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Abstract

Genetic diversity in human leukocyte antigen (HLA) molecules is thought to have arisen
from the co-evolution between host and pathogen and maintained by balancing selec-
tion. Heterozygote advantage is a common proposed scenario for maintaining high
levels of diversity in HLA genes, and extending from this, the divergent allele advan-
tage (DAA) model suggests that individuals with more divergent HLA alleles bind and
recognize a wider array of antigens. While the DAA model seems biologically suit-
able for driving HLA diversity, there is likely an upper threshold to the amount of
sequence divergence. We used peptide-binding and pathogen-recognition capacity of
DRBI alleles as a model to further explore the DAA model; within the DRBI locus, we
examined binding predictions based on two distinct phylogenetic groups (denoted group
A and B) previously identified based on non-peptide-binding region (PBR) nucleotide
sequences. Predictions in this study support that group A allele and group B allele lin-
eages have contrasting binding/recognition capacity, with only the latter supporting the
DAA model. Furthermore, computer simulations revealed an inconsistency in the DAA
model alone with observed extent of polymorphisms, supporting that the DAA model
could only work effectively in combination with other mechanisms. Overall, we support
that the mechanisms driving HLA diversity are non-exclusive. By investigating the rela-
tionships among HLA alleles, and pathogens recognized, we can provide further insights

into the mechanisms on how humans have adapted to infectious diseases over time.

Introduction

Genes of the major histocompatibility complex (MHC) encode
membrane-bound glycoproteins that bind and present specific
self and non-self peptides to T lymphocytes, and thus have
an important role in the adaptive immune system. In humans,
the MHC is referred to as the human leukocyte antigen (HLA)
system, with six classical loci split into class [ (HLA-A, B, C)
and class II (HLA-DR, DQ, DP) which present intracellular
and extracellular antigens, respectively. HLA genes are one
of the most polymorphic in the human genome (1), due to a
highly variable peptide-binding region (PBR), and one of the
primary driving forces of HLA diversity is maintenance by
pathogen-mediated balancing selection (2, 3).

There are three main non-exclusive mechanisms proposed
for pathogen-driven polymorphism at HLA, as reviewed by
Spurgin and Richardson (4): heterozygote advantage (over-
dominance), negative frequency-dependent selection, and
fluctuating selection. The heterozygote advantage model
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with overdominant selection proposes that individuals het-
erozygous at HLA respond to a higher diversity of antigens
due to co-dominant expression of HLA genes, resulting
in higher fitness than homozygotes (5—7). The negative
frequency-dependent selection or rare allele advantage model
suggests that selection drives pathogen resistance to common
HLA alleles, and newly emerging alleles offer protection and
are selected for, and the changes in allele frequencies over
time results in a cyclical co-evolutionary arms race between
HLA alleles and pathogens (8). The third model, fluctuating
selection, proposes that HLA diversity is maintained by allelic
selection across time and/or space in response to changes in
pathogen type and levels (9).

In this study, we focus on examining the model of overdom-
inant selection (heterozygote advantage) and an extension (or
modification) of this called divergent allele advantage (DAA)
hypothesis. The symmetrical overdominance model pro-
poses that all heterozygotes have an equal fitness or selective
advantage over homozygotes (10). The DAA hypothesis
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assumes asymmetrical balancing selection which accounts
for high divergence in allele sequences and suggests that
heterozygotes vary in their fitness advantage. This model was
first proposed by Wakeland et al. (11) suggesting that individ-
uals with more diverse MHC alleles could respond to a larger
range of antigens, resulting in maintenance of highly divergent
alleles within populations. Support for the DAA has come
through studies of sequences, computer-based binding predic-
tion (12), and even free-ranging wildlife populations (13, 14).

Using computer-based peptide binding prediction algorithms
for class II alleles, Lenz (12) found that an increase in sequence
divergence within HLA-DRBI1 allele pairs was associated
with fewer overlapping (‘joint’) antigens and wider overall
(‘union’) range of antigens bound, to support the DAA model.
Sequence-based analysis of balancing selection in human HLA
loci has also supported the DAA model, with evidence of a high
proportion of divergent alleles maintained within populations
(15) and deviations in allelic branch lengths (16). However,
this could be attributed to heterogeneity in selection intensities
between allele lineages associated with changes in PBR substi-
tution rates over time (17).

Using the DRBI1 locus as a study model, two distinct phy-
logenetic groups (denoted group A and B) have been identi-
fied based on non-PBR nucleotide sequences with an estimated
divergence time of 28 MYA for group A and 41 MYA for
group B (17, 18) (Figs. S1 and S2, Supporting Information).
Group A forms a monophyletic group including allele lineages
HLA-DRBI1%*03, *08, *10, *11, *12, *13, and *14. This group
appears to be human-specific, attributed to a loss in other pri-
mates or retainment in the human lineage for a long time with-
out expansion since species divergence (18). Group B forms a
polyphyletic group with primates, suggestive of trans-species
polymorphism, and includes allele lineages HLA-DRBI*01,
*02, *04, *07, *09, *15 and *16. Slow nucleotide substitution
rates in the PBR, possibly important for retaining binding affin-
ity for specific peptides, were found prominently in group B
allele lineages and absent in group A allele lineages (17). These
differences in selection intensities between groups are sugges-
tive of fluctuating selection intensity across allele lineages and
groups.

In this study, we focus on the DRB1 locus, since the evo-
lutionary manner of allele lineages have been elucidated (17,
18), and expand on the study by Lenz (12) to investigate the
relationship between predicted peptide binding repertoire and
sequence divergence in allele pairs. We also consider additional
factors: (a) MHC or HLA molecules bind processed antigenic
fragments; (b) a selection limit to sequence divergence; and (c)
a simple definition of fitness to consider pathogen recognition
in addition to peptide binding. Firstly, the MHC presents small
processed peptides rather than entire antigenic proteins, and in
MHC class II, these are formed in the cytosol by protein degra-
dation by cathepsins (19) into fragments of 15 to 24 amino acid
residues (20, 21). Secondly, optimized rather than maximum
divergence of alleles within an individual has been proposed to
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provide greatest fitness gain, whereby too high MHC diversity
would result in reduced T-cell repertoire during thymic matu-
ration (22, 23), and this theory has been supported empirically
(24, 25). While these studies consider the optimal number of
alleles across multiple MHC loci in an individual, it may be
applicable to sequence divergence between two alleles within a
locus; whereby an increase of divergence within an allele pair
beyond a threshold may denote no fitness advantage. In fact,
pairs of alleles with intermediate sequence diversity is seen to
be the most common empirically in adult reproductive fitness
and mate choice in wildlife (14, 26) and could be applicable
to antigen recognition. Finally, we consider fitness as the num-
ber of pathogens ‘recognized’ rather than peptides bound: in
a generalized viewpoint, provided that a specific MHC allele
can still ‘recognize’ a pathogen regardless of whether it binds
one or multiple antigens within a pathogen. Therefore, while
the number of peptides bound by an allele pair may increase
with sequence divergence, the number of pathogens recognized
could reach a limit. We also independently examined group
A and group B alleles, an example group classification within
DRBI, to investigate intra-locus variation in peptide binding or
pathogen recognition capacity.

In addition to prediction of peptide recognition by HLA
molecules, we also perform computer simulations to compare
symmetrical overdominance with DAA models of HLA poly-
morphisms, as well as intermediate models. Under the DAA
model, we assume that the number of differences at the selec-
tion target sites (PBR) of an allelic pair is a direct and only
determinant of individual fitness. We hypothesize that while the
DAA model may explain the mechanism of balancing selec-
tion, there is an upper limit to sequence divergence, in that there
is a ‘balanced’ symmetrical overdominance attributed to selec-
tive or evolutionary heterogeneity across allele lineages within
a single HLA locus.

Methods

Data for HLA-DRB1 binding prediction

MHC binding prediction was assessed in peptides derived from
54 extracellular pathogens that were selected as a broad repre-
sentative of disease-associated pathogens that humans may be
exposed to (Table S1). Examples of pathogens selected include
Plasmodium falciparum (malaria parasite), Mycobacterium
tuberculosis, Bordetella pertussis, Helicobacter pylori, and
10 common pathogens associated with healthcare-associated
infections (27). A number of studies have identified associa-
tions between MHC class II (MHC 1II) with disease suscep-
tibility, resistance or severity caused by M. tuberculosis (28)
and P. falciparum (9, 29). In addition, there are reports of
MHC Il-restricted immune response to vaccination with pep-
tides derived from B. pertussis [pertussis toxin subunit (30)]
as well as increased expression of MHC II DR loci in H.
pylori-positive gastritis patients (31).

© 2015 The Authors. Tissue Antigens published by John Wiley & Sons Ltd.
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From each pathogen, we selected one or two protein
sequences (Table S1) that were either (i) surface antigens
that could activate immune effector cells, or (ii) proteins
with epitopes known to be presented by MHC class II, for
example malarial merozoite surface protein (32). To simulate
the degradation of antigenic proteins by cathepsin enzymes
within antigen processing cells (19), a Biopython program was
written to obtain peptides that were 15—24 amino acid residues
in length and cleaved at linkages between hydrophobic amino
acids (33). Following these criteria of protein cleavage resulted
in only four to seven peptides per pathogen with a size of 15 to
24 amino acid residues, and a total of 265 peptides (Table S1).

Computational HLA-DRB1 binding prediction

The class II binding prediction algorithm NetMHClIIpan-3.0
(NetMHCllIpan), a pan-specific binding prediction method for
all HLA loci based on artificial neural networks (34), was
selected due to recommended prediction performance (35).
We considered a second algorithm based on matrices for 49
HLA-DRBI alleles, ProPred (36, 37), used previously (12) and
in a preliminary study here (Fig. S3), but it was excluded due
to similar results with NetMHClIIpan and limited DRB1 alleles
available. For the 265 peptides, binding prediction was per-
formed in NetMHClIpan for 73 HLA-DRBI1 alleles listed as
‘common’ in the catalogue of common and well-documented
(CWD) HLA alleles [Table S2 (38)]. Only ‘common’ alleles
were used because not every single allele could be used for
binding prediction, and selection is more prominent in fre-
quent alleles. An affinity threshold of half maximal inhibitory
concentration (ICs;) =500nM was used for bound peptides in
NetMHClIIpan, representative of weak binding, while strong
binding (IC5,=50nM) was also considered (39). The num-
ber of ‘peptides bound’ by each of the 73 HLA-DRBI1 alle-
les was compiled, and all peptides within a single pathogen
was summed into number of ‘pathogens recognized’ by each
allele, whereby a specific allele can ‘recognize’ a pathogen if
it can bind one of its 4—7 peptides. We then formed a matrix
of allele pairs for total combined number (‘union’) or propor-
tion of common (‘joint’) peptides bound/ pathogens recognized
by each pair, and the association with proportion of differences
in amino acid residues at the PBR, referred to as p-distance
at PBR or Dppr. We used newly defined PBR sites that were
adapted from Brown et al. (21) and based on new evidence of
changes in sites inferred from crystallographic data (S. Kusano
and S. Yokoyama, personal communication; residues 9, 11, 13,
26, 28, 30, 37, 78,47, 56, 57, 60, 61, 67,70, 71, 74,77, 78, 81,
82, 85, 86, 88, 89, and 90); the two definitions share 80.8%
(21 of 26 residues) similarity and have comparable results
(Fig. S4). The relationship between Dpgp with either ‘union’
or ‘joint’ was assessed by quadratic regression analysis using
R version 3.0.2 (http://www.r-project.org) and Spearman cor-
relation test using GraphPad Prism 6.04 (GraphPad Software,
La Jolla, CA).
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The relationship between the two aspects of bind-
ing/recognition capacity (‘union’ and ‘joint’) and sequence
divergence at the PBR was further assessed to look for variation
within a locus. We used a previously identified within-DRB1
group classification (group A and B alleles) (18) and examined
binding/recognition capacity independently for the two groups.
Of the 73 ‘common’ HLA-DRBI1 alleles used, 37.0% were
group A alleles (n=27) and 63.0% were group B alleles
(n=46). In addition, the allele frequencies of all HLA-DRB1
alleles used in this study were surveyed using the allele fre-
quency net database (40) across 26 populations from Africa
(northern and Sub-Saharan), Asia or Europe (Table S3).

Simulation tests to compare selection models

We performed simulations of three different models of bal-
ancing selection: symmetrical (symmetrical overdominance:
SOD), asymmetrical (DAA) and modified DAA (MDAA) mod-
els. Computer simulation was conducted by considering a
diploid population of effective size N (N =1000) under the
assumption of random mating and no recombination. Each gene
consists of regions comprised of 50 target sites of selection
and 1000 linked neutral sites. In each generation, mutation was
introduced to both target sites and linked neutral sites and 2N
genes were chosen at random after selection. Mutation was
introduced at a rate of M (M =2Np=0.04, 0.4, or 4.0) muta-
tions per target region per population per generation. Each site
had a state of integer of 1, 2, 3, or 4, and mutation at each site
was assumed to produce a new state that always differed from
the existing one. Selection and sampling of genes were con-
ducted at the same time. In each generation, we chose two genes
at random with replacement from the parental gene pool to form
a zygote, and this zygote was subjected to selection with a given
probability (ps), which depended on the selection scheme. We
first generated a uniform random number, x, and if x < ps, the
zygote was chosen to be a member of the next generation, other-
wise it was discarded. We repeated this process until N zygotes
were chosen.

The value of ps was determined differently in each selection
scheme or model. Under the SOD model, the ps value assigned
to each homozygote was 1 —s, where s is a selection coeffi-
cient, and the ps value for heterozygotes was 1. For the DAA
model, first we counted the number of different accumulated
mutations between a given pair of genes in an individual i,
k;, and the relative fitness for each individual was determined
as s(i) = (1 + 5 X k;)/Sy;ax if the individual i is a heterozygote,
where Syax =1+ Xkyax- kyax 18 the maximum number of
accumulated mutations in an individual in a parent population.
The value of ps for a heterozygote i is ps = s(i), whereas that for
ahomozygote is ps = 1/Sy;,x. The MDAA model is an interme-
diate of the SOD and DA A models, and considers mechanisms
functioning non-exclusively: the DAA mode of selection func-
tions up to a critical value of K; (k; <K;), while SOD type
of selection begins if the k; is over the critical value (k; > K ;).
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Within the MDAA model, we tested three critical values of
K.;=1(MDAAI), K ;=2 (MDAA2), and K _; =3 (MDAA3).
Higher critical values led to measurements similar to the DAA
model and were excluded. In all simulations we used a selection
co-efficient of Ng =100 and started with a monomorphic state
and discarded the results before 25N generations had passed.
The measurements based on replicates (n = 20) collected every
10N generations of simulations include: (a) the average num-
ber of alleles with different sequences at target sites (1,) and at
the entire region (target and neutral sites, n); (b) the average het-
erozygosity at the target sites (Hy) and at the neutral sites (Hy);
(c) the nucleotide diversity at the target sites (n) and that at the
linked neutral sites (my); (d) the relative rate of mutant substi-
tution at target sites (nz) and at a neutral sites (my); and (e) the
total load (L) based on proportion of individuals passing genes
to the next generation and the genetic load (L;) based on fitness
of individuals as defined by Crow (41). Statistical z-tests were
performed using GraphPad Prism with a significance level of
p <0.05.

Results

Peptide binding and pathogen recognition
by HLA-DRB1 alleles

From initial examination of peptide binding in all alleles
(n="73), regression analyses indicated a linear relationship
between Dpgr and combined number of peptides bound
(‘union’, Fig. 1A) although there was no significant correlation
(r=0.035, p=0.072). Further analyses of ‘union’ of peptide
binding by alleles showed that group A alleles also had no sig-
nificant correlation with Dpgg (r=—0.003, p =0.922, Fig. 1B).
However, group B alleles had significant positive correlation
between ‘union’ and Dpgp (r=0.202, p<0.0001, Fig. 1C),
classified as ‘low’ (r<0.2) according to Evans (42). When
considering pathogens recognized instead of peptides bound,
similar patterns were identified: Dpgr had no significant corre-
lation with combined number of pathogens recognized by allele
pairs in all alleles (‘union’, r =0.034, p = 0.084, Fig. 1D) and in
group A alleles (r=-0.025, p=0.427, Fig. 1E), while group
B alleles had significant ‘medium’ (0.2 <r<0.4) positive
correlation between ‘union’ and Dpgp (r=0.421, p <0.0001,
Fig. 1F).

We found a non-linear relationship between Dpgr and pro-
portion of shared peptides bound or pathogens recognized by
an allele pair (‘joint’, regression analysis p <0.001, Fig. 1G
and J, respectively), suggestive of minimum overlap of shared
peptides bound at intermediate sequence divergence. This
non-linear relationship between ‘joint’ and Dppgr was also
present when examining group A or group B alleles inde-
pendently (Fig. 1h—i, k-1). Relationships between Dpgr and
either ‘union’ or ‘joint’ peptides bound or pathogens recog-
nized were similar when we only considered strong binders of
less than 50nM affinity (Fig. S5) compared to weak binders
(IC5y <500 nM).
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Using the allele frequency net database, we surveyed
HLA-DRBI allele frequencies across Sub-Saharan Africa,
northern Africa, Asia and Europe populations (n=26). There
is variation in allele frequencies between and within con-
tinents, and some alleles that are more frequent in specific
regions include DRB1*15:03 and DRBI1%*09:01 in Sub-Saharan
Africa and Asia, respectively (Fig. S6). We further examined
the frequency of group A and group B allele lineages in 56
populations across Africa, Asia and Europe using the allele fre-
quency net database, whereby frequency data for allele lineages
rather than specific alleles was adequate (populations listed in
Table S3). We found that populations from Sub-Saharan Africa
have a significantly lower cumulative frequency of group
B alleles compared with northern Africa, Asia and Europe
(»<0.0001, Fig. 2). Furthermore, to check that group A and
B allele lineages may be under different selective constraints
across regions, we divided DRB1 alleles into two random
groups rather than group A or B and found different patterns
of cumulative frequencies (Fig. S7).

Computer simulation comparing symmetrical
overdominant selection and DAA model

Of the multiple measurements collated from the simula-
tions in Table S4, nucleotide diversity (m) and genetic
load (L;) had marked significant differences between
the SOD and DAA models. The nucleotide diversity at
both target (ny=0.661-0.887, Fig. 3A) and neutral sites
(my =0.128-0.882) were very high for the DAA model under
any condition, and this decreases with the critical value (K ;)
in the MDAA models. The total load (L;) and genetic load
(L) is heavier in the DAA model compared to all other models
(»<0.01) and there is no significant difference between the
SOD and MDAAT1 (K_; =1) model (Fig. 3B, Table S4). With
the exception at high mutation rate condition (M =4.0), the
strength of selection (y), represented by the ratio of nucleotide
diversity at target sites to neutral sites (y = ng/my), is highest at
the SOD and MDAA models with low K; values (Fig. 3C).
At low mutation rates, the fluctuation in selection is very
large even with increased replication, indicating that strength
of selection depends strongly on mutation rate. The average
number of alleles at the target sites (n,) are significantly lower
in the DAA model compared with SOD and all MDAA models
(» <0.01), regardless of rate of mutation (Fig. 3D), and the
number of alleles in the entire region (n) is significantly lower
in the DAA model only at high and intermediate mutation rates
(» <0.05, Table S4). When comparing average heterozygosity
between models, there were no strong trends with the exception
of marginally lower heterozygosity at target sites (Hp) at some
models of DAA (p <0.05, Table S4).

Discussion

While the model of DAA seems biologically suitable for
driving MHC polymorphism, there should be an upper
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Figure 1 Relationship between major histocompatibility complex
(MHC) DRB1 pairwise distance at PBR (Dpgg) of allele pairs with
total number (union) of peptides bound in (A) all alleles (n=73),
(B) group A alleles (n=46), and (C) group B alleles (n=27); or
pathogens recognized in (D) all alleles, (E) group A alleles, and (F)
group B alleles. The relationship between Dpggr with proportion
(joint) of (G-1) peptides bound or (J-L) pathogens recognized was
also examined. Spearman r correlation coefficients and signifi-

cance are presented in each graph; ***p <0.0001, n.s.=p> 0.05. L

Darker dots represent higher frequency of allele pairs with the
same Dpgg and union or joint.

limit to sequence divergence. Using two independent
computer-based approaches, prediction of pathogen recog-
nition and computer simulations, this study supports that
the DAA model alone is not suitable for driving MHC
diversity but could function non-exclusively with other
mechanisms.
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Computer simulations comparing models of HLA polymor-
phism show that the DAA model could function in combina-
tion with other mechanisms of pathogen-mediated selection.
The nucleotide diversity generated by the DAA model alone
at target or neutral sites is exceedingly high compared with the
present polymorphism found in HLA loci, which is less than

347



A limit to the divergent allele advantage model

o 0.8 —
o}
) *
©
S0 T
% 0.6 T —|—
3 _
S
o
5 I
3 0.4 J
c
[0}
=]
o
o
_g 0.2 - e
IS
=] n=16 n=16 n=10 n=16
>
S
) 0.0 T T T T

@ @ g o

I SO
> \s \g
& &
PN Q
S &
S Q,%
‘.OQ

Region / population

Figure 2 Boxplot of average cumulative frequency of group B alleles
comparing different geographic regions: Europe, Asia, northern Africa,
and Sub-Saharan Africa. n=number of populations from each region.

10% across all sites at various loci (15) and at most 17% at
target sites at HLA-DRB1 (Table S5). In addition, the level of
total and genetic load generated from the DAA model is too
high, whereby it is not biologically sustainable for 10-25%
(represented by load from the DAA model) of individuals to
be replaced in each generation. On the other hand, the MDAA
models support that an intermediate between the SOD model
and DAA model is feasible for adequate generation of alle-
les and heterozygosity without excess of nucleotide diversity
or genetic load. While we have shown that the DAA model
could function non-exclusively with symmetrical overdominant
selection, it may also work with other mechanisms such as neg-
ative selection to remove over-divergent alleles or haplotypes
that cause too high genetic load in order to maintain an appro-
priate level of TCR repertoire.

Using the NetMHCIIpan MHC binding prediction algorithm
with a biologically sound approach adapted from Lenz (12),
we have examined the relationship between sequence diver-
gence with two aspects: combined total (‘union’) and pro-
portion of shared (‘joint’) peptides bound or pathogens rec-
ognized by an allele pair. Both aspects support that there
is limit to the DAA model, albeit in different manners. (a)
The total number of peptides bound or pathogens recognized
(‘union’) increased with HLA-DRBI allele sequence diver-
gence only within a sub-group of the locus (Group B alle-
les), while there was no correlation when all alleles were con-
sidered. (b) For ‘joint’, we found that a low proportion of
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the same peptides or pathogens were bound/recognized by
an allele pair at intermediate sequence divergence. These two
aspects of binding/recognition capacity align with computer
simulations in supporting that the DAA model can only function
non-exclusively.

The model of optimal fitness at intermediate sequence diver-
gence has been seen empirically in reproductive fitness and
could also apply to pathogen recognition to fit the common
understanding that an excessively high MHC sequence diver-
gence could reduce the T-cell repertoire during thymic matura-
tion. Increasing sequence divergence might be ideal for pep-
tide binding advantage, while negative selection is required
to remove alleles that recognise self-peptides, resulting in a
blind-spot; thus too many diverged MHC genes will result in
an excessive blind spot (43). While the NetMHClIIpan peptide
binding algorithm cannot account for the possible disadvan-
tages of MHC-based T-cell selection, the current HLA diversity
may be a consequence of trade-offs in many evolutionary mech-
anisms such as DAA with negative selection against alleles that
are too divergent, and here it appears this component of fitness
supports an optimum at intermediate sequence divergence. It
may be possible that at high sequence divergence, the propor-
tion of peptides bound or pathogens recognized by an allele pair
overlaps in the blind-spot. Alternatively, a balance in sequence
divergence could be related to different allele lineages with het-
erogeneous substitution rates, which may be the case for group
A and group B alleles within the HLA-DRBI1 locus.

The pattern of pathogen recognition in group B alleles
(‘union’ aspect) seems to support the DAA model, whereby
there is an increase in total number of pathogens recognized by
an allele pair with increasing sequence divergence. In contrast,
the group A alleles do not have a significant correlation between
sequence divergence and pathogen recognition. We checked for
potential bias of peptide binding prediction in NetMHClIIpan
for either group A or B alleles, and found similar proportion
of alleles used to develop prediction tools between the groups
(Table S6). The differences in recognition capacity between the
two groups are consistent with the differences in substitution
rates, whereby most group B allele lineages have low levels of
nonsynonymous substitution rates while no group A alleles lin-
eages have low levels of nonsynonymous rates (17). So while
group B alleles follow the pattern of the DAA model, there are
reduced effects of selection in this lineage, evident through low
nonsynonymous substitution rates and our computer simula-
tions demonstrating that the DAA model is less effective for the
ratio of nonsynonymous to neutral substitution rates (strength
of selection, Fig. 3C).

Interestingly, we found that the cumulative frequency of
group B alleles is significantly lower in Sub-Saharan Africa
relative to other regions and continents, including northern
Africa. Modern humans dispersed from Sub-Saharan Africa
about 100,000 to 50,000 years ago (44), and HLA variation
in migrating populations was probably shaped by different
evolutionary forces associated with novel pathogens and

© 2015 The Authors. Tissue Antigens published by John Wiley & Sons Ltd.
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environments (45), and this change in niche (deterministic
forces) may have further driven pathogen-associated selection.
Meanwhile, the native human populations in Sub-Saharan
Africa may have experienced continuous exposure with indige-
nous pathogens. Malaria, as an example, has had sufficient
time (5000-10,000 years) to shape the MHC structure in
Sub-Saharan Africa without major environmental changes
associated with migration (46). Stronger selective pressure
has targeted specific HLA loci including the HLA B gene
(47), thus it is possible that novel pathogens outside of
Africa have also targeted different allele lineages such as
the group B allele lineage within the HLA-DRBI locus.
Apart from deterministic forces, demographic and stochastic
forces are likely to have played an important role in shaping
HLA diversity. It is possible that admixture with archaic
hominids in Europe resulted in higher cumulative group B
allele frequencies in Asia and Europe, although only class
I haplotypes have been characterized to-date in ancestral
species (48).

As HLA alleles may have co-evolved with multiple
pathogens, we surveyed whether peptides bound by HLA
alleles could be shared across different pathogens. We collated

© 2015 The Authors. Tissue Antigens published by John Wiley & Sons Ltd.
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all 9-mers within the 15-24 amino acid peptides predicted to
be bound by HLA-DRBI1 in NetMHClIpan, and searched for
shared 9-mers between pathogens with 78—100% identity at
non-anchor positions (P2, P3, PS5, P8). Several shared 9-mers
were identified between pathogens used in this study (Table
S7), most of which were between pathogens of the same genus
(Bartonella spp., Clostridium spp., and Klebsiella spp.), or
closely related species (for example, Enterobacter aerogenes
with Klebsiella spp.). The overlap in peptides bound by HLA
alleles across pathogens does not exclude the possibility
that HLA alleles have simultaneously evolved with multiple
pathogens.

Diversity at HLA genes is driven by many non-exclusive
mechanisms and not usually a single mechanism alone: for
example, heterozygote advantage alone cannot explain the high
HLA diversity, with the exception where fitness contributions
of alleles are similar (49). Similarly, we show from two compu-
tational approaches that the DAA model alone cannot explain
the observed HLA diversity and predicted binding and recogni-
tion capacity. Such diversity is probably the result of synchrony
between mechanisms including heterozygote advantage, DAA,
and frequency-dependent selection.
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Conclusion

Using the DRBI1 locus of HLA as a model for studying
co-evolution of host and pathogen, we show evidence of
increased peptide binding and pathogen recognition capacity
of group B alleles (following the DAA model) which appear
to be counterbalanced by group A alleles that have no changes
with divergence. The variable pathogen recognition between
lineages within a locus may provide a mechanism for preserv-
ing high HLA variation while avoiding negative selection dur-
ing T-cell maturation. This is further supported by computer
simulations showing that the DAA model can only function to
drive allelic diversity and heterozygosity up to a certain thresh-
old. Future studies will further explore the possible role of vari-
able allele lineages within HLA that may maintain diversity and
pathogen-recognition capacity, as well as the possible role of
specific DRBI allele lineages in minimizing negative selection
during thymic maturation.
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Supporting Information

The following supporting information is available for this arti-
cle:

Table S1. Antigens selected from 54 pathogens with a total of
265 peptides with 15—24 a.a. residues which were subsequently
used for HLA-DRB1 binding prediction.

Table S2. Common HLA-DRBI alleles (n=73) used in
NetMHClIpan-3.0 recognition prediction programs. Common
alleles are those listed as ‘common in the CWD catalogue
(Mack et al. 2013).

Table S3. Populations surveyed for frequencies of individual
alleles or allele lineages (and total group A or B allele fre-
quencies) from the allele frequency net database. Frequencies
for individual alleles were available for a subset of populations
(n =26, denoted by *).

Table S4. Results from computer simulations for five dif-
ferent major histocompatibility complex (MHC) polymorphism
models (SOD, DAA, and MDAA at three levels).

Table S5. Nucleotide diversity at target sites (nB) and
non-target sites (xr) in human leukocyte antigen (HLA) loci.

Table S6. To account for any prediction bias towards either
group A or group B, we compared the number of alleles with
experimental affinity data used for developing NetMHClIIpan
compared to the number of alleles used in this study.

Table S7. Of the 265 peptides of 15—24 amino acid length
derived from 54 pathogens, all 9-mers recognised by DRB1
alleles were compared between pathogens to identify core
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9-mers that were similar (78-100%) at non-anchor positions
(P2, P3, P35, P8).

Fig. S1. Re-published Fig. 3 from Yasukochi and Satta (17):
phylogenetic analysis showing group A and group B allele
lineages within the DRB1 locus, and evidence of trans-species
polymorphism in group B alleles. Source: Yasukochi and Satta
17).

Fig. S2. Re-published Fig. 5 from Yasukochi and Satta (17):
phylogenetic analysis showing group A and group B allele lin-
eages within the DRB1 locus, and differences in nonsynony-
mous substitution rates between groups. Source: Yasukochi and
Satta (17).

Fig. S3. In a preliminary study, we compared binding predic-
tion using two algorithms, ProPred and NetMHCIIpan3.0 using
49 HLA-DRBI alleles (51% of alleles in common between
algorithms). We found comparable results between the two
algorithms (results here for recognition of ten pathogens), sim-
ilar to Lenz (12), and thus all subsequent studies used only
NetMHCIIpan3.0 which allows more alleles to be assessed.

Fig. S4. In this study, we used PBR sites defined by Kusano
and Yokoyama (personal communication) which yielded sim-
ilar results to when we used the PBR sites defined by Brown
etal (21). An example here is the association between DPBR
with ‘union’ or ‘joint” pathogens bound.

Fig. SS5. Strong binders only (binding threshold 50 nM)
show similar results to when 500 nM is used (as in Fig. 1
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of manuscript): relationship between MHC DRBI1 pairwise
distance at PBR (DPBR) of allele pairs with total number
(union) of peptides bound in (a) all alleles (n =73), (b) group A
alleles (n = 46), and (c) group B alleles (n = 27); or pathogens
recognised in (d) all alleles,(e) group A alleles, and (f) group B
alleles. The relationship between DPBR with proportion (joint)
of (g—1) peptides bound or (j—1) pathogens recognised was also
examined. Spearman r correlation coefficients and significance
are presented in each graph; ***p <0.0001, n.s. = p > 0.05.

Fig. S6. Boxplot of allele frequencies of individual DRB1
alleles from populations from Sub-Saharan Africa (n = 5),
northern Africa (n = 7), Europe (n = 7) and Asia (n = 7). Fre-
quencies were obtained from the allele frequency net database
from populations listed in Table S3 that have individual allele
frequencies available.

Fig. S7. Boxplot of cumulative allele frequencies of group
A and group B DRBI alleles ]defined by Yoshiki and Satta
(17)] from populations from Sub-Saharan Africa (n = 16),
northern Africa (n = 10), Europe (n = 16) and Asia (n =
16). We randomly divided alleles into alternative groups and
found different patterns of cumulative allele frequencies: Group
E (DRB1%01, 03, 04, 10, 12, 13, 16) vs Group F (DRBI*07,
09, 08, 11, 14, 15) and Group G (DRBI*01, 04, 08, 09, 12,
14, 15) vs Group H (DRB1%*04, 04, 07, 10, 11, 13, 16). These
random divisions resulted in different allele frequency patterns
compared to the groups A and B.
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