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Abstract

The extremely high levels of genetic polymorphism within the human major histocom-
patibility complex (MHC) limit the usefulness of reference-based alignment methods
for sequence assembly. We incorporate a short-read, de novo assembly algorithm

into a workflow for novel application to the MHC. MHConstructor is a containerized
pipeline designed for high-throughput, haplotype-informed, reproducible assembly

of both whole genome sequencing and target capture short-read data in large, popu-
lation cohorts. To-date, no other self-contained tool exists for the generation of de
novo MHC assemblies from short-read data. MHConstructor facilitates wide-spread
access to high-quality, alignment-free MHC sequence analysis.

Keywords: Major histocompatibility complex, Human leukocyte antigen genes,
Haplotype, De novo assembly, Short-read sequencing

Background

The vast majority of human diseases have a complex, polygenic component, with risk
loci often spread throughout the genome [1]. Notably, the single region of the human
genome with the greatest number of trait and disease association signals is the major
histocompatibility complex (MHC) [2]. The MHC is located on the short arm of chro-
mosome 6, at 6p21.31. MHC genomic variation is strongly associated with its role in
the adaptive immune system primarily due to the presence of the human leukocyte anti-
gen (HLA) genes [3, 4]. HLA class I and class II genes encode the antigen-presenting,
surface-marker proteins responsible for driving the adaptive immune responses. While
most disease association studies have focused on variation in HLA, the extended MHC
region contains over 165 protein-coding gene, many involved in the immune response

[5]. Over evolutionary time, immune function across the MHC has been subjected to a
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diversity of selective scenarios, ultimately producing the single most polymorphic region
of the human genome [3, 6-14].

Extreme polymorphism has made it difficult to thoroughly elucidate the molecu-
lar mechanisms by which MHC variation contributes to numerous diseases. Advances
toward this end have been primarily driven by targeted analysis of protein-coding
genes or genome-wide association studies (GWAS) conducted with single-nucleotide
polymorphism (SNP) arrays [2, 15-18]. While many disease-associated SNPs map to
the classical HLA genes, non-HLA associations throughout the MHC have also been
identified (International MHC and Autoimmunity Genetics Network (IMAGEN) et al.
[19-22]. However, our current understanding of the role of MHC variation in disease
remains limited since this region is often excluded from whole genome analysis, which
provides greater resolution variant maps than SNP arrays. This is not for lack of inter-
est in examining high-resolution nucleotide variation, but due to the significant chal-
lenges inherent to a robust assembly of short-read data across the 5 Mbp MHC region.
In particular, novel heterozygosity, copy number variation, and large structural variants
are challenging to identify using methods that merely align sequencing reads to a refer-
ence sequence [23].

Although long-read technology is becoming the industry standard for high-quality
reference genomes [24, 25], its applicability to population-level research, such as large
(n>500) disease association and demographic studies, remains limited due to compu-
tational complexity and cost of long read sequencing at population scale. To handle the
diverse collection of challenges involved in high-throughput, short-read assembly and
variant calling for the MHC, we have developed a de novo assembly pipeline, designed
specifically for the extended, 5-mb MHC region. We have built the pipeline into a Singu-
larity container [26], so that users can simply download the container, build the image,
and reproducibly run the pipeline on large, trait-association cohorts. We have named
this tool MHConstructor [27].

MHConstructor provides solutions to four main challenges of MHC assembly with
short-read data:

1) Genotyping of the HLA genes is notoriously difficult with short-read data, due to the
high sequence similarity between HLA paralogs and difficulty assigning reads [28].
Since many dedicated tools have already been published to handle this challenge, we
have included one of these, T1K [29], into the MHConstructor pipeline to generate
HLA genotypes at first field resolution.

2) Large structural variation associated with the MHC is difficult to capture with short-
read assembly [23, 30]. There are two primary loci contributing to the majority of
observed, large structural variation at the MHC: the HLA class II region and copy
number variation associated with the C4 gene [24, 31]. To handle diploid, structural
variation at the HLA class II region, MHConstructor performs haplotype binning by
separately assembling reads attributable to heterozygous HLA class II haplotypes.
Haplotype binning has already been successfully used in several MHC assembly con-
texts [28, 32]. Furthermore, to maintain the correctly assembled HLA class II struc-
ture for downstream analysis, MHConstructor generates intermediate consensus
sequences, by scaffolding assemblies to their relevant haplotype reference [24]. Copy
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number and genotyping of C4A/B are accounted for by including our tool C4investi-
gator [33] into the MHConstructor pipeline.

3) The MHC is the most polymorphic region of the human genome [34, 35]. Therefore,
methods which describe variation merely by aligning sequence reads to a reference
genome are likely to miss much of this novel variation that does not occur in the
reference genome [23]. De novo sequence assembly is a commonly used method of
reference-free sequence assembly and has already been successfully used to gener-
ate high-quality short-read MHC assemblies [31, 32, 36—38]. It functions by break-
ing sequencing reads into smaller sequence fragments of length k (kmers) and then
connecting kmers into graph structures based on sequence overlap [39, 40]. These
structures are known as De Bruijn graphs and represent the most likely path through
overlapping sequence fragments [39, 40]. These graphs are then condensed into
longer assembled sequence fragments known as contigs. The primary benefit of this
approach is that it does not rely on alignment to a reference sequence and therefore
is much more likely to capture previously undescribed variation [23, 40—43]

4) While many previous advances have been made in handling the problem of MHC
sequence assembly, to-date, none have been developed into a self-contained tool that
can be used reproducibly or that can scale to large, population-level cohorts. The
large number of software and associated dependencies required to perform de novo
assembly alone often creates a barrier to accessibility and reproducibility, particularly
as version control is widely inconsistent across bioinformatic tools [44—46]. These
challenges have resulted in limited capacity to reliably generate MHC sequences and
thoroughly query the functional role of MHC variation in disease association con-
texts.

Even with all that is currently known of MHC diversity, it remains an underestimation
of the true extent of polymorphism within this complex genome region. MHConstructor
reduces the complexity of the de novo assembly process while increasing reproducibility
and, in doing so, provides access to a fuller spectrum of MHC diversity. With MHCon-
structor, we have also contributed MHC assemblies for an additional 369 new individu-
als. This work has the potential to improve our understanding of genetic variation in this
functionally significant, yet understudied region of the human genome and its role in
human health and disease.

Results

Haplotype-guided, de novo short-read MHC assembly workflow

MHConstructor is a short-read de novo assembly tool designed specifically for applica-
tion to the MHC region of the genome. We implement and adapt a previously estab-
lished pipeline, which was originally designed in a comparative species context to
capture novel, species-specific sequence when a reference genome was not available
for alignment [43]. Instead of relying on a single, guide sequence from one reference
genome, we choose guide sequences that represent the six, high-quality major MHC ref-
erence sequences [24]. These MHC references represent the major categories of known
HLA class II structural variation. We describe these as “Best-matched MHC Haplotypes
(or BMHs)” (Additional files 1 and 2) and assign each individual either one (homozygous
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BMH) or two (heterozygous BMHs), based on their HLA-DRB1 genotype. Each major
HLA-DRBI allele is associated with one of the six structural haplotypes [24, 38]. These
guide MHC haplotypes are used to facilitate haplotype-guided, de novo assembly,
according to the algorithm of Lischer and Shimizu [43]. This strategy provides a con-
venient framework for handling heterozygous, diploid sequencing data in a haplotype-
informed manner that can handle the large, structural variation of the HLA class II
region. We then carry out the de novo assembly process in a haplotype-informed man-
ner, generating pseudo-haploid assemblies, rather than a combined diploid assembly, for
each individual (Fig. 1).

Evaluation of assembly performance metrics

Assembly speed and quality are impacted by assembly kmer size and sequencing depth

De novo assembly algorithms are inherently computationally intensive, which can intro-
duce implementation challenges in a high-throughput context. To characterize how our
algorithm responds to various parametric spaces, we have tested assembly parameters
on a high-performance computing cluster and describe the relationship of key assem-
bly parameters, assembly kmer size, and sequencing depth to overall performance. Small
kmer sizes are considered more successful at high accuracy mapping, whereas longer
kmer sizes can improve repeat content assembly. To generate an initial range of start-
ing kmer sizes to evaluate, KmerGenie was applied to a set of #=20 samples, assess-
ing the mapped reads vs unmapped reads separately. Higher kmer values were found
to be more relevant for reads which were able to be mapped to the haplotype guide
sequence (k=41-61) (Table S1), while lower sizes of k were predicted for the unmapped
reads (k=21-26) (Table S2). Kmer size predictions for unmappable reads showed
less variation between individuals than the mappable reads. For reads which mapped
to the guide haplotype, best kmer size varied significantly across samples (stdev 4.15—
21.19). Additionally, the number of reads evaluated impacts the best kmer size identi-
fied, with greater sequencing depth allowing for larger kmer sizes. However, variability
in predicted best kmer size between samples also increases with greater sequencing
depth. We hypothesize that this may be driven by the increased probability of includ-
ing reads representing variants that may be unique to each individual associated with
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greater coverage depth. Therefore, the more reads, the more variability in best predicted
kmer size, as each individual may have unique patterns of variation that lower coverage
sampling may not identify. Overall, there is less variability in kmer prediction for reads
which do not initially map to guide haplotype, and these values are generally lower than
those predicted for the well mapped reads, consistently falling between k=21 and k=26
for all sequencing depths considered (Table S2).

We empirically tested de novo assembly kmer size by evaluating assembly quality met-
rics for varying kmer sizes and find that using larger kmer sizes for mapped reads pro-
duce stronger assembly metrics (Fig. S1). Additionally, we measured how assembly speed
is impacted by choice of kmer size. When the kmer size used to assemble unmapped
reads is small (<30), user time for the entire analysis increases in an approximately
exponential scale with respect to starting read count (Table S3). However, at k=51, for
both unmapped reads and mapped reads, the relationship between starting read count
and analysis time becomes linear (Table S4). For this reason, though KmerGenie pre-
dicted a smaller kmer size to be most accurate for the unmappable reads, we chose to
use larger values in the interest of speed. Using the above metrics, we chose k=51 for
de novo assembly of both haplotype-mapping and non-mapping reads. Unsurprisingly,
we find that better assembly metrics are correlated with higher sequencing depth (Fig.
S2). However, we do find that total length of de novo assembled contig sequence gen-
erated reaches an upper limit at around ~4.6 Mb. This may be indicative of the upper
limit of sequence that can be de novo assembled with short-read data. We find that for
target capture samples with an average sequencing depth of 60X, the full analysis takes
approximately one and a half hours to complete per MHC haplotype, with multithread-
ing capacity (Table 1). The WGS 30X 1000GenomesProject samples, however, were
much quicker to assemble, with an average time of 26 min per MHC haplotype (Table 1).

Quantification of MHConstructor error rates using high-quality MHC reference sequences
Haplotype-informed assembly validation via re-creation of known, fully characterized MHC
sequences

In addition to quantifying overall assembly quality metrics, we also described the error
rate inherent to the short-read assembly process. We first evaluated this using the set
of high-quality references representing haploid MHC sequences which have also been
incorporated into MHConstructor as guide sequences [24]. Using the Illumina short-read
dataset associated with each of the haploid MHC reference sequences (SRA: SRP348947,
BioProject: PRINA764575) [24], we re-assembled each sequence de novo using MHCon-
structor. Summary statistics for these assemblies can be found in Table S5. Refer-
ence MHC coverage was incomplete (Tables S6, S7). However, based on our findings

Table 1 Average runtime (in user minutes) for MHConstructor assembly, at eight threads on high-
performance computing cluster

Sequencing depth de novo assembly Error correction + scaffolding Total
(min) (min) assembly
run (min)
65X target capture 53 51 104

30XWGS 13 13 26
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regarding the impact of sequencing coverage depth on assembly quality described in the
“Assembly speed and quality are impacted by assembly kmer size and sequencing depth”
section, we inferred that this was due to the low starting read count (Table S5), corre-
sponding to a< 30X average coverage across the MHC, limiting our ability to recover the
full region. Therefore, we calculated the error statistics as a percent of the total assem-
bled sequence, rather than as a percentage of the entire length of the MHC. We found
that the average percent error for base calling (base call error %) was 0.031%, the average
error attributable to non-repeat associated false SVs was0.041%, and the average error
attributable to repeat-derived false SVs was 0.05% of the total assembled sequence for
each haplotype (Table 2).

Use of phased, long-read MHC haplotype sequences to determine diploid de novo assembly
error rate

To further validate this method and ensure that it can successfully handle the heterozy-
gous, diploid sequence data found in human populations, we used MHConstructor to
re-assemble phased, diploid MHC reference sequences [47] from corresponding 1000
Genomes Project 30X WGS reads. We generated the assemblies using the long-read
sequenced, phased haplotype sequence as the guide sequence. We find that no large
structural variants (>1 kb) are erroneously introduced (Fig. S3) when using a thresh-
old on the Ragtag [48] scaffold orientation, which filters out any scaffolds that have a
location score<0.1 or location score<0.3 and an orientation score<0.75. In order to
evaluate nucleotide composition error, we aligned MHConstructor consensus haplo-
types to their long-read, phased haplotypes using minimap2 to describe base call errors
[49] and Assemblytics to identify structural errors (>1 bp INDELSs) [50]. The amount
of mismatched sequence between the two was determined by counting the number of
variants identified and dividing by the total length of the MHConstructor consensus hap-
lotype. We found that the average percent error for base calling (base call error %) was
0.17%, the average error attributable to non-repeat associated false structural variants
(SVs) (>1 bp) was 0.18%, and the average error attributable to repeat-derived false SVs
was 0.1% of the total assembled sequence for each haplotype (Table 3). Assessment of
the categories and sizes of false structural variants (>1 bp) revealed low frequency of
repeat expansions and repeat contractions. Across the six MHC haplotypes evaluated,
we only found three instances of false structural variants greater than or equal to 500 bp
in length. Two instances were caused by a 630-bp and 646-bp repeat expansions, and

Table 2 Target capture MHC assemblies exhibit 0.119% average total error in homozygous cell lines,

SV>1bp
MHC haplotype Total Base call error (%) Non-repeat Repeat- Total error (%)
assembly associated SV associated SV
length (bp) error (%) error (%)
OK649231 4,127,329 0.0267 0.0350 0.0899 0.1516
0OK649232 3,908,195 0.0311 0.0515 0.1144 0.1970
OK649234 4,539,318 0.0218 0.0441 0.0068 0.0727
OK649235 3,710,459 0.0554 0.0215 0.0124 0.0893
OK649236 4,196,340 0.0211 0.0528 0.0080 0.0819

SV: structural variant >= 1bp in length
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Table 3 MHC assemblies from WGS data exhibit an average of 044% total error in
1000GenomesProject individuals, SV>1 bp

MHC haplotype  Total assembly Base call Non-repeat Repeat- Total error (%)
length (bp) error (%) associated SV error associated SV
(%) error (%)
HG00621.1 4,684,211 0.136 0.188 0.089 0414
HG00621.2 4,654,849 0.162 0.162 0.107 0430
NA19240.1 4,739,094 0.179 0.162 0.065 0.407
NA19240.2 4,728,464 0211 0.160 0.072 0.442
NA20129.1 4,713,830 0.145 0.186 0177 0.509
NA20129.2 4,538,560 0.162 0.195 0.058 0415

SV: structural variant >= 1bp in length

one was caused by a 2842-bp repeat contraction (Fig. S4-S6). Otherwise, all false SVs
identified were under 500 bp in length (Fig. S4-S6). We found that of the sites in the
MHConstructor assembled haplotypes that did not match the phased, long-read haplo-
type guide sequence, between 34 and 54% were a result of true assembly error, with the
remaining sites caused by improper inclusion of a heterozygous allele attributed to the
other phased haplotype (Table S8).

MHConstructor is sensitive to novel nucleotide variation not observed in the guide sequences

Though de novo assembly methods are known to be a reliable, reference-free method of
capturing novel sequence variation [39, 40], we validated this characteristic using ART
[51] to simulate Illumina NGS sequencing reads for assembly with MHConstructor. Sim-
ulated reads were derived from the fully phased MHC haplotype sequences of HLA class
II heterozygous individuals HG00621 and NA19240, described in the “Use of phased,
long-read MHC haplotype sequences to determine diploid de novo assembly error rate”
section [47]. To evaluate MHConstructor performance in the simpler context of recre-
ating a single MHC haplotype sequence, we generated a set of synthetic 30X coverage
short reads from each ground truth haplotype sequence individually, representing hap-
loid sequence data. To represent realistic, diploid sequencing data, we generated a set of
reads from both haplotype sequences combined, to represent diploid sequence at 30X
coverage. The set of novel single-nucleotide variants (SN'Vs) and structural variants (SVs)
for each ground truth MHC haplotype sequence was established by aligning each to their
corresponding BMH guide sequence. Positions annotated with variation from the guide
sequence were designated novel variation. Following MHConstructor assembly, we find
that for individual HG00621, 99.3-99.5% and 99.1-99.5% of novel SN'Vs were correctly
assembled from the haploid and diploid simulated read sets, respectively (Table S9). For
individual NA19240, 97.5-98.4% and 98-98.2% of novel SNVs were correctly assem-
bled from the haploid and diploid simulated read sets, respectively (Table S9). MHCon-
structor also exhibited high accuracy of correctly identifying novel SVs. For individual
HGO00621, 99.6% and 86.2—98.8% of novel SVs were correctly assembled from the hap-
loid and diploid simulated read sets, respectively (Table S10). For individual NA19240,
99.4-99.5% and 93.7-99.0% of novel SVs were correctly assembled from the haploid and
diploid simulated read sets, respectively (Table S10). In both individuals, SNV assembly
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exhibited consistently high recovery of novel variation (>97.5%). SV assembly quality
was also high for haploid assemblies but showed a slightly wider range for the diploid
assemblies (86.2—-99.0%).

HLA class Il haplotype-defining structural variation is correctly assembled

The six primary MHC haplotypes used here as guide sequences are distinguished
primarily by structural variation in the HLA class II region. This variation is primar-
ily driven by HLA-DRBI; its three duplication paralogs, HLA-DRB3, HLA-DRB4, and
HLA-DRBS; and several pseudogenes. Most individuals have only partial representa-
tion of these. The generally observed combinations are HLA-DRBI with HLA-DRB5
(DR2), HLA-DRB1 with HLA-DRB3 (DR3), and HLA-DRBI with HLA- DRB4 (DR4)
[52, 53]. Of these three, the DR4 haplotype contains extra sequence content between
HLA-DRB4 and HLA-DRBI, thus extending the length of the MHC and providing a
challenge to correct sequence assembly. To ensure that our de novo assembly method
is capable of properly capturing this structural variation, we assessed the reconstruc-
tion of structural variation associated with the HLA-DRB1, HLA-DRB3, HLA-DRB4,
and HLA-DRB5 genes via dot plot visualization of oriented de novo assemblies aligned
to the MHC phased reference sequences (Fig. 2), using the R package paftools. When
assemblies are aligned to the guide BMH sequence with their correctly matched DR-
status, there is continuous alignment over the class II region (Fig. 2A). Conversely,
when aligned to a guide BMH with a mismatched DR-status (Fig. 2B), a large break
in the alignment is observed, corresponding to the length of the expected structural
variation. We find that our approach is capable of correctly assembling this structurally
varied region. This was additionally confirmed through visual inspection in Mauve (Fig.
S7), which we demonstrate with an example from an individual with European ancestry
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(individual Z) who is heterozygous for DR3 and DR4. Two Individual Z consensus
sequences were generated by aligning the de novo assembly to the APD (DR3) and DBB
(DR4) reference sequences separately. Next, these alignments were visualized in Mauve
[54]. The absence of sequence gaps in the alignment shows that the structure was cor-
rectly assembled in both cases. Promisingly, we find that even in the event of choosing
a mismatched guide MHC for the assembly process (i.e., DR4 instead of DR2), the cor-
rect class II structure will still be constructed, as long as assembly is scaffolded with
respect to the correct, DR-matched guide, though with lower resolution with respect to
identification of novel variation (Fig. S8).

Assembly of short-read data reliably describes repetitive element family composition

Since repetitive elements are known to comprise 50-52% of the MHC [24] and roughly
60% of the genome as a whole [55], we wanted to ensure that this method was relia-
bly assembling genomic sequence composed of repetitive content. All final assembled
sequences were annotated with the RepeatMasker (RM) software, using default settings
(www.repeatmasker.org). We then compared our novel assembly RM predictions to RM
predictions for the original, phased, MHC reference sequences. We find that repeat ele-
ment annotations are highly syntenic and differ only by ~ 3% of total annotated repeat
content (Fig. S9). This demonstrates that our assembly method can properly handle
short-read data and sensitively assemble the sequences of repetitive elements in the
MHC with good accuracy at the level of repetitive element families.

MHConstructor assembly of target capture 60 x and 1000 Genomes Project 30 x WGS
short-read MHC data

Haplotype-guided, de novo assembly generates high-quality extended MHC assemblies
MHConstructor was then used to generate 536 novel MHC haplotype assemblies from
MHC target capture short-read sequencing data. Assembly quality is generally evaluated
according to several primary metrics. N50 is a traditional indicator of assembly qual-
ity, as it provides a description of contig size distribution, with a larger N50 indicating
more contigs of greater length. However, this metric is now recognized by the bioin-
formatics community to not be wholly representative of assembly quality, especially in
genomic regions with complex sequence content. Therefore, we also describe the num-
ber of contigs per assembly as well assembly length (Additional files 3 and 4). In order to
use these scores to meaningfully evaluate the performance of the reference-guided, de
novo assembly method, we compared them to a previously published dataset of short-
read, de novo assembled MHC sequences, n =95 haplotypes [38], based on assembled
contigs, prior to scaffolding. For the target capture assemblies (n =536 haplotypes), we
find that while the distributions show much overlap, ¢-testing revealed that the target
capture contig number distribution was significantly lower than the distribution from
Norman et al. (mean=1774.924 vs. mean=2850.116, p <2.2e — 16), indicative of more
complete assemblies. Correspondingly, the target capture N50 values were significantly
larger (mean =4359.881vs. mean =3894.989, p =9.584e — 10), indicating larger, median
contig length. There was a slight, but significant, decrease in total assembly length in
the target capture compared to the Norman et al. sequences (mean=4,185,033 vs


http://www.repeatmasker.org

Wade et al. Genome Biology =~ (2024) 25:274 Page 10 of 23

mean =4,567,339, p=0.0008554). The same trends were observed in the WGS data,
though contig number and N50 value had a completely separate distribution from both
the target capture and the Norman et al. assemblies (Fig. S10, Additional files 3 and 4).

MHConstructor assemblies of target capture, ASW-like sequences exhibit different assembly
metrics than CEU-like sequences

Interestingly, there is a bimodal distribution within the target capture assembly met-
ric distributions (Fig. 3). The ASW-like assemblies have a higher contig number
(p-value<2.2e — 16), lower N50 (p-value<2.2e —16), and lower total assembly length
(p-value=8.673e — 16) than the CEU-like assemblies. Traditionally, these values are
associated with lower assembly quality. There was a corresponding difference in terms

A % 3k %k
. (_A_\
‘u_) -
o
> 9
o ™~
c
[
>
o
o
(TR o _|
w0
o 1
[ | | |
1000 1500 2000 2500
de novo assembly contig number
B. % % %
8 - A
. { \
w —
>
g 8
[
3
3 o
o ¥
o |
N
o —

[ I I I I I 1
3000 3500 4000 4500 5000 5500 6000
de novo assembly N50 (bp)

Fig. 3 Target capture assemblies from ASW-like individuals demonstrate different assembly metrics than
those from CEU-like individuals. Green distributions represent ASW-like assemblies generated from target
capture, 60X short-read data, n= 262 MHC haplotypes. Grey distributions represent CEU-like assemblies
generated from target capture, 60X short-read data, n =274 MHC haplotypes. A Histogram of the number of
contigs per assembly. B Histogram of N50 (bp), per assembly



Wade et al. Genome Biology ~ (2024) 25:274 Page 11 of 23

of kmer diversity between these two populations as well. In the target capture short-read
fragments, the mean number of unique 150mers per ASW-like reads was significantly
higher than the mean unique 150mers in the CEU-like reads (p-value <2.2e —16).

Interestingly, when comparing these same assembly metric distributions between
the CEU and ASW assemblies generated from 30X 1000 Genomes Project WGS
data, no differences were observed in contig number (p-value=0.3184) or N50 length
(p-value =0.2629), though total assembly length was slightly higher in the CEU popula-
tion (p-value =0.004869). Additionally, there was no observable difference in number of
unique short-read 150mers between the WGS 1000 Genomes Project short-read frag-
ments between the two populations (p=0.5212) (Fig. S11). To ensure that the increased
kmer diversity difference between populations observed in the target capture data were
not an artifact of the larger sample size (n=536 haplotypes), relative to the WGS 1000
Genomes Project samples (n=300 haplotypes), we performed random subsampling of
the target capture individuals to achieve equivalent sample sizes. Even at a smaller sam-
ple size (n=300), there were still significantly more unique 150mers in the target cap-
ture ASW-like short-read data (p-value < 2.2e — 16).

Discussion

Though it is known that human MHC variation is implicated in numerous disease phe-
notypes, aside from the classical HLA loci, characterization of variation in this region
has been limited to SNP genotyping arrays, reference-based alignment methods, and,
only very recently, long-read sequencing. Because of this, MHC sequences from thou-
sands of disease cohorts with short-read data have remained untapped, and knowledge
of the true extent of MHC variation has been obscured. Here, we developed and dem-
onstrated a tool, MHConstructor [27], that produces high-resolution, reference-free,
de novo short-read assembly of the extended MHC, for both target capture and WGS
short-read sequencing methods.

This tool facilitates enhanced MHC research in large human population cohorts in
four key areas by (1) applying automated HLA typing and HLA class II haplotype assign-
ment with T1K [29], (2) using guide sequences for read binning to improve assembly of
HLA class II structural variation and C4 A/B prediction using C4Investigator [33], (3)
using de novo sequence assembly to capture novel variation, and (4) creating a repro-
ducible Singularity container [26] to increase usability.

By comparing MHConstructor performance for both target capture and WGS meth-
ods, against high-quality, reference MHC haplotypes from long-read sequencing data,
we have established an error rate between 0.12% and 0.44% overall, across both types
of sequencing technology. We find that target capture assemblies exhibit slightly lower
error rates than WGS assemblies. We deemed these acceptable error rates, as the pri-
mary use of these sequences will be for the purpose of population-scale, disease asso-
ciation studies. Any spurious variants that occur at or below this frequency threshold
will not be expected to demonstrate high enough frequency at the population level to
result in false associations, as most statistical models do not have the sensitivity to detect
associations for variants with a population frequency<5%. We demonstrate that the
MHConstructor haplotype-guided de novo assembly approach enables accurate recon-
struction of the known HLA class II structural variation, even in situations where an
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individual is heterozygous, i.e., has two different HLA class II haplotypes. This finding
underscores its applicability to human population datasets and expands its function-
ality from homozygous cell lines [38]. Furthermore, we also find that MHConstructor
is sensitive for novel variant discovery, as revealed by our simulation analysis. Novel
SNV recovery in diploid simulated sequence was very high (98.0-99.5%). Recovery of
novel structural variation in diploid simulated sequence exhibited a slightly wider, but
still well-performing range (86.2—99.0%), which is unsurprising, given the challenges
of de novo assembly with short-read data [56, 57]. Altogether, this supports the use of
MHConstructor as a tool for discovery in disease association contexts.

Though overall assembly statistics appear canonically better in the 30X WGS assem-
blies, the higher error rate as compared to the 65X target capture sequencing implies
that these statistics may be falsely inflated. It is possible that the 30X WGS method is not
sensitive enough to fully capture the extent of nucleotide diversity across all individu-
als. This is additionally supported by the comparison of assembly metrics between the
two distinct populations considered. In the target capture assemblies, we find “lower”
quality scores associated with the assemblies of ASW-like individuals, compared to the
CEU-like individuals, suggestive of increased nucleotide diversity in the ASW-like popu-
lation that may be further challenging the de novo assembly process. This difference is
not observed between the 1000 Genomes Project 30X WGS ASW and CEU populations,
suggesting that the 65X target capture approach may be picking up more of the nucle-
otide diversity known to be associated with populations of African American ancestry
[58, 59]. We find additional support for this interpretation, given that reads from the
target capture sequencing appear capable of identifying a higher amount of likely novel
MHC variation in populations with African ancestry than WGS sequencing. It is likely
that the lower, 30X coverage depth, commonly used for WGS of large cohorts, may also
be contributing to reduced sensitivity. Thus, some novel variation may not be identifi-
able with a 30X WGS approach, though it is unclear if increasing the WGS coverage
depth would account for this. Our results suggest this may have an even greater impact
in populations with African ancestry, as opposed to European ancestry. It is likely that
we may still be underestimating the true extent of MHC variation.

Due to the large number of assembly software that these processes rely on, the contain-
erized workflow is essential for establishing this method as a usable tool for a wide vari-
ety of audiences. Throughout the process of our subsampling and optimization analyses,
we find that sequencing depths below 25 x on average across the MHC are not sufficient
to generate full assemblies. We find that assemblies at these lower coverage ranges are
more fragmented and do not produce full-length consensus sequences. Therefore, we
recommend a sequencing depth of 30 x or higher to achieve the most robust assemblies.
Higher starting sequencing coverage (45 x and 60x) will generally have higher accuracy
but will take longer to complete the assembly. There are many additional parameters
involved in this analysis which may require fine-tuning, and we encourage users to con-
sider these with respect to their own project and data. Since every NGS dataset will have
unique quality dynamics and experimental questions, we recommend that users perform
a similar evaluation as performed in this manuscript when choosing the most relevant
parameters for their dataset. We find that, while speed is impacted to some extent by
coverage depth and choice of assembly parameters, average runtimes per haplotype
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range between 1 h to one and a half hours, using eight parallel computing threads at
computationally intensive stages. By developing this pipeline structure, executed from
within a Singularity container, we have made de novo assembly significantly more acces-
sible to a broader range of researchers. Furthermore, this structure ensures that results
can be replicated and facilitates additional optimization and improvement due to its
modularity, which allows the user to optimize the analysis parameters for each unique
dataset, if desired.

An inherent limitation of this method is attributable to the nature of short read
sequence data. Since the sequence fragments used in short-read sequencing are gener-
ally shorter than 200 bps in length, this can result in assembly errors when the length of
a repetitive motif is longer than the length of the read fragment [56, 57]. By compari-
son to long-read assembled, fully phased MHC sequences, we find that MHConstructor
introduces an additional 0.086—0.125% error attributable to misassembling interspersed
repeats, on average across the MHC. This limitation is noticeably more pronounced
at the C4 gene locus. Since C4A and C4B are identical at the nucleotide level, with
the exception of four codons, it is almost impossible for de novo assembly algorithms
to meaningfully identify the correct path through elements with such a high sequence
identity [33]. Similarly, copy number variation is unlikely to be accurately captured from
short-read sequence assembly alone and requires an estimation of coverage depth. As
evidenced by the dot plot visualization in Fig. 2, showing assembly alignment gaps cor-
responding to the position of C44 and C4B, de novo short-read assembly is not capable
of discerning between C4A and C4B and their duplicates. For these reasons, we have
implemented the tool C4Investigator [33], which is designed to distinguish between the
presence of C4A and C4B, long and short forms, and copy numbers.

Though MHConstructor generates first field genotyping of HLA-DRBI using T1K [29],
we do not recommend using this data, or the MHConstructor pipeline, for the purposes
of clinical HLA genotyping. The primary goal of this analysis is to expand access to large
population-level cohorts and foster the discovery of novel variation and factors impact-
ing MHC biology across the extended 5-Mbp region. It is not designed to meet the level
of stringency required for assigning HLA genotypes in a clinical context as there are
many robust and user-friendly tools and protocols which are designed for that level of
required accuracy, and we encourage users to pursue those, should their interest be in
clinical HLA typing.

Conclusions

The modular nature of the pipeline workflow lends itself to adaptions and future modifi-
cations. Though it has not been tested within the scope of this manuscript, we anticipate
that it should be possible to integrate long read sequencing data with this pipeline as
well. This could be introduced at step 3, replacing de novo assembled, short-read con-
tigs. The use of hybrid long and short-read sequencing is well known to be the most
effective method of high-accuracy sequence assembly, and including such data here
would likely increase assembly accuracy even further. Future work can be done to fine-
tune and validate this alternative application. MHConstructor will also support the
discovery of novel patterns of variation and even never before-described genomic vari-
ation. Additional future efforts will likely involve the application of additional methods
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to enhance the annotation of SVs in the MHC. It is not a trivial task, and algorithms
for the characterization of complicated SVs are continuously being improved upon [60].
Future work to formally phase the output of MHConstructor will expand its usability
even further [61]. Additionally, though it is known that the unique sequence features
of the MHC are driven by a combination of nuanced and interacting selective scenar-
ios [62], attempts to model these forces have remained limited in scope. With this new
access to extended MHCs from large population cohorts, we can begin to more thor-
oughly reconstruct those processes, which, in turn, will lead to a better understanding of
human disease. In all, the containerized, pipelined workflow established here will make
its application to short-read disease-cohort datasets computationally accessible. In this
way, MHConstructor will encourage functional interpretation of MHC variation and its
roles in human disease contexts.

Methods

DNA collection for target capture sequencing

DNA from peripheral blood mononuclear cells (PBMCs) of healthy individuals [63, 64]
was obtained for target capture sequencing. The study sample for sequencing was com-
prised of 183 healthy individuals from a population similar to the 1000 Genomes Pro-
ject Utah residents (CEPH) with Northern and Western European ancestry group and
185 healthy individuals from a population similar to the 1000 Genomes Project African
Ancestry in Southwest US group. Populations will be referred to as CEU-like and ASW-
like, according to nomenclature recommendations from a National Academies consen-

sus study report [65].

Target capture sequencing of the extended MHC
For each sample, 100 ng of high-quality DNA was used for library preparation using
the Twist Library Preparation EF Kit 2.0 (Twist Bioscience, San Francisco, USA) with
enzymatic fragmentation and combinatorial dual indices following manufacturer
instructions. Step-by-step instructions for library preparation are provided by the manu-
facturer’s publicly available protocol. In summary, the first step consists of DNA frag-
mentation, end-repair, and poly-A tailing (as described in Twist protocol). Subsequently,
universal xGen""' stubby adaptors (IDT, Coralville, IA) were ligated using the ligation
master mix provided by the Twist Library Preparation EF Kit 2.0 and following the man-
ufacturer’s protocol. Then, fragments were purified with 0.8 x ratio AMPure XP mag-
netic beads (Beckman Coulter, Brea, USA), followed by dual-size selection (0.42 x and
0.15 x ratios), resulting in libraries of approximately 800 bp. Next, the libraries were
amplified with xGen" UDI 10nt Primers (IDT, Coralville, IA) uniquely barcoded with i5
and i7 index sequences to allow multiplexing. The following amplification settings were
used, according to the manufacturer protocol: 1 initialization cycle at 98 °C for 45 s, 8
cycles of denaturation/annealing/extension at 98 °C for 15 s, 60 °C for 30 s and 72 °C
for 30 s and a final extension cycle at 72 °C for 1 min. Following amplification, a second
round of purification was performed with a 1 x ratio using AMPure XP magnetic beads
(Beckman Coulter, Brea, USA), according to manufacturer instructions.

For large-scale quantification, fluorometric quantification was performed using
Quant-iT™ PicoGreen" (Thermofisher, Waltham, USA) following the manufacturer’s
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instructions and using the Gemini XPS Fluorescence Microplate Reader (Molecular
Devices, USA). To automate pooling, samples were pooled (30 ng/sample) via ultrasonic
acoustic energy using Echo 525 Liquid Handler (Beckman Coulter, Brea, USA). The
Twist Target Enrichment kit (Twist Bioscience, San Francisco, USA) was then used for
targeted hybrid capture on pooled libraries. Step-by-step instructions for hybrid capture
enrichment are provided by the manufacturer’s publicly available protocol. DNA librar-
ies were bound to 33,620 biotinylated 120-bp probes (Twist Custom Panel, Twist Biosci-
ence, San Francisco, USA) designed by Twist Biosciences targeting the entire extended
MHC, including genic and intergenic regions. After overnight incubation, following
Twist Hybrid Capture protocol, Twist Dry Down Beads (streptavidin magnetic beads)
provided in the kit were used to capture fragments targeted by the probes, accord-
ing to manufacturer instructions. Captured fragments were then amplified using uni-
versal primers provided by the kit and the same amplification setting described above,
according to manufacturer instructions. After amplification, libraries were purified with
AMPure beads (Beckman Coulter, Brea, USA), according to Twist Hybrid Capture pro-
tocol. Bioanalyzer (Agilent, Santa Clara, USA) was then used to analyze the enriched
pooled libraries. After quality control evaluation, enriched libraries were sequenced
using a paired-end 150-bp sequencing protocol on the NovaSeq 6000 platform (Illu-
mina, San Diego, USA). This protocol is an adaptation of the method previously pub-
lished by Norman et al. [38]. Short-read source data can be found at the NCBI SRA
record SRP487874 [66].

WGS data collection from the 1000 Genomes Project

The MHC region was extracted from 1000 Genomes Project.cram files corresponding to
30 x WGS data for 214 individuals from the CEU and ASW populations using the fol-
lowing command: $ samtools view -T http://ftp.1000genomes.ebi.ac.uk/voll/ftp/techn
ical/reference/ GRCh38_reference_genome/GRCh38_full_analysis_set_plus_decoy_hla.
fa -b -o<sample>.bam<sampleURL> <chromosome>, where<sample>and<sam-
pleURL > correspond to the unique ID and location path on the ftp server for each indi-
vidual and < chromosome > corresponds to the chromosome region from which to extract
reads. Reads were extracted from the canonical MHC region using chré: 28,509,120—
33481577, as well as from the following alternate chromosomes on the hg38 build known
to house MHC sequence: chr6_GL000250v2_alt, chr6_KI270800v1_alt, chr6_KI270799v1_
alt, chr6_GL383533v1_alt, chr6_KI270801v1_alt, chr6_KI270802v1_alt, chr6_
KB021644v2_alt, chr6_KI270797v1_alt, chr6_KI270798v1_alt, chr6_GL000251v2_alt,
chr6_GL000252v2_alt, chr6_GL000253v2_alt, chr6_GL000254v2_alt, chr6_GL000255v2_
alt, chr6_KI270758v1_alt. Reads which did not map to GRCh38_full_analysis_set_plus_
decoy_hla.fa were extracted from each individual’s alignment.bam file using samtools view
-u and stored separately for use in later stages of analysis. The full list of 1000 Genomes
Project individuals and the ftp links to access corresponding short-read fastq files can be
found in Additional file 5.
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Additional MHC-related tools

These processes are separate from the MHConstructor pipeline. They include two func-
tions that produce data required for MHConstructor to run. However, these modules
may be skipped if the user already has these data prepared.

— HLA-DRBI genotyping. In order to assign each individual to the most relevant major
MHC haplotype, according to Houwaart et al. [24], we have included a pre-process-
ing step to generate HLA-DRBI genotypes at first field resolution and complement
component 4 (C4) genotype (C4A or C4B) and copy number. This stage is executed
prior to the assembly algorithm. High-throughput HLA-DRBI first field genotypes
are generated using T1k [29]. Since HLA-DRBI is in known to be in strong linkage
disequilibrium with HLA-DRB3, HLA-DRB4, and HLA-DRBS5 [52, 53], we infer that
the first field genotypes of HLA-DRB3, HLA-DRB4, and HLA-DRBS will correspond
to previously established HLA-DRBI haplotypes [24]. In this way, we determine the
HLA class II haplotype(s) for each individual.

— Complement component 4 (C4A and C4B genotyping. C4A and C4B genotypes and
copy numbers are assigned using C4lInvestigator [33] with the standard parameter
values, calculating C4 copy numbers (C4A, C4B, C4S, C4L).

MHConstructor de novo assembly pipeline

The following describes each functional module involved in MHConustructor. Each mod-
ule is executed by a driver script written in bash, which calls the necessary software to
execute the module. The modules associated with read quality filtering, contig genera-
tion, and scaffolding are derived from the reference-guided de novo assembly method
described by Lischer and Shimizu [43]. For an in-depth description of these methods,
please refer to the original publication [43]. Changes made to the original algorithm
include replacing the primary assembly software with velvet [67] for increased speed,
as well as minor code alterations, made to be applicable to human MHC sequence reads
and up to date with current software versions.

1. Short-read quality control. Fastq files are processed to remove stretches of homopol-
ymer runs from reads, where reads contain a minimum of 20, consecutive guanines
(G). Long, consecutive stretches of guanine are a known artifact of Illumina NGS
[68]. Then, reads are randomly sampled with a seed value using seqtk (https://github.
com/lh3/seqtk) to select the desired number of reads to include in downstream anal-
ysis. Sampled reads are then processed with Trimmomatic [69] to remove leading or
trailing low-quality bases (<3 or N), remove bases that had an average quality score
of 15 or less across four base pair sliding windows, and exclude reads that are shorter
than 40 base pairs, according to Lischer and Shimizu [43]. This analysis assumes that
sequencing primers have already been removed from the sequencing reads.

2. MHC BMH assignment and read binning. Best matching haplotypes (BMHs) are
inferred from HLA-DRBI genotyping and C4 data. If an individual is first field
homozygous at HLA-DRBI, they are assigned a single BMH. If an individual has a
heterozygous DR- haplotype, they are assigned two BMHs. Possible recombination
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was not taken into account in assigning proxy chromosomal haplotypes. Guide BMH
sequences were obtained from the following NCBI accession numbers: OK649231.1,
0OK649232.1, OK649233.1, OK649234.1, OK649235.1, OK649236.1, and the MHC
region on chromosome 6 of human reference genome GRCh38.p14, NC_000006.12:
chr6: 28,509,120-33481577. Individuals with a DR8 haplotype were assigned
GRCh38.p14. Once BMHs are assigned, reads are aligned to each BMH using bow-
tie2 [70]. The bowtie2 minimum alignment score is set to “L,0,-0.6,” according to step
2 of the reference-guided de novo assembly method in Lischer and Shimizu [43].
Reads that align to a given BMH are then extracted for de novo assembly. Reads that
do not align to the BMH are extracted and grouped for de novo assembly separate
from the reads that aligned. If an individual has two BMHs, the de novo assembly
process is conducted separately for each BMH. In these cases, following de novo
assembly, contigs generated from reads that did not map to a BMH are later aligned
to the heterozygous individual’s alternative BMH and any cross-mapping contigs are
removed, as described in the “Quantification of MHConstructor error rates using
high-quality MHC reference sequences” section.

3. Haplotype-informed contig set generation via reference-guided, de novo assembly.
Non-redundant supercontigs are generated using an individual's BMH(s) as guide
sequence(s) for de novo assembly, according to Lischer and Shimizu [43]. Following
alignment to the guide BMH, regions of mapped, overlapping reads are grouped into
blocks. These blocks are then merged into “superblocks,” which represent the bound-
aries of adjacent, overlapping blocks, as defined in Lischer and Shimizu [43]. Reads
that do not align to the guide BMH are extracted and assembled separately. Both cat-
egories of reads are then extracted and de novo assembled into contigs via de Bruijn
kmer graphs, as implemented by velvet [67]. Velvet was chosen instead of other
assemblers described in the original publication [43] for its use of de Bruijn graphs
and because its faster speed makes it better suited to high-throughput applications in
the context of large disease cohorts. Reads not mapped to the reference sequence are
de novo assembled separately. The resulting contigs from the un-mapped sequence
are aligned to the rest of the human reference genome (HG38) and, for heterozygous
individuals, to the alternative MHC haplotype, using minimap2 [49]. Any contigs
that map outside of the MHC or map to the alternative MHC haplotype reference
are removed. This step is an addition to the original algorithm. The remaining filtered
contigs generated from unmapped reads are then combined with contigs generated
from mapped reads. Finally, overlapping contigs are then merged into non-redun-
dant supercontigs, using AMOS [71].

4. Error-correcting, de novo scaffolding, and gap closing of haplotype-informed assem-
blies. Original reads are mapped onto the contigs, and GATK HaplotypeCaller [72—
74] is used to perform localized error-correction. This represents a deviation from
the tool described in the original publication [43], as the GATK error correction tool
originally chosen is no longer supported by GATK. In the interest of reducing assem-
bly time for use in large cohorts, a secondary round of de novo assembly with the
reads which did not map to merged supercontigs was excluded. This can be found
in step 5 of the original assembly pipeline [43]. Corrected contigs are then aligned to
BMH using nucmer, and the resulting delta output files are used as input to Assem-
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blytics [50], which establishes contig orientation and identified structural variants.
Haplotype-informed contig sets are then processed into draft assemblies, via the
Lischer and Shimizu algorithm [43]. SOAPdenovo2 [75] is used to scaffold error-
corrected contigs and close gaps using paired-end mapping to create the haplotype-
informed assembly.

5. Haplotype-informed assembly completion and scaffold orienting. Draft scaffolds
are then ordered and oriented with respect to their major MHC phased reference
sequence [24] using RagTag [48]. A final assembly fasta file is created, which contains
one single fasta record representing the ordered and continuous sequence assem-
bled with respect to the reference. This serves as a haplotype-informed consensus
sequence for each major MHC haplotype. Any de novo assembled contigs that Rag-
Tag [48] is not able to place on the BMH guide sequence are output as separate fasta
records in the same file as the continuous, consensus sequence. There is currently no
way to automatically infer where in the assembly these novel contigs should be placed
in a high-throughput manner. Therefore, if users are interested in including the novel
contigs, manual, post hoc evaluation and placement of these sequences is required.

Post hocassembly parameter evaluation and optimization

Following algorithm development, the effect of coverage depth on assembly time, com-
putational cost, and assembly quality was evaluated by randomly subsampling pairs of
reads to represent different coverage depths at 200,000 read pairs, 500,000 read pairs, 1
million read pairs, 2 million read pairs, and 3 million read pairs, for each sample. Addi-
tionally, to evaluate the most appropriate kmer length for de novo assembly, KimerGenie
[76] was used to estimate initial ranges of likely successful kmers. This was done sepa-
rately for the subset of mapped reads and the subset of reads that did not align to the
reference. Paired R1 and R2 reads were combined for these estimates. Best kmer predic-
tions were averaged across all samples at a given read count. The average kmer size pre-
diction was then rounded to the closest whole, odd number. Standard deviation of best
predicted kmer was also evaluated across all samples. Time, memory usage, and quality
were measured separately for super contig and scaffolding stages. Assembly parameters
for multithreading, insert size, expected coverage, de novo assembly kmer length, and
starting number of reads are listed in the text editable control.txt file included in the
MHConstructor software package. This file is built into the Singularity image and must
be edited by the user to be appropriate for each individual analysis.

MHConstructor validation using high-quality MHC reference sequences

To validate the accuracy of assemblies generated with this method, we applied it to
independently generated Illumina short-read datasets, corresponding to the MHC
region of HLA-homozygous, consanguineous cell lines (SRA: SRP348947, BioPro-
ject: PRINA764575) [38]. We chose five cell lines that were also thoroughly assembled
and curated in a later study via a combination approach using both short and long-
read sequencing technology [24]. These high-quality findings regarding the impact
of sequencing finished sequences were set to represent “ground truth” The extent to
which de novo assembly with MHConstructor was able to reproduce these ground truth
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sequences from the same source data was used to evaluate both MHConstructor’s accu-
racy and its errors as well as the types of sequences that are driving its error. Following
assembly of these five short-read datasets using our own de novo approach, we aligned
our new assemblies to the curated, full-length MHC phased sequence for that same cell
line, acting as the gold standard. Any variation with respect to the reference sequence
was counted as an error. Base pair accuracy validation was performed using minimap2
to align MHConstructor sequences to the corresponding reference sequence and calling
SNPs using paftools. Structural errors >2 bp INDELs were identified using the assem-
bly-based variant predictor Assemblytics [50]. The nucleotide length of each error was
summed for each size category, and a final percent error was calculated for each assem-
bly by dividing the number of erroneous base pairs in each category by the full length of
assembled sequence. To evaluate the impact of heterozygous, diploid sequence data on
assembly accuracy, we used three 1000 Genomes Project 30X WGS samples with long
read data that has recently been assembled into phased MHC haplotypes [47].

MHConstructor validation via simulation

To evaluate the performance of MHConstructor with respect to ground truth MHC hap-
lotype sequences, we generated simulated short-read fragments from phased MHC haplo-
type sequences [47]. We used the ART simulation software, version “MountRainer” [51],
with simulation settings chosen such that simulated reads would exhibit similar character-
istics as those generated with the WGS probes used in the 1000 Genomes Project sequenc-
ing initiative: art_illumina -ss HSXt -sam -p -1 150 -f 30 -m 426 -s 109. Synthetic reads
were then assembled with MHConstructor. We evaluated the sensitivity of MHConstructor
to identify novel variation, not found in the guide BMH, by identifying the set of nucleo-
tide variants which were unique to the ground truth haplotype sequences, i.e., not present
in the guide BMH sequence. These sites representing novel variation were then evaluated
for correct annotation in the MHConstructor assemblies of the synthetic, simulated reads.

Repeat annotation and masking

To characterize the repetitive elements located within novel MHC assemblies, we
applied repeatMasker v4 (http://www.repeatmasker.org) to the consensus sequence(s)
from each assembly, using default parameters. Following characterization, repeat
regions were then masked. Masking is the process of replacing the nucleotide sequence
of regions identified to be repetitive elements with “N;” in place of each nucleotide base.
This was also carried out with repeatMasker using default settings.
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