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Abstract

The major histocompatibility complex (MHC) plays a central role in the vertebrate
adaptive immune system and has been of long-term interest in evolutionary biology.
While several protocols have been developed for MHC genotyping, there is a lack of
transparent and standardized tools for downstream analysis of MHC data. Here, we
present the r package mMHcTooLs and demonstrate the use of its functions to (i) assist
accurate MHC genotyping from high-throughput amplicon-sequencing data, (ii) infer
functional MHC supertypes using bootstrapped clustering analysis, (iii) identify seg-
regating MHC haplotypes from family data, and (iv) analyse functional and genetic
distances between MHC sequences. We employed mMHcTooLs to analyse MHC class
| (MHC-I) amplicon data of 559 great reed warblers (Acrocephalus arundinaceus). We
identified 390 MHC-I alleles which clustered into 14 functional supertypes. A phylo-
genetic analysis and analyses of positive selection suggested that the MHC-I alleles
belong to several distinct functional groups. We furthermore identified 107 segregat-
ing haplotypes among 116 families, and found substantial variation in diversity with
4-21 MHC-I alleles and 3-13 MHC-I supertypes per haplotype. Finally, we show that
the great reed warbler haplotypes harboured combinations of MHC-I supertypes with
greater functional divergence than observed in simulated populations of possible hap-
lotypes, a result that is in accordance with the divergent allele advantage hypothesis.
Our study demonstrates the power of MHcTOOLS to support genotyping and analysis
of MHC in non-model species, which we hope will encourage broad implementation

among researchers in MHC genetics and evolution.
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1 | INTRODUCTION

The major histocompatibility complex (MHC) is a multigene family
that plays a vital role in the vertebrate adaptive immune system
(Klein & Sato, 2000). Ongoing coevolution with pathogens has
caused MHC genes to exhibit both high levels of genetic diversity
and preservation of polymorphisms over evolutionary time; conse-
quently, these genes have attracted broad interest in studies of adap-
tive genetic variation (Ejsmond & Radwan, 2015; Kaufman, 2018;
Klein et al., 2007; Piertney & Oliver, 2006). To assist studies on
MHC genes, we developed the r package MHcTOOLS, that contains 12
tools for analysis of MHC data (Table 1). The core functions in MHc-
TooLs are focused on two fields of data analysis that are prominent
in contemporary MHC research: (i) analysing variation in functional
properties between sequences, and (ii) analysing how MHC alleles
are inherited on segregating haplotypes. In addition, MHcTooLs offers
some useful tools that facilitate the bioinformatics involved in MHC
genotyping using amplicon sequencing data.

The function of classical MHC molecules is to present pep-
tides to T cells, which is a decisive step in the initiation of adap-

tive immune responses. In MHC research, much attention has

BootKmeans

A wrapper for the kmeans function of the s1ats package in R,
allowing for greatly improved confidence in estimated clusters.

been focused on the functional divergence of alleles in the parts
that encode the peptide binding region of the MHC molecule.
Functional divergence between MHC alleles has been analysed
using both quantitative and qualitative approaches. The quan-
titative approach is based on the fundamental principle in the
“divergent allele advantage” hypothesis (DAA), that genotypes
that combine more divergent MHC alleles enable hosts to mount
adaptive immune responses against a more diverse array of patho-
gens (Wakeland et al., 1990). In silico studies have demonstrated
support for the DAA using computational binding predictions of
pathogen peptides for combinations of human leucocyte antigen
alleles (Lenz, 2011; Pierini & Lenz, 2018). Divergence between
MHC alleles has been quantified based on for example, the propor-
tion of varying codons (p-distance) (Lenz et al., 2013), tree-based
distances (UniFrac) (Leclaire et al., 2017), and physicochemical
properties of amino acids (Grantham or Sandberg distance) (Pierini
& Lenz, 2018). The qualitative approach has focused on identify-
ing groups of MHC alleles that share functional properties, com-
monly referred to as MHC supertypes (Sidney et al., 1996, 2008).
MHC supertypes may be regarded as balanced polymorphisms

that persist over evolutionary time, despite the potential gain

TABLE 1 Overview of the functions
included in MHcTOOLS V. 1.4.2

BootKmeans performs multiple runs of kmeans while estimating
optimal k-values based on a set threshold for stepwise reduction

in BIC
ClusterMatch

Performs an evaluation of the extent to which different kmeans

clustering models identify similar clusters and summarizes
bootstrap model stats as means for different estimated values
of k. ClusterMatch is designed to take files produced by
BootKmeans as input, but other data can be analysed if the
descriptions of the required data formats are observed

CreateFas

CreateSamplesFas
sample in a bADA2 sequence table

DistCalc

Creates a FASTA file with all sequences from a bApbA2 sequence table

Creates a set of FASTA files with the sequences present in each

Calculation of Grantham distances (Grantham, 1974), Sandberg

distances (Sandberg et al., 1998), or p-distances (proportion of
varying nucleotide or amino acid codons) in pairwise comparisons
of sequences. When calculating Sandberg distances, the function
additionally outputs five tables with physicochemical z-descriptor
values (Sandberg et al., 1998), which can be used for inference of

MHC supertypes
HpltFind

Automatically infers major histocompatibility complex (MHC)

haplotypes from genotypes of parents and offspring in families.
The functions GetHpltTable and GetHpltStats provide evaluation

of the output files.
PapaDiv

Calculation of joint MHC diversity in parent pairs, taking into account

alleles that are shared between the parents. The joint diversity
in parent pairs is useful for heritability analyses in non-model
species, where one wants to estimate the heritability of MHC

diversity (if haplotype analysis is not feasible)

ReplMatch

Automatically compares technical replicates in an amplicon

sequencing data set and reports mismatches. The functions
GetReplTable and GetReplStats provide evaluation of the output

files
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and loss of individual MHC alleles that they comprise (Lighten
et al.,, 2017; Richman, 2000). Several methods have been em-
ployed for inference of MHC supertypes. In humans, where the
structure of the folded MHC molecules and their peptide binding
properties have been described, methods for MHC supertype in-
ference take such detailed information into account (e.g., Hertz &
Yanover, 2007; Lund et al., 2004). In studies of organisms where
structural information is limited, MHC supertypes are commonly
inferred from the physicochemical properties of the amino acid
sequences by nonhierarchical clustering analysis combined with
a discriminant analysis on principal components (DAPC) (Buczek
et al., 2016; Gonzalez-Quevedo et al., 2014; Lighten et al., 2017,
Lillie et al., 2015; Sepil et al., 2012; Trujillo et al., 2021; Winternitz
et al., 2015). DAPC can be performed with existing r packages
such as abeceneT (Jombart, 2008), but it is associated with several
assumptions that MHC data may not meet (in particular absence
of multivariate outliers and, with small or unequal sample sizes,
multivariate normality and homogeneity of variances) (Tabachnick
& Fidell, 2014). Furthermore, a recent evaluation criticized a priori
specification of clusters in DAPC and called for a standardized re-
porting of how a priori clusters are inferred, including how optimal
numbers of clusters are detected (Miller et al., 2020). To improve
MHC supertype inference and facilitate transparent reporting, we
developed the functions BootKmeans and ClusterMatch in mMHc-
Toots, which offer bootstrapped nonhierarchical clustering analy-
sis and quantitative evaluation of the results to identify an optimal
clustering model. BootKmeans and ClusterMatch work as a stand-
alone method for MHC supertype inference, but outputs may also
subsequently be employed in DAPC.

In MHC studies, the heterozygote advantage hypothesis de-
scribes the principle that individuals with different maternally and
paternally inherited MHC alleles should be able to recognize antigens
from a larger range of pathogens, than individuals with two identi-
cal MHC alleles (Doherty & Zinkernagel, 1975; Hughes & Nei, 1992).
However, because the MHC often spans multiple paralogous loci,
MHC molecules may be encoded by MHC alleles harboured either
on the same or on different multilocus haplotypes. MHC alleles have
been found to be nonrandomly associated within haplotypes, and
disease associations suggest that selection acts on combined multi-
locus effects that span entire MHC haplotypes (Buhler et al., 2016;
Huchard et al., 2008; Kaufman, 1999; Rioux et al., 2009). If the
principles behind the heterozygote advantage and the DAA are ap-
plied to multilocus MHC haplotypes, a derived hypothesis emerges:
haplotypes that combine a larger number of MHC alleles and/or
more divergent MHC alleles will be favoured by natural selection,
because they confer an advantage in terms of binding antigens from
a broader range of pathogens (Gaigher et al., 2018). Because MHC
supertypes represent clusters of alleles that share similar functional
properties, this derived hypothesis may also be extended to the level
of MHC supertypes.

Detailed knowledge about MHC haplotype structure is mostly
limited to humans and a few model organisms, but there is a growing
interest in characterizing MHC haplotypes and investigating their
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effects also in wild non-model species (Gaigher et al., 2016, 2018;
Okano et al., 2020; Stervander et al., 2020). For example, Gaigher
et al. (2016) inferred MHC haplotypes from the segregation patterns
of MHC alleles within families of barn owls (Tyto alba), thereby ob-
taining information about linkage and recombination between al-
leles, the number of MHC gene copies, and presence of gene copy
number variation. In a follow-up study, they used these haplotype
data to investigate nonrandom associations of MHC alleles in hap-
lotypes (Gaigher et al., 2018). The studies by Gaigher et al. (2016,
2018) demonstrate the value of family-assisted haplotype inference
in MHC studies within evolutionary biology and ecology. To assist
such studies, mHcTooLs includes the function HpltFind which is de-
signed to automatically infer MHC haplotypes from genotypes of
parents and offspring. mHcTooLs additionally includes the functions
GetHpltTable and GetHpltStats for posthoc evaluation of the hap-
lotype inference.

Since the advent of high-throughput DNA sequencing, MHC
genotyping in non-model organisms is often carried out using
PCR-based amplicon sequencing (Biedrzycka et al., 2017; Burri
et al., 2014; Lighten, et al., 2014; Promerova et al., 2012; Stervander
et al., 2020; Zagalska-Neubauer et al., 2010). However, in many spe-
cies, amplification of specific MHC loci is impeded by sequence simi-
larity across loci, and it is often necessary to coamplify multiple MHC
loci (Alcaide et al., 2013; Burri et al., 2014). While this technique is
useful for estimating the overall MHC genetic diversity, the result-
ing data contain no information about linkage or spatial organiza-
tion of the alleles (Alcaide et al., 2013; Biedrzycka et al., 2017; Burri
et al., 2014; Gaigher et al., 2016). Furthermore, the number of loci
has to be estimated indirectly from the number of alleles detected
in each sample, and associating alleles with specific loci becomes
difficult, in particular in species with highly duplicated MHC genes
(Lighten et al., 2014). This lack of resolution of the MHC diversity
severely challenges contemporary studies of MHC in evolutionary
ecology (Gaigher et al., 2016; O'Connor et al., 2019). The use of fam-
ily data to infer segregating MHC haplotypes may be useful towards
overcoming this challenge by supplying information about linkage of
alleles (Gaigher et al., 2016, 2018; Okano et al., 2020).

In this study, we employed MHcToOLs to analyse an MHC class
| (MHC-1) amplicon sequencing data set from a wild population of
great reed warblers (Acrocephalus arundinaceus), a songbird with
highly duplicated MHC genes (Roved et al., 2018; Westerdahl
et al., 2004). We demonstrated the use of the BootKmeans and
ClusterMatch functions for inference of MHC-I supertypes and the
function HpltFind for inferring segregating MHC-I haplotypes. We
subsequently employed the generated MHC-I supertype and haplo-
type data to (i) characterize the structure and properties of MHC-I
haplotypes, (ii) analyse the functional relationships between MHC-|
supertypes, and (iii) analyse how MHC-I supertypes associate on
haplotypes. Finally, we investigated whether natural selection has
favoured MHC-I haplotypes that harbour high levels of functional
divergence. Specifically, we tested the null hypothesis that the ob-
served diversity of MHC-| supertypes in haplotypes is similar to
the diversity expected from simulated haplotypes to which MHC-I
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alleles are randomly assigned. We also tested the null hypotheses
that the divergence and degree of overlap between MHC-I super-
types in haplotypes are similar to those expected from simulated

haplotypes.

2 | MATERIALS AND METHODS

2.1 | Dataset

We used data on 141 adult males, 131 adult females, and 287 off-
spring from our long-term study population of great reed warblers at
Lake Kvismaren in Sweden (Bensch et al., 1998; Hasselquist, 1998;
Roved et al., 2018). The adults in our data set were breeding be-
tween 1984 and 2004, and the offspring constitute the 1998 and
1999 cohorts, with addition of one family each from 1992 and 1996.
Paternity and maternity of all offspring were verified by molecular
methods (Hansson et al., 2004; Hasselquist et al., 1995). Fieldwork
and DNA sampling were approved by the Malm6/Lund Animal Ethics
Committee and the Swedish Bird Ringing Centre.

2.2 | DNA sampling and sequencing

We extracted DNA following Roved et al. (2018) and amplified a
262-bp region of MHC-1 exon 3 using the primers HNalla and HN46
(O'Connor et al.,, 2016; Westerdahl et al.,, 2004). Approximately
half of the amplicons (samples from 88 adult males, 100 adult fe-
males, and 145 offspring) were sequenced in a Roche 454 GS FLX
(Hoffmann-La Roche), see Roved et al. (2018). The remaining am-
plicons were sequenced using 300-bp paired-end sequencing in an
Illumina MiSeq (lllumina Inc.; see Supporting Information Methods
for details). Samples from 23 adult males, 32 adult females, and 150
offspring (including 11 replicates from the 454-sequencing experi-
ment) were included in a first run and a smaller batch with samples
from 30 adult males were added in a second run.

2.3 | Filtering of 454 data

The 454-sequencing data were demultiplexed using smHc (Stuglik
et al., 2011). Sequences with <3 reads (across all amplicons) and am-
plicons with <240 reads were removed. The data were then filtered
according to Galan et al. (2010), but additionally optimizing the rela-
tive abundance filtering threshold by evaluating the proportion of
mismatching sequences between technical replicates (relative abun-
dance = no. reads per sequence / total no. reads per amplicon). In
this step, sequences with relative abundance <0.012 were removed.
Subsequently, the data were manually screened to remove artificial
sequences (i.e., PCR chimeras and single nucleotide substitution er-
rors occurring with lower abundance than parent sequences) and
nonfunctional sequence variants (i.e., sequences containing stop

codons or indels obstructing the reading frame) (Roved et al., 2018).

2.4 | Filtering of lllumina MiSeq data

The lllumina sequencing outputs were trimmed to remove adapt-
ers, primers, and tag sequences using the software cutabaprT version
1.14 (Martin, 2011). The trimmed sequences were filtered using
pADA2 version 1.4.0 (Callahan et al., 2016) in r version 3.4.2 (R Core
Team, 2017). Chimeras were removed using removeBimeraDenovo

in DADA2.

2.5 | Optimization of filtering settings
using MHCtools

DADA2 has a sample inference step that removes PCR errors by
employing a machine learning algorithm to cluster low-abundance
sequence variants with higher-abundance relatives. The sample in-
ference is sensitive to the accuracy of the input sequencing data,
which is adjusted by setting a truncation parameter (trunclLen or
truncQ) and a threshold of expected error rates (maxEE fw/rv) in
pADA2's filterAndTrim function. The truncLen filter truncates reads
by a set length, while (alternatively) truncQ truncates reads at the
first base that has a Phred quality score (Q score) below a thresh-
old value. maxEE removes reads with an expected error rate greater
than a threshold value. Because these parameters affect the sample
inference, they also affect the final output from paba2. Appropriate
filterAndTrim settings may be unpredictable for new data sets, and it
is therefore beneficial to optimize the settings by evaluating the re-
peatability of the sample inference. To facilitate such evaluation, we
developed the function ReplMatch which compares technical repli-
cates in a sequencing data set and reports mismatching sequences.
The supporting functions GetReplTable and GetReplStats provide
summaries of the output from ReplMatch.

2.6 | lllumina sequencing output
We optimized the filterAndTrim settings in pApbAa2 by comparing
25 sets of genotype replicates in filtering runs with different set-
tings. For each run, we employed ReplMatch in mHcToOLS to calculate
the mean proportion of mismatching sequences among replicates.
We evaluated ranges of truncQ from 18 to 30 and maxEE (fw and
rv) from 0.05 to 2. The optimal truncQ setting (i.e., providing the
lowest mean proportion of mismatching sequences) was 20, while
maxEE settings produced optima at 0.05 and 0.1 (Figures Sla-b).
With MaxEE <0.05, too few forward and reverse reads passed the
filtering step to be successfully merged, thus obstructing the sample
inference (data not shown). As we conducted manual inspection of
our sequences after filtering in bAbA2, we proceeded with the less
restrictive maxEE = 0.1. Paired reads that did not match exactly in
the overlapping region were removed from the data set.

With the settings truncQ = 20 and maxEE (fw and rv) = 0.1,
pADA2 inferred 295 and 200 unique sequence variants in our first
and second lllumina data sets, respectively. We inspected these
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manually in BioepiT version 7.2.5 (Hall, 1999) to remove nonfunctional
variants. To obtain maximum repeatability, we added a final step of
filtering the remaining sequence variants by their relative abundance
within each amplicon (cf. Biedrzycka et al., 2017), again with opti-
mization of the filtering threshold. We evaluated the mean propor-
tion of mismatching sequences obtained with no relative abundance
threshold and with 14 threshold values ranging from 0.005 to 0.03
using ReplMatch. The threshold that produced the lowest mean pro-
portion of mismatching variants was 0.014 (Figure Sic).

After filtering and screening, our first and second lllumina
data set, respectively, contained 226 and 162 alleles in 205 and
31 samples (in total 277 alleles, with 111 occurring in both data
sets). Number of reads per sample were normally distributed with
mean = 20,920 (min = 12,532; max = 32,781) and mean = 22,492
(min = 12,062; max = 38,521), respectively. Two samples with low
read numbers (0 and 3150 reads) were removed from the second
Illumina data set.

2.7 | Comparing and merging 454 and
lllumina outputs

We collated the lllumina and 454-sequencing data sets for down-
stream analyses. We found 216 alleles that occurred in both the
Illuminaandthe 454-sequencing datasets, 61 alleles that were unique
to the Illumina data sets, and 113 unique to the 454-sequencing data
set. The larger number of alleles unique to the 454-sequencing data
set was expected, because many samples in the Illumina data sets
were related to samples in the 454 data set (e.g., offspring of which
one or both parents were genotyped in the 454 data set).

Two genotyped samples were excluded from downstream analy-
ses due to labelling errors. All alleles were blasted against the NCBI
nr/nt database using BLasTN (http://blast.ncbi.nim.nih.gov/Blast.cgi)
and novel alleles named following MHC standardized nomenclature
(Klein et al., 1990).

2.8 | Repeatability assessment

For details on technical replicates, see Technical replicates & filter-
ing in Supporting Information Methods. We calculated the repeat-
ability of our sequencing experiments as 1 minus the mean across
all replicate sets of the mean proportion of mismatching sequence
variants within each replicate set. Comparisons between replicate
sets were performed using ReplMatch and repeatabilities calculated

using GetReplStats.

2.9 | Haplotype inference using MHCtools

We employed the HpltFind function in mHcTOOLS to infer MHC-1 hap-
lotypes in our data set. HpltFind is designed to automatically infer
haplotypes by analysing the segregation of individual alleles from
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parents to offspring, as illustrated in Figure 1. The function requires
a table specifying the occurrence of alleles in each individual and a
table associating individuals with families. It assigns alleles to a pu-
tative haplotype if they occur in either parent and in one or more
offspring and produces a set of lists that specify the assignment of
alleles to putative haplotypes. Alleles with problematic segregation
patterns are indicated in the output, including (i) alleles that cannot
be resolved on haplotypes because they occur in both parents and
(ii) alleles that are missing in samples in which they would be ex-
pected to occur (incongruent alleles; e.g., an allele that is observed in
offspring but in neither parent, or an allele that occurs only in some
offspring, despite all offspring sharing the same putative haplotype
containing the allele). The functions GetHpltTable and GetHpltStats
provide posthoc summaries of the proportion of incongruent alleles
for each family and across all families, respectively.

HpltFind offers a transparent automated method for analysis of
allele segregation in a large number of families—a process that may
require significant effort to perform manually. However, MHC ge-
notyping from non-model species using degenerate primers may re-
sult in coamplification of MHC loci that carry common MHC alleles
(i.e., alleles that are found in almost all individuals), which can give
rise to increased numbers of unresolved alleles in haplotype analy-
ses. Among the 390 MHC-I alleles that we observed in our data set,
the five most common were present in 98%, 97%, 87%, 83%, and
50% of the samples, respectively. Those alleles were often present
in both parents in families, and it was therefore difficult to resolve
their presence in haplotypes through analysis of segregation pat-
terns in single families. Such a challenge can potentially be solved by
extending the analysis of segregation patterns across multiple gen-
erations, e.g. tracing how alleles segregated from great grandparents
to offspring. Thereby, a haplotype can be observed segregating from
several other haplotypes, which increases the likelihood that segre-
gation patterns of common alleles can be resolved. The availability
of a detailed pedigree of our great reed warbler study population
(Hansson et al., 2005) allowed us to carry out such an analysis across
multiple generations.

We initially employed HpltFind to analyse MHC-I allele segrega-
tion patterns in 67 families from the 1998 and 1999 cohorts (in total
78 parents and 282 offspring), one family from 1996 (2 parents and
3 offspring), and one from 1991 (2 parents and 5 offspring). Among
26 parents from those 69 families, we were able to trace ancestry
up to five generations back (Table S1). For the remaining parents,
no pedigree data were available. We investigated allele segregation
patterns in 50 ancestral families of the 26 parents, that we traced
in our pedigree, using HpltFind. These analyses included 80 addi-
tional individuals that were ancestors to the 26 parents. We sub-
sequently compared putative haplotypes vertically within lines of
ancestry and laterally between concurrent families using a stepwise
protocol, which is described in Supporting Information Methods and
Figure S2. This procedure allowed us to reduce the number of pu-
tative haplotypes in our data set by solving a number of unresolved
allele assignments and observations of incongruent alleles (Table
S2). We were unable to analyse the segregation of alleles in three
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Nest 28 of the 1999 cohort

Mother Father Offspring 1

Offspring 2

Acar-UA*4
Acar-UA*9
Acar-UA*55
Acar-UA*12

Offspring 3

Putative segregating haplotypes
Mother A

Final haplotypes

Mother B Mother A Mother B

Acar-UA*12
Acar-UA*79

Acar-UA*12

Acar-UA*79

Acar-UA*79 Acar-UA*122

Acar-UA*122

- Acar-UA*122 Acar-UA*125

Acar-UA*125

- Acar-UA*125 Acar-UA*133

Acar-UA*133

- Acar-UA*133 Acar-UA*201

Acar-UA*201

- Acar-UA*201 Acar-UA*276

Acar-UA*276

- Acar-UA*276 Acar-UA*296

Acar-UA*296

- Acar-UA*296 Acar-UA*340

Acar-UA*340

- Acar-UA*340 Acar-UA*348

Acar-UA*348
Acar-UA*31

Acar-UA*153
Acar-UA*157
Acar-UA*223
Acar-UA*239
Acar-UA*144
Acar-UA*285

XIX|X|X X X X X X X
'
XXX XX X X X X X
XXX X X X X X X X

- Acar-UA*348

Father B Father A

Acar-UA*4

Father B

Acar-UA*144
Acar-UA*285

Acar-UA*144
Acar-UA*285

X X |X |
'

Acaru-UA*23 -
Acar-UA*94 -
Acar-UA*119 -
Acar-UA*271 -

Acaru-UA*23 Acaru-UA*23

FIGURE 1 Family table from nest number 28 of the 1999 cohort showing MHC-I allele segregation patterns with inferred putative
segregating MHC-I haplotypes (Mother A, Mother B, Father A, Father B) marked by different colours. Dark grey colour indicates that a
segregation pattern could not be determined for an allele because it was present in both parents and in all offspring (uncertain allele). In the
final haplotypes, a number of uncertain alleles were resolved by applying steps 3-6 in the haplotype inference protocol (see Figure S2)

ancestral families. The segregation patterns suggested that blood
samples from two individuals in these families had been mislabelled,
and these samples and families were excluded from downstream

analyses.

2.10 | Estimating the recombination rate

In two families, the MHC-I allele segregation patterns indicated
that recombination had taken place between parental haplotypes
(Figures S3 and S4). The recombinant haplotypes were Acar-
HPLT*72 (recombinant from Acar-HPLT*15 and Acar-HPLT*21)
and Acar-HPLT*73 (recombinant from Acar-HPLT*14 and Acar-
HPLT*27). Based on this observation, we estimated the recombina-
tion rate as the number of recombinant haplotypes divided by the
total number of gametes (i.e., two times the number of offspring in

families for which we successfully inferred haplotypes).

2.11 | MHC-I supertype inference using MHCtools
We conducted a phylogenetic analysis of our MHC-I alleles using
pHYML version 3.1 (Guindon et al., 2010; Guindon & Gascuel, 2003),
and tested for positive selection using cobemL from the pamL software
package (Yang, 1997, 2007) with Bayes Empirical Bayes (BEB) analy-
sis (Yang et al., 2005) to identify codons that showed evidence of
positive selection (see Supporting Information Methods for details).
We then applied the DistCalc function in MHcTOOLS on an alignment
of our MHC-I alleles to extract values of five physicochemical z-
descriptors (Sandberg et al., 1998) for the amino acids in 14 positively

selected codons. Based on the z-descriptor values, we employed the
BootKmeans function in mMHcTooLs to identify MHC-I supertypes
using bootstrapped k-means clustering. BootKmeans runs sets of k-
means clustering models while evaluating the incremental reduction
in Bayesian information criterion (ABIC) for increasing values of the
number of clusters (k). In our analysis, each set of models evaluated
k-values from 1 to 40, and we set BootKmeans to estimate the num-
ber of clusters (k) as the value of k, for which ABIC was <1% of the
largest ABIC observed in each set. This procedure is comparable to
visually inspecting an elbow plot of BIC versus k values as illustrated
in Figure S5. In each set of models, BootKmeans output the set of

clusters inferred by the k-means model that estimated k__, clusters

est
and statistics including total within-cluster sums of squares, total
between-cluster sums of squares, AlC, and BIC. Based on observa-
tions across all k-means models in each set (i.e., representing one
scan of k-values from 1 to 40), BootKmeans also recorded BIC
BIC,.,» ABIC (i.e., BIC_,, minus BIC for the model estimating k.,
clusters), ABIC divided by BIC ., and ABIC divided by k. We set

BootKmeans to run 1000 sets of k-means clustering models on our

min’
est’

data set.

Following the bootstrapped k-means clustering, we employed
the ClusterMatch function to quantify to which extent k-means
models that found equal k. -values inferred similar clusters of

MHC-I alleles. For each value of k__, among the bootstrapped k-

est
estimation scans, ClusterMatch conducts pairwise comparisons
between all models that found k., clusters (i.e., the selected
model from each scan). In each pairwise comparison, the number
of allele assignments that fall outside the k, , most abundant clus-
ters is recorded (illustrated in Figure S6) and the proportion of

such assignments out of the total number of allele assignments to
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clusters is calculated. Finally, means of these values across all pair-
wise comparisons for each value of k_, are calculated. In addition,
ClusterMatch summarizes the number of k-estimation scans that
estimated k,, clusters and calculates means of total within-sums
of squares, AIC, BIC, ABIC/BIC and ABIC/k
of k... As our final estimated number of clusters, we selected the

for each value

max’ est

value of k__, that was associated with the lowest mean proportion

est
of allele assignments falling outside the k_, most abundant clus-
ters. Among the k-means clustering models that produced the final
estimated number of clusters, we selected the models that had
the smallest residual BIC, based on the rationale that these com-
bined the MHC-I alleles into the most informative clusters. These
were six models, all of which inferred identical clusters of MHC-I
alleles. We used the inferred clusters of MHC-I alleles in these
selected models as the definition of our MHC-I supertypes, which
we named Acar-ST*1 to Acar-ST*14. We inferred the centroid of
each MHC-I supertype cluster by calculating the arithmetic mean
of the z-descriptors of its constituent alleles.

We repeated the analysis of positive selection on aligned sub-
sets of alleles corresponding to each of the 14 supertypes. We first
built phylogenetic trees for each subset using the GTR substitution
model with the same settings as for the tree that included all alleles
(Supporting Information Methods). These trees were used as input
for cobemL along with the alignments of each subset of alleles. The
analyses followed the protocol described in Supporting Information
Methods with respect to copemL settings, nested site models, and
likelihood ratio tests. For supertypes that showed evidence of
positive selection, we inferred positively selected codons by BEB
analysis.

2.12 | Functional divergence within and between
MHC-I supertypes

To analyse the functional divergence between MHC-I alleles within
MHC-I supertypes, we employed the DistCalc function in MHcTOOLS
to calculate the means of pairwise amino acid distances between
the alleles in each supertype. We quantified functional divergence
by three measures of amino acid distance: Grantham distance
(Grantham, 1974), p-distance (i.e., the proportion of variable co-
dons), and Sandberg distance (Sandberg et al., 1998). The distances
were calculated for the 14 codons that were inferred to have evolved
under positive selection. We subsequently evaluated the distribu-
tions of the mean Grantham distance, p-distance, and Sandberg
distance values within MHC-I supertypes, and compared the three
distance measures using Pearson's correlation tests.

To analyse the functional divergence between MHC-| super-
types, we calculated pairwise Sandberg distances between super-
type centroids as means of the Euclidian distances between all sets
of z1-z5 descriptors in each centroid pair. Furthermore, we calcu-
lated the pairwise overlap between MHC-I supertypes as the sum of
the mean Sandberg distances between the alleles in each supertype
minus the Sandberg distance between the centroids. We used the
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ggraph function in the r package qGraPH v. 1.9.2 to create a network
visualization based on the pairwise Sandberg distances between su-

pertype centroids.

2.13 | MHC-I supertypes on haplotypes

Having defined the MHC-| supertypes, we proceeded to investi-
gate (i) how supertypes were distributed on segregating haplotypes
(i.e., which supertypes, and how many MHC-I alleles representing
each, that were observed on each haplotype) and (ii) the distribu-
tion of haplotypes that each supertype was represented on. For
each MHC-I supertype, we calculated the variance of the number
of alleles representing it on each haplotype. We used the leveneTest
function in the r package car v. 3.0.11 to test for homogeneity of
these variances. Furthermore, we used Pearson's correlations to test
the association between the number of MHC-| supertypes and the
number of different MHC-I alleles observed on each haplotype.

2.14 | Functional divergence in haplotypes

We analysed the functional divergence between MHC-I alleles
within haplotypes by calculating the means of the pairwise centroid
distances and the pairwise overlaps between the positively selected
MHC-I supertypes represented in each haplotype. Haplotypes car-
rying less than two positively selected MHC-I supertypes were ex-

cluded from this analysis.

2.15 | Datasimulations

We generated 10,000 in silico simulations of our haplotype data
set by randomly assigning alleles from positively selected MHC-I
supertypes to haplotypes, while maintaining the number of differ-
ent alleles (i.e., from positively selected MHC-I supertypes) for each
haplotype. We inferred which positively selected MHC-I supertypes
were represented in each simulated haplotype and, for haplotypes
carrying at least two positively selected MHC-I supertypes, cal-
culated means of the pairwise centroid distances and the pairwise
overlaps between these. For each simulation, we then compared
the number of positively selected MHC-| supertypes observed in
the real haplotypes to the values observed in the simulated hap-
lotypes using paired t tests. A two-sided p-value was calculated as
two times the proportion of simulations where t<0. Similarly, we
also compared the mean centroid distances and mean overlap be-
tween the positively selected MHC-| supertypes observed in the
real haplotypes to the values observed in the simulated haplotypes.
One-sided p-values were calculated as the proportion of simulations
where t <0 for the comparisons of mean centroid distances, or t 20
for the comparisons of mean overlaps between supertypes. The
data simulations and t tests were carried out in r version 4.1.0 (R
Core Team, 2021).
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3 | RESULTS

3.1 | MHC-I genotyping assisted by MHCtools

We genotyped 262bp of the MHC-I| exon 3 in 559 great reed war-
blers using amplicon sequencing on the lllumina MiSeq and Roche
454 platforms; see Materials and Methods. The data from our
lllumina MiSeq sequencing runs were filtered using pAapA2 in com-
bination with a per amplicon frequency threshold and with optimi-
zation of filtering settings using ReplMatch and GetReplStats from
MHcTooLs. Our first lllumina data set achieved a repeatability of
0.998, across 52 samples in 25 replicate sets, and a smaller batch
of samples in a second lllumina run showed perfect agreement be-
tween two replicates. In comparison, the repeatability among 50
sets of technical replicates in our 454 data set was 0.94 after filter-
ing (Roved et al., 2018). The repeatability among 11 replicated sam-
ples between the Illlumina and Roche 454 data sets was 0.96. When
combining the Illumina and Roche 454 data sets, we identified 390
alleles, of which 324 were unique at the amino acid sequence level.
The number of different MHC-1 alleles per individual ranged from six
to 26 (mean = 14.3, SD = 3.42; Figure S7).

3.2 | Haplotype inference
We employed HpltFind from mHcTooLs to infer MHC-I haplotypes
based on allele segregation patterns in 116 great reed warbler fami-
lies. We initially identified 225 putative MHC-I haplotypes with a
mean proportion of unresolved allele assignments of 0.446 (Table
S2). By comparing the putative haplotypes vertically within lines of
ancestry and laterally between concurrent families in a stepwise
protocol (Figure S2), we solved several unresolved allele assign-
ments and observations of incongruent alleles (i.e., alleles missing in
or erroneously assigned to haplotypes; Table S2). This reduced the
final number of MHC-I haplotypes to 107, with a mean proportion
of unresolved allele assignments of 0.255 (Supporting Information
haplotype tables). The mean proportion of unresolved alleles was
0.199 in haplotypes that could be observed in multiple families, and
0.327 in haplotypes observed only in single families.

In the haplotype inference process, we discovered and removed
15 sequencing errors from individual samples in our data set, cor-
responding to a proportion of 0.0019 of the total number of allele
assignments. We inferred 430 putative null alleles (corresponding
to a proportion of 0.051 of 8007 allele assignments), which we sub-
sequently added to individual samples (Table S2). These null alleles
were known alleles in the data set that produced false negatives in
some samples (most probably by amplifying inconsistently during
PCR, which increases the risk of allelic dropout, especially with the
454 sequencing technology). The proportion of null alleles is com-
parable to the expected error rate given the repeatability of 0.96
between the 454 and lllumina sequencing platforms.

We found considerable variation in the number of MHC-I gene
copies among haplotypes, with between four and 21 different alleles

in single haplotypes (mean = 9.2, SD = 2.80; Figure S8). We found
two recombinant haplotypes among the 334 offspring in the 116
families. From this observation, we estimated a recombination rate
of 0.0030 within the MHC-I in great reed warblers, corresponding to
a distance of 0.3 centimorgan (cM).

3.3 | Phylogenetic analysis

In the phylogenetic tree produced with the GTR model (Figure 2),
we identified five tentative groups based on the tree topology and
SH-aLRT support values (Supporting Information Methods). These
groups are indicated in the phylogenetic tree (by letters A-E) and
specified in Table S4.

3.4 | Selection analysis

We tested two sets of nested models in cobemL (M2 vs. M1 and M8
vs. M7) using all 390 MHC-I alleles in our data set. The M2 and M8
models, which allowed for positive selection, fit the data signifi-
cantly better than the M1 and M7 models (p<.0001 in both model
comparisons; Table S5a). The M8 model had the largest likelihood
value, and in this model 14 out of 87 amino acid codons were esti-
mated to be under positive selection (mean dN/dS = 3.44; Figure S9;
Table S5a). The positively selected sites predicted by BEB analysis

and associated dN/dS- and p-values are shown in Table Séa.

3.5 | MHC-I supertype inference

Using DistCalc in MHcToOLS, we extracted five physicochemical z-
descriptors for the 14 codons of our MHC-I alleles that were inferred
to be under positive selection. We then employed BootKmeans to
run 1000 sets of k-means clustering models on the z-descriptor val-
ues. BootKmeans estimated between 13 and 23 different clusters,
and we employed ClusterMatch to evaluate the agreement between
inferred clusters among the bootstrapped models. The proportion
of allele assignments to low-ranking clusters ranged from 0.032 for
models that inferred 14 clusters to 0.083 for models that inferred 18
or 19 clusters (Table S7). Among the models that inferred 14 clusters,
six models shared the smallest residual BIC. These models inferred
identical clusters, and we used these as the final definition of our
MHC-I| supertypes. The categorization of MHC-I alleles into MHC-I
supertypes is specified in Table S8a-n and the number of alleles as-

sociated with each supertype summarized in Table S? and Figure S10.

3.6 | Functional divergence within and between
MHC-I supertypes

The mean Grantham distance within each MHC-I supertype
ranged from 0.31 to 32.44 with an average of 19.95, the mean
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FIGURE 2 Unrooted GTR tree of the 390 MHC-1 exon 3 alleles in our data set with SH-aLRT support values shown for selected nodes.
Association of alleles with MHC-I supertypes is indicated with coloured circles. The side bars indicate the position of groups A-E and the
group of nonclustering alleles (N.C.) in the tree
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FIGURE 3 (a-c)Scatterplots illustrating the distributions of and associations between the three measures of functional divergence within

MHC-I supertypes: mean Grantham distance, mean amino acid p-distance, and mean Sandberg distance. Notes: In plot b, the data point
representing Acar-ST*7 is almost completely overlapped by the point representing Acar-ST*11. Values were calculated using the amino acids

in 14 codons that showed evidence of positive selection

FIGURE 4 Network visualization of the functional divergence
between the MHC-I supertypes (ST1-ST14) based on the pairwise
Sandberg distance between supertype centroids. The saturation
and width of the connecting lines indicate the proximity of each
pair of supertype centroids

amino acid (a.a.) p-distance ranged from 0.012 to 0.408 with an
average of 0.252, and the mean Sandberg distance ranged from
0.028 to 2.136 with an average of 1.332. The values of these
three measures of functional divergence were strongly correlated
(Pearson's correlations: r = 0.980-0.997, p<.0001; Figure 3).
Values for each supertype are specified in Table S9. The pairwise
Sandberg distances between MHC-| supertype centroids ranged

from 1.73 to 4.75 with an average of 2.89 and the pairwise overlap
between MHC-I supertypes ranged from -3.89 to 1.89 with an
average of —-0.23 (Table $10). The functional divergence between
MHC-I supertypes is illustrated with a network visualization in

Figure 4.

3.7 | MHC-I supertypes on haplotypes

The MHC-I haplotypes in our data set carried between three and 13
MHC-I supertypes (mean = 7.0, SD = 1.84; Table S11a, Figure 5a).
Three supertypes (Acar-ST*3, Acar-ST*5, and Acar-ST*14) were
present on almost all haplotypes, Acar-ST*1 was present on 77
haplotypes, while the remaining supertypes each were present on
approximately half or less of the haplotypes (mean = 35.6,SD = 12.0;
Table S11b, Figure 5b). Accordingly, we observed great diversity in
haplotype composition beyond the three most common supertypes
(Figure 6). The number of supertypes and number of alleles on hap-
lotypes were strongly correlated (Pearson's correlation: r = 0.86
[0.84 when excluding the outlier Acar-HPLT*84], p<.0001; Figure
S11). Furthermore, we found considerable variation in the number
of alleles from each supertype that were represented on haplotypes
(Figure 6), with variances of the number of alleles representing each
supertype on haplotypes differing significantly between supertypes
(Levene's test: p<.0001; Table 2).

3.8 | MHC-I supertypes and evolutionary patterns

To compare the peptide binding properties represented by the 14
MHC-| supertypes with the evolutionary relationships between al-
leles, we plotted supertype associations in the phylogenetic tree
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(Figure 2). Most of the alleles representing the three most com-
mon supertypes (Acar-ST*3, Acar-ST*5, and Acar-ST*14) reside in
three monophyletic clades, that each harbour limited divergence
(Acar-ST*5 in group A; Acar-ST*3 and Acar-ST*14 in two monophyl-
etic clades within group B). In contrast, the variationin branch lengths
indicate considerable divergence within all other groups (groups C,
D and E) in the tree. Yet, interestingly, we found limited divergence
between the alleles from Acar-ST*1, even though they reside with
alleles from more divergent supertypes in group D (Figure 2).

The divergent patterns evident in the tree spurred us to test
for positive selection within each MHC-I supertype. When run-
ning cobeML on subsets of alleles representing each supertype,
we found that the M2 and M8 models fit the data significantly
better than the M1 and M7 models, respectively, for Acar-ST*1,
Acar-ST*2, Acar-ST*4, and Acar-ST*[6-13], indicating that alleles
associated with these supertypes evolved under positive selec-
tion (Table S5b-c, e, g-n). The positively selected sites predicted
by BEB analysis for these supertypes and associated dN/dS and
p-values are shown in Figure S9 and Table Sé6b-I. In contrast, the
models M2 and M8 did not fit the data significantly better than M1
and M7 for Acar-ST*3, Acar-ST*5, and Acar-ST*14, indicating that
alleles associated with these supertypes have not evolved under
positive selection (Table S5d, f, o).

Among Acar-ST*1, Acar-ST*2, Acar-ST*4, and Acar-ST*[6-13],
we found considerable variation in the number and position of the
positively selected sites (Figure S9), which tended to cluster within
amino acid codons 1-5, 18-21, and 57-62, suggesting that these

form regions where the MHC-I protein interacts with antigens.

3.9 | MHC-Idiversity and functional divergence
within haplotypes

MHC-I haplotypes carried between zero and 10 MHC-I super-
types that showed evidence of positive selection (mean = 4.0,
SD = 1.83; Table S12, Figure 5c). Two haplotypes (Acar-HPLT*74
and Acar-HPLT*82) carried only MHC-I supertypes that did not

show evidence of positive selection, and nine haplotypes (Acar-
HPLT*05, Acar-HPLT*42, Acar-HPLT*49, Acar-HPLT*57, Acar-
HPLT*61, Acar-HPLT*66, Acar-HPLT*67, Acar-HPLT*68, and
Acar-HPLT*76) carried only one positively selected MHC-I super-
type. We quantified the functional divergence harboured within
each haplotype as means of the pairwise centroid distances and
pairwise overlaps between positively selected MHC-I supertypes
in each haplotype. The mean centroid distances ranged from
1.73 to 4.12 (mean = 2.89, SD = 0.30), and mean overlaps ranged
from -1.44 to 1.13 (mean = 0.095, SD = 0.51) (Table S12; Figures
S12a-b).

3.10 | Nonrandom association of MHC-I
supertypes in haplotypes

To investigate whether natural selection has favoured haplotypes
that harbour high levels of diversity or functional divergence of posi-
tively selected MHC-I supertypes, we compared the observed hap-
lotypes to in silico predictions of possible haplotypes from 10,000
simulated data sets. In these tests, the number of positively selected
MHC-I supertypes did not differ significantly between real and simu-
lated haplotypes (p =.33). However, the mean centroid distances be-
tween the positively selected MHC-I supertypes in real haplotypes
were significantly larger than in the simulated haplotypes (p <.0059;
Figure 7a). Similarly, the mean overlap between the positively se-
lected MHC-I supertypes in real haplotypes was significantly smaller

than in the simulated haplotypes (p <.0037; Figure 7b).

4 | DISCUSSION

We present the r package MHcTooLs, which contains tools that fa-
cilitate population-wide screening of MHC diversity, functional
divergence, and segregating haplotypes. We demonstrate the
use of functions from MHcTooLs on an empirical data set of great
reed warblers to (i) optimize settings in bioinformatical filtering of
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FIGURE 6 Heatmap showing the number of alleles associated with each MHC-I supertype that was observed in each haplotype
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TABLE 2 Variances of the number of alleles from each MHC-I
supertype observed per haplotype

Variance of no. alleles per

haplotype
Acar-ST*1 1.20
Acar-ST*2 0.58
Acar-ST*3 0.19
Acar-ST*4 0.37
Acar-ST*5 0.44
Acar-ST*6 0.44
Acar-ST*7 0.19
Acar-ST*8 0.52
Acar-ST*9 0.16
Acar-ST*10 0.25
Acar-ST*11 0.38
Acar-ST*12 0.21
Acar-ST*13 0.47
Acar-ST*14 0.09

high-throughput amplicon sequencing data, (ii) characterize segre-
gating MHC-I haplotypes based on family data, (iii) infer MHC-I su-
pertypes based on physicochemical z-descriptors, and (iv) calculate
distances for functional divergence estimation.

We used the function ReplMatch from mHcTooLs for fast and
efficient evaluation of replicates in our Illumina sequencing data
set, which enabled us to optimize settings for bioinformatical
filtering. While our filtering protocol was based on papa2, our
optimization of the settings (i.e., by repeated filtering and evalu-
ation of the data using ReplMatch) was instrumental in achieving
a genotyping repeatability of 0.998. Related to MHC genotyp-
ing, MHcToOLs additionally includes the functions CreateFas and
CreateSamplesFas, which generate fasta files for manual screen-
ing of sequencing data—an important step in any MHC genotyping
experiment.

As tightly linked MHC loci often cosegregate, investigating
how different alleles associate with different loci is relevant for
understanding the organization of and the evolutionary rela-
tionship between MHC genes. Understanding how MHC alleles
segregate in haplotypes is an obvious step along that road. We
therefore developed the function HpltFind in MHcTOOLS to carry
out automated analysis of allele segregation patterns in family
data, which greatly facilitates haplotype studies on large data
sets. In addition to inferred segregating haplotypes, HpltFind
reports unresolved and incongruent allele occurrences, which
allows both for (i) standardized evaluation of the overall per-
formance of haplotype inference processes and (ii) further in-
vestigations of problematic segregation patterns. We provide
an example of a stepwise protocol for resolving problematic
allele segregation patterns, which can be modified to fit most
data sets (Figure S2; Supporting Information Methods). We used
HpltFind to characterize MHC-I haplotypes in our empirical data
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set and identified 107 different MHC-I haplotypes in 116 great
reed warbler families. This corresponds to the diversity observed
in a similar study on barn owls, where 111 different MHC-I hap-
lotypes were observed among 140 families (Gaigher et al., 2018).
Our analyses of allele segregation patterns indicated that MHC-I
loci are tightly linked in the great reed warbler, with a recom-
bination rate of 0.0030, corresponding to a genetic distance of
0.3 cM. A recent study confirmed this strong linkage by showing
that MHC-I genes in the great reed warbler mainly are organized
as tandemly duplicated genes within a small genomic region
(Westerdahl et al., 2022).

Functional divergence between MHC alleles is of great biologi-
cal interest due to its association with resistance of vertebrate hosts
to pathogens (Pierini & Lenz, 2018; Wakeland et al., 1990). MHcTOOLS
includes the functions BootKmeans and DistCalc that facilitate
analyses of functional divergence in the qualitative and quantitative
sense. Employing these, we identified 14 MHC-| supertypes, each
representing a subset of alleles that share similar functional prop-
erties. Our bootstrapped clustering approach allowed us to identify
the number of clusters that was associated with the greatest accu-
racy in the cluster assignment of alleles, and to select the models
with the most informative clusters (i.e., the ones with the greatest
ABIC). Our method thus lends a transparency and a degree of confi-
dence to inference of MHC supertypes that have not been possible
to achieve with previous methods, and which have been called for in
a recent evaluation of studies that inferred genetic clusters (Miller
etal., 2020). We recommend that future studies of MHC supertypes
employ our method, potentially in combination with subsequent
DAPC, if further qualitative analyses of the physicochemical differ-
ences between inferred MHC supertypes are required. We subse-
quently employed the DistCalc function to quantify and compare
levels of functional divergence harboured within MHC-I.

To demonstrate the power of combining analyses of MHC hap-
lotypes and MHC functional divergence—which are facilitated by
the functions available in MHcTooLs—we dedicate the next para-
graphs to discussing the results of the analyses on our empirical
data set.

4.1 | MHC-Idiversity on haplotypes in the great
reed warbler

The MHC exhibits extraordinary evolutionary dynamics with rapid
expansions and contractions of MHC gene copy number, and sub-
stantial variation in MHC haplotype structure (Kelley et al., 2005;
Minias et al., 2018; Nei & Rooney, 2005). Previous studies have re-
ported considerable variation in the number of different MHC alleles
between individuals within species, suggesting that MHC gene copy
number variation (CNV) may be a common trait, at least among birds
(O'Connor et al., 2019). Our analyses of MHC-I haplotypes confirmed
previous indications of substantial MHC-1 CNV in the great reed war-
bler (O'Connor et al., 2016; Roved et al., 2018), with a minimum of
four and a maximum of 21 different MHC-I alleles per haplotype. The
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FIGURE 7 The distribution of t-values from pairwise t-tests of
(a) the mean centroid distances and (b) the mean overlap between
positively selected MHC-I supertypes in real haplotypes versus in
10,000 simulated populations of possible haplotypes

number of MHC-I supertypes observed on haplotypes varied be-
tween three and 13 and was positively correlated with the number
of different MHC-I alleles per haplotype (Figure S11). Interestingly,
despite the strong correlation, we found significant variation in the
number of alleles that represented each MHC-I supertype on haplo-
types, suggesting that gene duplication may be more frequent in loci
that harbour certain supertypes (e.g., Acar-ST*1 and Acar-ST*5), while
also differing between haplotypes (Figure 6). The observed variation
in the number of MHC-I supertypes between haplotypes may be a
consequence of previous diversification and neo-functionalization of
duplicated loci driven by selection from pathogens, as indicated by a

recent simulation study (Bentkowski & Radwan, 2019).

4.2 | Signatures of selection differ between
MHC-I supertypes

A phylogenetic reconstruction of our MHC-I alleles placed most al-
leles in three monophyletic clades that harboured considerable di-
vergence (clades C, D, E; Figure 2), as expected for MHC alleles that

coevolve with pathogens (Edwards, 2009). These clades harboured
alleles from 11 MHC-I supertypes that showed evidence of positive
selection. The alleles that represent the remaining three MHC-I su-
pertypes (Acar-ST*3, Acar-ST*5, and Acar-ST*14) mainly grouped in
three other monophyletic clades, that each harboured limited diver-
gence (Figure 2). As expected from this pattern, we found no evidence
for positive selection among the alleles associated with these three
supertypes. This suggests that the topology in the phylogenetic tree
may reflect MHC-1 genes with slightly different biological functions.
Acar-ST*3, Acar-ST*5, and Acar-ST*14 are represented on most hap-
lotypes in our data set (Figure 5b), and we propose that the genes
harbouring these may be nonclassical MHC genes, that serve other
functions than pathogen recognition. Among the MHC-| supertypes
that showed evidence of positive selection, our analysis revealed con-
siderable variation in the number and position of positively selected
codons, consistent with these supertypes having evolved as balanced
polymorphisms with divergent peptide-binding properties (Figure
S9), that is, features expected for classical MHC-I genes involved in
antigen presentation and pathogen recognition. While most MHC-|
supertypes were predominantly associated with single clades in the
phylogeny (the exceptions being Acar-ST*4 and Acar-ST*12), we ob-
served some degree of admixture of all MHC-I supertypes between
clades. This intriguing pattern can potentially be a consequence of
gene conversion or a signature of convergent evolution, where selec-
tion favoured similar binding properties at different MHC-I loci. Future
studies on the expression of individual MHC-I alleles in the great reed
warbler would be essential to verify these suggestions.

To estimate the breadth of each MHC-I supertype, we calculated
the functional divergence between the alleles associated with each
supertype (Figure 3). Among the putative nonclassical MHC super-
types, the allelesin Acar-ST*5 and Acar-ST*14 were considerably less
divergent than alleles in all other supertypes, while Acar-ST*3 had
the fourth lowest level of functional divergence (Figure 3). Among
the positively selected MHC-| supertypes, Acar-ST*1, Acar-ST*6,
and Acar-ST*10 harboured relatively low levels of functional diver-
gence. Notably, we also observed a large variance in the number of
alleles from Acar-ST*1 represented on haplotypes (Table 2), and we
propose that this observation indicates recent duplication of loci
belonging to a putative classical MHC-I gene harbouring Acar-ST*1.
Under this scenario, the limited divergence within Acar-ST*1 may be
explained by recently duplicated loci not having had time to diverge.
The remaining eight MHC-I supertypes (Acar-ST*2, Acar-ST*4, Acar-
ST*[7-9], and Acar-ST*[11-13]) all harboured considerably higher
levels of functional divergence, consistent with the divergent branch

lengths in the phylogenetic tree (Figures 2 and 3).

4.3 | Functional divergence within
MHC-I haplotypes

Standing genetic variation in MHC haplotypes serves an important
evolutionary function by enabling rapid adaptive shifts in response
to dynamics of pathogen communities (cf. Alves et al., 2019), and
accordingly we found great variation in the composition of MHC-I



ROVED ET AL.

haplotypes in our data set (Figure 6). That haplotypes harboured
on average four positively selected MHC-I supertypes (Figure 5c)
is in agreement with the principle that increased MHC diversity
enables the adaptive immune system to recognize more pathogens.
Altogether, 96 out of 107 haplotypes harboured at least two posi-
tively selected MHC-I supertypes. However, we were surprised to
find two haplotypes that harboured no positively selected MHC-I su-
pertypes and nine that harboured only one. A potential explanation
for our observation of these low-diversity MHC-I haplotypes is that
they contain additional alleles from classical MHC-I loci that were
not detected by our primers. In a previous study, the primers that we
employed amplified ~80% of the total population of MHC-I alleles
detected when genotyping was carried out using one additional set of
primers (O'Connor et al., 2016). It is, however, also possible that devi-
ations from optimal MHC diversity are offset by selective advantages
associated with particular MHC alleles (Sepil et al., 2013; Westerdahl
et al., 2005), or that haplotypes with lower than optimal diversity are
maintained in combinations with haplotypes that harbour high diver-
sity. In such combinations, the presence of low-diversity haplotypes
would cause diploid levels of MHC-I diversity not to extend too far
beyond a hypothetical optimum (cf. Nowak et al., 1992; Woelfing
et al.,, 2009). Hence, the existence of low-diversity haplotypes may
allow populations to maintain a standing genetic variation that in-
cludes haplotypes with higher-than-optimal MHC diversity.

Finally, we also investigated the functional divergence of MHC-I
supertypes within haplotypes. The haplotypes in our great reed war-
bler population harboured positively selected MHC-I supertypes that
were more divergent and overlapped to a lesser degree than expected
from in silico simulations, where MHC-| alleles were randomly assigned
to haplotypes (Figures 7a, b). This indicates that natural selection has
favoured nonrandom combinations of MHC-I supertypes that increase
the functional divergence harboured in haplotypes. Such nonrandom
association of MHC-I supertypes in haplotypes may be evolutionarily
advantageous by increasing the range of pathogens that can be rec-
ognized by the adaptive immune system, consistent with the principle
of the DAA (cf. Wakeland et al., 1990). To our knowledge, our study is
the first to investigate MHC diversity in haplotypes by MHC super-
type analysis. However, association of highly divergent MHC alleles
in haplotypes has previously been shown in chacma baboons (Papio
ursinus), where it was suggested that selection favours haplotypes that
combine MHC-DRB alleles with dissimilar physicochemical properties
(Huchard et al., 2008). Similarly, Gaigher et al. (2018) found that differ-
ences in amino acid sequences between two known MHC-IIB loci in
barn owls had reached fixation. In contrast, Gaigher et al. (2018) found
no evidence for a shift towards highly divergent allele combinations in

MHC class | haplotypes in barn owls.

5 | CONCLUSION

We have presented the r package mHcToOoLs and demonstrated the

power of its functions to (i) support accurate MHC genotyping in
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non-model species, (ii) quantify functional divergence between MHC
alleles, and (iii) carry out population-wide screening of MHC super-
types and segregating haplotypes. We believe that mHcTooLs will be
valuable to future MHC studies in non-model species, and that it offers
methodological improvements to the field of MHC research, that may
help to advance our understanding of MHC genetics and evolution.
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