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Summary

Infectious diseases have been among the top drivers of morbidity and mortality within human
populations. Consequently, many human genes that orchestrate immune responses against
pathogens exhibit signatures of natural selection. The outcome of this pathogen-mediated
selection depends on the function of the gene’s product. Some genes, such as those targeting
highly conserved structures of pathogens, exhibit very low levels of variation as they evolve
under strong purifying selection. On the other hand, balancing selection might result in
increased variation and maintenance of diversity. In jawed vertebrates, the extreme
polymorphism of the major histocompatibility complex (MHC) genes is hypothesized to have
evolved through this evolutionary process. Products of MHC genes, which are also known as
human leukocyte antigen (HLA) in humans, bind and present short peptides of pathogens to the
immune cells and initiate adaptive immune responses. Therefore, diverse pathogens
presumably select for increased MHC diversity. Specific mechanisms of this selection process
have been formulated, yet their relative roles in the maintenance of diversity continue to be
debated extensively.

The aim of this thesis is to investigate the role of pathogen-mediated selection as well as other
evolutionary forces in shaping the HLA diversity in humans. To this end, we employed several
computational approaches, combined with the population genetics analysis of ancient and
modern human populations. Our first step was to focus on the commonly held assumption that
high pathogen diversity selects for different HLA alleles. We analyzed the peptide diversity of
36 human pathogens and showed that peptides that are shared between pathogens constitute
only a minority of the total peptidome pool. In other words, the peptide pool of each pathogen
is mostly unique to itself, exhibiting an immense diversity that our immune system faces. In
order to explore the effect if this diversity on HLA genes, we used computational peptide-
binding prediction algorithms and identified peptide sets that are bound by 321 common HLA
class-1 alleles. Our results revealed that some HLA alleles bind a larger fraction of peptides
from a few pathogens, suggesting a specialization towards these particular pathogens.
Furthermore, this specialization was negatively correlated with the size of the peptide pool that
the HLA allele binds. These results support a scenario that HLA alleles with small peptide
repertoires can be maintained in populations by virtue of specialization against a few deadly

pathogens that emerge throughout human evolutionary history. On the other hand, generalist



HLA alleles with large peptide repertoires continue protecting individuals against common

pathogens.

We next took a population genetics approach and analyzed two novel HLA datasets. The first
dataset consists of 12 populations from sub-Saharan Africa. African populations are highly
underrepresented in genomics research, hampering both the successful medical applications in
many countries and the detailed characterization of humans’ evolutionary history. We used both
genome-wide SNP data and targeted HLA sequencing data to investigate HLA diversity
patterns not only within African populations but also in a wider context by including population
samples from Europe and East Asia. Our results highlight the excessive diversity across HLA
genes within African populations. We observed that very old mutations constitute a significant
part of the diversity within MHC, suggesting that balancing selection favors ancient variation.
In line with this observation, non-African populations appear to have maintained similarly high
levels of HLA diversity despite the bottlenecks associated with the colonization of Eurasia.
Furthermore, contrary to what would be expected for a genomic region evolving under
divergent local selective pressures, population differentiation was not higher within MHC than
it is in neutral regions. In fact, population differentiation at HLA genes largely reflects
differentiation patterns of neutral markers indicating population history as the main determinant
of differentiation. Targeted HLA sequencing analysis also supports the dominant role of
balancing selection and population history in HLA evolution. The functional diversity within
HLA genes (i.e. functionally distinct HLA molecules) is maintained across different
populations while the differentiation patterns based on HLA alleles follow the continental
separations. Overall, these results suggest that demography and balancing selection on ancient
variation play a major role in recent MHC evolution in humans while the role of adaptation to
local pathogens appears much smaller. This conclusion is further supported by our analysis of
the second novel HLA dataset. The dataset includes 129 ancient individuals from central Europe
that lived between 5000 BCE to 2800 BCE. This period, namely the Neolithic, is associated
with drastic social and cultural changes. Domestication of animals and plants brought about a
sedentary lifestyle, shifts in diet towards increased consumption of carbohydrate and milk
products and, inadvertently, many novel pathogens. Consequently, it is commonly
hypothesized that as a result of these changes, many genes, specifically the immune genes
would exhibit signatures of selection. Following that hypothesis, we used a novel pipeline to
generate HLA genotypes of ancient individuals and analyzed the HLA diversity of early and

late Neolithic farmers from Europe together with several modern European, East Asian and



African populations. We found that although early European farmers migrated recently from
Anatolia, they exhibit high HLA diversity, potentially maintained by balancing selection.
Interestingly, major shifts in frequency of some HLA alleles were observed both between early
and late farmers and between late farmers and modern Europeans. In fact, the differentiation
between ancient and modern Europeans is almost comparable to the differentiation between
modern Europeans and Asians. Although this observation is compatible with adaptive evolution
in response to changes in pathogen landscape, our analysis based on peptide-binding predictions
reveals that despite differences in allele frequencies, HLA allele pools of ancient and modern
populations are functionally similar. Indeed, focusing on the measles virus (MeV), which
emerged as a human pathogen after the Neolithic, we found that modern and ancient
populations bind similar numbers of MeV peptides. These results indicate that the major driver
of the changes in allele frequencies was not the adaptation to novel or local pathogens. We
suggest that the major differences between early and late Neolithic farmers were brought about
by the admixture with local hunter-gatherers while the differences between late farmers and
modern Europeans are the result of admixture with steppe pastoralists. In line with this
hypothesis, most common HLA alleles in modern central Europeans follow a north to south
cline similar to the steppe ancestry. Therefore, it is likely that these alleles were introduced by
steppe pastoralists. We conclude that balancing selection and population history appears as the
main drivers of recent HLA evolution while the effect of directional selection by pathogens is

minimal.



Zusammenfassung

This German summary is translated by DeepL from English and kindly edited by Dr. Britta Meyer.

Infektionskrankheiten gehdren zu den Hauptursachen fiir Morbiditdt und Mortalitdt in
menschlichen Populationen. Folglich weisen viele menschliche Gene, die Immunreaktionen
gegen Krankheitserreger steuern, Anzeichen naturlicher Selektion auf. Das Ergebnis dieser
pathogenvermittelten Selektion hangt von der Funktion des Genprodukts ab. Einige Gene, z. B.
solche, die auf hochkonservierte Strukturen von Krankheitserregern abzielen, weisen nur eine
sehr geringe Variation auf, wahrend sie unter starker negativer/reinigender Selektion
evolvieren. Andererseits kann eine ausgleichende Selektion zu einer erh6hten Variation und zur
Erhaltung der Vielfalt fihren. Bei Wirbeltieren mit Kiefer wird angenommen, dass der extreme
Polymorphismus der Gene des Haupthistokompatibilitaitskomplexes (engl. Major
histocomptaibility complex, MHC) durch diesen evolutiondren Prozess entstanden ist. Die
Produkte der MHC-Gene, die beim Menschen auch als Humane Leukozyten-Antigene (HLA)
bezeichnet werden, binden kurze Peptide von Krankheitserregern, prasentieren sie den
Immunzellen und I6sen eine adaptive Immunantwort aus. Daher selektieren unterschiedliche
Krankheitserreger vermutlich auf eine erhdhte MHC-Diversitat. Spezifische Mechanismen
dieses Selektionsprozesses sind bekannt, doch ihre relative Rolle bei der Aufrechterhaltung der

Diversitat wird nach wie vor heftig debattiert.

Ziel dieser Arbeit ist es, die Rolle der pathogenvermittelten Selektion sowie anderer
evolutionarer Kréfte bei der Entstehung der HLA-Vielfalt beim Menschen zu untersuchen. Zu
diesem Zweck haben wir mehrere rechnergestiitzte Ansatze mit der populationsgenetischen
Analyse alter und moderner menschlicher Populationen kombiniert. In einem ersten Schritt
untersuchten wir die allgemein verbreitete Annahme, dass eine hohe Erregervielfalt eine
Selektion fir diverse HLA-Allele bewirkt. Wir analysierten die Peptidvielfalt von 36 humanen
Krankheitserregern und zeigten, dass Peptide, die zwischen den Erregern geteilt werden, nur
eine Minderheit des gesamten Peptidpools ausmachen. Mit anderen Worten: Der Peptidpool
jedes Erregers ist groBtenteils einzigartig fur ihn selbst und zeigt eine immense Vielfalt, mit der
unser Immunsystem konfrontiert ist. Um die Auswirkungen dieser Vielfalt auf die HLA-Gene
zu erforschen, haben wir computergestiitzte Algorithmen zur Peptidbindungsvorhersage
eingesetzt und Peptidmengen identifiziert, die von 321 haufigen HLA-Klasse-1-Allelen
gebunden werden. Unsere Ergebnisse zeigten, dass einige HLA-Allele einen groReren Anteil

von Peptiden einiger weniger Krankheitserreger binden, was auf eine Spezialisierung auf diese
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bestimmten Krankheitserreger hindeutet. Daruber hinaus war diese Spezialisierung negativ mit
der Grolie des Peptidpools korreliert, den das HLA-Allel bindet. Diese Ergebnisse unterstitzen
das Szenario, dass HLA-Allele mit kleinen Peptidrepertoires in Populationen durch
Spezialisierung auf einige wenige todliche Krankheitserreger, die im Laufe der menschlichen
Evolutionsgeschichte aufgetaucht sind, erhalten bleiben kdnnen. Andererseits schitzen
generalistische HLA-Allele mit groRRen Peptidrepertoires die Individuen weiterhin vor haufigen

Krankheitserregern.

Als néchstes wahlten wir einen populationsgenetischen Ansatz und analysierten zwei neue
HLA-Datensétze. Der erste Datensatz besteht aus 12 Populationen aus Afrika stdlich der
Sahara. Afrikanische Populationen sind in der Genomforschung stark unterreprasentiert, was
sowohl die erfolgreiche medizinische Anwendung in vielen L&ndern als auch die detaillierte
Charakterisierung der Evolutionsgeschichte des Menschen behindert. Wir haben sowohl
genomweite SNP-Daten als auch gezielte HLA-Sequenzierungsdaten verwendet, um HLA-
Diversitatsmuster nicht nur innerhalb afrikanischer Populationen zu untersuchen, sondern auch
in einem breiteren Kontext, indem wir Bevolkerungsproben aus Europa und Ostasien
einbezogen haben. Unsere Ergebnisse unterstreichen die tiberméaRige Vielfalt der HLA-Gene in
afrikanischen Populationen. Wir haben festgestellt, dass sehr alte Mutationen einen
bedeutenden Teil der Vielfalt innerhalb des MHC ausmachen, was darauf hindeutet, dass eine
ausgleichende Selektion alte Variationen beginstigt. In Ubereinstimmung mit dieser
Beobachtung scheinen nicht-afrikanische Populationen trotz der mit der Besiedlung Eurasiens
verbundenen Engpésse eine ahnlich hohe HLA-Diversitat beibehalten zu haben. Dariiber hinaus
war die Populationsdifferenzierung innerhalb von MHC nicht hdher als in neutralen Regionen,
was bei einer genomischen Region, die sich unter unterschiedlichem lokalem Selektionsdruck
entwickelt, zu erwarten ware. Tatsachlich spiegelt die Populationsdifferenzierung bei den
HLA-Genen weitgehend die Differenzierungsmuster der neutralen Marker wider, was darauf
hindeutet, dass die Populationsgeschichte die Hauptdeterminante der Differenzierung ist. Die
Analyse der gezielten HLA-Sequenzierung untermauert ebenfalls die dominante Rolle der
ausgleichenden Selektion und der Populationsgeschichte bei der HLA-Evolution. Die
funktionelle Vielfalt innerhalb der HLA-Gene (d. h. funktionell unterschiedliche HLA-
Molekiile) bleibt in verschiedenen Populationen erhalten, wahrend die Differenzierungsmuster
auf der Grundlage der HLA-Allele den kontinentalen Trennungen folgen. Insgesamt deuten
diese Ergebnisse darauf hin, dass die Demografie und die ausgleichende Selektion auf alte

Variationen eine wichtige Rolle bei der jingsten MHC-Evolution beim Menschen spielen,



wahrend die Anpassung an lokale Krankheitserreger eine wesentlich geringere Rolle zu spielen
scheint. Diese Schlussfolgerung wird auch durch unsere Analyse des zweiten neuen HLA-
Datensatzes bestatigt. Der Datensatz umfasst 129 friihzeitliche? Menschen aus Mitteleuropa,
die zwischen 5000 v. Chr. und 2800 v. Chr. lebten. Dieser Zeitraum, das Neolithikum, ist mit
drastischen sozialen und kulturellen Veranderungen verbunden. Die Domestizierung von
Tieren und Pflanzen fuhrte zu einer sesshaften Lebensweise, zu einer Umstellung der
Erndhrung auf den vermehrten Verzehr von Kohlenhydraten und Milchprodukten und -
unbeabsichtigt - zu zahlreichen neuen Krankheitserregern. Folglich wird allgemein
angenommen, dass viele Gene, insbesondere die Immungene, als Folge dieser Verédnderungen
Selektionsmerkmale aufweisen wiirden. Dieser Hypothese folgend haben wir eine neuartige
bioinformatische? Pipeline zur Erstellung von HLA-Genotypen alter Individuen verwendet und
die HLA-Diversitdt frih- und spéatneolithischer Bauern aus Europa zusammen mit
verschiedenen modernen européischen, ostasiatischen und afrikanischen Populationen
analysiert. Wir fanden heraus, dass die friihen europdischen Bauern, obwohl sie erst kurz vorher
vor kurzem aus Anatolien eingewandert sind, eine hohe HLA-Diversitdt aufweisen, die
moglicherweise durch ausgleichende Selektion erhalten wurde. Interessanterweise werden
groRere Verschiebungen in der Haufigkeit einiger HLA-Allele sowohl zwischen frithen und
spaten Bauern als auch zwischen spdten Bauern und modernen Européern beobachtet.
Tatséchlich ist die Differenzierung zwischen alten und modernen Européern fast vergleichbar
mit der Differenzierung zwischen modernen Europdern und Asiaten. Obwohl diese
Beobachtung mit einer adaptiven Evolution als Reaktion auf Verdnderungen in der
Erregerlandschaft vereinbar ist, zeigt unsere Analyse auf der Grundlage von
Peptidbindungsvorhersagen, dass die HLA-Allelpools alter und moderner Populationen trotz
unterschiedlicher Allelhdufigkeiten funktionell &hnlich sind. Am Beispiel des Masernvirus
(MeV), das erst nach dem Neolithikum als menschlicher Krankheitserreger auftrat, haben wir
festgestellt, dass moderne und alte Populationen &hnlich viele MeV-Peptide binden. Diese
Ergebnisse deuten darauf hin, dass der Hauptgrund fur die Veranderungen der Allelhdufigkeiten
nicht in der Anpassung an neue oder lokale Krankheitserreger liegt. Wir vermuten, dass die
Hauptunterschiede zwischen frithen und spéten neolithischen Bauern durch die Vermischung
mit lokalen Jagern und Sammlern entstanden sind, wéhrend die Unterschiede zwischen spaten
Bauern und modernen Europaern das Ergebnis einer Vermischung mit Steppenhirten sind. Im
Einklang mit dieser Hypothese folgen die meisten haufigen HLA-Allele in modernen
Mitteleuropdern einer Nord-Sud-Kurve, die der Steppenvorfahrenschaft ahnelt. Daher ist es

wahrscheinlich, dass diese Allele von Steppenhirten eingefiihrt wurden. Wir kommen zu dem
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Schluss, dass eine ausgleichende Selektion und die Populationsgeschichte die Haupttriebkréfte
der jungsten HLA-Evolution zu sein scheinen, wéhrend der Einfluss einer gerichteten Selektion

durch Krankheitserreger minimal ist.






Introduction

Every organism on our planet, be it an archaea inhabiting extremely hot and acidic springs, a
deep-sea fish living under crushing pressure and complete darkness or a temperate mammal
roaming wide green meadows, lives under the constant threat of pathogens (Ghielmetti et al.,
2021; Ortmann et al., 2006; Quattrini & Demopoulos, 2016). From an evolutionary perspective,
the relationship between pathogens and their hosts is highly dynamic. The survival and
reproduction of a pathogen depend on its ability to infect a host and reproduce while the survival
and reproduction of a host depends on either preventing the infection or minimizing the cost
associated with it. This relationship results in an “arms-race” in which adaptations on one side
trigger selection for counteracting adaptations on the other side and so on (Ebert & Hamilton,
1996). A major requirement of the process of natural selection (hence adaptation) is the
existence of individual heritable differences. Charles Darwin argued in his seminal book “On
the Origin of Species” that such heritable variation, combined with the fact that organisms
almost always produce more offspring than their environment can support, would lead to
competition between individuals over resources, space, mates, etc. The result of this
competition is —in Darwin’s own words— the “preservation of favoured races”. Here, “favoured
races” are individuals carrying heritable variation that is better suited to the environment and

“preservation” refers to the differential survival and reproduction of these individuals.

Most of the abiotic factors within an organism’s habitat such as temperature, oxygen pressure,
humidity, etc. are stable or fluctuate predictably relative to the organism’s generation time. The
relative stability and predictability of abiotic factors allow organisms to accumulate random
mutations over generations, some of which might be selectively advantageous and rise in
frequency (Bell & Collins, 2008). Therefore, adaptation to abiotic factors usually leads to the
fixation of the optimal variant within a population. On the other hand, biotic interactions,
especially host-pathogen interactions, are much more dynamic (Brockhurst et al., 2014).
Pathogens usually replicate much faster than their hosts do. This is especially evident
considering the multicellular host organisms whose generation times are at the scale of years
while some viruses or bacteria can replicate in a manner of minutes (Bremer, 1982; Fenner,
2005). A pathogen might accumulate mutations at a much faster rate and circumvent the defense
mechanisms of a host before any counteracting mutations arise and are passed on to the next
generation of the host (Sanjuan et al., 2010). Such imbalance in the evolutionary rates between

hosts and pathogens results in the evolution of diverse host immune mechanisms (Broecker &



Moelling, 2019; Cullen, 2002; Jones & Dangl, 2006). Despite the variation in specific
mechanisms, immune responses can be divided into two broad categories; innate and adaptive
immune response (Murphy & Weaver, 2017). Innate immune responses are mediated by
molecules recognizing structures of pathogens that are highly conserved. Examples include
restriction enzymes of bacteria cutting the unmethylated DNA of invading bacteriophages or
toll-like receptors (TLRs) of mammals recognizing dsRNA of viruses or lipopolysaccharide of
bacteria (Koonin et al., 2017; Murphy & Weaver, 2017). These structures are functionally vital
for pathogens to the extent that any change would entail a fitness cost. Innate immune responses
usually form the first line of defense against invading pathogens, yet they are not specific and
sometimes not enough to contain the infection. Furthermore, innate immune receptors are
germline-encoded; hence suffer from the mentioned problem of lack of evolutionary time to
adapt possible immune evasion strategies of pathogens. Adaptive immune responses (also
known as acquired immunity) overcome that problem by shifting the generation of diversity
from inter-generational times to within generation (i.e. individual’s lifetime). In the case of
bacteria and archaea, CRISPR-Cas systems cut a piece of nucleic acid from the invading
bacteriophages and incorporate it into their own genome. This specific sequence then acts as a
“guide” to recognize and inactivate the phage (Koonin & Makarova, 2019). In vertebrates, the
adaptive immune system is composed of two main arms, the cell-based immune responses (T-
cells) and humoral immune responses (B-cells) (Murphy & Weaver, 2017). Receptors of both
arms are produced by somatic recombination of variable (V), diversity (D) and joining (J) genes
in the genome. The germline contains multiple segments of V, D and J genes and as a result of
somatic recombination, one randomly selected segment from each gene is retained in the
developing lymphocyte (i.e. T- and B-cells). B-cells may further undergo a process of somatic
hypermutation; introduction of point mutations into the B-cell receptor. The result of these
intricate mechanisms is the generation of a large pool of lymphocytes, each carrying a unique
receptor that can recognize a wide range of antigens (short peptides) originating from invading
pathogens (Cooper & Alder, 2006).

Effector mechanisms of lymphocytes are highly potent such as the direct killing of infected
cells by CD8" T cells or antigen-mediated neutralization of pathogens by B-cells. Therefore, it
is not surprising that various mechanisms have evolved to control the activation of lymphocytes
to prevent self-damage or unnecessary response to harmless antigens (O’Garra & Vieira, 2004).
One of the basic limiting factors is that antigens can be recognized by T-cell receptors (TCRS)

only if they are presented by a classical major histocompatibility complex (MHC) molecule in
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the form of a peptide-MHC (pMHC) complex. This is achieved by a process called positive
2014). T-cells that

survive the thymic selection are the ones that can weakly bind self pMHC complexes, ensuring

selection during the maturation of T-cells in the thymus (L. Klein et al.,

that any response given by T-cells is restricted by MHC molecules (Garcia, 2012). However,
strong binding to a self pMHC complex by a T-cell could result in an immune response against
self tissues (i.e. autoimmunity). An accompanying process, namely the negative selection in the
thymus, ensures that T-cells that strongly bind self pMHC complexes are also removed from
the pool (L. Klein et al., 2014).

MHC molecules were initially discovered due to their role in determining the success of tissue
transplantation and later studies revealed their role in the development of immune responses
against pathogens (Gorer, 1936; McDevitt, 2000; Thorshy, 2009; Trowsdale & Knight, 2013).
There are two classes of classical MHC genes, namely MHC class-1 and MHC class-11 (Figure
1) (Murphy & Weaver, 2017). Class-I proteins are expressed in all nucleated cells and bind
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Figure 1. MHC class-1 and MHC class-Il antigen presentation pathways. Figure template is
generated by Akiko lwasaki and retrieved from https://app.biorender.com/biorender-templates
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peptides originating from the intracellular environment. If the pMHC complex is recognized by
CD8" T-cells, such as in the case of an infection, the initiated immune response Kills the cell
presenting the peptide (Murphy & Weaver, 2017; Reina-Campos et al., 2021). Class-11 proteins
are mainly expressed by specific immune cells such as B-cells or dendritic cells. Antigens
presented by class-11 proteins originate from the extracellular medium. If they are recognized
by CD4* T cells, subsequent signaling initiates the production of antibodies by B-cells against
the pathogen or orchestration of the immune response by the helper T cells (Murphy & Weaver,
2017; Ruterbusch et al., 2020).

In humans, MHC genes are named as human leukocyte antigen (HLA). HLA genes stand out
within the human genome for several reasons. All HLA genes are located close to each other
on the short arm of chromosome 6 (Shiina et al., 2009). Classical HLA genes are divided into
two classes with three HLA class-1 (HLA-A, HLA-B and HLA-C) and three HLA class-11 genes
(HLA-DR, HLA-DP and HLA-DQ). The so-called non-classical HLA genes are not as
polymorphic as classical HLA genes. Furthermore, their primary role is not peptide binding and
usually their expression is restricted to specific tissues (Kochan et al., 2013; Mellins & Stern,
2014). Classical HLA genes (hereafter simply referred to as HLA genes) are highly
polymorphic and polygenic (i.e. multiple loci coding for proteins with similar functions)
(Kaufman, 2018b; O’Connor et al., 2019; Yamaguchi & Dijkstra, 2019). Hundreds of different
alleles were identified for each HLA loci surpassing any other region in the genome (Robinson
et al., 2020). Each HLA molecule binds a specific set of peptides based on the amino acid
sequence of their antigen-binding site that is encoded by exons 2 and 3 for HLA class-1 and
exon 2 for HLA class-11 genes (Bjorkman et al., 1987; Reche & Reinherz, 2003). Most of the
variation that is observed within HLA genes is concentrated in these specific exons (Figure 2)
(Lima et al., 2019; Robinson et al., 2017). Furthermore, the number of non-synonymous
mutations (i.e. mutations leading to an amino acid change in the protein) is much higher than
the number of synonymous mutations (i.e. mutations that do not alter the protein sequence)
across the exons coding for the antigen-binding site compared to the rest of the HLA genes
(Hughes & Hughes, 1995; Hughes & Nei, 1988, 1989). Finally, an excess of intermediate
frequency alleles is observed within HLA genes deviating from the neutral expectations (Brandt
et al., 2018). Overall, these features of HLA genes, combined with their crucial role in adaptive
immunity, have led to the hypothesis that HLA diversity is maintained by pathogen-mediated
balancing selection (Bitarello et al., 2018; Hedrick & Thomson, 1983; Meyer & Thomson,
2001; Radwan et al., 2020).
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Balancing selection is, in fact, any selective mechanism that leads to the maintenance of
polymorphism within populations (Futuyma, 2009). In the case of pathogen-mediated
balancing selection on MHC genes, three models of selection have been proposed. The
negative-frequency dependent selection (also known as rare allele advantage) was first
proposed by J. B. S. Haldane in his influential paper ‘Disease and Evolution’ (Haldane, 1949)
and later discussed in the context of MHC diversity as well (Bodmer, 1972; Ejsmond &
Radwan, 2015). The fitness of pathogens depends on their ability to infect as many hosts as
possible. Therefore, pathogens that can circumvent the immune resistance of hosts carrying the
most common alleles will be favored by natural selection. Consequently, hosts with rare alleles
would have increased resistance and rare alleles would start increasing in frequency due to their
selective advantage (Lenz, 2018). Once the rare, advantageous alleles become dominant in the
host population, pathogens quickly adapt to them, impairing their selective advantage
(Borghans et al., 2004). The overall result of such coevolutionary dynamics is the maintenance

of diversity within the host population (Phillips et al., 2018a; Spurgin & Richardson, 2010).
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Rare alleles can be novel within the population arising either by mutation or as a result of
introgression. On the other hand, they can be old alleles that were once common but decreased
in frequency due to selective disadvantage. The origin of the rare and presumably advantageous
alleles has long been a point of discussion mainly with a focus on the observation that some
MHC alleles are shared by related species despite millions of years of isolation (i.e. trans-
species polymorphism) (J. Klein et al., 1998; Takahata & Nei, 1990). It has been argued that
the selection on rare novel alleles would lead to rapid turnover of alleles that would prevent the
long-term persistence of allelic lineages as in the case of trans-species polymorphism (Slade &
McCallum, 1992; Takahata & Nei, 1990). However, if old alleles regain their selective
advantage once they become rare, polymorphism can be maintained for long time (Apanius et
al., 1997; Takahata & Nei, 1990). While most of the discussion on the details of the negative-
frequency dependent selection is based on results of simulation studies, recent experimental
work has shown that novel alleles that have introgressed from other populations or species can
also provide a selective advantage (Nadachowska-Brzyska et al., 2012; Phillips et al., 2018a).
Such introgression events would appear as trans-species polymorphism (Wegner & Eizaguirre,
2012). The second model of balancing selection is heterozygote advantage. This model is based
on the fact that MHC heterozygous individuals can bind more peptides than MHC homozygous
individuals (Doherty & Zinkernagel, 1975). Due to wider peptide binding, heterozygotes will
be able to mount a stronger immune response against pathogens and will have increased relative
fitness compared to homozygotes (Penn et al., 2002). As a result, a higher number of alleles
can be maintained within populations (Hughes & Nei, 1988). Related to the heterozygote
advantage model, the divergent allele advantage hypothesis proposes MHC alleles with higher
sequence divergence would present highly different peptides while the peptide pool of similar
alleles would overlap considerably. Therefore, individuals that are heterozygous with highly
divergent alleles would be able to respond to a much wider set of peptides (Lenz, 2011; Pierini
& Lenz, 2018; Wakeland et al., 1990). The heterozygote advantage model has received support
from several computational and experimental studies (Arora et al., 2020; Carrington et al.,
1999; McClelland et al., 2003; Takahata & Nei, 1990). However, it has also received critique
and has been argued to be insufficient by itself to maintain a high number of alleles as observed
in the MHC genes (Borghans et al., 2004; Slade & McCallum, 1992). Finally, the third model
of balancing selection is the fluctuating selection. This model is based on the assumption that
pathogen abundance, composition and overall selective pressure change over time and space
(Dunn et al.,, 2010; A. V. S. Hill, 1991). In return, the subset of MHC alleles that are

advantageous would change over time or across geographically distinct subpopulations and
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polymorphism is maintained (Hedrick, 2002). While the three models mentioned here are not
necessarily mutually exclusive, their relative roles in MHC evolution are still being debated
(Meyer & Thomson, 2001; Radwan et al., 2020; Spurgin & Richardson, 2010).

Overall, models of balancing selection, especially the fluctuating selection model and the
negative-frequency dependent selection model, rely on the existence of associations between
MHC alleles and specific pathogen species or strains (Spurgin & Richardson, 2010). In humans,
associations between HLA alleles and infectious diseases including viral (Hammer et al., 2015;
McLaren & Carrington, 2015), bacterial (Tong et al., 2015) and eukaryotic (A. V. Hill et al.,
1991) infections have been identified (Sanchez-Mazas, 2020). However, considering hundreds,
even thousands of pathogens infecting humans (“Microbiology by Numbers,” 2011),
associations identified until now seem so few, usually weak and mostly inconclusive in the
sense that causal explanations related to peptide-binding could not be established (Blackwell et
al., 2009; Sanchez-Mazas, 2020; Trowsdale, 2011). A notable exception is the human
immunodeficiency virus (HIV) infection which causes acquired immune deficiency syndrome
(AIDS) if left untreated (McLaren & Carrington, 2015). It has been shown that HLA alleles that
are associated with slow disease progression present specific, highly conserved HIV epitopes
(Borghans et al., 2007; Kunwar et al., 2013a). Although escape mutations (i.e. mutations on the
pathogen genome that prevent binding of peptides by HLA molecules) arise, they usually entail
a high fitness cost for the pathogen (Klgverpris et al., 2016). However, HIV is a relatively novel
pathogen that has been infecting humans only for 4-5 generations and has been subject to major
disease control and treatment efforts (Korber et al., 2000). Therefore, although it is useful for
establishing mechanistic explanations of HLA-mediated disease control, no effect of HIV
would be visible in the human genome from an evolutionary perspective. On the other hand,
older diseases such as malaria may provide opportunities to test hypotheses regarding HLA
evolution. Indeed, the allele HLA-B*53 which has been suggested to be protective against
malaria based on case-control studies was found to be at high frequencies in regions where
malaria is highly prevalent, possibly in response to selective pressure by malaria (A. V. Hill et
al., 1991; Sanchez-Mazas et al., 2017). Although encouraging, these results are still valid just
for a few pathogens, missing the diversity of human pathogens. The diversity of HLA genes
was shown to be correlated with the pathogen diversity, suggesting that local pathogen
composition indeed shapes the evolution of HLA diversity (Prugnolle, Manica, Charpentier, et
al., 2005). The role of balancing selection on HLA evolution in this context has received major

research attention (Meyer et al., 2018). However, it is very well possible that selection can only

15



paddle against the current of genetic drift. Random fluctuations in allele frequencies across
generations can easily mask the effect of selection specifically in small populations in which
the effect of selection is smaller (Sanchez-Mazas, 2001). Furthermore, the extreme diversity of
HLA genes is accompanied by many rare alleles (Robinson et al., 2017) that are particularly
susceptible to stochastic forces of evolution. Several studies have reported that HLA diversity
that is measured based on heterozygosity is negatively correlated with the distance from East
Africa where anatomically modern humans have evolved (Prugnolle, Manica, Charpentier, et
al., 2005; Sanchez-Mazas et al., 2012). This trend is the result of many founder effects when
humans colonize the rest of the world (Prugnolle, Manica, & Balloux, 2005). Likewise,
populations with a more recent history of strong genetic drift such as Amerindians or Taiwanese
harbor lower HLA diversity (Buhler & Sanchez-Mazas, 2011). Although the loss of HLA
diversity might be compensated by the selective maintenance of divergent alleles, genetic drift
remains a major determinant of HLA diversity (Buhler et al., 2016; Pierini & Lenz, 2018).

One of the reasons why there are relatively few associations between infectious diseases and
HLA might be that infectious diseases are highly understudied in genome-wide association
studies. A 2018 study revealed that only 4% of studies in the GWAS Catalog were in the
category of infectious diseases (Mozzi et al., 2018). HLA genes are exceptionally difficult to
analyze in association studies due to high polymorphism and extreme linkage disequilibrium
that can easily lead to false positive or false negative results with small sample sizes and
unaccounted population structure (Mozzi et al., 2018; Sanchez-Mazas, 2020). One of the
methods that can supplement association studies in revealing the mechanistic basis of HLA-
pathogen interactions is computational peptide-binding prediction. These algorithms can
identify the set of peptides that are likely to be bound by HLA molecules based on the amino
acid sequence (Peters et al., 2020). Although many methods were developed since the 1990s,
the recent advances in machine learning approaches have led to the development of highly
accurate prediction algorithms (Paul et al., 2020; Reynisson et al., 2020). These algorithms were
also employed to investigate hypotheses related to MHC evolution and yielded fruitful results
(Arora et al., 2020; Buhler et al., 2016; Pierini & Lenz, 2018).

The fact that research on infectious diseases is lagging behind the research on non-

communicable diseases is not specific to association studies but an overall trend in the

biomedical sciences (Cohen, 2000). Improved nutrition and hygiene, combined with two very

powerful medical interventions namely antibiotics and vaccines resulted in an immense

decrease in mortality from infectious diseases (Armstrong et al., 1999). As a result, non-
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infectious diseases became the major source of mortality and morbidity, which in turn attracted
the attention of biomedical researchers. However, pandemics such as AIDS and much more
recently COVID-19 have shown that humans are still far from eliminating the risk posed by
infectious diseases (Korber et al., 2000; World Health Organization, 2020). Indeed, millions of
lives are still being lost each year due to infectious diseases in parts of the world where the
public health infrastructure is less developed and access to medications is limited such as many
countries in sub-Saharan Africa (World Health Organization, 2021). Furthermore, climate
change associated with global warming might cause changes in the distribution of pathogens or
pathogen-carrying vectors and facilitate the emergence of novel pathogens in the future
(Khasnis & Nettleman, 2005; Patz et al., 1996). It is clear that infectious diseases are not a book
closed for humans. The best way to look forward is to learn from the past. As descendants of
humans who have survived countless diseases over hundreds of thousands of years, we have a

lot to learn from our genome and our evolutionary history.
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Thesis Outline

My research during my PhD is centered on the mechanisms maintaining Human Leukocyte
Antigen (HLA) gene diversity and their outcomes at the population level. The main hypothesis
on why HLA genes are extremely diverse is built upon their role in the adaptive immune system
against pathogens. | used computational methods to analyze both the pathogen diversity at the
molecular level and the HLA diversity that evolves in response to pathogens. Furthermore, we
employed population genetics methods to investigate how distinct evolutionary mechanisms,
such as selection and genetic drift affect HLA diversity within and between populations. This
work consists of three chapters.

Chapter 1

Unique Pathogen Peptidomes Facilitate Pathogen-Specific Selection and Specialization of
MHC Alleles

HLA genes in humans are highly polymorphic. The excessive polymorphism observed at MHC
genes is thought to result mainly from the need to recognize diverse pathogens. Indeed, HLA
molecules bind and present small peptides from invading pathogens that eventually initiate the
adaptive immune response against them. In this chapter, we analyzed the peptide diversity of
36 common human pathogens and found that only 1.2% of all peptides were shared between
two or more pathogens while the rest were unique for each pathogen. This finding provides an
empirical basis for the assumption that pathogen diversity drives HLA diversity. In order to
analyze how HLA evolves in response to this diversity, we used computational peptide-binding
prediction tools and calculated a specialization score for each HLA allele, based on the number
of peptides that they bind from pathogens. We observe a negative correlation for HLA alleles
between the specialization score and the size of the peptide repertoire (i.e. total number of
peptides that alleles bind). This result supports the hypothesis that HLA alleles with small
peptide repertoires are maintained within populations due to their protective effect against
specific pathogens. Overall, the results of this chapter provide a mechanism through which

variation in peptide-binding repertoires of HLA alleles is maintained.
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Chapter 2

Balancing selection rather than local adaptation shape excessive HLA gene variation in
ethnically diverse African populations

Although the balancing selection is commonly invoked to explain the high diversity observed
in HLA genes, the extent and outcome of such selection on population genetic variation remain
an open question. In fact, it is hypothesized that distinct mechanisms of balancing selection may
cancel each other’s effect and result in diversity patterns similar to neutral loci. Better
characterization of HLA diversity is required to evaluate different evolutionary forces acting
on HLA genes. However, the limited representation of non-European populations in
immunogenomics studies hampers research efforts mainly because European populations
harbor only a part of the human genetic diversity. In this chapter, we combined whole-genome
sequencing (n=180) and targeted HLA data (n=514) of individuals from 12 different ethnic
groups from sub-Saharan Africa with data from the 1000 Genomes Project to investigate HLA
variation across the most genetically diverse human populations. We found that the genetic
diversity in HLA decreases in non-African populations as a result of out-of-Africa migrations,
yet this decrease is significantly smaller than it is for neutral loci. Furthermore, the MHC region
is enriched with old mutations and population differentiation at HLA genes largely reflects
differentiation patterns of neutral markers. These results highlight the role of balancing
selection on HLA counteracting the loss of diversity through bottleneck events although genetic
drift eventually leads to differentiation. Functional HLA diversity, measured at the level of
distinct HLA molecules is at comparable levels in all populations. Therefore, we conclude that
demography and balancing selection on ancient variation are major factors driving MHC

evolution in humans while the effect of local adaptation appears to be minor.
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Chapter 3

Spatio-temporal analysis of ancient HLA data reveals major effects of demography and

admixture on immune gene diversity

Major changes in the lifestyle of humans following the domestication of animals and plants
were suggested to be responsible for the emergence of many novel pathogens. Indeed, a
significant number of pathogens that infect humans have recent origins, dating after the
Neolithic. This transition raises the possibility to track the evolution of immune genes by using
genomic data of ancient individuals. In the context of HLA, it was suggested that changes in
the pathogen pressure would result in dynamic oscillations in allele frequencies, yet the
empirical support for such evolutionary dynamics is missing. In this chapter, we employed a
recently developed method to genotype HLA class-I alleles from 129 individuals that lived
during the early and late Neolithic in Europe. We compared the HLA diversity of ancient
individuals to modern populations from Europe, Africa and East Asia by using 1000 Genomes
Project data. We observed that the most common alleles in modern central and northern
Europeans were missing in the Neolithic while the most common alleles in the Neolithic
populations declined in frequency. Although this pattern appears to be in line with the
hypothesized dynamic allele frequency changes in response to pathogen pressures, the
functional diversity of HLA alleles in both Neolithic and modern populations is similar. By
using peptide-binding prediction tools on the Measles virus, which is a deadly and novel
pathogen that did not exist during the Neolithic, we found that Neolithic populations do not
differ from modern humans in terms of the capacity to bind measles antigens. Therefore, we
suggest that common HLA alleles in modern European populations were unlikely to have
increased due to selection, but were introduced by the steppe pastoralists who migrated to
Europe at the end of the Neolithic. There were also several alleles that increased in frequency
from early to late Neolithic. These alleles were probably the most common alleles within the
hunter-gatherers and increased in frequency in late Neolithic farmers due to admixture. Overall,
similar to the conclusions from the second chapter, which relies on spatial analysis of extant
populations, our results from the temporal analysis of HLA diversity suggest that allele
frequency changes are mainly driven by population admixtures with balancing selection

maintaining functional diversity.
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Abstract

A key component of pathogen-specific adaptive immunity in vertebrates is the presentation of
pathogen-derived antigenic peptides by major histocompatibility complex (MHC) molecules.
The excessive polymorphism observed at MHC genes is widely presumed to result from the
need to recognize diverse pathogens, a process called pathogen-driven balancing selection. This
process assumes that pathogens differ in their peptidomes — the pool of short peptides derived
from the pathogen’s proteome — so that different pathogens select for different MHC variants
with distinct peptide-binding properties. Here we tested this assumption in a comprehensive
dataset of 51.9 Mio peptides, derived from the peptidomes of 36 representative human
pathogens. Strikingly, we found that 39.7% of the 630 pairwise comparisons among pathogens
yielded not a single shared peptide and only 1.8% of pathogen pairs shared more than 1% of
their peptides. Indeed, 98.8% of all peptides were unique to a single pathogen species. Using
computational binding prediction to characterize the binding specificities of 321 common
human MHC class-1 variants, we investigated quantitative differences among MHC variants
with regard to binding peptides from distinct pathogens. Our analysis showed signatures of
specialization towards specific pathogens especially by MHC variants with narrow peptide-
binding repertoires. This supports the hypothesis that such fastidious MHC variants might be
maintained in the population because they provide an advantage against particular pathogens.
Overall, our results establish a key selection factor for the excessive allelic diversity at MHC
genes observed in natural populations and illuminate the evolution of variable peptide-binding

repertoires among MHC variants.
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Introduction

MHC molecules mediate the adaptive immune response in jawed vertebrates by binding to short
peptides and presenting them on the cell surface. These peptide:MHC complexes on the cell
surface are continuously surveyed by T lymphocytes to detect the presence of infectious agents.
The excessively high number of alleles at the classical MHC genes, in humans for instance with
several thousand for each MHC class-1 locus (Robinson et al., 2020), is considered to be
maintained by pathogen mediated balancing selection (Bodmer, 1972; Hedrick & Thomson,
1983; Radwan et al., 2020). In support of this hypothesis, most of the polymorphism within the
MHC genes is observed in the residues forming the peptide-binding region of the MHC
molecule, i.e. the region that interacts with the presented peptide (Parham, 1988; Robinson et
al., 2017). The rate of nonsynonymous variation is much higher in the peptide-binding region
compared to the rest of the MHC genes (Hughes & Nei, 1988) and many of these variants are

observed at intermediate frequencies (Brandt et al., 2018).

Three distinct yet not mutually exclusive mechanisms of pathogen-mediated balancing
selection, namely heterozygote advantage, negative frequency-dependent selection and
fluctuating selection, have been proposed relatively early on and have been analyzed in a trove
of different studies in various species over the last decades (Apanius et al., 1997; Radwan et
al., 2020; Spurgin & Richardson, 2010). According to the heterozygote advantage hypothesis,
individuals with heterozygous MHC genotype present a higher coverage of peptides and,
consequently, are able to mount an immune response against a larger range of pathogens
compared to homozygotes (Doherty & Zinkernagel, 1975; Hughes & Nei, 1988). The
heterozygote advantage hypothesis is further extended by a divergent allele advantage model,
which relies on the assumption that MHC alleles that are divergent at the sequence level would
have a low overlap in their peptide repertoires (Wakeland et al., 1990). Several theoretical as
well as computational studies have supported the role of the divergent allele advantage model
in maintaining allelic diversity (Lenz, 2011; Pierini & Lenz, 2018; Stefan et al., 2019). The
negative frequency-dependent selection hypothesis assumes that most of the pathogens evolve
much faster than their hosts and adapt to evade recognition by the most common MHC alleles
(Bodmer, 1972). Such adaptation provides a selective advantage to rare or novel MHC alleles
and leads to cyclic fluctuations in allele frequencies (Ejsmond & Radwan, 2015; Lenz, 2018;
Phillips et al., 2018b). Finally, fluctuating selection on distinct MHC alleles is expected if the
prevalence or selection pressure of pathogens changes over time or across geographical
locations (dos Santos Francisco et al., 2015; Dunn et al., 2010; Hedrick, 2002). All three
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mechanisms are based on two main assumptions: i) that each pathogen challenges the MHC-
based immune system in a different way, and ii) that MHC variants differ in the repertoire of

presented peptides.

The first assumption, that each pathogen challenges the adaptive immune system in a novel
way, assumes that pathogens exhibit distinct antigenic peptide composition (Fig. 1). Although
the extent of antigenic diversity among pathogens is crucial for our understanding of the
evolution of MHC genes, it has been analyzed only in few studies with a limited number of
pathogen species, and mainly in the context of self/non-self overlap of peptides (Burroughs et
al., 2004; Calis et al., 2012). So, while this first assumption appears widely accepted, systematic
empirical evidence supporting this assumption is still lacking. The second assumption, that
MHC variants differ in their repertoire of presented peptides, is empirically well supported
(Pierini & Lenz, 2018; 1. M. M. Schellens et al., 2015; Sidney et al., 2008) and so is the fact
that different MHC alleles are associated with different infectious diseases (Sanchez-Mazas,
2020; Tian et al., 2017; Trowsdale, 2011). However, how exactly the allele-specific peptide
repertoire leads to the allele’s effect on disease risk is still a matter of intense research (Radwan
et al., 2020). In fact, the differential ability of MHC variants to trigger an immune response
against specific pathogens can be determined by both quantitative (binding many or few
peptides of a given peptide pool) and qualitative (binding or not binding of specific peptides)
differences among alleles. Croft et al. (2019) have shown that up to 80% of viral peptides that
are presented on MHC class-1 molecules can be immunogenic in mice. This suggests that
selection might act more on quantitative differences among MHC alleles, i.e. binding more
peptides from a specific pathogen is advantageous. In line with that idea, Arora et al. (2020)
have shown that in HIV-infected individuals, the viral load is negatively correlated with the
number of HIV peptides that are predicted to be presented by an individual’s HLA-B variants.
On the other hand, they also showed that the presence of a specific HLA-B variant (B*57:01)
alone provided a stronger protective effect than the protective effect achieved by merely binding
many peptides per se (Arora et al., 2019). Indeed, several studies report that HLA-B restricted
T-cell responses in HIV-linfected individuals with slow disease progression tend to target
conserved regions of the HIV-1 (Costa et al., 2010; Gillespie et al., 2006; Kunwar et al., 2013b).
Similar observations on other pathogens such as hepatitis C virus (Rao et al., 2015) or influenza
(Eickhoff et al., 2019) indicate that not only the quantity but also the quality of peptides
presented on MHC molecules affects disease outcome. It thus remains an open question how

quantitative and qualitative differences in peptide binding among MHC variants contribute to
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their disease association, and thus to which extent each of these properties are the target of
pathogen-mediated selection.

A B

MHC variant 1 MHC variant 2

TN

MHC variant 1

MHC variant 3

Figure 1. Conceptual representation of selection of different MHC variants depending on the
peptidome compositions of pathogens. Empty circles represent peptidomes of three different pathogens
while orange icons represent representative antigens. If peptide sharing among pathogens is extensive
(A), a single MHC variant would be enough to mount an immune response against all pathogens. If the
peptide sharing among pathogens is very low (B), different MHC variants would be required for
effective overall pathogen control.

Intriguingly, recent studies have revealed that there is indeed substantial quantitative variation
in the size of the bound peptide repertoire (i.e. total number of bound peptides, hereafter referred
to as ‘promiscuity’) among MHC variants (Chappell et al., 2015; Paul et al., 2013). Along this
promiscuity scale, promiscuous MHC variants bind a wide range of peptides while fastidious
variants are much more stringent in peptide binding and exhibit narrow repertoires. Manczinger
et al. (2019) showed that the frequency of promiscuous MHC class-11 variants is positively
correlated with the pathogen-richness across countries, possibly because more promiscuous
MHC variants provide an advantage by facilitating recognition of more pathogens. However, it

is yet to be determined how fastidious MHC variants, which present a smaller peptide
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repertoire, are maintained in populations. One intriguing hypothesis, proposed by Kaufman
(2018), postulates that fastidious alleles may have a selective advantage if they are specialized
against particular pathogens, especially if the immunodominant peptides are highly conserved
(Miura et al., 2009; Schneidewind et al., 2007). Previous studies focusing on modeling
approaches have shown that such specialization against specific pathogens may contribute to
maintenance of high polymorphism at the MHC locus (Hedrick, 2002). Although the number
of experimental assays investigating peptide-MHC interactions increased rapidly in the last
years (Vita et al., 2019), most of the empirical evidence is still focused on a few very common
alleles and specific proteins. Therefore, it remains challenging to empirically test hypotheses
on MHC specialization across a wide range of alleles and pathogens. Computational approaches
for the prediction of peptide-binding by MHC variants fill this gap to some extent (Peters et al.,
2020). In fact, recent advances in prediction algorithms allow relatively accurate
characterization of binding specificities even for MHC variants for which there is no empirical
data available (Reynisson et al., 2020).

Here we analyzed the potential antigenic diversity of 36 representative human pathogens and
show that each pathogen harbors a distinct peptide pool, with only few peptides shared among
pathogens. We then investigated how this antigenic diversity is reflected in the peptide binding
properties among human MHC variants. We characterized the allele-specific repertoire of
bound peptides for a set of 321 common HLA class-I alleles using computational binding-
prediction. Our results revealed an extensive variation in peptide binding promiscuity among

MHC alleles as well as signatures of specialization mainly for fastidious alleles.

Results
Human Pathogen Peptidome

Complete proteomes of a representative set of diverse human pathogen species, including
viruses (N = 10), bacteria (N = 19) and eukaryotic parasites (N = 7, Table S1) were divided
into all possible nine amino acid long peptides, shortly nine-mers, by employing a sliding
window approach with a step size of 1 amino acid, resulting in 51,861,826 nine-mers reflecting
a broad representation of the human pathogen peptidome. The number of peptides per pathogen
species ranged from 1760 to 11,405,499 (median: 546,629.5, Table S1). Of all the nine-mers,

98.8% were unique to the given pathogen from which they originated, thus only 1.2% were
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shared among two or more pathogens (Fig. 2A). Pairwise comparisons of peptide sharing
among pathogens revealed that pathogens on average shared only a tiny fraction of their
peptides (Median: 0.005%; Range: 0% - 8.8%), with 39.7% of the 630 pathogen pairs showing
no shared peptide at all and only 11 pairs (1.8%) sharing more than 1% of their peptides (Fig.
2B). For some pathogens with large peptidome sizes, this can amount to large absolute numbers
of peptides (Fig. S1), even though it remains negligible in relative terms. In a subset of bacterial
(N =14) and eukaryotic (N = 2) pathogens, for which evolutionary divergence information was
available (Table S1), peptide sharing was found to be negatively correlated with the
evolutionary distance between pathogens (Kendall’s tau = -0.7, p<0.001) (Fig. 2C),
suggesting a dominant role for sequence homology based on phylogenetic relatedness as a

major determinant of peptide sharing.
Peptide Binding Promiscuity of HLA variants

Having established that each pathogen is likely to challenge the adaptive immune system with
a distinct set of peptides (Fig. 1B), we next sought to investigate whether and how HLA
molecules have adapted to this extreme peptidome diversity. Here we use the term ‘HLA
variant’ to denote distinct variants of the classical HLA molecules that are encoded by a distinct
HLA allele at 2nd field resolution. In other words, each HLA variant corresponds to an HLA
molecule with a distinct amino acid sequence. Prior studies have shown that the peptide binding
promiscuity (i.e. size of the repertoire of bound peptides) varies markedly among HLA variants
(Chappell et al., 2015; Paul et al., 2013), raising the question of how HLA alleles that encode
molecule variants that bind only few peptides are maintained in the population. Kaufman (2018)
suggested that such fastidious HLA variants might provide an advantage through specialization
towards particular pathogens. In the light of the distinct pathogen peptidomes shown above,

this possibility appears plausible.

In order to investigate this hypothesis in more detail, comprehensive data about the peptide
repertoires of a large number of different HLA variants is required. The optimal data for such
an analysis would be derived from in-vitro HLA:peptide binding or peptide elution assays, but
such empirical data is so far only available for a very limited set of non-randomly selected HLA
variants and peptide repertoires. Another possibility for approaching the variation in peptide
binding promiscuity is to utilize computational peptide binding prediction algorithms. These

machine-learning algorithms are developed in the context of vaccine development and cancer
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immunotherapy and have been improved in accuracy over the past decade (Paul et al., 2020;
Schirle et al., 2001). They are now well established and used in a wide range of contexts,
including evolutionary genetic studies of the MHC (Arora et al., 2020; Buhler et al., 2016; Lenz,
2011; Manczinger et al., 2019; Pierini & Lenz, 2018). These algorithms are still imperfect in
accurately predicting the antigenicity of specific peptides, however, they perform relatively
well in predicting overall repertoires of bound peptides for a given HLA allele (Paul et al.,
2020). For the present analysis of allele-specific overall peptide repertoire sizes, we focus on

HLA class | variants, because their binding motifs are more clearly defined and computational
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binding prediction is considered to be more accurate for HLA class | (Reynisson et al., 2020).
We thus rely on one of the most established HLA:peptide binding prediction algorithm in order
to study all classical HLA class-I alleles that are classified as “common” in the CIWD alleles
catalogue (Hurley et al., 2020). Binding affinities between all unique nine-mer peptides and the
selected HLA class-1 variants were computationally predicted. Promiscuity of an HLA variant
was defined as the fraction of peptides bound by the variant (with an affinity below a defined
threshold) out of the complete set of unique peptides (n = 51,861,826 nine-mers). Promiscuity
values were highly correlated between 50 nM (strong binders) and 500 nM (strong and weak
binders) thresholds (Kendall’s tau = 0.82, p < 0.001). Therefore, for the rest of the analysis a
threshold of 500 nM was used. Variants having the exact same binding prediction results and
the same first field number as another allele with a lower second field number (representing
highly related alleles with negligible sequence difference) were removed, resulting in 82 HLA-
A, 180 HLA-B and 59 HLA-C alleles for subsequent analyses. The correspondence between
the computational and experimental promiscuity values was tested for a subset of HLA-A (N =
19) and HLA-B (N = 15) variants, for which experimental data was available from the IEDB
database (Vita et al., 2019). A moderate correlation was observed for both HLA-A (Kendall’s
tau = 0.51, p = 0.002) and HLA-B variants, although the latter was not statistically significant
(Kendall’s tau = 0.37, p = 0.054, Fig. S2), possibly owing to the small number of variants and

the limited and non-random collection of peptides in the IEDB data.

Using the newly obtained information of predicted HLA allele-specific peptide binding, we
first reanalyzed the sharing of peptides among pathogens. Peptides that were predicted to be
bound by the same set of HLA variants (out of all HLA variants) were merged so that each
merged peptide group represents all peptides that are equivalent from the HLA perspective (see
Material and Methods). Peptide sharing based on the merged peptide groups (N = 4,157,475)
showed that still 85.6% of groups were unique to a specific pathogen, with the rest shared by

two or more pathogens (Fig S3).

We then used the HLA:peptide binding data to investigate the variation in peptide repertoire
sizes (i.e. promiscuity) among HLA class | variants. Promiscuity of individual HLA variants
varied greatly within and between loci (Fig. S4). Although both promiscuous (i.e. with large
peptide repertoire) and fastidious (i.e. with small peptide repertoire) variants are observed at all
loci, HLA-B and HLA-C loci appear to have narrower peptide repertoires when compared to
the HLA-A locus (pairwise Wilcoxon rank sum test, HLA-A and HLA-B: p < 0.001, HLA-A
and HLA-C: p = 0.005). The difference in promiscuity between HLA-A and HLA-B loci was
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confirmed by two experimental datasets, the IEDB dataset (Wilcoxon rank sum test, p = 0.026)
and a dataset curated by Abelin et al. (2017) (Wilcoxon rank sum test, p = 0.02). Analysis of
promiscuity in a phylogenetic context showed that large differences in the peptide repertoire
size of HLA alleles can evolve quickly within all loci as closely related alleles can differ
markedly in promiscuity (Fig. S5).

Specialization of HLA variants in Peptide Binding

The observed large differences in promiscuity among HLA class-I alleles confirmed previous
empirical studies on more limited sets of alleles (Chappell et al., 2015; Paul et al., 2013).
However, this observation raises the question of whether the variation in promiscuity is a
random byproduct of sequence evolution of these HLA allele, and also emphasizes the puzzle
how fastidious alleles are maintained in the population. According to the hypothesis by Jim
Kaufman (Chappell et al., 2015; Kaufman, 2018a), promiscuous variants might act as
generalists, providing protection from a large set of common pathogens, while fastidious
variants may be specialized against one or few pathogens. Specialization may confer a selective
advantage to fastidious variants especially in times of outbreaks or persistent high pathogen
pressure by these specific pathogens. In order to investigate potential specialization and test this
hypothesis in a quantitative way, we calculated for each variant the normalized fraction of
bound peptides from each pathogen. Overall, the peptide binding values (standardized for
pathogen proteome size and HLA variant promiscuity — see Material & Methods) for each HLA
class-1 locus were normally distributed (Fig. S6). Yet, within each locus, there are HLA variant-
pathogen pairs with distinct associations, potentially indicating non-random relationships (Fig.
3A, Fig S7). In order to analyze these peptide binding patterns in more detail, a specialization
value was calculated for each HLA class-1 variant that reflects the relative difference between
the variant’s ability to bind peptides of its best-covered pathogen compared to all pathogens. A
high specialization score indicates that the variant binds particularly many peptides from its
best-covered pathogen, compared to the number of peptides it generally binds across all
pathogens. Intriguingly, this specialization value was negatively correlated with the
promiscuity of variants for all HLA class-I loci (Kendall correlation, HLA-A: tau = -0.22, p =
0.003; HLA-B: tau = -0.28 p < 0.001; HLA-C: tau = -0.33 p < 0.001; Fig. 3B). In other words,
fastidious variants tend to have higher specialization values than promiscuous variants.
Stronger correlations were observed using a 50 nM threshold that includes only strong binders
(Kendall correlation, HLA-A: tau = -0.37, p < 0.001; HLA-B: tau = -0.37 p < 0.001; HLA-C:
tau =-0.62 p < 0.001). While we analyzed a comprehensive set of all pathogens here, we expect
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that this relationship would also hold only among strictly intracellular pathogens, given that the
viruses in this dataset generally exhibited the most extreme values of specialization, and that
there are intracellular pathogens also among the other pathogen groups. In order to rule out the
possibility that the observed negative correlation between promiscuity and specialization is
driven by general variation related to both the overall differences in peptide repertoire sizes
among alleles and differences in peptidome sizes of pathogens, a simulated version of the
binding data for all three HLA loci was generated for each variant by using the promiscuity
values of the variants as probabilities of binding a given peptide from a given pathogen (see
Material & Methods). This simulation mimicked the observed data distribution and variation
within and among alleles except for any potential preference towards specific pathogens. The
simulated data was then analyzed in the same way as the real data. No correlation between
promiscuity and specialization was observed in the simulated data (Kendall correlation, HLA-
A: tau = 0.05 p = 0.54; HLA-B: tau = -0.02 p = 0.65; HLA-C: tau = 0.01 p = 0.93; Fig. S8).
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Figure 3. (A) Standardized proportions of bound peptides from distinct pathogens varies greatly for
HLA-B alleles. Each cell represents the proportion of bound peptides by the HLA variant (on
horizontal axis) from the corresponding pathogen (on vertical axis). Proportions are standardized
within each variant to make comparisons across variants possible. Dark red color indicates high
specialization, white no specialization and dark blue indicates lower than average binding of a
pathogen’s peptides. Green shading on vertical axis labels indicates different pathogen groups (light
green; viruses, green; bacteria, dark green; eukaryotes). In this plot, only a subset of HLA-B variants
were included for better visualization. The subset was selected such that a maximum of two variants
with the same first field number and smallest second field number were included (e.g. only B*15:01
and B*15:02 of all the alleles of the B*15 lineage). The patterns are similar across all variants of all
three HLA loci. For the complete HLA-A, HLA-B and HLA-C alleles see Fig S7. (B) Specialization
is negatively correlated with promiscuity for all HLA class | loci. Each dot represents an HLA
variant of the given HLA gene, shown separately for HLA-A (n = 82), HLA-B (n = 180), and HLA-
C (n = 59). Specialization was calculated for each variant as the difference between the maximum
and the median values of standardized proportions of bound peptides. Promiscuity was calculated
for each HLA variant as the fraction of the bound peptides among the complete dataset of 51.9 Mio
peptides. Linear regression line is shown in black and 95% CI around the line in gray.
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Another interesting question regarding the evolution of HLA alleles and specifically the
specialization towards specific peptide repertoires concerns the preferential binding of foreign
(i.e. pathogen derived) and self-peptides. It was previously shown based on predicted peptide-
binding data that some MHC class-1 molecules, specifically HLA-A variants, preferentially
present pathogen-derived peptides over self-peptides(Calis et al., 2010; Rao et al., 2009).
Following that observation, we therefore used our approach to investigate the relationship
between an MHC allele’s promiscuity and binding of foreign over self-peptides. The ratio of
self-binding fraction (fraction of bound self-peptides over all self-peptides) to foreign binding
fraction was used as a proxy for an allele’s preference towards self- or foreign- derived peptides
(Fig. 4). In accordance with the results of Rao et al., (2009) all HLA-A variants were found to
have self to foreign binding fractions lower than or very close to one, indicating a binding
preference towards foreign peptides. Moreover, we observed a significant positive correlation
between the self to foreign binding ratio and promiscuity (Kendall correlation, tau = 0.47, p <
0.001), indicating that fastidious HLA-A variants tend to have a significantly higher specificity
towards foreign peptides than promiscuous HLA-A variants. A similar positive correlation was
also observed for the HLA-C locus (Kendall correlation, tau = 0.22, p = 0.013) and with the
exception of three fastidious HLA-C*01 variants, all HLA-C variants had self to foreign
binding fractions lower than one. In contrast to HLA-A and HLA-C loci, a weak negative
correlation between the self to foreign binding ratio and promiscuity was observed for HLA-B

loci (Kendall correlation, tau = -0.14, p = 0.006). Interestingly, promiscuous HLA-B variants

HLA-A HLA-B HLA-C

Human/Pathogen
bound peptide ratio

000 002 004 006 000 002 004

Promiscuity

Figure 4. Self to non-self binding ratios as a function of allele promiscuity. Each dot represents an
HLA allele of the given HLA gene, shown separately for HLA-A (n = 82), HLA-B (n = 180), and
HLA-C (n = 59). Dashed red line indicates a 1/1 ratio, i.e. an equal tendency to bind either human
or pathogen peptides. Promiscuity was calculated for each HLA variant as the fraction of the bound
peptides among the complete dataset of 51.9 Mio peptides. Linear regression line is shown in black
and 95% CI around the line in gray.
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consistently had self to foreign binding ratio of lower than one while both high and low ratios
were observed in fastidious variants (Fig. 4).

Despite the low proportions of shared peptides among pathogens (Fig. 2B) the absolute
numbers of shared peptides can amount up to several thousand among pathogens with large
peptidome size (Fig. S1). Therefore, we also investigated whether promiscuous and fastidious
alleles differ in binding to peptides shared by three or more pathogens, as a specialization of
fastidious variants towards shared peptides would provide a selective advantage by facilitating
simultaneous recognition of multiple pathogens. For this, the ratio of the fraction of bound
unique peptides to the fraction of bound shared peptides (by three or more pathogens) were
compared between the most promiscuous (top 25%) variants and the least promiscuous (bottom
25%, i.e. the most fastidious) variants within each HLA locus. No significant differences were
observed for HLA-B and HLA-C while fastidious HLA-A variants seem to bind more unique

peptides than promiscuous ones (Wilcoxon rank sum test, p = 0.005; Fig. S9).

Discussion

Our analysis reveals the vast diversity of the human pathogen peptidome and provides insights
into how different peptide binding properties of HLA molecules might have evolved to cope
with this diversity. The analysis of peptidome diversity in a diverse set of pathogenic organisms
showed that the overwhelming majority of the nine-mer peptides were unique to the pathogen
from which they originate. The extreme diversity of peptides among pathogens strongly
supports the assumption that the evolution of high allelic diversity of HLA genes is driven by
the need for diverse antigen presentation. It also suggests that every pathogen has indeed a
different selective effect on the HLA allele pool (Fig. 1B) and thus provides the empirical basis
for pathogen-by-allele interaction scenarios that underlie two of the most commonly assumed
balancing selection mechanisms: negative frequency-dependent selection and fluctuating
selection (Radwan et al., 2020). Our results most likely represent a lower limit of peptide
sharing mainly because we consider the whole length of the nine-mers for the analysis in a set
of diverse pathogens. Many peptides with a few amino acid differences can be considered as
equivalents from the MHC perspective especially if the differences are among amino acids with
similar chemical properties and outside of the anchor residues (Rammensee et al., 1999).

However, even when taking a very conservative perspective of peptide sharing by merging
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peptides based on similarity in the set of HLA variants binding a given peptide, we still find the
vast majority of merged peptides being unique to a given pathogen.

Several studies reported cross-reactive T-cell responses against closely related viruses
(Eickhoff et al., 2019; Weiskopf et al., 2013) or bacteria (Abate et al., 2019) which is in line
with our result of increased peptide sharing with smaller evolutionary divergence among
pathogens. It should also be noted that even among highly unrelated pathogens, sharing of few
but particularly immunogenic peptides could still lead to cross-reactivity in the host immune
response. However, none of the HLA variants in our dataset had a particular binding preference
towards the peptides shared by two or more pathogens. Many of the shared peptides likely
originate from proteins that are highly conserved across organisms, possibly including humans.
Targeting of HLA variants towards shared peptides may be ineffective, if they are also shared
by humans, because T-cells recognizing those specific peptide-HLA complexes would be
eliminated during the thymic selection. Alternatively, if shared peptides are not enriched in any
specific sequence motif compared to unique peptides, it becomes impossible for an HLA variant

to specialize on shared peptides.

The observed highly distinct peptidome composition of pathogens provides a basis for the
hypothesis that some HLA variants might be specialized against particular pathogens. In fact,
the computational quantification of peptide binding by common HLA variants revealed
substantial variation among different pathogens and HLA variants in the proportion of bound
peptides (Fig. 3A, Fig S7). Moreover, applying a specialization metric to each HLA variant,
we found that the variants having higher specialization scores tend to have narrower peptide
binding repertoires. This observation supports the hypothesis that specialization on one or a few

pathogens might provide a selective advantage to fastidious alleles (Kaufman, 2018a).

One important question regarding our analysis is to what extent the specialization of an HLA
variant towards a pathogen coincides with the protection from infection. Our specialization
metric is based on comparing different pathogens with respect to the proportions of their
complete peptides that are predicted to be bound by an HLA variant. Recently, Arora et al.
(2019) showed that the protective effect of HLA-B alleles against HIV-1 viral load is positively
correlated with the number of HIV-1 peptides that a given HLA variant is predicted to bind, an
effect that was also observable at the genotype level where HIV-1-infected individuals whose
HLA-B variants together were predicted to bind more HIV-1 peptides also exhibited a lower

viral load and thus a slower progression towards AIDS (Arora et al., 2020). However, MHC-
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related determinants of disease outcome are more complex than the mere quantity of bound
peptides. It was demonstrated for several pathogens such as HIV-1 (Borghans et al., 2007) and
hepatitis-C virus (Rao et al., 2015) that HLA variants that are associated with effective disease
control target conserved regions of the pathogen proteome (Hertz et al., 2011). Moreover,
proteins that are expressed by a pathogen throughout the infection vary greatly due to sex-
specific (Lasonder et al., 2016) or stage-specific (W. Lin et al., 2016) effects, thus also affecting
the potential repertoires of presented peptides. Finally, peptides need to go through the steps of
the antigen processing pathways, such as proteolytic cleavage or translocation into endoplasmic
reticulum before being presented by HLA molecules (Blum et al., 2013; Yewdell et al., 2003).
This suggests that only a subset of all possible peptides is actually presented by HLA molecules
on the cell surface and some of those presented peptides may be more important than others. It
was shown for a few HLA class | alleles that promiscuity is inversely correlated with the cell
surface expression of the corresponding HLA molecules (Chappell et al., 2015). If such
relationship holds true in general, persistent presentation of a few immunodominant pathogen
peptides on the cell surface by fastidious HLA variants would indeed allow efficient pathogen
control and such variants can truly be called specialists. Therefore, we do not expect to observe
a perfect correlation between quantitative specialization of an HLA variant and pathogen
control by individuals carrying that allele, and the specialization parameter presented in our
analysis should thus be understood as a metric for an increased probability to present

immunodominant peptides from a particular pathogen.

We have observed substantial variation among HLA variants in peptide-binding promiscuity,
exceeding orders of magnitude, both within and between different HLA loci. The observed
variation is not correlated with the allele divergence, indicating that promiscuous or fastidious
HLA class-1 variants may evolve quickly in response to varying pathogen pressure. The same
conclusion was also reached by Manczinger et al. (2019) for HLA class Il HLA-DRBL1 variants,
highlighting the role of promiscuity in pathogen-mediated selection for both HLA class-I and
class-11 loci. The median promiscuity level was significantly higher for variants of the HLA-A
locus compared to HLA-B and HLA-C loci. Multiple studies on distinct properties of HLA
class-1 variants revealed differences among these loci, especially between HLA-A and HLA-B
loci (Di et al., 2021). Prugnolle et al. (2005) reported that the positive correlation between
pathogen richness and allelic diversity is much stronger for the HLA-B locus than the HLA-A
locus. dos Santos Francisco et al. (2015) also noted a similar result that when the alleles were

classified into supertypes, i.e. allele groups with similar binding properties as determined by
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peptide binding pockets, the effect of local adaptation is more evident for HLA-B supertypes.
Based on these observations, it can be hypothesized that HLA-A alleles tend to be more
promiscuous generalists while HLA-B alleles tend to be more fastidious specialists that evolve
quickly in response to varying pathogen pressures. This hypothesis is further supported by the
finding of Hertz et al. (2011) that HLA-B alleles effectively target conserved peptides of RNA
viruses that are known to evolve very fast (Drake & Holland, 1999). Furthermore, the HLA-B
locus harbors the highest number of alleles among all HLA loci, which is in line with the idea
that it most closely evolves with specific pathogens. It should be noted that such hypothesis
does not exclude specialist HLA-A alleles or generalist HLA-B alleles as we also show that

promiscuity can evolve very quickly (by few mutational steps).

Our data reveals an interesting relationship between promiscuity and self to non-self binding
ratios especially for HLA-B. Promiscuous HLA-B variants clearly show a reduced preference
towards human peptides while no such preference was observed for fastidious HLA-B alleles.
These differences might be explained by T-cell selection in the thymus (Takaba & Takayanagi,
2017). Chappell et al. (2015) hypothesized that low cell surface expression of promiscuous
MHC variants might be an adaptation to prevent excessive depletion of T-cells that recognize
a wide variety of self-peptides presented by promiscuous MHC molecules in the thymus.
Following the same reasoning, promiscuous variants presenting fewer human self-peptides
might be preferentially maintained as they lead to less T-cell depletion. Such depletion would
not be problematic in the case of fastidious alleles due to the already small number of self-
peptides presented, and no selection pressure for a decreased self-binding would be observed
for fastidious variants. On the other hand, the correlation between promiscuity and self to non-
self binding ratio for HLA-A was stronger, suggesting that even fastidious HLA-A variants
might be under selection to bind fewer self-peptides. It is possible that different selection
pressures acting on HLA-A and HLA-B loci lead to such differences. Hertz et al. (2011) noted
an increased binding preference of HLA-A alleles towards conserved human peptides compared
to HLA-B alleles. Whether the promiscuity has a role in such specialization towards human

peptides needs to be investigated further.

In summary, we report here the first systematic characterization of the vast diversity among

pathogen peptidomes and provide support for the hypothesis that fastidious MHC variants can

be maintained in populations by virtue of specialization towards one or few pathogens.

However, the relationship between peptide binding promiscuity and specialization, and its role

for MHC evolution is complex, and involves both qualitative and quantitative aspects of peptide
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binding. Our approach based on computational binding prediction can only partly capture this
complexity, and focuses predominantly on the quantitative aspects of this relationship.
Nevertheless, our results yield intriguing insights into pathogen diversity and the evolution of
peptide promiscuity, and provide a basis for further research into the nuances of pathogen-
mediated selection on the antigen-presentation pathways.

Material and Methods
Selecting pathogen species and peptide data

The rationale behind the selection of pathogens used in this study was adopted from Pierini et
al. 2018, following three main criteria: a global distribution of the pathogen, high mortality
and/or morbidity (World Health Organization, 2018), and an impact on the human history
(Wolfe et al., 2007). 36 pathogen species that likely had an important role in shaping the current
diversity of human MHC genes were selected (Pierini & Lenz, 2018), including 10 viruses, 19
bacteria and 7 eukaryotic parasites. Reference proteomes of these pathogens as well as the
reference proteome of Homo sapiens were downloaded from UniProt database (The UniProt

Consortium, 2019). For the specific species and accession numbers see Table S1.
Calculation of peptide sharing and evolutionary distance values among pathogens

Although the peptide-binding groove of different MHC class-1 molecules can accommodate
varying lengths of peptides, the median length of eluted peptides from MHC class | molecules
is 9 amino acids (Abelin et al., 2017; Ritz et al., 2016). The presented analyses are therefore
based on nine-mer peptides. All possible nine-mers were obtained from pathogen proteins with
a sliding window approach using a step size of one amino acid. Peptides containing ambiguous
amino acid calls X, U and B were removed (N = 11,457; 0.022% of total peptides) resulting in
51,861,826 non-redundant nine-mers. Peptide sharing among pathogens was analyzed with two
separate approaches. With the first approach, sharing of peptides among pathogens were
analyzed with respect to the complete sequence of each nine-mer. The second approach focuses
only on the nine-mers bound by at least one HLA class-I variant (N = 19,222,466). Each nine-
mer was assigned a code representing the HLA class-I variants that binds to it. Nine-mers
having the same code were grouped together and considered as the same from the perspective

of HLA molecules as they are bound by the same set of HLA class-I variants. In total 4,157,475
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such groups (codes) were formed. Sharing of peptides among pathogens were analyzed with
respect to these groups.

Pairwise peptide sharing among pathogens was calculated either as the proportion of shared
peptides within the combined peptidome of pathogen pairs or as absolute number of shared
peptides. Peptide sharing with respect to evolutionary divergence was analyzed among 14
bacteria and 2 eukaryotic parasites that were common between the dataset used in this study
and the tree of life (ToL) generated by (Ciccarelli et al., 2006) (Table S1). Evolutionary
divergence between pairs of pathogens was calculated as tip-to-tip distances within the tree of
life by using the ape package in R (Paradis & Schliep, 2019).

HLA variant data

Three classical human MHC class-I genes (HLA-A, -B and -C) were analyzed in this study.
Although thousands of different alleles has been identified for each HLA loci (Robinson et al.,
2020), most of these alleles are observed at very low frequencies or defined with limited
documentation. Low frequency alleles are highly informative in some specific context such as
organ transplantation (Kamoun et al., 2017) but their effect on recent human evolution is likely
to be negligible (Robinson et al., 2017). In order to avoid biases that can be introduced by such
alleles, two main criteria were applied on allele selection. Firstly, only alleles designated as
“common” in the CIWD 3.0.0 catalogue were included in the analyses (Hurley et al., 2020).
CIWD 3.0.0 catalogue classifies HLA alleles into categories based on their frequency. The
“common” category of the CIWD catalogue covers the most frequent alleles in populations
(those that are observed at a frequency of >0.01%). Secondly, in order to capture the functional
diversity of MHC class-1 genes while avoiding redundancy, P group designation of HLA alleles
was considered. Alleles within a P group have identical peptide binding properties as they code

for the same amino acid sequence across the antigen binding domain (Marsh et al., 2010a).
Computational prediction of peptide-binding

The set of potentially bound peptides for each given MHC allele in the study was estimated by
using NetMHCpan(v4.1) (Reynisson et al., 2020). NetMHCpan is an established computational
binding prediction algorithm that is trained on both experimental binding affinity and mass
spectrometry derived eluted ligand data. Based on the training data, it can predict the binding
between any MHC molecule and peptide either as an affinity value or as a percentile rank score

compared to a set of natural peptides. Although previous analysis indicates that percentile rank
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score performs better than the affinity score for identification of bound peptides, the percentile
rank score assumes that all MHC alleles bind same number of peptides (Nielsen & Andreatta,
2016). As the main aim of this study was to analyze differences in the size of the peptide
repertoire of MHC alleles, an affinity threshold of 50 nM and 500nM were used to define bound
peptides. The affinity threshold of 500nM is widely considered as the limit of weak binding
between an MHC allele and peptide, hence covering both strongly and weakly bound peptides
(Paul et al., 2013), while the 50 nM threshold includes only strong binders. In order to avoid
pseudoreplication, alleles having the exact same binding prediction results and the same first
field number were identified and 22 HLA-A, 18 HLA-B and 12 HLA-C alleles were removed
by keeping only the allele having the smallest second field number. Promiscuity of an MHC
allele was defined as the fraction of peptides bound by the allele from the complete set of unique
peptides. In order to test whether the computational promiscuity values are in agreement with
experimental results, data from the Immune Epitope Database (IEDB) were used (Vita et al.,
2019). The IEDB is a collection of experimental data on T-cell and antibody responses against
or MHC binding of epitopes. Complete dataset of MHC ligand assays for HLA-A, -B and -C
alleles were downloaded on 15 June 2020. Assays for which the source organism of the peptide
is either Homo sapiens or unidentified were removed. Furthermore, only assays with alleles
having 2nd field (four-digit) or higher resolution were used. Finally, HLA alleles having assay
result for less than 1000 different peptides were removed, leaving 19 HLA-A and 15 HLA-B
alleles for further analysis. No HLA-C allele met the criteria. Experimental promiscuity values
were calculated as the fraction of positive binding assays among the total number of assays for
ecach HLA allele. Kendall’s rank correlation test was used to analyze the relationship between
experimental and computational promiscuity values of individual alleles. Another dataset of
experimental binding data was also compiled using the number of peptides eluted by mass-
spectrometry for 9 HLA-A and 6 HLA-B from Abelin et al. (2017). However, due to the small
number of alleles, this dataset was not used for correlations of individual alleles and used only

to calculate overall experimental promiscuity for HLA-A and HLA-B locus.
Calculating phylogenetic distance between MHC alleles

Complete protein sequences of HLA class-1 alleles were downloaded on 25 February 2019 from

IPD-IMGT/HLA Database (Robinson et al., 2020) and aligned with ClustalW software

implemented in MEGA-X (Kumar et al., 2018). Positions that correspond to the peptide-

binding region of HLA proteins were removed as these positions are under positive selection

(Hughes & Hughes, 1995) and also most likely involved in direct interaction with the peptide,
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thus defining the peptide binding properties of the HLA variant. A phylogenetic tree was built
separately for each HLA class-1 locus using the Maximum Likelihood method with Jones-
Taylor-Thornton substitution model to calculate amino acid distances and 1000 bootstrap
replicates to quantify support of nodes. Evolutionary distance between alleles was calculated as
tip-to-tip distances in phylogenetic trees using ape package in R (Paradis & Schliep, 2019).

Calculating pathogen specialization of MHC variants

Quantitative differences among HLA variants with regard to binding peptides from distinct
pathogens were analyzed. In order to allow unbiased comparison of variants with different
promiscuity levels, fractions of bound peptides from each pathogen were standardized by
converting them to z-scores within each variant. Without this normalization, variants that are
more promiscuous would automatically have a higher variance of their relative peptide binding
values among the different pathogens, which would bias the specialization analysis. For each
variant, a specialization value was then calculated as the difference between the maximum and
the median z-score. The rationale here is that a variant that is specialized to bind peptides of a
specific pathogen particularly well should show a particularly high difference between the
fraction of bound peptides from this pathogen and the fraction of all other pathogens (reflected
by the median). A potential correlation between the specialization values and the promiscuity
levels of the variants was tested using Kendall’s rank correlation. In order to verify that the
obtained results were not driven by random fluctuations or any methodological bias in the
binding data, simulations were performed. For these simulations, an HLA variant’s overall
promiscuity level (fraction of peptides bound from the total number of peptides) is used as its
probability of binding a peptide from a given pathogen. This probability was then used to
randomly sample peptides from each pathogen peptidome and thus simulate the fraction of
bound peptides from each pathogen under a no-specialization scenario. This Monte Carlo
simulation approach was applied to all HLA loci separately. The difference to the real data was
only that the fraction of peptide bound from each pathogen now reflected the overall
promiscuity of the allele and not the pathogen-specific promiscuity. By using the same scaling
approach, specialization value calculations and correlation test were then also applied to the

simulated data.
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Abstract

Ethnically diverse groups in Sub-Saharan Africa represent some of the greatest genetic variation
in humans, while at the same time being severely underrepresented in human genetic studies.
Genes of the human leukocyte antigen (HLA) are of particular importance because of their
critical role in adaptive immunity, their association with a wide range of diseases, and their
exceptional polymorphism across human populations. Here we investigate HLA genetic
variation relative to genome-wide variation in a unique dataset from 12 ethnically diverse
groups from Sub-Saharan Africa, encompassing both whole-genome sequencing and targeted
HLA sequencing. An excessive level of diversity and ancient polymorphism, including several
novel HLA alleles, indicated long-term balancing selection on HLA genes throughout human
evolution. Among the tested populations, HLA genes did not show higher genetic
differentiation than genome-wide data, indicating that ancient polymorphism and demography
rather than local adaptation are the main drivers of HLA variation across modern human

populations.

49



Introduction

African populations exhibit high levels of genetic variation within and among populations
relative to non-African populations, yet they remain greatly under-represented in genetic studies
(Tishkoff et al., 2009). It remains a matter of intense investigation to better understand to what
extent this variation is attributable to adaptive processes or merely reflects historical migrations
and demography. Current archaeological and genetic evidence indicates that anatomically
modern humans originated in sub-Saharan Africa around 300,000 years ago (Hublin et al.,
2017; Scerri et al., 2018). The majority of modern human evolutionary history was restricted to
sub-Saharan Africa, until approximately 60,000 to 100,000 years ago when the out-of-Africa
expansion occurred (Malaspinas et al., 2016; R. Nielsen et al., 2017; Pagani et al., 2016). This
initial bottleneck along with subsequent migration farther away from Africa left a signature of
decreasing genetic diversity in populations as a result of serial founder effects (Li et al., 2008;
Prugnolle, Manica, & Balloux, 2005). On the other hand, novel selective pressures resulting
from rapid colonization of regions with different environments, climates, and pathogens led to
local adaptations in migrant populations (Fan et al., 2016; Rees et al., 2020). The unique
evolutionary history of each population often results in marked differences in the frequency of
alleles and such differences between populations are important for understanding differences
in disease risk (Benton et al., 2021; Corona et al., 2013; Kim et al., 2018). In fact, pathogens
are considered a major, if not the main, driver of local adaptation, potentially leading to
significant differentiation in immune-related genes among populations (Brinkworth & Barreiro,
2014; Cooke & Hill, 2001; Fumagalli et al., 2011; Nédélec et al., 2016). Among the immune
genes with signatures of natural selection, the HLA (human leukocyte antigen) class | and class
Il genes, located within the MHC (major histocompatibility complex) region on chromosome
6, particularly stand out due to their established diversity and importance for adaptive immunity
(Radwan et al., 2020; Tian et al., 2017; Trowsdale & Knight, 2013). During infection, HLA
molecules can present pathogen-derived peptides at the cell surface for recognition by T-
lymphocytes, triggering an antigen-specific immune response. Given this key role in adaptive
immunity, continuous exposure to diverse pathogens is postulated to be the major selective
pressure maintaining the high diversity of HLA genes (Radwan et al., 2020; Sommer, 2005).
However, the contribution of such pathogen-driven selection for population genetic variation is
a matter of intense research as different mechanisms of pathogen-driven selection, such as long-
term balancing selection or local adaptation, can lead to contrasting outcomes (Brandt et al.,

2018; Spurgin & Richardson, 2010). While reduced population differentiation compared to
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neutral markers is expected for loci under long-term balancing selection, local adaptation driven
by specific associations between MHC variants and pathogens would increase population
differentiation as long as pathogen communities vary among populations (Meyer et al., 2018;
Schierup et al., 2000). Moreover, a population’s demographic history could have substantial
effects on HLA diversity, to the extent that it remains an open question whether the well-
documented differences in HLA allele frequencies among human populations reflect local
adaptation or simply demography (Prugnolle, Manica, Charpentier, et al., 2005; Sanchez-
Mazas et al., 2012). For these reasons, combining HLA genotype data with information from
suitable neutral markers is paramount to assessing the role of selective mechanisms and
demographic events shaping HLA diversity, for instance by comparing SNPs within and outside
the HLA genes (Brandt et al., 2018).

In humans, HLA molecules are encoded by HLA class-1 (HLA-A, HLA-B and HLA-C) and HLA
class-11 genes (HLA-DRA, -DRB1, -DQA1, -DQB1, -DPAL1 and -DPB1). These classical HLA
genes are known for their polymorphism and for harboring an elevated number of intermediate
frequency variants across human populations, indicative of some form of balancing selection
(Robinson et al., 2017). The unique peptide-binding properties of a given HLA molecule, i.e.
the actual HLA phenotype under pathogen-mediated selection, are encoded by SNP variation
along the entire sequence of a given HLA gene, defining a specific ‘HLA allele’. These HLA
alleles thus represent haplotypes of a given HLA gene with a unique combination of SNP
variants, often differing in tens of SNPs from other alleles. Nevertheless, different HLA alleles
may also share some SNP variants despite encoding very different peptide-binding properties
(Mardstica et al., 2022). Therefore, it is important to complement SNP-based approaches with
targeted HLA gene sequencing and allele-based analysis in order to obtain a comprehensive

understanding of HLA evolutionary history.

Despite the importance of Africa in recent human evolution, populations currently living within
the continent are among the least investigated in evolutionary and immunogenomics studies
(Bentley et al., 2017; Hindorff et al., 2018; Peng et al., 2021; Sirugo et al., 2019). The Allele
Frequency Net Database (AFND) is the most comprehensive and widely used repository for
publicly available frequency data for HLA genes and several other immune-related genes
(Gonzalez-Galarza et al., 2020). As of May 2023, among the 1,306 populations available in the
AFND for which HLA allele frequency information is available, only 68 are from sub-Saharan
Africa (5.2%), all with generally smaller sample sizes compared to populations from Europe or
North America. Given that African populations harbor the highest levels of genetic diversity
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and are highly underrepresented in immunogenomics research, it is not surprising that studies
of African populations often report distinct allele pools and sometimes novel HLA alleles (Cao
et al., 2004; Nemat-Gorgani et al., 2019; Pagkrati et al., 2023; Paximadis et al., 2012;
Thorstenson et al., 2018; Tishkoff et al., 2009). The World Health Organization reports that
communicable diseases that have associations with HLA polymorphism (i.e. HIV/AIDS,
malaria and tuberculosis) are major sources of mortality and morbidity in Africa (Garamszegi,
2014; Klgverpris et al., 2016; Oliveira-Cortez et al., 2016; World Health Organization, 2021).
Therefore, a better characterization of HLA diversity in African populations will not only
improve our understanding of the evolutionary forces acting on HLA genes but also facilitate
more inclusive medical applications of genomics. Here we present an in-depth characterization
of genetic diversity and signatures of selection in the MHC region in comparison to genome-
wide levels, based on a novel panel of ethnically diverse human populations from sub-Saharan
Africa that represent some of the most genetically diverse populations in present-day humans.
Here we combine SNP information from high-coverage whole genome sequencing data (also
covering the entire MHC region) with data from targeted sequencing of the classical HLA genes
in these diverse African populations to make inferences about the evolutionary forces

influencing variation at the HLA loci.

Results

Whole Genome Sequencing and HLA dataset description

We analyzed a genomic dataset from 12 populations that represent a wide range of sub-Saharan
African genetic, linguistic, and environmental diversity (Figure 1). These populations speak
languages belonging to the main African language families (Khoesan, Nilo-Saharan, Niger-
Congo, and Afroasiatic) and practice different traditional subsistence patterns (agriculturalist,
hunter-gatherer, or pastoralist; Supplementary Table S1). Our dataset includes two main types
of genetic data: 1) high coverage (~30X) whole genome sequencing (WGS) data from 180
individuals, encompassing 33.6 million single nucleotide polymorphisms (SNPs) (Fan et al.,
2023) and 2) HLA class | and class Il genotype data from targeted sequencing of 489 individuals
(including the 180 individuals with WGS data) (Pagkrati et al., 2023). Therefore, we can not
only study diversity within the entire MHC region and compare it to genome-wide levels but
also the fine-scale diversity within the classical HLA genes of the same populations. To

compare our samples to other African and also non-African groups, we combined our data with
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1,014 individuals from the 1000 Genomes (1KG) project that have both WGS and HL A targeted
sequencing data (Abi-Rached et al., 2018; Auton et al., 2015), taking the intersection of the
variants. This resulted in a merged dataset with 21,201,602 SNPs for all analyses that include
the 1KG data.

Latitude

Population (Language)

IXoo (Khoesan)
Ambhara (Afroasiatic)
Baka&Bagyeli (Niger-Congo)
Chabu (Nilo-Saharan)
Dizi (Afroasiatic)
Fulani (Niger-Congo)
Hadza (Khoesan)
Herero (Niger-Congo)
Jul'hoansi (Khoesan)
Mursi (Nilo—Saharan)
Sandawe (Khoesan)
Tikari (Niger-Congo)

-201

0 20 40
Longitude

Figure 1. Map of sampling locations for the 12 populations from sub-Saharan Africa for which
novel WGS (N=180) and targeted HLA sequencing (N= 489) data was analyzed.

HLA genes exhibit high levels of genetic diversity and signatures of balancing selection

Using the WGS data, we evaluated the genetic diversity and selective forces acting on SNPs
within the MHC region compared to genome-wide patterns. First, we calculated nucleotide
diversity (pi), i.e. the average number of pairwise differences, in 1kb windows across the

genome, grouping all 180 Africans from our high coverage dataset together. Not only do we
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find that the MHC region (here defined as chr6:29,000,000-34,000,000) shows the most
extreme levels of nucleotide diversity compared to the rest of the genome (Figure 2a), but we
also observe that these extreme peaks in nucleotide diversity overlap almost perfectly with the
positions of the classical HLA class-1 and class-11 genes (Figure 3). We also sought to compare
levels of nucleotide diversity at the MHC region to the rest of chromosome 6 for each of the
African populations separately. We find that nucleotide diversity within the MHC region is
higher than across the chromosome 6 background for each African population (Figure 2c).
Noteworthy, some populations that have experienced recent bottlenecks, like the Hadza and
Chabu hunter-gatherers (Fan et al., 2023; Gopalan et al., 2022; Henn et al., 2011), have a
markedly lower nucleotide diversity at the MHC region compared to other populations with no
history of recent bottlenecks (Figure 2c). Further, we compared MHC diversity in our African
WGS data to other African and non-African populations from the 1KG dataset. To do this, we
merged the two datasets and calculated Pi on a per-site basis for each population independently
(22 populations total). We find that nucleotide diversity exhibits a drastic decrease for the
chromosome 6 background in non-African populations compared to Africans, in line with the
bottleneck from the out-of-Africa expansion (Supplementary Figure S1). We also see a
decrease in MHC nucleotide diversity in non-Africans compared to Africans. However, this
reduction is significantly less severe than for the chromosome 6 background (Supplementary
Figure S2), suggesting that balancing selection not only maintained MHC diversity within
Africa but also buffered the out-of-Africa bottleneck and maintained high MHC diversity in
global populations. In addition, we calculated heterozygosity from the SNP data in each African
and non-African population, both for the MHC region and for the remainder of the genome,
and see again much higher values for the MHC region, similar to the nucleotide diversity results

above (Supplementary Figure S3).
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Figure 2. Patterns of diversity at the MHC region in Africans. A) Nucleotide Diversity (pi)
across the genome, calculated from SNP data in 1kb windows with >20 SNPs, grouping all 180
Africans with WGS data together. Windows within the MHC region (chr6:29mb-34mb) are
highlighted in green. B) Tajima’s D calculated in 1kb windows from SNP data of all 180
Africans. Windows within the MHC are highlighted in green. C) Nucleotide Diversity (pi)
calculated per site for each population, averaged over the MHC region (chr6:29mb-34mb) and
the remainder of chromosome 6. Data were LD pruned (583,063 chr6 SNPs vs 23,179 HLA-
region SNPs). 1KG populations were down-sampled to N=15/population. D) Age of Mutations
across chromosome 6. Top part shows manhattan plot of mutation ages (minor allele frequency
>= 50%) across chromosome 6 with the MHC region highlighted in red. The blue line represents
the 99th percentile of mutation age across chromosome 6 (2,983,955 years). Bottom part shows
density of mutations across chromosome 6 with an age that is >= to the 99th percentile of
mutation ages. The MHC region has a high density of old mutations, which is consistent with
balancing selection.
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In order to explore the potential impact of balancing selection on the observed patterns of
diversity in the MHC region, we calculated the Tajima’s D statistic (Tajima, 1989) in 1kb
windows genome-wide, grouping all 180 Africans from the WGS dataset together. Briefly,
Tajima’s D statistic estimates the difference in two measures of diversity: the average number
of pairwise differences (pi) and the number of segregating sites. If a DNA sequence is evolving
neutrally, these measures should be close to equal and Tajima’s D will have a value close to
zero. Large positive values of Tajima’s D indicate an excess of moderate frequency
polymorphisms, which is consistent with either balancing selection or a recent population
contraction. In contrast, large negative values of Tajima’s D indicate an excess of rare variants,
suggestive of recent positive selection or a population expansion. We find that the MHC region
in the African populations shows extreme positive values of Tajima’s D compared to the rest
of the genome (Figure 2b and 3), suggestive of strong balancing selection acting in this
genomic region. When we calculate Tajima’s D in each African population separately, we see
a similar pattern, in that the highest Tajima’s D values overlap with the positions of the class-I

and class-11 HLA genes (Supplementary Figure S4).

As balancing selection maintains genetic polymorphism, potentially over long periods of time,
it is generally associated with older mutations. Therefore, we hypothesized that the MHC region
will be enriched for exceptionally old derived mutations, compared to the rest of the genome.
We thus estimated the age of all derived mutations across chromosome 6 with a minor allele
frequency > 0.05, using the Genealogical Estimation of Variant Age (GEVA) method (Albers
& McVean, 2020). GEVA uses WGS data to construct the genealogical relationship of
haplotypes with the derived allele compared to haplotypes with the ancestral allele and then
employs a composite likelihood framework to estimate the posterior distribution of the derived
mutation age. As many SNPs in the HLA genes have undefined ancestral and derived alleles,
we estimated the age of both alleles and then conservatively selected the youngest allele as the
derived one. The average age of derived mutations outside the MHC across chromosome 6 is
1.07 Mio years (95% CI: 1.06-1.07), while derived mutations in the MHC region have an
average age of 1.27 Mio years (1.26-1.28). This difference is highly significant, due to the
exaggerated tail of many older mutations in the MHC region (MWU-test, P=1.59x10%).
Indeed, the MHC region contains ~42% of all SNPs in the 99th percentile of derived mutation
age, while representing only ~6 % of all SNPs on chromosome 6 (Figure 2d). Within the MHC
region, the variants with an age in the 99th percentile (2,983,955 years or older) cluster into

three regions, which align with the classical HLA class-1 and class-Il genes (Supplementary
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Figure S5). Taking the average mutation age estimate for 1kb windows across the MHC region
yields three main peaks of mutation ages that are centered around the HLA genes, a similar
pattern as seen for the metrics on balancing selection (Figure 3).

DQA1 DPA1
DRB1 . | DQB1 LDPBI

0.044 i
0.034

0.024 | I
0.011 [l i \ ‘ il | :
.00+ . 4 . 2 ) - o . ..L.’.nu";:u“====..-‘ ........ S fesconsszsdobananhannazzzzz

Nucleotide Diversity

>
(2]
]

Nucleotide Diversity (pi)

Tajima's D

Heterozygosity

Mutation Age

30000001 H
I

0.3

—_—
—e—y—
e
==
—
T
e
=
——
oif
e
[
o
[

Mutation Age (yrs)

0.21

Mean Fst

0.14

0.04

29000000 30000000 31000000 32000000 33000000 34000000
Chr6 Position

Figure 3. Summary of different measures of diversity/selection across the HLA region
(chr6:29MB-34MB). Pi and Tajima’s D were calculated in 1kb windows. Heterozygosity,
mutation age, and Fst were calculated per site, and then averaged over non-overlapping 1kb
windows. Plots for all statistics show the value for each 1kb window across the HLA region.
All statistics were calculated from SNP data of the African 180 WGS dataset, and vertical red
lines denote the positions of class | and 11 HLA genes. Horizontal dashed lines indicate the 25th
and 75th percentile of all 1kb windows across chromosome 6 for each statistic. Zero values for
mutation age estimates reflect sites where the ancestral/derived alleles could not be confidently
established.

HLA diversity does not cluster based on geographic and linguistic similarity of populations

Based on the excessive diversity and strong signatures of balancing selection observed for the
MHC region in general and the HLA genes in particular, we then asked whether this genetic
diversity showed population-specific clustering, as would be expected from HLA-mediated

local adaptation to geographically restricted pathogens. For this, we calculated the fixation
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index Fst for each SNP on chromosome 6, a metric to estimate population differentiation based
on relative differences in allele frequencies. First, we did this analysis on a merged dataset
containing all 22 populations (12 from the African WGS dataset and 10 from the 1KG dataset).
We found that, compared to the rest of chromosome 6, the MHC region does not show
exceptionally high Fst values (Figure 4c; Supplementary Table S2), a pattern held even when
zooming to the level of the classical HLA genes (Figure 3). No SNPs in the class-1 or class-II
genes have Fst values that exceed the top 0.1% of Fst values across chromosome 6. In fact,
when averaging Fst values for each class I and class 11 gene, only HLA-DPAL and HLA-DPB1
have significantly higher mean Fsr values than the chromosome 6 background (Supplementary
Figure S6). This lack of elevated Fst at most HLA loci suggests very limited population
differentiation of HLA diversity, contrasting to what would be expected from local adaptation
to divergent pathogen environments. When calculating pairwise Fst between all 22 populations
in the dataset, both genome-wide and at the MHC region, we find that the MHC region exhibits
relatively higher differentiation only in pairwise comparisons involving historically
bottlenecked populations, like the Hadza hunter-gatherers from Tanzania (Gopalan et al., 2022),
or populations with evidence of inbreeding, such as the Fulani pastoralists from Cameroon
(Pemberton & Rosenberg, 2014) (Supplementary Figure S7). In addition, most African
populations show lower Fst in the MHC region compared to the genome-wide average in
pairwise comparisons involving non-African populations. This is in line with previous work,
showing that population pairs from the same continent often have higher relative Fst in the
MHC region than pairs of populations from different continents (Brandt et al., 2018; Meyer et
al., 2018), driven by long-term balancing selection that maintains shared polymorphism and

thus counteracts isolation-by-distance effects.

In order to further explore potential genetic differentiation (or lack thereof) among the different
populations at the MHC compared to genome-wide levels, we then employed principal
component analysis (PCA). In line with previous studies, a PCA based on SNPs from across
the whole genome demonstrates a clear clustering of populations based on geographic and
linguistic similarity (Figure 4a). African and non-African populations differentiate across PC1,
with some African populations clustering closer to the non-African ones due to recent
admixture (Fan et al., 2023; McQuillan et al., 2022). The Khoisan populations (!Xoo and
Ju’|Hoansi) separate from all other African populations along PC2. We observe the West
African Niger-Congo speaking groups from the 1KG project clustering near the Tikari from

Cameroon, who also speak a Niger-Congo language. Many of the East African populations
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(Hadza, Sandawe, Mursi, Dizi, and Chabu) also cluster within PC space. In contrast, PCA with
SNPs from only the classical HLA class-1 and HLA class-I1l1 genes (HLA-SNPs) does not
demonstrate clustering by geography or language groups (Figure 4b). Indeed, HLA-SNPs do
not show any clear signature of the out-of-Africa expansion or recent admixture among samples
either. Instead, we observe multiple clusters of individuals that originate from different
populations and across continents, possibly reflecting distinct genotype combinations of
common HLA alleles that are shared across populations (see below for results from the HLA-
targeted sequencing data that support this hypothesis).
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Figure 4. Genome-wide population structure vs structure at the HLA genes. A) PCA using genome-
wide SNPs and B) PCA using SNPs only from the HLA Class | and Class Il genes. In PC space
calculated from genome-wide SNPs, individuals cluster based on population, geographic, and linguistic
similarity. In contrast, individuals do not cluster based on linguistic or geographic similarity when only
SNPs from the HLA Class | and Class Il genes are used to calculate PCs. Circles represent the 12 sub-
Saharan African populations from this study. Squares and triangles represent African and non-African
populations from the 1KG dataset, respectively. C) Weir and Cockerham (1984) Fsr calculated for each
SNP on chromosome 6. Analysis contains 22 populations total (12 from the African 180WGS dataset,
10 from the 1KG dataset). 1KG populations were down-sampled to N=15/population and data were LD-
pruned. Red dashed line indicates the 99.9th percentile Fst on chr6. SNPs contained within the class |
and class Il genes are highlighted in red.
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Instead of indicating low population differentiation, the lack of geographic and linguistic
clustering of individuals based on the HLA-SNP data could also be explained by the small
number of SNPs (N=902) or the small genomic region (52,584 bp) represented by this dataset.
We therefore tested whether random intergenic regions of similar size could identify geographic
and linguistic clustering better than the PCA based on HLA-SNPs by using discriminant
analysis of principal components (DAPC) that groups individuals based on the individuals’
PCA coordinates and the centroid PCA coordinates of prior defined groups (Jombart et al.,
2010). We used DAPC to assess the clustering of individuals into groups at the population (e.g.
Ambhara vs. Chabu), linguistic (e.g. Afroasiatic vs. Nilo-Saharan), and continental region (e.g.
African vs. European) level. Among 100 random genomic regions containing the same number
of SNPs as the HLA-SNPs (N=902), DAPC correctly assigned an average of 26% of individuals
to their population label (Supplementary Figure S8), an average of 74% to their linguistic
labels (Supplementary Figure S9), and an average of 82% to their continental region labels
(Supplementary Figure S10). These values decreased to 21%, 63%, and 71%, respectively,
when we used the same physical region size (52,584 bp) as the HLA genes (irrespective of SNP
number in that region). In contrast, DAPC based on the HLA-SNPs assigned correctly only
16% for population labels, 44% for linguistic labels, and 50% for continental region labels,
which was significantly lower than from the random regions with the same SNP number in all
three cases and close to significant for random regions of the same size (Supplementary
Figures S8-S10). Therefore, random intergenic regions of the same size or SNP number can
differentiate geographic and linguistic structure in our dataset more effectively than the SNP
data at the HLA genes. These analyses suggest that the relatively smaller number of SNPs in
the HLA-SNP data is not sufficient to explain the lack of geographic and linguistic clustering
in PC space. Instead, the lack of clustering is consistent with long term balancing selection

maintaining common HLA allelic diversity in populations across the globe.

Analysis of targeted HLA genotype data

The actual ‘HLA phenotype’ targeted by the pathogen-mediated selection, i.e. the ability of an
HLA molecule to present relevant antigens of a given pathogen, is defined by the specific
combination of SNPs along the corresponding HLA gene, which is referred to as a classical
‘HLA allele’. However, reliable identification of an individual’s HLA alleles, i.e. its HLA
genotype, is challenging from SNP data alone and is thus usually achieved by targeted HLA
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sequencing. In order to reconcile the findings from the SNP-based analyses above with classical
HLA allele information, we generated targeted HLA genotype data by locus-specific long-range
amplicon sequencing (from hereon called ‘HLA-target data’) for 489 individuals from the 12

focal African populations.

In order to capture the full extent of genetic variation at the HLA genes, we first analyzed the
HLA-target data at up to 4 field level of resolution, which includes variation in both exons and
introns of a given HLA gene. A full report of the detected HLA alleles is provided in Pagkrati
et al. (Pagkrati et al., 2023). Briefly, among the 489 individuals, a total of 694 HLA alleles were
detected across the classical HLA class | loci HLA-A (70 alleles), HLA-B (76), HLA-C (68)
and class Il loci HLA-DRB1 (73), HLA-DQA1 (99), HLA-DQB1 (69), HLA-DPA1 (92), and
HLA-DPB1 (147). Among these, 130 represented novel alleles that had not been previously
reported in the IPD-IMGT/HLA database, with 11 of these representing non-synonymous
exonic variants encoding for novel HLA proteins (Pagkrati et al., 2023). We then explored
which alleles were unique to the different populations, first looking at populations grouped by
language and then each individual population based on self-identified ethnic group. We
identified a number of population-specific alleles above 10% frequency when examining
populations pooled based on language group, up to the second field of resolution, including
HLA-B*15:18 (10.1% frequency) and HLA-C*07:607 (11.6% frequency) in the Nilo-Saharan-
speaking populations, HLA-DPB1*04:02 (11.6% frequency) in the Niger Congo-speaking
populations, and HLA-DPA1*02:09 (12.6% frequency) and HLA-DPB1*763:01 (10.2%
frequency) in the Khoesan-speaking populations. Population specific alleles that were unique
to different language groups up to 4" field resolution with frequency greater than 10% include
HLA-A*02:05:01:21 (10.9%), HLA-B*15:18:01:01 (10.1%) and HLA-C*07:607 (11.6%) in
the Nilo-Saharan-speaking populations, HLA-DPA1*01:03:01:05 (11.6%) in the Niger Congo-
speaking populations, and HLA-DRB1*04:01:01:01 (19.3% frequency) in the Khoesan-
speaking populations. When focusing on individual ethnic groups, the Chabu exnibited two unique
alleles above 15% frequency at the second and the fourth field, HLA-C*07:607 at a frequency
of 20.5% and HLA-B*15:18:01:01 at a frequency of 18.0%. We also identified several novel
alleles that were common in the Hadza including HLA-DPB1* 55:01:02:NEW (9.6%) and
HLA-DRB1*13:16:01:NEW (8.3%) (Pagkrati et al., 2023).

We then applied PCA to the HLA-target data by converting the classical HLA allele sequences

into SNP data. In agreement with the PCA shown above, based on the HLA-SNP data from

whole-genome sequencing, the PCA on the HLA-target data did not show any population-
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specific clustering (Figure 4D). Instead, this data revealed that the individuals across
populations clustered according to distinct HLA-DQ haplotypes that correspond to specific DQ
serotypes (Supplemental Figure 11), suggesting again that the genetic polymorphism at the
HLA genes reflects long-term balancing selection that maintains this polymorphism across
populations, rather than being the result of local adaptation.

In order to focus on functional HLA variation, the HLA-target data was then analyzed at 2"
field resolution. This level of resolution distinguishes HLA protein variants with potentially
different antigen repertoires. Supplementary Table 3 summarizes several parameters for the
HLA-target data per locus, such as the number of samples, number of 2" field alleles, observed
heterozygosity and allelic richness per population. Despite some variation among individual
populations, heterozygosity and allelic richness (a measure of allele pool diversity) were overall
similar among continents and did not exhibit a significant decline out of Africa, except for HLA-
A, which showed decreased allelic richness in European and East Asian populations (Figure 5
A/B, Supplementary Figure S12).

We calculated pairwise Fst values to analyze genetic differentiation among populations based
on HLA class-1 and HLA class-II alleles, finding only weak structuring among the groups
(Supplementary Figure S13). Principal coordinate analysis of pairwise Fst values showed
East Asian and African populations occupying two extreme ends of the spectrum and European
populations positioned in between (Supplementary Figure S14). In order to analyze these
patterns of differentiation among continents, we identified HLA alleles with large frequency
differences (‘LFD alleles’) between African and non-African populations (i.e. alleles that are
at least three times more common in Africa compared to other continents) (Single et al., 2020).
These African LFD alleles made up a significant proportion of the allele pools of most African
populations for HLA-A (ranging from 36% to 79%) and HLA-B (ranging from 43% to 83%)
genes, relatively less so for HLA-C (ranging from 24% to 64%) and HLA-DRB1 (ranging from
18% to 59%), and hardly for HLA-DQB1 (ranging from 0% to 22%) (Supplementary Figure
S15). However, despite the substantial variation in allele frequencies, especially in HLA-A and
HLA-B genes, grouping of alleles with similar functional properties into HLA supertypes
(Sidney et al., 2008) revealed that all populations harbor almost every HLA supertype (Figure
5¢, Supplementary Figure S16).
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Figure 5. Analyses of targeted classical HLA sequencing data from the 12 novel African populations
and 10 1KG populations. Allelic richness for HLA-B (A) and HLA-DRBL1 (B) loci is similar across
populations. Decreased allelic richness in the Chabu population is likely the result of a recent bottleneck.
C) Distribution of HLA-B supertypes across populations. D) Heatmap showing the distribution of the
normalized deviate of homozygosity (Fng) values. Negative values (blue) imply balancing selection while
positive values (orange) imply directional selection. (*) indicates nominally significant values. No p-
value remains significant after Bonferroni correction for multiple testing. E) Haplotype network of
HLA-DRBI alleles. Ju[’hoansi and !Xoo individuals were combined into the Khoesan group. All
European and East Asian 1KG individuals were combined into the EUR and EAS groups, respectively.
Most individuals have alleles that are common in our dataset and are present in most populations. HLA-
DRB1*04:01 is of particular interest due to its high frequency in the Khoisan speaking populations
(Khoisan, Hadza, Sandawe; see also Supplementary Figure S21).
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We examined how classical HLA alleles from the HLA-targeted sequencing dataset cluster
based on their exonic sequence by constructing haplotype networks for each HLA gene. The
majority of 2" field alleles of HLA-A, HLA-B, HLA-C, HLA-DRB1, and HLA-DQB1 that were
found in more than one individual were present in multiple populations in our dataset (Figure
5E & Supplementary Figures S17-S20). There is minimal evidence of HLA alleles being
specific to ethnic, geographic, or linguistic groups, which is consistent with prior observations
of balancing selection maintaining shared allelic diversity. However, there are a few notable
exceptions of HLA alleles with strong differences in allele frequencies among African
populations, as already highlighted above at up to 4™ field level of resolution: HLA-
DRB1*04:01 is at high frequency in all of the Khoisan speaking populations (14% in the
Sandawe, 26% in the Hadza, and 27% in the Khoisan) while being at <= ~1% frequency in all
other groups, except for Europeans where this allele has a frequency of 7% (Supplementary
Figure S21A). In our dataset, HLA-B*41:02 (Supplementary Figure S21B) is only present in
sub-Saharan African populations and is at especially high frequency in the Hadza (27%). There
are two HLA alleles (HLA-B*27:05 and HLA-C*02:02) that are at high frequency (16% and
20%) in the Fulani population (Supplementary Figure S21C-D). These few examples are
consistent with local adaptation or ancient shared ancestry, however, the broad pattern of HLA
alleles in these haplotype networks is consistent with balancing selection. Following these
observations, which corroborated the results from the HLA-SNP data, we also investigated
signatures of selection in the HLA-targeted sequencing data. Using the Ewens-Watterson test
(Slatkin, 1994; Watterson, 1977), we found that the majority of the HLA loci tend to exhibit
negative Fng values, indicative of balancing selection, although the results did not remain

statistically significant after multiple testing correction (Figure 5d).

In order to compare the HLA allelic diversity among the populations at the functional level, we
computed two relevant metrics, namely the HLA evolutionary allele divergence and the peptide
binding promiscuity. HLA allele divergence is defined as the sequence divergence between the
HLA alleles of an individual’s genotype and reflects the evolution of MHC diversity via a
mechanism called divergent allele advantage (Pierini & Lenz, 2018; Wakeland et al., 1990).
Allele divergence was quantified as Grantham scores for the pairs of alleles of a given HLA
locus for each individual across the dataset (Grantham, 1974; Pierini & Lenz, 2018). The
distribution of the Grantham scores across populations was highly variable, which could be
indicative of differential selective pressures and evolutionary histories. However, we did not

observe any clear differences between continents or a consistent pattern within a population
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across different loci (Supplementary Figure S22). We further analyzed HLA allele divergence
by using simulations to obtain the expected distribution of divergence for each population under
a no-selection scenario (Supplementary Figure S23). Here, we found that, when analyzing the
data across all five HLA loci together (HLA-A, -B, -C, -DRB1 and -DQBL1), non-African
populations were more likely to exhibit larger than expected allele divergence (chi-square test,
p=0.006). The other functional metric analyzed here is peptide binding promiscuity,
representing another source of functional variation among HLA alleles and suggested to evolve
under pathogen-mediated selection (Kaufman, 2018a; Ozer & Lenz, 2021). Promiscuity is here
defined as the size of the bound peptide repertoire of an HLA allele. We quantified promiscuity
for each HLA allele as the predicted number of bound peptides among 1,000,000 random
natural pathogen peptides by using established computational algorithms. The predicted
repertoire of bound peptides for each allele was then used to calculate individual-level
promiscuity values as the combined size of bound peptide repertoires that are conferred by an
individual’s HLA genotype. Similar to the results of evolutionary allele divergence,
promiscuity values showed substantial variation across populations without any consistent
pattern among loci or continents (Supplementary Figure S24). Finally, we hypothesized that
decreased HLA diversity (i.e. allelic richness) within a population might be compensated by
increased allele divergence or promiscuity so that individuals can still respond to a large variety
of peptides. However, no significant correlation was observed between allele divergence and

allelic richness or promiscuity and allelic richness (Supplementary Figure S25).

Discussion

Among polymorphic regions in the human genome, the MHC region, and particularly the
classical HLA genes, are a major focus of medical and evolutionary research due to their
important role in immune function (Dawkins & Lloyd, 2019). Despite the interest in studying
human MHC diversity, African populations remain underrepresented in the immunogenomics
field (Bentley et al., 2017; Hindorff et al., 2018; Peng et al., 2021; Sirugo et al., 2019). In this
study, we analyzed the MHC diversity of 12 ethnically-diverse populations from sub-Saharan
Africa, together with 10 populations from the 1KG dataset (Abi-Rached et al., 2018; Auton et
al., 2015; Fan et al., 2023). Our population genetics approach complemented with the analysis
of the functional diversity of classical HLA genes provides insights into the evolutionary

processes that maintain high allelic diversity across human populations.

66



High nucleotide diversity is a widely accepted hallmark of the classical HLA genes (Robinson
et al., 2017). Using whole-genome sequence data from 12 sub-Saharan African populations, we
showed that this excessive diversity extends across the 4Mb of the MHC region, peaks at the
classical HLA genes, and is unparalleled throughout the genome. Differences in nucleotide
diversity and expected heterozygosity between the MHC region and the rest of chromosome 6
remain high within each population. In the non-African populations, we observed a relatively
lower genetic variation, both in neutral regions and the MHC region, which is in line with the
out-of-Africa expansion in modern humans found previously (Malaspinas et al., 2016; R.
Nielsen et al., 2017; Pagani et al., 2016). However, the decrease in genetic variation due to this
bottleneck is not as dramatic for the MHC region as for neutral variation, suggesting that
variation at the MHC is selectively maintained, even in the face of strong demographic events.
Such a high level of genetic diversity across a diverse set of populations could result from the
maintenance of shared polymorphism through balancing selection or from divergent selection
due to local adaptation. Indeed, HLA genes are prime candidates for local adaptation to
geographically restricted pathogens due to their functional importance for antigen-specific
immunity (Meyer et al., 2018; Radwan et al., 2020). However, our analyses revealed elevated
Tajima’s D values across the MHC region that peak at the classical HLA genes, which is an
established signature of balancing selection (Buhler & Sanchez-Mazas, 2011; Tajima, 1989).
Similar patterns of Tajima’s D were also observed in non-African populations from Denmark
(Jensen et al., 2017) and Sweden (Nordin et al., 2020), which indicates that balancing selection
also maintains MHC polymorphisms outside of Africa. In line with the argument that Tajima’s
D is particularly suitable for detecting balancing selection of the distant past (Buhler &
Sanchez-Mazas, 2011), mutation ages calculated across chromosome 6 showed that the MHC
region is significantly enriched with old mutations. This excess of old mutations adds further
support that long term balancing selection is maintaining very ancient polymorphisms within
the MHC region.

Principal component analysis (PCA) on genome-wide SNP data clearly resembles the
demographic history of the studied populations (Auton et al., 2015; Fan et al., 2023; Tishkoff
et al., 2009). While the African and non-African populations were separated across PC1, the
Khoisan populations were separated from other groups across PC2, in agreement with their
deep divergence from all other modern human populations (Fan et al., 2019, 2023). In contrast,
PCA based only on SNPs within the classical HLA genes showed no clustering of individuals

with regard to populations or even continents, and this lack of clustering could not be explained
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solely by the smaller set of SNP markers. This indicates that population structure reflecting the
demographic history of populations is less prominent across HLA genes, a signature in
agreement with the maintenance of shared MHC polymorphism throughout times of population
divergence. This lack of population structure at the MHC was corroborated by similar Fsr
values when comparing the HLA genes with the entire chromosome 6, with the exception of
the HLA-DP genes. While this could indicate a unique pattern of divergent selection for HLA-
DP, it has already been suggested previously that HLA-DPA1 and HLA-DPB1 genes might
evolve under different selective constraints than the other HLA class Il genes (Hollenbach et
al., 2001; Meyer et al., 2018). Interestingly, when focusing on a within-Africa comparison using
only the whole genome sequencing data from the 180 individuals, two additional loci (HLA-B
and HLA-DQA1) stand out statistically, indicating that relatively higher population
differentiation at the HLA compared to chromosome-wide levels is more pronounced when
comparing groups within a continent than when comparing groups across continents. A similar
observation has also been made previously in the 1KG data (Brandt et al., 2018) and likely
results from the fact that most of the genome-wide variation evolves neutrally and follows a
simple pattern of isolation-by-distance. Such neutral differentiation is therefore lower within
continents, leaving a higher probability for weak patterns of local adaptation at the HLA to
exceed genome-wide levels of differentiation. Corroborating this interpretation, none of the
HLA genes exhibited average Fst values exceeding the 70" percentile of the chromosome-wide
Fst values, indicating that while statistically significant, any effect of differentiation at the HLA

due to local adaptation is small.

Overall, the patterns observed in the whole genome SNP data highlight the impact of both
demography and balancing selection, the latter maintaining ancient polymorphism, as the main
mechanisms of evolution for the HLA genes. This is in agreement with our results from the
HLA-targeted sequencing data of the same populations. PCA plots based on classical HLA
alleles (full-length sequence variants rather than SNPs) show loose clustering of individuals
based on continents, but otherwise largely lack population-specific clustering, and the PCoA
plots of pairwise Fst values merely reflect the demographic history of populations at the
continental scale. However, in contrast to the substantial variation in genome-wide genetic
diversity among populations, we observed comparable levels of HLA allelic richness across
populations even at the inter-continental scale. Apparently, balancing selection at the HLA has
been stable and strong enough to counteract demographic events, such as the out-of-Africa

bottleneck. Indeed, the Ewens-Watterson test suggests signatures of balancing selection in the
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mayjority of the populations and loci, and the haplotype networks confirm the extensive sharing
of HLA alleles among populations despite differences in allele frequencies. Similarly, the
majority of the HLA-A and HLA-B supertypes (i.e. groups of functionally similar alleles) were
present in almost every population suggesting that the functional breadth of HLA allele pools
is conserved across populations. Notable exceptions here were the near-absence of B62 and an
increased frequency of B58 in our data from African populations. Both of these supertypes were
shown to have a higher between population variation (dos Santos Francisco et al., 2015)
indicating that they may be targeted particularly by local selective pressures.

Although allelic richness levels were comparable across continents and also populations, there
were a few populations that exhibited deviations in allelic richness. Specifically, the Chabu, a
population with a known recent history of a strong population bottleneck (Gopalan et al., 2022),
exhibited a lower allelic richness in several loci, indicating that the number of alleles in a
population still remains sensitive to recent demographic events, despite the observed strong
effect of balancing selection. One possibility of how decreased allelic richness at the population
level could be compensated is by selection for more divergent alleles or alleles with higher
peptide binding promiscuity so that individuals can still respond to a wide range of pathogens.
However, despite substantial variation among populations in both allele divergence and
promiscuity, neither was correlated with allelic richness (Sup Fig 25), suggesting that the recent
demographic history of populations is not the main driver for variation in allele divergence and

promiscuity.

The observation of PC clustering (Supp Fig 26) further supports the idea that the primary factor
influencing genetic diversity among HLA alleles is not solely due to population or demographic
differences, but rather linked to the physical structure (serotypes) of the HLA genes, specifically
the DQA1 and DQB1 genes. Notably, when considering only the SNPs (single nucleotide
polymorphisms) of all HLA genes, the observed PC clustering is not driven by ancestry, but
rather by the DQ serological character, which indicates functional relevance. In essence, the
functional significance of the DQ serological character outweighs the influence of local
adaptation, underscoring the importance of maintaining diverse HLA alleles to combat various

pathogens in populations worldwide.

As expected from high-resolution genotyping of diverse and previously under-represented
ethnic groups, we found several novel HLA alleles in the studied populations from Sub-Saharan

Africa (Pagkrati et al., 2023). While most of the novel variation was found in intronic or UTR
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regions, eight alleles harbor variation in the functionally important peptide binding domains:
Ix HLA-A, 1x HLA-B, 4x HLA-DPA1, 1x HLA-DPB1 and 1x HLA-DQBL. Interestingly, the
novel allele HLA-A*43:03 is observed only in southern African Khoesan-speaking populations
("Xoo and Ju|'hoansi), highlighting the evolutionary history of these populations within Africa.
In addition to novel alleles, there are also a few previously identified HLA alleles with stark
frequency differences between African populations. One such allele is HLA-DRB1*04:01,
which is at high frequency in all Khoesan speaking populations from southern and eastern
Africa (Ju|’hoansi, !Xoo, Sandawe, and Hadza). This observation is particularly interesting
since the Sandawe and Hadza do not cluster close to the other Khoesan groups in the genome-
wide PCA. Therefore, this could represent an ancient shared ancestry between all Khoesan
speaking populations that is not observed across the rest of the genome(Fan et al., 2023).
Another interesting observation is the allele HLA-B*27:05, which is here found to be restricted
mainly to one African population (Mbororo Fulani) but was found at a significant frequency in
a group of ancient Europeans from the late neolithic period, apparently experiencing a
continuous decline in frequency throughout European colonization from early hunter-gatherers
to modern day Europeans (Immel et al., 2021). This may shed light on the origin of other alleles
uniquely shared between the Fulani and Europeans including the -13910 mutation associated
with lactose tolerance (Ranciaro et al., 2014). While novel alleles were expected to be identified
in diverse Africans, it is also worth noting that 97.6% of the observed HLA alleles -at the 2"
field resolution- were already known in the international IMGT database. This corroborates our
overall findings that most of the allelic variation at the HLA genes is shared among a wide
range of populations, likely maintained by long-term balancing selection, so that even isolated

ethnic groups do not harbor large amounts of private HLA alleles.

In summary, our report represents the most comprehensive characterization of HLA diversity
in ethnically diverse Africans to date and provides unique insights into the mechanisms of HLA
evolution in humans. We show that functional HLA diversity is not only high within Africa but
also maintained at comparable levels in European and East Asian populations. We reveal
signatures of very ancient balancing selection and show that the MHC region is still today
enriched with old mutations, suggesting that mechanisms of balancing selection have been
continuously active throughout human history. Furthermore, we find no evidence for HLA
differentiation among populations exceeding that of neutral variation, which could have
indicated local adaptation to specific pathogens. Selection by local pathogens thus appears to

play a minor role in MHC evolution in humans, compared to demography and balancing
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selection on ancient variation, such as heterozygote or divergent allele advantage (Pierini &
Lenz, 2018).

Material & Methods

Populations and datasets used in analyses

We analyzed a SNP dataset of 180 sub-Saharan African individuals derived from high coverage
whole genome sequencing (‘the SNP data’) and a dataset of 489 sub-Saharan African
individuals with high-quality targeted sequencing of Class I and Class Il HLA genes (‘the HLA-
target data’). These datasets include a wide diversity of populations across sub-Saharan Africa,
representing the major African language families: 1) Khoesan: Ju|'hoansi, !X00, Sandawe, and
Hadza; 2) Nilo-Saharan: Chabu and Mursi; 3) Niger Congo: Fulani, Herero, Baka&Bagyeli,
and Tikari; and 4) Afroasiatic: Amhara and Dizi (Fan et al., 2023).

Whole Genome Sequence Data Preparation (SNP data)

The high coverage whole genome sequences were previously aligned to the human reference
genome hgl19 to call biallelic SNP data(Fan et al., 2023). All following genomic coordinates
refer to the hgl9 human reference sequence. For most of the analyses (unless indicated
otherwise), we combined our SNP data from the 180 individuals with SNP data from the Phase
3 1KG project by first identifying the intersect of SNPs in both datasets. We prepared the
biallelic SNPs from the 180 WGS dataset for phasing by excluding any variant that was missing
in >= 10% of the sample with Plink V1.9 (Purcell et al., 2007) (PLINK v1.9: https://www.cog-
genomics.org/plink/). We then phased the remaining SNPs using Eagle v2.4.1 and the Eagle
distributed HG19 genetic map (Loh, Danecek, et al., 2016; Loh, Palamara, et al., 2016).

Principal Components Analysis

To prepare our data for PCA, we used plink v1.9 (Purcell et al., 2007) to filter the merged
dataset by removing all singletons with “--mac 2” and LD pruning with a 50 snp sliding

window, a 5 snp step size and an r? value of 0.5 (--indep-pairwise 50 5 0.5). We then created
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two sets of variants for PCA: 1) All variants across the genome and 2) all variants in the Class
| HLA genes (HLA-A, HLA-B, HLA-C) and Class Il HLA genes (HLA-DRB1, HLA-DQAL1,
HLA-DQB1, HLA-DPB1). Principal components were then calculated on each set of variants
using smartpca from Eigenstrat (Patterson et al., 2006; Price et al., 2006) with O iterations of

outlier removal.

Evaluation of PCA and small region size

The Class I and Class Il HLA genes combined account for only 52,584 bp, and includes only
902 SNPs. Therefore, we evaluated if the lack of geographic and linguistic clustering observed
in PCA is due to the small region size. We randomly selected 100 intergenic regions with
exactly 902 SNPs and 100 intergenic regions of 52,584 bp. Discriminant analysis of principal
components (DAPC) was then performed on each random region as well as the set of SNPs
used in the Class I and Class Il PCA (Jombart et al., 2010). DAPC was calculated using R
V3.6.1 (R Core Team, 2019) and the adegenet library(Jombart, 2008; Jombart & Ahmed, 2011)
with the following parameters: three principal components (n.pca=3), 10 discriminate analysis
axes (n.da=10), variables scaled by their standard deviation (scale=TRUE), var.contrib=TRUE,
var.loadings=FALSE, pca.info=TRUE.

Mutation Ages

We used GEVA (Albers & McVean, 2020) to calculate the age of all mutations across
chromosome 6 in the 180 genomes dataset with a dataset wide minor allele frequency > 5%.
One complication with applying GEVA to the MHC region is that GEVA requires the correct
polarization of ancestral vs. derived alleles. However, ~23% of the MHC region does not have
an ancestral allele determined in the human ancestral reconstructed reference sequence
(human_ancestor GRCh37_e59) downloaded from:
http://ftp.1000genomes.ebi.ac.uk/voll/ftp/phasel/analysis_results/supporting/ancestral_align

ments/ (Auton et al., 2015). Therefore, we devised a strategy to determine the derived mutation
age in regions where ancestral and derived alleles cannot be determined. We first polarized the
genome by known ancestral alleles making the reference allele in the vcf file equal to the

ancestral allele from the human ancestral reconstructed reference sequence. For SNPs without
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a known ancestral allele, we assumed that the reference allele is ancestral. We then used GEVA
to calculate the age of all mutations assuming a constant mutation rate of 1 x 108, an effective
population size of 20,000, and the hmm initial and emission probabilities distributed in the
GEVA download from github. Once GEVA was completed we then applied the GEVA R script
“estimate.R” with an effective population size of 20,000, and calculated QC scores as described
by GEVA (Albers & McVean, 2020). We kept all mutation age estimates that used the joint

clock with a QC score > 0.5.

We then flipped the reference and alternate alleles, for variants that passed the QC score cutoff
and applied the same pipeline to recalculate variant ages. We then compared the age estimates
with both runs of GEVA and took the minimum age in cases where both estimates passed the
QC score cutoff and assumed that the younger age estimate is the most likely of the two that
reflects the derived allele. We compared these age estimates to the age estimates of known
ancestral alleles and the overall patterns of age estimates are relatively similar. Therefore, we
are confident that by comparing the minimum age estimate of variants allows for the most
accurate depiction of mutation ages in scenarios where we are unable to determine an ancestral

vs. derived allele.

Measuring Genetic Diversity, Balancing Selection, and Differentiation

We used VCFtools (Danecek et al., 2011) to calculate nucleotide diversity (pi) in 1kb windows
and per-site in the African 180 WGS dataset. We also calculated Pi on a per-site basis using the
merged 180 WGS / 1KG data. For the per-site analysis, we removed singletons and LD pruned
the dataset prior to calculating Pi using Plink (Purcell et al., 2007) (--indep-pairwise 50 5 0.5),
and averaged Pi values across the entirety of chromosome 6 (583,063 SNPs) or the MHC region
(23,179 SNPs). Populations from the 1KG dataset were down-sampled to n=15 per population,
to match with the sample size of the African 180 WGS dataset. We calculated expected
heterozygosity (2pq) for each site genome-wide in the merged 180 WGS / 1KG dataset, where
we LD pruned the dataset and downsampled 1KG populations. We calculated Tajima’s D in
1kb windows using VCFtools. For Fst analyses, we ran one analysis that contained all 22
populations from the African 180 WGS / 1KG merge. For this analysis, we calculated Fst using

the Weir & Cockerham (Weir & Cockerham, 1984) formula implemented in the python package
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scikit-allel (Miles et al., 2021). For pairwise Fst calculations, we used the Weir & Cockerham
estimator in VCFtools.

Targeted HLA sequencing data (HLA-target data)

HLA genotyping was performed at 4-field level following the method described (Pagkrati et
al., 2023). Briefly, genomic DNA was isolated from white blood cells with Puregene DNA
extraction kits (Qiagen, Germany). All 11 HLA class I and class Il genes (HLA-A, -B, -C, -
DRB1, -DRB3, -DRB4, -DRB5, -DQA1, -DQB1, -DPAL and -DPB1) for the aforementioned
489 individuals were sequenced on an Illumina MiSeq platform (San Diego, CA) on multiple
sequencing runs using targeted amplicon-based NGS with Omixon Holotype HLA™ V2 Kkits
(Budapest, Hungary)(Margolis et al., 2021). Fastq files were analyzed with Omixon Twin
(version 3.1.3) and GenDx NGSengine (Utrecht, Netherlands, version 2.13) using IPD-
IMGT/HLA database version 3.38.

In order to generate SNP data for the PCA analysis on the HLA-target data, nucleotide
sequences for all 4™ field alleles were obtained from the international ImMunoGeneTics
(IMGT) HLA database version 3.25.0 (Robinson et al., 2020). We used plink v1.969 to filter
the dataset by LD pruning with a 50 snp sliding window, a 5 snp step size and an r2 value of
0.5 (--indep-pairwise 50 5 0.5). If a locus for a particular sample did not have two fully
characterized alleles at 4 fields, the sample was excluded from this analysis. This may happen
if one allele is ambiguous in homopolymer or low complexity regions. Of the 489 individuals
included in the study, 7 had incomplete typing for at least one locus and therefore these samples

were removed.

DQAL1-DQB1 haplotypes were generated using BIGDAWG (Pappas et al., 2016) then DQ

serotypes were inferred based on the first field of the predicted haplotypes.

In order to be able to put the results from our HLA-target data analysis into a worldwide context,
we have also used targeted genotyping data from 10 1KG Project populations with four from
Africa (GWD - Gambian in Western Division, MSL - Mende in Sierra Leone, ESN - Esan in
Nigeria, YRI - Yoruba in Ibadan, Nigeria), three from Europe (TSI - Toscani in Italia, FIN -
Finnish in Finland, GBR - British from England and Scotland) and three from East Asia (CHB
- Han Chinese in Beijing, China, CHS - Han Chinese South, China, JPT - Japanese in Tokyo,
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Japan) (Abi-Rached et al., 2018). As the 1KG Project samples were typed for three HLA class-
| (HLA-A, HLA-B, HLA-C) and two HLA class-11 loci (HLA-DRB1 and HLA-DQB1), all the

analysis were performed by using these loci unless otherwise stated.

Observed heterozygosity and allelic richness based on the rarefaction method (El Mousadik &
Petit, 1996; Hurlbert, 1971) were calculated using hierfstat package in R environment(Goudet,
2005; R Core Team, 2019). Supertypes classification of HLA alleles was done according to
Sidney et al. (Sidney et al., 2008).

Ewens-Watterson test of homozygosity was employed to test for deviations from neutrality
(Watterson, 1977). This test compares the observed homozygosity (Fons) and the expected
homozygosity (Fexp) under neutrality for each population. Normalized deviate of homozygosity
(Fna) values were calculated by following Salamon et al. (Salamon et al., 1999) in order to
account for different sample sizes and allele numbers across populations and the associated p-
values were calculated by following Slatkin (Slatkin, 1994) as implemented in the PyPop
software (Lancaster et al., 2007).

Principal component analysis (PCA) was performed on an allele count matrix in which rows
correspond to individuals and columns to distinct HLA alleles. Values on that matrix range
from 0 to 2 with 2 indicating an individual homozygous for the corresponding allele, 1
indicating the allele is found in heterozygous state and 0 showing that the allele is not observed
for that individual. Individuals with missing genotypes were removed from the input data and

the principal components were calculated using the prcomp function in R.

Genetic differentiation between populations was quantified by calculating Fst values according
to Weir and Cockerham (Weir & Cockerham, 1984) and principal coordinates analysis was
performed on pairwise Fst values by using hierfstat package (Goudet, 2005). In order to further
analyze variation in allele frequencies between African and non-African populations, alleles
with large frequency differences (LFD) were identified following a method similar to Single et
al. (Single et al., 2020). Populations from Africa were merged into a group and all the other
populations were merged into a non-African group. Allele frequencies were calculated within
two groups and alleles were classified into four categories. African LFD alleles are at least three
times more frequent in Africa while non-African LFD alleles are the ones that are at least three
times more common outside Africa. Rare alleles are those observed less than two times in both

groups. The remaining alleles (i.e. the ones with less than a 3-fold frequency difference) were
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categorized as shared alleles. Due to the small number of populations, especially outside of
Africa, and relatively small sample sizes, endemic alleles (i.e. alleles that are observed only in

Africa or only outside Africa) were also considered as alleles with large frequency differences.

The evolutionary divergence between pairs of alleles of an individual’s HLA genotype was
calculated using the Grantham distance score (Grantham, 1974) across exon 2 and 3 for HLA
class I loci and exon 2 for HLA class |1 loci following Pierini & Lenz (Pierini & Lenz, 2018).
In order to obtain an expected distribution of Grantham scores within populations, we
performed simulations. Within each population, individuals were assigned alleles randomly,
Grantham distance scores were calculated and the median Grantham distance score was
recorded. This procedure was repeated 1,000 times to obtain a distribution of the median

Grantham distance score for each population.

HLA peptide binding promiscuity was calculated for each allele as the number of peptides that
are predicted to be bound among 1,000,000 random natural pathogen peptides. Two established
binding prediction algorithms, namely NetMHCpan(v4.1) for HLA class-1 and
NetMHCllIpan(v4.0) for HLA class-11 were used to define bound peptides with the affinity
threshold of 500nM (Ozer & Lenz, 2021; Reynisson et al., 2020). Individual-level promiscuity
values were calculated as the combined number of peptides that are bound by the pair of alleles
an individual has by accounting for the overlap in alleles’ peptide repertoire. Kendall’s rank
correlation test was used to analyze the relationship between the median promiscuity value and

allelic richness as well as the median Grantham distance and allelic richness across populations.

Haplotype networks

To examine the population structure of HLA-A, HLA-B, HLA-C, HLA-DQB1, and HLA-DRB1
alleles, we constructed haplotype networks from the targeted sequencing data combined with
the FIN, GBR, TSI, CHB, CHS, and JPT populations from the 1KG project. The FIN, GBR,
and TSI haplotypes were grouped into one European super-population, and the CHB, CHS, and
JPT were grouped into one East Asian super-population. The Ju|'hoansi and !Xoo were also
grouped into one Khoisan population. We limited each haplotype network to only the second
and third exon of HLA class-I genes and the second exon of HLA class-11 genes and grouped
haplotypes based on a two-level allele designation. There were a few alleles with identical

sequences based on the 2" field-level designation, therefore for these alleles we combined them
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based on the established “G-group” nomenclature (Marsh et al., 2010b). We excluded all
singleton HLA alleles and constructed the haplotype networks using POPART’s (Leigh &
Bryant, 2015) (http://popart.otago.ac.nz/index.shtml) implementation of the TCS algorithm
(Clement et al., 2002).
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Abstract

Understanding the extensive polymorphism observed in HLA immune genes within and among
human populations is of great interest in human genetics, because of the central function of
HLA molecules in adaptive immunity. High HLA diversity is assumed to evolve in response to
pathogen pressures, yet empirical evidence of the expected temporal changes in HLA allele
pools remains rare. Here, we analyze a unique HLA dataset generated from 129 ancient
individuals from central Europe dating back to the early and late periods of the Neolithic (5000-
2800 BCE). Comparison of this dataset to modern populations reveals that although ancient
Europeans were more similar to modern Europeans in comparison to African and East Asian
populations, there were substantial changes in frequencies of several alleles within Europe since
the Neolithic. Specifically, alleles forming the haplotypes A*03:01-B*07:02-C*07:02 and
A*01:01-B*08:01-C*07:01 were missing in Neolithic times, although they are the most
common alleles in some northern and central European populations today. Based on the
observation that these haplotypes exhibit a north-south cline within Europe today, we argue that
they were introduced into Europe by the steppe pastoralists at the end of the Neolithic.
Furthermore, comparing early and late Neolithic populations, we identify alleles B*40:01 and
C*03:04 that were possibly part of the local hunter-gatherer allele pool and introgressed into
early farmers. We investigated the effect of this allelic differentiation on antigen-binding for
distinct pathogens by using peptide-binding prediction tools. Based on this computational
analysis, the functional diversity of HLA allele pools in both Neolithic and modern populations
appears to be similar. Overall, our results suggest a considerable role of demography and

population admixture in shaping the modern distribution of HLA alleles within Europe.
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Introduction

The recent evolutionary history and population structure of humans are shaped by migration,
admixture and adaptation to local or changing environmental conditions (Nielsen et al., 2017
Rees et al., 2020; Rosenberg et al., 2002). Among the many events that influenced the course
of human evolution, the Neolithic revolution, which is marked by the domestication of animals
and plants was a significant turning point (Zeder, 2011). The transition from hunting and
gathering to farming and herding is accompanied by major changes in diet, a sedentary lifestyle,
increased population density within farming communities and continuous close contact with
various domesticated animals (Armelagos & Harper, 2005; Bocquet-Appel, 2011; Quagliariello
et al., 2022; Richards et al., 2003; Skoglund et al., 2014). These conditions have essentially laid
the groundwork for increased zoonotic events and the rapid spread of pathogens (Larsen, 2018).
Named as the “first epidemiological transition”, drastic changes in the pathogen landscape
following the Neolithic have attracted many researchers trying to understand adaptations of
humans facing the challenges associated with this new lifestyle as well as the emergence of
novel and deadly pathogens (Harper & Armelagos, 2010; Spyrou et al., 2019). Indeed,
pathogens are considered to be a major driver of evolution and, in line with this, many immune
genes were shown to exhibit signals of recent positive selection (Enard et al., 2016; Fumagalli
et al., 2011; Gouy & Excoffier, 2020; Karlsson et al., 2014). Interestingly, such genes are
commonly associated with an increased risk of inflammatory and autoimmune diseases due to

their pleiotropic effects (Raj et al., 2013).

A significant number of disease associations have been mapped to the major histocompatibility
complex (MHC) region in humans (Trowsdale & Knight, 2013). This region contains many
immune-related genes including the highly polymorphic classical MHC genes (also known as
human leukocyte antigen or HLA in humans). HLA class-1 (i.e. HLA-A, HLA-B, HLA-C) and
class-11 (i.e. HLA-DR, HLA-DP, HLA-DQ) molecules bind and present peptides from the
intracellular and the extracellular environment, respectively, on the cell surface. Non-self
peptides, such as those derived from pathogens infecting the cell are recognized by T-cells and
an immune response is initiated. HLA molecules bind different peptides based on their amino
acid sequence. Differential associations of HLA alleles with infectious diseases support the
hypothesis that HLA diversity evolves in response to pathogen diversity (Sanchez-Mazas,
2020). Therefore, the extreme polymorphism of HLA genes is often highlighted as a marked
example of the result of pathogen-mediated balancing selection (Radwan et al., 2020).
Balancing selection leads to a decreased differentiation in HLA genes between populations by
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maintaining distinct allelic lineages in isolated populations (Brandt et al., 2018). However, there
remain significant and well characterized differences in HLA allele frequencies between
populations (Prugnolle, Manica, Charpentier, et al., 2005; Sanchez-Mazas, 2007; Sanchez-
Mazas et al., 2012). Directional selection on specific alleles that is driven by local pathogens
is a commonly invoked mechanism to explain HLA differentiation between populations (Hoh
et al., 2020; Meyer et al., 2018). However, whether such differentiation is driven by neutral
processes such as founder effects or by natural selection is a topic of ongoing discussion
(Mardstica et al., 2022). Much less is known about the temporal dynamics of HLA allele
frequencies within human populations. Theoretical studies suggest that under the negative
frequency-dependent selection, which is one of the mechanisms of host-pathogen coevolution,
pathogens rapidly adapt to evade recognition by the most common alleles in the host, essentially
rendering them ineffective. As a result, rare alleles become advantageous and are expected to
rise in frequency, which leads to cyclic frequency oscillations of alleles within a host population
(Ebert & Fields, 2020; Rabajante et al., 2016). However, empirical evidence for such dynamic

frequency changes in MHC genes over time is scarce (Lenz, 2018).

Until recently, the evolutionary history of HLA alleles was investigated mainly by theoretical
modeling and simulation studies (Borghans et al., 2004; Penman & Gupta, 2018) and by
comparative analysis of contemporary populations (Brandt et al., 2018; Buhler & Sanchez-
Mazas, 2011). While the current empirical research focuses on the spatial distribution of HLA
alleles, advances in the ancient DNA field provide a promising opportunity to compare
differences between populations at the temporal level. Genetic analysis of human remains has
been instrumental in identifying the migration and admixture patterns of ancient humans and
signals of selection following the Neolithic revolution (Koptekin et al., 2023; Mathieson et al.,
2015; Stoneking et al., 2023). Furthermore, HLA and other immune-related genes were
implicated in adaptive introgression from Neanderthals and Denisovans, suggesting that
humans may have benefited from locally adapted alleles of ancient hominins occupying Eurasia
much earlier than humans (Abi-Rached et al., 2011; Racimo et al., 2015; Rotival & Quintana-
Murci, 2020). Although HLA genes are known targets of selection, their extreme polymorphism
complicates their genotyping from the low coverage ancient DNA data. Furthermore, large
sample sizes are required for accurate estimation of HLA allele frequencies due to the high
number of alleles (B-Rao, 2001) and most ancient DNA studies have been limited to a few
individuals from a site and time interval. Therefore, a special effort is required to obtain reliable

HLA data from ancient specimens. In this study, we report HLA class-1 genotypes of 129
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individuals from seven excavation sites located within modern central and southern Germany
dating back to the early and late Neolithic. The relatively large sample size of this ancient
dataset allows comparisons between modern and ancient populations. Our results reveal the
mayjor role of balancing selection on maintaining functional HLA diversity as well as significant

differences in allele frequencies, which are potentially shaped by the admixture and selection.

Results

HLA class-1 genotypes of individuals within this study were determined with a method
developed specifically to genotype highly polymorphic regions from low coverage sequencing
data (Pierini et al., 2020). In total, 43 HLA-A, 48 HLA-B and 45 HLA-C alleles were identified
at two-field resolution in ancient samples. Based on the dating, individuals from excavation
sites of Fellbach — Oeffingen (n=16), Niederpoering (n=6) and Trebur (n=24) were grouped to
form the Early Neolithic Farmers (ENF) metapopulation (n=46) and individuals from Altendorf
(n=13), Niedertiefenbach (n=50), Rimbeck (n=3) and Warburg (n=17) were grouped to form
the Late Neolithic Farmers (LNF) metapopulation (n=83). We further included HLA data from
10 population samples from the 1000 Genomes project encompassing Eurasia and sub-Saharan
Africa (Abi-Rached et al., 2018) and another sample from a modern Germany population
located in Kiel (Supplementary Table 1). HLA diversity was analyzed based on three metrics,
namely the observed heterozygosity, the Shannon Index and allelic richness. Heterozygosity
declines from Early Neolithic to Late Neolithic, a pattern that is particularly marked for the
HLA-A locus (Supplementary Figure 1). Compared to modern populations, both ENF and
LNF harbor slightly lower heterozygosity with the exception that the HLA-A heterozygosity of
ENF is comparable to FIN and CHS populations. Allelic richness values of ENF and LNF are
comparable to modern populations suggesting that the number of alleles maintained within
populations was similar (Figure 1). An interesting exception is the HLA-C locus of LNF that
harbors around 40% more alleles than the population with the second highest allelic richness
(LWK) (Supplementary Figure 2). While this can be the result of combining several
populations to form the LNF metapopulation, such an effect should also be observable for other
loci and possibly for ENF. Shannon index and allelic richness values are correlated for each
locus (Kendall correlation; HLA-A, tau=0.74, p<0.001; HLA-B, tau=0.69, p<0.001; HLA-C,
tau=0.51, p=0.015). However, both ENF and LNF deviate from the modern populations towards

a decreased Shannon index value in comparison to allelic richness. This is especially evident
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for HLA-B where these two populations exhibit the lowest Shannon index (Figure 1). Shannon
index is calculated based on both the total number and the evenness of types in a sample (i.e.
HLA alleles within a population) (Stirling & Wilsey, 2001). Therefore, a lower Shannon Index
might indicate that the allele pool of the population is dominated by one or a few alleles. Indeed,
the most common allele of both ENF and LNF exceeds 20% frequency for HLA-B. Something
similar is only observed for CHS in modern populations and, similar to the Neolithic samples,

CHS exhibits a slightly decreased Shannon index.

HLA-B diversity Figure 1. HLA-B

diversity. Tau (1)

5 refers to the Kendall
© 3.3 CH .

T | c=069,p<000 o s Group rank correlation

= O B - AFR coefficient. ~ The
c 3.0 JPT GBR EAS . T

o . EUR linear regression line

CHS . .
S 07 « ENF is shown in blue and
s | * LNF the 95% CI around
2.4 ENF e the line in gray.

20 24 28
Allelic Richness

Principal components analysis of ancient and modern samples revealed that both ENF and LNF
cluster close to yet distinct from modern European and to some extent modern East Asian
populations (Figure 2). This pattern is also reflected in the pairwise population differentiation
values, as the Fst between modern and ancient Europeans was on average lower than those
between ancient Europeans and remaining modern populations (Figure 2, Supplementary
Figure 3). Several alleles in each locus remained at relatively similar frequencies within Europe
from ancient to modern times. Interestingly, some of the stable alleles such as B*44:02 and
C*05:01 are either missing or observed at very low frequencies in the East Asian and African
populations. However, some Fst values between Neolithic and modern Europeans are higher
than those between Neolithic Europeans and modern East Asian populations, highlighting the
dynamic and high HLA variation over time. Several alleles exhibit high frequency differences,
resulting in the observed differentiation between modern and ancient European populations
(Figure 3). These alleles include A*24:02, A*31:01, B*27:05, B*39:01, B*51:01, C*02:02 and
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C*15:02, which are highly common in both ENF and LNF while observed at lower frequencies
in modern European populations. On the other hand, alleles A*01:01, A*03:01, B*07:02,
B*08:01, B*35:01, C*04:01, C*06:02, C*07:01 and C*07:02 exhibit the opposite trend with
low frequencies in ENF and LNF and high frequencies in modern Europe. In fact, with the
exception of A*02:01, the most common alleles in the modern Kiel population are observed at
very low frequencies in ENF and LNF for each locus (Supplementary Figure 5,

Supplementary Figure 6).
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Figure 2. Population differentiation measured based on HLA alleles. Upper panel: Principal
Components Analysis. Principal components were calculated using the HLA class-1 genotypes
of 1169 modern and 126 ancient individuals. Lower panel: Principal coordinates analysis of

pairwise Fst values.
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Allele divergence is calculated for each individual as the Grantham score between the protein
sequences of HLA alleles of the individual’s genotype. We restricted our analysis to only ENF,
LNF and modern Kiel populations as the regions they occupy are the closest to each other within
Europe. Homozygous individuals can skew the distribution of allele divergence values, as they
essentially have zero divergence between alleles. Therefore, we also removed homozygous
individuals from the analysis because of the differences in heterozygosity values between the
three populations. Each HLA locus exhibits different patterns of divergence values across
populations and significant differences among populations were observed for HLA-A with ENF
having higher median divergence compared to the Modern Kiel population (Dunn test, p<0.01)
and for HLA-C with ENF having lower median divergence compared to Modern Kiel
population (Dunn test, p<0.01) (Supplementary Figure 7a). No significant differences were
observed between populations for the HLA-B locus. In order to analyze whether allele
divergence might have an effect on the changes in allele frequencies between modern and
Neolithic populations, we focused on the HLA-B locus as previous research points to HLA-B
exhibiting the highest signal of divergent allele advantage (Pierini & Lenz, 2018). We compared
the two most common alleles in the modern Kiel population that rose in frequency after the
Neolithic, namely B*07:02 and B*08:01, with the five most common alleles in Neolithic
populations, B*15:01, B*27:05, B*39:01, B*44:02 and B*51:01. We found that B*44:02 was
the most divergent allele among the five common Neolithic alleles and B*39:01 was the least
divergent one compared to B*07:02 and B*08:01 (Supplementary Figure 7b). Interestingly,
B*39:01 exhibits a sharp decrease in frequency in modern populations while B*44:02 is
maintained at similar levels, suggesting an influence of allele divergence on allele frequency

changes.

In order to analyze whether differences in HLA allele frequencies between Neolithic and
modern European populations lead to functionally distinct allele pools, we used the
computational peptide-binding prediction algorithm netMHCpan (Reynisson et al., 2020).
These algorithms allow relatively accurate prediction of bound peptides by HLA alleles, even
in the absence of experimental data, which is only available for a limited set of common alleles.
We focused our analysis on the Measles virus (MeV) for several reasons. Firstly, recent analysis
dates the emergence of the MeV around the first millennium BCE, long after the end of the
Neolithic period (DUx et al., 2020). Therefore, if measles had any impact on human genomic

variation, this should be observed in modern populations but not in Neolithic populations.
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Figure 3. HLA allele frequencies of modern and ancient European populations. Only the

most common five alleles in each population were plotted for clarity.

Secondly, once established in a population, measles is a childhood disease with high mortality
in the absence of treatment (Rota et al., 2016). Variants associated with susceptibility or
resistance to measles would be under high selective pressure because measles victims would
die before reaching reproductive age. Finally, HLA class-1 restricted CD8" T-cell responses
were shown to be important for recovery from MeV infection and viral clearance (Lin et al.,
2014; van Els & Nanan, 2002), suggesting that HLA alleles might be the target of selection by
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measles. Overall, we hypothesized that the HLA allele pool of modern populations would be
adapted to MeV while no such adaptation would be observed in Neolithic populations. As a
control group, we also analyzed five viruses for which there exists plausible evidence of
association with humans predating the Neolithic period. These viruses were Human
cytomegalovirus (Murthy et al., 2019), Human polyomavirus 2 (Forni et al., 2020), Human
adenovirus C (Nielsen et al., 2021), Varicella-zoster virus (Weinert et al., 2015) and Human
papillomavirus 16 (Pimenoff et al., 2017), and we assumed that both the Neolithic and modern
populations would be adapted to them. Finally, we have included seven bacterial pathogens into
our analysis namely Yersinia pestis, Vibrio cholera, Treponema pallidum, Salmonella enterica,
Mycobacterium leprae, Mycobacterium tuberculosis and Helicobacter pylori. While the date
of emergence of most of these bacteria as human pathogens is still unresolved, they were
identified in ancient remains and it was suggested that they can only be sustained in large and
dense populations that arose after the Neolithic period (Spyrou et al., 2019; Wolfe et al., 2007).
We used netMHCpan4.1 to predict peptides of pathogens bound by each individual in Early
Neolithic Farmers, Late Neolithic Farmers and the Modern Kiel population. There were no
significant differences in the number of bound peptides between populations with the exception
of higher number of HLA-B bound peptides from Human polyomavirus 2 by the modern Kiel
population (HLA-A: Supplementary Figure 8; HLA-B: Supplementary Figure 9; HLA-C:
Supplementary Figure 10). Next, we focused our analysis on the dominant surface proteins
of the six viruses in our dataset. Although surface proteins are typically targets of antibody
responses that are mediated by HLA class-11 molecules (Bouche et al., 2002; de Swart et al.,
2009), it is shown that MeV hemagglutinin molecule is also a main target of HLA class-I
restricted immune responses (Ota et al., 2007; 1. M. Schellens et al., 2015). Interestingly, a
significant difference between populations in the number of HLA-B bound peptides was
observed only for the MeV (Kruskal-Wallis test, pagj<0.01, Supplementary Figure 11). Indeed,
pairwise comparisons of populations using Dunn’s test indicated that a higher number of MeV
hemagglutinin peptides were bound by individuals of the Modern Kiel population than both
Early Neolithic Farmers (p<0.01) and Late Neolithic Farmers (p<0.01). We further investigated
this difference by generating 1000 random protein sequences having the same length with the
MeV hemagglutinin and the same amino acid composition with viral surface peptides in our
dataset. We analyzed these artificial proteins similarly to the real surface proteins and calculated
the difference between the median number of bound peptides by Modern Kiel, ENF and LNF
populations, essentially generating a randomized distribution of differences between

populations against which the observed difference obtained from MEV H protein can be
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compared. While the observed differences between Modern Kiel and ENF and Modern Kiel
and LNF lie on the higher end of the distribution, both were below the 97.5" percentile
(Supplementary Figure 12).

Material and Methods

aDNA was extracted from 265 individuals and HLA genotyping was performed following a
previously developed method (Pierini et al., 2020). In total 129 samples were successfully
genotyped without missing data at the two-field resolution for HLA-A, HLA-B and HLA-C
loci. All the analyses were performed on HLA genotypes with two-field resolution. Based on
the dating, individuals from excavation sites of Altendorf (n=13), Niedertiefenbach (n=50),
Rimbeck (n=3) and Warburg (n=17) were merged to form the Late Neolithic Farmers (LNF)
metapopulation (n=83) and individuals from Fellbach — Oeffingen (n=16), Niederpoering (n=6)
and Trebur (n=24) were merged to form the Early Neolithic Farmers (ENF) metapopulation
(n=46).

The HLA dataset representing the modern populations was obtained from the 1000 Genomes
Project. Five European, three East Asian and two African populations were included in the
analysis for comparisons with ancient populations (Supplementary Table 1). We have also
included an unpublished HLA typing data set of German individuals from Kiel (the Kiel cohort)
as a representative of HLA profiles for the modern German population. Although 3219
individuals were genotyped within the Kiel cohort, we randomly selected 100 individuals in

order to keep sample sizes of populations similar within our dataset.

HLA diversity within populations were analyzed with three metrics namely heterozygosity, the
Shannon Diversity index and allelic richness. Observed heterozygosity is calculated as the
proportion of heterozygous individuals within a population. Shannon index is calculated as: H'=
—XP4 -In(P1); where P4 denotes the allele frequency of the ith allele. diversity function from
the vegan R package was used to compute Shannon index values of populations. Allelic
richness based on the rarefaction method and observed heterozygosity were calculated using
the hierfstat package in R (Goudet, 2005).

Principal components analysis were performed on an allele count table where rows correspond

to individuals and the columns correspond to alleles with each cell containing a value of 0, 1 or

89



2 indicating how many time the allele is observed in an individual. Principal components were
calculated using the prcomp function from the stats package in R version 4.1.0. However, due
to the scaling of the count table during the calculation of principal components, individuals
carrying multiple extremely rare alleles may distort principal components. Therefore we
removed individuals whose genotype consists of alleles that are observed only once in the entire
dataset (i.e. two different alleles only observed in one individual). Based on this criterion, two

individuals from LNF and one from ENF were removed from the PCA.

Pairwise population divergence values were estimated as Weir-Cockerham Fst using the
adegenet and hierfstat packages in R. Allele frequencies were obtained by direct counting. 95%
confidence intervals for the estimation of allele frequencies were calculated following Mack et
al. (2012). Allele divergence was calculated as the Grantham distance between the sequences
of the 2" and the 3" exons of two HLA alleles.

We analyzed differences in predicted peptide binding among three populations, ENF, LNF and
modern Kiel cohort by using netMHCpan4.1 (Reynisson et al., 2020). Binding predictions were
produced by using 0.5% RankEL threshold (i.e. strong binders) for each allele and 13 human
pathogens (7 bacteria and 6 viruses). The total number of peptides bound by an individual is
calculated as the combination of peptide pools of two alleles that the individual carries.
Differences between populations were analyzed with the Kruskal-Wallis test with Bonferroni
multiple testing adjustment for the number of different pathogens and three HLA loci. We
repeated the same approach for only the surface peptides of six viruses. Surface peptides were

identified using information from the literature (Supplementary Table 2)

Discussion

In this study, we analyzed HLA class-l genotypes of 129 ancient individuals from central
Europe dating between 5000 BCE to 3300 BCE together with a population representing modern
Germany and 10 modern populations of 1000 Genomes Project from Europe, East Asia and
Africa. Based on the dating of the archaeological sites, ancient populations were grouped into
Early Neolithic farmers (ENF) and Late Neolithic farmers (LNF). For each locus,
heterozygosity was slightly decreased in Neolithic populations compared to modern Europeans.
Decreased heterozygosity might indicate a genetic bottleneck, which would fit well with the

history of stepwise migration of European Neolithic farmers from Anatolia (Marchi et al.,

90



2022). However, the results of Marchi et al. (2022) that were based on genomewide SNP
markers do not indicate any significant bottleneck effect in early European farmers as they seem
to harbor high neutral heterozygosity, shorter runs of homozygosity and maintain high effective
population size. Furthermore, a population bottleneck is expected to decrease the number of
alleles in a population much more than it does heterozygosity (Allendorf, 1986; Nei et al., 1975)
but the allelic richness in Neolithic farmers is comparable to modern populations. Therefore, it
is unlikely that the decreased heterozygosity is caused by a bottleneck. A decrease in
heterozygosity might also be the result of a recent directional selection on a few alleles
increasing their frequency. Interestingly, we observed a decreased Shannon Index value
compared to allelic richness for Neolithic populations. This is possibly driven by the uneven
distribution of alleles within these populations, skewed towards a few high-frequency alleles.
Whether these alleles were subject to recent selection exerted by the novel farming practices or
increased in frequency due to neutral events would require further sampling efforts to
illuminate. It should also be noted that during the genotyping, some alleles might be missed due
to the high degradation of ancient DNA, which might result in homozygous allele calls in
originally heterozygous individuals. This may also contribute to the decrease in heterozygosity

in Neolithic populations.

Both PCA and Fst analysis showed that ancient Europeans are more closely related to modern
Europeans compared to modern African and East Asian populations. This result is not
unexpected given that the time difference between the ancient and modern Europeans is around
5000 to 7000 years while the divergence between modern Europeans, Africans and East Asians
in our dataset is estimated to be much earlier than that (Nielsen et al., 2017; Seguin-Orlando et
al., 2014). While this observation highlights the role of the demographic history of populations
in shaping the worldwide HLA genetic diversity following out-of-Africa migrations (Buhler &
Sanchez-Mazas, 2011; Prugnolle, Manica, Charpentier, et al., 2005), there was considerable
population differentiation between ancient and modern Europeans as well. Two non-mutually
exclusive mechanisms that can account for such differentiation are population admixture and
natural selection favoring specific HLA alleles. Admixture is known to play a significant role
in shaping the genetic structure of European populations (Chintalapati et al., 2022; Gunther &
Jakobsson, 2016). In fact, population genomics studies have established that modern Europeans
carry three main ancestry components namely the Western Hunter-Gatherers, occupying the
continent before the arrival of the farmers, the European Neolithic farmers who were

descendants of the first farmers from Anatolia and the steppe (or Yamnaya) ancestry that arrived
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into Europe around the end of the Neolithic (Allentoft et al., 2015; Haak et al., 2015; Kiling et
al., 2016; Lazaridis, 2018; Lazaridis et al., 2014; Lipson et al., 2017; Marchi et al., 2022).
Therefore, differentiation between the modern and Neolithic Europeans might be the result of
steppe ancestry that is not observed in Neolithic farmers. Although the lack of HLA genotyping
from individuals of Yamnaya culture precludes direct testing of this hypothesis, an indirect
approach can be taken by comparing the modern European populations. Steppe ancestry was
shown to exhibit a north to south cline within Europe and southern European populations carry
lower proportions of steppe ancestry and higher proportions of Neolithic ancestry (Haak et al.,
2015). Accordingly, HLA alleles introduced by the steppe migrants would be expected to
follow this cline. Within that context, two sets of alleles that are either missing or observed at
very low frequencies in Neolithic Europe would be of interest. The first set of alleles is
A*03:01, B*07:02 and C*07:02 with lower frequencies in IBS and TSI compared to the
remaining modern European populations in our dataset. These alleles are part of the conserved
extended haplotype 7.1 (Dorak et al., 2006). Conserved extended haplotypes (CEHS) are large
segments of conserved sequences covering classical MHC genes as well as other genes across
the MHC region of chromosome 6 (Alper et al., 2006; Degli-Esposti et al., 1992). The evolution
of CEHSs has been a focus of discussion for a long time as some of them are observed at high
frequencies with geographically restricted distributions suggesting a recent origin followed by
a rapid expansion potentially due to positive selection increasing their frequency (Alper et al.,
2006; Dawkins & Lloyd, 2019; Walsh et al., 2003). The second set of alleles of interest is
A*01:01, B*08:01, C*07:01 that makes up the CEH 8.1. CEH 7.1 and 8.1 are among the most
common haplotypes within Europe and both were shown to exhibit a correlation with latitude,
highlighting the north-south cline in their frequency distribution similar to the steppe ancestry
proportion within populations (Sanchez-Mazas et al., 2014). Therefore, both of these
haplotypes might be introduced into Europe after the Neolithic as a part of the steppe ancestry.
In support of this hypothesis, the frequencies of B*07 and B*08 alleles were significantly

correlated with the steppe ancestry within Europe (Supplementary Figure 13).

Genetic clines observed for HLA alleles and haplotypes were previously suggested to result
from demic diffusion of Neolithic farmers into Europe with the assumption that alleles common
in modern central-northern Europe were also common in Western Hunter-Gatherer populations
(Menozzi et al., 1978; Nowak et al., 2008). However, common alleles of Western Hunter-
Gatherers should be observed in Late Neolithic Farmers as a result of the admixture between

the local hunter-gatherers and farmers which was minimal during the initial phases of Neolithic
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dispersal into Europe but increased towards the late Neolithic (Lazaridis, 2018). Although
appreciable frequencies of B*08:01 in Late Neolithic Farmers in our dataset might result from
such admixture, none of the LNF individuals with B*08:01 carries A*01:01 or C*07:01 which
are part of the modern CEH 8.1. Therefore, while it remains possible that B*08:01 constituted
a small part of the HLA allele pool of European hunter-gatherers and introgressed into farmer
populations, CEH 8.1 haplotype did not exist within Western Hunter-Gatherers. This
observation does not support the hypothesis that the north to south cline pattern of CEH8.1 was
formed due to Neolithic expansion. An interesting pair of alleles in that context is B*40:01 and
C*03:04, both absent in ENF yet reaching up to 9% and 7% frequencies respectively in LNF
(Figure 4). This increase in frequency might be the result of the admixture of farmers with local
hunter-gatherers throughout the Neolithic. Both alleles remain at high frequency in modern
north and central European populations but low in southern populations. This result further
supports the possibility that these alleles were introduced by local hunter-gatherers as
populations from modern Spain and Italy usually harbor lower hunter-gatherer ancestry

compared to northern European populations (Haak et al., 2015).

An important point to consider regarding the origins of CEH 8.1 is that this haplotype also
exhibits east-west cline, mainly driven by its high frequency in the British Isles (Sanchez-Mazas
et al., 2014). This observation is unexpected if CEH 8.1 had spread into Europe via steppe
pastoralists from the east. However, Olalde et al., (2018) have argued that steppe-related
ancestry was introduced into Britain by individuals associated with Bell Beaker Complex
culture which resulted in the replacement of around 90% of the local Neolithic population.
Therefore, the special demographic history of the British Isles might explain the high frequency
of CEH 8.1 observed there.

Another set of alleles with intriguing diversity patterns are A*02:01, B*44:02 and C*05:01
which form the CEH 44.1 (Dorak et al., 2006). They are observed at similar frequencies in both
Neolithic farmers and modern European populations. Furthermore, CEH 44.1 does not exhibit
any cline pattern within Europe (Sanchez-Mazas et al., 2014) and is considered to be a
Caucasian-specific haplotype (Degli-Esposti et al., 1992). Such persistence of the alleles of
CEH 44.1 deserves some attention considering that several other alleles with similar
frequencies in Neolithic farmers such as B*39:01 or C*15:02 exhibit a decrease in modern
European populations. Interestingly, considering four diseases; AIDS, type 1 diabetes, multiple
sclerosis and type 1 autoimmune hepatitis, CEH 44.1 (or one of the alleles within that
haplotype) appears to have contrasting associations compared to CEH 7.1 or 8.1
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(Supplementary Table 3). For example, HLA-DRB1*15:01 allele is part of the CEH 7.1 and
it is commonly associated with the risk of developing multiple sclerosis whereas A*02:01,
B*44:02 and C*05 alleles (all part of CEH 44.1) were independently shown to be protective
(Hollenbach & Oksenberg, 2015). Similar observation was also made for HIV infection where
rapid progression to AIDS was associated with CEH 8.1 and slow progression was associated
with CEH 44.1 (Flores-Villanueva et al., 2003). Furthermore, we found that B*44:02 was the
most divergent common Neolithic allele compared to B*07:02 and B*08:01. Functionally
divergent phenotypes formed by the combination of these alleles may allow wider recognition
of pathogens due to more diverse peptide presentation by HLA molecules. Based on these
observations, it can be argued that CEH 441, CEH 7.1 and CEH 8.1 play
contrasting/complementary roles in disease resistance that lead to the maintenance of CEH 44.1
within Europe via balancing selection in the face of the increased frequencies of CEH 7.1 and
8.1 since the late Neolithic.

While the admixture between Neolithic farmers and steppe pastoralists can account for the
changes in frequencies of several alleles in modern European populations to some extent, the
effect of selection seems to be more subtle based on our results. Although we found significant
differences in allele divergence between ENF and Modern Kiel populations, these differences
were not consistent across loci. When excluding the homozygous individuals within the dataset,
genotypes of Early Neolithic Farmers were more divergent than modern Kiel individuals for
HLA-A while the opposite was true for HLA-C. The observation that all three loci exhibit
different and even opposing divergence patterns through time suggests that each locus evolves
under somewhat different selective pressures. However, it is also possible that the time since
the Neolithic was not long enough to observe the result of selection in the allele divergence.
Interestingly, no difference between populations was observed for HLA-B. At first sight, this
might seem contradictory to the results of Pierini & Lenz (2018) who showed that the HLA-B
locus exhibits the strongest signal for divergent allele advantage. However, our results merely
suggest that such selective force on modern populations was already acting on Neolithic
populations as well and divergent HLA-B allele pools were maintained despite differences in

specific alleles.

The analysis of peptide binding properties of ancient and modern allele pools supports the idea

that the functional diversity of HLA alleles within populations was similar. With the exception

of Human polyomavirus 2, we found no significant differences in the number of bound viral or

bacterial peptides by individuals from Neolithic and modern Kiel populations. Interestingly
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when restricting our analysis to the surface proteins of viruses, modern Kiel population appears
to bind more peptides from the Measles virus hemagglutinin protein. However, the median
difference between populations was small, only around two peptides and an independent
analysis of the MeV hemagglutinin protein did not show a significantly higher binding by
modern Kiel populations compared to randomized peptides. Therefore, contrary to our initial
expectation, we did not observe a strong effect of measles on HLA peptide binding. Indeed,
MeV is one virus among many and despite its devastating impact on humans, the signals of
adaptation could be subtle and not visible with our analysis. Furthermore, our approach only
relies on quantitative differences in peptide binding with the assumption that binding more
peptides from a pathogen is advantageous for the host. While this might be true to some extent,
as Croft et al. (2019) have shown that most peptides presented by HLA class-1 molecules can
be immunogenic, it is also certainly not the complete picture of adaptive immune responses.
Immunodominance is a well-known phenomenon in anti-viral responses and it refers to the
observation that despite the existence of many potential antigens, most of the cytotoxic T-cell
responses within an individual are usually focused on a few immunodominant peptides
(Yewdell, 2006). Different HLA allele pools between Neolithic and modern populations might
result in different immunodominant peptides presented to T-cells. However, it is not possible
to identify which peptides are immunodominant based on HLA variation or peptide binding
prediction algorithms. To what extent such qualitative differences in peptide binding between
modern and Neolithic populations affect disease outcomes is not clear and certainly deserves

further investigation.

In summary, we generated and analyzed a large dataset of ancient HLA genotypes of the first
farmers of central Europe dating back to the early and late Neolithic. Our results reveal large
changes in frequencies of several alleles within Europe since the Neolithic, yet despite such
differentiation, functional diversity in both Neolithic and modern populations appears to be
similar. Detailed comparison of alleles with large frequency changes suggests a considerable
role of population admixture with steppe pastoralists shaping the modern distribution of HLA
alleles within Europe. Further ancient HLA genotypes will allow testing our conclusions

presented here and illuminate the evolution of HLA diversity within Europe.

Supplementary Material for Chapter 3 is provided in Annex V.
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Conclusion

The overarching aim of the work presented in this thesis was to shed further light on the effect
of pathogens on human HLA diversity. The mechanistic basis of the relationship between
pathogens and HLA molecules is relatively clear; presentation of pathogen-derived peptides by
HLA molecules initiates the adaptive immune responses. However, the evolutionary
implications of this relationship are still under investigation. Collected under the umbrella term
of pathogen-mediated balancing selection, several mechanisms of selection that could account
for the high HLA diversity were proposed. These mechanisms are the heterozygote advantage,
fluctuating selection and negative frequency-dependent selection. All mechanisms essentially
rely on the assumption that HLA alleles raise differential responses to different pathogens
depending on the peptides presented by the allele. Therefore, each pathogen selects for distinct
HLA alleles, resulting in higher diversity within populations than expected from neutral
evolution. This assumption is supported mainly by the limited number of associations between
specific HLA alleles and disease phenotypes such as viral load at a specific stage of the
infection. Within that context, in the first chapter of the thesis, we analyzed a set of human
pathogens and took advantage of the recent developments in the computational prediction of
HLA-peptide binding in order to compare the binding properties of common HLA alleles. We
showed that the peptidome of each pathogen mostly consists of peptides unique to the species.
This observation highlights the immense diversity of pathogens that humans need to deal with
in order to survive. Although this diversity is a commonly held prior in infectious disease
research, our results are the first systematic empirical data uncovering the extent of the diversity
and essentially provide the basis for the long-lasting assumption that distinct pathogens exert
distinct selective pressures on HLA genes. Based on this empirical confirmation, we
investigated how HLA alleles are associated with peptidomes of distinct pathogens. For each
HLA allele, we revealed a vast variation in the number of bound peptides from different
pathogens, further supporting the idea that HLA alleles raise differential responses to distinct
pathogens. This variation was much more pronounced for HLA alleles with smaller peptide
repertoires. Therefore, our results support the hypothesis that alleles with small peptide
repertoires evolve as “specialists” towards one or a few pathogens while the other alleles are
generalists providing resistance to a larger number of pathogens. The suggested specialization
of HLA alleles for some pathogens in our analysis remains to be tested with different
approaches such as genetic association studies. The specialization metric that we developed can

be used to generate and test hypotheses regarding the relationship between HLA alleles and
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pathogens. Nevertheless, such specialization scenario is not unlikely under a fluctuating
selection regime where novel and sometimes deadly pathogens are introduced into populations
occasionally. Considering the recently emerged pathogens such as HIV, Ebola virus or multiple
coronaviruses within the last decades, it can be argued that spillovers from animals are not rare
events (Karlsson et al., 2014). Indeed, several studies have revealed signatures within the
human genome, possibly left by ancient outbreaks of viruses that are related to the ones that we
face today such as coronaviruses (Souilmi et al., 2021) or retroviruses (Kaiser et al., 2007).
However, these signatures are not localized on HLA, so the relationship between HLA and
particular pathogens remains an open question. It is hypothesized that differences in pathogen
composition in time and space may result in rapid turnover of HLA alleles within populations
or differentiation in HLA genes between populations, respectively (Spurgin & Richardson,
2010). On the other hand, the well-known observation of trans-species polymorphism, i.e. the
existence of highly similar MHC alleles within two species that diverged millions of years ago,
suggests that the hypothesized turnover of alleles does not necessarily result in the loss of
diversity. A further complication of the matter arises from the fact that suggested mechanisms
of balancing selection may, in fact, result in opposing patterns of diversity within populations.
For example, differentiation between two populations increases under negative frequency-
dependent selection regime only when rare alleles are novel, i.e. generated after population
split. If rare alleles are the old ones, either inherited from the ancestral population or
introgressed from other populations, differentiation will be decreased due to maintenance of the
old alleles in each population. Similarly, fluctuating selection might result in changes in allele
frequencies over time, yet the population differentiation will only increase if pathogen pools

that populations harbor differs.

As the next step, we attempted to investigate the complex selection regimes acting on HLA
diversity in collaboration with several colleagues. We approached the problem from two angles
namely the diversity across space (chapter 1) and the diversity through time (chapter III).
Although the HLA variation patterns within and between extant human populations are
analyzed by many researchers, an overwhelming majority of these studies include mostly
populations from Europe or North America. As the cradle of our species, Africa accommodates
populations harboring the highest genetic diversity among humans. Underrepresentation of
populations with non-European ancestry in immunogenomics studies, specifically the African
populations, hinders attempts to generate appropriate evolutionary analysis while also imposing

challenges on medical interventions such as vaccinations or personalized therapeutics. In the
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second chapter, we investigated the HLA diversity of 12 populations from sub-Saharan Africa
together with 10 populations from the 1000 Genomes Project using both the SNP data generated
by whole genome sequencing and the HLA allele data generated by targeted HLA sequencing.
SNP based analysis confirmed the extensive nucleotide diversity observed within HLA genes.
The HLA nucleotide diversity slightly decreases in non-African populations but not to the
extent that neutral genetic diversity decreases. HLA genes were enriched in old mutations and
SNPs within HLA genes do not show higher differentiation than neutral SNPs. Finally, two
independent tests of selective neutrality namely Tajima’s D and LD-ABF, reveal strong signals
of balancing selection at the HLA genes. Similar results were also obtained from the analysis
of the targeted HLA data. HLA diversity is comparable across populations with the exception
of a few African populations with a recent history of population bottleneck. The differentiation
patterns appear to have arisen from demographic processes following the out-of-Africa
migrations as populations from the same continent usually exhibit lower differentiation
compared to populations from the other continents. The differentiation between populations
inhabiting different continents is mainly the result of alleles that were shared yet observed at
different frequencies between populations. In line with this observation, despite the immense
genetic diversity within African populations, we found only a few novel HLA alleles.
Furthermore, differences in allele frequencies do not change the overall functional breadth of
peptide binding as each population exhibits similar levels of allele divergence and peptide-
binding promiscuity. In other words, both the genetic diversity at the sequence level and the
functional diversity at the phenotypic level are maintained across populations. Overall, these
results show that old variants within the MHC are maintained in populations by balancing
selection. It should be emphasized that the aim of this study was not to analyze worldwide
diversity patterns in HLA, but rather to analyze patterns within African populations. Therefore,
non-African populations were selected simply to put the diversity within Africa into a wider
perspective. We claim neither that these populations represent their respective continents, nor
that every other population exhibits similar diversity patterns. In fact, a previous analysis
revealed HLA alleles that are observed only in a population or region (Vina et al., 2012). These
alleles are more likely to be observed in isolated populations that experienced a recent genetic
bottleneck such as Native Americans and possibly derive from a more common and widespread
allele via point mutations. It is worth investigating whether such novel alleles increase in
frequency in response to local pathogen pressures, especially if they differ from the ancestral
allele across the peptide-binding region. Nevertheless, our analysis suggests that such unique

alleles are exceptions rather than the norm in HLA evolution and that balancing selection
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maintaining old variation together with the demographic history of each population
predominantly shapes HLA diversity. Independent of the unique alleles, it can also be claimed
that frequency differences among shared alleles between populations may also arise due to local
adaptation. Simulations can be employed to investigate whether neutral evolution can explain
these differences. However, it is not easy to generate realistic simulations without a sound
knowledge of the demographic history of each population. Furthermore, identifying a “local
pathogen” that presumably results in HLA adaptation is much easier said than done. As Dunn
et al., (2010) put nicely, “The fact that warbler species distributions are better understood than
the distribution of human pathogens is a gap that clearly deserves research attention.” This is
one of the main reasons why it has been a daunting task to pinpoint specific pathogens that

presumably drive HLA evolution.

This problem can potentially be circumvented by an approach taking the historical populations
into account. Many deadly pathogens that had a major impact on our species have recent origins
within a few thousand years (Wolfe et al., 2007). Standing variation in HLA genes may have
resulted in a rapid rise of frequencies of alleles providing resistance against these pathogens.
Therefore, if we can identify the approximate time point of the emergence of such deadly
pathogens, it would be possible to track changes in HLA allele frequencies and identify any
alleles associated with protective or susceptibility effects. Such an approach would be
promising yet suffers from two major drawbacks. First, human populations are not frozen units
living within a confined geographic area indefinitely. On the contrary, the history of populations
is shaped by migrations, population bottlenecks and admixtures. Therefore, any study aiming
to compare allele frequencies between two populations separated by long time intervals must
take the population history into account in order to prevent false positive results. This problem
is being ameliorated mainly as a result of the rapidly developing archaeogenomic field. Thanks
to the efforts of geneticists, archaeologists and anthropologists, details of the mobility patterns
of historical populations around the world are being uncovered, providing a baseline for testing
hypotheses of selection on specific genes (Koptekin et al., 2023). The second drawback is that
the ancient DNA is, by nature, marked with high degradation and contamination. This is
especially problematic for HLA genes with a high concentration of SNPs across a very short
span in the genome. For example, reliable mapping of reads has been challenging for HLA loci
because if the allele of the sample is different from the reference allele, reads might be discarded
due to the high number of differences between the read and the reference (Brandt et al., 2015).

This does not only bias genotype calls towards the reference allele but also makes it more likely
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to miss alleles that were common in the past but are very rare or even extinct today.
Additionally, as a result of deamination, the incorporation of incorrect nucleotides during the
sequencing process is commonly observed damage in ancient samples (Briggs et al., 2007;
Dabney et al., 2013). Although this kind of damage usually follows a pattern such as increased
C to T transitions towards the end of reads, it remains possible that damaged reads are mapped,
resulting in erroneous HLA genotype calls. Therefore, accurate genotyping of HLA alleles from
ancient specimens requires a special effort. The “Targeted Analysis of sequencing Reads for
GenoTyping” (TARGT) pipeline is developed for analyzing low coverage shotgun sequence
data, specifically to overcome the problem of HLA genotyping in ancient samples (Annex 1).
The accuracy of this method was demonstrated for both modern and ancient DNA samples. In
the third chapter, we employed the TARGT pipeline to genotype HLA class-1 alleles of 129
individuals who lived in the early and late Neolithic periods (ENF and LNF, respectively) in
central Europe. Diversity patterns suggest that despite migrating recently from Anatolia and the
Balkans into central Europe, they do not show signs of genetic bottleneck and HLA diversity is
comparable to modern populations. However, due to large frequency differences in alleles,
Neolithic populations appear to be significantly differentiated from modern Europeans. In fact,
the majority of the most common HLA alleles in modern central and northern Europe are not
even observed in the Neolithic populations. It is tempting to invoke adaptation to changing
pathogen landscape throughout and after the Neolithic as the reason for differences in allele
frequencies. However, as mentioned above, the demographic history of populations usually has
an immense effect on population structure. The alleles of the two most common HLA
haplotypes, namely A*03:01-B*07:02-C*07:02 (CEH7.1) and A*01:01-B*08:01-C*07:01
(CEHS8.1) exhibit a declining frequency cline from north to south in Europe. It could be argued
that this cline is the result of the Neolithic expansion into Europe when farmers following either
the land route through the Danube River or the sea route across the Mediterranean Sea pushed
the local hunter-gatherers towards the north. In that case, the alleles of CEH 7.1 and 8.1 should
have been part of the local hunter-gatherer allele pool and later remained within European
populations as a result of admixture with farmers. However, it is known that although the
admixture between the first farmers and hunter-gatherers was minimal, this has changed
dramatically throughout the Neolithic. Therefore, based on this hypothesis, we should have
observed CEH 7.1 and 8.1 at appreciable frequencies in the Late Neolithic when admixture with
hunter-gatherers was prevalent. This is not the case with the exception of a few B*08:01 alleles
observed in LNF. Two alleles, namely B*40:01 and C*03:04, conform to that pattern with a

sharp increase from zero in ENF to around 8% frequency in LNF and modern Europeans. While
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this may be the result of admixture with hunter-gatherers, another admixture event can better
explain the high frequency of CEH7.1 and 8.1 in modern Europeans. Beginning around the end
of the Neolithic, a large migration of Yamnaya pastoralists from the Pontic-Caspian Steppe into
Europe, and their admixture with local farmers, reshaped the genetic structure of European
populations. The traces of this admixture event within the genomes of modern Europeans reveal
that steppe ancestry is observed in Europe with a north-south cline, similar to the distribution
of the alleles of CEH7.1 and 8.1. Therefore, we hypothesize that these haplotypes were part of
the steppe ancestry and increased in Europe as the result of the admixture with steppe
pastoralists. This hypothesis remains to be tested by HLA genotyping of steppe pastoralists or
their direct descendants in Europe. Meanwhile, an alternative explanation for the rise of these
haplotypes could be their selective advantage against emerging pathogens during and after the
Neolithic. We tested this hypothesis by using peptide-binding prediction algorithms, with a
specific focus on the Measles virus. Interestingly, we found that when comparing the number
of bound peptides from the Measles virus, Neolithic populations do not differ from modern
Europeans. This observation remains unchanged for several other viruses and bacteria,
suggesting that the functional diversity of alleles in Neolithic populations was not different
from those within modern Europeans. These results do not support the hypothesis that major
allele frequency differences between ancient and modern Europeans were the result of
adaptation to changing pathogen patterns. It appears that the recent evolution of HLA alleles

within populations is mainly driven by genetic drift and admixture events.

How can the conclusions of the first chapter, which highlights the specific associations between
pathogens and HLA alleles, be conciliated with the conclusions of the second and the third
chapters suggesting that population history is the major driver of allele frequencies? If the HLA
diversity is mainly shaped by genetic drift and admixture, why there are HLA alleles that seem
to be specialized against some pathogens? Firstly, the dominant effect of population history on
HLA diversity does not exclude the possibility of local adaptation driven by resistance alleles.
However, the relative selective advantage of alleles might be small due to the polygenic nature
of HLA in humans. Humans can carry up to six different HLA class-I alleles in their genome.
Therefore, the combined effect of different alleles might protect an individual even in the
absence of one specific resistance allele. This is not the case, for example, in chickens with a
single majorly expressed HLA class-1 gene and alleles of this gene are strongly associated with
resistance to diseases (Kaufman, 2018a). Secondly, humans are always exposed to multiple

pathogens, sometimes even simultaneously. Therefore, the selective advantage of some alleles
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might not be visible due to antagonistic selection pressure on the same allele by different
pathogens. Unless there exists one perfect HLA allele against all pathogens, such tradeoffs may
mask the effect of directional selection on distinct alleles, with the end result being the balanced
polymorphism of multiple alleles within populations. An exception to this scenario may be
deadly pandemics that humans have experienced several times throughout recent history. Any
HLA allele providing resistance or susceptibility to the pandemic pathogen can be expected to
rise or decrease, respectively, in frequency in a relatively short time. On the other hand, it is
also possible that the disease outcome is simply not associated with the HLA genotype. An
example is the latest pandemic that humans faced, namely the COVID-19 pandemic. We
analyzed 1980 COVID-19 patients and 2205 healthy participants and did not detect any
association between the HLA genotype and the COVID-19 severity (Annex II). Considering
the complexity of immune responses as well as the diversity of the mechanisms of pathogen
infection, it is not surprising to find cases when the HLA variation is not among the main
determinants of the disease outcome. A third explanation of why major allele frequency
differences appear to be the result of population history rather than adaptation to pathogens
might require questioning the role of the Neolithic transition for the pathogen landscape. While
it is clear that large and dense communities are necessary for the persistence of highly virulent
pathogens, such as Measles virus, within populations, hunter-gatherers before the Neolithic
were certainly not small, atomized tribes (Black, 1966; Houldcroft & Underdown, 2023).
Archaeogenetic data suggest that high effective population sizes were maintained in hunter-
gatherers, possibly as a result of mate exchange networks (Sikora et al., 2019). Furthermore,
gatherings of large groups in the form of ritual feasting were probably a common practice to
form social bonds (Liu et al., 2018). Such conditions could support the spread of pathogens
albeit not at the level of a pandemic. Local outbreaks of pathogens that are similar to those
affecting humans today might have been a common occurrence. In other words, the fact that a
significant number of pathogens that persist in modern human populations have recent origins
does not mean that similar pathogens did not infect humans before the Neolithic. Spillover
events could have led to flare-ups of diseases within populations before dying out due to the
lack of conditions supporting their persistence. Therefore, it can be hypothesized that the
pathogen landscape and diversity that humans dealt with after the Neolithic was not completely
different from what it was before. Such hypothesis may support the observation that major
changes in HLA allele frequencies through time and space are the result of population

admixtures and genetic drift, rather than adaptation to pathogens.
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In summary, this thesis presents novel findings on the mechanisms by which the diversity of
major histocompatibility complex (MHC) genes in humans is maintained and shaped. Extreme
peptidome diversity of pathogens provides an empirical basis for the long-held assumption that
HLA alleles evolve in response to distinct pathogen pressures. On the other hand, our results
reveal that the recent evolution of HLA diversity within populations is mainly driven by
balancing selection maintaining diversity and genetic drift and population admixtures resulting
in differentiation through time and space. These results highlight the value of intensive work
on characterizing the HLA diversity of ancient and extant populations.
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Targeted analysis of polymorphic
loci from low-coverage shotgun
sequence data allows accurate
genotyping of HLA genes in
historical human populations

Federica Pierini%3, Marcel Nutsua?, Lisa Bhme?, Onur Ozer?, Joanna Bonczarowska?,
Julian Susat?, Andre Franke?, AlImut Nebel?, Ben Krause-Kyora? & Tobias L. Lenz!™

The highly polymorphic human leukocyte antigen (HLA) plays a crucial role in adaptive immunity and
is associated with various complex diseases. Accurate analysis of HLA genes using ancient DNA (aDNA)
data is crucial for understanding their role in human adaptation to pathogens. Here, we describe the
TARGT pipeline for targeted analysis of polymorphic loci from low-coverage shotgun sequence data.
The pipeline was successfully applied to medieval aDNA samples and validated using both simulated
aDNA and modern empirical sequence data from the 1000 Genomes Project. Thus the TARGT pipeline
enables accurate analysis of HLA polymorphisms in historical (and modern) human populations.

The classical human leukocyte antigen (HLA) genes play a central role in adaptive immunity. They encode for
glycoproteins that present antigenic peptides on the cell surface for recognition by immune effector cells, thus
enabling the immune system to distinguish between ‘self” and ‘non-self’, eventually stimulating a specific immune
response!. Owing to their implication in hundreds of different complex diseases®®, but also because of their
importance in human evolution*®, HLA molecules have been extensively studied over the past decades.

HLA genes are among the most polymorphic loci known in the human genome'?. At the molecular level, HLA
genetic diversity is characterized by a remarkable amino acid sequence diversification®’ as well as an enhanced
rate of non-synonymous substitutions® in the antigen binding groove of HLA molecules (i.e. the pocket where
antigens are bound). The specific polymorphism patterns in the exons coding for the antigen binding groove
define the several thousands of different alleles found at the classical HLA genes®. A complex official nomencla-
ture has been defined for HLA to characterize the extent of its polymorphism. According to this nomenclature,
alleles of an HLA gene are defined by the gene name indicating the locus (e.g. HLA-A, -B, -C, -DRBI, -DQBI,
-DPB1), followed by a hierarchical numbering system’. The 1% field (formerly 2-digit level) defines groups of
related alleles. The 2" field (4-digit) separates alleles within 1°* field groups that differ in their protein sequence.
Finally, the 3" and 4'" fields define alleles harboring synonymous exonic and non-coding variations, respectively.
Additionally, the G-group nomenclature has been introduced in order to merge alleles that have the same nucleo-
tide sequence along the antigen-binding groove and differ in their sequence only outside the groove, thus binding
the same repertoire of antigenic peptides.

Past and ongoing pathogen-mediated selection is proposed to be one of the major factors affecting genetic
variability at HLA genes®!®!!. In addition, HLA genes are associated with various complex genetic disorders in
contemporary humans?, suggesting a link between historical selection by infectious agents and present preva-
lence of genetic disorders'>'*. The recent development of genomic tools for the analysis of ancient DNA (aDNA)
provides a unique opportunity to unravel the trajectories of alleles associated with human adaptations to newly
introduced or co-evolving pathogens'*'>. In particular, the investigation of ancient HLA genes in historical pop-
ulations could shed light on the molecular signatures associated with pathogen-mediated selection and promote
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the identification of the exact targets of selection. Thus, reliable genotyping of the HLA genes in ancient samples
is crucial to answer unresolved questions ranging from human genetics to evolutionary medicine. However, the
high density of SNPs' as well as the paralogous organization'” of the HLA genes makes their appropriate char-
acterization extremely difficult. Because of the nature of such polymorphisms, SNP-based approaches have very
limited applicability, while available NGS-based analysis pipelines rely on deep and homogeneous coverage, as it
is readily available from modern DNA samples. DNA molecules extracted from skeletal remains, in contrast, are
usually heavily fragmented and degraded through chemical modifications!®, hence, sufficient genomic coverage
of the endogenous DNA can hardly be obtained, adding a further layer of complexity to reliable allele calls within
the HLA region. The fragmentation of the aDNA also prevents any of the primer-based amplification approaches
(e.g. SSO or SSP) that are commonly used in clinical settings. Thus, to our knowledge, none of the existing HLA
genotyping tools have been proved to be suitable for aBDNA samples. In this light, the development of an accurate
HLA genotyping method applicable to aDNA samples is a prerequisite for studying the evolution of human resist-
ance or susceptibility to pathogens in historical populations.

Here we present a novel aDNA-optimized analysis pipeline for low-coverage and low-quality shotgun
sequence data, which we call “TARGT’ (Targeted Analysis of sequencing Reads for GenoTyping). The pipeline
automatically identifies and sorts target-specific sequence reads from any kind of shotgun short-read sequence
data. In principle, it can be used to analyze any targeted region in the genome, but was here applied to the HLA,
the most polymorphic genes in the human genome. To identify the specific HLA allele combinations of an indi-
vidual, the TARGT pipeline combines automated read selection and sorting, with highly repeatable semi-manual
filtering and HLA allele identification at up to 3" field (6-digit) resolution (Fig. 1). After pre-processing and
quality control, sequence reads from genomic shotgun sequencing are aligned against a comprehensive reference
file containing the exon sequences coding for the peptide-binding groove of all known classical HLA gene vari-
ants: class I (HLA-A, HLA-B, HLA-C) and class IT loci (HLA-DRB1, HLA-DRB3/4/5, HLA-DQA1, HLA-DQBI,
HLA-DPA, HLA-DPB1). The TARGT pipeline is highly versatile; indeed, this step could be adapted and used to
target any gene or polymorphic region in the genome by providing a corresponding reference sequence for read
selection. Mapped reads are then grouped by gene specificity, and saved into sample- and gene-specific FASTA
files. Using a sequence alignment software, the FASTA files can be manually analyzed to genotype individual
samples.

While the TARGT pipeline can be applied to any kind of shotgun sequence data, we here present it in combi-
nation with a targeted DNA capture approach to analyze HLA polymorphisms in a comprehensive set of historical
human samples. Target-enrichment by hybridization, also known as DNA capture, is one of the most widely used
approaches for sequencing aDNA, because of its efficiency in increasing the sequence coverage of the endogenous
DNA fraction'*-?2, In this work, we used a customized DNA capture approach previously developed for modern
DNA and based on sequence information from 8,159 known HLA alleles (available at the IMGT/HLA data-
base®)?, to enrich a set of DNA libraries from medieval Europeans for the most polymorphic classical HLA class
I (HLA-A, -B, -C) and class II (HLA-DRBI, -DQBI1, -DPB1) genes. A subset of the obtained HLA class II data has
already been analyzed previously in the context of medieval leprosy, yielding a leprosy-associated HLA-DRB1
risk allele?*. We here assessed the general success of the HLA target-enrichment approach and the overall per-
formance of the TARGT pipeline for both HLA class I and class II genes in the medieval European samples. We
then employed a number of different and independent approaches to evaluate the accuracy of the pipeline in
producing HLA genotypes. This evaluation includes a comparison with the independent HLA genotyping algo-
rithm OptiType (only available for class I genes, and so far only tested on modern DNA data), with PCR-based
results from a specific tag-SNP, and with simulated aDNA sequence data with known HLA alleles. Finally, we
explored whether the TARGT pipeline, initially developed for aDNA sequence data, can also be applied success-
fully to shotgun sequence data from modern populations. For this we applied our approach to a subset of the 1000
Genomes Project samples, for which HLA typing has been performed previously?. The TARGT pipeline is freely
available for download from SourceForge (https://targt-pipeline.sourceforge.io/).

Results

Success of the HLA target-enrichment for historical samples.  One of the main purposes of this work
was the accurate genotyping of HLA genes in aDNA samples. Thus, a previously described dataset of sixty-eight
samples collected from the medieval cemetery of St. Jorgen (Denmark) was used to assess the success of a HLA
target-enrichment approach and the subsequent performance of the TARGT pipeline. Owing to different post
mortem degradation processes over time, DNA molecules retrieved from ancient organisms hold a high level of
base pair modifications. Such DNA damages are the source of incorrect incorporation of nucleotides during DNA
amplification, and might cause false SNP calling during the final step of sequencing data analysis. The majority
of damage-derived miscoding lesions in aDNA sequences are caused by deamination of cytosine into uracil®*-,
To reduce the rate of ancient DNA errors, treatment with uracil DNA glycosylase and endonuclease VIII (USER
mix) is commonly used during library preparation, which generates and cleaves out abasic sites at deaminated
cytosines?. Having a minimized amount of miscoding lesions, UDG-treated libraries, can lead to higher accuracy
of aDNA sequences, and are thus more reliable for downstream population genetic analysis. On the other hand,
non-UDG-treated libraries are commonly used to verify ancient DNA authenticity through the investigation of
aDNA features like DNA fragmentation and the above described nucleotide misincorporation patterns®’. We
thus performed shotgun sequencing on both UDG-treated and non-UDG-treated libraries for the whole set of
sixty-eight individuals. To assess the ancient origin of DNA sequences, the resulting shotgun sequencing data
were aligned against the H. sapiens reference genome hg38 and postmortem DNA damage signatures evaluated
using mapDamage v2.0.6.%. The analysis of damage patterns in the final nucleotide of the sequenced fragments
revealed misincorporation frequencies of up to 2.6% in UDG-treated and up to 21.9% in non-UDG-treated data-
sets (Tables S1 and S2). This confirmed that most of the reads mapping to the human reference originate from
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Preprocessing Selection and Manual
(optional) sorting of reads genotyping
FASTQC: Bowtie2: Perl script: BioEdit:
checking sequence read mapping sorting and visual inspection of
data quality to the target (HLA) alignment of sorted reads and
. reference mapped reads generation of
ClipAndMerge: in locus-specific consensus
adapter cIi.ppin.g, FASTA files sequence for
merging, trimming genotyping

Figure 1. Different steps performed by the TARGT pipeline for HLA genotyping of ancient and modern
samples. Preprocessing (optional): after quality control, genomic sequences are pre-processed (adapter clipping,
merging and trimming) using ClipAndMerge (version 1.7.3) from the EAGER pipeline®. Mapping;: performed
using Bowtie2* against a comprehensive reference file, containing known 3 field HLA alleles (following
G-group nomenclature). Sorting: mapped reads are grouped by gene specificity and saved into gene-specific
FASTA files. HLA genotyping: Sample-specific FASTA files are manually analyzed using BioEdit® to genotype
HLA genes in ancient and modern samples.

aDNA fragments. The degree of DNA fragmentation was also explored to further authenticate ancient DNA. The
average length of DNA fragments in UDG-treated datasets ranged from 47 to 101 bp (Table S3).

In response to the fragmentation and low concentration of endogenous DNA from ancient samples, hybridi-
zation capture-based target enrichment can be used to improve the yield of DNA molecules for a specific region
of interest. An HLA target-enrichment approach was thus applied to the UDG-treated libraries, from here on
defined as HLA-enriched UDG libraries, to investigate the highly polymorphic classical HLA class I (HLA-A,
-B, -C) and class II (HLA-DRBI1, -DQB1, -DPB1) genes. To evaluate the performance of the capture approach,
endogenous DNA content, fold-enrichments as well as average coverage and read depth over the HLA genes were
quantified on both original UDG libraries and HLA-enriched UDG libraries for a subset of 62 samples (library
comparison for six samples was not possible because of technical problems unrelated to the data quality). The
number of reads mapping to the human reference genome ranged from 56,925 to 137,542,840 when consid-
ering the original UDG libraries and from 244,945 to 74,490,774 when considering the HLA-enriched UDG
libraries (Table S4). The corresponding median endogenous DNA content calculated over the whole set of sam-
ples was significantly higher for the HLA-enriched UDG libraries (36%) than for original UDG libraries (14%)
(Mann-Whitney, p < 0.001; Fig. 2A and Table 1). The number of reads mapping to the HLA reference ranged
from 0 to 8,452 for the original UDG libraries and was higher when considering HLA-enriched UDG libraries,
ranging from 359 to 225,013 (Table S4). Consequently, the % of reads aligning to HLA genes calculated over the
whole set of samples differed significantly between original (median: 0.0001%) and HLA-enriched UDG libraries
(median: 0.1210%) (Mann-Whitney, p < 0.001; Fig. 2B and Table 1). Overall, the HLA enrichment approach
performed on the historical samples yielded from 3 to 13,596-fold increases of HLA target sequences compared
to the pre-capture condition i.e. the original shotgun sequence data (Table S4). Consistently, the coverage over
the HLA genes calculated across the whole set of samples was significantly higher after the enrichment approach
(median: 96%) compared to the original shotgun sequence data (median: 9%) (Mann-Whitney, p < 0.001;
Fig. 2C and Table 1; for calculation at individual HLA loci see Figure S1 and Tables S5 and $6). Similarly, the
read depth quantified for the whole set of samples was significantly lower when considering the UDG shotgun
libraries (median: 0.2x) compared to read depth achieved after the HLA target enrichment (median: 17.4x)
(Mann-Whitney, p < 0.001; Fig. 2D and Table 1; for calculation at individual HLA loci see Figure S2 and Tables S5
and S6).

Genotyping of the HLA genes in historical samples. To call HLA genotypes from the aDNA sam-
ples, all the sequence data generated from UDG-treated libraries were combined for each sample and processed
through the TARGT pipeline. The TARGT pipeline allows HLA allele identification at up to 3 field (6-digit)
resolution; however, as most HLA typing tools and HLA genetic studies rely on 2" field resolution, we are here
only reporting results up to this level. Furthermore, when limited read coverage did not allow for 2" field reso-
lution, usually because several alleles of the same 1* field allele group were equally well supported, the allele call
was rounded to that level of resolution (1* field) (Table S7). Of the 136 alleles (2n) investigated at each locus, we
were able to call at 1% field level 83 alleles for HLA-A, 75 alleles for HLA-B, 74 alleles for HLA-C, 83 alleles for
HLA-DRBI, 96 alleles for HLA-DQB1, and 46 alleles for HLA-DPBI1. Of these, the allele call reached the 2"
field resolution for 45 alleles for HLA-A, 49 alleles for HLA-B, 11 alleles for HLA-C, 58 alleles for HLA-DRBI,
79 alleles for HLA-DQBI1, and 46 alleles for HLA-DPBI1 (Table 2). The success rate calculated across the whole
dataset of ancient samples was 56% at the 1* field level and 35% at 2 field level (for values at each locus see Fig. 3
and Table 3). As expected, a significant positive correlation between coverage and success rate (1* field, Kendall
T7=0.76, p<0.001; 21d field T=0.76, p < 0.001; Figure S3) as well as between read depth and success rate (1%
field, T=0.75, p < 0.001; 20 field T=0.75, p < 0.001; Figure S4) was observed, indicating a considerable effect of
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Figure 2. Performance of HLA target-enrichment experiments. Comparison between the median values of (A)
endogenous DNA content (B) percentage of reads aligning to HLA genes (C) average HLA coverage and (D)
average HLA read depth calculated across a subset of 62 aDNA samples before and after performing the HLA
enrichment experiments. Significant differences between median values, as derived from Mann-Whitney test,
are indicated by horizontal line and asterisks (***p < 0.001). Box plots show median, interquartile range, min-
max whiskers and outliers.

Sequence data Min | Max Median (95% CI)

original 1 76 14 (8-25)
endogenous [%]

HLA-enriched 2 88 36 (24-42)

original 0.00 |0.02
HLA-enriched 0.00 |0.39

0.00 (0.00-0.00)

reads aligning to HLA genes [%]
guing § ’ 0.12 (0.05-0.17)

original 0 93 7 (5-13)
average HLA coverage [%] -

HLA-enriched 2 100 97 (94-99)

original 0.00 3.98 0.14 (0.11-0.22)

average HLA read depth (x-fold)

HLA-enriched 0.12 | 472.62 | 18.00 (9.68-68.95)

Table 1. Performance of HLA target-enrichment experiments. Endogenous DNA content (%), percentage of
reads aligning to HLA genes (%), average HLA coverage (%) and average HLA read depth (x-fold) compared
between pre-capture shotgun sequence data (original) and sequence data after HLA enrichment experiments
(HLA-enriched) obtained from a subset of 62 historical samples.

DNA preservation on allele call success. These associations can explain some cases where poor DNA quality and
thus read coverage did not allow for more precise allele calls (Tables 2 and S7). Notably, we found no evidence for
more than two alleles at any locus, supporting the notion that the vast majority of DNA fragments in each sample
originate from a single individual. These results, together with the examination of misincorporation frequencies
and average length of DNA fragments shown above, indicate that the human DNA analysed in each sample is
likely to be endogenous.
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HLA-A | HLA-B | HLA-C | HLA-DRB1 | HLA-DQB1 | HLA-DPB1
1% field 83 75 74 83 96 46
- of these 2™ field 45 49 11 58 79 46
NA (no call possible) 53 61 62 53 40 90

Table 2. Locus-specific allele call success for the 68 historical samples. Number of alleles called at the st field
level and at the 2nd field level of resolution reported for each locus (2n = 136) for the 68 historical samples.

HLA-A HLA-B HLA-C HLA-DRB1 HLA-DQB1 | HLA-DPB1 | Overall
Success 1°* field (%) 61 55 54 61 71 34 56
Success 2™ field (%) 33 36 8 43 58 34 35

Table 3. Success rate for the 68 historical samples. Success rate at the 1st field level and at the 2nd field level of
resolution, across the 6 investigated genes and overall, for the whole dataset of historical samples.

no call possible I 1st field M2nd field

HLA-B HLA-C HLA-DPB1 HLA-DQB1 HLA-DRB1

100

~
(%)

% of called alleles
a
o

2

a

HLA-A

Figure 3. HLA allele call success rate for 68 historical aDNA samples. Percentage of alleles called at each
individual HLA locus calculated for the whole set of historical samples (N =68). Allele calls are reported at
two different level of resolution 2" field (4-digit) and 1% field (2-digit) levels. ‘No call possible’ represents the
fraction of cases where the allele call was not possible or allele calls were ambiguous.

Because of the high level of linkage disequilibrium (LD) within the HLA region, it has been shown that certain
SNPs outside the classical HLA genes are informative about HLA types. Such ‘tag SNPs’ are commonly used to
test for association between HLA alleles and disease susceptibility. One example is the T allele at the SNP locus
rs3135388, known to be in almost complete LD with the HLA-DRB1*15:01 allele in individuals of European
(CEU) ancestry®'. As reported in the previous study on the sixty-eight medieval samples, this SNP was assayed
by PCR and the genotyping results compared to the DRB1#15:01 allele calls obtained with the TARGT pipeline?*.
The study showed perfect correspondence between the tag SNP allele rs3135388-T and the TARGT-based allele
calls for the allele DRB1%15:01 where 2™ field allele resolution could be achieved (N = 13), and also with the
DRB1*15 call in samples where only the broader 1% field resolution was possible (N = 20, Table S8). That previous
study also revealed an interesting observation regarding the specific haplotype structure of the HLA region. Due
to the fragmented nature of aDNA, and also due to a lack of intergenic sequence information in the original bait
panel of the target capture approach, the haplotype structure of the HLA region cannot be resolved reliably from
aDNA. However, the previous study clearly showed a co-occurrence between the allele DRB1¥15:01 and the allele
DQB1%#06:02 (Table S7), suggesting a strong LD between these two loci*.

HLA class | allele call comparison with OptiType. To our knowledge, OptiType*? is currently the only
HLA genotyping algorithm for which testing of both read depth and read length on prediction accuracy has
shown that allele calls appear reliable even for sequence data containing short reads or only a 10x average read
depth over the HLA class I loci*%. These features make OptiType potentially suitable for studying HLA genes from
aDNA. However, the algorithm has not been explicitly tested or validated for aDNA and is currently available
only for the typing of HLA class I genes. Nevertheless, this tool presently appears to be the only available method
to compare with our TARGT pipeline. Thus, to validate our allele calls with an independent approach, a random
subset (N = 39) of the historical samples were analyzed using OptiType*? v1.3.1, and HLA class I genotype infor-
mation compared with allele calls from the TARGT pipeline. As OptiType was not designed for low quality data
such as usually obtained from aDNA, it has no built-in minimum threshold for data quality, and thus always calls
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two alleles for a given HLA gene, no matter how spurious the sequence information. For some of the ancient
samples, the TARGT approach indicated that low DNA yield and quality, and correspondingly low read coverage,
made reliable allele calls impossible at some or all of the investigated HLA genes (Tables S5 and S7). This could be
confirmed by visual inspection of the read coverage at the target HLA genes, but OptiType nevertheless produced
allele calls also in these cases. However, as it uses the same shotgun sequence data, the reliability of OptiType
allele calls are likely to suffer similarly from such data limitations. We therefore excluded those instances from the
comparisons, as we were not able to estimate the accuracy of OptiType.

Dividing the number of alleles with identical call in the two approaches by the number of total alleles called,
we observed that the two approaches agreed in 93% of the calls. This high agreement rate lends further support
to our genotyping approach (Table S9). The number of called alleles that differed between the two approaches
(TARGT vs. OptiType) was 12 (7% of all called alleles). One advantage of the TARGT pipeline is that it allows
for visual inspection of the supporting sequence reads underlying each allele call. We thus went back to those
conflicting allele calls in order to explore the read support for one or the other call. In 5 out of the 12 cases, we
found support for our allele call but no support for the call by OptiType. In contrast, in 4 out of the 12 cases, we
could not confirm the calls from our approach, but found supporting reads for the allele call by OptiType. In the
last three instances, we found that the two different allele calls by the two approaches were both supported and we
could not resolve the right allele (Table S9). Note that this evaluation does not include the allele calls by OptiType
made with spurious low-quality read data, which are likely to have a significantly higher error rate. Thus, while
our approach has a lower success rate in the allele call compared to OptiType, it is likely providing a higher accu-
racy by avoiding low quality/confidence allele calls. Unfortunately, it is impossible to evaluate this point in more
detail as no alternative method is available to obtain the ‘true’ HLA genotypes of ancient samples.

HLA molecular profile of the historical St. Jargen samples.  As the HLA class I data of these samples
have been characterized already in a previous study?, we here focus on describing the allele frequency distribu-
tions at HLA class I genes (-A, -B and -C; reported in Tables S10 and S11). Twelve distinct allele groups (‘lineages’)
at 1* field level of resolution were observed for HLA-A. The A*02 lineage comprises 31% of the total allele pool,
with the most common allele A*02:01 seen at a frequency of 0.244. The second most common linage is A*03,
with the most common allele A*03:01 also found at a frequency of 0.244. The next two more common linages
are A*01 and A*24, for which the most common alleles are A*01:01 (f=0. 156) and A*24:02 (f=0.133). The
others linages (A*26, A*68, A*11, A*32) are found at frequencies of lower than 10%; while the linages A*29,
A*30, A*31 and A*36 as well as the alleles A*02:06, A*31:01, A*32:01 are present as singleton copies. A total of
sixteen distinct 1* field level allele lineages were observed at the HLA-B locus, four of which (B*07, B*15, B*44
and B*08) were found at frequencies of greater than 10%. The most common 2" field HLA-B alleles are B*07:02
(f=0.204), B*08:01 (f=0.122), B*40:01 (f=0.122) and B*44:02 (f=0.122). The lineage B*42 and the alleles
B*27:05, B*35:01, B*¥35:03, B*45:01, B¥55:01 and B*56:01 are found as singleton copies. At the HLA-C locus,
a total of eleven distinct lineages at 1* field level of resolution were observed. The three most common lineages
(C*07, C*03 and C*04) comprise together over 70% of the total allele pool. The 2™ field level allelic resolution at
HLA-C locus was lower as compared with HLA-A and -B loci, nevertheless a total of five distinct 20d field level
alleles were found, with the allele C*07:01 being the most common subtype.

A likelihood ratio test, implemented in Pypop™, was used to test the significance of observed linkage dis-
equilibrium (LD) between any two loci (Table S12). The analyses were performed removing individuals with
NA at all loci while keeping only allele calls that reached the 2™ field level of resolution. As expect from mod-
ern day genetic data, for which high LD has been documented in the HLA region*-, strong linkage signals
were also revealed for the historical samples, both within class I and class II as well as between class I and class
IT loci (Table S12). Locus HLA-A showed significant associations with locus HLA-B (D’ =0.804; W, = 0.844),
HLA-C (D’=1; W,=1), HLA-DRB1 (D’ =0.703; W, =0.755) and HLA-DQB1 (D’=0.764; W, =0.709), while no
global LD was observed with the HLA-DPBI locus. Locus HLA-B showed nonrandom associations with all loci:
HLA-C (D’=0.833; W,=0.829), HLA-DRB1 (D’ =0.882; W, =0.775), HLA-DQBI1 (D’=0.877; W,=0.772) and
HLA-DPB1 (D’=0.829; W, = 0.823). Global LD was revealed also between HLA-C and HLA-DRB1 (D’ =0.833;
W, =0.882) and between HLA-C and HLA-DQBI1 (D’ = 0.875; W,,=0.913). A particularly strong associations
was observed between the two adjacent HLA class IT loci HLA-DRB1 and HLA-DQB1 (D’ =0.984; W, =0.883),
while no global LD between the DP locus and the other class II genes were found. Two- and three-locus haplo-
type frequencies were estimated using the expectation-maximization algorithm. We confirmed the presence of
the previously described class II haplotype DRB1*15:01-DQB2*06:02%, found at a frequency of 27%. Further
common haplotypes were B¥07:02-DRB1*15:01 (f=0.267) and B*07:02-DQB1%¥06:02 (f=0.222), suggesting the
presence of an extended class I-II haplotype, B¥07:02-DRB1*15:01-DQB1*06:02 (f=0.286). Further extended
haplotypes were also observed at appreciable frequencies: A*02:01-DRB1*15:01-DQB1*06:02 (f=0.125) and
B*08:01-DRB1*%03:01-DQB1*02:01 (f=10.143). Several other common two- and three-locus haplotypic associa-
tions were observed and are reported in Table S13.

TARGT pipeline validation on simulated aDNA samples and detection of unknown HLA
alleles.  To assess the efficacy of the TARGT pipeline, we applied it to simulated aDNA sequence data with
different read depth levels. Instead of downsampling available human genome data to match the ancient DNA
read depth at HLA loci, we took advantage of the gargammel package, a software that can simulate ancient DNA
fragments from provided genome sequences®. This approach allowed us to consider how both typical aDNA
fragmentation and damage pattern can affect reliable allele calls at HLA genes, to verify if and how performance
declines with lower read depth, and also to test for the detection of unknown HLA alleles. Seven haplotypes with
known but distinct HLA-B and -DRBI alleles were artificially generated and combined in six different ‘diploid’
combinations (Table S14). Using the program gargammel®, typical aDNA fragmentation and damage patterns
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HLA-B HLA-DRBI1 | Overall
Success 1% field (%) 62 80 71
Success 2™ field (%) 50 64 57
Accuracy 1* field (%) 100 100 100
Accuracy 2" field (%) 100 100 100

Table 4. Success rate and accuracy rate for simulated ancient DNA samples. Success and accuracy rate of HLA
allele calls, at the 1st field level and at the 2nd field level of resolution, across the 2 investigated genes and overall,
for the simulated ancient samples.
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Figure 4. HLA allele call success rate for the simulated ancient samples. Percentage of allele calls calculated
across the two investigated loci (HLA-B and HLA-DRB1) and across the set of samples (N = 6) investigated at
different read depth (from 1x up to 60 %) for a total of 30 simulated ancient samples. Allele calls are reported at
two different levels of resolution, 2™ field (4-digit) and 1* field (2-digit). ‘No call possible’ represents the fraction
of cases where the allele call was not possible or allele calls were ambiguous.

were introduced in the sequences and the TARGT pipeline tested for increasing read depth from 1x up to 60,
for a total of 30 simulated ancient samples. The HLA allele calls from the TARGT pipeline (here only run on the
artificially varied genes HLA-B and HLA-DRB1) were compared to the original known HLA genotypes. If allele
calls were not possible, we reported ‘NA. Allele calls naming several equally well matching 1* field allele groups
were considered ambiguous and also reported as ‘NA. The success rate, defined as the proportion of times an
allele call was possible with our approach across the different samples and read depth levels, was 71% at the 1*
field level and 57% at the 2" field level (Table 4). Whenever a call was possible, the allele calls were correct, thus
we observed an accuracy rate of 100% for both the 1% field and 2" field levels (Table 4). However, the 30 ancient
simulated samples varied considerably in read depth (from 1x up to 60x), and as expected, the success rate
was significantly positively correlated with the read depth. Association between read depth and success rate was
observed at both the 1° field and 2" field levels (Figs. 4 and S5). As the entire set of simulated ancient samples
where homogeneous in terms of coverage (i.e. the proportion of covered sites at each locus) we could not test
its effect on HLA allele calls in simulated aDNA samples. Intriguingly, we observed that 1* field allele calls were
possible already at 1x read depth, while allele calls at 2" field resolution were obtained starting from a read depth
of 5x (Fig. 4). Notably, for some samples the resolution of HLA alleles was not possible even at moderate read
depth (30x), underlining that allele call success does not depend exclusively on read depth. Indeed, the specific
combination of alleles at each genotype can significantly affect the success in calling the HLA alleles. For instance,
highly similar alleles that differ only by a few nucleotides would not be resolved even in samples with high read
depth, if those few nucleotide positions happen to not be covered by any read. On the other hand, if a particular
region that differentiates the two alleles is covered by only a few reads, an accurate allele call might be possible
even if the rest of the gene is not covered at all. We further tested if the TARGT pipeline can detect unknown
alleles, such as HLA alleles that were present in human history but no longer exist in modern populations, or
extremely rare alleles that are not represented in the HLA reference database. To do so, we introduced three point
mutations in two out of the seven artificially generated haplotypes. All of them were well detected starting from
aread depth of 5x (Table S14). These results confirm that the mapping of shotgun sequence reads to a reference
file containing known HLA alleles, an inherent component of the TARGT pipeline, does not prevent the detection
of novel alleles.

Pipeline validation on 1000 Genomes Project samples. The TARGT pipeline was initially developed
with the aim to define HLA alleles from aDNA sequence data. However, since shotgun low-coverage resequencing
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HLA-B HLA-DRB1 | Overall
Success 1% field (%) 100 100 100
Success 2™ field (%) 84 95 90
Accuracy 1* field (%) 95 100 99
Accuracy 2™ field (%) | 95 100 97

Table 5. Success rate and accuracy rate for the 1000 Genomes Project samples. Success and accuracy rate of
HLA allele calls, at the 1°* field level and at the 2" field level of resolution, across the 2 investigated genes and
overall, for a diverse subset (N = 31) of the 1000 Genomes Project samples.

of modern population samples is becoming more and more common, our pipeline might also be useful in that
context. In order to test whether the TARGT pipeline can also be successfully applied to shotgun sequence data
from modern populations, we genotyped the classical HLA genes in a diverse subset of individuals from the 1000
Genomes Project, for which HLA genotype information has previously been published (N =31; Tables S15-S17).
The majority of the allele calls obtained through the TARGT pipeline were consistent with the ones obtained
through independent PCR-based genotyping in Gourraud et al.”*, as evidenced by the high agreement rate of 96%
(Tables S16-S18). The total number of called alleles that differed between the two approaches was five (4%). After
careful inspection of the available read data, we found supporting evidence for the allele call by Gourraud et al. in
three out of the five cases. In contrast, in two of the five cases, the data did not support the call by Gourraud et al.
but instead clearly confirmed our allele calls, showing that the TARGT pipeline can rectify erroneous calls from
PCR-based HLA genotyping. The success rate for allele calling obtained with the TARGT pipeline was 100% at
the 1% field level and 90% at the 2™ field level. Indeed, the majority of the called alleles could be defined at the 3
field level, using the G-group nomenclature (Table S18). When looking at individual loci, a higher success rate
was achieved for allele calls at the HLA-DRB1 locus compared to HLA-B (Table 5). The accuracy rate of the called
alleles was 99% at 1* field (2-digit) resolution, and 97% at 2" field (4-digit) resolution. Also in this case, higher
accuracy was obtained for the allele calls at the HLA-DRBI locus in comparison to the HLA-B, at both 1* field
and 2" field resolution (Table 5).

Discussion

The investigation of HLA genes in ancient and modern human populations is of great interest to answer unsolved
questions in the fields of biomedicine and evolutionary biology. As independent targeted HLA genotyping is
very costly, the possibility to obtain HLA genotypes from the low-coverage shotgun sequence data that is now
routinely generated in population genomic studies would be highly advantageous. We therefore present here the
novel TARGT pipeline for HLA genotyping from low-quality shotgun data, and evaluate its accuracy for ancient
and modern DNA samples. The pipeline can be applied directly to shotgun sequence data or can be combined
with a target enrichment approach.

Widely used in the aDNA field, the target-enrichment approach can effectively recover endogenous DNA
fractions of interest, targeting SNPs***, whole chromosomes*"*, mitochondrial'®**? or nuclear genomes?*224>#,

We here applied a customized DNA capture approach? to enrich a defined set of sixty-eight aDNA libraries
for the classical HLA class I (HLA-A, -B, -C) and class II (HLA-DRBI, -DQBI, -DPB1) genes. Endogenous DNA
content, percentage of reads aligning to HLA genes as well as coverage and read depth over the HLA genes were
compared between shotgun libraries and HLA-enriched libraries (Fig. 2 and Table 1). The comparison between
pre-capture shotgun sequence and sequence data obtained after HLA target enrichment yielded from 3-fold to
13,596-fold increases of HLA target sequences and clearly showed the efficiency of the HLA enrichment approach
in increasing the number of reads mapping to the HLA genes of interest. These results highlight the advantage of
the HLA target enrichment for studying HLA polymorphisms in ancient human populations.

We then applied the TARGT pipeline (Fig. 1) to the aDNA sequence data and evaluated the resulting HLA
allele calls. The success rate was variable across the different loci with the highest success rate obtained at the
HLA-DQBI locus, followed by HLA-A, HLA-DRBI, HLA-B and HLA-C; while the HLA-DPB1 locus showed
the lowest success rate (Fig. 3 and Table 3). As the achieved average coverage was comparable across the different
loci (Figure S1 and Table S6), the differential success rate is unlikely to be due to an unbalanced bait design. The
general differences in both the allelic diversity as well as in the extent of sequence divergence between alleles at
the different HLA loci, together with the uneven distribution of nucleotide diversity along the investigated exons,
are more plausible explanations for the observed variable resolution across loci. Furthermore, DNA preservation
of individual samples can affect allele call success as shown by the strong association between success rate at each
sample and both read depth and coverage. Thus, the observed success rate calculated for the historical dataset
(56% at 1% field resolution; 35% at 2" field) cannot be generalized for other ancient samples, as it will likely vary
depending on the spatial and temporal scales investigated as well as on the degradation of the underlying DNA.

The allele calls obtained with the TARGT pipeline were evaluated using an independent approach, the soft-
ware OptiType®, which is currently available only for the typing of HLA class I genes. The comparison revealed
a high level of agreement between the two approaches (93%) for the HLA genotyping of class I alleles. Moreover,
the presence of the most frequent variant at one of the class II genes, the allele DRB1*15:01, was supported by the
independent detection of a specific tag-SNP in a previous study*!. Both comparisons provided further evidence
for the accuracy of our allele calls, supporting the validity of the TARGT pipeline.

Our pipeline was also evaluated on simulated aDNA sequence data with distinct but known HLA-B and
-DRBI alleles. Here we observed a success rate of 71% at the 1%t field level and 57% at 2" field level of resolution,
both with an accuracy of 100% (Table 4). We tested the pipeline for increasing read depth (from 1x up to 60x)
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and observed also in this case a strong association with success rate. However, we noticed that in some cases
alleles could be called at very low read depth: some 1* field alleles could be called already at 1x depth, while calls
at 2" field resolution were obtained starting from 5x read depth (Fig. 4). In contrast, in a few instances, the res-
olution of HLA alleles was not possible even at moderate read depth (30 x ), suggesting that read depth is not the
only factor influencing the allele call success. Whilst additional sequence reads in terms of read depth allow the
identification of sequencing errors and can provide support for specific allele calls, informative overlap among
reads to build a consensus sequence of sufficient length is also essential to obtain reliable HLA genotypes. Indeed,
the proportion of covered sites at each locus together with the specific combination of alleles can significantly
affect the success in calling HLA alleles. For instance, if the alleles of a given genotype differ only in positions that
are not covered by any reads, a full allelic resolution will be impossible, even if the rest of the sites are covered at
high depth. With the allele call success depending on various properties of a given DNA sample, it would be inap-
propriate to define a default threshold of read depth or coverage for applicability of the TARGT pipeline, espe-
cially for ancient samples. However, the advantage of our semi-manual approach is that the experimenter receives
direct visual feedback about the quality and quantity of the sequence data and can make an informed decision
about the reliability of any allele call. The possibility of visual inspection of the raw data is particularly crucial
in case of aDNA samples; this feature sets our pipeline apart from other more automated approaches (presently
only available for modern DNA), some of which will always provide an allele call, no matter how spurious and
ambiguous the underlying sequence data. During the evaluation process on simulated aDNA sequences we also
observed that the HLA allele calls obtained with the TARGT pipeline achieved high accuracy even in samples
whose HLA alleles are not included in the original HLA reference file. These results show that our new approach
has the potential to detect unknown alleles, such as extremely rare alleles that are currently absent in the HLA
reference database or alleles that were present in the past but no longer exist in modern populations.

We then also applied our pipeline to a subset of the 1000 Genomes Project samples in order to test its appli-
cability for shotgun sequence data of modern DNA from population genomic projects. Modern DNA usually
exhibits no degradation or extensive fragmentation, thus yielding much longer sequence reads and more even
coverage, making allele calling much easier. Consequently, we observed a much higher success rate (100% at the
1% field; 90% at the 2™ field level of resolution) compared with both the empirical and simulated ancient datasets
(Table 5). These results, together with the high accuracy rate observed (99% at the 1% field level; 97% at 2" field
level), suggest that the TARGT pipeline, originally developed to define HLA alleles in aDNA samples, can also be
successfully applied to shotgun sequence data from modern DNA.

The pipeline includes a pre-processing part with several automated steps essential for the analysis of any
next-generation sequencing data: quality control, adapter clipping, and merging of paired reads (Fig. 1). This
part is optional and can be applied if raw sequence data is to be used for HLA analysis. However, if WGS/WES
shotgun data has already been quality-checked and trimmed for other purposes, this can also be used directly as
input data for the TARGT pipeline, which would then start with the mapping and sorting steps (Fig. 1). Important
in the latter case is the awareness that duplicate reads will likely have been removed during quality filtering. For
modern sequence data with decent coverage, this might not be a problem, but for data from aDNA, information
about read abundance can be an important parameter during allele calling. In this case, it might be advisable to
start the pipeline on the raw data instead, and redo the quality filtering specifically with the TARGT pipeline,
not discarding duplicate reads. For the mapping step, it is also recommended to carefully consider the optimal
mismatch threshold for successful mapping of reads to the HLA reference. A very stringent threshold (e.g. 0%
mismatch allowed) will lead to individual reads mapping to fewer HLA loci/alleles in the reference and thus pro-
vide less ambiguous read data for allele calling. However, such a stringent threshold might also lead to missing
of novel/unknown alleles in a sample, as their specific reads might not map well enough to any known allele and
thus would be thrown out. This trade-off should be considered for each given dataset/project, and it might be
advisable to run the pipeline multiple times with different thresholds in order to detect the presence of unknown
alleles. The default threshold of 1% mismatch balances this trade-off and appears to be a good starting point for
most datasets in our experience. The subsequent visual inspection of HLA sequence reads is a critical step for
the correct calling of HLA alleles, especially with aDNA samples where miscoding lesions and fragmentation, in
combination with the high density of SNPs and paralogous sequences naturally present in the HLA region, can
easily lead to incorrect allele calls. The manual identification of HLA alleles allows detection of small differences
between alleles and was successful in detecting novel HLA variants in our evaluation. Furthermore, discrepancies
between different PCR-based methods routinely used for HLA typing have been observed®, highlighting that
inaccurate HLA allele calls could be a problem also in case of modern samples. In this context, we have shown
that our approach successfully identifies incorrect genotypes and thus allows validation of HLA allele calls from
other, even more established, methods.

Despite the advantage of reaching high accuracy by preventing low quality/confidence allele calls, we recog-
nize that our approach can be time-consuming and that the visual inspection of the sorted reads might depend on
the experience of individual researchers. However, in a previous study on medieval leprosy victims, it was shown
that the results of the TARGT pipeline, including the manual allele call by different researchers, were highly
reproducible, reaching >99% reproducibility at the nucleotide level**. Eventually, every genotyping approach has
its advantages and disadvantages, and it has proven difficult to establish a single best-performing method among
the growing number of available computational tools for HLA typing®. In such a situation, the most appropriate
approach would be to use consensus information that integrates results from different complementary methods.
In this context, the TARGT pipeline has a true advantage by providing an independent, non-automated allele call
that includes visual inspection of the underlying sequence data and intuitive feedback about the reliability of the
call (also with regard to calls from other methods that use the same sequence data).

Our results show that the TARGT pipeline is an accurate method for HLA genotyping in case of low-coverage
shotgun sequence data. The pipeline also allows for the detection of unknown alleles that are not included in
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the original HLA reference database. The observed solid performance demonstrates that TARGT is a reliable
approach to accurately genotype HLA genes in ancient and modern DNA samples. The pipeline has already been
applied successfully to a dataset of medieval European samples, associating HLA variability with susceptibility to
leprosy*, and indicating its applicability to study the evolution of human resistance or susceptibility to pathogens
in historical populations. In addition, the pipeline could be employed to explore HLA allele frequency changes
through time, when temporal sample series are available®, thus providing a deeper understanding of HLA genetic
variation through human history.

Methods

HLA typing from shotgun sequence data (TARGT pipeline). HLA reference file for read mapping. A
key component of the TARGT pipeline is a comprehensive HLA reference file containing all known nucleotide
sequence variants of the exons coding for the peptide-binding groove of the classical class I (exons 2 and 3;
HLA-A, HLA-B, HLA-C) and class Il HLA genes (exon 2; HLA-DRB1, HLA-DQA1, HLA-DQB1, HLA-DPA,
HLA-DPBI). This reference allows differentiation of HLA alleles at up to 3™ field (6-digit) resolution using the
G-group nomenclature. The G-group nomenclature groups together HLA alleles whose peptide-binding domains
are identical at the nucleotide level (and thus also at the protein level*”). The reference also contains correspond-
ing sequence variants for non-classical HLA genes, to avoid mis-mapping and misidentification of reads, due
to paralogous sequence similarity. To build this reference, nucleotide coding sequences were downloaded from
the IMGT/HLA database® (accessed 28 July 2015) for the following loci: HLA-A, -B,-C, -E, -E, -G, -H, -], -K, -L,
-U, -V, -DQAL, -DQBI, -DRA, -DRB1, -DRB3, -DRB4, -DRBS5, -DRB6, -DRB7, -DRB9, -DPA1, -DPB1. Exon
sequences of HLA-DQB2 from the human reference genome (not represented in the IMGT/HLA fasta files),
was also included, again to preclude misidentification of its reads as HLA-DQB1 variants. Alignment of selected
nucleotide sequences was then performed individually for each locus using the program muscle* v3.8. Gaps
caused by rare non-functional alleles were removed as well as overhangs upstream and downstream of the exons
of interest. Redundant sequence variants that are identical within the exons of interest were also removed (fol-
lowing the G-group nomenclature). One hundred nucleotides (Ns) were introduced upstream and downstream
of all sequences, while 20 Ns were introduced between exon 2 and 3 for class I loci in order to allow for mapping
of reads crossing the exon-intron border, as the intron sequences for most alleles are not available from the
IMGT/HLA database. All aligned sequences were combined into one FASTA file, which was finally indexed using
Bowtie2 to produce the final HLA reference file.

Read mapping. 'The standard input for the TARGT pipeline is qc-filtered and adapter-trimmed short-read
sequence data in fastq format. The first step maps the sequence reads of the sample to the HLA reference file using
Bowtie2* v2.2.7 in local alignment mode. Bowtie2 allows mapping of both merged reads and separate paired-end
reads. By using the ‘-a reporting mode’, we allow each read to map against multiple alleles in the reference, which
is crucial because of the expected ambiguous mapping of most reads. To achieve a maximum mismatch threshold
of 1%, the minimal alignment score was set to —score-min L,0,0.99, while keeping the local alignment matching
bonus setting of -ma 1, and the maximum (MX) and minimum (MN) mismatch penalties equal to -mp 0,0.
Allowing for 1% mismatch represents a balanced trade-off between mapping sensitivity and specificity, while
at the same time enabling the identification of unknown alleles (not present in the reference file). However, this
mismatch threshold can be varied, and should be carefully chosen with regard to the specific study question (see
discussion).

Automated read sorting. Output from mapping with Bowtie2 contains reads that aligned best exactly one time
to the HLA reference file as well as ambiguous reads i.e. reads that map equally well to multiple alleles in the
reference. Such ambiguous reads can map to multiple alleles of the same locus and to alleles from different loci.
In the latter case, multiple instances of the same read sequence, one for each distinct mapping locus, are stored
in the resulting alignment. The mapping information from the Bowtie2 output is processed with a Perl script
(included in the pipeline scripts on Sourceforge). During this processing procedure, identical reads, representing
PCR duplicates of the same DNA fragment, are collapsed and their absolute frequency is noted. For each read, the
number of duplicates as well as the mapped locus name(s) and number of alleles per locus are stored in the read’s
fasta tag. Read sequences are then grouped by locus and saved into a FASTA file in a specific format: sequences
are ordered, in ascending order, according to the number of genes they map to and then sorted by the starting
position within the corresponding locus so that they follow the sequence orientation along the locus of interest
(Figure S6). The thus generated locus-specific FASTA files can then be inspected for manual allele calling using a
sequence alignment editor.

Manual read sorting and allele calling.  For the manual read analysis and allele calling, we use the freely available
and versatile sequence alignment editor BioEdit*° v7.2.565, which permits visual inspection and manipulation of
sequence reads. However, in principle, any sequence alignment editor can be used for this purpose as long as it
facilitates the steps described here. The locus-specific FASTA files generated by the above Perl script were opened
in BioEdit and consensus sequences of the allele combinations present in each sample were generated. First, by
visually inspecting sequence identity among reads, true SNPs (identifying the true alleles) were distinguished
from PCR/sequencing errors. Sequence reads representing the possible alleles were then identified and sorted
into blocks of reads belonging to the same allele (Figure S6). Here, reads were prioritized that map uniquely to
the locus of interest, and/or that were represented by multiple exact PCR duplicates (less likely to represent PCR/
sequencing errors). Overlapping reads that shared the same combination of variations were collapsed into a con-
sensus sequence. To identify matching alleles, consensus sequences were compared to a reference alignment of
all known 4-digit alleles of the corresponding HLA locus. Such comparison was performed first focusing on an
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established set of ‘common and well-documented’ HLA alleles®'. If the consensus sequences perfectly matched
one or more alleles from that set, we did not look for additional matches in the rarer alleles; otherwise, the full set
of all known alleles of that locus was screened for best-matching sequences. The full nucleotide sequence of the
identified allele was finally compared to the read alignment to confirm that the allele call was indeed supported
by all high confidence reads. In case of several equally well matching alleles belonging to the same two-digit allele
group (e.g. because of incomplete coverage), only the 1* field (two-digit) allele name was reported.

Sequence data from historical samples. Historical samples. 'The human skeletal remains whose DNA
was analyzed in this study were obtained from the medieval cemetery of St. Jorgen/Denmark. Sixty-eight indi-
viduals were considered for this study, ranging in age from 1270 to 1536 AD, with most of the individuals falling
between 1270 and 1400 AD?*. Sample processing, DNA extraction and DNA library preparation have previously
been described in Krause-Kyora et al.**. DNA extractions and pre-PCR steps were performed in clean room
facilities dedicated to aDNA research, following the guidelines on contamination control in aDNA studies®>->4,
For each sample, two different double-stranded DNA sequencing libraries (UDG-treated and non-UDG-treated)
were prepared. Both UDG-treated and non-UDG-treated libraries underwent paired-end shotgun sequencing
carried out on the Illumina HiSeq 2500 (2 x 125bp) and HiSeq 4000 (2 x 75bp) platform at the Institute of
Clinical Molecular Biology, Kiel University, using the HiSeq v4 chemistry and the manufacturer’s protocol for
multiplex sequencing.

HLA target-enrichment for historical samples. UDG-treated libraries were enriched for DNA from the classical
class I (HLA-A, HLA-B, HLA-C) and class I HLA genes (HLA-DRBI, HLA-DQAI, HLA-DQBI1, HLA-DPA,
HLA-DPB1), using a custom bait library designed by Wittig et al.”>. The HLA capture probes have been orig-
inally created considering the full list of available cDNA and gDNA sequences from the IMGT/HLA reference
database’ (i.e. 8,159 alleles), which resulted in a total of 16,351 distinct RNA baits, covering a cumulative target
genomic sequence of 215.5 kb?*. The in-solution targeted capture has been performed using the SureSelectXT
Target Enrichment System (Illumina) for the Illumina paired-end multiplexed sequencing library (version B4,
August 2015). For each capture reaction, up to four UDG-treated libraries have been pooled. The hybridization
reaction required 800 ng of library DNA per pool in a volume of 3.4 uL. As the UDG-treated libraries were already
indexed during library preparation, the 12 cycles of post-capture PCR was performed using 1 uL of each IS5 and
IS6 primers (100 uM). According to the protocol, the resulting amplified captured libraries were purified using
the AMPure XP beads, while quality assessment was performed on the Agilent 2100 Bioanalyzer with the High
Sensitivity DNA Assay. Finally, sequencing was done on the Illumina HiSeq 4000 (2 x 75 cycles) platform at the
Institute of Clinical Molecular Biology, Kiel University, using the HiSeq v4 chemistry and the manufacturer’s
protocol for multiplex sequencing.

Data preprocessing for historical samples. HTS data sets generated for the sixty-eight individuals from St. Jorgen
were pre-processed (adapter clipping, merging, trimming) using ClipAndMerge (version 1.7.3) from the EAGER
pipeline®. During the adapter clipping step, adapters were excluded when present in the sequence, while reads
with fewer than 25 nucleotides after adapter clipping or containing only adapters sequences were removed. In
the merging step, all remaining paired reads were merged with a minimum overlap of 10 nucleotides and at
most 5% mismatches in the overlap region. In the final quality trimming phase, all nucleotides with Phred scores
smaller than 20 were trimmed from the 3’ end of each read, while sequences shorter than 25 nucleotides after
quality trimming were removed. In order to evaluate postmortem DNA damage signatures, using mapDamage
v2.0.6%, shotgun sequencing data from both UDG-treated and non-UDG-treated libraries were aligned against
the H. sapiens reference genome hg38 (GRCh38) using Bowtie2*’ v2.2.7, in a semi-global alignment mode and
with default parameters, as described in Krause-Kyora et al.**. Read duplicates were not removed during the
pre-processing and quality filtering steps, as read redundancy information is used during manual HLA allele call
for identifying sequencing artifacts. Endogenous DNA content, percentage of reads aligning to HLA genes as
well as coverage and read depth over the HLA genes were quantified on both the original UDG shotgun libraries
and the HLA-enriched UDG shotgun libraries. Endogenous percentage was measured by the proportion of reads
mapping to the human reference genome over the total amount of reads. Percentage of reads aligning to HLA
genes was calculated as the proportion of reads mapping to the HLA reference over the total amount of reads.
Fold-enrichment was calculated by dividing the number of on-target reads, i.e. reads mapping to the HLA refer-
ence, from HLA-enriched libraries by the number of on-target reads from pre-capture shotgun libraries; when
the denominator was 0 the number of on-target HLA reads from enriched libraries has been assigned. Coverage
was calculated as the proportion of covered sites at each locus. Because of the extensive number of reads mapping
to multiple HLA loci, read depth (i.e. number of times a base at a given locus is sequenced) has been calculated
weighing the read length for the number of loci that each read would map to. Also, to exclude reads containing
PCR/technical duplicates, we considered each read with the same starting and ending position only once. Average
HLA coverage and average HLA read depth are the mean of coverage and read depth calculated across the 6
investigated class I (HLA-A, -B, -C) and class II (HLA-DRBI, -DQB1, -DPB1) genes.

Statistical analysis for historical samples. ~ Allele frequencies in historical samples for class I genes (HLA-A, -B
and -C) at the 1% field level and 2™ field level of resolution were obtained by direct counting. Pairwise estimates
of nonrandom associations between each pair of HLA loci, i.e. linkage disequilibrium (LD), as well as frequent
haplotypes in high LD were determined using PyPop™ with defaults settings. PyPop is a software pipeline, orig-
inally developed for the analysis of highly polymorphic human leukocyte antigen (HLA) data, and thus useful
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to perform genetic statistics from multilocus genotype. Overall LD between pairwise HLA genes was defined
through two measures. The first one is the normalized Hedrick’s D’ statistic (D’) which weights the LD contribu-
tion of specific allele pairs by the product of the allele frequencies at each locus®®. The second one is the Cramer’s
V statistic (W,) which defines the normalization between zero and one of the chi-square statistic for deviations
between observed and expected haplotype frequencies®. The normalized LD values (D’ and W,) range between 0
and 1. The permutation distribution of the likelihood-ratio test has been used to test the significance of the overall
LD between pairwise HLA genes®®. Two- and three-locus haplotype frequencies were estimated from the ancient
genotypic data, using the iterative expectation-maximization (EM) algorithm®%°. The analyses were done remov-
ing individuals with NA at all loci while keeping only allele calls that reached the 2" field level of resolution.

Allele call comparison to OptiType pipeline. To compare the allele call results obtained with the TARGT pipeline
with an independent method, sequence data of the historical samples were also analyzed using OptiType®? v1.3.1.
The OptiType pipeline in its present form allows only analysis of HLA class I loci. Results of the genome-wide
alignment against the human reference were used as input and FASTQ files were generated from aligned BAM
files using samtools. OptiType was then applied in DNA mode with default settings.

Sequence data from simulated aDNA samples. To validate our HLA genotyping pipeline, we gener-
ated simulated aDNA data from genomes with known HLA variants. For this, we first created seven unique MHC
haplotypes containing known HLA-B and -DRBI alleles. The nucleotide sequence of the classical MHC region
(chr6: 29,640,000-33,120,000)%' was downloaded from the UCSC Genome Browser, using the human reference
genome GRCh38. The exons forming the variable region in the peptide binding groove (i.e. exon 2 and 3 for
the HLA-B locus and exon 2 for the HLA-DRBI1 locus) of known alleles were first aligned and then manually
edited using BioEdit™; thus creating haplotypes with different alleles from the reference genome. Additionally,
‘de-novo mutations’ were introduced in two out of seven haplotypes: in the first haplotype, a point mutation was
introduced at each locus (HLA-B and -DRB1); while in the second haplotype a point mutation was introduced
only at the HLA-DRB1 locus. The 7 unique HLA haplotypes were then combined in six different diploid combi-
nations of heterozygous genotypes (Table S14). Typical bias observed in aDNA samples (fragmentation and dam-
age patterns) were then introduced using the program gargammel®. For each genotype, we created five aDNA
paired-end read datasets with increasing read depth (1%, 5x, 10x%, 30X, 60x), for a total of 30 simulated aDNA
samples. In simulating DNA fragmentation, fragment size was calculated considering the average fragment length
observed in the set of medieval European samples tested in this study. In the same way, deamination patterns and
base content profile were also obtained from one of the investigated ancient samples (G507). One of the advan-
tages of the capture approach is that it can drastically reduce the extensive microbial contamination often present
in ancient samples; we thus did not introduce microbial contamination while simulating the ancient HLA regions.
Ideally, the assessment of the ancient origin of DNA sequences can be evaluated, and ancient samples suspected
to contain human contamination should be excluded from the analysis. Because of that, human contamination
was also not introduced in our simulated samples. To avoid any observer bias in the allele call of simulated aDNA
samples, the HLA genotyping was performed by two independent researchers that were not aware of the specific
alleles introduced in the simulated samples.

Modern sequence data from 1000 Genomes Project. In order to assess the applicability of our pipe-
line for shotgun sequence data from modern samples, we used whole-exome shotgun sequence data from the
1000 Genomes Project®. Paired-end sequencing datasets from 31 individuals of diverse ancestry (8 Africans, 8
East Asians, 7 Americans, and 9 Europeans) were downloaded from the 1000 Genomes Project database (phase
3) (Table S15). Only samples with available SBT-based HLA genotype information published in Gourraud et al.”®
were included (Tables S16 and S17).

Evaluation of HLA allele calling pipeline.  To assess the reliability of the TARGT pipeline, three different
measures were defined. The success rate quantifies the proportion of cases where an allele call was possible, in
both the empirical datasets (historical samples and 1000 Genomes samples) as well as in the simulated aDNA
samples. It was defined as the ratio between the number of called alleles provided by our approach and the total
number of the alleles assayed (two per locus and sample). The success rate reported here can be considered con-
servative since ambiguous results (i.e. allele call with several equally well matching alleles belonging to different
two-digit allele groups) were reported as NA (allele call ‘not available’). The measure of agreement was used to
compare the allele calls from two independent methods. It was calculated as the proportion of identical alleles
typed using the two approaches over the total number of the alleles called, thus excluding alleles for which allele
call was not possible in one or both approaches. The accuracy rate was used to assess the confidence of HLA gen-
otypes provided with our approach, when HLA alleles were known a priori, as in the case of the simulated ancient
samples, or when HLA alleles have been previously typed with different approaches in the case of 1000 Genomes
samples. It was calculated as the proportion of correctly called alleles over the sum of correctly and incorrectly
called alleles; also in this case non-possible allele calls were excluded.

Data availability

Pipeline scripts together with instructions and ancillary files are freely available online (https://targt-pipeline.
sourceforge.io/). Sequence data were obtained from Krause-Kyora et al.?* and are accessible in the European
Nucleotide Archive under accession no. ERP021830 (https://www.ebi.ac.uk/ena/data/view/PRJEB19769).
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The Severe Covid-19 GWAS Group*

ABSTRACT

BACKGROUND

There is considerable variation in disease behavior among patients infected with
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the virus that
causes coronavirus disease 2019 (Covid-19). Genomewide association analysis may
allow for the identification of potential genetic factors involved in the development
of Covid-19.

METHODS

We conducted a genomewide association study involving 1980 patients with
Covid-19 and severe disease (defined as respiratory failure) at seven hospitals in
the Italian and Spanish epicenters of the SARS-CoV-2 pandemic in Europe. After
quality control and the exclusion of population outliers, 835 patients and 1255
control participants from Italy and 775 patients and 950 control participants from
Spain were included in the final analysis. In total, we analyzed 8,582,968 single-
nucleotide polymorphisms and conducted a meta-analysis of the two case—control
panels.

RESULTS
We detected cross-replicating associations with rs11385942 at locus 3p21.31 and
with rs657152 at locus 9q34.2, which were significant at the genomewide level
(P<5x107®) in the meta-analysis of the two case—control panels (odds ratio, 1.77;
95% confidence interval [CI], 1.48 to 2.11; P=1.15x10"'%; and odds ratio, 1.32; 95%
CI, 1.20 to 1.47; P=4.95x10"%, respectively). At locus 3p21.31, the association signal
spanned the genes SLC6A20, LZTFL1, CCR9, FYCO1, CXCR6 and XCR1. The association
signal at locus 9q34.2 coincided with the ABO blood group locus; in this cohort, a
blood-group—specific analysis showed a higher risk in blood group A than in other
blood groups (odds ratio, 1.45; 95% CI, 1.20 to 1.75; P=1.48x10"*) and a protective
effect in blood group O as compared with other blood groups (odds ratio, 0.65;
95% CI, 0.53 to 0.79; P=1.06x10").

CONCLUSIONS
We identified a 3p21.31 gene cluster as a genetic susceptibility locus in patients
with Covid-19 with respiratory failure and confirmed a potential involvement of the
ABO blood-group system. (Funded by Stein Erik Hagen and others.)
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GWAS OF SEVERE COVID-19 WITH RESPIRATORY FAILURE

EVERE ACUTE RESPIRATORY SYNDROME
coronavirus 2 (SARS-CoV-2) was discov-
ered in Wuhan, China, in late 2019, and
coronavirus disease 2019 (Covid-19), the disease
caused by SARS-CoV-2, rapidly evolved into a
global pandemic.! As of June 15, 2020, there
were more than 8.03 million confirmed cases
worldwide, with total deaths exceeding 436,900.
In Europe, Italy and Spain were severely affected
early on, with epidemic peaks starting in the
second half of February 2020 (Fig. 1) and 61,507
deaths reported by June 15, 2020. Covid-19 has
varied manifestations,®> with the large majority
of infected persons having only mild symptoms
or even no symptoms.* Mortality rates are driven
predominantly by the subgroup of patients who
have severe respiratory failure related to intersti-
tial pneumonia in both lungs and acute respira-
tory distress syndrome.’ Severe Covid-19 with re-
spiratory failure requires early and prolonged
support by mechanical ventilation.®
The pathogenesis of severe Covid-19 and the
associated respiratory failure is poorly understood,
but higher mortality is consistently associated with
older age and male sex.”® Clinical associations
have also been reported for hypertension, diabe-
tes, and other obesity-related and cardiovascular
disease traits, but the relative role of clinical risk
factors in determining the severity of Covid-19
has not yet been clarified.”™ Observational data
on lymphocytic endotheliitis and diffuse micro-
vascular and macrovascular thromboembolic com-
plications suggest that Covid-19 is a systemic
disease that involves injury to the vascular endo-
thelium but provide little insight into the under-
lying pathogenesis.'*™ At the peak of the epidemic
in Italy and Spain in early 2020, we performed a
genomewide association study (GWAS) in an at-
tempt to delineate host genetic factors contribut-
ing to severe Covid-19 with respiratory failure.
The relatively low disease burden of Covid-19 in
Norway and Germany allowed for a complemen-
tary team to be set up, whereby genotyping and
analysis could occur in parallel with the rapid
recruitment of patients in the heavily affected
Italian and Spanish epicenters.

METHODS

STUDY PARTICIPANTS AND RECRUITMENT

We recruited 1980 patients with severe Covid-19,
which was defined as hospitalization with respi-
ratory failure and a confirmed SARS-CoV-2 viral

RNA polymerase-chain-reaction (PCR) test from
nasopharyngeal swabs or other relevant biologic
fluids, cross sectionally, from intensive care units
and general wards at seven hospitals in four cities
in the pandemic epicenters in Italy and Spain
(Table S1A in Supplementary Appendix 1, avail-
able with the full text of this article at NEJM.org).
The hospitals in Italy were the following: Fon-
dazione IRCCS Cd Granda Ospedale Maggiore
Policlinico in Milan (597 patients); Humanitas
Clinical and Research Center, IRCCS, in Milan
(154 patients); and UNIMIB (Universita degli Studi
di Milano-Bicocca) School of Medicine, San Ge-
rardo Hospital, in Monza (a suburb of Milan)
(200 patients). The hospitals in Spain were the
following: Hospital Clinic and IDIBAPS (Insti-
tuto de Investigaciones Biomédicas August Pi i
Sunyer) in Barcelona (56 patients), Hospital Uni-
versitario Vall d’Hebron in Barcelona (337 pa-
tients), Hospital Universitario Ramon y Cajal in
Madrid (298 patients), and Donostia University
Hospital in San Sebastian (338 patients).

Respiratory failure was defined in the simplest
possible manner in order to ensure feasibility: the
use of oxygen supplementation or mechanical
ventilation, with severity graded according to the
maximum respiratory support received at any
point during hospitalization (supplemental oxy-
gen therapy only, noninvasive ventilatory support,
invasive ventilatory support, or extracorporeal
membrane oxygenation). For severity assessments,
severity was also dichotomized as no mechani-
cal ventilation or mechanical ventilation. Whole-
blood samples or buffy coats from diagnostic
venipuncture were obtained for DNA extraction.

For comparison, we included 2381 control
participants from Italy and Spain (Table S1B in
Supplementary Appendix 1). We recruited 998
randomly selected blood donors at Fondazione
IRCCS C4d Granda Ospedale Maggiore Policlinico,
Milan, who underwent genotyping for the pur-
pose of the present study. A total of 40 of these
participants had evidence of the development of
anti-SARS-CoV-2 antibodies, all of whom had
mild or no Covid-19 symptoms. We also included
two control panels with genotype data derived
from previous studies and from persons with
unknown SARS-CoV-2 infection status using the
same genotyping array. The panels included
396 healthy volunteers, blood donors, and outpa-
tients of gastroenterology departments in Italy®
and 987 healthy blood donors in San Sebastian,
Spain.
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ETHICS COMMITTEE APPROVAL

The project protocol involved the rapid recruitment
of patient-participants and no additional project-
related procedures (we primarily used material
from clinically indicated venipunctures) and af-
forded anonymity, owing to the minimal data set
collected. Differences in recruitment and consent
procedures among the centers arose because
some centers integrated the project into larger
Covid-19 biobanking efforts, whereas other cen-
ters did not, and because there were differences
in how local ethics committees provided guidance
on the handling of anonymization or deidentifica-
tion of data as well as consent procedures. Writ-
ten informed consent was obtained, sometimes
in a delayed fashion, from the study patients at
each center when possible. In some instances,
informed consent was provided verbally or by the
next of kin, depending on local ethics committee
regulations and special policies issued for Covid-19
research. For some severely ill patients, an exemp-
tion from informed consent was obtained from
a local ethics committee or according to local
regulations in order to allow the use of com-
pletely anonymized surplus material from diag-
nostic venipuncture.

The following approvals of the project were
obtained from the relevant ethics committees:
Germany: Kiel (reference number, D464/20); Italy:
Fondazione IRCCS C4 Granda Ospedale Maggiore
Policlinico (reference numbers, 342_2020 for pa-
tients and 334-2020 for control participants),
Humanitas Clinical and Research Center, IRCCS
(reference number, 316/20), the University of Mi-
lano—-Bicocca School of Medicine, San Gerardo
Hospital, Monza (the ethics committee of the
National Institute of Infectious Diseases Lazzarro
Spallanzani reference number, 84/2020); Norway:
Regional Committee for Medical and Health Re-
search Ethics in South-Eastern Norway (reference
number, 132550); Spain: Hospital Clinic, Barce-
lona (reference number, HCB/2020/0405), Hospital
Universitario Vall d’Hebron, Barcelona (reference
number, PR[AG]244/2020), Hospital Universitario
Ramon y Cajal, Madrid (reference number, 093/20)
and Donostia University Hospital, San Sebastian
(reference number, PI12020064).

SAMPLE PROCESSING, GENOTYPING, AND IMPUTATION

We performed DNA extraction using a Chemagic
360 (PerkinElmer) with the use of the low-volume
kit CMG-1491 and the buffy-coat kit CMG-714

(Chemagen), respectively. For genotyping, we used
the Global Screening Array (GSA), version 2.0
(Illumina), which contains 712,189 variants be-
fore quality control. Details on genotyping and
quality-control procedures are provided in the
Supplementary Methods section in Supplemen-
tary Appendix 1. To maximize genetic coverage,
we performed single-nucleotide polymorphism
(SNP) imputation on genome build GRCh38 us-
ing the Michigan Imputation Server and 194,512
haplotypes generated by the Trans-Omics for Preci-
sion Medicine (TOPMed) program (freeze 5).1°

After the exclusion of samples during quality
control (the majority of which were due to popu-
lation outliers; see the Supplementary Methods
section and Table S1B and S1C), the final case—
control data sets comprised 835 patients and
1255 control participants from Italy and 775
patients and 950 control participants from
Spain. A total of 8,965,091 SNPs were included
in the Italian cohort and 9,140,716 SNPs in the
Spanish cohort.

STATISTICAL ANALYSIS

To take imputation uncertainty into account, we
tested for phenotypic associations with allele dos-
age data separately for both the Italian and
Spanish case—control panels with the use of the
PLINK logistic-regression framework for dosage
data (PLINK, version 1.9). We carried out two
genomewide tests of association that included
covariates from principal-component analyses,
with adjustments to control for potential popu-
lation stratification (main analysis) and poten-
tial population stratification and age and sex
bias (analysis corrected for age and sex). A fixed-
effects meta-analysis was conducted with the use
of the meta-analysis tool METAL® on 8,582,968
variants that were common to both the Italian
and Spanish data sets with the use of effect-size
estimates and their standard errors from the study-
specific association analyses.

For the genomewide meta-analysis, we used
the commonly accepted threshold of 5x1078 for
joint P values to determine statistical significance.
Bayesian fine-mapping analysis was performed
for loci reaching genomewide significance (see the
Supplementary Methods section). Genomewide
summary statistics of our analyses are publicly
available through our web browser (www.c19
-genetics.eu) and have been submitted to the
European Bioinformatics Institute (www.ebi.ac
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oxygenation, and IQR interquartile range.

.uk/gwas; accession numbers, GCST90000255 and
GCST90000256).

On the basis of the results from the TOPMed
genotype imputation, we selected three ABO SNPs
(rs8176747, rs41302905, and rs8176719)% to in-
fer the ABO blood type and calculated odds ratios
according to blood type (A vs. B, AB, or O; B vs.
A, AB, or O; AB vs. A, B, or O; and O vs. A, AB,
or B) (see the Supplementary Methods). To assess
in detail the HLA complex at locus 6p21, we per-
formed sequencing-based HLA typing of seven
classical HLA loci (HLA-A, -C, -B, -DRBI, -DQA1,
-DQBI, and -DPBI) in a subgroup of 835 patients
and 891 control participants from Italy and 773
patients from Spain (see the Supplementary Meth-
ods). We also assessed allelic distribution accord-
ing to no mechanical ventilation (supplemental
oxygen only) as compared with mechanical venti-
lation of any type. A similar assessment was
made for lead SNPs rs11385942 and rs657152 at
loci 3p21.31 and 9q34.2, respectively.

RESULTS

PATIENTS, GENOTYPING, AND QUALITY CONTROL
The milestones of the study in the context of the
peak outbreaks in Italy and Spain are shown in
Figure 1. Data on the age, sex, maximum respira-
tory support at any point during hospitalization,
and relevant coexisting conditions (type 2 diabe-
tes, hypertension, and coronary heart disease) in
the patients who were included in the final analy-
sis are shown in Table 1 and in Table S2 in Supple-
mentary Appendix 1. Because we used the same
genotyping platform (GSA) to obtain both data
sets, we were able to perform a uniform quality
control of the merged Italian and Spanish SNP
data sets, thus reducing technical confounders to
a minimum. A quantile—quantile (Q-Q) plot of the
two meta-analyses (the main analysis and the
analysis corrected for age and sex) showed sig-
nificant associations in the tail of the distribution
with minimal genomic inflation A,=1015 for
main analysis and A,,=1.006 for analysis correct-
ed for age and sex) (Fig. S2 in Supplementary Ap-
pendix 1). We also carried out separate association
analyses for the Italian and Spanish data sets (see
the Supplementary Methods section and Fig. S3).

GENOMEWIDE ASSOCIATION ANALYSIS
We found two loci to be associated with Covid-19-
induced respiratory failure with genomewide sig-
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Figure 2. GWAS Summary (Manhattan) Plot of the Meta-analysis Association Statistics Highlighting Two Susceptibility Loci with Genomewide

Shown is a Manhattan plot of the association statistics from the main meta-analysis (controlled for potential population stratification).

The red dashed line indicates the genomewide significance threshold of a P value less than 5x107%. Figure S6 in Supplementary Appen-
dix 1 shows Manhattan plots that include hits passing a suggestive significance threshold of a P value less than 1x10~° (total of 24 addi-
tional suggestive genomic loci) (see the Supplementary Methods section and Supplementary Appendix 4).

nificance (P<5x107%) in the main meta-analysis:
the rs11385942 insertion—deletion GA or G vari-
ant at locus 3p21.31 (odds ratio for the GA allele,
1.77; 95% confidence interval [CI], 1.48 to 2.11;
P=1.15x10"1°) and the rs657152 A or C SNP at
locus 9q34.2 (odds ratio for the A allele, 1.32;
95% CI, 1.20 to 1.47; P=4.95x10"®) (Fig. 2 and
Table 2 and Supplementary Appendix 2, available
at NEJM.org). Both loci showed nominally sig-
nificant association in both the Spanish and
Italian subanalyses (Table 2). The meta-analysis
association results for recessive and heterozygous
genetic models for the two meta-analyses (main
analysis and the analysis corrected for age and
sex) are provided in Supplementary Appendix 3,
available at NEJM.org. The imputation quality of
the associated markers was good (Table 2 and
Supplementary Appendix 2), and manual inspec-
tion of genotype cluster plots of genotyped SNPs
in these regions showed distinct genotype clouds
for homozygous and heterozygous calls (Fig. S4
in Supplementary Appendix 1). Furthermore, the
analyses that were corrected for age and sex cor-
roborated the observations at both rs11385942
(meta-analysis odds ratio, 2.11; 95% CI, 1.70 to
2.61; P=9.46x107'%) and rs657152 (meta-analysis
odds ratio, 1.39; 95% CI, 1.22 to 1.59; P=5.35x107)
(Table 2 and Fig. S5 in Supplementary Appendix 1).

The allele frequencies in Spanish and Italian
control data sets from previously published stud-
ies?™ are consistent with those we report here

(Supplementary Appendix 2). A further 24 differ-
ent genomic loci showed suggestive evidence
(P<1x10~°) for association with Covid-19—-induced
respiratory failure in the main analysis (Supple-
mentary Appendix 4, available at NEJM.org, and
Fig. S6 in Supplementary Appendix 1). Associa-
tion signals at loci 3p21.31 and 9q34.2 were fine-
mapped to 22 and 38 variants, respectively, with
greater than 95% certainty (Fig. 3A and 3B and
Supplementary Appendix 5, available at NEJM.org).

CHROMOSOME 3P21.31

The association signal at locus 3p21.31 com-
prised six genes (SLC6A20, LZTFL1, CCRY9, FYCOI,
CXCR6, and XCR1) (Fig. 3A). The risk allele GA of
rs11385942 is associated with reduced expression
of CXCR6 and increased expression of SLC6A20,
and LZTFLI is strongly expressed in human lung
cells (Fig. S7 and Supplementary Appendix 6,
available at NEJM.org). We found that the fre-
quency of the risk allele of the lead variant at
3p21.31 (rs11385942) was higher among patients
who received mechanical ventilation than among
those who received oxygen supplementation only
in both the main meta-analysis (odds ratio, 1.70;
95% CI, 1.27 to 2.26; P=3.30x10"*) and the me-
ta-analysis corrected for age and sex (odds ratio,
1.56; 95% CI, 1.17 to 2.01; P=0.003) (Supple-
mentary Appendix 7, available at NEJM.org). Fur-
thermore, the 19 patients who were homozygous
for the rs11385942 risk allele were younger than
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1591 patients who were heterozygous or homo-
zygous for the nonrisk allele (median age, 59 years
[interquartile range, 49 to 68] vs. 66 years [inter-
quartile range, 56 to 75]; P=0.005). Available vari-
ant database entries suggest that the frequency of
this risk allele varies among populations world-
wide (Fig. S8 in Supplementary Appendix 1).

ABO LOCUS
At locus 9q34.2 the association signal coincided
with the ABO blood group locus (Fig. 3B and Fig.
S9 in Supplementary Appendix 1). Accordingly,
the distribution of ABO blood groups (predicted
from combinations of genotypes of three different
SNPs) was skewed among patients with Covid-19
who had respiratory failure, as compared with the
distribution among control participants. In the
meta-analysis corrected for age and sex, we found
a higher risk among persons with blood group A
than among patients with other blood groups
(odds ratio, 1.45;95%CI, 1.20 t0 1.75; P=1.48x10"%)
and a protective effect for blood group O as com-
pared with the other blood groups (odds ratio,
0.65; 95% CI, 0.53 to 0.79; P=1.06x10"). Details
are provided in Supplementary Appendix 8, avail-
able at NEJM.org. Both associations and effect
directions were consistent in the separate Span-
ish and Italian case—control analyses. We found
no significant difference in blood-group distri-
bution between patients receiving supplemental
oxygen only and those receiving mechanical ven-
tilation of any kind. The ABO blood-group fre-
quency distributions in public registries are pro-
vided for comparison in Supplementary Appendix
8, along with details of the results presented
here, and corroborate our observations.

HLA ANALYSIS

Given its important role in several viral infec-
tions, we scrutinized the extended HLA region
(chromosome 6, 25 through 34 Mb). There were
no SNP association signals at the HLA complex
that met even the significance threshold of sug-
gestive association: P<1x10~ (Fig. S10 in Supple-
mentary Appendix 1). Dedicated analysis of the
classical HLA loci showed no significant allele
associations with either Covid-19 or disease se-
verity (oxygen supplementation only or mechan-
ical ventilation of any kind), and further analysis
of heterozygote and divergent allele advantage or
predicted number of HLA-bound SARS-CoV-2 pep-
tides did not show significant associations with

Covid-19 in this data set (see the HLA Analyses
section in Supplementary Appendix 1 and Sup-
plementary Appendix 9, available at NEJM.org).

DISCUSSION

Using a pragmatic approach with simplified in-
clusion criteria and a complementary team of clini-
cians at the European Covid-19 epicenters in Italy
and Spain and scientists in the less-burdened
countries of Germany and Norway, we performed
a GWAS that included de novo genotyping for
Covid-19 with respiratory failure in approxi-
mately 2 months. We detected a novel susceptibil-
ity locus at a chromosome 3p21.31 gene cluster
and confirmed a potential involvement of the
ABO blood-group system in Covid-19.

On chromosome 3p21.31, the peak association
signal covered a cluster of six genes (SLC6A20,
LZTFL1, CCRY, FYCO1, CXCR6, and XCR1), several
of which have functions that are potentially rel-
evant to Covid-19. A causative gene cannot be reli-
ably implicated by the present data. One candidate
is SLC6A20, which encodes the sodium-imino
acid (proline) transporter 1 (SIT1) and which func-
tionally interacts with angiotensin-converting en-
zyme 2, the SARS-CoV-2 cell-surface receptor.?®?
However, the locus also contains genes encod-
ing chemokine receptors, including the CC motif
chemokine receptor 9 (CCR9) and the C-X-C
motif chemokine receptor 6 (CXCR6), the latter
of which regulates the specific location of lung-
resident memory CD8 T cells throughout the
sustained immune response to airway patho-
gens, including influenza viruses.*® Flanking
genes (e.g., CCR1 and CCR2) also have relevant
functions,®! and further studies will be needed
to delineate the functional consequences of de-
tected associations.

The preliminary results from the Covid-19
Host Genetics Consortium® include suggestive
associations within the same locus at chromo-
some 3p21.31, which lend considerable support
to our findings (Fig. S11 in Supplementary Ap-
pendix 1). The consortium analysis also used
population-based controls, but the patients in-
cluded persons with mild Covid-19 and those
with severe Covid-19. The parallel findings nev-
ertheless underscore an important point about
the ascertainment of patients and controls in
genetic studies of Covid-19. Because the majority
of patients with SARS-CoV-2 infection are asymp-
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tomatic, any sample involving patients with a
positive nasopharyngeal RNA test is likely to
hold a bias toward some degree of symptomatic

the current study were a positive result for the
presence of SARS-CoV-2 according to PCR test-
ing and receipt of respiratory support (an ex-

burden. Two of the identifiers for inclusion in treme Covid-19 phenotype). As such, it seems
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Figure 3 (facing page). Regional Association Plots
of Susceptibility Loci Associated with Severe Covid-19
with Respiratory Failure.

Bayesian fine-mapping analysis prioritized 22 and 38
variants for loci 3p21.31 (Panel A) and 9q34.2 (Panel B),
respectively, with greater than 95% certainty. The link-
age disequilibrium values were calculated on the basis
of genotypes of the merged Italian and Spanish data
sets derived from TOPMed (Trans-Omics for Precision
Medicine) imputation. The positions in the genome as-
sembly hg38 are plotted. The recombination rate is shown
in centimorgans (cM) per million base pairs (Mb). The
plot shows the names and locations of the genes; the
transcribed strand is indicated with an arrow. Genes
are represented with intronic and exonic regions. The
purple diamond in each panel represents the variant
most strongly associated with severe Covid-19 and re-
spiratory failure.

reasonable to conclude that the chromosome
3p21.31 locus is involved in Covid-19 susceptibil-
ity per se, with a possible enrichment in patients
with severe disease. This latter interpretation is
supported by the significantly higher frequency
of the risk allele among patients who received
mechanical ventilation than among those who
received supplemental oxygen only as well as by
the finding of younger age among patients who
were homozygous for the risk allele than among
patients who were heterozygous or homozygous
for the nonrisk allele.

Nongenetic studies that were reported as pre-
prints*3* have previously implicated the involve-
ment of ABO blood groups in Covid-19 suscepti-
bility, and ABO blood groups have also been
implicated in susceptibility to SARS-CoV-1 infec-
tion.*® Our genetic data confirm that blood
group O is associated with a risk of acquiring
Covid-19 that was lower than that in non-O blood
groups, whereas blood group A was associated
with a higher risk than non-A blood groups.*3*
The biologic mechanisms undergirding these
findings may have to do with the ABO group per
se (e.g., with the development of neutralizing
antibodies against protein-linked N-glycans)* or
with other biologic effects of the identified vari-
ant,** including the stabilization of von Wille-
brand factor.***" The ABO locus holds consider-
able risk for population stratification,* which is
increased by the inclusion of randomly selected
blood donors in the current study (for which there
is an inherent risk of blood group O enrichment).
Alignment of the allele frequencies at the ABO

locus in our control population with those in
several non-blood-donor control populations
would suggest that this is not a major bias, and
at least one study** that tested for association
with blood type used disease controls with no
affiliation to blood donors.

The pragmatic aspects leading to the feasibil-
ity of this massive undertaking in a very short
period of time during the extreme clinical cir-
cumstances of the pandemic imposed limita-
tions that will be important to explore in follow-
up studies. For example, to enable the recruitment
of study participants, a bare minimum of clinical
metadata was requested. For this reason, exten-
sive genotype—phenotype elaboration of current
findings could not be conducted, and adjust-
ments for all potential sources of bias (e.g., un-
derlying cardiovascular and metabolic factors
relevant to Covid-19) could not be performed.
Furthermore, we have limited information about
the SARS-CoV-2 infection status in the control
participants; this concern is mitigated by the fact
that the presence of susceptible persons in the
control group would only bias the tests toward
the null. In addition, few restrictions were im-
posed during inclusion, which led to genotyped
samples having to be excluded owing to differ-
ing ethnic groups (population outliers). Further
exploration of current findings, both as to their
usefulness in clinical risk profiling of patients
with Covid-19 and toward a mechanistic under-
standing of the underlying pathophysiology, is
warranted.
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Figure S1. Distribution of the number of shared peptides among all pairs of pathogens (N=630).
For each pathogen pair, shared peptides represent the overlap between both pathogen
peptidomes.
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Figure S2. Experimental and computational promiscuity values are correlated for HLA-A
(Kendall’s tau = 0.51, p = 0.002) and HLA-B (Kendall’s tau = 0.37, p = 0.054) loci. Each dot
represents HLA-A (N = 19) and HLA-B (N = 15) variants for which sufficient experimental
data is available on the Immune Epitope Database. Computational promiscuity was calculated
as the fraction of the bound peptides among the complete dataset of 51.9 Mio peptides.
Experimental promiscuity was calculated based on the data from the Immune Epitope Database
as the fraction of positive binding assays among the total number of assays for each HLA allele.
Computational and experimental promiscuity values were normalized for comparison. Solid
red line represents significant correlation while dashed line represents positive trend. The HLA
alleles included in the analysis are A*01:01, A*02:01, A*02:02, A*02:03, A*02:06, A*03:01,
A*11:01, A*23:01, A*24:02, A*24:03, A*26:01, A*30:01, A*30:02, A*31:01, A*33:01,
A*68:01, A*68:02, A*69:01, A*80:01, B*07:02, B*08:01, B*15:01, B*15:17, B*18:01,
B*27:05, B*35:01, B*39:01, B*40:01, B*44:02, B*46:01, B*51:01, B*53:01, B*57:01,
B*58:01.
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Figure S3. Peptide sharing among human pathogens based on groups of peptides that are bound
by same set of HLA alleles. A total of 4,157,475 groups were analyzed and only 14.4% of these
groups were shared among pathogens. The pie chart represents the proportions of shared (N =
597,700) and unique (N = 3,559,775) groups of peptides while the bar chart shows the extent
of sharing across pathogen species for all shared peptide groups.
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Figure S4. Variation of promiscuity within and among MHC loci. The fraction of bound
peptides out of the complete set of unique peptides (N = 51,861,826 nine-mers) is shown for
common variants of the three HLA class I loci (HLA-A; n =82, HLA-B; n =180 and HLA-C;
n = 59). Each dot represents an HLA variant. Upper and lower edges of boxes correspond to
the first and the third quartiles of the data while whiskers extend up to the data at most 1.5 IQR
away from the edges of the box. Statistical significance from Wilcoxon rank sum test is
indicated: *** - p<0.001, ** - p<0.01, ns - p>0.05.
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Figure S5. Differences in promiscuity in comparison to phylogenetic distance between pairs of HLA
variants (HLA-A; n = 82, HLA-B; n = 180 and HLA-C; n = 59). Phylogenetic distance between each
pair is calculated as tip-to-tip distance in a phylogenetic tree. Promiscuity differences were calculated
for each pair as the ratio of the number of bound peptides of more promiscuous variant to the number
of bound peptides of the less promiscuous variant. Variant pairs were binned based on phylogenetic
distance for better visualization.
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Figure S6. Distribution of standardized binding proportions for (A) HLA-A (n = 82), (B) HLA-
B (n =180) and (C) HLA-C (n = 59) loci. The fraction of bound peptides from each pathogen

was normalized for each allele to obtain binding values (i.e. standardized binding proportions).
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Figure S7. Standardized proportions of bound peptides by each HLA variant (x-axis) (HLA-A:
n=82; HLA-B: n = 180; HLA-C: n = 59) from each pathogen (y-axis)(n = 36). Corresponding

HLA locus of each heatmap is written on the x-axis label.
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Figure S8. Specialization as a function of promiscuity in the simulated data. Each dot
corresponds to a simulated HLA variant. The number of bound peptides by each HLA variant
from each pathogen were simulated by using the observed promiscuity of an HLA variant as
the probability of binding a peptide. Specialization value of simulated HLA variants were
calculated in the same way as the real data (i.e. difference between the maximum and the
median values of standardized proportions of bound peptides). No significant correlation
between specialization and promiscuity were observed for any locus in the simulated data
(Kendall correlation, HLA-A: tau = 0.05 p = 0.54; HLA-B: tau = -0.02 p = 0.65; HLA-C: tau =
0.01 p=0.93).
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observed in at least three different pathogens. The ratio on the y-axis is expected to be one if
there is no tendency of alleles to bind either shared or unique peptides. ** - p<0.01, ns - p>0.05
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Table S1. Human pathogens used for the analysis. The asterisk (*) indicates that the pathogen

is used for the pairwise peptide sharing analysis in Figure 2.

Organism UniProt Date Number of | Number of
Proteome ID accessed proteins | nine-mers
Aeromonas hydrophila UP000000756 | 11.08.2018 4121 1330710
Bacillus anthracis (*) UP000000594 | 11.12.2018 5490 1375030
Bordetella pertussis (*) UP000002676 | 3.07.2018 3258 1013488
Clostridium tetani (*) UP000001412 | 3.07.2018 2415 780947
Corynebacterium diphtheriae (*) | UP000002198 | 3.07.2018 2265 701220
Entamoeba histolytica UP000001926 | 3.07.2018 7959 2972321
Epstein-Barr virus UP000153037 | 3.07.2018 92 39553
Francisella turarensis UP000001174 | 11.08.2018 1528 459802
Gardnerella vaginalis UP000001453 | 11.08.2018 1365 470742
Giardia intestinalis (*) UP000001548 | 3.07.2018 7154 3048781
Hepatitis B virus UP000007930 | 3.07.2018 7 1760
Hepatitis C virus UP000000518 | 3.07.2018 2 3154
HIV1 UP000002241 | 11.12.2018 9 3062
Influenza A virus UP000009255 | 3.07.2018 13 4508
Kingella kingae UP000004207 | 11.08.2018 2102 551780
Measles virus UP000008699 | 3.07.2018 8 4907
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Mumps virus UP000002331 | 11.12.2018 8 4759
Mycobacterium leprae (*) UP000000806 | 11.12.2018 1603 521894
Mycobacterium tuberculosis (*) UP000001584 | 12.06.2018 3993 1263777
Mycoplasma genitalium (*) UP000000807 | 11.12.2018 483 172194
Nocardia asteroids UP000017048 | 11.08.2018 6459 2018795
Plasmodium falciparum (*) UP000001450 | 16.06.2018 5449 3806032
Rabies virus UP000008649 | 3.07.2018 5 3570
Rickettsia prowazekii (*) UP000002480 | 11.08.2018 834 271251
Rubella virus UP000000571 | 3.07.2018 2 3162
Salmonella typhimurium (*) UP000001014 | 11.08.2018 4431 1341710
Schistosoma mansoni UP000008854 | 3.07.2018 11723 4939504
Streptococcus pneumonia (*) UP000002642 | 2.07.2018 2823 541479
Toxoplasma gondii UP000002226 | 3.07.2018 8404 6440952
Treponema pallidum (*) UP000000811 | 11.08.2018 1027 337608
Trichinella spiralis UP000006823 | 3.07.2018 16041 4319328
Trichomonas vaginalis UP000001542 | 3.07.2018 50190 11405499
Tropheryma whpplei UP000002200 | 11.08.2018 805 251906
Variola virus UP000002060 | 3.07.2018 199 52593
Vibrio cholera (*) UP000000584 | 2.07.2018 3783 1110752
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Yersinia pestis (*)

UP000000815

3.07.2018

3909

1193604
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Supplementary Figure S1. Nucleotide Diversity (pi) calculated per site for each population,
averaged over the HLA region (chr6:29mb-34mb) and the remainder of chromosome 6. SNP
data were LD pruned (583,063 chr6 SNPs vs 23,179 HLA-region SNPs). One thousand

genomes (1KG) populations were downsampled to n=15/population.
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Supplementary Figure S2: Loss of genetic diversity due to out-of-Africa bottleneck is less
severe for the MHC region compared to the entire chromosome 6. Left panel; Average per
site nucleotide diversity (pi) over the MHC region (chr6:29mb-34mb) or the remainder of
chromosome 6, calculated for each population. P-values denote two-sample t-tests (N=22).
Right panel; ratio of the average nucleotide diversity within the MHC region to the average
diversity within the remainder of chromosome 6, calculated for each population (N=22). The
ratio is significantly higher in non-African populations, indicating that the out-of-Africa
bottleneck has affected general genetic diversity (here calculated for chromosome 6) more

dramatically than the MHC region.
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Supplementary Figure S3. Expected heterozygosity (2*p*g) genome-wide vs. the MHC
region (chr6:29,000,000-34,000,000; hgl19) in all 180WGS populations and relevant 1000
genomes populations. 1000 genomes populations downsampled to n=15/population and dataset
LD-pruned to include 23,179 LD-pruned SNPs within the HLA region vs. 9,783,767 LD-pruned
SNPs genome-wide. Heterozygosity was calculated per SNP and averaged over the entire

genome or the HLA region.
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Supplementary Figure S4. Tajima’s D (1kb windows) calculated for each population in the

180 whole-genome sequencing dataset (n=15 per population), zoomed in on HLA region.
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Supplementary Figure S5. Age of Mutations in the MHC region (chr6:29,000,000 -
34,000,000). Top) Manhattan plot of mutation ages across the MHC, with class | and Il HLA
genes highlighted in red. The blue line represents the 99th percentile of mutation age across
chromosome 6 (2,983,955 years). Bottom) Density of mutations in the MHC region that are
greater than or equal to the 99th percentile of mutation ages across chr6. There are three main

peaks of old mutations, which generally correlates with HLA class | and class 11 genes.
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Supplementary Figure S6. Weir and Cockerham (1984) Fst distributions for Class 1 and 2
HLA genes compared to all SNPs on chromosome 6. Fst analysis contains 22 populations total
(12 from the African 180WGS dataset, 10 from the one thousand genomes dataset). One
thousand genomes populations were downsampled to n=15/population. Fst for genes marked
with asterisk are significantly different than the Fst of all SNPs on chromosome 6, based on

two-sample t-tests after bonferroni correction (p<0.00625).
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Supplementary Figure S7. Pairwise Fst calculated between all populations in the 180WGS
and select 1000 genomes populations. Genome-wide Fst is the average pairwise Fst for
9,783,767 LD-pruned SNPs. HLA region Fst is the average pairwise Fst for 23,179 LD-pruned
SNPs between chr6:29,000,000-34,000,000. 1000 genomes populations down-sampled to n=15
per population. Triangles indicate non-African populations, circles indicate African populations
from the 180WGS dataset, and squares indicate African population from one thousand

genomes.
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Supplementary Figure S8. Density plot of the proportion of correctly assigned population
labels by DAPC in randomly sampled regions of the same number of base pairs (red) and the
same number of SNPs (blue) as the Class | and Class Il HLA genes. The dashed red and blue
lines represent the 2.5 percentile of the same number of base pairs and same number of SNPs
distributions, respectively. The solid black line represents the proportion of correctly assigned
population labels by DAPC based on SNPs from the Class | and Class Il HLA genes.
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Supplementary Figure S9. Density plot of the proportion of correctly assigned language labels
by DAPC in randomly sampled regions of the same number of base pairs (red) and the same
number of SNPs (blue) as the Class | and Class Il HLA genes. The dashed red and blue lines
represent the 2.5 percentile of the same number of base pairs and same number of SNPs
distributions, respectively. The solid black line represents the proportion of correctly assigned

language labels by DAPC based on SNPs from the Class | and Class Il HLA genes.
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Continental Region DAPC Assignments
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Supplementary Figure S10. Density plot of the proportion of correctly assigned continental
region labels by DAPC in randomly sampled regions of the same number of base pairs (red)
and the same number of SNPs (blue) as the Class | and Class Il HLA genes. The dashed black
line represents the proportion of correctly assigned continental region labels by DAPC based

on SNPs from the Class I and Class Il HLA genes.
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Supplementary Figure (11). PCA using SNPs obtained from the targeted HLA sequencing
data. Dots represent individuals from 12 sub-Saharan African populations. Individuals cluster

based on their HLA-DQ genotypes that correspond to distinct serotypes.
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Supplementary Figure S12. Allelic richness and observed heterozygosity values across
continents. p values denote Kruskal-Wallis-test between continents within each locus, including
Bonferroni-adjustment for testing 5 loci. AFR: Africa, EAS: East Asia, EUR: Europe
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Supplementary Figure S13. Pairwise Fst values based on targeted sequencing data of HLA
class-1 (HLA-A, HLA-B and HLA-C) and class-11 (HLA-DRB1 and HLA-DQB1)

188



Principal Coordinate Analysis based on pairwise Fst values
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Supplementary Figure S14. Principle coordinate analysis of population differentiation. PCol
and PCo2 were calculated from the pairwise Fst values (based on targeted HLA sequencing

data) among the 12 novel African and 10 1000G populations.
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Distribution of HLA-DRB alleles with large frequency differences
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Supplementary Figure S15. Alleles with large frequency differences between African and
non-African populations. Alleles with “large frequency difference” are defined (following
Single et al 2020) as those having at least 3-fold difference in frequency between African and
Eurasian populations. Due to the small number of populations and relatively small sample sizes,
endemic alleles (i.e. alleles that are observed in Africa but not in Eurasia or vice versa) were
also considered as alleles with large frequency differences. Shared alleles are those with less

than 3-fold frequency differences. Rare alleles are those observed less than two times in both

groups.
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Supplementary Figure S16. Distribution of HLA-A supertypes within the 12 novel African
and 10 1KG populations. Supertypes are defined as groups of HLA alleles with largely similar

and overlapping peptide repertoires (Sidney et.al. 2009).
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Supplementary Figure S18. Haplotype network of HLA-B alleles. Ju[’hoansi and !Xoo
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Supplementary Figure S19. Haplotype network of HLA-C alleles. Ju[’hoansi and !Xoo
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Supplementary Figure S23. Observed (short yellow lines) and simulated (boxplots) individual
HLA allele divergence (median grantham scores). Simulations were produced by assigning
alleles randomly to each individual within populations. Grantham scores of randomly assigned
genotypes were calculated and the median grantham score was recorded. Boxplots shows the
distribution of median grantham scores of 1000 simulations for each population. When
analyzing across all five loci, non-African populations were more likely to exhibit larger than

expected allele divergence (chi-square test, p=0.006).
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Supplementary Figure S24. Distribution of individual-level promiscuity values within

populations. Promiscuity of each HLA allele was calculated as the number of peptides that are

predicted to be bound among 1,000,000 random natural pathogen peptides. Individual-level

promiscuity was calculated as the number of non-redundant peptides that are predicted to be

bound by an individual’s genotype.
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Supplementary Figure S25. Correlation plot between median allele divergence and allelic
richness (upper panels) and promiscuity and allelic richness (lower panels). Allele
divergence was calculated as the Grantham distance between the pairs of alleles of an
individual’s HLA genotype and the promiscuity was calculated as the combined number of
peptides bound by the pair of alleles an individual carries. The median divergence and
promiscuity values were used to represent populations. p-values denote the Kendall’s rank
correlation test after multiple testing correction. Linear regression lines are shown in blue and

95% CI around the line in gray shade.
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Supplementary Tables

Supplementary Table S1. Dataset summary. The sample size column includes the number of
samples in each population with targeted HLA sequencing data and the number of samples with
whole genome sequencing SNP data in parentheses. The region column describes the
continental region of each sample as either sub-Saharan African (SSA), East Asian (EAS), or
European (EUR). The subsistence column lists the primary subsistence pattern that the
population follows. All 1KG project subsistence patterns are listed as Not Available (NA). The

Language column lists the language family of each population’s primary language.

Population | Sample Size | Region | Subsistence Language

Amhara 40 (15) SSA | Agriculturalist | Afroasiatic

Baka&Bagyeli 35 (15) SSA | Hunter-gatherer | Niger Congo

Chabu 39 (15) SSA | Hunter-gatherer | Nilo-Saharan
Dizi 39 (15) SSA | Agropastoralist | Afroasiatic
Hadza 53 (15) SSA | Hunter-gatherer | Khoesan
Herero 40 (15) SSA Pastoralist Niger Congo
Ju|’hoansi 34 (15) SSA | Hunter-gatherer [ Khoesan
Fulani 70 (15) SSA Pastoralist Niger Congo
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Mursi 30 (15) SSA Pastoralist Nilo-Saharan
Sandawe 42 (15) SSA | Hunter-gatherer | Khoesan
Tikari 25 (15) SSA | Agriculturalist | Niger Congo
I’X00 42 (15) SSA | Hunter-gatherer | Khoesan
GWD 120 (113) SSA NA Niger Congo
ESN 111 (99) SSA NA Niger Congo
MSL 98 (85) SSA NA Niger Congo
YRI 111 (108) SSA NA Niger Congo
CHB 108 (103) EAS NA East Asian
CHS 112 (105) EAS NA East Asian
JPT 105 (104) EAS NA East Asian
FIN 105 (99) EUR NA European
GBR 102 (91) EUR NA European
TSI 112 (107) EUR NA European
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Supplementary Table S2. Fst percentile for SNPs in HLA class | and class Il genes. Fst was
calculated for each SNP on chromosome 6 and assigned a percentile. Percentiles were averaged
for all SNPs contained within the listed genes. Fst analysis contains 22 population total (12
from the novel African 180WGS dataset, 10 from the 1KG dataset). 1KG populations were
downsampled to N=15/population, and data were LD-pruned.

Gene N SNPs| Mean Percentile
HLA A 77 55.92442
HLA B 84 58.8716
HLAC 58 63.75039
HLA DPA1 116 68.32376
HLA DPB1 104 67.37026
HLA DQA1 94 55.52156
HLA DQB1 122 62.10997
HLA DRB1 146 54.85313
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Supplementary Table S3. Summary statistics for all loci and populations. Samples sizes are
the number of individuals within a population typed for the corresponding HLA loci. Number
of alleles within each population was counted at the two-field resolution level. Allelic richness
values were calculated as rarefied allele counts (based on the lowest sample size for each locus).
Ewens-Watterson test results were reported as the normalized deviate of homozygosity (Fnd)
and the associated p-values were calculated with Slatkin’s exact test implementing a Markov-

chain Monte Carlo method.
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Amhara Africa A 40 23 19.567 0.925 TRUE -0.6333 | 0.2749
Amhara Africa B 40 28 23.014 0.9 TRUE -0.743 0.2051
Amhara Africa C 40 19 15.765 0.825 TRUE -0.3976 | 0.4153
Amhara Africa DPA1 | 40 7 5.939 0.475 TRUE 0.8083 0.8105
Amhara Africa DPB1 | 40 15 13.026 0.825 FALSE -0.6347 | 0.2804
Amhara Africa DQAL1 | 40 8 7.790 0.85 FALSE -1.229 0.0364
Amhara Africa DQB1 | 40 11 9.893 0.925 TRUE -1.3153 0.0135
Amhara Africa DRB1 | 40 15 13.268 0.9 TRUE -0.8307 0.1687
Chabu Africa A 39 17 15.861 0.9231 TRUE -1.0162 0.0776
Chabu Africa B 39 12 10.600 0.7692 FALSE -0.4285 | 0.4032
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Chabu Africa C 39 11 10.233 0.8974 TRUE -0.9686 | 0.1156
Chabu Africa DPAl | 39 5 4.826 0.7895 TRUE -1.1538 | 0.0908
Chabu Africa DPB1 | 39 12 11.169 0.9211 TRUE -0.8183 | 0.1838
Chabu Africa DQAl | 39 7 6.826 0.7105 TRUE -0.4451 | 0.4037
Chabu Africa DQB1 | 38 8 7.521 0.7632 TRUE -0.4284 | 0.4097
Chabu Africa DRB1 | 39 10 8.846 0.8158 TRUE -0.5176 | 0.353

Dizi Africa A 39 23 19.323 0.9231 TRUE -0.8284 | 0.1703
Dizi Africa B 39 26 22.030 0.9231 TRUE -1.0384 | 0.0721
Dizi Africa C 39 16 14.169 0.9231 TRUE -0.9775 | 0.0985
Dizi Africa DPA1 | 39 8 7.337 0.6667 TRUE -0.3341 | 0.455

Dizi Africa DPB1 | 39 18 15.278 0.9231 TRUE -0.6573 | 0.2588
Dizi Africa DQAL | 39 10 8.577 0.7949 TRUE -0.5864 | 0.3197
Dizi Africa DQOB1 | 39 12 10.265 0.8205 TRUE -0.6281 | 0.2866
Dizi Africa DRB1 | 39 14 12.026 0.8718 TRUE -0.4396 | 0.3921
Fulani Africa A 70 18 14.811 0.9143 TRUE -1.2633 | 0.0177
Fulani Africa B 70 28 19.093 0.9571 TRUE -0.6156 | 0.2848
Fulani Africa C 70 16 12.913 0.8571 TRUE -0.8794 | 0.144
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Fulani Africa DPA1l | 70 6 4,782 0.6232 TRUE -0.2485 0.4846
Fulani Africa DPB1 | 69 17 12.698 0.913 TRUE -0.6953 | 0.2401
Fulani Africa DQAl | 70 9 8.612 0.8696 TRUE -1.6022 | 0.0007
Fulani Africa DQB1 | 70 13 11.640 0.8571 TRUE -0.9431 0.1249
Fulani Africa DRB1 | 70 17 13.398 0.8571 TRUE -1.1039 | 0.0485
Hadza Africa | A 53 19 14.989 0.8302 TRUE -0.3752 | 0.4279
Hadza Africa B 53 23 15.609 0.7925 FALSE 1.8081 0.9453
Hadza Africa C 53 13 10.133 0.7358 TRUE -0.2652 | 0.4852
Hadza Africa DPA1l | 53 11 9.121 0.6604 TRUE 0.2755 0.7003
Hadza Africa DPB1 | 53 16 12.972 0.8302 TRUE -1.2225 | 0.0244
Hadza Africa DQAL | 53 9 7.899 0.6604 FALSE -0.53 0.3512
Hadza Africa DQB1 | 53 12 10.279 0.717 FALSE -0.9508 | 0.1179
Hadza Africa DRB1 | 53 17 13.381 0.7925 TRUE -0.5524 0.3262
Herero Africa A 40 20 17.015 0.925 FALSE -0.7684 | 0.1951
Herero Africa B 40 23 18.741 0.925 TRUE -0.376 0.414

Herero Africa C 40 14 12.214 0.9 TRUE -1.0243 | 0.0783
Herero Africa DPA1 | 40 9 8.386 0.7368 TRUE -1.1615 | 0.0527
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Herero Africa DPB1 | 40 14 11.836 0.8421 TRUE 0.0096 0.6175
Herero Africa DQAl | 40 8 7.693 0.8947 TRUE -1.0445 | 0.0975
Herero Africa DQB1 | 38 12 11.071 0.9737 TRUE -1.0255 0.0851
Herero Africa DRB1 | 40 14 12.664 1 TRUE -1.2343 0.0185
Jul'hoansi Africa A 34 18 16.561 0.9706 TRUE -1.4153 | 0.0046
Ju'hoansi Africa B 34 18 16.055 0.8235 TRUE -0.2046 | 0.5201
Jul'hoansi Africa C 34 12 10.790 0.7353 FALSE -0.3731 | 0.4313
Jul'hoansi Africa DPA1 | 34 8 7.464 0.7941 TRUE -0.6336 | 0.3062
Jul'hoansi Africa DPB1 | 34 15 12.786 0.8529 TRUE -0.2033 | 0.5159
Jul'hoansi Africa DQAl | 34 8 7.731 0.7059 TRUE -0.0758 | 0.5701
Jul'hoansi Africa DQB1 | 34 11 10.088 0.8235 TRUE -0.5804 | 0.3185
Jul'hoansi Africa DRB1 | 34 15 13.304 0.8235 FALSE 0.0404 0.6278
Mursi Africa A 30 18 17.195 0.9 TRUE -1.1182 0.0509
Mursi Africa B 30 21 18.961 0.9 TRUE 0.5305 0.7852
Mursi Africa C 30 15 14.275 0.9333 TRUE -1.1461 0.0423
Mursi Africa DPA1 | 30 8 7.420 0.5667 FALSE -0.5373 0.3546
Mursi Africa DPB1 | 30 17 14.876 0.8333 TRUE -0.4529 | 0.3863

208




Mursi Africa DQALl | 30 12 10.777 0.7667 TRUE -0.1307 | 0.5547
Mursi Africa DQB1 | 30 11 9.812 0.7667 TRUE -0.1496 | 0.5411
Mursi Africa DRB1 | 30 13 11.949 0.8 TRUE -0.6237 | 0.2895
Baka Africa A 35 20 17.506 0.8571 FALSE -0.938 0.1102
Bagyeli

Baka Africa B 35 21 18.521 0.9143 TRUE -1.0403 | 0.0665
Bagyeli

Baka Africa C 35 18 16.180 0.8286 TRUE -1.2304 | 0.0222
Bagyeli

Baka Africa DPAl | 35 7 6.756 0.6286 TRUE 0.1205 0.6365
Bagyeli

Baka Africa DPB1 | 35 10 8.326 0.4857 TRUE 2.7398 0.9762
Bagyeli

Baka Africa DQALl | 33 10 9.250 0.8571 TRUE -0.5904 | 0.3152
Bagyeli

Baka Africa DQB1 | 35 10 9.553 0.9143 TRUE -1.0179 | 0.1013
Bagyeli

Baka Africa DRB1 | 35 15 13.758 0.9143 TRUE -0.9036 | 0.1286
Bagyeli

Sandawe Africa A 42 23 19.505 0.9524 TRUE -1.1173 | 0.049
Sandawe Africa B 42 27 21.120 0.9286 TRUE -0.2207 | 0.5053
Sandawe Africa C 42 16 12.968 0.9286 TRUE -0.5918 | 0.3016
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Sandawe Africa DPAl | 42 8 7.288 0.7143 TRUE -0.6527 | 0.2957
Sandawe Africa DPB1 | 42 16 13.606 0.8333 TRUE -1.1431 | 0.0441
Sandawe Africa DQAl | 42 9 8.298 0.8571 TRUE -0.8456 | 0.186
Sandawe Africa DQB1 | 42 12 10.955 0.9524 TRUE -1.1192 | 0.053
Sandawe Africa DRB1 | 42 15 12.750 0.9048 TRUE -0.8742 | 0.1506
Tikari Africa A 25 20 20.000 1 TRUE -1.2551 | 0.0177
Tikari Africa B 25 25 25.000 1 TRUE -1.2002 | 0.0298
Tikari Africa Cc 25 22 22.000 0.96 TRUE -0.7772 | 0.206
Tikari Africa DPAl | 25 5 5.000 0.8333 TRUE -1.05 0.121
Tikari Africa DPBl1 | 24 13 13.000 0.8696 TRUE -0.3621 | 0.4378
Tikari Africa DQAl | 25 10 10.000 0.913 TRUE -0.576 0.315
Tikari Africa DQB1 | 23 11 11.000 0.913 TRUE -1.2116 | 0.0283
Tikari Africa DRB1 | 25 14 14.000 0.913 TRUE -0.9956 | 0.0852
1Xo00 Africa A 42 24 20.549 0.881 FALSE -1.231 0.0251
1Xo00 Africa B 42 22 19.057 0.9524 FALSE -1.3297 | 0.011
1Xo00 Africa Cc 42 14 12.729 0.9048 FALSE -1.062 0.0632
1Xo0 Africa DPAl | 42 9 8.290 0.8293 TRUE -1.0882 | 0.0796
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Xo0 Africa DPB1 | 42 13 10.479 0.7805 TRUE 0.3415 0.7261
Xo0 Africa DQAl | 42 10 8.609 0.6585 TRUE 0.07 0.6299
Xo0 Africa DQB1 | 41 14 12.061 0.8049 TRUE -0.7363 | 0.2195
Xo0 Africa DRB1 | 41 16 13.270 0.878 TRUE -0.6678 | 0.259

YRI Africa A 111 27 17.864 0.9459 TRUE -1.2499 | 0.0199
YRI Africa B 111 28 18.259 0.9099 TRUE -1.1221 | 0.0433
YRI Africa Cc 111 21 14.546 0.8288 TRUE -0.4432 | 0.3855
YRI Africa DQB1 | 106 15 11.481 0.8585 TRUE -1.2922 | 0.0144
YRI Africa DRB1 | 111 23 15.984 0.9151 TRUE -1.3001 | 0.0124
MSL Africa A 98 21 15.491 0.949 FALSE -1.2491 | 0.0178
MSL Africa B 98 30 18.886 0.9082 TRUE -0.6606 | 0.2552
MSL Africa C 98 20 14.094 0.8469 TRUE -0.5801 | 0.3099
MSL Africa DQOB1 | 98 12 10.798 0.8367 TRUE -1.519 0.0009
MSL Africa DRB1 | 98 20 16.115 0.8878 TRUE -1.3956 | 0.0049
ESN Africa A 111 29 18.125 0.9537 TRUE -1.2461 | 0.0192
ESN Africa B 108 27 16.449 0.8796 TRUE -0.1503 | 0.5449
ESN Africa C 111 26 15.613 0.8704 TRUE 0.5101 0.7838
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ESN Africa DQB1 | 111 13 10.064 0.7477 FALSE -0.9164 0.1407

ESN Africa DRB1 | 111 20 13.903 0.8468 TRUE -1.0524 0.0675

GWD Africa A 120 25 18.256 0.9664 TRUE -1.4729 0.0027

GWD Africa B 119 35 20.630 0.8739 FALSE -0.9825 0.0986

GWD Africa C 120 22 15.442 0.8151 FALSE -1.2318 0.0219

GWD Africa DQB1 | 120 14 10.712 0.8167 TRUE -0.8637 0.1579

GWD Africa DRB1 | 120 23 15.129 0.875 TRUE -1.0771 0.059

CHS East A 112 17 11.242 0.7679 FALSE -0.489 0.3674
Asia

CHS East B 112 35 18.641 0.8571 TRUE 1.0692 0.8812
Asia

CHS East C 112 18 11.877 0.8393 TRUE -0.571 0.3163
Asia

CHS East DQB1 | 31 11 10.339 0.871 TRUE -0.8281 0.1816
Asia

CHS East DRB1 | 112 25 14.013 0.9032 TRUE -0.8012 0.1843
Asia

CHB East A 108 21 14.728 0.9074 FALSE -0.6827 0.2447
Asia

CHB East B 108 41 23.527 0.9444 TRUE -0.8105 0.1774
Asia
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CHB East C 108 21 14.287 0.9074 TRUE -1.0299 0.0717
Asia

CHB East DQB1 | 49 14 12.866 0.8367 FALSE -1.1476 0.0388
Asia

CHB East DRB1 | 108 31 19.845 0.898 TRUE -1.1004 0.0519
Asia

JPT East A 105 17 10.979 0.8286 TRUE 0.1342 0.6634
Asia

JPT East B 105 28 18.685 0.9048 TRUE -1.2281 0.0207
Asia

JPT East C 105 16 12.027 0.8571 TRUE -1.2889 0.0152
Asia

JPT East DQB1 | 93 14 11.417 0.9032 TRUE -1.3633 0.0049
Asia

JPT East DRB1 | 105 22 15.560 0.914 TRUE -1.2615 0.0182
Asia

FIN Europe | A 105 15 10.001 0.7619 TRUE 0.0613 0.6376

FIN Europe | B 105 23 16.232 0.9429 TRUE -1.0393 0.0717

FIN Europe C 105 15 12.313 0.9429 TRUE -1.4003 0.0058

FIN Europe DQB1 | 53 11 10.193 0.8113 TRUE -1.2584 0.0224

FIN Europe | DRB1 | 105 21 13.592 0.8302 TRUE -0.8202 0.1663

GBR Europe | A 102 18 12.075 0.8529 TRUE -0.3403 0.4508
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GBR Europe | B 102 28 19.287 0.902 TRUE -1.1975 | 0.0273
GBR Europe | C 102 21 15.332 0.8725 TRUE -1.3007 | 0.0106
GBR Europe | DQB1 | 72 14 11.640 0.8472 TRUE -1.3534 | 0.0054
GBR Europe | DRB1 | 102 23 14.284 0.8611 TRUE -0.9792 | 0.097

TSI Europe | A 112 25 15.220 0.8839 TRUE -0.2013 | 0.5138
TSI Europe | B 112 36 22.384 0.9554 TRUE -1.2729 | 0.0213
TSI Europe | C 112 25 15.778 0.8661 TRUE -0.7622 | 0.2051
TSI Europe | DQB1 | 92 14 12.313 0.913 TRUE -1.2815 | 0.013

TSI Europe | DRB1 | 112 31 18.624 0.9457 TRUE -0.7172 | 0.2221
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Supplementary Material for Chapter 111

Spatio-temporal analysis of ancient HLA data reveals major effects of

demography and admixture on immune gene diversity
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Supplementary Figure 1. Observed heterozygosity. Heterozygosity is calculated as the

proportion of heterozygous individuals within each population.
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Supplementary Figure 2. HLA diversity. Tau (1) refers to the Kendall rank correlation
coefficient. The linear regression line is shown in blue and the 95% CI around the line is in

gray.
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Supplementary Figure 3. Population differentiation based on Weir-Cockerham Fsr.

217



HLA Allele

o 0.3 A*01:01
8 . A*02:01
ﬂj) 0.2 A*(03:01
g ) A*24:02
I 0.1 — A*26:01
A*31.01
0.0 - A*32:01
ENF LNF Modern Kiel
Population
0.25 HLA Allele
0.20 B*07:02
> B*08:01
O
% 0.15 B*15:01
3 B*27:05
o 01
o 0-10 . ~Z B*39:01
L 0.05 - = - B*40:01
B*44:02
0.00 = B*51:01
ENF LNF Modern Kiel
Population
0.3 HLA Allele
C*01:02
C=02:02
C*03:03
&02 C*03:04
% C*04:01
= C*05:01
o
) C06:02
Lt 0.1 — — — — C*07:01
e — C*07:02
e C*12:03
C*14:02
0.0 - C*15:02
ENF LNF Modern Kiel
Population
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Supplementary Figure 8. Peptide binding analysis of HLA-A alleles and complete

proteomes of pathogens. Boxplots represent the distribution of the number of bound peptides

from corresponding pathogens by the alleles carried by individuals. Populations were compared

by the Kruskal-Wallis test. An asterisk (*) in the header indicates significant differences (p <

0.05)

between populations.
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Supplementary Figure 9. Peptide binding analysis of HLA-B alleles and complete
proteomes of pathogens. Boxplots represent the distribution of the number of bound peptides
from corresponding pathogens by the alleles carried by individuals. Populations were compared
by the Kruskal-Wallis test. An asterisk (*) in the header indicates significant differences (p <

0.05) between populations.
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Supplementary Figure 10. Peptide binding analysis of HLA-C alleles and complete

proteomes of pathogens. Boxplots represent the distribution of the number of bound peptides

from corresponding pathogens by the alleles carried by individuals. Populations were compared

by the Kruskal-Wallis test. An asterisk (*) in the header indicates significant differences (p <

0.05) between populations.

223



Measles virus

Human adenovirus C

Human polyomavirus 2

-

Total number of bound peptides

by HLA-A (%RankEL < 0.5%)

ug=

8 % &8 v & &

Total number of bound peptides
)

by HLA-A (%RankEL < 0.5%)

s

=m=

—
=

s w 5 &

Total number of bound peptides
-

by HLA-A (%RankEL < 0.5%)

~

0

-

&

by HLA-A (%RankEL < 0.5%)
2

Total number of bound peptides

ENF LNF
Population

Modern Kiel

Human cytomegalovirus

Modern Kiel
Popu\atlon

Human papillomavirus type 16

"

by HLA-A (%RankEL < 0.5%)
S

Total number of bound peptides

-

Total number of bound peptides
by HLA-A (%RankEL < 0.5%)

ENF LNF
Population
Measles virus(*)

Modern Kiel

LNF Modern Kiel
Population

Human adenovirus C

ENF LNF Modern Kiel
Population
Varicella-zoster virus
180
60
140
120
00
80
60
40
ENF LNF Modern Kiel
Population

Human polyomavirus 2

by HLA-B (%RankEL < 0.5%)

Total number of bound peptides
-

-

by HLA-B (%RankEL < 0.5%)

Total number of bound peptides

m=m

Total number of bound peptides
by HLA-B (%RankEL < 0.5%)

.

-

Total number of bound peptides
by HLA-B (%RankEL < 0.5%)

LNF Modern Kiel
Population

Human cytomegalovirus

LNF Modern Kiel
Papulation

Human papillomavirus type 16

-

Total number of bound peptides
by HLA-B (%RankEL < 0.5%)

.
o

LNF Modern Kiel
Population

Measles virus

-

LNF Modern Kiel
Population

Human adenovirus C

E

s

s

E

g

by HLA-B (%RankEL < 0.5%)
2

Total number of bound peptides

=3

LNF Modern Kiel
Population

Varicella-zoster virus

—m

LNF Modern Kiel
Population

Human polyomavirus 2

Total number of bound peptides
by HLA-C (%RankEL < 0.5%)

-

w = @ £y
g & g 8

by HLA-C (%RankEL < 0.5%)
5
8

Total number of bound peptides

s

%%%

Total number of bound peptides
by HLA-C (%RankEL < 0.5%)

-
g

-
s

o

-

"m=

Total number of bound peptides
by HLA-C (%:RankEL < 0.5%)

viruses.

LNF Modern Kiel
Population

Human cytomegalovirus

LNF Modern Kiel
Population

Human papillomavirus type 16

LNF Modermn Kiel
Population

Varicella-zoster virus

==y

in

Total number of bound peptides
by HLA-C (%RankEL < 0.5%)

200
15.0
125
100
5
0

by HLA-C (%RankEL < 0.5%)

Total number of bound peptides

250

LNF Modern Kiel
Population

between populations.

LNF Modern Kiel
Population

224

225
200
1754
150
125
100
7
50
LNF Medern Kiel
Population

Supplementary Figure 8. Peptide binding analysis of HLA alleles and surface proteins of
Boxplots represent the distribution of the number of bound peptides from
corresponding pathogens by the alleles carried by individuals. Populations were compared by

the Kruskal-Wallis test. An asterisk (*) in the header indicates significant differences (p < 0.05)
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Supplementary Figure 12. Differences in the number of bound MeV hemagglutinin
peptides by the HLA-B alleles of modern and ancient populations. Binding predictions were
generated on 1000 randomly generated peptides and the median value within each population
was recorded. Bar plot shows the distribution of the differences between median values of (A)
modern Kiel and Early Neolithic Farmers (ENF) and (B) modern Kiel and Late Neolithic
Farmers (LNF). Blue line shows the observed difference for the MeV hemagglutinin protein.

Red lines show the limits of upper and lower 2.5 percentiles.
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Supplementary Figure 13. Correlation between B*07 and B*08 allele frequencies and
steppe ancestry within Europe. Tau (1) refers to the Kendall rank correlation coefficient. The

linear regression line is shown in blue and the 95% CI around the line is in gray.
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Supplementary Tables

Supplementary Table 1. Modern populations used in the analysis

Population Sample Size
LWK - Luhya in Webuye, Kenya

105
YRI - Yoruba in Ibadan, Nigeria

111
CHB - Han Chinese in Beijing, China

108
CHS - Han Chinese South, China

111
JPT - Japanese in Tokyo, Japan

105
CEU - Utah residents (CEPH) with Northern and
Western European ancestry 102
IBS - Iberian Populations in Spain

108
TSI - Toscani in Italia

112
FIN - Finnish in Finland

105
GBR - British from England and Scotland

102
Kiel cohort

100
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Supplementary Table 2. Surface proteins of viruses that were used in the peptide-binding

analysis.

Pathogen

Surface Proteins

Reference

Human cytomegalovirus

9B, gH, gL, gM, g0, gN

(Wu et al., 2020)

Human polyomavirus 2

VP-1

(Neu et al., 2011)

Human adenovirus C

Hexon protein

(Vellinga et al., 2005)

Varicella-zoster virus

9B, gH, gL, gM, gC, gN, gK, gE, gl,

(Oliver et al., 2016)

Human papillomavirus 16

Major capsid protein L1

(Baker et al., 1991)

Supplementary Table 3. Disease associations of three conserved extended haplotypes

Disease CEH 44.1 | CEH 8.1| CEH 7.1 | References
(DRB1*04:01) | (DRB1*03:01) | (DRB1*15:01)

AIDS Protective Susceptibility (Flores-Villanueva et

al., 2003)

Type 1 Susceptibility | Susceptibility | Protective (Pugliese et al., 2016)

diabetes

Multiple Protective Susceptibility | Susceptibility | (Healy et al., 2010;

sclerosis Zhang et al., 2011)

Type 1 Susceptibility | Susceptibility | Protective (Ma et al., 2021)

autoimmune

hepatitis
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