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Introduction 
 

The classical genes of the Human Leukocyte Antigen (HLA) complex play a central role in 

the adaptive immune system. They encode for cell-surface molecules that present 

peptides to T-cells. Upon recognizing HLA-presented peptides, T-cells can initiate a 

specific immune response (139). It is important to note that HLA molecules do not 

discriminate between self- and non-self-peptides while presenting them to T-cells (23). 

Therefore, whereas the higher peptide promiscuity of an HLA molecule makes a stronger 

immune response against pathogens more likely, it also increases the possibility of 

activating autoreactive T-cells with immunogenic self-peptides. This trade-off lays down 

the basis for the concept that the advantage gained against pathogens by HLA-

presentation of a broader array of peptides comes at the risk of autoimmunity (47, 48, 69, 

70). This concept has received some indirect empirical support from the studies in non-

model organisms (13, 49, 71–73), and facilitated the consideration of pathogens and 

autoimmunity as two antagonistic selection forces operating on HLA genes, where the 

former would favor broader peptide presentation while the later would limit that. In a 

host, HLA-presentation of a broader array of peptides could be achieved in different ways. 

One is by having two different alleles of an HLA gene (heterozygous) instead of the same 

alleles (homozygous). This mechanism has been named HLA heterozygote advantage 

hypothesis (91) since it is thought to provide stronger resistance against pathogens. This 
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mechanism is considered to contribute to the unparalleled allelic diversity of classical 

HLA genes across human populations (25) (86, 105, 140, 141). It has been studied in 

multiple infections (76, 77, 96, 102, 142), of which one famous example is HIV (75). We 

previously characterized HLA heterozygote advantage against HIV and showed that, in an 

HLA heterozygous individual, HLA binding of a larger number of HIV peptides leads to 

lower viral load (Chapter 1). 

In case of autoimmune condition, Lenz et al. 2015 have suggested a possible effect of HLA 

heterozygosity on the risk of multiple autoimmune diseases including Type 1 Diabetes, 

and Rheumatoid Arthritis (58), though a thorough analysis of this effect remains to be 

done. HLA heterozygosity is considered to result in a broader array of HLA-presented 

peptides (38). However, it is not clear whether HLA heterozygosity confer the risk of 

autoimmune diseases through a broader array of HLA-bound self-peptides. Alternatively, 

HLA heterozygosity in an individual might simply make it more likely to carry those HLA 

alleles that confer risk of autoimmune diseases, since individual HLA alleles have also 

been associated with different autoimmune diseases. But, it is also not known how an HLA 

allele confer risk of autoimmune diseases. The fine-mapping of the association between 

HLA and Type 1 Diabetes (T1D) by Hu et al. 2015 has suggested a potential role of the 

peptides bound by individual alleles in determining their specific effect on T1D outcome. 

Therefore, considering that HLA-presentation of a broader array of self-peptides might 

make it more likely to activate autoreactive T-cells, we hypothesize that risk alleles bind 

a broader array of peptides than protective alleles. 

Alternatively, another hypothesis proposes that an HLA allele might confer T1D risk by 

binding specific disease-causing peptides irrespective of the overall size of its peptide-

repertoire. Indeed, antibodies against Insulin and GAD65 antigens can be observed long 

before the disease onset (143, 144), which implicates specific CD4+ T-cell epitopes in 

breaking the immune tolerance. In addition, CD4+ T-cell clones reactive to certain β-cell 

epitopes have been found in individuals with T1D (145, 146), and the adoptive transfer of 

specific autoantigen reactive CD4+ T-cells, such as the one reactive to Insulin B:9-23 

epitope (147), has been shown to induce diabetes in the mouse model of T1D. 

Here, in order to address the above mentioned issues, we took advantage of a large dataset 

on Type 1 Diabetes (T1D), an autoimmune disease that is thought to result from CD4+ T-

cell-mediated destruction of pancreatic β-cells, from Hu et al. 2015 (66). It consisted of 

HLA genotype (at 4-digit level) of 6,651 T1D cases and 9,378 controls. We first tested 

whether there is a general HLA heterozygote disadvantage in T1D. Then, we tested its 
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functional basis; whether it is due to a larger breadth of HLA-bound self-peptides in HLA 

heterozygous individuals compared to homozygous individuals, or higher likelihood of 

having risk alleles. Then we investigated the functional basis of allele-specific association 

with T1D risk or protection. We tested whether it is the size of peptide-repertoire or 

binding specific disease-causing peptides that contributes to their specific effect on T1D.  

 

Results 
 

In this study, we focused on HLA-DRB1 and HLA-DQ genes since the variation in these 

genes remain the strongest associate of T1D risk and protection to-date (66). Overall, 35 

DRB1 and 39 DQ alleles were represented in our dataset (Table S1). We first tested 

whether HLA heterozygosity at DRB1 and DQ genes was associated with T1D. We 

regressed disease status on zygosity at DRB1 and DQ genes while accounting for allele-

specific additive effects. Heterozygosity at both DRB1 and DQ was observed to be 

associated with T1D risk (Table 1). Notably, while DRB1 heterozygosity had a slightly 

larger effect on the disease than DQ heterozygosity when tested separately, the effect of 

DRB1 heterozygosity was not independent of DQ heterozygosity (Table 1), potentially 

because of high linkage disequilibrium (LD) across HLA region (108). 

 
Table 1: The association between HLA heterozygosity and T1D status. The 
association of DRB1 and DQ heterozygosity with T1D status was calculated using logistic 
regression model while accounting for the allele-specific additive effects. The coefficient 
represents the size of the effect of heterozygosity on T1D risk. 
 

 

 

 

 

 

We subsequently investigated different mechanisms that could possibly underlie this 

heterozygote disadvantage. First, we tested whether HLA-heterozygosity conferred risk 

because of a broader array of HLA-bound self-peptides in heterozygous individuals than 

homozygous individuals. We computationally predicted the binding affinity of individual 

DRB1 and DQ alleles for all possible 8,018 overlapping 15mer self-peptides derived from 

17 T1D-relevant candidate human proteins (148). We then used the default threshold on 

Heterozygous locus Coefficient P-value 

DRB1 1.55 4.2x10-10 

DQ 1.36 1.1x10-5 

DRB1 + DQ 0.9, 1.45 0.65, 0.004 
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the predicted affinity to select for the HLA-bound peptides, which resulted in 719 and 

1,030 peptides bound by one or more DRB1 and DQ alleles, respectively. It was observed 

that compared to all possible peptides, the predicted HLA-bound peptides were 

significantly enriched for already known T1D-associated CD4+ T-cell epitopes present in 

the IEDB database (OR = 1.6 and P < 0.001). This suggested that the predicted HLA-bound 

peptides were relevant to T1D (Fig. 1 Left). We then compared the size of individual-

specific peptide-repertoires between HLA heterozygous and homozygous individuals. 

Heterozygosity at DRB1 or DQ in an individual led to a broader peptide-repertoire than 

homozygosity at these genes (Wilcoxon rank sum test P < 0.0001 for DRB1 and DQ; Fig. 1 

Center), which remained true even after controlling for heterozygosity at the other of 

these two genes (Wilcoxon rank sum test P < 0.0001 for DRB1 and DQ). Now, given that 

HLA heterozygosity confers T1D risk and leads to a broader array of HLA-bound peptides 

in an individual, we hypothesized that T1D cases should have a broader array of HLA-

bound peptides than controls. We tested this and found that individual-specific peptide-

repertoire bound by individual’s DRB1 alleles was larger in cases than controls (Wilcoxon 

rank sum test P < 0.0001 for DRB1 and DQ; Fig. 1 Right). However, individual-specific 

peptide-repertoire bound by DQ alleles was significantly smaller in cases than controls 

(Wilcoxon rank sum test P < 0.0001 for DRB1 and DQ; Fig. 1 Right). The opposite effect 

of the breadth of peptides bound by DRB1 and DQ on the disease risk might not conflict 

as it has been suggested that DQ molecules preferentially bind those peptides which 

induce immune tolerance (149), implying that the smaller the number of DQ-bound 

peptides is, the less likely the immune tolerance to self-peptides would be. 

 

     

Fig. 1: HLA-bound peptides. (Left) Predicted HLA-bound peptides were enriched for  
known T1D-associated epitopes present in IEDB database. Odds ratio (OR) and P-value 
from Fisher exact test are shown. (Center) Both DRB1 and DQ heterozygosity resulted in 
a broader individual-specific peptide-repertoire. (Right) Individual-specific peptide-
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repertoire defined by individual’s DRB1 alleles was significantly larger in T1D cases than 
in controls, while an opposite trend was observed for DQ. P-values from Wilcoxon rank-
sum test is shown. 
 
Next, we tested the alternative hypothesis that HLA heterozygosity confers risk by making 

it more likely to carry T1D risk alleles. We first calculated the association of individual 

HLA alleles with T1D. There were 6 DRB1 and 4 DQ alleles that were nominally associated 

with the T1D risk (Fig. S1), of which 5 DRB1 and 2 DQ risk alleles were enriched in HLA 

heterozygosity (Fig. S1), supporting that the hypothesis was true. Next, we investigated 

the functional basis of T1D risk conferred by DRB1 and DQ alleles. We first tested whether 

risk alleles bind a broader array of peptides compared to protective alleles. We observed 

no significant difference in the size of peptide-repertoire of risk and protective alleles of 

both DRB1 and DQ genes (Fig. 2 Left). Then we sought which other properties of risk 

alleles could explain their association with T1D and distinguish them from protective 

alleles. T1D is thought to result from action of β-cell antigen-specific autoreactive T-cells 

activated by recognizing HLA-presented self-peptides (150). In an ideal situation, 

autoreactive T-cells should not exist in the mature peripheral T-cell repertoire due to 

negative T-cell selection in the thymus, though their presence have been shown even in 

healthy individuals (24), indicating that autoreactive T-cells can escape their negative 

selection in thymus. Several reasons linked to the peptide-affinity of HLA molecules have 

been put forward e.g. unstable HLA-self-peptide complex (151), or poor HLA-presentation 

of self-peptides to naïve T-cells. So, we tested if risk alleles bind peptides with different 

affinity than protective alleles. The risk alleles of both DRB1 and DQ genes exhibited lower 

peptide-binding affinity than protective alleles (Wilcoxon rank sum test P < 0.0001 for 

DRB1 and DQ; Fig. 2 Right). We further tested if the observed insignificant difference in 

size of the peptide-repertoire and significantly different peptide-binding affinity of risk 

and protective alleles were specific to T1D-relevant candidate proteins used in this study. 

We randomly sampled human, bacterial and viral proteins (1,000 for each) and calculated 

allele-specific peptide-repertoire from them. In all three cases of human, bacterial and 

viral proteins, the size of the peptide-repertoire of risk alleles was not significantly 

different from protective alleles (P > 0.05 for DRB1 and DQ, and for human, bacterial and 

viral proteins; Fig. S2), and risk alleles exhibited lower affinity than protective alleles (P 

< 0.0001 for DRB1 and DQ, and for human, bacterial and viral proteins; Fig. S3).  This 

suggests that indifferent size of peptide-repertoire of risk and protective alleles and the 
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lower peptide-binding affinity of risk alleles than protective alleles are their general 

characteristics. 

 

Fig. 2: Peptide-repertoire of T1D-associated HLA alleles. (Left) The number of 
peptides derived from candidate T1D-relevant proteins (N = 17) and bound by risk and 
protective alleles of DRB1 and DQ genes. (Right) The binding-affinity of risk and 
protective alleles of DRB1 and DQ genes for the bound peptides. P-values from Wilcoxon 
rank-sum test is shown. 
 

The aggregation of multiple autoimmune diseases even within individuals is not an 

uncommon phenomenon (152). Genome wide association studies (GWASs) have linked 

variation in HLA class-II region with multiple autoimmune disease including T1D, 

Rheumatoid Arthritis (RA) and Systemic Lupus Erythematosus (SLE) (62, 153). In 

addition, disease-associated variation across these autoimmune diseases have been 

shown to lie inside the peptide-binding groove of HLA molecules (55, 66, 79), which has 

resulted in the association of multiple DRB1 and DQ alleles diseases with more than one 

autoimmune disease. Although the alleles have been associated with differential effect, 

possibly due to different disease-causing antigens they bind, the sharing of alleles 

provides an evidence of shared immunological characteristics. Therefore, we tested if our 

findings from T1D could be extended to RA and SLE, and if the differential association of 

alleles could be explained by the size of their peptide-repertoire or peptide-binding 

affinity. Here, we focused on the alleles of DRB1 gene only, because the alleles of DQA1 

and DQB1 chains have mostly been separately associated across these diseases (62) and 

the prediction of DQ-bound peptides requires both chains, complicating the analysis. 

Moreover, since the identity of the self-proteins containing epitopes relevant for RA and 

SLE is not known, we took HLA class-II restricted antigens with positive T-cell assay for 
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T1D, RA and SLE present in IEDB database and predicted DRB1-bound 15mer peptides 

from them (designated as epitopes here onwards). Considering that the common disease-

associated HLA alleles are more likely to be studied than others and they had larger 

empirical affinity data for training in peptide-binding prediction method that was used 

here (154) (Fig. S3), we restricted our analysis to the highly significantly disease-

associated alleles that were shared between at-least 2 diseases and predicted to bind at-

least 5 epitopes. On average, DRB1 alleles associated with risk of RA (DRB1*04:01), SLE 

(DRB1*03:01) or T1D (DRB1*03:01, DRB1*04:01) had lower peptide-affinity than the 

alleles associated with protection from these diseases (DRB1*13:01 and DRB1*15:01 for 

RA and T1D; Wilcoxon rank sum test P = 4.6x10-12; Fig. 3 Left). The allele-specific 

comparison across these autoimmune diseases also suggested that an allele might confer 

risk of an autoimmune disease by binding the epitopes of that disease with low affinity 

(Fig. 3 Right). In order to make sure that predicted affinity between DRB1 alleles and 

IEDB epitopes is not specific to these epitopes, we predicted the affinity of these alleles 

for the peptides derived from randomly sampled human proteins (N = 1,000), which 

suggested that variation in the predicted affinity between DRB1 alleles and IEDB epitopes 

reflects their general affinity range (Fig. 3 Right). The peptide-affinity of DRB1:1501 

across these diseases is of particular interest here. It confers SLE risk and bound SLE 

epitopes with lower affinity than RA and T1D epitopes which it conferred protection 

(ANOVA P = 0.018; Fig. 3 Right). 

 

     

Fig. 3: Peptide-binding affinity of DRB1 alleles associated with multiple 
autoimmune diseases. (Left) The comparison of predicted peptide-binding affinity 
between DRB1 alleles associated with risk and protection from Rheumatoid Arthritis 
(RA), Systemic lupus (SLE) and Type 1 Diabetes (T1D). P-value from Wilcoxon rank sum 
test is shown. (Right) The peptide-binding affinity of individual common disease-
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associated DRB1 alleles for the epitopes associated with RA, SLE, T1D and the peptides 
derived from randomly taken human proteins (N = 1,000) is shown (rand). The disease-
associated epitopes were taken from the IEDB database and the human proteins were 
taken from UniProt database. Plus “+” sign shows the mean values. P-values from ANOVA 
is shown. 
 
Next, we tested the hypothesis that risk alleles confer risk because they bind specific 

disease-causing peptides. Post-translational modification (PTM) of proteins can generate 

neo-peptides for which central and peripheral tolerance might not exist. Deamidation is a 

type of PTM which is triggered by cellular stress and takes places in endoplasmic 

reticulum (ER) (155). Deamidation is considered not to take place in thymus during T-cell 

maturation, suggesting that deamidated peptides (neo-peptides) might be the potential 

target of immune response (156). Pancreatic β-cells specialize in their function of insulin 

production. Due to being not very large in number and high turn-over rate, they are prone 

to ER stress (157). Deamidated peptides from β-cell antigens have been shown to be 

bound by T1D risk alleles(158, 159) and recognized by the T-cell from individuals with 

T1D (160). Therefore, we tested whether risk alleles differ from protective alleles in their 

binding of deamidated-peptides. Following Vader et al. (161), we simulated the 

deamidation of candidate T1D-relevant proteins and predicted 120 and 240 deamidated 

peptides that were bound by DRB1 and DQ alleles, respectively. The binding of a larger 

number of deamidated-peptides by DQ alleles reflects their known strong preference for 

the negatively charged deamidated residues (162, 163). While DRB1 risk and protective 

alleles did not differ significantly in the number of bound deamidated-peptides and the 

affinity for them (Fig. 4), DQ risk alleles bound a larger number of deamidated peptides 

and with slightly lower affinity than protective alleles (Wilcoxon rank sum test P = 0.008 

and P < 0.0001 for the number of peptides and affinity, respectively; Fig. 4). 
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Fig. 4: Deamidated peptide-repertoire of T1D-associated HLA alleles. (Left) The 
number of deamidated peptides simulated from candidate T1D-relevant proteins (N = 17) 
and bound by risk and protective alleles of DRB1 and DQ genes. (Right) The binding 
affinity of risk and protective alleles of DRB1 and DQ genes for deamidated peptides. P-
values from Wilcoxon rank-sum test is shown. 

 

Discussion 
 

We tested whether the heterozygosity at HLA-DRB1 and HLA-DQ genes confer T1D risk 

in addition to allele-specific effects. We observed HLA heterozygote disadvantage for both 

DRB1 and DQ genes. Both DRB1 and DQ heterozygosity resulted in a broader array of 

HLA-bound self-peptides. A broader array of DRB1-bound peptides in T1D cases than 

controls suggests the quantity of DRB1-bound peptides might contribute to DRB1 

heterozygote disadvantage. Interestingly, DQ genotype (combination of both alleles) 

bound a smaller number of peptides in T1D cases than controls. This is in agreement with 

the previously shown association between the induction of immune tolerance and DQ-

presented peptides (149). The opposite trend for the number of DQ-bound peptides in 

heterozygotes and cases suggests that the basis of DQ heterozygote disadvantage might 

be more complex than mere the number of HLA-bound self-peptides. As Lenz et al. 2015 

have shown that the interactions between the alleles of DQ gene in heterozygote 

individuals might confer additional risk of T1D (58), there might be additional factors 

contributing to HLA heterozygote disadvantage. 

In addition, DRB1 and DQ heterozygosity in an individual led to the higher likelihood of 

carrying T1D risk-associated alleles. This might, at-least partly, also be due to the 

presence of a large number of HLA alleles at intermediate frequency and the excess of 
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heterozygosity. Further, in order to understand the functional basis of the specific 

association of risk and protective alleles with T1D, we compared the size of peptide-

repertoire and the peptide-binding affinity of risk and protective alleles. The insignificant 

difference in the size of peptide-repertoire derived from candidate T1D-relevant beta-cell 

proteins does not lend support to the hypothesis that alleles confer T1D risk because they 

bind a broader array of self-peptides. Rather, the lower peptide-binding affinity of risk 

alleles compared to protective alleles suggests the peptide-binding affinity as a potential 

determinant of the effect of individual alleles on T1D risk. Some studies have suggested 

that the affinity between a peptide and an HLA molecule might affect the interaction of 

peptide-HLA complex with T-cells (164, 165), and low avidity interaction of immature T-

cells with self-peptide-HLA complex is required for their survival in thymus (23).  

This leads to the speculation that HLA alleles with low peptide-binding affinity might form 

unstable complexes with self-peptides that do not allow efficient removal of autoreactive 

T-cells in thymus. Such autoreactive T-cells in periphery might get activated by non-

genetic triggers e.g. the infections with pathogens (166–168). We found the sequence 

homology between predicted T1D-associated epitopes and the Heat shock proteins in P. 

tuberculosis. This bring forward the possibility that the immune response initiated 

against the pathogens containing self-mimicking epitopes might spread to self-epitopes 

(166, 169), possibly leading to an overt autoimmune disease.  

Furthermore, the comparison of peptide-binding affinity of DRB1 alleles across multiple 

autoimmune diseases shed light on the functional basis of their differential association. 

The particular case of DRB1*15:01 illustrates how an allele, which confer protection from 

RA and T1D by binding their epitopes with higher affinity, could have opposite outcome 

in SLE by binding SLE epitopes with lower affinity. In addition, we tested the alternative 

hypothesis that alleles confer T1D risk by binding specific disease-causing peptides. One 

such type of peptides could be represented by deamidated peptides, which results from 

the enzymatic post-translational modification of the proteins in endoplasmic reticulum 

triggered by the cellular stress. As deamidation is considered not to take place in thymus, 

deamidated peptides could be viewed as foreign by the immune system (156), making 

them a potential target of the immune response. We observed that the risk alleles bound 

a large number of deamidated peptides. As discussed above for the self-mimicking 

pathogen-derived peptides, the sequence homology between self and deamidated 

peptides might allow the immune response to get triggered by deamidated peptides and 

later shift to native self-peptides over the course of the disease (170). 
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Overall, the findings in this study provided an empirical evidence for the HLA 

heterozygote disadvantage in T1D. Considering the similarities in the etiology among 

autoimmune diseases (62, 153), it is probable that HLA heterozygosity contribute to the 

risk of other autoimmune diseases with the similar mechanisms as in T1D, but, of course, 

additional studies focused on individual diseases are required to validate this proposition. 

The findings also suggest that multiple factors, a large breadth of HLA-bound self-peptides 

and higher likelihood of carrying specific risk alleles, can contribute to the HLA 

heterozygote disadvantage. Additional work would be needed to elucidate other possible 

factors. In addition, the findings also provided low peptide-binding affinity and particular 

disease-causing peptides as the possible basis for the association of individual HLA alleles 

with T1D risk. 
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Material and methods 
 

Samples and genotype data 

We analyzed data of 16,086 samples (6,670 T1D cases and 9416 controls) from Type 1 

Diabetes Genetics Consortium (T1DGC). The original data and the detailed quality check 

are described in detail in Hu et al. (66). Briefly, the samples were collected from 13 regions 

and genotyped on Immunochip array. HLA alleles (best-guess genotypes at 4-digit 

resolution) for classical class I (HLA-A, -B, -C) and class II loci (HLA-DRB1, -DQA1, -DQB1, 

-DPA1, -DPB1) were imputed from genome-wide genotype data using SNP2HLA and a 

reference panel of 5,225 individuals of European ancestry (171). Overall, 35 and 39 alleles 

of HLA-DRB1 and HLA-DQ genes were represented in our dataset, respectively (Table 

S1). 

 

Affinity between HLA and peptides 

The sequences of all human proteins were taken from UniProt database (172). We used 

NetMHCIIpan v3.2 (154) for calculating the binding affinity between HLA class-II alleles 

and peptides. It is a neural network based computational method that predicts binding 

affinity of peptides of variable length to any known HLA class II molecule. It also reports 

the rank of predicted binding affinity of HLA-peptide complexes against predicted affinity 

of 200,000 random natural peptides. Using this method, we predicted HLA DRB1 and DQ 

allele-specific binding affinities for all 15mer peptides generated from given set of 

proteins. We used the default cutoff of 2 on the %rank of predicted affinity to select for 

HLA-bound peptides. The breadth of peptides bound by an individual’s HLA allele pair 

was taken as the total number of unique peptides predicted to be bound by both alleles. 
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Supplementary data 

 

 
Table S1. HLA-DRB1 and HLA-DQ alleles represented in our dataset. 
 

DRB1 (N = 35) DQ (N = 39) 
HLA-DRB1-0101 HLA-DQA10501-DQB10201 
HLA-DRB1-0102 HLA-DQA10201-DQB10402 
HLA-DRB1-0103 HLA-DQA10501-DQB10301 
HLA-DRB1-0301 HLA-DQA10101-DQB10501 
HLA-DRB1-0401 HLA-DQA10301-DQB10301 
HLA-DRB1-0402 HLA-DQA10301-DQB10303 
HLA-DRB1-0403 HLA-DQA10103-DQB10603 
HLA-DRB1-0404 HLA-DQA10102-DQB10603 
HLA-DRB1-0405 HLA-DQA10401-DQB10402 
HLA-DRB1-0406 HLA-DQA10301-DQB10302 
HLA-DRB1-0407 HLA-DQA10201-DQB10202 
HLA-DRB1-0408 HLA-DQA10102-DQB10602 
HLA-DRB1-0701 HLA-DQA10101-DQB10503 
HLA-DRB1-0801 HLA-DQA10201-DQB10303 
HLA-DRB1-0802 HLA-DQA10102-DQB10504 
HLA-DRB1-0803 HLA-DQA10102-DQB10609 
HLA-DRB1-0804 HLA-DQA10103-DQB10601 
HLA-DRB1-0901 HLA-DQA10102-DQB10604 
HLA-DRB1-1001 HLA-DQA10101-DQB10602 
HLA-DRB1-1101 HLA-DQA10501-DQB10302 
HLA-DRB1-1102 HLA-DQA10102-DQB10502 
HLA-DRB1-1103 HLA-DQA10601-DQB10301 
HLA-DRB1-1104 HLA-DQA10102-DQB10501 
HLA-DRB1-1201 HLA-DQA10102-DQB10201 
HLA-DRB1-1301 HLA-DQA10201-DQB10201 
HLA-DRB1-1302 HLA-DQA10301-DQB10201 
HLA-DRB1-1303 HLA-DQA10301-DQB10304 
HLA-DRB1-1401 HLA-DQA10401-DQB10301 
HLA-DRB1-1402 HLA-DQA10102-DQB10601 
HLA-DRB1-1404 HLA-DQA10501-DQB10202 
HLA-DRB1-1501 HLA-DQA10101-DQB10502 
HLA-DRB1-1502 HLA-DQA10103-DQB10602 
HLA-DRB1-1503 HLA-DQA10301-DQB10402 
HLA-DRB1-1601 HLA-DQA10201-DQB10301 
HLA-DRB1-1602 HLA-DQA10301-DQB10603 
 HLA-DQA10103-DQB10503 

HLA-DQA10301-DQB10602 
HLA-DQA10201-DQB10302 
HLA-DQA10301-DQB10502 
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Fig S1. Enrichment for T1D risk-associated HLA-DRB1 and HLA-DQ alleles in 
heterozygous individuals compared to homozygous individuals. Odds ratio (OR) and P-
value from Fisher exact test are shown. 
 

 

 
Fig. S2: Peptide-repertoire of T1D-associated HLA alleles derived from random 
proteins. The number of peptides derived from randomly samples human, bacterial and 
viral proteins and bound by risk and protective alleles of DRB1 and DQ genes is shown. P-
value from Wilcoxon rank-sum test and without correction for multiple testing is shown. 
 

 

 
Fig. S3: Peptide-binding affinity of T1D-associated HLA alleles. The binding affinity of 
risk and protective alleles of DRB1 and DQ genes for the peptides derived from randomly 
samples human, bacterial and viral proteins is shown. P-value from Wilcoxon rank-sum 
test is shown. 
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Fig S3. The count of empirical affinity data for DRB1 alleles in training data of 

NetMHCIIpan v3.2. 
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Introduction 
 
Type-1 Diabetes (T1D) is a highly heritable autoimmune disease that results from the 

chronic loss of insulin-producing β-cells in the islets of pancreas. According to the 2015 

report of International Diabetes Foundation (173), T1D is increasing by 3% every year, 

particularly in the age group of 0-14 years, and there is no available cure to date. The 

situation represents a major health challenge. It is thought that T1D involves T cell-

mediated destruction of β-cells (150). T1D patients commonly show antibodies against 

islet proteins months to years before disease symptoms (143). These autoantibodies are 

used as the biomarkers of T1D-associated autoimmunity (143, 150). Notably, the 

appearance of autoantibodies reflects the presentation of autoantigens by HLA molecules 

on B-cells and antigen presenting cells, and the subsequent activation of autoantigen-

specific T-cells. In fact, genome wide association studies (GWASs) have associated T1D 

susceptibility to >50 loci (54), with particularly the largest association seen for Human 

Leukocyte Antigen (HLA) locus. HLA genes encode for cell surface molecules that present 

intra- and extra-cellular peptides to T-cells and mediate the immune response. Besides 

the strong association of these loci, we know little about the functional basis of T1D 

pathology (81). The fine mapping of GWAS association between T1D and HLA has linked 

T1D susceptibility to three independent amino acid residues in HLA-DRB1 and HLA-DQ 

genes (66). These residues were localized inside the peptide-binding groove and 

accounted for 26.9% of variation in the disease status (66), lending a strong support to a 
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major contribution of DRB1 and DQ bound epitopes in disease risk. The existing methods 

like profiling autoantibodies targeting islet antigens and islet reactive CD4+ T-cells in T1D 

patients, non-obese diabetic (NOD) mice models etc. have enabled the discovery of a 

number of the candidate proteins that contain potential epitopes (Di Lorenzo et al. 2007). 

However, the precise identity and significance of disease-relevant epitopes remains 

largely unknown (174). One major reason is that an HLA molecule can bind a very large 

number of peptides (37), and therefore it would require a full-factorial experimental assay 

to screen those peptides that can bind disease-relevant HLA alleles. Such an assay has 

been unmanageable to date that puts the hurdle to precisely identify disease-relevant 

epitopes derived from given proteins. To this end, we used a computational approach to 

find T1D-associated epitopes and performed our previously established Peptidome-wide 

Association Study (PepWAS) on 6,651 T1D cases and 9,378 controls to interrogate 8,018 

15mer peptides derived from 17 candidate β-cell proteins. PepWAS identified and 

prioritized a core set of T1D-associated epitopes bound by DRB and DQ alleles. The 

difference between cases and controls in the breadth of individual-specific repertoire 

made of these epitopes accounted for even more deviance in disease status compared to 

previously T1D-associated genetic variants. 

 

Results 
 
Prediction of HLA-bound peptides 

The fate of naïve T-cells depends on their interaction with self-peptide-HLA complex in 

thymus. T-cells that interact strongly with self-peptide-HLA complex are removed so as 

to avoid auto-reactivity in the later stage of life, though the process is not foolproof. The 

strength of the interaction depends on the stability of self-peptide-HLA complex, which 

itself is affected by the binding affinity between self-peptides and HLA (164, 165). Since 

the HLA-binding affinity range that allows the survival of naïve T-cell is not known and it 

is quite permissive, we started without any a-priori assumption over the strength of the 

binding affinity between HLA and potential T1D-associated epitopes. We predicted the 

binding affinity for each of 35 HLA-DRB1 and 39 HLA-DQ alleles represented in the 

dataset (Table S1) with all 8,018 possible 15mer peptides derived from 17 β-cell proteins 

with potential implication in T1D (148). In order to select for HLA-bound peptides, we 

used a model that regressed the disease status on the number of bound peptides in each 

individual that lie within a given window of the rank of predicted binding affinity against 
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random peptides (see methods). We screened the windows of different sizes to select for 

the one that maximized the enrichment for previously known T1D-associated epitopes 

taken from Lorenzo et al. (174) and the IEDB database, and the fit of the model. This 

revealed the rank window of 0 to 1 as the best suited to these criteria (Fig. S1). We then 

took those peptides to be bound by DRB1 and DQ alleles within this rank range, resulting 

in 408 and 639 peptides to be bound by one or more DRB1 and DQ alleles, respectively. 

The selected peptides were significantly enriched for known T1D-associated epitopes 

compared to all possible 8,018 peptides (Fisher exact test OR = 1.44, P = 0.001, Fig. 1 Left).  

 

    

Fig. 1. HLA-bound peptides and accounted deviance in disease. (Left) The predicted 
HLA-DRB1- and HLA-DQ-bound peptides were significantly enriched for known T1D-
associated epitopes taken from previous literature and the IEDB database. The odds ratio 
(OR) and P-value from fisher exact test are shown. (Right) The deviance in T1D status 
accounted for by T1D-assocaited amino-acid residues in DRB1 and DQ in Hu et al. 2015, 
predicted individual-specific repertoires of all peptides bound by DRB1-DQ haplotype, 
DRB1 and DQ genes additively, known T1D-associated epitopes from the IEDB database, 
predicted T1D risk and protection-associated epitopes bound by DRB1, DQ and trans-
encoded DQ, as well as with predicted deamidated epitopes. 
  

Deviance in disease status associated with bound peptides 

We tested whether the individual-specific repertoire of HLA-bound peptides, which is 

taken as the total number of unique peptides predicted to be bound by the HLA alleles of 

an individual, was associated with disease. We first focused on previously known T1D-

associated antigens taken from Lorenzo et al. (174) and IEDB database, of which 102 and 

151 were represented in the predicted DRB1- and DQ-bound peptides. The individual-

specific peptide-repertoire derived from known T1D-associated epitopes bound by DRB1 

and DQ alleles additively accounted for 3.9% deviance in disease (Fig. 1 Right). It was 
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significantly lower than 26.9% associated with T1D-associated amino-acid residues in 

these genes, suggesting that a majority of T1D-associated epitopes that underlie genetic 

association remains missing. Majority of studies have so-far associated T1D risk with 

specific HLA-DRB1-DQ haplotypes (54, 66) as the extensive linkage disequilibrium  (LD) 

across the HLA region hampers the estimation of gene-specific contribution in the disease 

(175, 176). The predicted HLA-specific peptide-repertoire allowed us to approximate this. 

The individual-specific peptide-repertoire defined by HLA-DRB1-DQ haplotypes 

accounted for 1.1% of deviance in disease, while the one defined by individual’s DRB1 and 

DQ alleles separately accounted for 1.9% and 3.7% of deviance in disease status, 

respectively (Fig. 1 Right). Interestingly, additively DRB1 and DQ accounted for 4.6% of 

deviance. 

 

Prediction of T1D-associated epitopes 

The accounted deviance was still lower than 26.9% associated with amino acid residues 

ins DRB1 and DQ genes (66), suggesting that the predicted peptide-repertoires still 

contained peptides irrelevant for the association between HLA and T1D. In order to select 

for T1D-associated peptides, we used our Peptidome-wide Association Study (PepWAS) 

approach that allows screening any set of HLA-bound peptides for their relevance with 

disease phenotype (see methods and chapter 2). Of 408 and 639 predicted DRB1- and DQ-

bound peptides, respectively, PepWAS predicted 346 and 399 to be significantly 

associated with T1D. Subsequently, we merged the nested peptides, narrowing down the 

predicted repertoire to 233 and 322 for DRB1 and DQ, respectively (Fig. 2, Table S2 and 

S3). Here onwards, we will designate these peptides as predicted T1D-associated epitopes. 

Notably, on average, an individual’s DQ alleles bound nearly twice as many T1D-

associated epitopes as bound by DRB1 alleles (138 ±27 vs. 74 ±16; Wilcoxon rank sum 

test P < 0.001) (Fig. S2), which potentially explains the stronger association of DQ amino-

acid residues with T1D compared to DRB1. We then evaluated the goodness of predicted 

T1D-associated epitopes. First, upon permuting the disease status of individuals, none of 

HLA-bound peptides showed significant association with T1D. Second, we hypothesized 

that candidate β-cell proteins should contain more T1D risk-associated epitopes than any 

randomly sampled human proteins. We compared the proportion of risk-associated 

epitopes derived from 7 candidate proteins, which did not contain any already known 

epitopes, with the predicted risk-associated epitopes from 7 proteins sampled from 300 

random human proteins. Upon repeating this for 10,000 times, we observed that the 
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observed proportion of risk-associated epitopes in candidate proteins was unlikely to be 

observed in random human proteins (P < 0.01 for both DRB1 and DQ) (Fig. S3). Moreover, 

our approach was able to predict four epitopes within recently discovered PTPRN142-159 

islet autoantigen (177). While the autoantigen was eluted from high risk conferring DQ 

alleles, T-cell response was observed against it in only 2 of 21 T1D patients (177), which 

is in agreement with the observed odds ratio of the predicted epitopes (OR < 1). Together, 

these evidences confirmed the specificity of our approach and the relevance of predicted 

epitope-repertoires for T1D. 

 

 

Fig. 2. Epitope-specific association with T1D. (A-C) Predicted DRB1-, DQ- and trans-
encoded DQ-bound epitopes were differentially associated with T1D. Height of the bar 
represents epitope’s odds ratio, while the color reflects its effect on T1D, either risk (red) 
or protection (blue). Note that epitopes’ effect is estimated separately and, therefore, are 
not independent. DCE2 (also known as GAD2) (A), ZNT8 (B) and deamidated DCE2 (C) 
proteins are shown as representative examples, together with information on predicted 
binding for the top 2 protective and 2 risk HLA alleles and whether predicted epitopes are 
known epitopes in the IEDB database. The predicted epitopes for other candidate proteins 
are listed in tables S2-S7. 
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Deviance in disease status associated with predicted T1D-associated epitopes 

We then tested whether predicted T1D-associated epitopes accounted for a larger 

deviance in disease than previously known epitopes and all HLA-bound peptides. In an 

additive manner, individual-specific repertoires of T1D risk and protection-associated 

epitopes bound by DQ accounted for 22.2% of deviance in disease (Fig. 1 Right). 

Similarly, individual-specific T1D-associated epitopes bound by DRB1 additively 

accounted for 24% of deviance (Fig. 1 Right). The risk- and protection-associated 

epitopes bound by DRB1 and DQ together accounted for 29.2% of the deviance in disease, 

which was nearly 2% more than T1D-associated amino-acid residues in DRB1 and DQ. 

Interestingly, among predicted DRB1-bound T1D-associated epitopes, the highest risk 

(OR > 5) was associated with the peptides derived from G6PC2, Islet cell autoantigen-1 

and Heat-shock 70 proteins, while among DQ-bound T1D-associated epitopes, the highest 

risk (OR > 6) was associated with the peptides derived from PDX1, GFAP, Insulin and 

PTPR2 (Table S2 and S3). Moreover, specific combinations of DQ alleles have been 

shown to exert non-additive and interaction effect which confer additional T1D risk (58, 

66). One proposed mechanism for that was the presentation of self-epitopes by trans-

encoded DQ molecules in DQ heterozygous individuals. We therefore screened all 

peptides bound by trans-encoded DQ alleles (N = 112) represented in our dataset. 

PepWAS predicted 500 T1D-associated epitopes bound by one or more trans-encoded DQ 

alleles (Table S4). In an additive manner, predicted individual-specific repertoires of 

T1D-associated epitopes bound by DRB1, DQ and trans-encoded DQ molecules together 

accounted for 30.2% of deviance in disease (Fig. 1 Right). 

 

Prediction of T1D-associated deamidated epitopes 

Post-translational modification (PTM) of proteins can generate neo-peptides for which 

central and peripheral tolerance might not exist, making them potential trigger of 

autoimmunity in several diseases (178). One particular PTM of interest in T1D is 

deamidation, a cell stress-induced PTM by Tissue transglutaminase (tTG) enzyme in 

endoplasmic reticulum (155). HLA-DQ molecules, specifically DQ2/DQ8 alleles which are 

associated with the high risk of celiac disease and T1D, have been shown to preferentially 

bind deamidated peptides (159, 161). Moreover, certain DQ2/DQ8-bound deamidated 

peptides recognized by autoreactive T-cells have been eluted from a limited number of 

islet autoantigens (159). In order to complement these previous efforts, we screened for 

all T1D-associated deamidated peptides derived from candidate β-cell proteins. 
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Following Vader et al. (161), we simulated deamidation of candidate proteins with 85% 

concordance with previously discovered deamidated peptides (24 out of 28 peptides from 

Lummel et al.) from islet autoantigens (159). Overall, 36, 151 and 167 deamidated 

peptides were predicted to be bound by DRB1, DQ and trans-encoded DQ, respectively. Of 

them, PepWAS predicted 20, 94 and 124 T1D-associated epitopes bound by DRB1, DQ and 

trans-encoded DQ, respectively (Fig. 2C, Tables S5, S6 and S7). Of all cis and trans-

encoded DQ-bound T1D-associated deamidated epitopes, 60% (56/94) and 51% 

(63/124) were bound by cis- and trans-encoded DQ2/DQ8 alleles respectively, 

corresponding with their preference for negatively charged deamidated residues (159, 

162). Together with native T1D-associated epitopes, the individual-specific repertoire of 

T1D-associated deamidated-epitopes accounted for 33.1% of deviance in disease (Fig. 1 

Right), notably, which even exceeded 29.6% associated with HLA-DRB1-DQ haplotype. 

 

Molecular mimicry between pathogen-derived peptides and predicted epitopes 

Pathogens have been linked to T1D for more than a century (93, 179). They have been 

postulated as the trigger of autoimmunity because of their molecular homogeneity with 

the self-epitopes, though the evidences remain circumstantial (166, 168). We tested 16 

pathogens (Table S8) with potentially association with T1D for the signature of 

molecular mimicry with T1D-associated epitopes. Of all the tested pathogens, peptides 

derived from Bovine insulin and heat shock proteins 60 and 70 (Hsp60 and Hsp70) of P. 

tuberculosis showed complete similarity with the full-length T1D-associated epitopes. 

HSPs are housekeeping proteins that are evolutionary conserved across eukaryotes and 

prokaryotes. Both Hsp60 and Hsp70 are immunogenic proteins and have been linked to a 

variety of autoimmune diseases (180). In addition, these genes are over-expressed in β-

cells relative to other cells in the islets (181). We compared the median HLA affinity of 

pathogen-derived peptides and their matched T1D-assocaiged epitopes. In case of DQ, all 

mimicking pathogen-derived peptides had higher HLA-binding affinity than 

corresponding T1D risk-associated self-epitopes, while no unidirectional trend for those 

mimicking protection-associated epitopes (Fig. 3). On the other side, all DRB1-bound 

pathogen-derived peptides mimicking self-epitopes showed lower HLA-binding affinity, 

the magnitude of the difference was very small relative to DQ. We also tested for the 

molecular mimicry between pathogen-derived peptides and the proteins overexpressed 

in alpha-cells (N = 572) (181) but did not find the tested level of similarity, confirming that 
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the observed molecular mimicry occurs specifically between candidate pathogens and β-

cells peptides. 

 

 

Fig. 3. Molecular mimicry between pathogenic peptides and self-epitopes. The 
difference in the HLA-binding affinity of T1D-associated epitopes bound by DQ and DRB1 
and the mimicking pathogen-derived peptides. The T1D-risk associated epitopes are 
colored in red and protection-associated ones are in blue. On x-axis, each predicted self-
epitope is shown for all pathogen-derived peptides mimicking it. 

 

Discussion 
 
The precise identity and complete repertoire of the HLA-bound T1D-relevant epitopes 

had been missing. To this goal, we applied our previously established PepWAS approach 

to certain β-cell proteins that had been proposed to contain the epitopes relevant for the 

T1D pathogenesis. Of all peptides that could be derived from these proteins, PepWAS 

predicted a core set of T1D-associated epitopes bound by DRB1, cis and trans-encoded 

DQ alleles. The difference in the breadth of individual-specific epitope-repertoire defined 

by DRB1 and DQ (cis and trans) alleles between cases and controls accounted for even 

more deviance in disease status than the one previously attributed to HLA-DRB1-DQ 

haplotypes. 

The limited knowledge about the non-genetic triggers of islet autoimmunity and the 

underlying mechanism poses a significant challenge in the understanding of the etiology 

of T1D. Our results shed light on some of them. One is the deamidation, a kind of post-

translation modification, of the proteins in β-cells, which are known to often undergo 

cellular stress due to their limited number and high turn-over rate (182). The deamidated 

epitopes, which are thought to lack both immune tolerance since they are not encoded in 
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thymus (158), represent a potential trigger of T-cell mediated autoimmunity. Our results 

showed that the predicted T1D-associated deamidated epitopes were preferentially 

bound by certain cis- and trans-encoded DQ alleles which conferred high risk of T1D. The 

individual-specific deamidated epitope-repertoire added a significant proportion to the 

total accounted deviance in the T1D status. Whereas these results provide an amenable 

set of novel deamidated epitopes, they also substantiate the previous proposition that 

once islet autoimmunity has been triggered by deamidated epitopes, it can potentially 

spread to self-epitopes due to their sequence homology, possibly leading to overt T1D 

(183). Pathogenic infections have also been proposed as the potential trigger of islet 

autoimmunity (183, 184). The high degree of sequence similarity between predicted T1D-

associated epitopes and the peptides derived from heat-shock proteins in P. tuberculosis 

suggests the same. The out-competition of T1D risk-associated self-epitopes by mimicking 

pathogen-derived peptides for the binding with HLA provides a mechanistic basis of how 

immune-response to the infections could prime T-cells for self-peptides that might lead 

to overt T1D in genetically susceptible individuals. 

Overall, the predicted T1D-associated epitope repertoires not only provide a functional 

basis for the robust association between T1D and HLA, but also represent a refined form 

of the association. In the next step, we have planned the experimental validation of the 

predicted epitopes. 
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Material and methods 
 
Samples and genotype data 

We analyzed data of 16,086 samples (6,670 T1D cases and 9416 controls) from Type 1 

Diabetes Genetics Consortium (T1DGC). The original data and the detailed quality check 

are described in detail in Hu et al. (66). Briefly, the samples were collected from 13 regions 

and genotyped on Immunochip array. HLA alleles (best-guess genotypes at 4-digit 

resolution) for classical class I (HLA-A, -B, -C) and class II loci (HLA-DRB1, -DQA1, -DQB1, 

-DPA1, -DPB1) were imputed from genome-wide genotype data using SNP2HLA and a 

reference panel of 5,225 individuals of European ancestry (171). Overall, 35 and 39 alleles 

for HLA-DRB1 and HLA-DQ were represented in our dataset, respectively (Table S1). 

 

Affinity between HLA and peptides 

The sequences of all human proteins were taken from UniProt database (172). We used 

NetMHCIIpan v3.2 (154) for calculating the binding affinity between a given HLA class-II 

molecule and peptide. It is a neural network based computational method that predicts 

binding affinity of peptides of variable length to any known HLA class II molecule. It also 

reports the rank of predicted binding affinity of HLA-peptide complexes against predicted 

affinity of 200,000 random natural peptides. Using this method, we predicted HLA allele-

specific binding affinities for all 15mer peptides generated from all human and pathogenic 

proteins. The breadth of peptides bound by an individual’s HLA allele pair was taken as 

the total number of unique peptides predicted to be bound by both alleles. 

 

Selection of HLA-bound peptides 

In order to select for the peptides to be bound by DRB1 and DQ alleles represented in our 

dataset, we used a regression model that included disease-status as predicted variable 

and the number of HLA-bound peptide in each individual that lie within a binding affinity 

range as the predictor variable along with individual’s sex and 12 regions of sample 

collection for population stratification. Using three window sizes (1, 2 and 3) over the 

rank of predicted binding affinity calculated against random peptides, we sought a range 

that maximizes (1) the enrichment for the known HLA class-II restricted T1D-associated 

epitopes combined from Lorenzo et al. (174) and IEDB database, and (2) the deviance in 

disease status accounted by individual-specific peptide-repertoire defined by peptides 
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within focal rank window (Fig. S1). The default rank threshold for HLA-binding peptides 

in NetMHCIIpan v3.2 was 2 (154). 

 

Association with T1D disease 

The association of a variable (be it an HLA allele, a peptide or the number of HLA-bound 

peptides in an individual) with the T1D status was calculated using a logistic regression 

model corrected for covariates following Hu et al. (66). Deviance associated with the 

variable was taken as the difference in the residual deviance of the model with the 

variable (Equation 1) and null model (Equation 2), which follows a χ2 distribution with m 

– 1 degrees of freedom. The covariates included the individual’s sex and 12 regions of 

sample collection for population stratification (adopted from Hu et al.). 

 

        [Equation 1] 

         [Equation 2] 

 

We used variable’s regression coefficient as the measure of its association with disease 

status. Predicted disease-associated epitopes with one frameshift but with the same 

binding cores and HLA-alleles were singled out. We selected top 2 risk and 2 protection-

associated DRB1, cis- and trans-encoded DQ alleles for representation in peptide-specific 

association plots (Fig. 2). All analyses were performed in R v3.5.1 and data was visualized 

using the ggplot2 v2.2.1 package (138). 

 

Molecular mimicry 

Predicted DRB1 and DQ-bound disease-associated epitopes were blasted against the 

proteomes of 16 pathogens (166, 169, 185) (Table S8), which were taken from UniProt 

database (172), using Protein Blast from NCBI with default parameters (186). The 15mer 

sequences from pathogens with complete positive match (100%) with disease-associated 

epitopes were taken and their binding affinity with the DRB1 and DQ alleles were 

predicted as described above. 
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Supplementary data 
 
 

 
Fig. S1. Selection of HLA-bound peptides. The predicted DRB1 and DQ-bound peptides 
within each affinity rank window were evaluated for their enrichment for known T1D-
associated epitopes and the fitness of the model. We tested affinity rank window of three 
sizes (1,2 and 3). The size of each dot represents the enrichment for known T1D epitopes 
combined from Lorenzo et al. (174) and IEDB database. The Y-axis shows the residual 
deviance from the model that included disease status as predicted variable and number 
of individual-specific peptides bound by DRB1 and DQ alleles as predictor variable along 
with covariates (see methods). The dashed line represents the default rank threshold for 
binders of the NetMHCIIpan v3.2. Based on the above-mentioned criteria, the affinity rank 
window of 0-1 was selected. 
 
 

 
Fig. S2. Individual-specific epitope repertoires of DRB1 and DQ. The individual-
specific repertoire of PepWAS predicted T1D-associated epitopes bound by individual’s 
DRB1 and DQ alleles is shown. P-value from Wilcoxon rank sum test is shown. 



 

 97 

 
Fig. S3. T1D risk-associated epitopes in random proteins. The distribution of the 
proportion of predicted T1D-risk associated epitopes in randomly sampled as many 
human proteins as the number of candidate proteins is shown. This was iterated for 
10,000 times. The arrow shows the observed proportion of predicted risk-associated 
epitopes in candidate proteins. P-value is one-sided. 
 
 
Table S1. HLA-DRB1 and HLA-DQ variants represented in our dataset. 
 

DRB1 (N = 35) DQ (N = 39) 
HLA-DRB1-0101 HLA-DQA10501-DQB10201 
HLA-DRB1-0102 HLA-DQA10201-DQB10402 
HLA-DRB1-0103 HLA-DQA10501-DQB10301 
HLA-DRB1-0301 HLA-DQA10101-DQB10501 
HLA-DRB1-0401 HLA-DQA10301-DQB10301 
HLA-DRB1-0402 HLA-DQA10301-DQB10303 
HLA-DRB1-0403 HLA-DQA10103-DQB10603 
HLA-DRB1-0404 HLA-DQA10102-DQB10603 
HLA-DRB1-0405 HLA-DQA10401-DQB10402 
HLA-DRB1-0406 HLA-DQA10301-DQB10302 
HLA-DRB1-0407 HLA-DQA10201-DQB10202 
HLA-DRB1-0408 HLA-DQA10102-DQB10602 
HLA-DRB1-0701 HLA-DQA10101-DQB10503 
HLA-DRB1-0801 HLA-DQA10201-DQB10303 
HLA-DRB1-0802 HLA-DQA10102-DQB10504 
HLA-DRB1-0803 HLA-DQA10102-DQB10609 
HLA-DRB1-0804 HLA-DQA10103-DQB10601 
HLA-DRB1-0901 HLA-DQA10102-DQB10604 
HLA-DRB1-1001 HLA-DQA10101-DQB10602 
HLA-DRB1-1101 HLA-DQA10501-DQB10302 
HLA-DRB1-1102 HLA-DQA10102-DQB10502 
HLA-DRB1-1103 HLA-DQA10601-DQB10301 
HLA-DRB1-1104 HLA-DQA10102-DQB10501 
HLA-DRB1-1201 HLA-DQA10102-DQB10201 
HLA-DRB1-1301 HLA-DQA10201-DQB10201 
HLA-DRB1-1302 HLA-DQA10301-DQB10201 
HLA-DRB1-1303 HLA-DQA10301-DQB10304 
HLA-DRB1-1401 HLA-DQA10401-DQB10301 
HLA-DRB1-1402 HLA-DQA10102-DQB10601 
HLA-DRB1-1404 HLA-DQA10501-DQB10202 
HLA-DRB1-1501 HLA-DQA10101-DQB10502 
HLA-DRB1-1502 HLA-DQA10103-DQB10602 
HLA-DRB1-1503 HLA-DQA10301-DQB10402 
HLA-DRB1-1601 HLA-DQA10201-DQB10301 
HLA-DRB1-1602 HLA-DQA10301-DQB10603 
 HLA-DQA10103-DQB10503 

HLA-DQA10301-DQB10602 
HLA-DQA10201-DQB10302 
HLA-DQA10301-DQB10502 
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Table S2. Predicted T1D-associated epitopes (N = 233) bound by DRB1 variants. 
 

Epitope Protein Odds ratio P-value 

GNYKLTASAPGYLAI CBPE 2.07 9.9e-166 

NYKLTASAPGYLAIT CBPE 0.83  2.9e-06 

ETIVNLIHSTRIHIM CBPE 0.14  0.0e+00 
TIVNLIHSTRIHIMP CBPE 0.14  0.0e+00 

IVNLIHSTRIHIMPS CBPE 0.22 7.2e-292 

WGGGLLMSRKHRHKL DCE1 0.2 2.3e-150 

AAWGGGLLMSRKHRH DCE1 0.18  3.0e-30 
LLMSRKHRHKLNGIE DCE1 0.18  3.0e-30 

FKFWLMWKAKGTVGF DCE1 0.36  2.3e-20 

VNFFRMVISNPAATH DCE2 0.53 5.8e-125 

KVNFFRMVISNPAAT DCE2 0.58 4.9e-100 

FFRMVISNPAATHQD DCE2 0.53 1.7e-124 
GDKVNFFRMVISNPA DCE2 1.27  6.5e-23 

FRMVISNPAATHQDI DCE2 2.53 5.5e-261 

FVPFLVSATAGTTVY DCE2 0.83  2.9e-06 

KGFVPFLVSATAGTT DCE2 0.84  3.4e-06 

ISNMYAMMIARFKMF DCE2 0.41  1.1e-93 
SNMYAMMIARFKMFP DCE2 0.35 1.2e-100 

AISNMYAMMIARFKM DCE2 0.41  1.1e-93 

NMYAMMIARFKMFPE DCE2 0.44  9.6e-61 

QKGFVPFLVSATAGT DCE2 0.53  6.7e-06 
VLLEYVTLKKMREII DCE2 0.39  2.1e-58 

SRLSKVAPVIKARMM DCE2 0.26  3.7e-60 

GGGLLMSRKHKWKLS DCE2 0.2 2.3e-150 

MYAMMIARFKMFPEV DCE2 0.37  2.3e-24 

KQKGFVPFLVSATAG DCE2 0.2  3.3e-09 
AWGGGLLMSRKHKWK DCE2 0.2 3.7e-150 

AAWGGGLLMSRKHKW DCE2 0.18  3.0e-30 

FKLWLMWRAKGTTGF DCE2 0.36  2.3e-20 

GGAISNMYAMMIARF DCE2 0.33  1.0e-16 

LPRLIAFTSEHSHFS DCE2 0.03 6.6e-164 
LSFRLLCALTSLTIL G6PC2 2.37 9.1e-233 

TLSFRLLCALTSLTI G6PC2 2.52 4.3e-261 

SFRLLCALTSLTILQ G6PC2 1.24  3.1e-12 

VLSFCKSASIPLTVV G6PC2 0.44 2.8e-154 
YTLSFRLLCALTSLT G6PC2 1.25  1.2e-12 

LSFCKSASIPLTVVA G6PC2 0.34 1.9e-150 

PDWIHIDTTPFAGLV G6PC2 2.91 2.2e-274 

DWIHIDTTPFAGLVR G6PC2 3.23  0.0e+00 

FRLLCALTSLTILQL G6PC2 1.61  1.4e-23 
YYTFLNFMSNVGDPR G6PC2 5.07  4.2e-40 

RAYYTFLNFMSNVGD G6PC2 2.92  4.5e-32 

AYYTFLNFMSNVGDP G6PC2 5.31  6.7e-41 

YRAYYTFLNFMSNVG G6PC2 2.91  6.8e-32 
QLYHFLQIPTHEEHL G6PC2 5.31  6.7e-41 

NYTLSFRLLCALTSL G6PC2 2.03  9.2e-18 

LQLYHFLQIPTHEEH G6PC2 5.31  6.7e-41 

LFYVLSFCKSASIPL G6PC2 0.34 3.7e-137 

CFQFNQTVGTKMIWV G6PC2 0.34 3.7e-137 
NETIVNLIHSTRIHI CBPE 0.25 1.7e-243 

APGYLAITKKVAVPY CBPE 0.48  4.0e-34 

GYLAITKKVAVPYSP CBPE 0.48  4.0e-34 

SAPGYLAITKKVAVP CBPE 0.47  2.9e-34 

ASAPGYLAITKKVAV CBPE 0.16  6.4e-58 
AIFQSLARAYSSFNP CBPE 0.26  2.6e-53 

QFNQTVGTKMIWVAV G6PC2 0.28 2.7e-153 

YSVHMLMKQSGKKSQ G6PC2 0.17  1.9e-88 

PYSVHMLMKQSGKKS G6PC2 0.16  1.3e-83 
NNYTLSFRLLCALTS G6PC2 0.2  3.3e-09 

VWYVMVTAALSHTVC G6PC2 0.2  3.3e-09 

VLNIDLLWSVPIAKK G6PC2 0.06 1.2e-224 

MDFLHRNGVLIIQHL G6PC2 0.75  6.9e-06 

TVVAFIPYSVHMLMK G6PC2 0.04 1.3e-176 
PLTVVAFIPYSVHML G6PC2 0.03 6.6e-164 

VVAFIPYSVHMLMKQ G6PC2 0.03 6.6e-164 

SRVFIATHFPHQVIL G6PC2 0.03 6.6e-164 

RVDFSLAGALNAGFK GFAP 1.81 1.8e-118 

TRVDFSLAGALNAGF GFAP 0.83  2.9e-06 
NVKLALDIEIATYRK GFAP 3.23  0.0e+00 

QDLLLLDVAPLSLGL HS71A 4.43  0.0e+00 

VQDLLLLDVAPLSLG HS71A 4.68  0.0e+00 

NVQDLLLLDVAPLSL HS71A 5.18  0.0e+00 
DLLLLDVAPLSLGLE HS71A 4.51  0.0e+00 

LLLLDVAPLSLGLET HS71A 2.9 1.8e-273 

NVLRIINEPTAAAIA HS71A 3 5.5e-294 

LNVLRIINEPTAAAI HS71A 2.95 5.9e-287 

GLNVLRIINEPTAAA HS71A 1.74  4.4e-31 
VLRIINEPTAAAIAY HS71A 0.41  5.3e-16 

AGGVMTALIKRNSTI HS71A 0.39  2.0e-58 

IDFYTSITRARFEEL HS71A 0.16  6.4e-58 

AGVIAGLNVLRIINE HS71A 0.16  1.0e-57 

GVIAGLNVLRIINEP HS71A 0.33  1.0e-16 
SVALNHLKATPIESH IAPP 0.84  3.6e-05 

ANFLVHSSNNFGAIL IAPP 2.7 1.6e-222 

FLIVLSVALNHLKAT IAPP 0.39  4.1e-36 

NFLVHSSNNFGAILS IAPP 0.13  7.2e-26 
RLANFLVHSSNNFGA IAPP 0.13  7.2e-26 

IVLSVALNHLKATPI IAPP 0.16  2.8e-57 

PYEFTTLKSLQDPMK ICA69 5.31  6.7e-41 

ALWMRLLPLLALLAL INS 1.29  2.1e-09 
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LWMRLLPLLALLALW INS 1.3  1.2e-09 
DDAIFQSLARAYSSF CBPE 0.16  6.4e-58 

VNLIHSTRIHIMPSL CBPE 0.25  2.4e-60 

PTVFRQMRPVSRVLA CH60 0.59  8.8e-87 

TVFRQMRPVSRVLAP CH60 0.59  8.8e-87 

LPTVFRQMRPVSRVL CH60 0.59  1.5e-86 
VFRQMRPVSRVLAPH CH60 0.34 3.9e-171 

RLPTVFRQMRPVSRV CH60 0.47  7.6e-70 

MRLLPLLALLALWGP INS 0.33  1.0e-16 

FLFNKYISRPRRVEL PDX1 0.29  9.1e-40 

HIKIWFQNRRMKWKK PDX1 0.18  3.0e-30 
IKIWFQNRRMKWKKE PDX1 0.34  2.1e-05 

LFNKYISRPRRVELA PDX1 0.18  3.0e-30 

EFLFNKYISRPRRVE PDX1 0.42  1.2e-14 

KEFLFNKYISRPRRV PDX1 0.42  1.2e-14 
ELAVMLNLTERHIKI PDX1 0.05  1.9e-32 

LAVMLNLTERHIKIW PDX1 0.05  5.5e-31 

NVKMALDIEIATYRK PERI 3.23  0.0e+00 

PGAFSYSSSSRFSSS PERI 0.34 3.7e-137 

RHHLMAALSAYAAQR PTPR2 1.25  8.2e-20 
DRHHLMAALSAYAAQ PTPR2 2.41 3.9e-239 

VDRHHLMAALSAYAA PTPR2 1.16  1.7e-06 

HHLMAALSAYAAQRP PTPR2 1.16  1.8e-06 

LLLLLLLPPRVLPAA PTPR2 0.4 7.1e-246 

SILTYVAHTSALTYP PTPR2 1.16  1.1e-09 
LLLLLLLLPPRVLPA PTPR2 0.4 7.1e-246 

ILTYVAHTSALTYPP PTPR2 1.17  3.2e-11 

ESILTYVAHTSALTY PTPR2 0.67  5.9e-63 

MDFYRYEVSPVALQR PTPR2 2.06 2.1e-168 
LLLLLLPPRVLPAAP PTPR2 0.45 2.6e-173 

GVDRHHLMAALSAYA PTPR2 0.8  5.3e-08 

LLLLLLLLLPPRVLP PTPR2 0.45 2.6e-173 

AMDFYRYEVSPVALQ PTPR2 2.06 2.1e-168 

HLMAALSAYAAQRPP PTPR2 0.82  7.0e-07 
PLLLLLLLLLPPRVL PTPR2 0.14  0.0e+00 

LLLLLPPRVLPAAPS PTPR2 0.43  4.5e-18 

SPVALQRLRVALQKL PTPR2 0.45  1.7e-72 

PVALQRLRVALQKLS PTPR2 0.45  4.3e-72 

VSPVALQRLRVALQK PTPR2 0.45  3.3e-72 
VALQRLRVALQKLSG PTPR2 0.62  1.6e-23 

ARGYIVTDRDPLRPE PTPR2 3.23  0.0e+00 

GRRLVEDVARLLQVP PTPR2 3.23  0.0e+00 

GTYVLIDMVLNKMAK PTPR2 3.23  0.0e+00 
PAMDFYRYEVSPVAL PTPR2 2.74 4.1e-246 

FYRYEVSPVALQRLR PTPR2 2.9 1.9e-260 

AVTFKVSANVQNVTT PTPR2 2.9 6.0e-261 

VTFKVSANVQNVTTE PTPR2 2.66 3.4e-217 

GPAVTFKVSANVQNV PTPR2 2.78 1.2e-232 
VPAMDFYRYEVSPVA PTPR2 3.46  0.0e+00 

GCVVIVMLTPLAENG PTPR2 1.79  9.3e-33 

TFKVSANVQNVTTED PTPR2 0.1  2.5e-20 

EVSPVALQRLRVALQ PTPR2 0.27  6.9e-77 

KEQFEFALTAVAEEV PTPR2 0.2  3.3e-09 
PAYIATQGPLPATVA PTPR2 0.2  3.3e-09 

LPLLLLLLLLLPPRV PTPR2 0.33  1.0e-16 

MPAYIATQGPLSHTI PTPRN 1.93 2.0e-139 

PAYIATQGPLSHTIA PTPRN 2.09 1.4e-165 
RMPAYIATQGPLSHT PTPRN 2.07 4.7e-164 

AYIATQGPLSHTIAD PTPRN 0.8  5.3e-08 

YGYIVTDQKPLSLAA PTPRN 2.69 5.2e-243 

EYGYIVTDQKPLSLA PTPRN 3.23  0.0e+00 

FRQMRPVSRVLAPHL CH60 0.38 1.3e-112 
EVIVTKDDAMLLKGK CH60 3.23  0.0e+00 

IGIEIIKRTLKIPAM CH60 0.32 1.8e-124 

GIEIIKRTLKIPAMT CH60 0.32 3.5e-124 

KIGIEIIKRTLKIPA CH60 0.32 1.8e-124 

GTYILIDMVLNRMAK PTPRN 2.66 3.5e-240 
TGTYILIDMVLNRMA PTPRN 3.22  0.0e+00 

TYILIDMVLNRMAKG PTPRN 2.66 3.5e-240 

YILIDMVLNRMAKGV PTPRN 2.66 3.5e-240 

RTGTYILIDMVLNRM PTPRN 3.23  0.0e+00 
SPIIEHDPRMPAYIA PTPRN 3.23  0.0e+00 

LLCLLLLSSRPGGCS PTPRN 1.94  7.9e-45 

QKPLSLAAGVKLLEI PTPRN 0.34 3.7e-137 

EAPALFSRTASKGIF PTPRN 0.28 2.7e-153 

KDQFEFALTAVAEEV PTPRN 0.2  3.3e-09 
PRMPAYIATQGPLSH PTPRN 0.2  3.3e-09 

ILIDMVLNRMAKGVK PTPRN 0.18 1.4e-102 

LIDMVLNRMAKGVKE PTPRN 0.25  2.4e-60 

LLGIIKGMKVELSTV RT31 0.43 1.7e-214 
DLLGIIKGMKVELST RT31 0.38 2.5e-215 

KDLLGIIKGMKVELS RT31 0.35 4.3e-261 

VSTFLPLRPLSRHPL RT31 0.61  2.6e-24 

PRVSTFLPLRPLSRH RT31 0.3  9.8e-63 

STFLPLRPLSRHPLS RT31 0.52  1.5e-33 
RRPLKSLEATLGRLR RT31 1.57  2.5e-23 

GIIKGMKVELSTVNV RT31 1.56  6.8e-23 

TFLPLRPLSRHPLSS RT31 0.52  1.5e-33 

KKDLLGIIKGMKVEL RT31 0.1  0.0e+00 

KRRPLKSLEATLGRL RT31 1.6  1.6e-24 
FSNIISDMKVARSAT RT31 2.69 9.3e-244 

SFSNIISDMKVARSA RT31 3.23  0.0e+00 

NIISDMKVARSATAR RT31 3.22  0.0e+00 

AAAIMLLTVRHGTVR RT31 0.67  1.4e-34 
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IIKGMKVELSTVNVR RT31 1.79  9.3e-33 
AAIMLLTVRHGTVRY RT31 0.55  5.1e-77 

SAAAIMLLTVRHGTV RT31 1.62  7.2e-30 

AIMLLTVRHGTVRYR RT31 0.33 7.9e-106 

IMLLTVRHGTVRYRS RT31 0.26  2.3e-60 

RHGTVRYRSSALLAR RT31 0.03 6.2e-164 
FSILLMEGVPKSLNY ZNT8 1.69  3.5e-33 

DFSILLMEGVPKSLN ZNT8 1.7  1.1e-33 

KDFSILLMEGVPKSL ZNT8 1.7  1.1e-33 

RTYLVNDKAAKMYAF ZNT8 2.99 6.2e-285 

KELILAVDGVLSVHS ZNT8 3.16 9.3e-306 
ELILAVDGVLSVHSL ZNT8 3.23  0.0e+00 

VKELILAVDGVLSVH ZNT8 3.17 1.3e-306 

HIWSLTMNQVILSAH ZNT8 0.23  5.5e-24 

SILLMEGVPKSLNYS ZNT8 1.74  4.4e-31 
LHIWSLTMNQVILSA ZNT8 0.13  3.3e-62 

RLTFGWHRAEILGAL ZNT8 0.34 3.7e-137 

VDGVLSVHSLHIWSL ZNT8 0.14  0.0e+00 

SLHIWSLTMNQVILS ZNT8 0.09  6.8e-05 

GVLSVHSLHIWSLTM ZNT8 0.33  1.0e-16 
RQMRPVSRVLAPHLT CH60 0.3 1.6e-134 

IEIIKRTLKIPAMTI CH60 0.36  5.3e-93 

QKIGIEIIKRTLKIP CH60 0.23  5.5e-90 

FETLRGDERILSILR CMGA 3.23  0.0e+00 

HKEVQANASVRAAFV ZNT8 0.75  6.9e-06 
ISALIIYFKPEYKIA ZNT8 0.03 6.6e-164 

AVDGVLSVHSLHIWS ZNT8 0.03 6.2e-164 

ERILSILRHQNLLKE CMGA 0.27 2.3e-186 

GDERILSILRHQNLL CMGA 0.31 4.3e-116 
SSMKLSFRARAYGFR CMGA 0.32 3.5e-124 

RGDERILSILRHQNL CMGA 0.78  1.7e-04 

DSSMKLSFRARAYGF CMGA 0.32 1.8e-124 

NRDSSMKLSFRARAY CMGA 0.36  8.5e-98 

ILSILRHQNLLKELQ CMGA 0.33  1.0e-16 
ANFFRMVISNPAATQ DCE1 0.53 5.8e-125 

KANFFRMVISNPAAT DCE1 0.58 4.9e-100 

DKANFFRMVISNPAA DCE1 0.58  1.2e-99 

FFRMVISNPAATQSD DCE1 0.53 1.7e-124 

GDKANFFRMVISNPA DCE1 1.47  7.6e-56 
FRMVISNPAATQSDI DCE1 2.53 5.5e-261 

ISNMYSIMAARYKYF DCE1 0.34  0.0e+00 

AISNMYSIMAARYKY DCE1 0.37 8.4e-305 

SNMYSIMAARYKYFP DCE1 0.26  0.0e+00 
GAISNMYSIMAARYK DCE1 0.49 5.0e-161 

NMYSIMAARYKYFPE DCE1 0.53  6.8e-59 

SLEQILVDCRDTLKY DCE1 3.23  0.0e+00 

KLVLFTSEQSHYSIK DCE1 3.18 2.6e-275 

GGAISNMYSIMAARY DCE1 0.39 9.2e-161 
PGGAISNMYSIMAAR DCE1 1.79  9.3e-33 

 
 
Table S3. Predicted T1D-associated epitopes (N = 322) bound by DQ variants. 
 

Epitope Protein Odds ratio P-value 

MAGRGGSALLALCGA CBPE 0.18 3.9e-130 

TKAVIHWIMDIPFVL CBPE 0.67  3.5e-33 

ETKAVIHWIMDIPFV CBPE 0.63  1.0e-35 
AVIHWIMDIPFVLSA CBPE 0.67  3.5e-33 

KANFFRMVISNPAAT DCE1 0.24  1.1e-60 

GIFSPGGAISNMYSI DCE1 0.33 1.3e-163 

GDGIFSPGGAISNMY DCE1 0.43 3.9e-130 

IFSPGGAISNMYSIM DCE1 0.18 3.9e-130 
YSIKKAGAALGFGTD DCE1 0.18 3.9e-130 

ANTNMFTYEIAPVFV DCE1 0.79  5.1e-36 

EQTVQFLLEVVDILL DCE1 0.75  2.8e-13 

FYVNATAGTTVYGAF DCE1 0.19  0.0e+00 
YVNATAGTTVYGAFD DCE1 0.19  0.0e+00 

PFYVNATAGTTVYGA DCE1 0.19  0.0e+00 

VNATAGTTVYGAFDP DCE1 0.11  0.0e+00 

NATAGTTVYGAFDPI DCE1 0.14 7.1e-300 

PGGAISNMYSIMAAR DCE1 0.08 3.0e-287 
NFFRMVISNPAATQS DCE1 0.24  8.3e-59 

ATAGTTVYGAFDPIQ DCE1 0.03 7.9e-164 

PAATQSDIDFLIEEI DCE1 0.42  7.9e-70 

TAGTTVYGAFDPIQE DCE1 0.03 9.0e-157 

EHTNVCFWYIPQSLR DCE1 0.06  5.2e-33 
TANTNMFTYEIAPVF DCE1 0.23  1.2e-32 

THQDIDFLIEEIERL DCE2 1.96 4.2e-139 

NMFTYEIAPVFVLLE DCE2 1.79 3.3e-115 

HQDIDFLIEEIERLG DCE2 1.96 2.9e-139 
TNMFTYEIAPVFVLL DCE2 1.85 1.1e-125 

MFTYEIAPVFVLLEY DCE2 2.8 5.4e-284 

QDIDFLIEEIERLGQ DCE2 1.96 2.9e-139 

KVNFFRMVISNPAAT DCE2 0.24  1.1e-60 

AISNMYAMMIARFKM DCE2 0.03 2.0e-163 
GIFSPGGAISNMYAM DCE2 0.33 1.3e-163 

RPTLAFLQDVMNILL DCE2 0.76  2.8e-13 

ERPTLAFLQDVMNIL DCE2 0.63  4.3e-36 

PTLAFLQDVMNILLQ DCE2 0.75  2.8e-13 

TLAFLQDVMNILLQY DCE2 0.75  2.8e-13 
FLVSATAGTTVYGAF DCE2 0.19  0.0e+00 
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PFLVSATAGTTVYGA DCE2 0.19  0.0e+00 
LVSATAGTTVYGAFD DCE2 0.19  0.0e+00 

VSATAGTTVYGAFDP DCE2 0.19  0.0e+00 

VPFLVSATAGTTVYG DCE2 0.36 2.1e-109 

SATAGTTVYGAFDPL DCE2 0.14 7.1e-300 

FVPFLVSATAGTTVY DCE2 0.29  8.8e-61 
VNFFRMVISNPAATH DCE2 0.24  1.0e-59 

NFFRMVISNPAATHQ DCE2 0.24  8.3e-59 

ATAGTTVYGAFDPLL DCE2 0.03 7.4e-164 

VNYAFLHATDLLPAC DCE2 0.17 2.0e-235 

ATHQDIDFLIEEIER DCE2 0.42  7.9e-70 
PHKMMGVPLQCSALL DCE2 0.03 3.5e-157 

KMMGVPLQCSALLVR DCE2 0.03 7.0e-157 

WNPHKMMGVPLQCSA DCE2 0.03 9.0e-157 

TAGTTVYGAFDPLLA DCE2 0.03 7.0e-157 
GGAISNMYAMMIARF DCE2 0.17 6.9e-248 

QHTNVCFWYIPPSLR DCE2 0.06  5.2e-33 

GTTVYGAFDPLLAVA DCE2 0.05  1.7e-32 

GFVPFLVSATAGTTV DCE2 0.05  1.4e-57 

LRVLNIDLLWSVPIA G6PC2 0.78  2.5e-12 
LFGLGFAINSEMFLL G6PC2 2.49 3.1e-258 

VLFGLGFAINSEMFL G6PC2 2.62 2.4e-280 

LGVIGGMLVAEAFEH G6PC2 1.78 7.2e-105 

ILGVIGGMLVAEAFE G6PC2 1.72  3.1e-98 

GVIGGMLVAEAFEHT G6PC2 1.88 1.4e-121 
VILGVIGGMLVAEAF G6PC2 0.23 8.6e-234 

VIGGMLVAEAFEHTP G6PC2 0.16 3.8e-227 

GVLFGLGFAINSEMF G6PC2 4.2  0.0e+00 

FGLGFAINSEMFLLS G6PC2 0.71  9.4e-13 
CVWYVMVTAALSHTV G6PC2 0.05  1.4e-57 

PETKAVIHWIMDIPF CBPE 0.76  1.2e-12 

VIHWIMDIPFVLSAN CBPE 0.76  4.6e-13 

YSPAAGVDFELESFS CBPE 3.35  2.5e-05 

KPLVIIAEDVDGEAL CH60 1.96 2.9e-139 
RVDFSLAGALNAGFK GFAP 0.6  9.4e-33 

TRVDFSLAGALNAGF GFAP 0.61  1.4e-29 

EAASYQEALARLEEE GFAP 6.14  0.0e+00 

EAVAYGAAVQAAILM HS71A 0.69  1.9e-50 

DEAVAYGAAVQAAIL HS71A 0.69  5.5e-50 
PDEAVAYGAAVQAAI HS71A 0.7  8.3e-48 

NPDEAVAYGAAVQAA HS71A 0.73  3.3e-38 

AYGAAVQAAILMGDK HS71A 0.17  0.0e+00 

LGLETAGGVMTALIK HS71A 0.17  0.0e+00 
SLGLETAGGVMTALI HS71A 0.17  0.0e+00 

GLETAGGVMTALIKR HS71A 0.17  0.0e+00 

LETAGGVMTALIKRN HS71A 0.27 3.2e-245 

LSLGLETAGGVMTAL HS71A 0.3 4.2e-231 

IINEPTAAAIAYGLD HS71A 0.7  8.3e-48 
RIINEPTAAAIAYGL HS71A 0.7  8.3e-48 

INEPTAAAIAYGLDR HS71A 0.7  8.3e-48 

NEPTAAAIAYGLDRT HS71A 0.72  9.7e-39 

INPDEAVAYGAAVQA HS71A 0.38 4.2e-150 

LRIINEPTAAAIAYG HS71A 0.18  0.0e+00 
NVQDLLLLDVAPLSL HS71A 0.74  9.2e-19 

VLRIINEPTAAAIAY HS71A 0.2  0.0e+00 

PLSLGLETAGGVMTA HS71A 0.52  2.4e-41 

PTAAAIAYGLDRTGK HS71A 0.13 1.5e-300 
YPVTNAVITVPAYFN HS71A 0.14 2.6e-136 

GYPVTNAVITVPAYF HS71A 0.14 1.9e-135 

PVTNAVITVPAYFND HS71A 0.15 4.8e-131 

SSSTQASLEIDSLFE HS71A 0.39  1.7e-76 

STQASLEIDSLFEGI HS71A 0.39  1.7e-76 
TAAAIAYGLDRTGKG HS71A 0.03 9.0e-157 

YGAAVQAAILMGDKS HS71A 0.03 9.0e-157 

CQEVISWLDANTLAE HS71A 0.05  1.7e-32 

AKRTLSSSTQASLEI HS71A 0.05  1.2e-57 

RAKRTLSSSTQASLE HS71A 0.05  1.4e-57 
LGYPVTNAVITVPAY HS71A 0.05  1.2e-57 

VQDLLLLDVAPLSLG HS71A 0.74  2.1e-06 

HSSNNFGAILSSTNV IAPP 0.03 5.9e-157 

LTAWFSLFADLDPLS ICA69 1.47  7.5e-54 
TAWFSLFADLDPLSN ICA69 1.46  2.2e-52 

DLTAWFSLFADLDPL ICA69 5.71  0.0e+00 

AWFSLFADLDPLSNP ICA69 1.46  2.2e-52 

WFSLFADLDPLSNPD ICA69 1.46  2.2e-52 

SDLTAWFSLFADLDP ICA69 1.48  7.6e-56 
DEHVVASDADLDAKL ICA69 1.96 1.1e-138 

EHVVASDADLDAKLE ICA69 3.27  0.0e+00 

ASDLTAWFSLFADLD ICA69 1.48  7.6e-56 

LSEIFNASSLEEGEF ICA69 5.11  0.0e+00 
KEDEHVVASDADLDA ICA69 3.24  0.0e+00 

EKTSHTMAAIHESFK ICA69 0.11 7.2e-227 

WEKTSHTMAAIHESF ICA69 0.22 1.4e-213 

KTSHTMAAIHESFKG ICA69 0.03 1.2e-158 

AASDLTAWFSLFADL ICA69 0.76  4.8e-13 
SEIFNASSLEEGEFS ICA69 5.4  0.0e+00 

TSHTMAAIHESFKGY ICA69 0.03 6.6e-157 

CGSHLVEALYLVCGE INS 6.14  0.0e+00 

LALLALWGPDPAAAF INS 0.05  1.0e-32 

LLALLALWGPDPAAA INS 0.05  1.7e-32 
PPGGAVPPAAPVAAR PDX1 0.33 3.6e-165 

PGGAVPPAAPVAARE PDX1 0.33 3.6e-165 

PPPPGGAVPPAAPVA PDX1 0.33 1.3e-163 

WKGQWAGGAYAAEPE PDX1 0.34 1.3e-161 
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PPPPPGGAVPPAAPV PDX1 0.18 3.9e-130 
RGGGTAVGGGGVAEP PDX1 0.18 3.9e-130 

GGAVPPAAPVAAREG PDX1 0.18 3.9e-130 

KGQWAGGAYAAEPEE PDX1 0.34 1.3e-161 

HAWKGQWAGGAYAAE PDX1 0.34 2.1e-161 

GQWAGGAYAAEPEEN PDX1 6.15  0.0e+00 
LERKIESLMDEIEFL PERI 1.94 1.7e-136 

ELERKIESLMDEIEF PERI 1.96 1.1e-138 

RRGVMLAVDAVIAEL CH60 1.77 9.9e-108 

RGVMLAVDAVIAELK CH60 2.63 8.4e-251 

HRKPLVIIAEDVDGE CH60 3.24  0.0e+00 
VIIAEDVDGEALSTL CH60 3.24  0.0e+00 

GTTTATVLARSIAKE CH60 0.07  0.0e+00 

DGTTTATVLARSIAK CH60 0.07  0.0e+00 

TTTATVLARSIAKEG CH60 0.03 8.7e-225 
GDGTTTATVLARSIA CH60 0.09 8.5e-305 

RLDFSMAEALNQEFL PERI 5.18  0.0e+00 

LDFSMAEALNQEFLA PERI 5.18  0.0e+00 

ERLDFSMAEALNQEF PERI 5.18  0.0e+00 

SRLLGSASPSSSVRL PERI 0.26 3.0e-247 
RLLGSASPSSSVRLG PERI 0.33 3.5e-167 

LLGSASPSSSVRLGS PERI 0.18 2.4e-133 

FALEAGGYQAGAARL PERI 0.34 2.1e-161 

ALEAGGYQAGAARLE PERI 0.34 2.1e-161 

FRSPRAGAGALLRLP PERI 0.18 3.9e-130 
QFALEAGGYQAGAAR PERI 0.53  2.1e-38 

SERLDFSMAEALNQE PERI 5.39  0.0e+00 

KEQFEFALTAVAEEV PTPR2 5.29  0.0e+00 

EQFEFALTAVAEEVN PTPR2 5.3  0.0e+00 
QFEFALTAVAEEVNA PTPR2 2.3  0.0e+00 

FEFALTAVAEEVNAI PTPR2 2.3  0.0e+00 

EFALTAVAEEVNAIL PTPR2 2.3  0.0e+00 

TKEQFEFALTAVAEE PTPR2 5.34  0.0e+00 

FALTAVAEEVNAILK PTPR2 2.28  0.0e+00 
DDYTQYVMDQELADL PTPR2 1.96 2.9e-139 

LLQVPSSAFADVEVL PTPR2 5.19  0.0e+00 

RHHLMAALSAYAAQR PTPR2 0.19  0.0e+00 

ESILTYVAHTSALTY PTPR2 0.15 2.8e-132 

HHLMAALSAYAAQRP PTPR2 0.22  0.0e+00 
SILTYVAHTSALTYP PTPR2 0.06  9.7e-60 

FSESILTYVAHTSAL PTPR2 0.24  7.9e-60 

DRHHLMAALSAYAAQ PTPR2 0.22  0.0e+00 

VDRHHLMAALSAYAA PTPR2 0.22  0.0e+00 
HLMAALSAYAAQRPP PTPR2 0.18  0.0e+00 

LMAALSAYAAQRPPA PTPR2 0.18  0.0e+00 

GVDRHHLMAALSAYA PTPR2 0.11  0.0e+00 

MAALSAYAAQRPPAP PTPR2 0.08 4.1e-294 

RYSREGGAALANALR PTPR2 0.37 2.8e-152 
RRYSREGGAALANAL PTPR2 0.37 4.0e-152 

YSREGGAALANALRR PTPR2 0.37 2.8e-152 

SREGGAALANALRRH PTPR2 0.33 3.6e-165 

ERRYSREGGAALANA PTPR2 0.34 1.3e-161 

GVARGSPGRAALGES PTPR2 0.18 3.9e-130 
TGHMILSYMEDHLKN PTPR2 0.63  1.0e-35 

STGHMILSYMEDHLK PTPR2 0.63  8.5e-36 

ISTGHMILSYMEDHL PTPR2 0.76  1.2e-12 

HMILSYMEDHLKNKN PTPR2 0.76  1.2e-12 
QTKEQFEFALTAVAE PTPR2 5.18  0.0e+00 

LQVPSSAFADVEVLG PTPR2 2.76 8.2e-284 

VPSSAFADVEVLGPA PTPR2 5.4  0.0e+00 

RLLQVPSSAFADVEV PTPR2 6.14  0.0e+00 

QFHFLSWYDRGVPSS PTPR2 0.06  4.5e-33 
TQFHFLSWYDRGVPS PTPR2 0.24  1.0e-37 

TKFIALTLVSLACIL PTPR2 0.75  9.4e-06 

FIALTLVSLACILGV PTPR2 0.23  1.3e-14 

KDQFEFALTAVAEEV PTPRN 5.29  0.0e+00 

DQFEFALTAVAEEVN PTPRN 5.3  0.0e+00 
SKDQFEFALTAVAEE PTPRN 5.34  0.0e+00 

VGKGGAGASSSLSPL PTPRN 0.33 3.5e-167 

PVGKGGAGASSSLSP PTPRN 0.33 1.6e-163 

PPVGKGGAGASSSLS PTPRN 0.33 1.3e-163 
QPPVGKGGAGASSSL PTPRN 0.18 3.9e-130 

GKGGAGASSSLSPLQ PTPRN 0.18 4.7e-130 

QDIPTGSAPAAQHRL PTPRN 0.34 2.4e-161 

LQDIPTGSAPAAQHR PTPRN 0.34 2.1e-161 

DIPTGSAPAAQHRLP PTPRN 0.34 2.1e-161 
KGGAGASSSLSPLQA PTPRN 0.18 3.9e-130 

IPTGSAPAAQHRLPQ PTPRN 0.33 1.3e-163 

TGHMILAYMEDHLRN PTPRN 0.63  8.5e-36 

ISTGHMILAYMEDHL PTPRN 0.63  6.4e-36 
VGQREEAAAVLPQTA PTPRN 5.17  0.0e+00 

RSKDQFEFALTAVAE PTPRN 5.18  0.0e+00 

GSFINISVVGPALTF PTPRN 0.15 5.8e-131 

VALAGVAGLLVALAV PTPRN 0.21  3.4e-19 

ALAGVAGLLVALAVA PTPRN 0.04 2.4e-197 
KDMAIATGGAVFGEE CH60 0.33 3.6e-165 

LKDMAIATGGAVFGE CH60 0.33 3.6e-165 

QLKDMAIATGGAVFG CH60 0.33 2.3e-167 

AIATGGAVFGEEGLT CH60 0.19 2.6e-128 

KISSIQSIVPALEIA CH60 3.19  0.0e+00 
KKISSIQSIVPALEI CH60 3.49  0.0e+00 

ISSIQSIVPALEIAN CH60 5.21  0.0e+00 

SSIQSIVPALEIANA CH60 5.22  0.0e+00 

HVHMSSGSFINISVV PTPRN 0.03 7.0e-157 
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NMDISTGHMILAYME PTPRN 0.03 7.0e-157 
FINISVVGPALTFRI PTPRN 0.05  1.4e-57 

LAGVAGLLVALAVAL PTPRN 0.23  1.3e-14 

LVALAGVAGLLVALA PTPRN 0.23  7.0e-15 

MKVARSATARVRSRP RT31 0.23  6.0e-07 

DMKVARSATARVRSR RT31 0.23  6.0e-07 
ISDMKVARSATARVR RT31 0.21  6.7e-08 

SPELVAAASAVADSL RT31 0.69  5.7e-49 

ELVAAASAVADSLPF RT31 0.69  4.3e-49 

PELVAAASAVADSLP RT31 0.69  5.7e-49 

LSPELVAAASAVADS RT31 0.73  4.1e-38 
LVAAASAVADSLPFD RT31 0.82  1.4e-15 

PLSPELVAAASAVAD RT31 1.32  2.1e-29 

PLSSGSPETSAAAIM RT31 0.33 3.5e-167 

LSSGSPETSAAAIML RT31 0.37 4.0e-152 
EPLSPELVAAASAVA RT31 0.43  9.9e-94 

VAAASAVADSLPFDK RT31 2.47 1.6e-232 

SGSPETSAAAIMLLT RT31 0.2  0.0e+00 

GSPETSAAAIMLLTV RT31 0.2  0.0e+00 

SSGSPETSAAAIMLL RT31 0.2  0.0e+00 
SPETSAAAIMLLTVR RT31 0.1  0.0e+00 

PETSAAAIMLLTVRH RT31 0.03 3.6e-157 

ETSAAAIMLLTVRHG RT31 0.03 7.0e-157 

NIISDMKVARSATAR RT31 0.2  5.6e-07 

AAKMYAFTLESVELQ ZNT8 5.7  0.0e+00 
AKMYAFTLESVELQQ ZNT8 5.7  0.0e+00 

KMYAFTLESVELQQK ZNT8 1.94 1.1e-139 

KAAKMYAFTLESVEL ZNT8 5.56  0.0e+00 

MYAFTLESVELQQKP ZNT8 1.94 4.0e-135 
LSKSFTMHSLTIQME ZNT8 5.32  0.0e+00 

VQANASVRAAFVHAL ZNT8 0.16  0.0e+00 

QANASVRAAFVHALG ZNT8 0.16  0.0e+00 

NQVILSAHVATAASR ZNT8 0.16  0.0e+00 

SKSFTMHSLTIQMES ZNT8 1.5  2.2e-55 
ANASVRAAFVHALGD ZNT8 0.16  0.0e+00 

VILSAHVATAASRDS ZNT8 0.16  0.0e+00 

NASVRAAFVHALGDL ZNT8 0.19  0.0e+00 

KSFTMHSLTIQMESP ZNT8 1.86 1.5e-116 

EVQANASVRAAFVHA ZNT8 0.19  0.0e+00 
TMNQVILSAHVATAA ZNT8 0.18  0.0e+00 

ILSAHVATAASRDSQ ZNT8 0.27 5.4e-308 

KEVQANASVRAAFVH ZNT8 0.19  0.0e+00 

ASVRAAFVHALGDLF ZNT8 0.16 1.4e-298 
SFTMHSLTIQMESPV ZNT8 1.86 7.1e-117 

HKEVQANASVRAAFV ZNT8 0.19  0.0e+00 

EVVGGHIAGSLAVVT ZNT8 0.3 9.3e-235 

AEVVGGHIAGSLAVV ZNT8 0.33 9.0e-171 

IAEVVGGHIAGSLAV ZNT8 0.33 3.9e-165 
VVGGHIAGSLAVVTD ZNT8 0.3 1.1e-234 

MIAEVVGGHIAGSLA ZNT8 0.33 5.6e-165 

VGGHIAGSLAVVTDA ZNT8 0.17  0.0e+00 

GGHIAGSLAVVTDAA ZNT8 0.16  0.0e+00 

FMIAEVVGGHIAGSL ZNT8 0.18 3.9e-130 
MIIVSSCAVAANIVL ZNT8 0.18  0.0e+00 

IIVSSCAVAANIVLT ZNT8 0.18  0.0e+00 

GHIAGSLAVVTDAAH ZNT8 0.17  0.0e+00 

TVMIIVSSCAVAANI ZNT8 0.18  0.0e+00 
IVSSCAVAANIVLTV ZNT8 0.22  0.0e+00 

LSAHVATAASRDSQV ZNT8 0.42  4.0e-97 

ATVMIIVSSCAVAAN ZNT8 0.35 3.3e-127 

HIAGSLAVVTDAAHL ZNT8 0.12 3.0e-232 

LTMNQVILSAHVATA ZNT8 0.15 1.1e-136 
QATVMIIVSSCAVAA ZNT8 0.31 5.2e-131 

FTMHSLTIQMESPVD ZNT8 1.87 1.6e-118 

IAGSLAVVTDAAHLL ZNT8 0.13  1.5e-05 

IWSLTMNQVILSAHV ZNT8 0.7  1.3e-08 

LHIWSLTMNQVILSA ZNT8 0.74  2.6e-06 
SLHIWSLTMNQVILS ZNT8 0.74  2.6e-06 

HIWSLTMNQVILSAH ZNT8 0.74  2.6e-06 

DLFQSISVLISALII ZNT8 0.75  9.4e-06 

LFQSISVLISALIIY ZNT8 0.75  9.4e-06 
SSCAVAANIVLTVVL ZNT8 0.75  9.4e-06 

FQSISVLISALIIYF ZNT8 0.23  1.3e-14 

HSLHIWSLTMNQVIL ZNT8 0.74  3.5e-06 

LGDLFQSISVLISAL ZNT8 0.23  1.3e-14 

IRRGVMLAVDAVIAE CH60 0.7  1.0e-08 
AGDGTTTATVLARSI CH60 0.03 1.5e-223 

GVMLAVDAVIAELKK CH60 0.74  2.1e-06 

DQELESLSAIEAELE CMGA 5.28  0.0e+00 

LESLSAIEAELEKVA CMGA 5.18  0.0e+00 
EDQELESLSAIEAEL CMGA 5.28  0.0e+00 

ESLSAIEAELEKVAH CMGA 5.18  0.0e+00 

PEDQELESLSAIEAE CMGA 5.19  0.0e+00 

SLSAIEAELEKVAHQ CMGA 0.39  1.7e-76 

TQSDIDFLIEEIERL DCE1 1.96 4.2e-139 
NMFTYEIAPVFVLME DCE1 1.79 3.3e-115 

QSDIDFLIEEIERLG DCE1 1.96 2.9e-139 

TNMFTYEIAPVFVLM DCE1 1.93 2.4e-142 

NTNMFTYEIAPVFVL DCE1 1.39 7.6e-141 

MFTYEIAPVFVLMEQ DCE1 3.08 1.3e-307 
AATQSDIDFLIEEIE DCE1 1.96 2.9e-139 

SDIDFLIEEIERLGQ DCE1 1.96 2.9e-139 

ISNMYSIMAARYKYF DCE1 0.08 6.9e-296 

AISNMYSIMAARYKY DCE1 0.08 4.9e-296 
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GAISNMYSIMAARYK DCE1 0.08 4.9e-296 
SNMYSIMAARYKYFP DCE1 0.08 1.9e-289 

GGAISNMYSIMAARY DCE1 0.08 4.9e-296 

 
 
Table S4. Predicted T1D-associated epitopes (N = 500) bound by trans-encoded 
DQ variants. 
 

Epitope Protein Odds ratio P-value 

NYKLTASAPGYLAIT CBPE 0.15 3.7e-216 

YKLTASAPGYLAITK CBPE 0.04  9.3e-42 

GNYKLTASAPGYLAI CBPE 0.13 2.2e-102 

VNLIHSTRIHIMPSL CBPE 0.28  1.0e-89 
NLIHSTRIHIMPSLN CBPE 0.45  3.9e-30 

IHSTRIHIMPSLNPD CBPE 0.13  8.3e-09 

KAVIHWIMDIPFVLS CBPE 0.62  4.0e-66 

TKAVIHWIMDIPFVL CBPE 0.62  1.0e-66 
GGSALLALCGALAAC CBPE 0.13  4.8e-36 

FFRMVISNPAATQSD DCE1 0.05  1.8e-17 

PGGAISNMYSIMAAR DCE1 0.23 1.8e-123 

ATAGTTVYGAFDPIQ DCE1 0.02  2.7e-36 

SPGGAISNMYSIMAA DCE1 0.01  4.9e-15 
IFKFWLMWKAKGTVG DCE1 1.53  4.9e-06 

DIFKFWLMWKAKGTV DCE1 1.68  5.8e-08 

NMYSIMAARYKYFPE DCE1 1.53  4.9e-06 

KFWLMWKAKGTVGFE DCE1 1.69  4.4e-08 

FWLMWKAKGTVGFEN DCE1 1.85  8.2e-09 
EQTVQFLLEVVDILL DCE1 0.5  7.9e-49 

TVQFLLEVVDILLNY DCE1 0.49  6.8e-42 

GIFSPGGAISNMYSI DCE1 0.56  3.8e-36 

DGIFSPGGAISNMYS DCE1 0.56  2.4e-35 
GDGIFSPGGAISNMY DCE1 0.58  6.7e-41 

IFSPGGAISNMYSIM DCE1 0.33  7.0e-42 

YSIKKAGAALGFGTD DCE1 0.33  1.3e-42 

MASSTPSSSATSSNA DCE1 0.26  7.3e-33 

TAGTTVYGAFDPIQE DCE1 0.05  2.2e-14 
PEHTNVCFWYIPQSL DCE1 0.27  2.8e-05 

FLVSATAGTTVYGAF DCE2 0.53 1.1e-131 

LVSATAGTTVYGAFD DCE2 0.54 6.3e-124 

PFLVSATAGTTVYGA DCE2 0.58 6.5e-103 

VSATAGTTVYGAFDP DCE2 0.56 1.7e-113 
FVPFLVSATAGTTVY DCE2 1.31  9.5e-19 

THQDIDFLIEEIERL DCE2 2.37 1.9e-223 

HQDIDFLIEEIERLG DCE2 2.36 2.1e-220 

ATHQDIDFLIEEIER DCE2 3.51 6.9e-252 
NMFTYEIAPVFVLLE DCE2 1.63  5.3e-99 

QDIDFLIEEIERLGQ DCE2 2.48 2.2e-241 

VPFLVSATAGTTVYG DCE2 0.27 9.5e-184 

KVNFFRMVISNPAAT DCE2 0.69  7.7e-22 

VNFFRMVISNPAATH DCE2 0.6  3.1e-38 
NFFRMVISNPAATHQ DCE2 0.03  6.9e-23 

NVCFWYIPPSLRTLE DCE2 0.22  2.3e-24 

HTNVCFWYIPPSLRT DCE2 0.18  1.1e-55 

GTTVYGAFDPLLAVA DCE2 0.25  6.2e-32 

FFRMVISNPAATHQD DCE2 0.04  2.8e-16 
ATAGTTVYGAFDPLL DCE2 0.06 4.9e-130 

GGAISNMYAMMIARF DCE2 0.32 8.4e-136 

GAISNMYAMMIARFK DCE2 0.29 2.1e-136 

PHKMMGVPLQCSALL DCE2 0.02  5.8e-37 
AISNMYAMMIARFKM DCE2 0.41  4.1e-99 

VNYAFLHATDLLPAC DCE2 0.06  2.0e-87 

TAGTTVYGAFDPLLA DCE2 0.02  3.0e-40 

ISNMYAMMIARFKMF DCE2 0.52  3.6e-37 

DVNYAFLHATDLLPA DCE2 0.07  3.5e-68 
PGGAISNMYAMMIAR DCE2 0.19  1.3e-41 

NYAFLHATDLLPACD DCE2 0.02  4.3e-28 

KMMGVPLQCSALLVR DCE2 0.02  2.7e-30 

FTYEIAPVFVLLEYV DCE2 0.63  3.3e-18 
GFVPFLVSATAGTTV DCE2 0.28  1.3e-44 

RPTLAFLQDVMNILL DCE2 0.36 2.0e-116 

VFKLWLMWRAKGTTG DCE2 1.54  3.8e-06 

DVFKLWLMWRAKGTT DCE2 1.69  4.4e-08 

LWLMWRAKGTTGFEA DCE2 1.85  8.2e-09 
AGTTVYGAFDPLLAV DCE2 0.2  3.8e-23 

PTLAFLQDVMNILLQ DCE2 0.46  3.6e-65 

ERPTLAFLQDVMNIL DCE2 0.43  8.9e-78 

TLAFLQDVMNILLQY DCE2 0.46  3.6e-65 

LAFLQDVMNILLQYV DCE2 0.3  2.9e-61 
GIFSPGGAISNMYAM DCE2 0.56  3.8e-36 

WNPHKMMGVPLQCSA DCE2 0.05  2.2e-14 

QHTNVCFWYIPPSLR DCE2 0.38  5.4e-11 

TTVYGAFDPLLAVAD DCE2 0.12  2.8e-11 
VMNILLQYVVKSFDR DCE2 0.02  1.1e-07 

LGVIGGMLVAEAFEH G6PC2 1.57  1.3e-70 

ILGVIGGMLVAEAFE G6PC2 1.56  1.2e-60 

VILGVIGGMLVAEAF G6PC2 1.22  7.8e-14 

GVIGGMLVAEAFEHT G6PC2 2.03 3.9e-135 
VIGGMLVAEAFEHTP G6PC2 1.95  2.0e-90 

QVILGVIGGMLVAEA G6PC2 4.7 4.0e-306 

VLFGLGFAINSEMFL G6PC2 1.15  2.4e-09 



 

 105 

GVLFGLGFAINSEMF G6PC2 1.4  9.8e-41 
LNIDLLWSVPIAKKW G6PC2 0.63  2.7e-29 

FGLGFAINSEMFLLS G6PC2 0.85  1.7e-09 

LRVLNIDLLWSVPIA G6PC2 0.8  6.3e-08 

VLNIDLLWSVPIAKK G6PC2 0.75  5.4e-10 

LLRVLNIDLLWSVPI G6PC2 0.16  1.2e-48 
VAFIPYSVHMLMKQS G6PC2 1.53  4.9e-06 

AFIPYSVHMLMKQSG G6PC2 1.69  4.4e-08 

CVWYVMVTAALSHTV G6PC2 0.08  8.3e-46 

WYVMVTAALSHTVCG G6PC2 0.02  1.8e-18 

SIPLTVVAFIPYSVH G6PC2 0.55  5.8e-20 
LGVLFGLGFAINSEM G6PC2 0.03  8.3e-10 

NIDLLWSVPIAKKWC G6PC2 0.02  3.3e-08 

RGGSALLALCGALAA CBPE 0.13  4.8e-36 

AVIHWIMDIPFVLSA CBPE 0.63  3.2e-65 
ETIVNLIHSTRIHIM CBPE 1.53  4.9e-06 

AIFQSLARAYSSFNP CBPE 0.53  3.7e-19 

PETKAVIHWIMDIPF CBPE 0.55  2.1e-10 

MAGRGGSALLALCGA CBPE 0.33  1.3e-41 

YSPAAGVDFELESFS CBPE 6.77  0.0e+00 
DDAIFQSLARAYSSF CBPE 0.4  1.1e-25 

IFQSLARAYSSFNPA CBPE 0.08  3.8e-43 

RVDFSLAGALNAGFK GFAP 0.88  5.3e-06 

PTRVDFSLAGALNAG GFAP 0.44  3.9e-24 

DFSLAGALNAGFKET GFAP 0.48  5.5e-14 
RRRITSAARRSYVSS GFAP 1.68  5.8e-08 

ERRRITSAARRSYVS GFAP 1.69  4.4e-08 

LLNVKLALDIEIATY GFAP 0.33  2.4e-43 

LPTRVDFSLAGALNA GFAP 0.59  1.1e-08 
EAASYQEALARLEEE GFAP 2.27  2.3e-67 

EAVAYGAAVQAAILM HS71A 0.65  5.7e-67 

DEAVAYGAAVQAAIL HS71A 0.64  4.6e-72 

PDEAVAYGAAVQAAI HS71A 0.65  8.1e-65 

AVAYGAAVQAAILMG HS71A 0.65  4.1e-68 
INEPTAAAIAYGLDR HS71A 0.71  2.9e-45 

IINEPTAAAIAYGLD HS71A 0.7  2.6e-46 

VAYGAAVQAAILMGD HS71A 0.7  6.2e-48 

RIINEPTAAAIAYGL HS71A 0.71  4.5e-45 

NPDEAVAYGAAVQAA HS71A 0.75  2.1e-30 
NEPTAAAIAYGLDRT HS71A 0.7  1.0e-45 

AYGAAVQAAILMGDK HS71A 0.52 2.2e-127 

EPTAAAIAYGLDRTG HS71A 0.73  6.7e-42 

LRIINEPTAAAIAYG HS71A 0.49 3.7e-173 
SLGLETAGGVMTALI HS71A 0.57 2.5e-106 

LGLETAGGVMTALIK HS71A 0.57 2.6e-103 

INPDEAVAYGAAVQA HS71A 1.12  2.6e-05 

VLRIINEPTAAAIAY HS71A 0.9  7.1e-05 

PTAAAIAYGLDRTGK HS71A 1.49  4.0e-34 
GLETAGGVMTALIKR HS71A 0.61  1.9e-81 

SSSTQASLEIDSLFE HS71A 0.33  2.3e-35 

STQASLEIDSLFEGI HS71A 0.33  1.2e-34 

LETAGGVMTALIKRN HS71A 0.26 4.5e-286 

IAEAYLGYPVTNAVI HS71A 0.08  1.2e-09 
AKRTLSSSTQASLEI HS71A 0.56  5.1e-20 

LSLGLETAGGVMTAL HS71A 0.34 4.0e-192 

ETAGGVMTALIKRNS HS71A 0.31  1.6e-05 

QDLLLLDVAPLSLGL HS71A 0.33 1.7e-125 
VQDLLLLDVAPLSLG HS71A 0.32 1.6e-130 

NVQDLLLLDVAPLSL HS71A 0.46 3.2e-126 

DLLLLDVAPLSLGLE HS71A 0.21 2.3e-136 

ENVQDLLLLDVAPLS HS71A 0.21 2.7e-135 

LLLLDVAPLSLGLET HS71A 0.13  4.8e-36 
AGVIAGLNVLRIINE HS71A 0.13  4.8e-36 

IDFYTSITRARFEEL HS71A 1.53  4.9e-06 

FEGIDFYTSITRARF HS71A 1.68  5.8e-08 

YPVTNAVITVPAYFN HS71A 0.39  3.6e-66 

GYPVTNAVITVPAYF HS71A 0.37  1.6e-65 
KRTLSSSTQASLEID HS71A 0.68  3.0e-09 

RAKRTLSSSTQASLE HS71A 0.13  7.8e-15 

PVTNAVITVPAYFND HS71A 0.7  3.8e-08 

LGYPVTNAVITVPAY HS71A 0.75  9.0e-06 
SENVQDLLLLDVAPL HS71A 0.23  1.4e-17 

FDVSILTIDDGIFEV HS71A 0.23  1.4e-17 

PLSLGLETAGGVMTA HS71A 0.54  1.2e-29 

TAAAIAYGLDRTGKG HS71A 0.05  2.2e-14 

YGAAVQAAILMGDKS HS71A 0.05  2.2e-14 
LFEGIDFYTSITRAR HS71A 2.85  1.5e-12 

TQRLANFLVHSSNNF IAPP 0.2  2.8e-24 

HSSNNFGAILSSTNV IAPP 0.19  2.3e-94 

QRLANFLVHSSNNFG IAPP 0.39  2.2e-07 
RLANFLVHSSNNFGA IAPP 0.4  3.8e-07 

LTAWFSLFADLDPLS ICA69 1.99 1.6e-163 

DLTAWFSLFADLDPL ICA69 2.99  0.0e+00 

TAWFSLFADLDPLSN ICA69 1.98 1.4e-162 

AWFSLFADLDPLSNP ICA69 2.16 2.4e-169 
SDLTAWFSLFADLDP ICA69 2.58 1.4e-262 

WFSLFADLDPLSNPD ICA69 1.78 7.0e-108 

LSEIFNASSLEEGEF ICA69 1.56  1.6e-76 

ASDLTAWFSLFADLD ICA69 2.45 5.1e-243 

DEHVVASDADLDAKL ICA69 2.11 1.9e-173 
EHVVASDADLDAKLE ICA69 3.78  0.0e+00 

KEDEHVVASDADLDA ICA69 1.48  1.0e-30 

EKTSHTMAAIHESFK ICA69 0.29 7.7e-209 

KTSHTMAAIHESFKG ICA69 0.13 7.1e-164 
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TSHTMAAIHESFKGY ICA69 0.05  2.5e-83 
AASDLTAWFSLFADL ICA69 0.61  4.4e-08 

FWEKTSHTMAAIHES ICA69 0.08  3.1e-43 

SEIFNASSLEEGEFS ICA69 2.38  1.1e-78 

LLSEIFNASSLEEGE ICA69 2.23  5.4e-66 

LLLSEIFNASSLEEG ICA69 2.21  4.0e-65 
EIFNASSLEEGEFSK ICA69 2.24  3.1e-66 

LALLALWGPDPAAAF INS 0.57  2.5e-19 

ALLALWGPDPAAAFV INS 0.23  4.6e-22 

LLALLALWGPDPAAA INS 0.56  4.5e-19 

ALWMRLLPLLALLAL INS 0.11  2.0e-46 
LWMRLLPLLALLALW INS 0.11  2.0e-46 

CGSHLVEALYLVCGE INS 2.27  2.3e-67 

RTRTAYTRAQLLELE PDX1 0.42  5.5e-06 

WKGQWAGGAYAAEPE PDX1 0.55  4.4e-38 
GQWAGGAYAAEPEEN PDX1 2.14  9.3e-63 

KGQWAGGAYAAEPEE PDX1 0.55  4.4e-38 

PPGGAVPPAAPVAAR PDX1 0.49  1.2e-69 

PPPGGAVPPAAPVAA PDX1 0.47  1.4e-66 

AWKGQWAGGAYAAEP PDX1 0.55  7.1e-39 
PGGAVPPAAPVAARE PDX1 0.47  3.7e-66 

LFNKYISRPRRVELA PDX1 1.85  8.2e-09 

PPPPGGAVPPAAPVA PDX1 0.56  2.4e-35 

PPPPPGGAVPPAAPV PDX1 0.33  1.3e-41 

RGGGTAVGGGGVAEP PDX1 0.34  6.7e-41 
GGAVPPAAPVAAREG PDX1 0.33  1.3e-41 

GGTAVGGGGVAEPEQ PDX1 0.34  6.7e-41 

HAWKGQWAGGAYAAE PDX1 0.57  4.5e-35 

NKRTRTAYTRAQLLE PDX1 2.13  2.7e-10 
LERKIESLMDEIEFL PERI 1.94 4.0e-135 

ELERKIESLMDEIEF PERI 1.96 1.1e-138 

KIESLMDEIEFLKKL PERI 1.96 8.8e-139 

RLDFSMAEALNQEFL PERI 3.34  0.0e+00 

LDFSMAEALNQEFLA PERI 3.1  0.0e+00 
ERLDFSMAEALNQEF PERI 3.1  0.0e+00 

KISSIQSIVPALEIA CH60 2.08 2.6e-173 

KKISSIQSIVPALEI CH60 2.36 1.0e-219 

ISSIQSIVPALEIAN CH60 2.41 1.1e-229 

SSIQSIVPALEIANA CH60 3.03  0.0e+00 
KPLVIIAEDVDGEAL CH60 2.47 2.5e-240 

PLVIIAEDVDGEALS CH60 2.43 5.7e-232 

RRGVMLAVDAVIAEL CH60 1.6  3.4e-67 

LVIIAEDVDGEALST CH60 2.44 5.0e-233 
RGVMLAVDAVIAELK CH60 0.89  3.5e-06 

HRKPLVIIAEDVDGE CH60 1.46  1.9e-27 

VIIAEDVDGEALSTL CH60 1.46  1.9e-27 

DGTTTATVLARSIAK CH60 0.26 3.2e-207 

SRLLGSASPSSSVRL PERI 0.34 1.2e-161 
RLLGSASPSSSVRLG PERI 0.46  2.9e-81 

SSSRLLGSASPSSSV PERI 0.42 1.4e-104 

ALEAGGYQAGAARLE PERI 0.56  7.6e-36 

SERLDFSMAEALNQE PERI 1.39  1.0e-25 

LLNVKMALDIEIATY PERI 0.28  2.7e-69 
LLGSASPSSSVRLGS PERI 0.29  1.9e-75 

FALEAGGYQAGAARL PERI 0.56  7.0e-36 

FRSPRAGAGALLRLP PERI 0.33  7.0e-42 

SFRSPRAGAGALLRL PERI 0.33  1.3e-42 
FSSSRLLGSASPSSS PERI 0.39  1.4e-31 

PSERLDFSMAEALNQ PERI 0.33  2.4e-43 

ELLNVKMALDIEIAT PERI 0.33  2.4e-43 

QFALEAGGYQAGAAR PERI 0.74  8.5e-07 

KEQFEFALTAVAEEV PTPR2 4.5  0.0e+00 
RHHLMAALSAYAAQR PTPR2 0.42 2.6e-237 

QFEFALTAVAEEVNA PTPR2 2.11  0.0e+00 

EQFEFALTAVAEEVN PTPR2 4.45  0.0e+00 

DRHHLMAALSAYAAQ PTPR2 0.43 2.3e-219 

VDRHHLMAALSAYAA PTPR2 0.48 6.9e-180 
HHLMAALSAYAAQRP PTPR2 0.41 4.1e-238 

FEFALTAVAEEVNAI PTPR2 2.21  0.0e+00 

HLMAALSAYAAQRPP PTPR2 0.43 2.0e-229 

EFALTAVAEEVNAIL PTPR2 2.24  0.0e+00 
TKEQFEFALTAVAEE PTPR2 4.09  0.0e+00 

GVDRHHLMAALSAYA PTPR2 0.78  2.6e-18 

LMAALSAYAAQRPPA PTPR2 0.5 1.0e-156 

FALTAVAEEVNAILK PTPR2 1.73  0.0e+00 

LLQVPSSAFADVEVL PTPR2 3.51  0.0e+00 
DDYTQYVMDQELADL PTPR2 2.31 1.4e-212 

DYTQYVMDQELADLP PTPR2 2.44 5.0e-233 

LQVPSSAFADVEVLG PTPR2 1.6  5.8e-51 

QVPSSAFADVEVLGP PTPR2 1.68  6.2e-55 
MAALSAYAAQRPPAP PTPR2 0.22 6.2e-243 

ESILTYVAHTSALTY PTPR2 0.66  1.4e-27 

SESILTYVAHTSALT PTPR2 0.35 6.9e-107 

SILTYVAHTSALTYP PTPR2 0.47  4.8e-60 

FSESILTYVAHTSAL PTPR2 0.24 5.7e-151 
AMDFYRYEVSPVALQ PTPR2 1.22  1.2e-05 

MDFYRYEVSPVALQR PTPR2 1.49  7.8e-13 

DFYRYEVSPVALQRL PTPR2 1.63  1.9e-17 

PAMDFYRYEVSPVAL PTPR2 1.64  5.6e-19 

QTKEQFEFALTAVAE PTPR2 1.77  3.6e-57 
TQFHFLSWYDRGVPS PTPR2 0.45  1.6e-10 

VTQFHFLSWYDRGVP PTPR2 0.52  2.0e-07 

STGHMILSYMEDHLK PTPR2 0.6  1.6e-10 

VPAMDFYRYEVSPVA PTPR2 1.97  4.1e-30 
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YSREGGAALANALRR PTPR2 0.35 6.3e-178 
RYSREGGAALANALR PTPR2 0.35 6.3e-178 

SGVDRHHLMAALSAY PTPR2 0.09  4.6e-49 

RRYSREGGAALANAL PTPR2 0.37 1.5e-158 

SREGGAALANALRRH PTPR2 0.35 5.8e-149 

ERRYSREGGAALANA PTPR2 0.55  3.5e-38 
LLLLLLLLPPRVLPA PTPR2 0.35  2.8e-70 

LLLLLLLLLPPRVLP PTPR2 0.1  1.0e-48 

SGCVVIVMLTPLAEN PTPR2 0.13  4.8e-36 

RFSESILTYVAHTSA PTPR2 0.59  3.9e-13 

TGHMILSYMEDHLKN PTPR2 0.55  1.9e-12 
ISTGHMILSYMEDHL PTPR2 0.55  2.1e-10 

HMILSYMEDHLKNKN PTPR2 0.55  2.1e-10 

GVARGSPGRAALGES PTPR2 0.33  1.3e-41 

TKFIALTLVSLACIL PTPR2 0.01  6.4e-06 
STKFIALTLVSLACI PTPR2 0.01  9.4e-06 

RLLQVPSSAFADVEV PTPR2 2.43  4.1e-80 

VPSSAFADVEVLGPA PTPR2 2.39  5.1e-79 

FYRYEVSPVALQRLR PTPR2 0.11  3.3e-10 

PLLLLLLLLLPPRVL PTPR2 0.02  1.1e-07 
LLLLLLPPRVLPAAP PTPR2 0.02  3.3e-08 

LLLLLPPRVLPAAPS PTPR2 0.02  1.1e-07 

DRFSESILTYVAHTS PTPR2 0.45  1.8e-05 

PSSAFADVEVLGPAV PTPR2 4.99  3.4e-17 

ALTAVAEEVNAILKA PTPR2 2.23  3.4e-17 
KDQFEFALTAVAEEV PTPRN 4.5  0.0e+00 

DQFEFALTAVAEEVN PTPRN 4.51  0.0e+00 

SKDQFEFALTAVAEE PTPRN 4.09  0.0e+00 

AGASSSLSPLQAELL PTPRN 5.36  0.0e+00 
NMDISTGHMILAYME PTPRN 0.06  7.3e-67 

HVHMSSGSFINISVV PTPRN 0.19  2.6e-93 

MDISTGHMILAYMED PTPRN 0.08  3.7e-41 

VHMSSGSFINISVVG PTPRN 0.02  1.5e-30 

DISTGHMILAYMEDH PTPRN 0.01  4.9e-15 
EHVHMSSGSFINISV PTPRN 0.01  3.5e-15 

HMSSGSFINISVVGP PTPRN 0.01  4.9e-15 

RSKDQFEFALTAVAE PTPRN 1.83  1.2e-61 

HMILAYMEDHLRNRD PTPRN 0.6  1.6e-10 

VALAGVAGLLVALAV PTPRN 0.11  2.5e-78 
LTLVALAGVAGLLVA PTPRN 0.3  3.1e-08 

SFINISVVGPALTFR PTPRN 0.44  9.8e-35 

FINISVVGPALTFRI PTPRN 0.32  1.4e-67 

GSFINISVVGPALTF PTPRN 0.42  4.7e-39 
GTYILIDMVLNRMAK PTPRN 0.11  2.0e-46 

PMRSVLLTLVALAGV PTPRN 0.13  4.8e-36 

SPMRSVLLTLVALAG PTPRN 0.13  4.8e-36 

GASSSLSPLQAELLP PTPRN 1.56  3.3e-23 

ASSSLSPLQAELLPP PTPRN 1.46  3.1e-12 
VGKGGAGASSSLSPL PTPRN 0.48  8.8e-63 

GTTTATVLARSIAKE CH60 0.2 2.5e-194 

GDGTTTATVLARSIA CH60 0.28 3.4e-203 

IRRGVMLAVDAVIAE CH60 0.62  3.2e-51 

GVMLAVDAVIAELKK CH60 0.53  3.9e-60 
LQGVDLLADAVAVTM CH60 0.6  7.2e-23 

KDMAIATGGAVFGEE CH60 0.34 2.2e-142 

MAIATGGAVFGEEGL CH60 0.47  5.2e-69 

LKDMAIATGGAVFGE CH60 0.36 1.0e-144 
AIATGGAVFGEEGLT CH60 0.33  2.9e-44 

TALLDAAGVASLLTT CH60 0.28  1.9e-06 

ALLDAAGVASLLTTA CH60 0.31  7.1e-05 

RTALLDAAGVASLLT CH60 0.26  2.0e-08 

PVGKGGAGASSSLSP PTPRN 0.48  1.1e-62 
PPVGKGGAGASSSLS PTPRN 0.56  2.4e-35 

QPPVGKGGAGASSSL PTPRN 0.33  1.3e-41 

GKGGAGASSSLSPLQ PTPRN 0.29  3.5e-74 

QDIPTGSAPAAQHRL PTPRN 0.48  5.8e-62 

LQDIPTGSAPAAQHR PTPRN 0.57  4.5e-35 
DIPTGSAPAAQHRLP PTPRN 0.57  9.7e-35 

KGGAGASSSLSPLQA PTPRN 0.33  1.3e-41 

IPTGSAPAAQHRLPQ PTPRN 0.56  2.4e-35 

ALAGVAGLLVALAVA PTPRN 0.07  4.9e-47 
VGQREEAAAVLPQTA PTPRN 1.62  1.5e-41 

QREEAAAVLPQTAHS PTPRN 0.32  5.0e-17 

REEAAAVLPQTAHST PTPRN 0.36  8.0e-13 

FHFLSWPAEGTPAST PTPRN 2.85  1.5e-12 

LAAVLAGYGVELRQL PTPRN 0.49  2.9e-05 
AAVLAGYGVELRQLT PTPRN 0.11  3.3e-10 

YILIDMVLNRMAKGV PTPRN 0.02  1.1e-07 

ELVAAASAVADSLPF RT31 0.72  2.2e-38 

SPELVAAASAVADSL RT31 0.79  2.1e-22 
PELVAAASAVADSLP RT31 0.8  3.7e-19 

LSPELVAAASAVADS RT31 0.79  3.6e-26 

PLSPELVAAASAVAD RT31 0.88  5.8e-09 

VAAASAVADSLPFDK RT31 1.67  1.1e-91 

GSPETSAAAIMLLTV RT31 0.88  2.8e-07 
EPLSPELVAAASAVA RT31 0.87  1.9e-08 

SSGSPETSAAAIMLL RT31 1.31  2.5e-22 

ISDMKVARSATARVR RT31 0.18 1.4e-170 

SDMKVARSATARVRS RT31 0.21 1.8e-141 

DMKVARSATARVRSR RT31 0.21 1.8e-141 
MKVARSATARVRSRP RT31 0.22 4.6e-123 

IISDMKVARSATARV RT31 0.2 5.0e-143 

PETSAAAIMLLTVRH RT31 0.34 1.9e-150 

ETSAAAIMLLTVRHG RT31 0.03  1.0e-51 
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LLGIIKGMKVELSTV RT31 0.08  8.3e-70 
AAASAVADSLPFDKQ RT31 0.24  1.2e-08 

LSSGSPETSAAAIML RT31 0.48  1.2e-72 

PRVSTFLPLRPLSRH RT31 1.53  4.9e-06 

RVSTFLPLRPLSRHP RT31 1.69  4.4e-08 

GTVRYRSSALLARTK RT31 1.53  4.9e-06 
NIISDMKVARSATAR RT31 0.43  1.9e-10 

TVRYRSSALLARTKN RT31 1.54  3.8e-06 

KVARSATARVRSRPE RT31 1.68  5.8e-08 

HGTVRYRSSALLART RT31 1.54  3.8e-06 

RHGTVRYRSSALLAR RT31 1.69  4.4e-08 
SNIISDMKVARSATA RT31 0.43  1.7e-10 

PLSSGSPETSAAAIM RT31 0.48  8.8e-63 

IEPLSPELVAAASAV RT31 0.36  5.7e-13 

VARSATARVRSRPEL RT31 2.8  2.6e-12 
MFPRVSTFLPLRPLS RT31 1.85  8.0e-08 

VQANASVRAAFVHAL ZNT8 0.42 7.4e-227 

MIIVSSCAVAANIVL ZNT8 0.44 1.5e-242 

IIVSSCAVAANIVLT ZNT8 0.46 2.4e-208 

VMIIVSSCAVAANIV ZNT8 0.44 2.5e-243 
GGHIAGSLAVVTDAA ZNT8 0.61  2.6e-78 

QANASVRAAFVHALG ZNT8 0.44 9.9e-207 

VGGHIAGSLAVVTDA ZNT8 0.66  6.8e-56 

ANASVRAAFVHALGD ZNT8 0.44 6.4e-205 

NASVRAAFVHALGDL ZNT8 0.58  5.5e-90 
GHIAGSLAVVTDAAH ZNT8 0.75  1.0e-27 

VVGGHIAGSLAVVTD ZNT8 0.8  9.0e-18 

EVQANASVRAAFVHA ZNT8 0.55 8.0e-118 

IVSSCAVAANIVLTV ZNT8 0.66  6.0e-61 
NQVILSAHVATAASR ZNT8 0.51 2.1e-155 

TVMIIVSSCAVAANI ZNT8 0.47 8.7e-205 

HIAGSLAVVTDAAHL ZNT8 1.35  9.0e-25 

ASVRAAFVHALGDLF ZNT8 1.33  1.7e-22 

EVVGGHIAGSLAVVT ZNT8 0.72  1.5e-37 
QVILSAHVATAASRD ZNT8 0.53 2.1e-141 

VILSAHVATAASRDS ZNT8 0.57 4.5e-114 

MNQVILSAHVATAAS ZNT8 0.51 1.9e-155 

KEVQANASVRAAFVH ZNT8 0.58 1.1e-102 

HKEVQANASVRAAFV ZNT8 0.56 1.1e-112 
AAKMYAFTLESVELQ ZNT8 2.49 1.3e-261 

AKMYAFTLESVELQQ ZNT8 2.64 3.5e-304 

KMYAFTLESVELQQK ZNT8 2.09 1.1e-164 

KAAKMYAFTLESVEL ZNT8 1.32  2.5e-39 
ILSAHVATAASRDSQ ZNT8 0.29  0.0e+00 

TMNQVILSAHVATAA ZNT8 0.28  0.0e+00 

AEVVGGHIAGSLAVV ZNT8 0.3 1.6e-241 

IAEVVGGHIAGSLAV ZNT8 0.31 4.4e-199 

MIAEVVGGHIAGSLA ZNT8 0.35 3.8e-121 
LTFGWHRAEILGALL ZNT8 1.42  4.2e-14 

KRLTFGWHRAEILGA ZNT8 1.52  2.1e-18 

SVRAAFVHALGDLFQ ZNT8 0.82  2.1e-06 

TFGWHRAEILGALLS ZNT8 0.47  2.0e-30 

SFTMHSLTIQMESPV ZNT8 0.7  3.6e-43 
SKSFTMHSLTIQMES ZNT8 0.66  2.2e-58 

KSFTMHSLTIQMESP ZNT8 0.69  4.0e-42 

FTMHSLTIQMESPVD ZNT8 0.85  5.4e-09 

LSKSFTMHSLTIQME ZNT8 1.2  9.8e-14 
LHIWSLTMNQVILSA ZNT8 0.67  3.4e-30 

SLHIWSLTMNQVILS ZNT8 0.65  1.1e-35 

ATVMIIVSSCAVAAN ZNT8 0.29 1.2e-281 

LSAHVATAASRDSQV ZNT8 0.29 3.9e-155 

QATVMIIVSSCAVAA ZNT8 0.25 2.1e-126 
VSSCAVAANIVLTVV ZNT8 0.27  1.4e-75 

IAGSLAVVTDAAHLL ZNT8 0.4  1.9e-23 

HIWSLTMNQVILSAH ZNT8 0.18  2.5e-88 

IWSLTMNQVILSAHV ZNT8 0.12  1.7e-70 

KELILAVDGVLSVHS ZNT8 0.23 1.5e-121 
VKELILAVDGVLSVH ZNT8 0.23 1.8e-122 

GVKELILAVDGVLSV ZNT8 0.23 2.0e-121 

WSLTMNQVILSAHVA ZNT8 0.1  8.7e-49 

ELILAVDGVLSVHSL ZNT8 0.21  2.4e-35 
HSLHIWSLTMNQVIL ZNT8 0.71  4.5e-18 

SLTMNQVILSAHVAT ZNT8 0.13  4.8e-36 

KALSKSFTMHSLTIQ ZNT8 1.53  4.9e-06 

LTMNQVILSAHVATA ZNT8 0.15 4.9e-114 

FMIAEVVGGHIAGSL ZNT8 0.33  7.0e-42 
VRAAFVHALGDLFQS ZNT8 1.55  2.0e-19 

QLKDMAIATGGAVFG CH60 0.46  7.0e-70 

LLDAAGVASLLTTAE CH60 0.22  7.9e-09 

VRTALLDAAGVASLL CH60 0.26  4.1e-07 
EIRRGVMLAVDAVIA CH60 0.29 1.4e-140 

GCALLRCIPALDSLT CH60 0.11  5.2e-42 

RALMLQGVDLLADAV CH60 0.36 1.8e-131 

ARALMLQGVDLLADA CH60 0.34 3.1e-137 

VMLAVDAVIAELKKQ CH60 0.38  5.7e-79 
ALMLQGVDLLADAVA CH60 0.39 7.9e-105 

VSRVLAPHLTRAYAK CH60 1.68  5.8e-08 

PVSRVLAPHLTRAYA CH60 1.69  4.4e-08 

NHKEVQANASVRAAF ZNT8 0.08  3.8e-43 

DLFQSISVLISALII ZNT8 0.02  8.3e-12 
GDLFQSISVLISALI ZNT8 0.15  2.1e-25 

SSCAVAANIVLTVVL ZNT8 0.01  3.1e-09 

LFQSISVLISALIIY ZNT8 0.01  3.1e-09 

SCAVAANIVLTVVLH ZNT8 0.02  4.1e-05 
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LGDLFQSISVLISAL ZNT8 0.01  1.4e-05 
SVHSLHIWSLTMNQV ZNT8 0.15  3.8e-27 

SRVLAPHLTRAYAKD CH60 1.69  4.4e-08 

PTVFRQMRPVSRVLA CH60 1.64  1.5e-06 

TTTATVLARSIAKEG CH60 0.14 8.3e-131 

LMLQGVDLLADAVAV CH60 0.54  3.5e-46 
AGDGTTTATVLARSI CH60 0.21 1.9e-142 

DARALMLQGVDLLAD CH60 0.28  2.7e-69 

TTATVLARSIAKEGF CH60 0.12  5.8e-44 

MLQGVDLLADAVAVT CH60 0.33  2.4e-43 

ASLLTTAEVVVTEIP CH60 1.81  9.5e-06 
DQELESLSAIEAELE CMGA 5.07  0.0e+00 

QELESLSAIEAELEK CMGA 5.07  0.0e+00 

ELESLSAIEAELEKV CMGA 5.07  0.0e+00 

EDQELESLSAIEAEL CMGA 5.13  0.0e+00 
LESLSAIEAELEKVA CMGA 3.3  0.0e+00 

ESLSAIEAELEKVAH CMGA 3.25  0.0e+00 

PEDQELESLSAIEAE CMGA 3.5  0.0e+00 

SLSAIEAELEKVAHQ CMGA 0.33  2.3e-35 

SMKLSFRARAYGFRG CMGA 1.53  4.9e-06 
NRDSSMKLSFRARAY CMGA 1.53  4.9e-06 

KLSFRARAYGFRGPG CMGA 1.69  4.4e-08 

FYVNATAGTTVYGAF DCE1 0.54 3.2e-126 

YVNATAGTTVYGAFD DCE1 0.55 8.7e-123 

VNATAGTTVYGAFDP DCE1 0.63  9.1e-70 
PFYVNATAGTTVYGA DCE1 0.59  4.4e-99 

TQSDIDFLIEEIERL DCE1 2.37 1.9e-223 

QSDIDFLIEEIERLG DCE1 2.36 2.1e-220 

ATQSDIDFLIEEIER DCE1 2.47 2.5e-240 
AATQSDIDFLIEEIE DCE1 2.36 2.7e-220 

NMFTYEIAPVFVLME DCE1 1.63  9.2e-99 

SDIDFLIEEIERLGQ DCE1 2.48 2.2e-241 

PAATQSDIDFLIEEI DCE1 3.51 6.9e-252 

AISNMYSIMAARYKY DCE1 0.31  0.0e+00 
ISNMYSIMAARYKYF DCE1 0.33 4.4e-277 

GAISNMYSIMAARYK DCE1 0.31  0.0e+00 

GGAISNMYSIMAARY DCE1 0.47 2.3e-196 

SNMYSIMAARYKYFP DCE1 0.21 2.5e-276 

KANFFRMVISNPAAT DCE1 0.69  2.9e-22 
ANFFRMVISNPAATQ DCE1 0.37  6.6e-97 

DKANFFRMVISNPAA DCE1 0.54  1.1e-35 

NFFRMVISNPAATQS DCE1 0.39  4.6e-58 

ANTNMFTYEIAPVFV DCE1 0.85  6.0e-23 

 
 
Table S5. Predicted T1D-associated deamidated epitopes (N = 20) bound by DRB1 
variants. 
 

Deamidated-epitope Protein Odds ratio P-value 

ANFFRMVISNPAATE DCE1 0.53 5.8e-125 
FFRMVISNPAATESD DCE1 0.58  1.2e-99 

DERILSILRHENLLK CMGA 0.47  2.0e-33 

EKGFVPFLVSATAGT DCE2 0.2  3.3e-09 

KDEFEFALTAVAEEV PTPRN 0.2  3.3e-09 

KEEFEFALTAVAEEV PTPR2 0.2  3.3e-09 
DFLHRNGVLIIQHLE G6PC2 0.75  6.9e-06 

FRMVISNPAATESDI DCE1 2.43 3.7e-242 

SLEEILVDCRDTLKY DCE1 3.23  0.0e+00 

EDLLLLDVAPLSLGL HS71A 4.68  0.0e+00 
VEDLLLLDVAPLSLG HS71A 5.18  0.0e+00 

NVEDLLLLDVAPLSL HS71A 5.18  0.0e+00 

YGYIVTDEKPLSLAA PTPRN 3.23  0.0e+00 

AEEYGYIVTDEKPLS PTPRN 3.23  0.0e+00 

GRRLVEDVARLLEVP PTPR2 3.23  0.0e+00 
TLRGDERILSILRHE CMGA 3.23  0.0e+00 

PYEFTTLKSLEDPMK ICA69 5.31  6.7e-41 

RLDFSMAEALNEEFL PERI 5.31  6.7e-41 

IWSLTMNEVILSAHV ZNT8 0.1  2.5e-20 
EKPLSLAAGVKLLEI PTPRN 0.34 3.7e-137 
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Table S6. Predicted T1D-associated deamidated epitopes (N = 94) bound by DQ 
variants. 
 

Deamidated-epitope Protein Odds ratio P-value 

TESDIDFLIEEIERL DCE1 1.96 1.6e-138 

ESDIDFLIEEIERLG DCE1 1.96 2.9e-139 

MFTYEIAPVFVLMEE DCE1 1.94 1.1e-139 

FTYEIAPVFVLMEEI DCE1 5.18  0.0e+00 
EEQTVEFLLEVVDIL DCE1 1.96 1.1e-138 

AATESDIDFLIEEIE DCE1 1.96 2.9e-139 

INPDEAVAYGAAVEA HS71A 3.24  0.0e+00 

QDIPTGSAPAAEHRL PTPRN 0.61  1.8e-30 
LQDIPTGSAPAAEHR PTPRN 0.54  7.5e-37 

EFALEAGGYQAGAAR PERI 0.53  2.1e-38 

RSKDEFEFALTAVAE PTPRN 2.74 2.2e-283 

QTKEEFEFALTAVAE PTPR2 2.77 3.6e-288 

NFFRMVISNPAATES DCE1 0.24  8.3e-59 
EATVMIIVSSCAVAA ZNT8 0.31 5.2e-131 

LTMNEVILSAHVATA ZNT8 0.24  2.1e-59 

ISSIESIVPALEIAN CH60 2.71 1.5e-276 

SSIESIVPALEIANA CH60 5.22  0.0e+00 

SIESIVPALEIANAH CH60 5.4  0.0e+00 
EKKISSIESIVPALE CH60 5.4  0.0e+00 

AGASSSLSPLEAELL PTPRN 5.4  0.0e+00 

GASSSLSPLEAELLP PTPRN 5.4  0.0e+00 

DDLTEYVISQEMERI PTPRN 0.53  6.5e-52 
WHDDLTEYVISQEME PTPRN 0.53  6.5e-52 

LEVPSSAFADVEVLG PTPR2 2.76 8.2e-284 

RLLEVPSSAFADVEV PTPR2 5.4  0.0e+00 

YAFTLESVELQEKPV ZNT8 2.78 1.1e-288 

KEEEEEMAVVPEGLF CMGA 5.4  0.0e+00 
EAASYEEALARLEEE GFAP 5.4  0.0e+00 

SDGLELEVQPSEEEA PTPR2 6.14  0.0e+00 

EEEMAVVPEGLFRGG CMGA 6.14  0.0e+00 

QQKEEEEEMAVVPEG CMGA 6.14  0.0e+00 

AASYEEALARLEEEG GFAP 6.14  0.0e+00 
GEEQTVEFLLEVVDI DCE1 0.42  7.9e-70 

IEKRIEEIIEELDVT CH60 0.42  7.9e-70 

SSTEASLEIDSLFEG HS71A 0.39  1.7e-76 

TEASLEIDSLFEGID HS71A 0.39  1.7e-76 
DLTEYVISQEMERIP PTPRN 0.39  1.7e-76 

TWEDDYTEYVMDQEL PTPR2 0.42  7.9e-70 

CEEVISWLDANTLAE HS71A 0.05  1.7e-32 

EFHFLSWYDRGVPSS PTPR2 0.24  1.0e-37 

VTEFHFLSWYDRGVP PTPR2 0.06  4.5e-33 
LHIWSLTMNEVILSA ZNT8 0.74  2.1e-06 

SLHIWSLTMNEVILS ZNT8 0.74  2.1e-06 

HIWSLTMNEVILSAH ZNT8 0.74  2.1e-06 

IWSLTMNEVILSAHV ZNT8 0.74  2.1e-06 

HSLHIWSLTMNEVIL ZNT8 0.75  5.6e-06 
EQTVEFLLEVVDILL DCE1 2.52  3.2e-04 

AFLEDVMNILLEYVV DCE2 2.52  3.2e-04 

EKRIEEIIEELDVTT CH60 3.35  2.5e-05 

ERPTLAFLEDVMNIL DCE2 1.46  2.0e-52 
KISSIESIVPALEIA CH60 5.28  0.0e+00 

KKISSIESIVPALEI CH60 5.07  0.0e+00 

QIEKRIEEIIEELDV CH60 1.96 2.9e-139 

SSSTEASLEIDSLFE HS71A 5.06  0.0e+00 

STEASLEIDSLFEGI HS71A 1.96 2.9e-139 
EAVAYGAAVEAAILM HS71A 2.01 3.2e-112 

DEAVAYGAAVEAAIL HS71A 2.01 1.0e-112 

KDEFEFALTAVAEEV PTPRN 5.29  0.0e+00 

DEFEFALTAVAEEVN PTPRN 5.3  0.0e+00 

EFEFALTAVAEEVNA PTPRN 2.3  0.0e+00 
SKDEFEFALTAVAEE PTPRN 5.34  0.0e+00 

KEEFEFALTAVAEEV PTPR2 5.29  0.0e+00 

EEFEFALTAVAEEVN PTPR2 5.3  0.0e+00 

TKEEFEFALTAVAEE PTPR2 5.34  0.0e+00 
DDYTEYVMDQELADL PTPR2 1.96 2.9e-139 

LLEVPSSAFADVEVL PTPR2 5.19  0.0e+00 

AKMYAFTLESVELQE ZNT8 5.7  0.0e+00 

KMYAFTLESVELQEK ZNT8 5.18  0.0e+00 

MYAFTLESVELQEKP ZNT8 5.18  0.0e+00 
RLDFSMAEALNEEFL PERI 5.18  0.0e+00 

LDFSMAEALNEEFLA PERI 5.18  0.0e+00 

ERLDFSMAEALNEEF PERI 5.19  0.0e+00 

DFSMAEALNEEFLAT PERI 5.18  0.0e+00 
FSMAEALNEEFLATR PERI 5.19  0.0e+00 

PSERLDFSMAEALNE PERI 5.18  0.0e+00 

LAACGWLLGAEAEEP CBPE 6.52  0.0e+00 

ACGWLLGAEAEEPGA CBPE 6.52  0.0e+00 

ANFFRMVISNPAATE DCE1 0.24  1.1e-60 
NEVILSAHVATAASR ZNT8 0.16  0.0e+00 

EVILSAHVATAASRD ZNT8 0.16  0.0e+00 

TMNEVILSAHVATAA ZNT8 0.18  0.0e+00 

AVAYGAAVEAAILMG HS71A 0.7  3.2e-47 

PDEAVAYGAAVEAAI HS71A 0.85  8.6e-11 
VAYGAAVEAAILMGD HS71A 0.86  2.4e-09 

NPDEAVAYGAAVEAA HS71A 1.58  4.2e-72 

AYGAAVEAAILMGDK HS71A 0.2  0.0e+00 

GKGGAGASSSLSPLE PTPRN 0.18 4.7e-130 
KGGAGASSSLSPLEA PTPRN 0.18 3.9e-130 
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RPTLAFLEDVMNILL DCE2 0.65  1.7e-32 
PTLAFLEDVMNILLE DCE2 0.5 2.9e-108 

TLAFLEDVMNILLEY DCE2 0.57  7.6e-73 

LAFLEDVMNILLEYV DCE2 0.78  4.0e-11 

GERPTLAFLEDVMNI DCE2 0.57  2.0e-72 

NVEDLLLLDVAPLSL HS71A 0.74  9.2e-19 

 
 
Table S7. Predicted T1D-associated deamidated epitopes (N = 124) bound by 
trans-encoded DQ variants. 
 

Deamidated-epitope Protein Odds ratio P-value 

KISSIESIVPALEIA CH60 3.83  0.0e+00 
KKISSIESIVPALEI CH60 2.78  0.0e+00 

ISSIESIVPALEIAN CH60 2.35 2.2e-195 

SSIESIVPALEIANA CH60 4.21  0.0e+00 

EAVAYGAAVEAAILM HS71A 0.68  7.5e-47 
DEAVAYGAAVEAAIL HS71A 0.85  3.3e-10 

PDEAVAYGAAVEAAI HS71A 0.76  9.0e-28 

AVAYGAAVEAAILMG HS71A 0.72  3.8e-37 

NFFRMVISNPAATES DCE1 0.37  1.5e-56 

FFRMVISNPAATESD DCE1 0.04  2.8e-16 
WEMVWESGCVVIVML PTPR2 1.48  1.2e-04 

FWEMVWESGCVVIVM PTPR2 1.86  1.2e-08 

SLHIWSLTMNEVILS ZNT8 0.79  1.6e-24 

HSLHIWSLTMNEVIL ZNT8 0.68  2.8e-28 

LHIWSLTMNEVILSA ZNT8 0.79  2.3e-24 
HIWSLTMNEVILSAH ZNT8 0.56  1.2e-61 

TEFHFLSWYDRGVPS PTPR2 0.45  1.6e-10 

VTEFHFLSWYDRGVP PTPR2 0.52  2.0e-07 

EATVMIIVSSCAVAA ZNT8 0.25 2.1e-126 
QDIPTGSAPAAEHRL PTPRN 0.65  3.0e-15 

EDLLLLDVAPLSLGL HS71A 0.33 5.3e-127 

VEDLLLLDVAPLSLG HS71A 0.33 5.3e-127 

NVEDLLLLDVAPLSL HS71A 0.49 5.4e-106 

ENVEDLLLLDVAPLS HS71A 0.31 3.0e-134 
IWSLTMNEVILSAHV ZNT8 0.23 1.8e-121 

WSLTMNEVILSAHVA ZNT8 0.13  4.8e-36 

RPTLAFLEDVMNILL DCE2 2.08 1.6e-115 

LAFLEDVMNILLEYV DCE2 2.76 2.2e-207 

AFLEDVMNILLEYVV DCE2 3.28 4.7e-260 
SENVEDLLLLDVAPL HS71A 0.3  2.9e-61 

AGASSSLSPLEAELL PTPRN 1.96  4.8e-89 

GASSSLSPLEAELLP PTPRN 2.07  2.6e-93 

LTMNEVILSAHVATA ZNT8 0.38  1.5e-20 
TVEFLLEVVDILLNY DCE1 0.55  1.0e-32 

VEFLLEVVDILLNYV DCE1 0.49  6.8e-42 

EQTVEFLLEVVDILL DCE1 3 1.2e-218 

LSHTIADFWEMVWES PTPRN 0.74  1.6e-05 

GKGGAGASSSLSPLE PTPRN 0.29  3.5e-74 
KGGAGASSSLSPLEA PTPRN 0.33  1.3e-41 

EKRIEEIIEELDVTT CH60 6.77  0.0e+00 

EFLLEVVDILLNYVR DCE1 0.33  2.4e-43 

FLEDVMNILLEYVVK DCE2 0.33  2.4e-43 

CEEVISWLDANTLAE HS71A 0.05  3.0e-05 
KCEEVISWLDANTLA HS71A 0.06  1.2e-04 

SIESIVPALEIANAH CH60 1.74  1.3e-59 

EKKISSIESIVPALE CH60 1.81  4.5e-61 

GAGASSSLSPLEAEL PTPRN 1.85  3.4e-64 
ASSSLSPLEAELLPP PTPRN 2.22 8.1e-106 

KEEEEEMAVVPEGLF CMGA 1.94  2.8e-64 

LQDIPTGSAPAAEHR PTPRN 0.75  1.2e-06 

DIPTGSAPAAEHRLP PTPRN 0.75  1.2e-06 

EFALEAGGYQAGAAR PERI 0.74  8.5e-07 
RLLEVPSSAFADVEV PTPR2 2.66 1.1e-122 

AKEKGFVPFLVSATA DCE2 2.85  1.5e-12 

SDGLELEVQPSEEEA PTPR2 2.27  2.3e-67 

QKEEEEEMAVVPEGL CMGA 2.39  6.3e-79 
EEEMAVVPEGLFRGG CMGA 2.27  2.3e-67 

QQKEEEEEMAVVPEG CMGA 2.27  2.3e-67 

EAASYEEALARLEEE GFAP 2.24  3.1e-66 

AASYEEALARLEEEG GFAP 2.27  2.3e-67 

SVHSLHIWSLTMNEV ZNT8 0.15  3.8e-27 
EMVWESGCVVIVMLT PTPR2 0.4  2.4e-04 

VAYGAAVEAAILMGD HS71A 0.75  2.4e-29 

INPDEAVAYGAAVEA HS71A 2.06 2.4e-169 

AYGAAVEAAILMGDK HS71A 0.89  3.0e-05 

KDEFEFALTAVAEEV PTPRN 4.64  0.0e+00 
EFEFALTAVAEEVNA PTPRN 2.11  0.0e+00 

DEFEFALTAVAEEVN PTPRN 4.51  0.0e+00 

SKDEFEFALTAVAEE PTPRN 4.09  0.0e+00 

KEEFEFALTAVAEEV PTPR2 4.5  0.0e+00 
SSSLSPLEAELLPPL PTPRN 4.99  3.4e-17 

EEFEFALTAVAEEVN PTPR2 4.45  0.0e+00 

TKEEFEFALTAVAEE PTPR2 5.17  0.0e+00 

EVILGVIGGMLVAEA G6PC2 4.7 4.0e-306 

NEVILSAHVATAASR ZNT8 0.45 2.7e-203 
EVILSAHVATAASRD ZNT8 0.53 2.1e-141 

MNEVILSAHVATAAS ZNT8 0.52 3.6e-146 

TESDIDFLIEEIERL DCE1 2.07 6.1e-161 
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AATESDIDFLIEEIE DCE1 2.36 2.7e-220 
ATESDIDFLIEEIER DCE1 2.36 2.7e-220 

ESDIDFLIEEIERLG DCE1 2.36 2.1e-220 

PAATESDIDFLIEEI DCE1 2.47 2.5e-240 

EEQTVEFLLEVVDIL DCE1 2.05 4.7e-158 

FTYEIAPVFVLMEEI DCE1 3.51  0.0e+00 
GEEQTVEFLLEVVDI DCE1 3.51 6.9e-252 

MFTYEIAPVFVLMEE DCE1 1.88 2.1e-153 

TLAFLEDVMNILLEY DCE2 2.06 2.6e-114 

PTLAFLEDVMNILLE DCE2 1.64  2.7e-58 

ERPTLAFLEDVMNIL DCE2 1.77 1.2e-106 
GERPTLAFLEDVMNI DCE2 2.16 8.6e-127 

IEKRIEEIIEELDVT CH60 3.51 6.9e-252 

QIEKRIEEIIEELDV CH60 2.44 5.0e-233 

SSSTEASLEIDSLFE HS71A 3.01  0.0e+00 
STEASLEIDSLFEGI HS71A 2.47 2.5e-240 

SSTEASLEIDSLFEG HS71A 0.48  2.2e-25 

TEASLEIDSLFEGID HS71A 0.33  1.2e-34 

LSSSTEASLEIDSLF HS71A 0.66  1.2e-11 

DDLTEYVISQEMERI PTPRN 3.45 3.0e-247 
WHDDLTEYVISQEME PTPRN 3.47 5.5e-249 

RSKDEFEFALTAVAE PTPRN 1.31  7.5e-18 

DLTEYVISQEMERIP PTPRN 0.33  1.2e-34 

DDYTEYVMDQELADL PTPR2 2.36 2.7e-220 

WEDDYTEYVMDQELA PTPR2 2.44 5.0e-233 
EDDYTEYVMDQELAD PTPR2 2.31 1.4e-212 

LLEVPSSAFADVEVL PTPR2 3.47  0.0e+00 

TWEDDYTEYVMDQEL PTPR2 3.51 6.9e-252 

QTKEEFEFALTAVAE PTPR2 3.23  0.0e+00 
LEVPSSAFADVEVLG PTPR2 1.6  2.7e-50 

EVPSSAFADVEVLGP PTPR2 1.68  6.2e-55 

AKMYAFTLESVELQE ZNT8 2.73 1.5e-298 

KMYAFTLESVELQEK ZNT8 3.05  0.0e+00 

MYAFTLESVELQEKP ZNT8 2.46 9.1e-266 
YAFTLESVELQEKPV ZNT8 3.33  0.0e+00 

RLDFSMAEALNEEFL PERI 3.21  0.0e+00 

LDFSMAEALNEEFLA PERI 3.36  0.0e+00 

ERLDFSMAEALNEEF PERI 3.52  0.0e+00 

DFSMAEALNEEFLAT PERI 3.56  0.0e+00 
SERLDFSMAEALNEE PERI 3.46  0.0e+00 

FSMAEALNEEFLATR PERI 3  0.0e+00 

PSERLDFSMAEALNE PERI 3.19  0.0e+00 

LAACGWLLGAEAEEP CBPE 1.8  1.3e-93 
ACGWLLGAEAEEPGA CBPE 1.8  1.3e-93 

TMNEVILSAHVATAA ZNT8 0.28  0.0e+00 

ANFFRMVISNPAATE DCE1 0.37  6.6e-97 

 
 
Table S8. Pathogens (N = 16) tested for molecular mimicry with predicted T1D-
assocaited epitopes. All protein sequences were taken from UniProt database. 
  

Pathogens 
BovineINS 

CoxsackievirusB1 
CoxsackievirusB4 

CoxsackievirusB5 (strain Peterborough) 
Cytomegalovirus (strain Merlin) 

EMCV (strain Rueckert) 
Epstein-Barr (strain B95-8) 

LCMV (strain Armstrong) 
LDV 

Mumps (strain Miyahara vaccine) 
P. tuberculosis (strain ATCC BAA-968) 

Parechovirus2 (strain Willianson) 
ParvovirusB19 (strain HV) 

Poliovirus (strain Mahoney) 
RotavirusC (isolate RVC UK Briston 1989) 

Rubella (strain Therien) 
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Conclusion 
 
Pathogens and autoimmunity are considered as two major antagonistic selection forces 

to operate on classical HLA genes. Previous research on the HLA’s association with 

infectious and autoimmune diseases have suggested a significant implication of the 

peptide-repertoires of HLA alleles in the outcome of these diseases (65, 66, 79, 187, 188). 

In order to understand which and how the properties of peptide-repertoire of HLA alleles 

modulate their specific association with these diseases and by that the selection on HLA 

genes themselves, I predicted and characterized the peptide-repertoire of several 

common and rare HLA alleles in the context of one infectious disease (HIV-1/AIDS; 

Chapters 1 and 2) and one autoimmune disease (Type 1 Diabetes; Chapters 3 and 4). 

In case of HIV-1 infection, which is one of the most-studied infectious diseases in humans 

(189), the peptide-repertoire of HLA alleles illustrated multiple aspects of HLA-mediated 

immune defense against this viral pathogen. Generally, HLA-binding of a broader array of 

viral peptides, whether it results from the combination of different alleles due to HLA 

heterozygosity or individual alleles, conferred better viral control. This quantitative 

advantage could potentially be due to simultaneous T-cell targeting of multiple peptides, 

which might generate a strong cumulative immune response, and at the same time make 

it difficult for the virus to concurrently evolve escape mutations at multiple sites without 

significant replicative fitness cost. Pereyra et al. 2014 have shown that the viral control 

can also be achieved by T-cell targeting of specific peptides (122). HLA-binding of a 

broader array of viral peptides in an individual can make it more likely that specific 

immunodominant peptides are presented on the cell surface. It is also possible that an 

allele can alone present such peptides and therefore carrying it might be sufficient to 

control the disease, irrespective of HLA zygosity. This is supported by the observed 

superior viral control conferred by specific alleles compared to general heterozygote 

advantage.  

In addition, PepWAS predicted HIV-1-associated epitopes showed that individual 

peptides can have differential association with the disease, even when bound by the same 

allele. The motifs revealed by clustering HIV-1-associated epitopes indicated that an allele 

might confer protection by binding those peptides which are not bound by other alleles, 

as a pathogen is more likely to evolve first at those peptides which are bound by multiple 

alleles in a population. This suggests that, in a population, the alleles whose peptide-

repertoire are very different from each other would be beneficial, as proposed by 
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Divergent allele advantage hypothesis (38, 41, 100, 102). This would not only allow a 

broader immune response and make it difficult for the pathogen to adapt to immune 

defense in an individual, but also ensure that no single pathogen can adapt to the whole 

population. Altogether, the insights from this work suggest that multiple aspects of HLA-

bound peptide-repertoire, such as how many peptides and which peptides, in an 

individual can modulate the immune response, and a single pathogen can select for both 

HLA heterozygosity as well as individual HLA alleles. 

On the other side, in case of Type 1 Diabetes (T1D), taken as an example of autoimmune 

conditions, HLA heterozygosity was observed to confer T1D risk. The comparison of the 

individual-specific peptide-repertoire between HLA heterozygous and homozygous 

individuals suggested that HLA heterozygote disadvantage can be mediated by both a 

large repertoire of HLA-bound self-peptides and higher chances of carrying specific risk 

alleles in an individual. In order to elucidate the functional basis of allele-specific risk for 

T1D, I compared the peptide-repertoire of T1D risk and protective alleles, which did not 

support the size of peptide-repertoire as a significant determinant of an allele’s effect on 

T1D. Rather, the findings indicate low peptide-binding affinity of risk alleles as a 

determinant of their effect on the disease. It has been suggested that weak interaction of 

immature T-cells with self-peptide-HLA complex is required for their survival and 

maturation in thymus (23), which is thought to be influenced by the binding affinity 

between peptides and HLA molecules (164, 165). It has also been proposed that negative 

selection of T-cells in thymus depends on the specificity of peptide-MHC complexes (47). 

These arguments lead to the speculation that the HLA alleles with high peptide-binding 

affinity might form stable peptide-HLA complexes, making it more likely that autoreactive 

T-cells are removed in thymus, whereas the HLA alleles with low peptide-binding affinity 

might form instable peptide-HLA complexes that do not allow efficient removal of 

autoreactive T-cells. The autoreactive T-cells that survived in thymus might get activated 

by non-genetic triggers in the periphery (23). The findings in this thesis shed light on two 

possible non-genetic triggers of autoimmunity; (1) neo-peptides generated by post-

translational modification due to cellular stress and (2) the infection with pathogen, like 

P. tuberculosis, containing self-mimicking peptides. Due to sequence homology of neo-

peptides and pathogen-derived peptides with the native human self-peptides, the 

immune response initiated by these triggers might spread to self-peptides in the 

genetically susceptible individual (183, 190), possibly leading to overt autoimmune 
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diseases. Notably, the molecular mimicry between T1D-associated self-peptides and 

pathogen-derived peptides, both derived from Heat shock proteins which is present in a 

diverse taxa of organisms (191, 192), suggests that occurrence of autoimmunity might be 

a side-effect of the selection for HLA alleles that bind antigens shared by multiple 

pathogens. 

Considering that the binding affinity between a peptide and an HLA molecule might 

influence the strength of interaction of peptide-HLA complexes with T-cells (164, 165), 

HLA alleles with high peptide-binding affinity could be perceived to be useful against 

pathogens because they allow stable synapse between peptide-HLA complex and T-cells 

(165). However, the evolutionary advantage of HLA alleles with low peptide-binding 

affinity has not been elucidated. Such alleles are present at nominal frequency in human 

populations, indicating that they have been selectively maintained (28). As discussed 

above, HLA alleles with low peptide-binding affinity might not allow efficient removal of 

T-cells in thymus, resulting in an overall large repertoire of matured T-cells (including 

autoreactive T-cells) in periphery. This might bring the advantage against a broader array 

of pathogens, though at the risk of autoimmunity. 

Together, these findings shed light on different factors that can possibly contribute to HLA 

heterozygote disadvantage as well as allele-specific risk in T1D. It is important to note 

that there might be additional factors contributing to the specific association of HLA 

genotypes or alleles with autoimmune diseases that I did not investigate in this thesis, but 

have been suggested by others, e.g. additional risk of autoimmune diseases (including 

T1D) conferred by the interaction between two different alleles of the same HLA gene as 

shown by Lenz et al. 2015 (58) or the risk of Behçet's  disease conferred by epistasis 

between HLA and non-HLA genes as shown by Kirino et al. 2013 (193). 

Overall, the findings in this thesis suggest that the specific association of HLA genotypes 

or individual HLA alleles with infectious and autoimmune diseases could be mediated by 

both quantitative as well as qualitative features of HLA-bound peptides in an individual. 

The findings also suggest that different variables, such as the number of bound peptides, 

peptide binding-affinity, peptide-motifs etc., that possibly modulate HLA-mediated 

immune response might not be mutually exclusive. For example, an effective immune 

attack to a pathogen might be achieved by HLA-binding of a few immunodominant 

peptides with high affinity or a large number of peptides with both high and low affinities. 

Moreover, the extent to which these modulatory variables play a role in HLA-mediated 
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immune response might depend upon specific condition, e.g. whether the pathogen 

causes acute or chronic infection  (194). Altogether, the insights from this thesis shed light 

on different mechanisms at the molecular level through which the pathogen and 

autoimmunity-mediated antagonistic selection might operate on classical HLA genes, 

leading to the persistence of a very diverse variety of HLA alleles in a population without 

any one being fixed. 
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Perspectives 
 
In this thesis, I used large datasets on HIV and Type 1 Diabetes (T1D), yet not a large 

number of disease-associated alleles were represented in the datasets. As the decreasing 

cost of genome sequencing is facilitating the generation of much bigger datasets, e.g. 

Biobanks, the characterization of peptide-properties of rare disease-associated alleles 

would not only help to substantiate the findings from this thesis, but also provide a deeper 

understanding of the antagonistic selection that could operate on the classical HLA genes. 

Notably, the alleles of HLA genes, which I analyzed the peptide-repertoires of, were not 

shared between HIV-1 and T1D. So, the approaches and the findings in this thesis might 

provide motivation for the future studies focused on individual HLA alleles associated 

across different diseases. In addition, the PepWAS is applicable to any HLA-mediated 

diseases. The identification of the HLA-bound peptides associated with other diseases 

might provide the functional basis for the HLA’s association with other diseases as well as 

aid in designing effective vaccine programs. 
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Introduction 

Understanding the mechanisms by which genetic factors contribute to autoimmune 

disease is key for designing interventions (1). Most of the hundreds of susceptibility 

variants for autoimmune disease are of small effects, non-coding and enriched in 

regulatory elements specific for CD4+ T cells (2, 3). Hence, it is hypothesized that causal 

alleles affect gene regulation in CD4+ T cells. Even within the region contributing most to 

disease risk, the Major Histocompatibility (MHC) locus, amino acid changes in Human 

Leukocyte Antigen (HLA) genes do not fully explain all the risk at that locus (4), and 

regulatory variation could also play a role. Studies quantifying transcriptomes in 

hundreds of genotyped individuals have identified genetic variants affecting gene 

expression (expression quantitative trait loci, eQTLs) in T cells (5–10) . However, only a 

small proportion of fine-mapped autoimmune risk alleles have been reported to have an 

effect on gene expression in these studies (11), which are limited to T cells mostly in 

resting state and sometimes at one or two stimulated states. Recent studies have 

identified causal alleles from two loci that exert their regulatory function only under 

https://paperpile.com/c/giDypJ/xw2x
https://paperpile.com/c/giDypJ/Buh2+GjHT
https://paperpile.com/c/giDypJ/zQIy
https://paperpile.com/c/giDypJ/IzCv+Aa51+tNFk+NvZf+wWT1+7KkB
https://paperpile.com/c/giDypJ/hBbd
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certain T cell stimulated states (12, 13). Hence, ascertaining the genetic regulatory effects 

across multiple time points during CD4+ T cell activation may be key to elucidate 

autoimmune mechanisms. Since allelic expression is largely driven by cis genetic 

regulatory variation (14), it can be exploited to define regulatory effects in multiple cell 

states without the need of a large sample size (15). 

 

Results 

Here, we looked for cell-state dependent cis regulatory effects by identifying allele specific 

expression that changes with time upon stimulation of CD4+ memory T cells. We isolated 

CD4+ memory T cells from peripheral blood of 24 genotyped individuals of European 

ancestry, for which imputation was performed (fig. S1). We stimulated cells with anti-

CD3/CD28 beads and performed high input and deep RNA sequencing at up to eight time 

points, specifically at: 0, 2, 4, 8, 12, 24, 48 and 72 hours (Fig. 1A). We performed full time 

course replicates in two of our individuals. Principal component analysis on gene 

expression levels shows the 200 samples separate well by time point (Fig. 1B, fig. S2). We 

clustered genes by expression profile across time and identified expected early, 

intermediate and late activation clusters, as well as pulsed and sustained repression 

clusters (fig. S3). We quantified allele specific expression at heterozygous sites of each 

individual, at each of the ascertained time points (fig. S4). Requiring 20 minimum reads 

per site with both alleles seen in at least four time points per individual, we queried a total 

of 225,924 events, representing 38,890 unique SNPs in 8,322 genes and some in 

transcribed intergenic regions (3%). 

In order to identify allele specific expression and its time dependency, we used a logistic 

regression framework, where each read gets assigned a 1 for reference allele or 0 for 

alternative allele. We first tested a conservative nested approach to identify high 

confidence dynamic allele-specific expression (ASE) events in two pilot individuals for 

which we performed full time course replicates.  First, for each heterozygote site in an 

individual, we merged counts from all time points and identified 1,484 sites with evidence 

of ASE (intercept P < 2.8e-06, Bonferroni threshold). Next, for those sites we looked for 

cases where ASE changes with time by fitting a polynomial model with time point as an 

ordinal variable. We noticed an inflation of low P-values, perhaps driven by the over-

dispersed nature of allelic counts (fig. S5A). To account for this, we treated sample as a 

random effect and compared it to a mixed effect model with sample as random effect and 

a polynomial term for time (fig. S5B). This yielded 64 dynamic ASE calls (P < 3.7e-03, <5% 

https://paperpile.com/c/giDypJ/KYi7+1bNs
https://paperpile.com/c/giDypJ/tuub
https://paperpile.com/c/giDypJ/gal1
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FDR) for which we assessed replication in an independent time course experiment for 

each individual. Dynamic ASE sites had a strong enrichment of low P-values in their 

replicate (~70% of cases with P < 0.05), and a high correlation of effects (beta) for time 

(Spearman rho: 0.92 and 0.86) and time squared (Spearman rho: 0.51 and 0.68; fig S6). 

Having shown good replication, we applied the same approach for all 24 individuals. From 

207,519 events tested for the whole cohort, 15,268 had evidence of ASE (P < 2.4e-07). Of 

these, 561 had significant dynamic ASE events (P < 3.2e-03, <5% FDR), spanning 356 

unique SNPs in 186 genes and 7 intergenic sites (Fig. 1C). Comparing with previous eQTL 

studies in T cells, we found that 32-60% of our dynamic ASE genes have been reported to 

have an eQTL in resting T cells in previous studies (5, 7, 9), with an enrichment for T cell 

specific eQTLs (fig. S8), which indicates we are able to capture known cis regulatory 

genetic effects. 

We observed a great amount of significant dynamic ASE events in the MHC locus (Fig. 1C), 

with 15 events for the gene HLA-DQB1. This gene is part of the HLA class II genes that 

code for antigen presenting proteins, and is the major risk gene for Type 1 Diabetes and 

Celiac Disease (4, 16). Besides being expressed in antigen presenting cells, HLA class II 

proteins are also observed in activated T cells, although their function in that cell type 

remains to be established (17). Fig. 1D shows an example of an individual with total 

expression level of DQB1 that slightly increases after stimulation, then gets down-

regulated at 8 hours and gets re-activated at 48 and 72 hours (left panel). If we look at the 

allelic read counts in a heterozygous SNP in exon 6 of the HLA-DQB1 gene (middle panel) 

and the proportion of read counts coming from the reference allele (right panel), we can 

observe that the reference allele is more abundant in the early time points, whereas at 48 

and 72 hours there is an allelic switch where the alternative allele strongly dominates (P 

= 2.3e-05).  
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Fig. 1 Dynamic allele specific expression during T cell activation. (A) Study design. 
(B) Principal Component Analysis on top 1000 most variable genes. Shown are PC1 and 
PC2 scores for the 200 samples colored by time point. (C) Plot showing position across 
the genome of allele specific expression (ASE) events (light blue), and dynamic ASE events 
(dark blue). Y-axis for dynamic ASE events if FDR. (D) Example of dynamic ASE event for 
a SNP in HLA-DQB1. For each time point, we show the level of expression of HLA-DQB1 
(left), allele counts for the SNP (middle) and fraction of reads with the reference allele 
(right).   
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Since HLA genes are highly polymorphic and this can create mapping bias, we developed 

a computational pipeline to accurately quantify allele specific expression in HLA genes. 

We performed next generation targeted sequencing for HLA-DQB1, HLA-DRB1, HLA-A, 

HLA-B and HLA-C, and high-resolution PCR for HLA-DQA1, for all 24 individuals, revealing 

the classical alleles for each HLA gene. We then built an HLA personalized genome for each 

individual (Fig. 2A), where we added to the reference genome the cDNA allelic sequences 

for each HLA gene, and masked the corresponding exonic coordinates in the reference 

genome. We then mapped the reads to this HLA personalized genome and quantified the 

number of uniquely mapped read to each HLA allele. Given our initial observations in a 

pilot study, these 24 individuals were purposely pre-selected to be heterozygous for HLA-

DQB1 with at least 20 mismatches between the two alleles present at each individual. 

Among the 48 HLA-DQB1 ~780bp sequences, there are 14 HLA-DQB1 4-digit classical 

alleles. As shown in Fig. 2B-C, allelic counts for the whole HLA-DQB1 allele recapitulate 

those patterns observed for the individual SNP shown in Fig. 1D. However, this was less 

often the case for SNPs found in middle exons that are more polymorphic (show this in 

fig. S9?). Overall, our strategy allowed for accurate allele specific quantification over >20 

SNPs in four HLA-DQB1 exons which is more robust than for individual SNPs. 

Using our mixed effects logistic regression framework on the HLA-DQB1 allelic counts, we 

determined that 15 out of 24 individuals have significant dynamic ASE for HLA-DQB1 (P 

< 0.002, Bonferroni threshold). Fig. 2C depicts profiles of allelic expression levels 

(normalized by library size) for three individuals, with their respective allelic fraction 

patterns over time. Clustering of these allelic profiles revealed three main groups (Fig. 

2D, shown also with PCA on fig. S10A-B).  HLA-DQB1 4-digit alleles cluster together more 

than expected by chance (permutation P < 0.001, fig S10C), suggesting cis regulatory 

variants often track with HLA-DQB1 classical allele haplotypes. We named these three 

HLA-DQB1 cis regulatory programs based on their expression dynamics: Late Spike, Low 

Constant and Fluctuating (Fig. 2D). 

We then asked whether the clear up-regulation of mRNA levels in the Late Spike cis 

regulatory program compared to the other two programs translated to the protein level. 

To do this, we recruited 5 homozygous individuals for HLA-DQB1 4-digit alleles 

pertaining to the Late Spike cis regulatory program (one DQB1*05:03 and four 

DQB1*05:01 individuals), and 5 homozygous individuals for HLA-DQB1 4-digit alleles 

present in the Low Constant or Fluctuating cis regulatory programs (one DQB1*0302, one 

DQB1*0201, one DQB1*0202 and two DQB1*0301 individuals). As before, we isolated 
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peripheral CD4+ memory T cells and stimulated them with anti-CD3/CD28 beads. We 

quantified protein levels with flow cytometry for HLA-DQ (the protein complex involving 

HLA-DQB1 and HLA-DQA1), at 0, 1, 3 and 7 days after stimulation. As shown in Fig. 2E, 

protein levels of HLA-DQ (Median Fluorescence Intensity, MFI) in HLA-DQ+ cells 

recapitulate HLA-DQB1 mRNA levels. Interestingly, the difference in HLA-DQ levels 

between the 2 groups becomes statistically significant only at 7 days after stimulation, 

indicating that protein levels take longer to take off. Other metrics, such as percent HLA-

DQ+ cells, or fold change in HLA-DQ+ with respect to 0 hours, presented similar patterns 

across time (fig. S11).  Overall, these results show that the mRNA dynamics of the Late 

Spike cis regulatory program for HLA-DQB1 translate to the protein levels, raising the 

possibility of differences in CD4+ memory T cell function among individuals. 
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Fig. 2 HLA-DQB1 dynamic ASE at mRNA and protein levels. (A) Scheme of HLA 
personalized pipeline and study design for capturing highly divergent HLA-DQB1 alleles 
within each individual. (B) HLA-DQB1 allele counts for individual 4401 along the time 
course. (C) Normalized allelic expression for HLA-DQB1 (top), and allelic fraction 
(bottom) for three individuals. (D) Heatplot shows normalized allelic expression levels 
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(log2(FPKM+1)) for each of the 48 HLA-DQB1 alleles in hour cohort. Allelic profiles were 
clustered into three cis Regulatory Programs, for which average expression profile is 
shown on the right with black line, and total expression area occupied by all alleles in that 
cluster shown with the colored ribbon. (E) Left panel shows normalized allelic expression 
levels (log2(FPKM+1)). Right panel shows protein levels (median fluorescence intensity 
of HLA-DQ+ CD4+ memory T cells) for 5 homozygote individuals for alleles within the 
Late-Spike regulatory program (blue) and 5 homozygote individuals for alleles in other 
programs (yellow). 
 

Next, we sought to fine-map the genetic variant driving the Late Spike cis regulatory 

program with genetic and epigenetic tools. To do this, we used 2,198 fully sequenced 

Estonian genomes from which we called SNP genotypes and HLA 4-digit alleles. We then 

looked for SNPs that were in tight linkage disequilibrium (LD) with the Late Spike HLA-

DQB1 4-digit alleles (i.e. 05:01, 05:02, 05:03, 06:01), that together represent what we 

hereon call the Late Spike haplotype. Specifically, we calculated Pearson correlation 

coefficient between SNP genotypes and Late Spike haplotype dosage (0, 1 or 2), for 27,210 

SNPs with 5% minor allele frequency (MAF) that are within 1Mb of HLA-DQB1 

transcription start site (TSS). As expected, most of the SNPs with the highest correlation 

coefficient (0.98-0.99) are within HLA-DQB1 gene (91%), and the correlation decays with 

distance to the gene (Fig. 3A). There were six intergenic SNPs with r=0.98. One SNP, 

rs71542466, is 34bp upstream from the TSS of HLA-DQB1. There are 4 intergenic SNPs 

further away from the TSS (206-430bp), and one SNP 52bp downstream of the end of the 

gene. An eQTL analysis on our limited set of 24 individuals confirmed these 6 intergenic 

SNPs to be within the top 5 most significant P values (P = 3.8e-08) explaining 76% of HLA-

DQB1 expression variance at 72 hours (Fig. 3B, fig. S12). In order to look for open 

chromatin regions, we performed ATAC-seq in CD4+ memory T cells stimulated for 72 

hours (as described previously) from one donor, in replicate. Out of the three visible peaks 

in the HLA-DQB1region, the highest peak is located at the promoter and overlaps the SNP 

rs71542466 (Fig. 3C). The other four promoter-proximal SNPs are outside of the peak 

region, and the end-of-gene SNP does not overlap any open chromatin peak. Looking at 

published data, the promoter SNP rs71542466 also overlaps ChIP-seq chromatin marks 

in primary memory T cells and PMA Iionomycin stimulated Th17 cells that typically mark 

promoters and enhancers (18). Interestingly, the promoter SNP overlaps binding sites for 

both the transcription factor RFX5 (19) (in LCLs) and the co-activator CIITA (20) (B-cells), 

which are major regulators of HLA class II genes. Together, these results indicate that the 
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promoter SNP rs71542466 is the most likely variant driving the Late Spike cis regulatory 

program. 

 

Fig. 3 Fine-mapping and validation of causal variant for Late-Spike cis regulatory 

program. (A) Pearson correlation coefficient between SNP genotypes and Late-Spike 

allele dosage. Orange vertical lines indicate location of HLA-DRB1, HLA-DQB1 and HLA-

DQA1 genes. (B) DQB1 gene expression levels (log2(FPKM+1)) for individuals separated 

by their rs71542466 genotype. (C) Location of 6 fine-mapped non-coding SNPs around 
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HLA-DQB1. Tracks showing open chromatin regions (ATAC-seq) or regions bound by 

RFXA, CIITA or markers by histone modifications (ChIP-seq). (D) CRISPR/Cas9 cuts at or 

near six fine-mapped SNPs in HH T cell lines. Shown is HLA-DQ median fluorescence 

intensity. (E) Relative HLA-DQB1 expression levels measured with Taqman assay, 

performed for 8 wilt type (WT, CC genotype), and 8 SNP edited (GG genotype) expanded 

clones for rs71542466, as well as a cell line clone with an indel at the same target position. 

We hypothesized that among the 6 intergenic SNPs with strongest correlation with the 

Late Spike haplotype, the top candidate promoter SNP rs71542466 is the causative one. 

In order to test this, we used CRISPR/Cas9 editing in the MHC class II expressing T cell 

line HH. First, we Sanger sequenced ~2kb regions at the start and end of HLA-DQB1 gene, 

covering the 6 SNPs of interest, and determined their genotypes. We designed probes to 

cut at or as close as possible to the 6 SNPs to assess the regulatory potential of each region 

in a heterogeneous mixture of cells with varying insertions and deletions. We observed 

that the only cut that caused a significant decrease in expression of HLA-DQ was that 

designed for the top candidate promoter SNP rs71542466 (Fig. 3D), indicating that this 

SNP is in an important regulatory region, whereas the other SNPs are not. As a next step, 

we performed targeted base-editing providing HDR donor ssODN templates while cutting 

using CRISPR/Cas9 RNPs. Asymmetric ssDNA donors of 120nt, as previously described, 

were used to maximize efficiency. After editing, we single cell sorted and expanded clones. 

Sanger sequencing was performed after outgrowth to find clones with the exact desired 

SNP substitution. In the case for rs71542466, the cell lines HH was homozygous for the 

reference allele (WT), which is expected to have low expression. Hence, clones with the 

alternative allele (non-WT) were expected to have higher expression of HLA-DQB1. 

Among 192 sequenced independent clones, we found 8 that are homozygous for the 

alternative allele. All of them showed higher HLA-DQB1 expression compared to the wild 

type (reference allele, Fig. 3E, fig S13). And indels at the same region showed a drastic 

decrease in HLA-DQB1 expression, as expected. Overall, these results show that the 

promoter SNP rs71542466 causes a change in HLA-DQB1 expression in the expected 

direction in a T cell line, indicating it is the causal SNP for the Late Spike cis regulatory 

program. 

We then analyzed the dynamic ASE events in the rest of the genome. First, we asked 

whether for a given SNP, its allelic imbalance (reference fraction distance from 0.5) is 

associated with expression levels of its gene across time. We found there is a bimodal 

distribution of spearman rank correlation coefficients between allelic imbalance and gene 
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expression levels (Fig. 4A). This indicates that as gene expression increases across time, 

the allelic imbalance tends to change either negatively or positively, as shown in the 

examples for genes F5 and CTSL, respectively (Fig. 4B). 

We found that multiple of our dynamic ASE genes are in non-MHC autoimmune disease 

loci. For example, gene NDUFAF1 is in a locus associated with Ulcerative Colitis and Cohn’s 

Disease. In T cell activation, NDUFAF1 is necessary for expression and secretion of IL-2 

and IL-4 (21). In our time course, NDUFAF1 is a late activation gene, with expression 

peaking at 24 hours. The SNP rs3204853 in the NDUFAF1 gene shows both of its alleles 

are expressed at similar levels initially, and the reference allele starts gradually 

dominating at 8 hours and peaking at 72 hours (dynamic ASE P = 3.2e-04, Fig. 4C). 

Another example is the PLEK gene that is in a locus associated with Celiac Disease and 

Multiple Sclerosis. PLEK codes for Plekstrin, the platelet and leukocyte C kinase substrate, 

which has been implicated in exocytosis (22). In our time course, PLEK is up-regulated 

early at 2 hours with a slow decay after that. The SNP rs1063479 starts with the reference 

allele being slightly more expressed than the alternative, and makes a drastic allelic switch 

at 2 hours with the alternative allele strongly dominating for the rest of the time course 

(dynamic ASE P = 1.9e-03, Fig. 4D). 

We evaluated whether dynamic ASE genes are significantly enriched in autoimmune 

disease loci. To do this, we compared the number of dynamic ASE genes within risk loci of 

each of 13 autoimmune diseases with those found within 1000 null sets of loci matched 

for number of genes per locus. We found that dynamic ASE genes are significantly 

enriched for risk loci for type 1 diabetes (OR=6.6), inflammatory bowel disease (OR=5.2), 

rheumatoid arthritis (OR=4.1), ankylosing spondylitis (OR=5.9), vitiligo (OR=5.7), 

primary biliary cirrhosis (OR=4.5), multiple sclerosis (OR=3.9), juvenile idiopathic 

arthritis (OR=3.3) and psoriasis (OR=2.2; all P <= 0.001). Whereas they are not enriched 

for non-immune mediated diseases such as schizophrenia (OR=0.8), coronary heart 

disease (OR=0) and type 2 diabetes (OR=0.9) (Fig. 4E).  Similar enrichments have been 

previously reported for T cell eQTLs (5, 7). To see whether autoimmune disease genes are 

particularly enriched for dynamic regulatory variation compared to other types of 

regulatory effects where less conditions are captured, we called ASE events that changed 

between 0 hours and 24 hours using our logistic regression framework with time as 

continuous variable, we called ASE events significant at 0 hours only, and we used 

published eQTLs for resting CD4+ naïve T cells from the BLUEPRINT consortium. We 

found that our dynamic ASE genes, spanning up to 8 different cellular states, are the most 
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enriched for autoimmune disease genes, followed by condition specific regulatory effects 

between 0 and 24 hours, regulatory effects at 0 hours only in our CD4+ memory T cells, 

and finally eQTLs found in resting CD4+ naïve T cells (Fig. 4F). These results show 

autoimmune disease cis regulatory variation is highly cell-state dependent and highlight 

the importance on ascertaining allele dynamics in multiple cellular states in order to 

understand the mechanisms of disease. 
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Fig. 4 Non-MHC dynamic ASE genes are enriched in autoimmune disease loci. (A) 
Spearman correlation coefficient between expression levels (log2(tpm+1)) and allelic 
imbalance (distance to 0.5 allelic fraction). (B) Gene expression levels by allelic imbalance 
trajectories for SNPs in two genes. Red dot indicates start of trajectory (0-hour time 
point). (C-D) Dynamic ASE examples for two autoimmune disease genes. (E) Enrichment 
of dynamic ASE genes in risk loci for autoimmune diseases (blue) and other control 
diseases where no enrichment is expected (gray). (F) Enrichment of genes identified by 
different genetic regulatory effect approaches in autoimmune diseases. 
 

Discussion 

Overall, these results can explain why investigators have found limited shared genetic 

effects between autoimmune GWAS and eQTL variants in three immune cell types in 

resting state (11), despite extensive evidence indicating autoimmune disease variants 

affect regulatory elements in immune cell types (2, 3, 23). Some studies have highlighted 

the importance of looking at stimulated state and particular sub-populations of cells in 

order to capture those “missing eQTLs” (12, 13, 24). Our study supports that view, and 

proposes to go even further and study multiple stimulation states in specific cell 

populations to understand the dynamics of cis regulatory variation that contributes to 

autoimmunity. Furthermore, our study shows that a cost-effective way to study genetic 

regulatory effects in multiple states is by leveraging the power of allele specific 

expression, as has been used by other groups (15). 

Thanks to this high-resolution time course approach, we discovered new dramatic and 

condition-dependent cis regulatory variation for a major autoimmune disease gene: HLA-

DQB1. This raises the question of whether, and to what extent, genetic regulatory 

variation of HLA genes could participate in disease susceptibility or disease penetrance 

(25). For most autoimmune diseases, the MHC region is the major contributing locus to 

disease risk. For example, in T1D the MHC region contributes ~30% of disease liability, 

compared to 9% by the rest of the susceptibility loci combined (4). We and others have 

shown that specific amino acid changes in HLA-DQB1 and HLA-DRB1 explain the majority, 

albeit not all, of the risk assigned to the MHC region in Type 1 Diabetes and Rheumatoid 

Arthritis (4, 26). However, the genetics in this region are complex, and haven’t been fully 

elucidated. Here, the promoter regulatory SNP causal for up-regulation of HLA-DQB1 

during late activation is associated with T1D risk (OR = 2, P=5e-139), even after 

controlling for the HLA-DQB1 major risk amino acid at position 57 (OR=1.7, P=2e-11), 

with the lowly expressed allele more common in cases than controls. Detailed analyses, 

on large sample sizes, will be needed to disentangle the regulatory effects from the strong 
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amino acid effects.  While amino acid changes causing differential antigen display may be 

the primary autoimmune mechanism at the HLA locus, our data underscore the possibility 

that the quantity of antigen displayed may also play a role.  

We recognize that the role of HLA class II genes is not well established in T cells yet, hence 

it is harder to speculate how variation in expression there could have an impact in disease 

or immune function. However, recent studies have uncovered rheumatoid arthritis 

associated effector memory and helper T cell subsets that express HLA class II (27, 28). 

Early studies on function of HLA class II in human T cells suggest they are capable of 

presenting antigen (29–33) and HLA class II could potentially play a role in anergy (17). 

While more studies are needed to define the function of HLA class II genes in human T 

cells, we believe variation in expression could lead to functional differences in CD4+ 

memory T cells among individuals. 

The three dynamic HLA-DQB1 cis regulatory programs identified in our study in CD4+ 

memory T cells, together with evidence from other studies reporting independent eQTL 

variants for HLA genes (5, 9, 34–36) (Table S2), indicates there is substantial genetic 

variation affecting expression of HLA genes in cell type and condition dependent manner. 

Besides the Late Spike regulatory SNP, we also mapped an eQTL at 0 hours (fig S14), that 

is not correlated with the Late Spike SNP. Furthermore, even if we proved causality for 

the Late Spike regulatory SNP, we cannot discard the possibility of additional completely 

linked variants inside the gene that could also contribute to expression variation. Other 

studies with HLA-specialized pipelines have identified genetic regulatory variation in 

class II genes in LCLs (37, 38). And general eQTL studies have also reported independent 

regulatory variation for HLA-DQB1 in monocytes, macrophages and T cells (Table 

S2).  This pervasive genetic regulatory variation is possibly mirroring the high level of 

polymorphisms at the protein coding level of HLA genes. 

All in all, our study underscores the need to (1) perform HLA-specialized analyses to 

characterize the regulatory landscape of HLA genes and evaluate its impact in disease, and 

(2) study the high-resolution dynamics of genetic cis regulatory variation in other immune 

subsets and stimulation conditions for a better understanding of autoimmune disease 

mechanisms. 

 

Methods 

Healthy controls were recruited from the GAP registry and selected based on imputed 

HLA-DQB1 alleles. Peripheral blood was collected and PBMCs were extracted and frozen. 
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When all samples were ready to be assayed, memory CD4 T cells were isolated, rested 

overnight and stimulated the next day with anti-CD3/CD28 dynabeads. At each time point, 

cells were lysed and RNA was extracted. TruSeq RNA-seq libraries were prepared for 200 

samples from 24 individuals, and sequenced at high depth. Targeted sequencing was 

performed for HLA class I and class II genes from each individual. ATAC-seq was 

performed in duplicate on CD4+ memory T cells stimulated for 72 hours for one 

individual. CRISPR/Cas9 experiments were performed on HH cutaneous T cell lines. 

Protein levels were measured with flow cytometry. 
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