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The human leukocyte antigens (HLA) complex is located on chromosome 6 and encodes 
a series of genes, including its most prominent members, i.e., the highly polymorphic clas-
sical HLA class I (HLA-A, -B, -C) and class II (HLA-DR, -DQ, -DP) molecules. These 
molecules are glycoproteins with the primary task to bind and present self, abnormal 
self (e.g., neo-epitopes arising from mutations), and foreign peptide antigens derived from 
intracellular (mainly HLA class I) or from extracellular proteins (mainly HLA class II) on 
the surface of nucleated cells. HLA-dependent peptide presentation is critical to an effective 
adaptive immune system in which the antigens bound to HLA molecules are recognized by 
T lymphocytes, leading to an immune response.

The HLA system is characterized by a vast amount of allelic variants resulting in a wide 
variety of HLA allele combinations, i.e., the HLA type, that differ between individuals. 
Determination of an individual’s composition of HLA alleles—HLA typing—is essential for 
clinical work: the HLA type is a key parameter in solid organ and hematopoietic cell trans-
plantation (Chapter 1) and certain HLA alleles were shown to have a high degree of asso-
ciation with various autoimmune diseases (Chapter 2). Two resources, which are reviewed 
and described in this book, play key roles in the development and application of HLA 
typing methods and immunological research in general: (1) the Immuno Polymorphism 
Database (IPD) catalogues the vast amount of sequence variants (Chapter 3) and (2) the 
Allele Frequency Net database contains information about HLA allele frequencies through-
out many different populations (Chapter 4).

High-throughput DNA and RNA sequencing enables the rapid generation of billions of 
short nucleic acid sequence fragments. In the last years, the field has seen a rapid evolution 
of both laboratory and in silico methods to determine the HLA type in a massively high-
throughput fashion. As the costs of sequencing continue to fall, we anticipate that HLA 
typing, especially using next generation sequencing, will be the future of HLA typing.

Thus, the focus of this volume is to gather a variety of protocols using high-throughput 
methods for HLA typing. Chapters 5–10 describe wet lab protocols comprising different 
methodologies and sequencing platforms. Chapters 11–18 summarize in silico tools, which 
are able to determine the HLA type from high-throughput data. This comprises the impu-
tation of the HLA type from SNPs using microarray data (Chapter 11) and identification 
of the HLA alleles from (standard or targeted) DNA and RNA next generation sequencing 
data (Chapters 12–18), including a webserver (Chapter 18), as well as a software tool for 
HLA haplotype frequency estimation (Chapter 19).

This volume has not been possible without the contributions of the leading experts in 
the fields of HLA typing using high-throughput data, HLA sequence analysis, bioinformat-
ics, and immunogenomics. I am very grateful for the discussions I had throughout the 
process of editing this book and for their consent to share their expertise and knowledge 
with the scientific community.
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Chapter 1

The Past, Present, and Future of HLA Typing 
in Transplantation

Claire H. Edgerly and Eric T. Weimer

Abstract

The HLA region is the most polymorphic genes in the human genome and is associated with an increasing 
number of disease states. Historically, HLA typing methodology has been governed by phenotypic 
determination. This practice has evolved into the use of molecular methods such as real-time PCR, 
sequence-specific oligonucleotides, and sequencing-based methods. Numerous studies have identified 
HLA matching as a key determinate to improve patient outcomes from transplantation. Solid-organ trans-
plants focus on HLA-DRB1 in renal organ allocation while hematopoietic cell transplants focus on HLA-
A, -B, -C, -DRB1 matching. The role of HLA typing in the future will be driven by HLA expression, 
understanding of HLA haplotypes, and rapid HLA typing.

Key words Single molecule sequencing, NGS, HLA, Immunogenetics, RNASeq, GVHD, Rejection

1  Introduction

It has been 63 years since the first successful renal transplant per-
formed at Peter Bent Brigham Hospital [1]. In the subsequent 
decades, transplantation expanded to include liver, heart, lung, 
pancreas, and bone marrow transplants [2–6]. HLA were not rec-
ognized to play an important role in transplantation until around 
1952 by Dausset’s group [7]. Following the structural identifica-
tion of HLA, there have been numerous advances in not only HLA 
typing technology but the utilization of HLA typing in transplan-
tation [8–12]. This advancement has meant that HLA typing has 
gone from identification of HLA proteins to identification of HLA 
gene polymorphisms. HLA gene polymorphisms were first identi-
fied within regions that encode the antigen-binding domains of 
the classic HLA genes (HLA-A, -B, -C, -DRB1, -DQB1, -DPB1), 
where the majority of the HLA diversity lies [13, 14]. Now HLA 
gene polymorphisms within the untranslated regions, additional 
exonic, and intronic sequences are interrogated to gleam additional 
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information about HLA regulation, splicing, and protein expres-
sion [15–25].

2  Solid-Organ Transplantation

HLA matching in solid-organ transplant such as kidney and liver 
confers multiple benefits, and conversely, mismatches are associated 
with worse outcomes [26–28]. However, there are tradeoffs in the 
drive for a matched donor, such as prolonged wait times and poten-
tial disease progression. The continuing refinement of immunosup-
pressive regimens also contributes to greater tolerance for some 
mismatches. The approach to HLA matching for solid-organ trans-
plant has gone through several rounds of evolution in recent years.

The Kidney Allocation System (KAS) introduced in 2014 
aimed to bring increased fairness and efficiency to the distribution 
of deceased donor kidneys. Highly sensitized patients, who had 
routinely been subject to extended waiting periods for an appropri-
ate organ, were given priority for organs [29–33]. A review con-
ducted 1 year after implementation (Stewart) showed that the KAS 
had produced a significant change in allocation methods, including 
markedly increased rates of transplantation in highly sensitized 
patients with PRAs of 99–100%, as well as patients who had been 
on dialysis for 10+ years [34]. The review also noted downsides of 
the new policy, such as the inevitable adverse effects of long travel 
times for organs allocated to patients at long distances.

HLA matching in solid-organ transplantation has traditionally 
centered on the HLA-A, -B and –DR loci, with matches at these 
loci associated with better overall survival. These benefits appeared 
magnified in highly sensitized patients (high cPRA) [28]. Advances 
in immunosuppression have led to decreased emphasis on HLA 
matching in solid-organ transplants [28, 35]. However, there are 
still benefits to HLA matching. HLA-DR has been shown to have 
the strongest contribution to graft outcome in solid-organ trans-
plant [8, 36–39]. This also had the benefit of allowing for easier 
matches, as there is less diversity in DRB1 antigens than those in 
HLA-A or HLA-B.  However, HLA laboratories in the US are 
required by the United Network for Organ Sharing (UNOS) to 
report HLA-A, -B, -C, Bw4, Bw6, -DRB1, -DRB3/4/5, −DQA1, 
-DQB1, -DPB1.

For many years, the gold standard for low-resolution HLA 
typing was serologic typing, which used sera collected from volun-
teers with known HLA antibodies, complement, and a vital dye 
[40]. If the cells put into the wells have antigens matching the 
antibodies within the wells, complement is activated, the cells die 
and the vital dye is taken up. Serologic typing can be performed 
quickly and was therefore helpful in urgent situations such as 
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deceased donor typing. However, antigen differences that may 
have significant effects in vivo are not always identified in serologic 
evaluation [40, 41]. Another problem associated with serologic 
typing is identifying sources of specific antibodies, a challenge that 
increases as more clinically significant HLA antigens are identified. 
As a result, only HLA typing by molecular methods is acceptable 
for solid-organ transplant. The majority of HLA laboratories use 
either real-time PCR or sequence-specific oligonucleotide (SSO) 
to achieve low-resolution HLA typing for solid-organ transplants. 
The speed, accuracy, and convenience of both technologies makes 
them excellent choices for deceased donors HLA typing as well.

3  Hematopoietic Cell Transplantation (HCT)

In patients with severe hematologic disease (benign or malignant), 
hematopoietic cell transplantation (HCT) can be a life-saving inter-
vention. Due to the extensive diversity of HLA genes in worldwide 
populations, the search for an appropriate match often starts within 
the patient’s family, specifically sibling donors. Because HLA alleles 
are inherited as haplotypes from each parent, the possibility of a full 
HLA match is 25% for each sibling, and the possibility of a “haploi-
dentical” (single haplotype in common) is 50%. Low-resolution 
typing is generally sufficient to identify potential matches.

The advent of high-resolution (allele level) HLA typing intro-
duced a new level of specificity to this process. In addition to direct 
DNA sequencing, other options for molecular typing include 
sequence-specific polymerase chain reaction (SSP-PCR) and 
sequence-specific oligonucleotide probes (SSOP). Molecular 
methods of typing allow much greater resolution in HLA typing 
and can provide information as specific as the amino acid level dif-
ferences [42–45]. As of October 2017, the majority (approxi-
mately 85%) of American Society for Histocompatibility and 
Immunogenetics (ASHI) accredited HLA laboratories use Sanger 
sequencing to achieve high-resolution HLA typing for hematopoi-
etic cell transplantation (HCT).

Although an identically matched related donor is ideal for 
HCT, such a match is only found in about 15–30% of recipients 
[46]. When an appropriate family member donor is not available, 
HCT using a volunteer unrelated donor can be a viable option 
when an HLA-appropriate donor is identified. As established by a 
2007 study comparing characteristics of more than 3800 patient-
donor pairs, high-resolution (allele-level) matching of HLA-A, -B, 
-C, and –DRB1 alleles is correlated with better overall survival, with 
mismatches linked to increased rates of treatment-related mortality, 
acute GVHD, and decreased survival [47, 48]. In this study, high-
resolution matching at all of these loci was considered 8/8 “fully 
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matched.” No difference was seen between high- vs low-resolution 
mismatches. This study confirmed an earlier study by Speiser et al. 
[12] that demonstrated the clinical value in high-resolution HLA 
matching for HCT patients.

HLA-DQ and –DP status were examined in secondary analy-
ses, and –DQ single mismatches (antigen or allele) were not found 
to significantly affect outcome. In the study, a –DP mismatch did 
not affect survival, but showed a slight increase in risk of acute 
GVHD. Matching HLA-DPB1 introduces an additional challenge, 
since about 85% of pairs with an 8/8 match have at least one –DP 
mismatch [48].

The importance of matching at the HLA-DPB1 locus has been 
debated for some time. Mismatches at the -DPB1 locus were not 
found to be associated with worse outcomes in a 2012 retrospec-
tive analysis of 141 donor-recipient pairs [49]. However, in another 
study, non-permissive mismatches were associated with increased 
graft rejection and overall mortality [50]. The permissive vs non-
permissive classification was developed based on cross-reactivity 
patterns seen in alloreactive T cells.

Recently, a 2015 study identified an HLA-DPB1 variant in the 
regulatory region that is associated with increased expression of 
HLA-DPB1, which correlated with an increased risk of GVHD 
when transplanted into a mismatched recipient [21]. Additionally, 
it was found that HLA-DPB1 genotyping accurately predicted the 
expression variant enabling potential use of HLA-DPB1 expres-
sion in permissive and nonpermissive mismatching Schemes [23].

A 2013 study multiple mismatches at low-expression loci 
(LEL) (HLA-DRB3/4/5, -DQB1, -DPB1) are influential in some 
clinical scenarios [17]. Mismatches at these loci were not signifi-
cant in 8/8 matched transplants due to linkage disequilibrium. 
Consistent with linkage disequilibrium, LEL mismatches could be 
predicted based on HLA-DRB1 matching status. Additionally, 
three or more mismatches at the LEL were associated with 
increased risks of mortality and transplant-related mortality.

4  Outlook for HLA Typing by NGS

Since around 2015, clinical HLA laboratories have been using 
next-generation sequencing (NGS) technology to provide HLA 
typing for patients being evaluated for hematopoietic cell trans-
plantation and their potential donors. The adoption of NGS 
within clinical HLA laboratories has been slowed by the relatively 
high initial cost for instrumentation ($45–90,000) and validation, 
integration with existing laboratory information systems (LIS), 
and concern for technical issues associated with NGS. The major-
ity of the commercial vendors have absorbed most of the direct 
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costs associated with validation of the indirect cost for NGS vali-
dation is also high and more difficult to offset. The difficulties of 
validation are lost when you evaluate the gains in workflow, labo-
ratory costs, and improvement in turn-around-time for reporting 
results [51–53].

The laboratories that support hematopoietic cell and solid-organ 
transplantation programs have used NGS to provide HLA typing 
for both programs. Use of NGS for this program is for different 
reasons. The high-throughput nature of NGS enables more effi-
cient high-resolution HLA typing of up to 96 patients full HLA 
typing (HLA-A, -B, -C, -DRB1, -DQB1, −DQA1, -DPB1, 
-DPA1) at one time with very few ambiguities (~0.3%) [52, 54–
56]. While the clinical utility of HLA-DQA1 and HLA-DPA1 in 
HLA matching has yet to be determined some HLA laboratories 
retain this information for future analysis. In contrast, using NGS 
for HLA typing to support solid-organ transplant programs enables 
identification of allele-level resolution of recipient and donors that 
can be beneficial for interpretation of donor-specific antibodies 
post-transplant, which are identified at the allele level.

There are several important issues that need to be addressed to 
improve our understanding of HLA genotypes and function in 
transplantation. First, laboratories lack the ability to phase entire 
HLA class I or II haplotypes. Second, HLA expression is clinically 
poorly utilized and undervalued. Third, laboratories are incapable 
of generating high-resolution HLA genotypes in time for decease 
donor organ allocation. Addressing these issues has the potential 
to greatly improve not only our understanding of how the HLA 
loci interact with each other but also improve recipient outcomes 
by enable more efficient HLA matching.

One way of addressing the first issue is implementation of sin-
gle molecule sequencing. At present, there are two companies pro-
ducing single molecule sequencers: Pacific Biosciences and Oxford 
Nanopore Technologies. Both of these technologies enable long-
read (up to 100kbp reported) sequencing as well as rapid sequenc-
ing [57]. There have been relatively few studies examining HLA 
genotyping using single molecule sequencing [58–60]. Several 
large commercial laboratories have adopted Pacific Biosciences 
sequencers as their primary sequencing method, however, due to 
the cost of the instrumentation most academic laboratories have 
yet to adopt such technology.

In addition to single molecule sequencing, RNA sequencing 
(RNASeq) has numerous advantages over the current DNA-based 
approaches. RNASeq data provides accurate HLA genotyping [15, 
16], higher throughput, entire transcriptome information, and 
relative HLA expression, which recent reports suggest effects 
patient outcome [20, 21, 42]. The ability of RNASeq data to pro-
vide information outside of HLA such as KIR, MICA, or MICB 
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typing enables a single sequencing assay to address additional bio-
markers as our knowledge advances. The clear limitation of 
RNASeq data is the lack of intron information and the lack of 
microRNA. MicroRNA can differentially regulate HLA expression 
in pregnancy, cancer, and autoimmune diseases [19, 24, 61].

The next major shift in HLA typing by NGS may be the transi-
tion to high-resolution HLA typing for decease donors. 
Traditionally, this population has been HLA typed at low resolu-
tion due to the time necessary to achieve high-resolution HLA 
typing. With the emergence of nanopore technology real-time, 
rapid sequencing is now possible [59, 62–69]. As discussed above, 
nanopore sequencing can provide long-read genomic data capable 
of sequencing an entire HLA haplotype. Additionally, MinION 
sequences nucleotides (nt) at a faster rate (1400  nt/min) com-
pared with Ion Torrent (1 nt/min) and MiSeq (0.17 nt/min) [62, 
70, 71]. Lastly, nanopore sequencers are the generation of real-
time sequencing data such that sequencing can be stopped once 
sufficient data is obtained further reducing the time necessary for 
hrHLA genotyping and gathered anywhere with the mobile 
sequencers (SmidgION).

The future of HLA typing by NGS is one that includes expan-
sion of immunogenetics beyond the traditional HLA region to 
other regions, includes ability to phase entire HLA haplotypes, and 
utilizes an assay that is user-friendly and mobile. As always labora-
tories will be faced with many challenges developing these pro-
cesses and always keep high-quality patient care at the forefront.
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Chapter 2

Role of Human Leukocyte Antigens (HLA) in Autoimmune 
Diseases

Gergely Bodis, Victoria Toth, and Andreas Schwarting

Abstract

The aim of this review is to provide a brief overview of the role and current clinical relevance of HLA-
B27 in spondyloarthritis and HLA-B51 in Behcet’s disease as well as HLA-DQ2/DQ8 in celiac disease 
and HLA-DRB1 in rheumatoid arthritis and to discuss possible future implications.

Key words Spondyloarthritis, Behcet’s disease, Rheumatoid arthritis, Autoimmunity, HLA-B27, 
HLA-B51, HLA-DQ2/DQ8m HLA-DRB1

1  Introduction

The human leukocyte antigen (HLA) system, which corresponds to 
the major histocompatibility complex (MHC) in humans, plays a piv-
otal role in the antigen presentation of intracellular and extracellular 
peptides and the regulation of innate and adaptive immune responses.

Since the discovery of HLA 60 years ago it has contributed to the 
understanding of the immune system as well as of the pathogenesis of 
several diseases. Aside from its essential role in determining donor-
recipient immune compatibility in organ transplantation, HLA 
genotyping is meanwhile performed routinely as part of the diagnostic 
work-up of certain autoimmune diseases. Considering the ability of 
HLA to influence thymic selection as well as peripheral anergy of T 
cells, its role in the pathogenesis of autoimmunity is understandable.

2  MHC Class I: HLA-B27 and Spondyloarthritis (SpA)

The clinical entities of the spondyloarthritis (SpA) group are 
inflammatory diseases with distinctive axial and/or peripheral joint 
involvement, enthesitis and frequently accompanied by 
inflammatory eye disease, especially anterior uveitis. SpA belongs 
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to the most common rheumatic diseases with a prevalence of 0.4–
1.3% in the US with similar prevalence in Europe and lower rates 
in African and Asian populations [1, 2]. It also poses a major 
burden both socially and economically due to work disability 
occurring in 18.5–21% of SpA patients [3, 4].

One of the common denominators among distinct entities of 
the SpA family is the frequent association with MHC Class I mol-
ecules, particularly with HLA-B27, which has obtained significance 
in the routine diagnostic work-up in the last decades. HLA-B27 
belongs to the MHC class I molecules, its main function is the pre-
sentation of intracellular peptides to CD8 positive T Lymphocytes. 
These MHC class I-restricted T cells possess cytotoxic or regulatory 
function, their activation leading accordingly either to tolerance, 
when the presented peptides are recognized as “self,” to activation 
of cell-mediated immunity in case “non-self” antigens are presented 
or to a maladaptive autoimmune response if the “self” antigen is 
misrecognized.

The prevalence of HLA-B27 shows a pronounced north-
south gradient in the normal population: it is lowest in the 
equatorial region (~0%) and highest in northern countries (30–
40%). This geographical difference may be attributable to HLA-
B27 carriers being more susceptible to malaria and also showing 
a more severe disease course. This susceptibility might have led 
to the negative selection of HLA-B27 positive individuals in 
areas endemic for malaria [5]. The population of Papua New 
Guinea and Eskimos seem to have the highest prevalence of 
HLA-B27, with 13–53% [6, 7] and 25–50% [8–10], respectively. 
Among Caucasians the prevalence is 6–10%. The prevalence is 
lower in Chinese (2–8%) [11, 12], Arab (2–5%) [13], African-
American (2–4%) [14], and Japanese (0.4%) [15] populations. 
In the natives of South America, equatorial and southern Africa, 
and the Aboriginal people of Australia HLA-B27 is virtually 
absent [16, 17]. The prevalence of SpA corresponds to the 
distribution of HLA-B27 alleles in various populations.

A potential genetic susceptibility to ankylosing spondylitis 
(AS) was first recognized in 1950 [18] and the strong link to HLA-
B27 was discovered in 1973 by two research groups [19, 20]. AS 
is a radiographic axial SpA primarily with spinal and sacroiliac joint 
involvement, which is characterized by enthesitis with chronic 
inflammation, that subsequently results in fibrosis and ossification 
of the involved sites. HLA-B27 has the strongest association with 
AS among disease entities of the SpA group, especially in Caucasians 
with 88–96% of patients being positive [19, 20]. Asian AS patients 
carry HLA-B27 less frequently. Among African Americans, HLA-
B27 is present in 50% of patients with AS [21]. 30–80% of patients 
with reactive arthritis (ReA) and 20–35% of patients with psoriatic 
arthritis are HLA-B27 positive [22, 23].
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Ethnic differences seem to exist regarding disease susceptibility 
conferred by HLA-B27. The relative risk of developing SpA in HLA-
B27 positive individuals is increased 20–100-fold in the Causasian 
population [24–26], however, a study carried out on the Indonesian 
population found no increased relative risk among HLA-B27 positive 
subjects [27]. 10–30% of HLA-B27 positive first-degree relatives of 
HLA-B27 positive AS patients also develop the disease [28].

The risk of HLA-B27 positive individuals to develop ReA is 
5–10 times greater than that of the general population [29]. The 
role of gene dosage is inconclusive. On one hand, higher relative 
risk of developing AS in HLA-B27 homozygotes was observed in 
Finnish AS patients. Interestingly, homozygous patients showed a 
less severe disease course [30]. On the other hand, an earlier study 
carried out in the Netherlands and a more recent study in Korea 
found no significant difference between homozygous and 
heterozygous patients [31, 32].

Similar to other MHC class I molecules, HLA-B27 is a 
heterotrimer derived from a heavy chain encoded by the HLA 
genes, a β2-microglobulin light chain, and the presented peptide. 
HLA-B27 differs from other HLA-B-molecules on possessing a 
free cysteine at residue 67 (Cys67) allowing the molecule to create 
stable homodimers without β2-microglobulin due to the formation 
of disulfide bonds [33]. HLA-B27 shows a marked genotypic and 
phenotypic polymorphism with at least 132 alleles and 105 
subtypes. Non-synonymous nucleotide substitutions affecting the 
antigen-binding cleft can lead to differences in antigen presentation 
and ultimately in disease association [34].

Furthermore, the frequency of HLA-B27 subtypes varies 
among different ethnic groups as well. One of the benefits of 
genetic HLA-B27 testing is that the different subtypes can be 
determined more reliably and reproducibly, all of which have 
different levels of associations with disease [35]. The B*27:05 sub-
type is the most common in Caucasians, other subtypes evolved 
from this ancestral type by gene conversion, reciprocal combination, 
and point mutation. It is however probably not linked to SpA in 
the African population. B*27:02 shows a strong association in the 
Mediterranean population, while B*27:04 is a common subtype in 
Asian SpA patients [36]. A recent meta-analysis composed of 8993 
AS patients and 19,254 healthy controls confirmed the significant 
association of B*27:02 and B*27:04 with AS. B*27:03, *27:06, 
and *27:09 are considered to be protective subtypes, although 
SpA cases in patients carrying these subtypes have been reported. 
B*27:03 and B*27:06 are common in Southeast Asia, while 
*27:09 is frequently found in Sardinia and Italy. Some rare sub-
types also seem to contribute to the risk of SpA, including B*27:01, 
B*27:07, B*27:08, B*27:10, B*27:13, B*27:14, B*27:15, 
B*27:19, and B*27:25. Changes of the primary structure of the 
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HLA-B27 protein may explain the different levels of disease 
associations, especially the variations affecting the antigen-binding 
cleft and as a consequence possibly the peptide specificity. There 
has been a difference of two amino acids observed between the F 
pockets of the peptide-binding groove of B*27:06 and B*27:04, 
as well as a difference of one amino acid between B*27:09 and 
B*27:05. These minor changes of the amino acid sequences result 
in significantly different risk profiles [37–41].

Despite intensive research in the last decades the 
pathomechanism of SpA and the contribution of HLA-B27 to 
disease still remains unclear as neither one of the existing hypotheses 
can fully describe and explain the underlying mechanisms.

The unfolded protein response hypothesis is based on the 
ability of HLA-B27 heavy chains to form stable homodimers owing 
to the free thiole groups of Cys67 [33]. These complexes are 
retained in the endoplasmic reticulum in the absence of 
β2-microglobulin, misfold, and accumulate in the endoplasmic 
reticulum leading to stress response and inflammation [42]. The 
protective B*27:06 and B*27:09 subtypes are less prone to misfold 
than subtypes associated with disease risk. While this observation 
might seem to support this hypothesis, it is undermined by the fact 
that the disease-associated B*27:07 subtype has been shown to 
fold equally efficiently [43].

β2-microglobulin-free HLA-B27 heavy chain homodimers can 
also be found on the cell membrane, where they can also interact 
with CD4 positive T lymphocytes, NK cells, and myelomonocytic 
cells that express killer-immunglobulin-like receptors (KIR) and 
leukocyte immunglobulin-like receptors (LILR). β2-microglobulin 
can also be released from HLA-B27 molecules on the cell surface 
and be deposited in synovial tissue suggesting a possible role in the 
pathogenesis of SpA [44].

The molecular mimicry and arthritogenic peptides hypothesis 
proposes that owing to the properties of the antigen-binding cleft 
HLA-B27 can present certain microbial peptides similar to self-
antigens. The immune response triggered by the displayed micro-
bial peptides causes HLA-B27-restricted CD8 positive 
T-Lymphocytes to cross-react with these arthritogenic peptides 
triggering chronic inflammation [45]. Indeed, several such micro-
bial peptides have been identified. The nitrogenase enzyme of 
Klebsiella pneumoniae shares a sequence of six consecutive amino 
acids with HLA-B27 [46]. Another K. pneumoniae protein, the 
pullulanase enzyme, and certain outer surface proteins of Yersinia 
enterocolitica and pseudotuberculosis, Shigella flexneri and 
Salmonella typhimurium also possess sequences homologous with 
HLA-B27 [47, 48]. A recent study aiming to identify such 
arthritogenic peptides assessed the peptide repertoire of eight 
frequent HLA-B27 subtypes (HLA-B*27:02–09). They identified 

Gergely Bodis et al.



15

more than 7500 endogenous peptides presented by these B27 
subtypes. However, most peptides that are presented by the 
risk-subtypes could also bind to B*27:06 and B*27:09, which are 
considered to be protective. This significant overlap of presented 
peptides between the subtypes leads the authors to the conclusion 
that the different risk profiles among subtypes may be due to quan-
titative changes affecting antigen sensitivity of autoreactive T cells 
and most likely not to qualitative changes of the HLA-B27 peptide 
repertoire [49]. Additionally, several studies proposed a link 
between the interaction of HLA-B27 with the intestinal microbi-
ome and the pathogenesis of related diseases. HLA-B27 may affect 
the composition of the gut flora. Indeed, dysbiotic changes have 
been described in patients with SpA. HLA-B27 transgenic rats had 
increased proportions of Prevotellaceae and loss of Rikenellaceae 
in the intestinal flora. If these HLA-B27 transgenic animals were 
kept in a germ-free environment, they did not develop arthritis. 
Recolonization of the gut with Bacteroides vulgatus resulted in 
inflammatory changes [50, 51]. However, introducing 
Lactobacillus and fusiform bacteria to the gut of germ-free animals 
had shown no such effect. These observations suggest that the 
modulation of the complex interplay between the immune system 
and microbiome can influence and in some cases prevent disease 
manifestation in this animal model. These changes might be con-
nected with the unfolded protein response: the endoplasmic 
reticulum stress response could lead to intestinal inflammation, 
impaired barrier function, and loss of oral tolerance. The resulting 
increased translocation of microbial antigens could, on one hand, 
induce extraintestinal inflammation, on the other hand prime auto-
reactive T-Lymphocytes [52–54]. However, a significant role of 
microbial antigens or arthritogenic peptides in the pathogenesis of 
SpA has not been unequivocally demonstrated.

HLA-B27 determination has obtained clinical significance in the 
past decades in the routine diagnostic work-up of SpA due to its 
strong genetic association with disease. HLA-B27 determination has 
a sensitivity of 83–96%, specificity of 90–96%, and a likelihood ratio of 
9.0 for AS in Caucasians with inflammatory back pain [55]. HLA-B27 
positivity is part of the Assessment of Spondyloarthritis International 
Society (ASAS) classification criteria for axial and peripheral SpA as 
well as the Amor Criteria for the diagnosis of SpA [56]. Current 
German guidelines also recommend HLA-B27 determination in case 
of clinical suspicion of SpA.  However, screening of the general 
population is not recommended, as a positive result merely indicates 
genetic susceptibility. Accordingly, only a minority of HLA-B27 
carriers will develop a disease of the SpA spectrum. Generally, testing 
for HLA-B27 should not be repeated, although in case of serological 
typing cross-reactivity with other HLA-B molecules as well as false 
negative results were reported [57, 58].
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The data provided by the Recognising and Diagnosing 
Ankylosing Spondylitis Reliably (RADAR) study has led to the 
development of a strategy for primary care physicians when to refer 
patients with early-onset (<45 years) chronic back pain to rheuma-
tologic evaluation: the selection could be based on either HLA-
B27 positivity, inflammatory back pain or sacroiliitis on MRI. The 
authors concluded that a referral strategy based on these three 
criteria can lead to the diagnosis of axial SpA in 35% of cases [59].

In addition to being a pivotal part of the diagnostic work-up a 
prognostic value has been attributed to HLA-B27 as well. In 
patients with AS HLA-B27 positivity is associated with earlier 
disease onset, higher disease activity, risk of peripheral joint 
involvement, symmetric sacroiliitis, severity of MRI findings in 
sacroiliitis, and positive family history [60–63], although there 
have been conflicting reports [64, 65]. Undiagnosed patients with 
early inflammatory back pain—especially in case of non-radiologic 
axial SpA—benefit from the combination of MRI of the sacroiliac 
joints and HLA-B27 determination. Severe sacroiliitis in HLA-
B27 positive patients is highly specific for the development of 
AS. Patients with mild or no sacroiliitis on MRI have a low risk of 
developing AS regardless of the HLA-B27 status [66]. Higher 
NSAID use and higher need for biologicals has been observed in 
HLA-B27 positive patients with AS [67]. On the other hand, 
TNF-alpha inhibitors show a greater therapeutic effect in HLA-
B27 positive patients with AS [68, 69].

Psoriatic arthritis (PsA), a further entity of the SpA group, is a 
multifaceted chronic inflammatory joint disease, which is associ-
ated with cutaneous psoriasis in the majority of patients. It generally 
manifests as an asymmetrical oligoarthritis, although polyarticular 
as well as axial forms also commonly occur. In patients with PsA 
HLA-B27 is associated with axial manifestation and possibly also 
with distal phalangeal joint involvement, and this association seems 
to be independent of psoriasis [70]. However, PsA is not associ-
ated with HLA-Cw6, which is present in 10–60% of patients with 
psoriasis [71], although earlier studies using serologic methods 
described a possible connection. Interestingly, 61% of PsA patients 
with symmetric sacroiliitis carried HLA-B*27:05, as opposed to 
9.8% of patients with asymmetric sacroiliitis, where the haplotype 
HLA-B*08:01 – C*07:01 was more prevalent.

Patients possessing B*27:05 and especially the 
B*27:05-C*01:02 haplotype had a higher risk of dactylitis. 
The B*27:05 and C*01:02 alleles were associated with enthesi-
tis in PsA.

Patients with a synovial-predominant pattern carried the 
B*08:01-C*07:01 haplotype more frequently, which predisposes 
to joint deformity. The B*27:05-C*02:02, B*37:01-C*06:02, 
and B*08:01-C*07:01 haplotypes are associated with a more 
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severe disease course [72]. Therefore, the different MHC class I 
alleles play a role in determining whether the patients with PsA 
develop asymmetrical or symmetrical sacroiliitis as well as enthesitis 
and dactylitis.

Uveitis is strongly linked to HLA-B27 as well. Conversely, the 
presence of an isolated HLA-B27 positive uveitis confers a high 
risk for developing SpA [73]. HLA B27 positivity correlates with 
worse prognosis and more severe disease course in ReA compared 
to B27 negative patients [74]. Therefore, the diagnostic role of 
HLA B27 is mostly to support the clinical suspicion of SpA in 
addition to providing prognostic information.

In addition to SpA, HLA-B27 has also been linked to other 
disease entities. Although rheumatoid arthritis is not associated 
with HLA-B27  in itself, an elevated risk of atlanto-axial sublux-
ation has been described in carriers [75]. HLA-B27 is also 
considered to have a protective role in several viral diseases such as 
HIV, Hepatitis C, Influenza, Epstein-Barr virus, Herpes simplex 
virus, and Puumala Hantavirus infection, although it increases the 
risk of contracting malaria [5, 76–78]. Interestingly, a recent study 
reported the HLA-B27 molecule sharing a homology of four 
consecutive amino acids with an immunodominant peptide of E1 
glycoprotein of Chikungunya virus. This leads the authors to the 
conclusion that HLA-B27 positivity might also play a role in 
persistent arthralgia following Chikungunya infection, its 
importance, however, remains to be seen [79].

Recent genome-wide associated studies performed in large 
groups of patients pinpointed the association of several non-B27 
HLA as well as non-HLA genes with SpA [80, 81]. Nevertheless, 
routine genetic testing of non-B27 HLA as part of the diagnostic 
work-up of SpA is likely premature [82].

3  MHC Class I: HLA-B51 and Adamantiades-Behcet’s Disease (BD)

Behcet’s disease (BD) belongs to the group of variable vessel vas-
culitides according to the 2012 Revised International Chapel Hill 
Consensus Conference Nomenclature of Vasculitides, characterized 
by inflammatory eye disease (uveitis), oral and genital ulcers. 
Similarly to SpA, BD also shows a marked geographical distribution 
with Mediterranean and Asian populations being most affected, 
hence the name “silk road disease.” The prevalence of BD is 
17–42/10000  in Turkey, 2.1–420/100,000  in Asian and North 
African populations, and 0.3–7.5/100,000 in Western Europe and 
the United States [83–85].

Patients with BD often carry an MHC Class I molecule, 
HLA-B51 [86], especially those of Turkish or Asian origin, 
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whereas the association in Caucasian patients is weaker. In a 
recent meta-analysis, the prevalence of HLA-B51 in BD patients 
ranged between 50 and 72% [87] compared to 10–15% in healthy 
controls in high-risk populations.

Further genetic and environmental factors are likely to play an 
additional role in the pathogenesis of BD. A change of BD pheno-
type, in particular a decrease in HLA-B51 frequency, has recently 
been reported in Japanese patients, accordingly [88].

HLA-B51 is one of two distinct split-antigens of the HLA-B5 
serotype and is primarily associated with BD risk, although some 
case-reports have also found a possible link with the second split-
antigen, HLA-B52 [89, 90]. Several HLA-B51 subtypes have been 
described, of which especially B*51:01, B*51:02(01), B*51:08, 
B*51:09, and B*51:22 seem to be associated with BD risk [91, 92].

The role of HLA-B51 in the pathogenesis of BD is not fully 
understood. Selective binding of certain peptides and the activation 
of CD8 positive T-Lymphocytes and NK cells due to interactions 
of the HLA-B51-heterotrimer and T-cell receptors as well as killer 
immunoglobulin-like receptors are likely to be implicated. Gamma-
delta T cells also play a role in the pathogenesis of BD. Furthermore, 
active BD was associated with significant in vivo activation of Vδ1 
and Vδ2 gamma-delta T cells, while an over proportional activation 
of Vδ1 gamma-delta T cells has been seen exclusively in HLA-B51 
positive patients [93]. Additionally, a possible role of HLA-B51 in 
neutrophil hyperfunction in BD has been described, the 
spontaneous activation of HLA-B51 positive neutrophils leads to 
perivascular tissue injury and promotes a Th1 immune response 
[94, 95]. These findings suggest that HLA-B51 is involved in the 
activation of CD8 positive T cells, gamma-delta T cells, NK cells, 
and neutrophils.

As for the clinical significance, HLA typing is not part of the 
International Criteria for Behçet disease, however, the testing is 
available in several medical laboratories. The estimated sensitivity 
is 51% and the specificity 71% [96]. It is important to understand 
the limitations and the diagnostic conclusiveness of both positive 
and negative results. It is not meant to diagnose BD, but rather 
support the diagnosis. The screening of high-risk populations is 
not recommended, as the majority of HLA-B51 carriers do not 
develop BD. Conversely, BD cannot be excluded in the absence of 
HLA-B51.

A possible prognostic value has been attributed to HLA-B51: 
HLA-B51 carriers have been shown to have a higher risk of genital 
ulcers as well as ocular or skin involvement. Male patients are more 
likely to be HLA-B51 positive [87]. Certain subtypes may be 
associated with different risk profiles, for example Turkish HLA-
B*51:03 positive patients are at a higher risk of neurological 
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involvement, and HLA-B*51:09 may lower the risk of developing 
papulopustular lesions [92].

The testing of additional BD susceptibility HLA-alleles, such as 
HLA-A03, A26, B15, 27, 57 [97] [98], is currently not considered 
to be clinically or diagnostically relevant due to their low specificity.

4  MHC Class II: HLA-DQ2/DQ8 and Celiac Disease (CD)

Celiac disease (CD) is one of the most common organ-specific auto-
immune diseases with a prevalence of 1% that primarily affects the 
small intestines following gluten exposure [99]. It has strong links to 
both genetic and environmental factors, latter being gluten exposure. 
As for the genetic factors, a strong association exists with MHC class 
II alleles, HLA-DQ2 and DQ8. A link with non-MHC genes has 
also been described in genome-wide association studies [100, 101].

90% of Caucasian patients with CD express HLA-DQ2.5cis 
encoded by HLA-DQA1*0501-DQB1*0201 or DQ2.5trans on 
HLA-DQA1*0505 DQB1*0301/DQA1*0201-DQB1*0202 
haplotypes. 5% of these patients carry HLA-DQ8 with the HLA-
DQA1*0301-DQB1*0302 haplotype. Patients negative for these 
HLA molecules mostly possess HLA-DQA1*0201-DQB1*0202 
haplotypes (HLA-DQ2.2) [102]. HLA-DQ2.2 carriers have an 
inconsequential risk of developing CD. By contrast, approximately 
20–30% of the healthy Caucasian population are HLA-DQ2 posi-
tive. A gender-specific distribution of HLA alleles has been 
described: female patients with celiac disease are infrequently 
DQ2.5/DQ8 negative. However, not all DQ2 carriers develop 
CD. Non-HLA genes are likely to play an additional role, as seen 
in identical twins, who show a higher concordance rate (70%) than 
HLA identical siblings. HLA-DQ2 or –DQ8 are necessary, but not 
sufficient for the development of CD. The estimated risk of DQ2 
/ DQ8 carriers is 36–53% [103].

Zygosity is a strong determinant of gluten peptide presenta-
tion and disease risk. Additionally, homozygous patients have been 
shown to have a more severe disease course. Especially HLA-DQ2.5 
homozygotes may exhibit an augmented immune response 
following infections of the gastrointestinal tract due to elevated 
interferon gamma concentrations, which has been shown to 
regulate HLA-DQ expression indirectly [104, 105].

Different haplotypes recognize different ligands with different 
affinity, resulting in different risk profiles. A comparison of DQ2.5 
ligands with DQ2.2 ligands revealed that DQ2.5 can present a 
broader spectrum of gliadin peptides than DQ2.2. Gliadin pep-
tides can withstand gastrointestinal digestion; therefore, DQ2 
molecules can recognize these resistant immunodominant epitopes 
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and present them to CD4 positive T-lymphocytes in the intestinal 
mucosa. The affinity of DQ2 to gliadin peptides is further increased 
by the tissue transglutaminase enzyme, which deamidates glutamine 
residues of gliadin peptides. The resulting glutamic acid residues 
display an increased affinity to DQ2 molecules [106, 107]. 
Activation of both the innate and adaptive immune system leads to 
a humoral response against tissue transglutaminase, as well as to 
TNF alpha and interferon gamma secretion, which ultimately 
result in tissue damage and disease manifestations. Additionally, 
possible links with infections have been described. Due to a homol-
ogy of an amino acid sequence between the 54 kDa E1b protein of 
human adenovirus type 12 and gliadin, exposure to the virus may 
promote autoimmunity in genetically susceptible individuals [108]. 
Hepatitis C, Giardia lamblia, Campylobacter jejuni, Rotavirus, and 
Enterovirus have also been implicated as possible triggers of CD. It 
has been postulated that HLA-DQ molecules may also have an 
impact on the intestinal microbiome. Patients with celiac disease 
have a different composition of the intestinal microbiome with 
decreased proportion of Actinobacteria (especially Bifidobacterium 
genus) and elevated proportion of Firmicutes, Proteobacteria, and 
Staphylococcus spp. [109, 110]. There is a permanent interaction 
between microbes and Th17, Treg and B-lymphocytes. HLA-DQ 
molecules are likely to influence this interaction depending on the 
displayed ligands and lead to either tolerance of certain microbial 
strains or immune response against them. It is therefore possible 
that the effect of HLA molecules on the pathogenesis of celiac 
disease may be, to some extent, due to the altered microbiome.

Regarding the clinical and diagnostic relevance, the testing of 
DQ2/DQ8 has an excellent negative predictive value of 99%: a 
negative test virtually excludes CD [111], while a positive test 
merely indicates genetic susceptibility. An advantage of HLA 
testing is that a gluten-free diet is not necessary for optimal 
diagnostic conclusiveness in marked contrast to autoantibody 
testing and histology [112]. According to the European Society 
for Pediatric Gastroenterology, Hepatology, and Nutrition 
guidelines for the diagnosis of coeliac disease testing of HLA-
DQ2/DQ8 should be included in the diagnostic work-up of celiac 
disease in children. Small-bowel biopsy may not be necessary in 
pediatric population in case of symptomatic patients with 
significantly elevated tTG and EMA antibody titers and HLA-DQ2/
DQ8 positivity [113].

A similar straightforward approach has been suggested for all 
age groups with suspected CD. This so-called four out of five rule 
allows the diagnosis of CD if four of the following five criteria are 
met: typical symptoms, significant elevation of CD antibodies, 
HLA-DQ2 or HLA-DQ8, typical biopsy result, response to 
gluten-free diet [114].
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US Guidelines do not recommend HLA-DQ2/8 testing in the 
routine diagnostic work-up of CD; however, it may be useful in selected 
clinical situations, such as a discrepancy between histologic and sero-
logic results [115].

HLA testing may also be useful to exclude CD in high-risk 
individuals, such as first-degree relatives of CD patients, patients 
with autoimmune diabetes mellitus, selective IgA deficiency, Down 
syndrome, Turner syndrome, Williams syndrome, or autoimmune 
thyroiditis. Testing could also be considered in case of unexplained 
iron deficiency anemia or early-onset osteoporosis [116, 117]. 
With the help of HLA testing the number of invasive diagnostic 
procedures may be reduced in this high-risk population.

5  MHC Class II: HLA-DRB1, Shared Epitope Hypothesis, and Rheumatoid Arthritis (RA)

Rheumatoid arthritis (RA) is a common chronic systemic autoim-
mune disease, which primarily presents with a symmetrical polyar-
thritis and has a prevalence of 0.5–1% worldwide [118]. Although 
the exact pathogenesis of RA remains unclear, its complex 
association with MHC class II molecules has been described [119]. 
The contribution of HLA genes to susceptibility is estimated to 
account for 50% of risk [120]. Remarkably, RA seems to be 
associated with such HLA-DRB1 alleles, which share sequences of 
five amino acids in position 70–74 of the antigen-binding groove 
of HLA-DR-β-chains, as described by the shared epitope hypoth-
esis [121] [122]. The shared epitopes (for example QKRAA, 
QRRAA, RKRAA, RRRAA) are present in 70–90% of Caucasian 
patients with seropositive RA in contrast to the prevalence of 
20–30% in the general population and patients with seronegative 
RA [123]. The highest relative risk of developing RA has been 
attributed to HLA-DRB1*0401 and *0404, which can be detected 
in 50–61% and 27–37% of seropositive patients, respectively. 
DRB1*0404 may also be associated with seronegative RA. Latter 
population also exhibits HLA-DRB1*0101 [124, 125]. The HLA-
DRB1*0401/*0404 genotype is associated with elevated risk of 
disease, earlier onset, seropositivity, accelerated joint damage, and 
the presence of rheumatoid nodules [126]. Ethnic differences have 
been reported, the prevalence of DRB-1  in African American 
patients is lower (25%) [127]. HLA-DRB1*0405 is the most fre-
quent allele in Asian RA patients [127, 128]. HLA-DRB1*1402 is 
associated with RA in Native American patients [127]. A large 
European meta-analysis has shown that HLA-DRB1*13:01 
provides protection against Anti-citrullinated protein antibodies 
(ACPA) positive disease but not against ACPA negative RA [129].
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Homozygosity or compound heterozygosity for HLA-DRB1 
alleles containing one of the shared epitope sequences is associated 
with increased risk of developing RA. Patients carrying two shared 
epitope-containing HLA-DRB1*04 alleles—especially homozy-
gosity for HLA-DRB1*0401—have a higher risk of extraarticular 
manifestations including rheumatoid vasculitis [130].

Several theories of the pathogenetic role of the shared epitopes 
have been proposed such as molecular mimicry, antigen presentation 
of arthritogenic peptides, as well as a role in the positive selection 
of specific autoreactive T-lymphocytes in the thymus. However, 
the exact mechanisms remain unclear.

Recent studies have shown that polymorphisms in certain 
amino acid positions of MHC molecules can better account for 
genetic susceptibility than solely the shared epitope hypothesis. 
Amino acids in positions 11, 13, 70, 71, and 74 of the DR-β chain 
show strong independent correlation with relative risk. Interestingly, 
only changes of the latter three affect the shared epitope motif. 
Positions 70 and 71 have a significant role in presentation of 
vimentin, alpha-enolase, and collagen as well as in modulating the 
interaction with T-cell receptors [131]. Positions 67 and 86 may 
also affect the binding of possible arthritogenic peptides [132]. It 
has been suggested that three of the above-mentioned amino acid 
positions (11/13, 71, 74) and position nine of HLA-B and HLA-
DPB1 account for the majority of HLA-associated genetic 
susceptibility to RA [133]. HLA-DRB1 haplotypes also influence 
disease severity, mortality, and therapy response. Valine in amino 
acid position 11 of HLA-DRB1 has the strongest genetic 
association with radiologic damage independent of shared epitope 
status as well as with clinical and laboratory markers of inflamma-
tion and overall mortality. Positions 71 and 74 are also associated 
with erosive damage [134, 135]. These findings underline the 
additional importance of non-shared epitope polymorphisms.

Shared epitopes are associated significantly only with ACPA 
positive RA [136]. Citrullinated antigens bind preferentially to 
HLA-DRB1 with shared epitope sequences leading to the 
activation of autoreactive T cells and subsequently to the expansion 
of autoantibody-secreting B-lymphocytes. Patients carrying shared 
epitope motifs were more frequently ACPA positive in a dosage-
dependent manner. Cigarette smoking, a major environmental risk 
factor of RA, has been shown to induce citrullination of proteins in 
the lung and its harmful effect may be due to interactions with 
HLA-DRB1 molecules and trigger the excessive immune reaction 
[137]. Indeed, heavy smoking increased risk of developing ACPA 
positive RA in the presence of shared epitope-containing HLA-
DRB1 alleles, although no significant association has been found 
in patients with ACPA negative RA [138, 139].
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Regarding the clinical usefulness of genetic testing in patients 
with suspected or diagnosed RA HLA-DRB1 analysis is neither 
included in current classification criteria nor recommended as a diag-
nostic tool by the current ACR/EULAR guidelines [140]. In a case-
control study HLA-DRB1*0401 and *0404 had a sensitivity of 60% 
and a specificity of 64% as indicators for the future development of 
RA. The combination of anti-CCP2 antibodies and the testing of 
these two HLA-haplotypes proved to be the best approach to detect 
RA susceptibility [141]. Other authors found no benefit of additional 
shared epitope testing owing to its strong association with ACPA 
[142]. Genotyping of shared epitopes and HLA-DRB1 variants may 
provide valuable information regarding the choice of treatment 
options. A triple therapy containing methotrexate, hydroxychloro-
quine and sulfasalazine is more effective in the presence of shared 
epitopes than methotrexate monotherapy. No significant difference 
between therapy regimes was observed however in shared epitope 
negative patients [143]. The efficacy of TNF-alpha inhibitors may 
also be influenced by HLA-DRB1 haplotypes. TNFi response was 
not associated with the presence of shared epitopes but rather with 
amino acid position 11. Patients with valine at this position had 
significantly better EULAR responses independent of zygosity and 
ACPA status compared to noncarriers [134, 144].

Nevertheless, HLA-DRB1 analysis is available in several 
commercial medical laboratories. Results should be interpreted 
with caution: on one hand a positive result merely indicates genetic 
predisposition and is not suitable for the diagnosis of RA. On the 
other hand, RA can certainly not be excluded in case of absence of 
shared epitopes, especially in non-Caucasian patients.
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Chapter 3

The IPD Databases: Cataloguing and Understanding Allele 
Variants

Jashan P. Abraham, Dominic J. Barker, James Robinson, 
Giuseppe Maccari, and Steven G. E. Marsh

Abstract

The IMGT/HLA Database has provided a repository for information regarding polymorphism in the 
genes of the immune system since 1998. In 2003, it was absorbed into the Immuno Polymorphism 
Database (IPD). The IPD project has enabled us to create and maintain a platform for curating and pub-
lishing locus-specific databases which are either involved directly with, or relate to, the function of the 
Major Histocompatibility Complex across a number of species. In collaboration with specialist groups and 
nomenclature committees individual sections have been curated prior to their submission to the IPD for 
online publication. The IPD consists of five core databases, with the primary database being the IMGT/
HLA Database. With the work of various nomenclature committees, the HLA Informatics Group, and 
alongside the European Bioinformatics Institute, we provide access to this data through the website 
(http://www.ebi.ac.uk/ipd/) to the public domain. The IPD project continually develops new tools in 
conjunction with on-going scientific developments—such as Next-Generation Sequencing—to maintain 
efficiency and usability in response to user feedback and requests. The website is updated on a regular basis 
to ensure that new and confirmatory sequences are distributed to the immunogenetics community, as well 
as the wider research and clinical communities.

Key words HLA, KIR, MHC, Alleles, Variants, Transplantation, Database

1  Introduction

The Immuno Polymorphism Database (IPD) is comprised of a set 
of specialized databases regarding the study of polymorphic genes 
within the immune system. We have collaborated with specialist 
groups and nomenclature committees that curate individual sec-
tions prior to their submission to IPD for online publication [1]. 
The IPD project stores all gathered data in sets of related databases 
and currently consists of five databases: the IPD-IMGT/HLA 
Database, which is comprised of the sequences of the human 
Major Histocompatibility Complex (MHC); the IPD-KIR 
Database, containing allelic sequences of the human Killer-cell 
Immunoglobulin-like Receptors (KIR); the IPD-MHC Database 
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providing access to non-human MHC sequences; IPD-HPA 
Database which records human platelet antigens; and finally the 
IPD-ESTDAB, which allows accessibility to the European 
Searchable Tumour Cell-Line Database, a cell bank of melanoma 
cell lines characterized immunologically.

2  Allele Databases

The IPD project’s major use is as a database repository for poly-
morphic gene sequence data. It combines polymorphic gene sys-
tems curated by various nomenclature committees with tools and 
infrastructure designed to publish and maintain the data, devel-
oped by a core bioinformatics team. The project’s aim is facilitating 
the nomenclature committees’ gene-specific guidelines and defini-
tions on naming genes and alleles into the curation of submissions 
to IPD. Every allele is defined as a unique nucleotide sequence 
within the database and may vary in length, from the full length of 
the gene, from the 5′ untranslated region (UTR) to 3´ UTR, or to 
an obligatory number of exons, dependent on the classification of 
the sequence. Database entries do not entail comparative descrip-
tions between two sequences. However, detailed information on 
the process used to obtain the sequence is mandatory, particularly 
for any novel sequences submitted. Allele variants that present a 
Single Nucleotide Polymorphism (SNP) compared to a reference 
sequence must be verified by proof of the sequence, the methodol-
ogy used to obtain this sequence and details of the sample and 
source used to produce the sequence, as well as evidence of mul-
tiple sequencing.

3  The IPD-IMGT/HLA Database

The IPD-IMGT/HLA Database was established to provide a 
locus-specific database (LSDB) for the allelic sequences of the 
genes in the HLA system—the human MHC. The database was 
first released in 1998 and was later incorporated as a module of 
IPD in 2012. With over 220 genes [2], the MHC is one of the 
most complex and polymorphic regions of the human genome 
[3]. The central genes of interest in the system are 21 polymor-
phic HLA genes within the 6p21.3 region on the short arm of 
human chromosome 6. The HLA proteins encoded by these genes 
mediate response to infectious disease, and influences the out-
come of cell and organ transplants in humans. Polymorphism in 
MHC genes can attain an extremely high level—there are almost 
5000 variants observed in HLA-B alone. Variation to this extent 
may be considered hyperpolymorphic when contrasted with other 
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gene systems. The MHC has been identified as comprising of three 
distinct regions. The class I region, at the telomeric end of the 
MHC, encodes genes for the classical HLA class I molecules, 
HLA-A, -B and –C, and the non-classical molecules HLA-E, -F, 
and -G.  These molecules, co-dominantly expressed on the cell 
surface, are responsible for presenting intracellularly derived pep-
tides to CD8 positive T cells. HLA class II genes, located within 
the class II region at the centromeric end of the MHC, encode the 
classical HLA-DR, −DQ, and –DP molecules, as well as the non-
classical HLA-DM and -DO.  The expression of HLA class II 
genes is limited to where CD4 positive T cells are presented extra-
cellularly derived peptides by professional antigen presenting cells 
only. Numerous non-HLA immune system genes are found within 
the class III region, located between the class I region and the 
class II regions. The pressing urgency for a curated LSDB ranging 
over these polymorphic variants is obvious, given the nomencla-
ture now covers well over 50 genes and 17,000 alleles. The 16th 
of December 1998 marked the IMGT/HLA Database’s first pub-
lic release [4]. The database has been updated every 3  months 
subsequently, as the IPD-IMGT/HLA Database, spanning 75 
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releases, (Fig. 1), to include all sequences designated as publicly 
available which have been given official names by the WHO 
Nomenclature Committee at the time of release publication.

The sustained use of the IPD-IMGT/HLA Database by the 
transplantation community is a vital force in its progression and 
on-going success. HLA molecules are instrumental in solid organ 
[5, 6] and hematopoietic stem cell transplantation (HSCT) [7], 
with the success of these procedures being strongly correlated 
with the degree of HLA matching between the donor and recipi-
ent [8]. HLA matching has been shown to be critical in deter-
mining patient outcomes subsequent to respective hematological 
disorders being treated by receiving unrelated donor hematopoi-
etic stem cells [9]. Thus, there has been progressive improvement 
in the achieved levels of resolutions via HLA class I and class II 
typing methods. Distinguishing synonymous and non-synony-
mous mutations, within the protein coding domains of HLA class 
I and II nucleotide sequences, is the current focus of HLA typ-
ing. These peptide-binding domains ultimately interact with vari-
able lymphocyte receptors. The steady improvement in typing 
resolution has made the construction and progression of an accu-
rate and expansive nucleotide sequence database for all polymor-
phic HLA class I and II genes essential. A broad, non-specialist 
sequence database being used for these sequences can lead to 
issues with consistency in keyword descriptions, erroneous 
sequences, and uncorrected errors.

A SNP between a recipient and their donor could have a major 
impact on the outcome and success of a transplant. Therefore, it is 
vital for an HLA sequence repository to maintain high standards of 
both control and curation—hence the minimum set of criteria 
required for any submission made to the IPD-IMGT/HLA 
Database. These criteria have been set in order to ensure all sub-
missions and the clinically relevant data meet the highest standard 
possible. Submitted sequences that do not meet these standards 
are not accepted, though they may be found within generalist data-
bases such as the European Nucleotide Archive (ENA), GenBank 
and the DNA Data Bank of Japan (DDBJ). Submissions are then 
checked to ensure the appropriate steps have been taken to cor-
rectly identify novel polymorphisms. This process uses in-house 
pipelines, utilizing both Basic Local Alignment Search Tool 
(BLAST) [10] and Clustal [11], both searching and aligning the 
submitted sequence against known and unnamed but submitted 
sequences at amino acid, coding DNA sequence (CDS) and 
genomic levels. The search results should identify any discrepancy 
between the submitted sequence and those sequences that already 
exist and provide further detailed analysis that allows the appropri-
ate naming of an allele. In addition to the automated analysis, cura-
tors assess each sequence to validate their constitution and the 
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mechanism of their generation. Modern bioinformatics techniques 
are employed for the curation, annotation, and analysis of sequences 
submitted to the IPD-IMGT/HLA Database. Furthermore, all 
sequences are checked throughout the various stages of the sub-
mission process by experts, to ensure and improve accuracy. To 
ease the dissemination of newly curated sequences to the wider 
community, novel alleles are added periodically once official names 
have been assigned to them. Four times a year, all named and pub-
licly available alleles are added to the public copy of the IPD-
IMGT/HLA Database, with its online resources updated and the 
wider community is notified of the release. Users may then down-
load the most recent version of the database for local resources, 
ensuring clinical testing and analysis is undergone using the most 
recent data available.

4  HLA Polymorphism and Next-Generation Sequencing

Despite recent demand to increase both the length and accuracy of 
sequences, reduced cost of sequencing where possible has also 
been desired. This has led to the development of “Next-Generation 
Sequencing” (NGS) techniques that have allowed affordable, rou-
tine high-throughput sequencing approaches [12, 13]. High-
throughput sequencing, through parallel sequencing in which the 
same molecule(s) is sequenced multiple times in the same experi-
ment, generates billions of sequence bases and leads to vast amounts 
of newly available data. This has in turn led to new HLA gene 
sequencing approaches within immunogenetics, potentially allow-
ing for greater accuracy and coverage [8, 14–17]. These develop-
ments have great implications for both the clinical applications of 
HSCT as well as wider immunogenetics research. DNA sequenc-
ing is employed by HSCT to identify potential transplant donors 
with patients, as matching HLA is a vital component of matching 
potential donors to patients receiving allogeneic transplants for 
hematological disorders [8, 9]. The recent NGS method develop-
ments have seen a significant expansion in the IPD-IMGT/HLA 
Database’ user base, with additional interest in the highly curated 
datasets that are needed for analysis of the data produced by the 
next-generation technologies. Historically, the data that comprised 
the IPD-IMGT/HLA Database has been generated by techniques 
with a focus on the more variable regions of the HLA molecule—
specifically exons 2 and 3 of class I and exon 2 of class II. Therefore, 
while the database may have held a large number of polymorphic 
sequences, these sequences may have been limited to particular 
regions of the DNA. Fig. 2 shows two coverage plots for HLA-B—
currently the most polymorphic HLA locus—and details genomic 
DNA (gDNA) sequences. The majority of coverage being across 
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exons 2 and 3 can clearly be seen, especially given sequencing these 
exons constitutes the minimum requirement for acceptance. 
Flanking exons’ coverage is far lower, with <25% of sequences 
containing exon 1 data and <35% for exon 4 data. Average cover-
age for gDNA is <10% of the alleles in a given gene.

However, more recently there is a strong trend toward the 
submission of genomic sequences—covering all of an allele’s exons, 
introns, and UTR’s—being provided for the IPD-IMGT/HLA 
Database (Fig.  3). Alongside this, a vastly increased number of 
total sequences can be expected to be entered into the database as 
the generation of long-read length sequences continues. As well as 

Fig. 2 Sequence Coverage of HLA-B genomic DNA sequences in the IPD-IMGT/
HLA Database as of July 2017. The blue areas represent the sequenced regions. 
The white areas represent the unsequenced regions. The sequences are ordered 
by the length of sequence covered, the plots clearly show the exon 2 and 3 
regions which are mandatory requirements for submission to the IPD-IMGT/HLA 
Database (version 3.29)
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extending existing sequences and completing missing gaps in 
certain sequences, there is likely to be an increase in the number of 
novel sequences. Despite this, the full impact of this increase in 
data upon the clinical setting and its utility is not currently known. 
Given current practice, matching—using exons 2 and 3 for class I 
and exon 2 only for class II—is unlikely to result in any significant 
impact regardless of the increasing volume of genomic data. This 
increase in data likely requires analysis of polymorphisms beyond 
these limited regions, to ultimately reveal the clinical importance 
of full-length genomic sequencing. Given the changes imple-
mented in the 2010 HLA nomenclature update [18], it is likely the 
suitability of the database, as well as the nomenclature itself, will 
maintain its fitness regardless of the expected voluminous influx of 
sequences. The IPD-IMGT/HLA Database itself, as well as the 
underlying infrastructure which maintains it, is currently under 
review, and new tools and analysis pipelines are in development to 
assist NGS-generated sequence curation. NGS-generated data 
requires an accurate reference database in order to fully assess 
sequence quality, be it the long reads associated with Pacific 
Biosciences SMRT technology [12, 13] or the shorter tiled reads 
associated with Roche 454 [17], Illumina [16], ION-PGM and 
Ion-Torrent [15]. HLA’s hyper-polymorphic nature can result in 
difficulty assigning phase and implementing sequencing analysis, 
due to highly variable or even unavailable reference sequences. A 

Fig. 3 Annual submissions to the IPD-IMGT/HLA Database with genomic sequences (black) against total 
sequences received (green). Recent years have seen a vast rise in the number of submitted genomic sequences
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majority of the underlying work on and with the IPD-IMGT/
HLA Database is currently focused on addressing the challenge of 
lacking detailed referential data.

As the number of known alleles now exceeds 17,000, obtain-
ing source material for all of these in order to procure a full-length 
genomic sequence may be impossible. Rather, the likely increase of 
NGS data will start to populate areas of the database that were 
previously missing. Currently, the IPD-IMGT/HLA Database will 
only accept full-length genomic sequences where all tiled reads 
phasing can be proven. Without accurate phasing, the accuracy of 
full-length sequences assembled from fragments becomes a con-
cern: fragment assemblies based upon regions with missing infor-
mation or low coverage in the reference database may be vulnerable 
to low accuracy or incorrect phasing. Given the hyper-polymorphic 
nature of key genes sequenced for HSCT, SNPs that may be cru-
cial to full-length sequence assembly may not be available from the 
database, likely implying depth of coverage is as essential to accu-
rate assembly as coverage alone. Despite the IPD-IMGT/HLA 
Database containing genomic sequences from all the main HLA 
class I serological groups (HLA-A, -B and -C), coverage for HLA 
class II genes is far lower and this may impact the accuracy of any 
assembled sequence.

5  Alternative Descriptions for HLA Allele Variation

Allelic variation for each gene in the IPD-IMGT/HLA Database is 
displayed against a reference sequence. These differences can be 
visualized using the sequence alignment tool. The Human Genome 
Variation Society (HGVS) reporting system [19, 20] is another 
method for reporting alleles. HGVS descriptions compare each 
allele to a reference sequence and describe the change(s) instead of 
a separate sequence for both alleles. HGVS reporting for all alleles 
was introduced to the IPD-IMGT/HLA Database in 2014, as part 
of the main website’s allele report page (Figs. 4 and 5). This report 
lists each allele’s observed variation against both the GRC Reference 
Sequence (GRCh38/hg38), and the WHO Nomenclature 
Committee for Factors of the HLA System approved Reference 
Sequence [21]. It should be noted that these references often refer 
to various sequences, and some genes within the GRC reference 
sequences do not match existing sequences within the IPD-
IMGT/HLA Database. The hyper-polymorphism of the HLA sys-
tem is emphasized when using HGVS reporting methods. 
Currently, 3500 HLA-B variant sequences, which differ by at least 
an SNP within the gDNA sequence, are known. As such, the 
HGVS report for HLA-B must list over 113,629 descriptors 
in order to cover this polymorphism at merely the CDS level. 
Using B*15:01:01:01 as an alternative reference sequence to 
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Fig. 4 IPD-IMGT/HLA Allele Report. The figure shows an example of an allele 
report, with vital information listed, including ENA source entry IDs, cell informa-
tion, and various relevant sequences in full
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B*07:02:01:01 reduces the number of descriptors by 23%. This 
suggests the HGVS descriptors are less reliable indicators of varia-
tion levels as they are easily influenced by the choice of reference 
sequence. Continued development of these descriptors, their use, 
and publication will allow linking the descriptors catalogued by the 
IPD-IMGT/HLA Database to other reference databases. 
Particularly, this is of interest for NGS analysis—for example, the 
establishment of cross references between the IMGT/HLA HGVS 
descriptors and the rs# used in dbSNP [22] is an increasingly 
common request from new database users. However, until dbSNP 
contains all polymorphisms, this will not be completely possible.

6  Tools Available at IPD-IMGT/HLA

The IPD-IMGT/HLA Database provides a diverse array of tools 
for analysis of HLA sequences. These tools were either custom 
written for the IPD-IMGT/HLA Database, or incorporated 

Fig. 5 IPD-IMGT/HLA HGVS Variant Report. The figure shows an example of an allele report which utilizes the 
HGVS variant reporting format to describe the allele rather than display the entire sequence. The variations are 
described in relation to the WHO HLA Reference Sequence and a GRC reference sequence
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from the existing toolset described on the EBI website [23, 24]. 
The latter includes tools for creating user-defined sequence align-
ments at protein, cDNA, and gDNA level. Users may also perform 
queries for specific HLA alleles; outputs provide access to descrip-
tive information on any HLA allele—ranging from the ethnicity of 
the source material donor and database cross-references to seminal 
publications. Such information is also available through integra-
tion with the European Bioinformatic Institute (EBI) EB-Eye 
search engine [25].

Both protein and nucleotide sequence data from IPD are 
incorporated into the EBI search toolset, including the FASTA 
suite of programmes [26] and BLAST [10] and are downloadable 
from the EBI’s File Transfer Protocol (FTP) directory in a variety 
of commonly used formats such as FASTA, MSF, and PIR.

7  IPD-IMGT/HLA as a Model for Other Highly Polymorphic Gene Systems

The publication of the HLA Nomenclature through the IPD-
IMGT/HLA Database has provided a model for numerous groups 
analyzing and curating MHC sequence variation. MHC sequences 
from various species have been reported [27–41] across different 
formats and nomenclature systems used in identifying and naming 
new genes and alleles in each species [42]. This disparate approach 
has led to numerous, often unrelated, individual studies, leading to 
potentially conflicting nomenclature.

Non-human MHC gene and allele nomenclature has histori-
cally been overseen either by formal nomenclature committees set 
up by the International Society for Animal Genetics (ISAG) [43] 
or by informal groups generating sequences. The Comparative 
MHC Nomenclature Committee now oversees this work, sup-
ported by ISAG and the International Union of Immunological 
Societies (IUIS) and Veterinary Immunology Committee (VIC) 
[27]. Given the high degree of similarity seen in MHC sequences 
across numerous species [44], a consistent curation methodology, 
naming and publication strategy is recommended. A central 
resource that facilitates further research of the MHC can be devel-
oped through bringing together the work from different nomen-
clature committees [45]. The IPD-MHC database in its earliest 
incarnation involved work from groups focusing on non-human 
primates (NHP) [30], canids (DLA) [34, 35] and felids (FLA) 
[46] as well as all data previously available in the IMGT/MHC 
Database [47]. Since that point, the IPD-MHC Database was 
expanded to accommodate bovin (BoLA) [32], equid (ELA) [48], 
salmonid [37], murid (RT1) [31], ovid (OLA) [28], and suid 
(SLA) [33] sequences.

In 2015, a Biotechnology and Biology Sciences Research 
Council (BBRSC) Bioinformatics and Biological Resource (BBR) 
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grant was awarded with the aim of updating and expanding the 
IPD-MHC database to include even more taxonomic groups of 
economic and scientific interest. This led to the 2016 release of the 
IPD-MHC Database version 2.0 [49]. The database was completely 
reorganized in order to provide a centralized resource, allowing a 
convenient and highly accurate comparison of data. To this end, a 
new set of tools was developed for the intra- and inter-species analy-
sis. In particular, the multi-locus alignment allows a real time com-
parison of loci from different species for the first time, and the 
download of aligned sequences for further study and analysis. 
Furthermore, novel online submission tools have allowed the data-
base to sensibly grow since its release, with an increasing annual rate 
of >10%. In turn, this had led to frequent publications reporting 
updates or changes to the nomenclature.

The model set by the IPD-IMGT/HLA Database has also 
been applied beyond the MHC—such as within the IPD-KIR 
Database. KIR genes are members of the immunoglobulin super 
family (IgSF) and they are highly polymorphic at both allelic and 
haplotypic levels [50], and are composed of two or three 
Ig-domains: a transmembrane region and cytoplasmic tail, which 
may be short (activatory) or long (inhibitory). Given the complex-
ity in KIR regions and sequences, the KIR Nomenclature 
Committee was established in 2002, in order to undertake the 
naming of human KIR allele sequences. 2003 saw the publication 
of the first KIR Nomenclature report [51], coinciding with the 
first IPD-KIR database release. The initial release saw 89 human 
KIR alleles named officially, and as of January 2014, there are now 
over 600 alleles, coding for over 320 unique KIR protein sequences. 
Further information on the content of the differing IPD projects 
can be found in Table 1.

Table 1 
Composition of the five databases that comprise the IPD project

Project Description Species Genes Sequences

IPD-IMGT/
HLA

Human major histocompatibility complex  
and related genes

1   37 17,166

IPD-MHC Non-human major histocompatibility complex 75 576 8488

IPD-KIR Human killer-cell immunoglobulin-like receptors 1   16 907

IPD-HPA Human platelet antigens 1     6 22

IPD-ESTDAB The European searchable tumour line database 
(ESTDAB) database and cell Bank contains  
211 cells characterized for 240 markers

1 NA NA
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8  IPD-HPA and IPD-ESTAB

The IPD-HPA and IPD-ESTDAB projects do not possess the 
same structure nor tools that other IPD projects retain. The IPD-
HPA Database provides a centralized repository for the relevant 
data, which define the human platelet antigens (HPA). 
Alloantibodies against human platelet antigens are involved in neo-
natal alloimmune thrombocytopenia, post-transfusion purpura, 
and refractoriness to random donor platelets. In 1990, the HPA 
nomenclature system was constructed [52] to attend to, and ulti-
mately solve, issues present within the previous nomenclature. 
From this point, further antigens have had descriptions added, 
with the molecular basis of a number of them resolved and in 2003, 
the nomenclature was revised [53]. The European Searchable 
Tumour Line Database (ESTDAB) Database and Cell Bank [54, 55] 
enable online searches for HLA typed immunologically charac-
terized tumor cells, as a part of the European Commission Fifth 
Framework Infrastructures Program.

9  Future Developments

The database developers and curators face the challenge of keeping 
pace with an ever-increasing number of submitted allele sequences—
exemplified by an average annual increase of database-held 
sequences of 29% in recent years. Therefore, new sequence visual-
ization tools must be in constant development—all while main-
taining the standards set for the quality of the HLA sequences and 
nomenclature and their presentation to the research community. 
NGS development techniques may allow the potential to phase 
polymorphisms across genes, rather than within the individual 
genes. Thus, consideration needs to be made as to how this data is 
made available by the database, and possible nomenclature imple-
mentation for these haplotypes. Alternatively, it is possible existing 
reporting formats [1] could also be reutilized to present this data, 
with the new variant reports using HLA Nomenclature and allele 
designations as core components. Continual development of tools, 
as well as refinement of existing tools, is the consistent target of the 
database, and all IPD projects.

10  Conclusions

The IPD-IMGT/HLA Database provides a centralized resource 
for those interested, clinically or scientifically, in the MHC system. 
The Database and accompanying tools allow the study of these 
alleles from a single site on the World Wide Web. It aids in the 
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management and development of nomenclature, providing a 
continuing and updated resource for the Nomenclature 
Committees. The challenges for the Database are to keep up with 
the increase in submitted sequences, keep pace with the increasing 
difficulties in performing analyses on larger datasets, and develop 
new tools for the visualization of sequences while maintaining the 
high standards set in the presentation and quality of the sequences 
and nomenclature published to the research community.

11  Licensing

The IPD-IMGT/HLA Database is covered by the Creative 
Commons Attribution-NoDerivs Licence, which is applicable to all 
copyrightable parts of the database, which includes the sequence 
alignments. This means that users are free to copy, distribute, 
display, and make commercial use of the databases in all jurisdic-
tions provided they give the appropriate credit.

Support for the database is requested from commercial users of 
the database resources. If users intend to distribute a modified ver-
sion of the data in any form, then they must ask for permission; this 
can be done by contacting hla@alleles.org, for further details of 
how modified data can be reproduced.

12  Availability

IPD Homepage: http://www.ebi.ac.uk/ipd/.
IPD FTP Site: ftp://ftp.ebi.ac.uk/pub/databases/ipd/.
IPD-IMGT/HLA Homepage: http://www.ebi.ac.uk/ipd/

imgt/hla/.
IPD-IMGT/HLA FTP Site: ftp://ftp.ebi.ac.uk/pub/data-

bases/ipd/imgt/hla/.
Contact: hla@alleles.org.
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Allele Frequency Net Database
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Abstract

The allele frequency net database (AFND, http://www.allelefrequencies.net) is an online web-based 
repository that contains information on the frequencies of immune-related genes and their corresponding 
alleles in worldwide human populations. At present, the system contains data from 1505 populations in 
more than ten million individuals on the frequency of genes from different polymorphic regions including 
data for the human leukocyte antigens (HLA) system. This resource has been widely used in a variety of 
contexts such as histocompatibility, immunology, epidemiology, pharmacogenetics, and population genet-
ics, among many others. In this chapter, we present some of the more commonly used searching mecha-
nisms and some of the most recent developments included in AFND.

Key words HLA, Polymorphisms, Frequencies, Immunogenetics, Population genetics

1  Introduction

The allele frequency net database (AFND, http://www.allelefre-
quencies.net) is a publicly available web-based resource dedicated to 
the storage of allele, haplotype, and genotype frequencies of several 
immune-related genes [1–3]. Since its inception, the goal of AFND 
has been to serve as a warehouse of frequency data sets and provide 
an online repository with a set of querying tools for the examination 
of frequencies in different worldwide human populations.

The information available on this database consists of genes 
principally related to the major histocompatibility complex (MHC). 
As described in earlier chapters, one of the main components of the 
MHC is the human leukocyte antigen (HLA) system, which is con-
sidered to be the most polymorphic region in the human genome 
[4, 5]. These genes play key roles in the immune system response, as 
well as being important in clinical applications such as solid organ 
and bone marrow transplantation [6–8]. The HLA system is also 
recognized for its importance in other different disciplines including 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_4&domain=pdf
http://www.allelefrequencies.net
http://www.allelefrequencies.net
http://www.allelefrequencies.net


50

associations in infectious diseases [9], autoimmune diseases [10], 
and studies of diversity in populations [11]. Additionally, there is 
also a growing field of study identifying associations between par-
ticular HLA polymorphisms and increased risk for adverse drug 
reactions (ADRs) [12–14].

With more than 12,000 allelic variants described in the IMGT/
HLA database [15–17] as of Release 3.29.0 July 2017, the AFND 
constitutes an up-to-date data source for the examination of fre-
quencies, confirmation of presence of HLA alleles, and, more 
recently, serving also as an HLA genotype raw data warehouse for 
further analyses. At present, individuals can also submit their raw 
data to the Human Immunology journal as a short population 
report [18]. This enables the data to be subjected to quality con-
trol aspects such as Hardy-Weinberg equilibrium testing and 
enabling meta-analysis to be run. In addition, existing data sets can 
be compared with other data sets at different time periods with 
regards to degree of resolution, new alleles being found, etc.

Although the HLA system comprises more than 20 genes, 
only six loci are routinely typed by laboratories, i.e., HLA-A, -B, 
and -C for Class I and HLA-DRB1, − DQB1 and -DPB1 for Class 
II. Hence, most of the data sets in AFND cover principally these 
genes, also known as classical HLA loci.

In addition to the searching mechanisms, the website also pro-
vides individuals with an online submission system, allowing data 
to be contributed by the wider research community and HLA typ-
ing laboratories.

One of the main features that distinguishes AFND from other 
repositories is that data sets stored have been manually curated, 
through a process of data validation to provide researchers with 
more accurate results [19]. Additionally, recent efforts have been 
focused on the organization of the HLA population data sets 
according to the quality of the data (see Note 1).

In the last year (August 2016–July 2017), AFND has been 
accessed by over 33 thousand users, from more than 150 coun-
tries, illustrating the relevance of AFND to the scientific commu-
nity and HLA typing laboratories.

In this chapter, we described some of the most commonly used 
searching mechanisms and provided also a summary on the differ-
ent tools that have been recently added, including the HLA-EpiDB 
and HLA-ADR databases (Table 1).

2  Materials

The AFND is an online repository, as such, users are able to browse 
data without the need to install a particular software package.

The use of a web browser as a front-end gives the facility to users 
to access data from computers and/or mobile devices. Web pages 

2.1  Hardware 
Requirements

2.2  Software 
Dependencies

Faviel F. Gonzalez-Galarza et al.
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were implemented using the active server pages scripting environ-
ment, with the assistance of the JavaScript language and the asyn-
chronous JavaScript and XML (AJAX) technology to allow simpler 
user interaction and improved visualizations. The database can be 
accessed utilizing any of the most common web browsers (i.e., 
Internet Explorer®, Microsoft Edge®, Mozilla Firefox®, Safari®, 
Opera®, and Google Chrome®).

Note: Please ensure you have the Javascript functionality 
enabled in your browser to guarantee the searches and tools work 
correctly. To check if have your Javascript enabled follow the 
instructions shown on the website (http://allelefrequencies.net/
sysreq.asp).

As of August 2017, the collection of populations available on the 
AFND consists of 1505 population samples from 10,466,980 
healthy unrelated individuals. These populations are divided into 
1081 HLA populations, 240 KIR populations, 122 Cytokines 
populations, and 62 MIC populations. AFND receives data from 
three main sources: (1) data from peer-reviewed publications, (2) 
from populations that are analyzed at International HLA and 
Immunogenetics Workshops (IHWSs), and (3) submissions from 
individual laboratories across the world. However, the majority of 
the data (~80%) come from data extraction and curation by the 
AFND team from peer-reviewed publications. The literature review 
comprises not only histocompatibility and immunogenetics-related 
journals, but also, semi-automated methods have been established 
using regular structured queries of literature databases to verify 
other journals that may contain suitable data for inclusion. 
Additionally, due to the constant increase in the number of alleles 
identified by molecular methods, the database is periodically 
updated according to the official nomenclature from latest releases 
available on the IMGT/HLA database. At present, alleles on the 
website have been updated containing the most recent nomencla-
ture guidelines allele designations.

3  Methods

AFND is divided into four main sections: HLA, KIR, MIC, and 
cytokine frequencies. Each section consists of different querying 
tools depending on the availability of data in each polymorphic 
region (Fig. 1). In this chapter, we have structured four main sec-
tions: (1) frequency searches, for example, the HLA allele frequency 
search and the HLA haplotype frequency search, (2) rare HLA 
alleles, (3) HLA-EpiDB for the analysis of epitope population cov-
erage, and (4) HLA-ADR for the analysis of adverse drug reaction 
associations to some HLA alleles.

2.3  Data Sets

3.1  Website 
Organization

Faviel F. Gonzalez-Galarza et al.
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The most commonly used tool within AFND is the allele frequency 
search (here abbreviated as AFS), with which users can examine the 
frequency of a particular allele in the existing population data sets, 
by filtering results with a set of criteria. The AFS is also available 
for all polymorphisms on the website. The following workflow 
shows a typical AFS for the HLA-DRB1*15:03 allele:

	 1.	Go to the www.allelefrequencies.net website. Then, on the 
main menu, choose HLA➔HLA Allele Freq (Classical).

	 2.	After this, users usually start with the selection of a locus and a 
particular allele to identify which populations are more likely to 
present the allele. For this example, choose Locus=DRB1, 
Starting Allele=DRB1*15:03 and Ending 
Allele=DRB1*15:03.

	 3.	To extend the searching criteria, users can select one, several, or 
all populations, a set or range of alleles, country, geographical 
region, ethnicity, and/or the year in which data was submitted. 
For this example, choose Region=Sub-Saharan Africa.

	 4.	Then, select the option Sort by=Allele, Highest to Lowest 
Frequency to allow output records to be sorted by allele and 
the corresponding frequency from highest to lowest value.

	 5.	To start the query, click on Search button.
Additional options

3.2  HLA Allele 
Frequency Search

Fig. 1 Screenshot of the AFND website homepage

Allele Frequency Net Database

http://www.allelefrequencies.net
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	 6.	Users are also able to optimize their queries to further refine 
data sets by selecting populations with a sample size from a 
range of values and/or a specific level of resolution. Moreover, 
for HLA, alleles can be typed at different levels of resolution 
(i.e., allele group, specific HLA protein, synonymous allele 
with a substitution within the coding region and differences in 
a noncoding region in that order, e.g., HLA-A*01:01:01:01). 
In addition, the search uses parsing methods to display all 
information that may be relevant to the user to ensure that 
high-resolution data can be retrieved when a low level resolu-
tion allele is selected. For instance, a search for the HLA-
DRB1*15:03 allele will also display incidences of alleles at high 
resolution that start with HLA-DRB1*15:03. Furthermore, 
other additions include filters to search information on a spe-
cific source of data set and type of study, for example popula-
tions available in the literature oriented to anthropology 
studies.

Output results
	 7.	As shown in Fig. 2a, results displayed in the search include: the 

allele name, name of the population, allele and/or phenotype 
frequency and the sample size of the population to estimate 
the number of individuals who carry the allele. Also, haplotype 
associations and graphical distribution overlaid on world maps 
are some of the recent options added for each record (Fig. 2b).

	 8.	By clicking on the Population Name hyperlink users can 
access demographic details of the population in which the 
allele is present (Fig. 2c).

	 9.	Finally, for export options, see Note 2.

The AFND repository also includes a tool for querying haplotype 
frequencies (HFS) from 100,000 HLA haplotypes from around 
seven million individuals. At present, the collection of haplotypes 
consists of 456 globally distributed populations in 90 countries. 
The following workflow shows an example of a HFS:

	 1.	Go to the www.allelefrequencies.net website. Then, on the 
main menu, choose HLA➔HLA Haplotype Frequency 
Search.

	 2.	After this, users can select two or more alleles from two to 
eight routinely typed HLA loci (HLA-A, -B, -C, -DRB1, 
-DPA1, -DPB1, −DQA1, and -DQB1). In this example, 
choose DRB1=DRB1*15:03 and DQB1=Any DQB1. 
Then, click Search to run the query.

Additional options
	 3.	The program also permits the user to customise a frequency 

search by a particular population, country, source of data, geo-

3.3  HLA Haplotype 
Frequency Search

Faviel F. Gonzalez-Galarza et al.
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graphical region, ethnicity of the individual, and number of 
loci tested for the haplotype.

The haplotypic information can be more useful than infor-
mation only on the allele, especially in clinical applications. 
Therefore, this search can be used as a complement of haplo-
type searches performed in bone marrow and solid organ 
transplant registries in which, on some occasions, the informa-
tion about the ethnicity of the individual is unknown.

Output results.
	 4.	Results displayed in the search include the haplotype, name of 

the population, frequency, and the sample size of the popula-
tion, along with an option to display frequency distribution on 
maps.

Following the continuation of a project of the 15th and 16th 
IHWSs related to the rarity of specific HLA alleles, AFND has a 
utility that allows users to search for a particular allele and display 
the number of confirmations (after the initial submission of the 
sequence of the new allele to IMGT/HLA) submitted by different 
data sources [AFND, IMGT/HLA, national marrow donor pro-
gram (NMDP) in the United States and individual laboratories] 
[20]. In this search, users are also invited to confirm an allele, 
which has been seen in their laboratories by providing basic infor-
mation concerning the rare allele. Although a default mechanism 
has been set to classify the rarity of the alleles into “rare,” “very 
rare,” or “frequent,” according to the number of reports (see more 

3.4  Rare HLA Alleles

Fig. 2 Example of an allele frequency search of the DRB1*15:03 allele in AFND

Allele Frequency Net Database
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about this classification in [20]), the tool also allows individuals to 
decide whether an allele is considered to be rare by selecting their 
own criteria. The following workflow shows a typical search for the 
HLA-DRB1*15:03 allele:

	 1.	Go to the www.allelefrequencies.net website. Then, on the 
main menu, choose Rare Alleles ➔ HLA Rare Alleles.

	 2.	Then, type DRB1*15:03 in the Search allele field.
	 3.	Then, click on Search to perform the query.
Additional options

	 4.	Users can also filter results by locus, typing method, group 
identical alleles over exons 2 and/or 3, filter by the number of 
times an allele has been reported in a particular database (i.e., 
AFND, IMGT/HLA, NMDP, or individual laboratories) or 
the whether the allele has been reported as “common and/or 
well documented” (C/WD) by the American Society for 
Histocompatibility and Immunogenetics (HLA) [21].

Output results
	 5.	As shown in (Fig. 3), each allele is shown with information on 

whether the initial sequence submitted to IMGT/HLA has 
been confirmed and, if so, in how many individuals, whether 
this allele has been found in individuals typed in NMDP or 
reported by individual laboratories. Most of the data from 
individual laboratories comes from projects conducted under 

Fig. 3 Example of a rare allele search in AFND

Faviel F. Gonzalez-Galarza et al.
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auspices of the 15th and 16th IHWSs. Previous reports during 
the International Workshops have shown that around 40% of 
HLA alleles have never been reported in another individual, 
after the report of the initially sequenced sample. Thus, labora-
tories can use this information in estimating what allele is pres-
ent when they are faced with an ambiguous combination in the 
HLA type. At present, AFND provides information on the 
country and ethnicity in which the allele is found, but in the 
future the intention is to be able to show rare alleles filtered by 
each country, by each geographical region and by ethnicity.

The HLA-EpiDB database is a recent development stimulated by the 
collection of data from the EUROSTAM project (http://eurostam.
eu/). In transplantation, HLA epitope data is starting to change the 
current view of HLA matching, from allele matching to structural 
matching where epitopes are patches of polymorphic residues that 
can stimulate production of specific anti-HLA antibodies, a concept 
especially important in preventing high sensitization of transplant 
patients. The HLA-EpiDB section uses the nomenclature released 
through the HLA Epitope Registry (http://www.epregistry.ufpi.
br/), which indicates the mapping from HLA allele-level nomencla-
ture to confirmed or predicted epitopes. The following workflow 
may be used for a typical search in the HLA-EpiDB section:

	 1.	Go to the www.allelefrequencies.net website. Then, on the 
main menu, choose HLA➔HLA Epitopes ➔ HLA Epitopes 
ABC.

	 2.	After this, select Locus=A+B+C and choose for example 
Ireland Northern in the Select specific populations option 
(Fig. 4a).

	 3.	To perform the query, click on Search.
Additional options

	 4.	Other options are available for the search including filtering by 
epitope name, position on the amino acid sequence, starting 
and ending position, country, geographical region, ethnic ori-
gin and sample size.

Output results
	 5.	Figure 4b displays an example of the results including the popula-

tion name, the amino acid position, the different loci selected in the 
search, the epitope and epitope frequency (calculated using raw 
data or from haplotype frequencies), the sample size and the option 
to visualize the graphical distribution overlaid on world maps.

In the field of pharmacogenomics, there are two main study 
approaches that are implemented when trying to determine the 
genetic components of HLA-induced ADRs. These are genome-
wide association studies (GWAS) and case–control candidate gene 

3.5  HLA-EpiDB

3.6  HLA-ADR 
Database

Allele Frequency Net Database
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studies. Both approaches have helped to identify HLA alleles associ-
ated with increased risk of developing ADRs. The following work-
flow shows an example of a search in the HLA-ADR database:

	 1.	Go to the www.allelefrequencies.net website. Then, on the main 
menu, choose HLA➔HLA and Adverse Drug Reactions.

	 2.	In that page, click on the HLA Adverse Drug Reaction 
Database link.

	 3.	The query page allows users to retrieve data via the use of 
dropdown filters where users may select associations with cer-
tain conditions (Fig. 5). The dropdowns are divided into three 
sets; with the first set, users may choose the HLA gene, a spe-
cific allele or a nonstandard allele (e.g., a serotype/antigen). In 
this example, select Gene=All HLA-B.

Note: The options within this set are mutually exclusive, meaning 
the user may only apply a filter from one of these although the user 
may use an option from this set in combination with filters from 
the other sets.

Fig. 4 Example of a search in the HLA epitopes database

Faviel F. Gonzalez-Galarza et al.
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	 4.	The second set of options allow the user to specify additional 
parameters, specifically: a drug, patient ethnicity, strength of 
the association (P values), the country/region where the study 
was conducted or the condition for which the patients are 
being treated for. The final set allows the users to choose which 
order they wish the data to be presented. The filters from this 
set can be applied in combination with each other. For this 
example, choose Drug=abacavir.

Additional options
	 5.	In addition to the query page, an HLA-ADR report page is 

also provided. Here, the webpage allows the user to select a 
particular drug and returns all database records pertaining to 
that drug, which are statistically significant (the user may select 
the significance threshold).

	 6.	Finally, an optional filter also enables filtering by the patient 
group. The returned entries are initially provided as a summary 
table, indicating alleles that have been reported, statistical sig-
nificance values and whether the association implies that the 
allele is a risk or protective marker.

Output results
	 7.	For simplicity of display, summary information about each 

record is provided: a link to the PubMed/Medline abstract for 
the original study, the drug, tested allele, the patient/control 
cohort ethnicity, the strength of the association and the num-
ber of patients and controls in the study cohort carrying the 
allele. A link is also provided (“More Details”) whereby the 
complete data are shown for that specific association. A second 

Fig. 5 Example of an adverse drug reaction association studies search
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link (“Allele Distribution”) connects to the main AFND site 
showing the worldwide distribution of the allele on a map of 
the world.

4  Notes

	1.	 Recently, HLA data sets stored in AFND have been classified 
based on their quality (gold, silver, and bronze, abbreviated as 
GSB) to assist users in identifying the most suitable populations 
for their tasks. The “gold standard” has resulted from manual 
curation to identify data sets reliable in terms of sample size, sum-
mation of the allele frequencies and resolution. The gold standard 
includes >500 populations covering over 3 million individuals 
from >100 countries at one or more of the following loci: HLA-
A, -B, -C, -DPA1, -DPB1, -DQA1, -DQB1 and -DRB1, with 
good coverage for all loci, except DPA1 (Fig. 6). (See more infor-
mation about GSB in [19]).

	 2.	At present, users can print results from all searches using the 
printer-friendly version available for each search, which can be 
used to export data sets into a tabular format. To complement 
frequency data in searches for further analyses, the printer-
friendly option includes information of latitude and longitude if 
users wish to plot frequencies on maps. Other download options 
such as tab or comma-separated value are attended on request.

Fig. 6 HLA populations in AFND by data quality

Faviel F. Gonzalez-Galarza et al.
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Chapter 5

High-Resolution HLA-Typing by Next-Generation 
Sequencing of Randomly Fragmented Target DNA

Michael Wittig, Simonas Juzenas, Melanie Vollstedt, and Andre Franke

Abstract

PCR- or probe-based targeted capturing enables the enrichment of specific genomic loci prior to Next-
Generation Sequencing (NGS). Here, we describe a probe-based protocol, which allows for high-resolution 
HLA typing of DNA samples by NGS. We also describe existing software tools that can be used for the 
subsequent HLA data analysis. Key prerequisites that warrant an accurate HLA calling are specific map-
pings of the sequencing reads, phasing of the mapped reads, and the possibility to perform a manual 
inspection/curation of the read mapping.

Key words Next-Generation Sequencing, NGS, Targeted enrichment, In-solution capture, 
Sequencing, HLA typing, HLA analysis, RNA baits

1  Introduction

The human leukocyte antigen (HLA) complex contains the most 
polymorphic genes in the human genome. Classically, the gold 
standard for HLA typing was Sanger sequencing of a limited ampli-
con repertoire. High-quality NGS-based methods also rely on the 
targeted enrichment of the relevant HLA loci, either by PCR- or 
bait-based capturing [1]. The here-described targeted HLA typing 
approach (Fig. 1) consists of three main steps. First, the enrich-
ment of the target DNA, which is then followed by the sequencing 
of randomly fragmented DNA and finally the data analysis. The 
enrichment of the target can be performed by bait-based captur-
ing, long-range PCR, or even shorter PCR amplicons that span the 
region of interest (overlapping and/or nonoverlapping). The bait-
based method, which we describe here, comprises a library of 
120 bp long biotinylated RNA sequences (also referred to as baits) 
that reverse complement to the target sequence. By hybridization 
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of baits and DNA, followed by purification and clean-up with 
Streptavidin-coated magnetic beats, it is possible to efficiently 
enrich the target DNA [2]. Before this capturing is performed, the 
DNA has to be randomly fragmented by a tagmentation enzyme 
[3] or mechanically. For the PCR-based method, the fragmenta-
tion is performed on the PCR products. Both approaches, PCR- or 
bait-based, have their advantages and disadvantages. The PCR is 
very specific with regards to the targeted enrichment, i.e., little off-
target sequence is produced through NGS and a high coverage of 

Fig. 1 Workflow. The workflow starts with two independent parts, the bait synthesis and the library prepara-
tion. For the bait synthesis a tiling of the target sequence is performed, which means all target sequence is 
fragmented into 120 bp parts. This can be performed in overlapping or nonoverlapping manner. For the HLA 
design nonoverlapping tiling was performed as the template sequence was a collection of all known HLA allele 
sequences, which is already a very redundant template. Order an oligo pool based on the design and attach a 
T7-promotor-binding site to the oligo pool. Perform a Biotin-UTP-transcription with these T7-added oligos and 
clean up the RNAs which will be used for the targeted capturing later. For the gDNA perform random fragmen-
tation followed by a library preparation of the fragmented DNA. The library preparation adds sequences to the 
fragment flanks, which are needed during the sequencing reaction. These sequences consist of primer-binding 
sites, inserts, and indices (molecular barcodes) and the so manipulated gDNA is ready for sequencing. Perform 
a hybridization of the RNA baits and ready-to-sequence DNA to bind the target DNA to the biotynilated RNA 
baits. Using Streptavidin coated magnetic beads it is possible to capture the RNA-DNA-hybrids and to get rid 
of the majority of unspecific DNA. The captured DNA goes on a 2nd generation sequencer which generates a 
pair of fastq files (sequence data plus quality data). These fastq files can be analyzed with appropriate HLA 
calling software

Michael Wittig et al.
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the target is warranted. However, the PCR is prone to allelic drop 
outs caused by, for example, SNPs at the primer locations or just by 
poor performing primer sets or other amplification biases [4, 5]. 
Many companies sell their “secret” primer pools for different HLA 
loci and/or allele groups and the strategy ranges from exon-wise 
amplicon generation up to long-range PCR of a whole gene or at 
least spanning as many exons as possible. The bait-based method 
overcomes the problem of allelic drop outs, because a few mis-
matches between bait and target DNA still allow a hybridization 
with the target [2]. Furthermore, the typical fragment length of 
300–800 bp allows for the hybridization of multiple of the prede-
signed baits and therefore may always bind even if there is a new/
unreported mutation somewhere in the fragment. Hence, a com-
prehensive design, based on the currently available exhaustive 
information of the HLA variation [6], is more robust against allelic 
drop outs. But this advantage comes at the price of a higher off-
target DNA capture and hence off-target sequencing information 
since the baits also tend to capture other regions in the genome 
with a lower specificity [7]. Increasing the template DNA and 
reducing bait concentration tend to increase the capturing specific-
ity. The randomly fragmented DNA can be sequenced on a second 
generation sequencer like the Illumina® HiSeq2500 or any other 
comparable NGS instrument. With the bait-based method and an 
efficient targeted enrichment (the on-target rate should be >15%, 
i.e., <85% of the reads are discarded), it is good practice to sequence 
96 samples in parallel on a single HiSeq2500 lane employing the 
Illumina® v4 chemistry and a read length between 
2 × 100 bp–2 × 150 bp [8]. This protocol also instructs the user 
how to generate biotin-labeled RNA from a DNA oligo pool. The 
oligo pool is a collection of sequences designed to capture the 
genomic target of interest that can be ordered from several existing 
companies. Our protocol allows for bait synthesis for ten-thousands 
of samples, providing nearly endless amounts of “fishing baits.” 
Users with small and moderately sized sample sizes should con-
sider ordering ready-to-use biotin-labeled baits from any existing 
provider. While this is more cost-intensive per sample, this short-
ens the protocol tremendously and Subheadings 2.1–2.3 and 3.1–
3.3 can be skipped.

2  Materials

The listed materials are needed for the protocol described in 
Subheading 3. Shown companies are exemplary providers, materi-
als may also be available from other vendors.

	 1.	Bait design in fasta format, downloadable at GitHub: (https://
github.com/MiWitt/HLAbaits/blob/master/design/
probes_T7_IKMB_custom_v0.1.fasta).

2.1  Custom Oligo 
Library Amplification 
(Optional) and T7 
Promotor Addition 
(Mandatory)  
(See Note 1)

Targeted HA sequencing

https://github.com/MiWitt/HLAbaits/blob/master/design/probes_T7_IKMB_custom_v0.1.fasta
https://github.com/MiWitt/HLAbaits/blob/master/design/probes_T7_IKMB_custom_v0.1.fasta
https://github.com/MiWitt/HLAbaits/blob/master/design/probes_T7_IKMB_custom_v0.1.fasta
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	 2.	Custom oligo pool of the bait design (see above) (CustomArray).
	 3.	Phusion High-Fidelity PCR Kit (NEB).
	 4.	Ethanol 80% and 70%.
	 5.	Elution buffer or TE 0.1%.
	 6.	AMPure® XP Beads (Beckman Coulter, Inc.).
	 7.	TE buffer pH 8.0 (500 mL).
	 8.	D1000 Screen Tape, Reagents, and Tape Station from Agilent 

(or equivalent).
	 9.	Forward primer: 5’-CTGGGATCGCACCAGCGTGT-3’.
	10.	Reverse primer: 5’-CGTGGATGAGGAGCCGCAGTG-3′.
	11.	T7 Forward primer: 

5 ’ - G G AT T C TA ATA C G A C T C A C TATA G G G AT C 
GCACCAGCGTGT-3’.

	 1.	The DNA oligos with T7 promotor added (from previous 
step).

	 2.	HiScribe™ T7 High Yield RNA Synthesis Kit (NEB).
	 3.	Biotin RNA Labeling Mix (Roche).
	 4.	TURBO™ DNase (2 U/μL) (Ambion).
	 5.	RNeasy MinElute Cleanup Kit (Qiagen).
	 6.	SUPERaseIn RNase inhibitor (Invitrogen).

	 1.	SuperScript III First-Strand Synthesis Kit (Invitrogen).
	 2.	PowerUp™ SYBR Green Master Mix (Applied Biosystems).
	 3.	RNA ScreenTape.
	 4.	RNA Screen Reagents.
	 5.	Bait QC 3 forward: 5’-AGCGACGTGGGGGAGTAC-3’.
	 6.	Bait QC 3 reverse: 5’-GCTGTTCCAGTACTCGGCA-5’.

This is the 50 μL 500 bp fragmentation protocol of the Covaris® 
manual.

	 1.	Covaris S2 or E210 Focused-ultrasonicator.
	 2.	MicroTUBE AFA Fiber Snap-Cap.

	 (a)	 With S-Series Holder microTUBE if running S2 setup.
	 (b)	�With Rack 24 Place microTUBE Snap-Cap if running 

E210 setup.
	 3.	Or 96 microTUBE Plate and E210 setup.
	 4.	IE-DNA intensifier (for E210).
	 5.	Centrifuge adapter—"Fit microTUBEs in bench top micro 

centrifuges."

2.2  RNA Bait 
Synthesis from DNA 
Template (Biotin-UTP 
Transcription)

2.3  Quality Control 
of RNA Bait Library

2.4  gDNA 
Fragmentation (See 
Note 2)
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	 6.	100  ng–1000  ng purified gDNA (>10  kb) in Tris EDTA, 
pH 8.0.

	 7.	Ethanol 100%.

	 1.	NEBNext® Ultra™ DNA Library Prep Kit for Illumina®.
	 2.	80% Ethanol (freshly prepared).
	 3.	Nuclease-free Water.
	 4.	DNA LoBind Tubes (Eppendorf).
	 5.	AMPure® XP Beads (Beckman Coulter, Inc.).
	 6.	NEBNext Singleplex or Multiplex Oligos for Illumina.
	 7.	Magnetic-stand-96, Life Technologies/Thermo Fischer.
	 8.	Lit heated thermocycler with minimal evaporation over the 

hybridization time of 72 h.
	 9.	Nuclease-free tubes compatible with the thermocycler.
	10.	D1000 Screen Tape, Reagents, and Tape Station from Agilent 

(or equivalent).
	11.	Water bath, 65 °C.
	12.	Vortex mixer and tube rotator.

This procedure follows the MYbaits® protocol v1.3.8 from 
MYcroarray.

	 1.	Biotinylated RNA bait library (self-made from Subheading 
2.2/3.2 or ready-to-use biotin-labeled baits ordered with this 
design: https://github.com/MiWitt/HLAbaits/blob/mas-
ter/design/probes_IKMB_custom_v0.1.fasta).

	 2.	UltraPure 20xSSPE (HYB#1).
	 3.	500 mM EDTA (HYB#2).
	 4.	Denhardts Solution 50 × 100 mL (HYB#3).
	 5.	UltraPure 1% SDS solution (HYB#4).
	 6.	1 M NaCl; 10 mM Tris–HCl, pH 7.5; 1 mM EDTA (Binding 

Buffer).
	 7.	Tris Hydrochloride 1 M pH 7 (Neutralization Buffer).
	 8.	1× SSC, 0.1% SDS (Wash Buffer #1).
	 9.	0.1× SSC, 0.1% SDS (Wash Buffer #2).
	10.	Human cot-1 DNA 1 μg/μL (BLOCK #1).
	11.	Salmon Sperm DNA solution 1 μg/μL (BLOCK #2).
	12.	SuperaseIn 20 U/μL (RNase Block).
	13.	Nuclease-Free Water (not DEPC-Treated).
	14.	100 μM TruSeq-dual-Ampl. (Illumina®).
	15.	100 μM TruSeq-ind-Ampl. (Illumina®).

2.5  Library 
Preparation

2.6  Targeted 
Enrichment

Targeted HA sequencing

https://github.com/MiWitt/HLAbaits/blob/master/design/probes_IKMB_custom_v0.1.fasta
https://github.com/MiWitt/HLAbaits/blob/master/design/probes_IKMB_custom_v0.1.fasta
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	16.	100 μM TruSeq-dual-I8-block (BLOCK #3) (Illumina®).
	17.	100 μM TruSeq-ind-I8-block (BLOCK #3) (Illumina®).
	18.	Dynabeads MyOne Streptavidin C1.
	19.	High Sensitivity D1000 Screen Tape.
	20.	High Sensitivity D1000 Reagents.
	21.	Herculase II Fusion DNA Polymerase (Agilent Technologies).
	22.	Post capture amplification primers:

	 (a)	� TruSeq-dual 5′-AATGATACGGCGACCACCGAGAT 
CTACAC-3’.

	 (b)	� TruSeq-ind 5′-CAAGCAGAAGACGGCATACGA 
GAT-5’.

	 1.	An Illumina® NGS sequencer like any of HiSeq, NextSeq, 
MiSeq, etc.

	 2.	An appropriate sequencing kit which works with the chosen 
NGS machine and which generates at least 2 × 100 bp reads.

3  Methods

In this step the working aliquot, taken from the DNA oligo pool, 
is amplified and the T7 promotor is added via the PCR reaction to 
allow for RNA transcription in the next step.

	 1.	Mix the following components listed in Table  1 in a sterile 
nuclease-free tube.

	 2.	Run a PCR using the cycling conditions of Table 2.
	 3.	To clean up, vortex AMPure XP beads to resuspend (see 

Note 4).
	 4.	Add 90 μL of resuspended beads to the PCR reactions (50 μL). 

Mix by pipetting up and down at least 15 times.
	 5.	Incubate for 5 min at room temperature.
	 6.	Quickly spin the tube and place it on a magnetic stand to sepa-

rate beads from the supernatant. Incubate at room tempera-
ture until the beads completely cleared from solution. Carefully 
remove and discard the supernatant. Caution: do not discard 
the beads.

	 7.	Add 200 μL of 70% ethanol to the PCR plate while in the mag-
netic stand. Incubate at room temperature for 1 min, and then 
carefully remove and discard the supernatant.

2.7  Sequencing

3.1  Custom Oligo 
Library Amplification 
(Optional) and T7 
Promotor Addition 
(Mandatory)  
(See Note 1)

3.1.1  Custom Oligo 
Library Amplification 
(Optional, “See Note 3”)
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	 8.	Repeat the last step once more.
	 9.	Air dry the beads for 5 min while the PCR plate is on the mag-

netic stand with the lid open. Remove any residue liquid with 
a pipette.

	10.	Remove the tube from the magnet. Elute DNA target from 
beads into 42 μL Elution Buffer (EB) or 0.1× TE. Pipet up 
and down at least 15 times. Quickly spin the tube and incubate 
at room temperature for 2–3 min.

	11.	Place the sample on an appropriate magnetic stand to separate 
beads from the supernatant. After the solution is clear, carefully 

Table 1 
Components for custom oligo library amplification

Component Volume in μL

Nuclease-free water 27.0

5× Phusion HF 10.0

10 mM dNTPs 1.0

10 μM forward primer 3.75

10 μM reverse primer 3.75

Custom oligo pool from CustomArray (1:100 dilution) 2.5

DMSO 1.5

Phusion DNA polymerase 0.5

Total 50.0

Table 2 
PCR cycle conditions for custom oligo amplification

Cycle step Cycles Temp in °C Time

Initial denaturation 1 98 2 min

Denaturation 18 98 10 s

Annealing 58 30 s

Extension 72 30 s

Final extension 1 72 5 min

Hold 1   4 ∞
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transfer 40 μL supernatant to a new PCR tube. Samples can be 
stored at 2–8 °C for a few days or at −20 °C for long-term 
storage.

	12.	Check the size of product on Agilent Tape Station using 
D1000 Tape. The length of the product should be about 
171 bp (Fig. 2).

	 1.	Mix the components of Table 3 in a sterile nuclease-free tube.
	 2.	Run a PCR using cycling conditions of Table 4.
	 3.	To clean up and perform size selection of the PCR product 

vortex AMPure XP beads to resuspend (see Note 5).
	 4.	Add 50  μL (1×) resuspended AMPure XP beads to 50  μL 

DNA solution. Mix well on a vortex mixer or by pipetting up 
and down at least 20 times.

	 5.	Incubate for 5 min at room temperature.
	 6.	Place the tube on a magnetic rack to separate the beads from 

the supernatant. After the solution is clear, carefully transfer 
the supernatant to a new tube (Caution: do not discard the 
supernatant). Discard beads that contain the large fragments.

	 7.	Add 30  μL (0.6×) resuspended AMPure XP beads to the 
supernatant, mix well, and incubate for 5  min at room 
temperature.

	 8.	Put the tube on a magnetic rack to separate beads from the 
supernatant. After the solution is clear, carefully remove and 
discard the supernatant. Be careful not to disturb the beads 
that contain DNA targets (Caution: do not discard beads).

3.1.2  T7 Promotor 
Addition (Optimized 
for NEB Phusion High-
Fidelity PCR Kit)

Fig. 2 Examples of custom oligo libraries after first round PCR. The left graph shows the ladder on the left and 
two lanes of oligonucleotide DNA. The right graph shows the electropherogram of lane A1. The band should be 
around the size of 171 bp as we added the primers to the pre-designed DNAs. No additional peak should be 
detectable
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	 9.	Add 200 μL of 80% freshly prepared ethanol to the tube while 
in the magnetic stand. Incubate at room temperature for 30 s, 
and then carefully remove and discard the supernatant.

	10.	Repeat step 9 once.
	11.	Keeping the tube on the magnetic rack, with the cap open, air 

dry the beads for 5 min (see Note 6).
	12.	Remove the tube from the magnet. Elute DNA target from 

beads into 32 μL Elution Buffer (EB) or 0.1× TE. Mix well on 
a vortex mixer or by pipetting up and down, incubate for 2 min 
at room temperature.

	13.	Put the tube in a magnetic rack until the solution is clear, 
approximately 3  min. Transfer approximately 30  μL of the 
supernatant to a clean tube. Samples can be stored at 2–8 °C 
for a few days or at −20 °C for long-term storage.

Table 3 
Components for T7 promotor addition

Component Volume in μL

Nuclease-free water 26.5

5× Phusion HF 10.0

10 mM dNTPs 1.0

10 μM T7 forward primer 3.75

10 μM reverse primer 3.75

First round PCR product 3.0

DMSO 1.5

Phusion DNA polymerase 0.5

Total 50.0

Table 4 
T7 addition PCR cycle conditions

Cycle step Cycles Temp in °C Time

Initial denaturation 1 98 2 min

Denaturation 20 98 10 s

Annealing 65 30 s

Extension 72 30 s

Final extension 1 72 5 min

Hold 1   4 ∞
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	14.	Check the size of product on Agilent Tape Station using 
D1000 Tape. The length of product should be about 192 bp 
(Fig. 3).

In this step, the biotinylated RNA baits are synthesized using the 
DNA oligos produced in the last step (T7 added). The biotin RNA 
labeling mix incorporates biotin-16-UTP so that approximately 
every 20–25th nucleotide is carrying a biotin molecule. The biotin-
UTP in vitro transcription is optimized using NEB HiScribe TM 
T7 High Yield RNA Synthesis Kit (#E2040S) and Biotin RNA 
Labeling Mix from Roche.

	 1.	Thaw the necessary kit components, mix and pulse-spin in 
microfuge to collect solutions to bottom of tubes. Keep on ice.

	 2.	Assemble the reaction at room temperature in the order of 
Table 5.

	 3.	Incubate reaction at 37 °C for 14 h overnight.
	 4.	To 20 μL reaction add 70 μL nuclease-free water, 10 μL of 10× 

Reaction Buffer, and 2 μL of RNase-free TURBO TM DNase, 
mix and incubate at 37 °C for 15 min.

	 5.	Clean up RNA baits using Qiagen RNeasy MinElute Cleanup 
Kit according to the manufacturer’s protocol. Split the reac-
tion volume and use 50 μL per column. Elute twice in 15 μL 
and 10 μL of sterile nuclease-free water. Total elute volume is 
25 μL.

	 6.	Add 1 μL of SUPERaseIn RNase inhibitor into eluted RNA 
baits.

3.2  RNA Bait 
Synthesis from DNA 
Template (Biotin-UTP 
Transcription)

Fig. 3 Examples of custom oligo libraries after T7 promotor addition. The left graph shows the ladder on the 
left and two lanes of fragmented DNA to which the T7 promotor got attached. The right graph shows the elec-
tropherogram of the lane A1. The peak at 190 bp is the expected product and the lower and upper marker 
peaks are at 25 bp and 1500 bp respectively. The DNA from 200 bp up to 500 bp, with the small peak at 
475 bp, is unexpected product 
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	 7.	Check the size distribution on Agilent Tape Station. The highest 
peak should be between 160 and 180 bp (Fig. 4). The concen-
tration of produced baits should range from 100 to 240 ng/μL.

	 8.	Adjust the concentration of baits to 100 ng/μL with very clean 
nuclease-free water (use separate tube of nuclease-free water 
only for this purpose). The concentration of 100  ng/μL is 
considered as stock solution of HLA RNA baits.

To verify the success of the afore-described biotinylated RNA syn-
thesis a quantification using real time PCR is performed. The prim-
ers used for that step are designed for the oligo-pool from 
Subheading 2.1 and target as many baits as possible. Eventually, 
only a small fraction of baits will be quality controlled, assuming 
that the transcription of the other biotinylated baits had the same 
performance. Quality assessment of custom RNA baits (Subheading 
3.2) is performed by SYBR Green RT-qPCR with pre-designed 
primers (Subheading 2.3) for targeted sequences in predesigned 
HLA baits (Subheading 2.1 bait design). The protocol is opti-
mized using Invitrogen SuperScript III First-Strand Synthesis Kit.

	 1.	Mix and briefly centrifuge each component of kit before use 
and combine the components of Table 6 in a 0.2 mL tube.

	 2.	Incubate the tube at 65 °C for 5 min, then place on ice for at 
least 1 min.

	 3.	Prepare the cDNA Synthesis Mix as described in Table 7, add-
ing each component in the indicated order.

	 4.	Add 10 μL of cDNA Synthesis Mix to RNA baits/primer mix-
ture, mix gently and collect by brief centrifugation. Incubate as 
described in Table 8.

	 5.	Collect the reaction by brief centrifugation. Add 1 μL of RNase 
H to each tube and incubate the tubes for 20 min at 37 °C. 
cDNA synthesis reaction can be stored at −20  °C for long-
term storage or used for qPCR immediately.

3.3  Quality Control 
of RNA Bait Library

3.3.1  Reverse 
Transcription (cDNA 
Synthesis)

Table 5 
RNA bait synthesis pipetting scheme

Component Volume in μL

T7 added PCR product (Subheading 3.1.2) 9.0

10× reaction buffer 1.5

Biotin RNA labeling mix (Roche) 8.0

Enzyme mix 1.5

Total 20.0
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Fig. 4 Example of RNA baits after biotin-UTP transcription. The left graph shows the ladder on the left and two 
lanes of Biotin labeled RNA baits. The right graph shows the electropherogram of lane A1. There is a strong 
peak around 166 bp and this is what we expect here, a strong peak between 160 and 180 bp

Table 6 
RNA synthesis QC, pipetting scheme

Component Volume in μL

Custom RNA baits (100 ng/μL) 2.0

Random hexamers 1.0

10 mM dNTP mix 1.0

DEPC-treated water 6.0

Total 10.0

Table 7 
cDNA Synthesis Mix pipetting scheme

Component Volume in μL

10× RT buffer 2.0

25 mM MgCl2 4.0

0.1 M DTT 2.0

RNaseOUT TM (40 U/μL) 1.0

SuperScript III RT (200 U/μL) 1.0

Total 10.0

The protocol is optimized using PowerUp TM SYBR Green Master 
Mix. Please run at least two technical replicates of each qPCR reac-
tion and negative control (NC) without cDNA.

	 1.	Mix the components of Table 9 in the sterile optical 96-well 
plate for real time PCR.

3.3.2  SYBR Green qPCR
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	 2.	Run the reactions using standard cycling parameters (Table 10).
	 3.	If synthesis of RNA baits was successful, CT values should 

appear between 10 and 15 cycles. NC should not show up at 
all or at >30 cycles (Fig. 5).

Random fragmentation is the random shearing of genomic 
DNA. In this protocol, the shearing is done by ultrasonic sound 
with a Covaris Focused-ultrasonicator. Alternatives using DNA 
cutting enzymes (transposases) are also available and can replace 
the random fragmentation method described here. For the later 
sequencing and data generation the random nature of the frag-
mentation is crucial. Many software tools rely on the random 

3.4  gDNA 
Fragmentation  
(See Note 7)

Table 8 
cDNA Synthesis conditions

Step Temp in °C Time in min

1 25 10

2 50 50

3 85 5

4 4 5

Table 9 
qPCR pipetting scheme

Component Volume in μL

2× SYBR green PCR master mix 6.25

Bait QC 3 forward primer (10 μM) 2.0

Bait QC 3 forward primer (10 μM) 2.0

cDNA of RNA baits 2.0

Total 12.25

Table 10 
qPCR cycling conditions

Cycle Step Cycles Temp in °C Time

Initial denaturation 1 95 10 min

Denaturation 40 95 15 s

Annealing/extension 65 1 min
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fragmentation nature and NGS sequencers work best for random 
fragmented DNA (for NGS of Amplicons it is usually necessary to 
spike in at least 15% phiX DNA).

After the random fragmentation, the sequencing libraries are pre-
pared. This consists of adapter ligation and amplification of the 
adapter ligated fragments. The adapters are essential for the 
sequencer chemistry. They usually consist of a sequence that binds 
to its counterpart at the surface of the sequencer slide, followed by 
sequencing primer-binding sites, spacers and molecular barcodes 
for DNA indexing.

Provide 50 μL of gDNA (100 ng-5 μg) and shear with Covaris 
using the settings of Table 11 to achieve a 500 bp fragment peak.

This protocol performs the library prep with the NEBNext 
Multiplex Oligos for Illumina (Dual Index Primers) kit (see 
Note 8).

	 1.	To perform the NEBNext End Prep mix the components of 
Table 12 in a sterile nuclease-free tube.

	 2.	Mix by pipetting followed by a quick spin to collect all liquid 
from the sides of the tube.

	 3.	Place in a thermocycler, with the heated lid on, and run the 
program of Table 13.

3.5  Library 
Preparation

3.5.1  gDNA 
Fragmentation

Fig. 5 Amplification plot of RNA baits. If the synthesis of the RNA baits was successful, CT values should be 
between 10 and 15 cycles. The negative control should not show any signal or if, at >30 cycles
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	 4.	Adaptor ligation starts now—add the components of Table 14 
directly to the End Prep reaction mixture and mix well (if 
DNA input is <100 ng, see Note 9).

	 5.	Mix by pipetting followed by a quick spin to collect all liquid 
from the sides of the tube.

	 6.	Incubate at 20 °C for 15 min in a thermal cycler.
	 7.	Add 3 μL of USER™ Enzyme to the ligation mixture from last 

step. The USER™ Enzyme can be found in the NEBNext 
Multiplex kit.

Table 11 
gDNA fragmentation pipetting scheme

Intensity 5

Duty cycle 5%

Cycles per burst 200

Treatment time (s) 35

Temperature in °C 7

Water level - S2 12

Water level - E210 6

Sample volume in μL 50

E210 - intensifier Yes

Table 12 
End prep pipetting scheme

Component Volume in μL

(green) end prep enzyme mix 3.0

(green) end repair reaction buffer (10×) 6.5

1 μg fragmented DNA (Subheading 3.4.1) 55.5

Total 65.0

Table 13 
End prepare thermocycler program

Step Temp in °C Time in min

1 20 30

2 65 30

3   4 ∞
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	 8.	Mix well and incubate at 37 °C for 15 min.
	 9.	Clean-up of adaptor-ligated DNA starts by vortexing AMPure 

XP Beads to resuspend.
	10.	Add 86.5 μL resuspended AMPure XP Beads to the ligation 

reaction. Mix well by pipetting up and down at least 10 times.
	11.	Incubate for 5 min at room temperature.
	12.	Quickly spin the tube and place it on an appropriate magnetic 

stand to separate beads from the supernatant. After the solu-
tion is clear (about 5 min), carefully remove and discard the 
supernatant. Be careful not to disturb the beads that contain 
DNA targets (Caution: do not discard beads).

	13.	Add 200 μL of 80% freshly prepared ethanol to the tube while 
in the magnetic stand. Incubate at room temperature for 30 s, 
and then carefully remove and discard the supernatant.

	14.	Repeat step 13 once.
	15.	Air dry the beads for 5 min while the tube is on the magnetic 

stand with the lid open (see Note 6).
	16.	Remove the tube/plate from the magnet. Elute the DNA tar-

get from the beads by adding 17 μL of 10 mM Tris-HCl or 
0.1× TE.

	17.	Mix well by pipetting up and down, or on a vortex mixer. 
Incubate for 2 min at room temperature.

	18.	Quickly spin the tube and place it on the magnetic stand.
	19.	After the solution is clear (about 5 min), transfer 15 μL to a 

new PCR tube for amplification.
	20.	Mix the components of Table 15 in sterile strip tubes to start 

PCR Amplification including indexing.
	21.	Run the PCR program described in Table 16.
	22.	Continue with PCR clean-up by vortexing AMPure XP Beads 

to resuspend.
	23.	Add 45  μL of resuspended AMPure XP Beads to the PCR 

reactions (~50 μL). Mix well by pipetting up and down at least 
10 times.

Table 14 
Adaptor ligation pipetting scheme

Component Volume in μL

Blunt/TA ligase master mix 15.0

NEBNext adaptor for Illuminaa 2.5

Ligation enhancer 1.0

Total 83.5

aThe NEBNext adaptor in NEBNext Multiplex Oligos for Illumina (Dual Index Primer)
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	24.	Incubate for 5 min at room temperature.
	25.	Quickly spin the tube and place it on an appropriate magnetic 

stand to separate beads from the supernatant. After the solu-
tion is clear (about 5 min), carefully remove and discard the 
supernatant. Be careful not to disturb the beads that contain 
DNA targets. (Caution: do not discard beads).

	26.	Add 200 μL of 80% ethanol to the PCR plate while in the mag-
netic stand. Incubate at room temperature for 30 s, and then 
carefully remove and discard the supernatant.

	27.	Repeat step 5 once.
	28.	Air dry the beads for 5 min while the PCR plate is on the mag-

netic stand with the lid open (see Note 6).
	29.	Remove the tube/plate from the magnet. Elute DNA target 

from beads into 33 μL 0.1× TE. Mix well by pipetting up and 
down at least 10 times. Quickly spin the tube and incubate at 
room temperature for 2 min.

Table 15 
PCR amplification and indexing pipetting scheme

Component Volume in μL

Adaptor ligated DNA fragments 15.0

NEBNext Q5 hot start HiFi PCR master mix 25.0

One i7 primer per reaction (See Note 10) 5.0

One i5 primer per reaction (See Note 10) 5.0

Total 50.0

Table 16 
Thermocycler program for amplification with indexing

Cycle step Cycles Temp in °C Time

Initial denaturation 1 98 2 min

Denaturation 4–12a 98 10 s

Annealing/extension 65 75 s

Final extension 1 65 5 min

Hold 1 4 ∞

aWe suggest 6 PCR cycles for 1 μg DNA input. Slightly increase cycles if input DNA is below 
50 ng and keep 12 cycles as an upper limit. Further optimization of PCR cycle number may 
be required
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	30.	Place the sample on an appropriate magnetic stand to separate 
beads from the supernatant. After the solution is clear (about 
5  min), carefully transfer 28  μL supernatant to a new PCR 
tube. Libraries can be stored at −20 °C.

	31.	Check the size distribution with an aliquot of the library on a 
D1000 Tape (Agilent Tapestation®). You find an example in 
Fig. 6.

The main idea behind the targeted enrichment is the hybridization 
between the biotinylated RNA and the library produced in 
Subheading 3.5. By capturing the DNA-RNA hybrids it is possible 
to enrich the target of interest. To achieve that, Streptavidin coated 
magnetic beads are added to the hybridization. The Streptavidin 
binds the Biotin of the RNA baits and it is thus possible to immo-
bilize the hybridized DNA by a magnetic separator. Washing steps 
remove the unbound/unspecific DNA fragments. The next step 
performs a degradation of the RNA baits followed by a PCR 
cleanup to catch the afore-bounded DNA fragments. Finally, a 
PCR with a low number of cycles is performed to amplify the cap-
tured DNA.

	 1.	For singleplex hybridization (500 ng of DNA input), dilute 
HLA RNA baits stock solution (100 ng/μL, see Subheading 
3.2, step 8) 1:5 with nuclease-free water.

3.6  Targeted 
Enrichment 
(Bait-Based)

3.6.1  Hybridization  
(See Note 11)

Fig. 6 Example of a ready-to-sequence library. The left graph shows the ladder on the left followed by a lane 
of DNA sequencer library. The right graph shows the electropherogram of lane B1. The peaks at 25 and 
1000 bp are from the upper and lower markers and help to determine the fragment size of the DNA in between. 
The peak at 530 bp that ranges from 250 bp up to 1500 bp represents the ready-to-load library. This is an 
optimal result, as we expect only a minor fraction of overlapping paired end sequences here. A slightly higher 
fraction is 1000 bp and larger, which in some cases allows for phasing across intronic sequences. The majority 
of fragments have the correct size to expect a high amount of paired end sequences that map to adjacent 
sequence parts
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	 2.	For multiplex hybridization:

	 (a)	� 8 samples (62.5 ng of DNA input of each), dilute HLA 
RNA baits stock solution 1:5 with nuclease-free water.

	 (b)	�6 samples (31.25 ng of DNA input of each), dilute HLA 
RNA baits stock solution 1:5 with nuclease-free water.

	 3.	Set up the program of Table 17 on a thermocycler. This pro-
gram will help during the pre-warming of the components and 
eventually perform the 65 °C incubation for hybridization.

	 4.	Prepare the library mix of Table 18 in a nuclease-free tube and 
vortex.

	 5.	Prepare the hybridization mix of Table 19 in a nuclease-free 
tube and vortex.

	 6.	Prepare the capture mix of Table 20 in a nuclease-free tube and 
vortex.

	 7.	Place the library mix in a thermocycler and start the program 
of Subheading 3.5.1 step 3 (Table 17). Once cycle step 2 is 
reached, place the tube with the hybridization mix in the cycler 
to perform pre-warming. When step 3 of the cycler got 
reached, add the capture mix tube to the thermocycler to per-
form pre-warming of this component as well. Cycler step 4 
represents the hybridization. When this step is reached add 
7 μL of the pre-warmed library mix and 13 μL of the pre-
warmed hybridization mix to the pre-warmed capture mix. 
Mix by gentle pipetting.

	 8.	Incubate the hybridization reaction at 65 ° C for 36 h.

The aim of this step is to get rid of non-hybridized DNA and to 
recover the bait-DNA-hybrids bound to the magnetic beats. It 
consists of various washing step and eventually we want to keep the 
beat-bait-DNA complex.

	 1.	Transfer 50 μL of MyOne Streptavidin C1 magnetic beads to a 
new 1.5 mL tube.

3.6.2  Recovery 
of Bait-DNA-Hybrid

Table 17 
Hybridization conditions, thermocycler program

Cycle step Temp in °C Time

Initial denaturation 95 5 min

Pre-warm hybridization mix 65 5 min

Pre-warm capture mix 65 5 min

Hybridization 65 ∞
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	 2.	Pellet beads using a magnetic particle stand and discard the 
supernatant.

	 3.	Add 200 μL Binding Buffer to beads to wash. Vortex the tube 
for 5–10 s, place on magnetic particle stand for 2 min to pellet 
the beads and remove and discard the supernatant.

	 4.	Repeat Subheading 3.6.2, step 3 twice for a total of three 
washes.

	 5.	Resuspend the beads in 200 μL Binding Buffer.
	 6.	Transfer the hybridization solution to the Binding Buffer/

Beads and incubate for 30 min at room temperature on a rota-

Table 20 
Capture mix pipetting scheme

Component Volume in μL

Diluted RNA baits 5

RNAse block 1

Total 6

Table 19 
Hybridization mix pipetting scheme

Component Volume in μL

HYB#1 20

HYB#2 0.8

HYB#3 8

HYB#4 8

Total 36.8

Table 18 
Library mix pipetting scheme

Component Volume in μL

Block#1 2.5

Block#2 2.5

Block#3 0.6

Sequencing library (from 3.4.2.5.9) 3.4

Total 9
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tor. Pellet beads with magnetic particle stand for 2 min and 
remove the supernatant.

	 7.	Add 500 μL Wash Buffer 1 to the beads and briefly vortex to 
resuspend. Incubate for 15 min at room temperature. Pellet 
beads with magnetic particle stand for 2 min and remove the 
supernatant.

	 8.	Add 500 μL 65 °C Wash Buffer 2 to the beads and briefly vor-
tex to mix. Incubate for 10 min at 65  °C. Pellet beads with 
magnetic particle stand for 2 min and remove the supernatant.

	 9.	Repeat step 8 twice for a total of three 65 °C washes. After 
third wash make sure all additional buffer is removed.

In this step, we recover the target DNA from the RNA-DNA-
hybridization. We achieve that by degrading the RNA molecules 
by an alkaline treatment followed by a centrifugation where we 
pellet the magnetic beats. Eventually we keep the supernatant 
which contains the target DNA.

	 1.	Add 50  μL freshly prepared Elution Buffer to beads from 
Subheading 3.6.2.

	 2.	Vortex for 5–10 s to mix.
	 3.	Incubate for 10 min at room temperature.
	 4.	Pellet the beads and transfer the supernatant to a tube contain-

ing 70 μL Neutralization Buffer. Caution: we keep the super-
natant here.

	 1.	Add 120 μL AMPure XP Beads and incubate 5 min at room 
temperature.

	 2.	Incubate for 5 min at room temperature.
	 3.	Quickly spin the tube and place it on an appropriate magnetic 

stand to separate beads from the supernatant. After the solu-
tion is clear (about 5 min), carefully remove and discard the 
supernatant. Be careful not to disturb the beads that contain 
DNA targets (Caution: do not discard beads).

	 4.	Add 200  μL of 80% ethanol while tube is in the magnetic 
stand. Incubate at room temperature for 30 s, and then care-
fully remove and discard the supernatant. Repeat that step one.

	 5.	Dry 5 min at room temperature (see Note 6).
	 6.	Remove the tube from the magnet. Add 30 μL 0.1× TE. Mix 

well by pipetting up and down at least 10 times. Quickly spin 
the tube and incubate at room temperature for 2 min.

	 7.	Place the sample on an appropriate magnetic stand to separate 
beads from the supernatant. After the solution is clear (about 
5 min), carefully transfer 28 μL of the supernatant to a new 
PCR tube.

3.6.3  Elution 
of Target DNA

3.6.4  AMPure XP Bead 
Purification
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This step amplifies the DNA that was captured and cleaned in the 
previous steps. This is necessary to get enough material for the 
sequencing. Keep the number of PCR cycles in this step as low as 
possible to avoid PCR created bias. In this protocol, we run 
14 cycles which should be the upper limit.

	 1.	Prepare PCR Mix as described in Table 21 on ice in a nuclease-
free tube and mix by pipetting.

3.6.5  Amplification 
of Enriched Target

Table 21 
Post capture amplification pipetting scheme

Component Volume in μL

Nuclease-free water 4.5

5× Herculase II buffer 10.0

dNTP mix (25 mM each) 0.5

PCR primers mix (10 mM each) 1.0

Herculase II fusion DNA polymerase 1.0

Captured librarya 28.0

Total 45.0

aIn this step, all DNA library after the purification Subheading 3.6.4 is used. If less 
volume is used in this step, increase the volume of nuclease-free water

Table 22 
Post capture amplification thermocycler program

Cycle Step Cycles Temp in °C Time

Initial denaturation 1 95.0 30 s

Denaturation 14a 95.0 20 s

Annealing 52.4b 30 s

Extension 72.0 c

Extension 1 72.0 5 min

Hold 1   4.0 ∞

aWe run 14 cycles, but reduce the number of cycles if possible (if enough product for 
sequencing is already available earlier). This reduces PCR introduced bias
bThe annealing temperature should be 5 °C below the lowest primer TM. The primer 
sequences have to fit to the sequencing adapters. In this protocol, we refer to the 
NEBnext library prep. The corresponding Amplification primers are TruSeq-dual and 
TruSeq-ind with a minimal TM of 57.4. Set the annealing temperature to 52.4 °C
cExtension time (step 4) will depend on the genomic library average fragment size. Use 
30 s for fragments shorter than 500 bp, 45 s for fragments with size between 500 and 
700 bp and 1 min for fragment sizes ranging from 700 bp to 1 Kb
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	 2.	Place the tubes in a thermocycler and run the program of 
Table 22.

	 3.	Purify the DNA with AMPure XP Beads (perform all steps of 
Subheading 3.6.4).

	 4.	Validate and quantify an aliquot of the enriched library on a 
D1000 Tape (Agilent Tapestation®, see Fig. 6).

Paired end sequencing is the method of choice here. The library 
preparation from Subheading 3.5 generated fragments that can be 
sequenced from both sites. Eventually, the sequencers deliver reads 
from both sites of these fragments. After Subheading 3.6 a ready-
to-sequence library that is enriched for the HLA target is available. 
Sequencing can be performed with any kind of NGS sequencer 
that is able to sequence the library produced in Subheading 3.5. A 
guiding value for the number of expected sequencing reads would 
be around 3 million paired 125 bp reads or longer. One-hundred 
base pair read length should be the lower limit and typical values 
are 2 × 100, 2 × 125, 2 × 150, or 2 × 175 bp.

	 1.	Load the HiSeq2500 with the enriched library (product of 
Subheading 3.6) and perform a paired-end sequencing of 
2*125 bp using HiSeq® SBS Kit v4 (250 cycles).

	 2.	Provide the demultiplexed fastq files from the sequencing run 
for the data analysis in step 3.8.

The HLA calling can be performed by using different software 
tools. Free software packages are available such as OptiType 
(https://github.com/FRED-2/OptiType) [9], xHLA (https://
github.com/humanlongevity/HLA) [10], or our HLAssign soft-
ware (http://www.hlassign.org; tutorial also available under this 
link) [8]. Commercial software solutions are available through the 
companies Omixon https://www.omixon.com) or GenDX 
(http://www.gendx.com/products/ngsengine). All these soft-
ware tools are aligning the paired end sequencing reads to the ref-
erence of known HLA alleles and evaluate the resulting 
alignment.

4  Notes

	 1.	This protocol assumes that scientists generate biotin-labeled 
RNA from a DNA oligo pool. The oligo pool is a collection of 
sequences designed to capture the genomic target of interest. 
This approach allows for bait synthesis for ten-thousands of 
samples. If only interested in minor sample sizes it may be use-
ful to order biotin labeled baits from any providing company. 
This shortens the protocol tremendously and Subheadings 

3.7  NGS Sequencing 
of Enriched Library

3.8  HLA Calling

Targeted HA sequencing
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2.1–2.3 and 3.1–3.3 can be skipped. The required RNA design 
can be downloaded in fasta format from GitHub: https://
github.com/MiWitt/HLAbaits/blob/master/design/
probes_IKMB_custom_v0.1.fasta.

	 2.	Fragmentation and library preparation was established and 
heavily used as described in this protocol. But, recently many 
labs shift to transposase based protocols like the Illumina 
Nextera® Sample Preparation Kit (together with Nextera 
Index Kit) and we also have good experience with this alterna-
tive that reduces costs and working time. We recommend 
replacing Subheading 3.4 using this alternative.

	 3.	This is an optional step and it can be skipped and directly pro-
ceeded to Subheading 3.1.2. However, this step helps to select 
full-length synthetic oligonucleotides and simplifies the later 
frequent re-synthesis of RNA baits by the usage of aliquots 
derived from this step. Additionally, this step can reduce the 
costs of baits per sample if processing a large number of sam-
ples. Caution: This step can reduce the complexity of oligo 
pool by PCR bias.

	 4.	Alternative methods such as ultra-filtration or silica column-
based purification could be used to achieve the same 
outcome.

	 5.	In this step, we additionally performed size selection because 
of constant nonspecific amplification around 500  bp (see 
Fig. 3). However, in case there is no nonspecific amplification, 
perform a standard clean-up as described in methods 
Subheading 3.1.1 (start at 3) or use an alternative clean-up 
method. To validate this, it is necessary to verify the PCR 
product by a Tape Station run before. If there is only a single 
peak at around 190 bp (like Fig. 2 but at 190 bp) and not 
much unspecific product like in Fig. 3, a simple PCR cleanup 
without size selection can be performed.

	 6.	Do not over dry the beads. This may result in lower recovery 
rate. Over drying can be identified by multiple cracks or a sin-
gle huge crack in the beat pellet.

	 7.	In this protocol we recommend a fragment size of around 
500 bp. In the Illumina NGS protocol, this will be referred to 
as insert size, and it is the DNA fragment which will be 
sequenced from both sides during the paired end sequencing. 
For the data analysis, a widespread fragment range is very help-
ful. Short fragments will nicely cover the important exonic 
sequences of the HLA genes and support intra-exon phasing. 
Longer fragments sometimes help to allow phasing between 5′ 
and 3′ parts of exons, if variations are only at these flanks and 
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not in between. In some cases, long fragments even allow for 
trans-exon phasing. On the other hand, the packing rate of 
modern NGS sequencer becomes very dense and an upper 
limit is given for the insert size. As we refer in this protocol to 
the HiSeq2500 using v4 chemistry, the upper limit is between 
800 bp and 1000 bp. But other Sequencer versions can have 
other restrictions, have a look at the specifications and pay 
attention to that restriction.

	 8.	There are alternative kits available for Singleplex and Multiplex 
Oligos. Some require a different PCR enrichment of adaptor 
ligated DNA. With respect to sample size and reagent costs it 
may be a good idea to choose an alternative indexing/adaptor 
ligation. In this protocol, we assume that eventually up to 96 
samples can be pooled in a single sequencer lane. For that case, 
we chose the NEBNext Multiplex Oligos for Illumina (Dual 
Index Primers) kit.

	 9.	If DNA input is <100 ng, dilute the NEBNext Adaptor for 
Illumina (provided at 15 μM) tenfold in 10 mM Tris-HCl or 
10 mM Tris–HCl with 10 mM NaCl to a final concentration of 
1.5 μM, use immediately. We recommend using the highest 
amount of DNA (1  μg fragmented/end-prepped DNA) 
because this reduces the number of PCR cycles in some steps 
of the downstream protocol. And it reduces the number of 
possibly introduced PCR artifacts.

	10.	 i7/i5 primers are provided in the NEBNext Multiplex Oligos 
for Illumina (Dual Index Primers) kit. The combination of 
each i7/i5 primer sequence generates a unique molecular bar-
code that tags a specific sample during the sequencing. So, it is 
mandatory to have a unique i7/i5 primer combination for 
each sample that is pooled together for sequencing and/or tar-
geted enrichment later. 12 i7 and 8 i5 primers allow for pool-
ing up to 96 samples.

	11.	The targeted enrichment can be performed for each sample 
separate, or multiple samples can be pooled and be enriched in 
a single step. The reason is not only to reduce costs, this can 
increase the on-target rate from sequencing as well. The HLA 
target, as designed in Subheading 2.1, is around 220 kb. This 
is rather a small target and the competition between specific 
and unspecific hybridization is very low, as an excess of baits is 
provided. Pooling samples and/or increasing the target/bait 
ratio can increase specificity here. We also tried different salt 
and temperature conditions which had only a minor effect. 
Another approach for better on-target rates could be a second 
round of target capturing.

Targeted HA sequencing
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Chapter 6

High-Throughput Contiguous Full-Length Next-Generation 
Sequencing of HLA Class I and II Genes from 96 Donors 
in a Single MiSeq Run

Philip K. Ehrenberg, Aviva Geretz, and Rasmi Thomas

Abstract

The human leukocyte antigen (HLA) genes regulate and drive the immune system, and are among the 
most polymorphic loci in the human genome. HLA diversity is known to play an important role in trans-
plantation and disease association studies. There are multiple approaches to DNA-based HLA genotyping 
and recent advances in next-generation sequencing (NGS) technologies have facilitated the development 
of whole gene sequencing methods. We describe an accurate, efficient, scalable, and cost-effective approach 
to contiguously amplify and sequence full-length genes of six HLA class I and II loci from 96 individuals 
on a single Illumina MiSeq run.

Key words HLA, HLA genotyping, NGS, Next-generation sequencing, Full-length amplification, 
MIT-NGS, Illumina, MiSeq

1  Introduction

Next-generation sequencing (NGS) approaches for HLA typing 
offer several advantages over conventional Sanger sequence-based 
typing (SBT). Most notably, while SBT HLA typing calls are gen-
erated from sequences of one or two core exons that comprise the 
peptide-binding region (PBR), NGS approaches allow cost-
effective sequencing of the entire HLA gene. Though many poly-
morphisms reside within the PBR sequences of HLA genes, 
excluding potential variation within other exons, as well as introns 
and untranslated regions (UTR), can result in ambiguous calls and 
preclude identification of novel alleles [1]. Variation within these 
regions can also be important for HLA protein structure, splice site 
variation, transcription rate, and mRNA stability [2–4]. NGS HLA 
typing utilizes long-range PCR strategies resulting in high-
resolution unambiguous HLA typing that can facilitate identifica-
tion of novel as well as rare alleles. These benefits of NGS-based 
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HLA typing can be particularly relevant in clinical diagnostics, 
transplantation studies, population genetics, and disease associa-
tions [5–8].

We have previously developed an accurate and cost efficient 
Multi-locus Individual Tagging-Next-Generation Sequencing 
(MIT-NGS) method as a high-throughput multi-locus indexed 
sequencing approach to simultaneously sequence contiguous full-
length HLA genes, from 5′UTR through 3′UTR regions, of four 
HLA loci (A, B, C, DRB1) from 96 individuals in a single MiSeq 
run [9]. The flexibility and versatility of this method has been 
further demonstrated with subsequent additions of DPA1, DPB1, 
DQA1, and DQB1 loci, enabling up to eight-locus sequencing 
runs [1]. Availability of additional indices and higher throughput 
platforms, such as Illumina NextSeq and HiSeq, can accommo-
date additional loci and samples as required using the same 
approach.

This chapter will describe in detail the wet-lab experimental 
design and execution of a six-locus MIT-NGS method for typing 
HLA-A, B, C, DPB1, DQB1, and DRB1 loci from 96 donors in a 
single MiSeq run [1].

2  Materials

All reagents should be of Molecular Biology Grade (MBG). 
Similarly all disposables should be sterile and DNase-/RNase-free. 
The item or vendor that we used is shown in parentheses, but in 
some cases the reagents, kits, and instruments used here may not 
specifically be required to execute this protocol. Total reagent vol-
umes or numbers of specific items required for the whole protocol 
are noted when first applicable.

	 1.	Good quality DNA, typically extracted and purified using stan-
dard column-based procedures (e.g., QIAamp DNA Blood 
Mini kit; Qiagen, Valencia, CA).

	 2.	PCR primer mixes for long-range contiguous full-length 
amplifications of HLA-A, B, C, DPB1, DQB1, and DRB1 loci 
(see Table 1). Standard desalt primer purification is sufficient.

	 3.	Platinum Taq HiFi polymerase kit (ThermoFisher Scientific, 
Waltham, MA).

	 4.	PrimeSTAR GXL polymerase kit (Takara Bio, Japan).
	 5.	dNTP mix (1.25 mM each) (~1 ml).
	 6.	DMSO (~200 μl).
	 7.	Water, MBG.
	 8.	Microcentrifuge tubes, 1.6 ml (~13 total).

2.1  PCR 
Amplification

Philip K. Ehrenberg et al.
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Table 1 
Primers for long-range PCR amplification of six HLA loci

Locus Primer mix Sequence

Volume/
reaction 
(μl)a

Final 
concentration 
(nM) Reference

A A F1 AAC TCA GAG CTA AGG 
AAT GAT GGC AAA T

0.1 100 [10]

A F2 AAC TCA GAG CTA TGG 
AAT GAT GGT AAA T

0.1 100 [10]

A R1 ATA TAA CCA TCA TCG 
TGT CCC AAG GTT C

0.2 200 [10]

B B F1 CCC GGT TGC AAT AGA 
CAG TAA CAA A

0.2 200 [10]

B R1 GGG TCC AAT TTC ACA 
GAC AAA TGT

0.2 200 [10]

C C F1 TGC TTA GAT GTG CAT 
AGT TCA CGA A

0.1 100 [10]

C F2 TGC TTA GAT GTG CAT 
AGT TCC GGA A

0.1 100 [10]

C R1 TGG ACC CAA TTT TAC 
AAA CAA ATA

0.2 200 [10]

DPB1 DPB1 F2 GCC TAG TGA GCA ATG 
ACT CAT A

0.2 200 [5]

DPB1 R1 CCC AGT TTG GAT GGT 
CTC TCA GCT CTT

0.2 200 [11]

DQB1 DQB1 F6 TAT GAC AGC AAT TTT 
CTC TCC CCT G

0.2 200 [5]

DQB1 R TCA TGT GCT TCT CTT 
GAG CAG TCT GA

0.2 200 [11]

DRB1 DRB1 
F1.1

GCA TCC ACA GAA TCA 
CAT TTT CTA GTG TT

0.05 50 [11]

DRB1 
F1.2.1

TCC ACA GAA TCA CAG 
CAT TTT CTA GTG TT

0.05 50 [9]

DRB1 
F1.3

GCA TCC ACA GAA TCA 
CAT TTT CCA GTA TT

0.05 50 [9]

DRB1 
F1.4.1

TCC ACA GAA TCA CAG 
CAT TTT CCA GTA TT

0.05 50 [9]

DRB1 
R2.1

TGA TTG ACT TGC TGG 
CTG GTT TCT CAT C

0.2 200 [11]

aInput of 10 μM primer stocks

HLA Genotyping of Contiguous Full-Length Amplicons by NGS
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	 9.	Matrix tubes, 2D, 0.5  ml (ThermoFisher Scientific) (~100 
total).

	10.	96-Well PCR plates (e.g., Denville, Metuchen, NJ) (17 total).
	11.	Plate sealing film (e.g., 120  μm CyclerSeal film; Axygen, 

Tewksbury, MA) (~55 total).
	12.	Plate sealer tool.
	13.	PCR plate coolers, 96-well.
	14.	Microplate centrifuge.
	15.	Single- and multi-channel manual and electronic pipets.
	16.	Programmable PCR thermal cyclers with heated lids (e.g., 

Veriti 96-well thermal cyclers; ThermoFisher Scientific).

	 1.	Agarose, electrophoresis-grade (e.g., LE agarose; GeneMate).
	 2.	TBE Buffer (10×), to make 1× working stocks (~9.5 L).
	 3.	Nucleic acid stain (e.g., GelRed; Phenix Research, Chandler, 

NC) (~45 μl).
	 4.	DNA ladder (to accommodate 4–20  kb amplicons, e.g., λ/

HindIII/φx174/HaeIII mix) (~48 μl).
	 5.	Gel loading buffer (2×) [e.g., Orange G (Sigma Aldrich, St 

Louis, MO): 0.5% Orange G, 30% glycerol, 0.5X TBE] 
(~1.8 ml).

	 6.	Gel electrophoresis system (e.g., Owl D3-14; ThermoFisher).
	 7.	High-voltage power supply.
	 8.	UV gel documentation imager.

	 1.	Agencourt AMPure XP beads (Beckman Coulter, Irving, TX) 
(~9.5 ml).

	 2.	Ethanol, anhydrous (200 proof), to make 70% working stocks 
(~300 ml). Make fresh and use within 8 h.

	 3.	Liquid handling system (e.g., NXp instrument; Beckman 
Coulter).

	 1.	DNA quantification system, fluorescence-based (e.g., Quant-iT 
dsDNA High Sensitivity Assay kit; Life Technologies, Carlsbad, 
CA).

	 2.	Plate reader (e.g., FilterMax F3; Molecular Devices, Sunnyvale, 
CA).

	 3.	Plate reader appropriate 96-well plates (e.g., OptiPlate-96F, 
black; Denville) (6 total).

	 1.	Nextera XT DNA Sample Preparation Kit (Illumina, San 
Diego, CA).

	 2.	Nextera XT Index Kit, 96 indices (Illumina).

2.2  Agarose Gel 
Electrophoresis

2.3  PCR Product 
Purification

2.4  Amplicon 
Quantitation

2.5  Multiplex Library 
Preparation and MiSeq 
Run
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	 3.	PhiX Library (10  nM) (Illumina): to make 10  pM working 
stocks, add 2 μl of the PhiX library to 3 μl 10 mM Tris–HCl, 
pH 8.5/0.1% Tween 20, vortex, and spin briefly. Add 5 μl of 
0.2  N NaOH, vortex, spin  briefly, and incubate for 5  m at 
room temperature (RT). Immediately add 990 μl of pre-chilled 
HT-1 (Illumina) for 20 pM, vortex, and spin briefly. Finally 
dilute this 1:1 with pre-chilled HT-1. Store both concentra-
tions at −20 °C for up to 3 weeks.

	 4.	Ethanol, anhydrous (200 proof), to make 80% working stocks 
(~50 ml).

	 5.	Tris–HCl, pH 7.5 (1 M) (~5 μl).
	 6.	Tris–HCl, pH 8.5 (1 M), to make 10 mM solutions (~10 ml).
	 7.	Tween 20, to make 0.1% solutions (~10 ml).
	 8.	NaOH (10 N), to make both 0.2 N (~20 μl) and 0.1 N (~4 ml) 

stocks. Make fresh and use within 8 h.
	 9.	Magnetic stand, for 96-well plates (e.g., 96S Super Magnet; 

Alpaqua, Beverly, MA).
	10.	Plate shaker, high speed (e.g., DMS-2500; VWR, Bridgeport, 

NJ).
	11.	Heat block.
	12.	MiSeq Reagent Kit v2 (500 cycles) (Illumina) (see Note 1).
	13.	MiSeq instrument (Illumina) (see Note 2).

	 1.	Omixon Target v1.9.3, or similar versions  including HLA 
Explore (Omixon Biocomputing Kft, Budapest, HU).

	 2.	NGSengine v2.4.0 (GenDX, Utrecht, The Netherlands).
	 3.	Integrative Genomics Viewer (IGV) [12].

3  Methods

This setup is based on 96 samples arranged in corresponding wells 
of six different HLA locus-specific 96-well PCR plates. Prepare all 
reagents and samples, and store all plates and tubes, on ice or in 
plate coolers unless otherwise noted. Prior to all plate vortex and 
centrifugation steps, which can be carried out at RT, be sure to seal 
plates with sealing film.

	 1.	Dilute DNA samples to 50 ng/μl working stock concentra-
tions (see Note 3).

	 2.	Arrange and record the 96 sample layout (see Note 4).
	 3.	Label six 96-well PCR plates as "A", "B", "C", "DPB1", 

"DQB1", and "DRB1".
	 4.	Label six 1.6 ml microcentrifuge tubes as above.

2.6  Software 
for Analyses

3.1  PCR Preparation

HLA Genotyping of Contiguous Full-Length Amplicons by NGS
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	 1.	In four separate 1.6 ml microcentrifuge tubes prepare Platinum 
Taq HiFi PCR master mixes for each of these loci based on 
reagent volume inputs for one sample (10 μl total volume) as 
follows: 5.5 μl water, 1 μl 10× Platinum Taq HiFi Buffer (final 
PCR concentration, 1×), 0.4 μl 50  mM MgSO4 (final PCR 
concentration, 2  mM), 1.6  μl 1.25  mM dNTPs (final PCR 
concentration, 200 μM), 0.5 μl DMSO (final PCR concentra-
tion, 5%), 0.4 μl appropriate primer mix (final PCR concentra-
tion of the forward and reverse primer components, 200 nM 
each) (see Table 1), 0.1 μl Platinum Taq HiFi polymerase (final 
PCR input, 0.5 U). Master mixes for each locus should include 
additional volumes to account for pipetting errors. Vortex to 
mix, and spin briefly to pool contents.

	 2.	Using an electronic pipet dispense 9.5 μl of each master mix to 
the wells of its corresponding plate.

	 3.	Using a multi-channel pipet dispense 0.5  μl (25  ng) of the 
DNA sample working stocks into the corresponding wells of 
each plate (see Note 5). Pipet up and down to rinse residual 
template from the tips.

	 4.	Seal the four plates with sealing film (see Note 6), gently vor-
tex, and centrifuge 325 × g, 30 s.

	 5.	Perform the amplifications in programmable thermal cyclers 
with heated lids per Table 2. The amplified product plates can 
be used immediately, or stored at −20 °C until ready for the 
next step.

	 1.	In separate tubes prepare PrimeSTAR GXL PCR master mixes 
for these loci based on reagent volume inputs for one sample 
(10 μl total volume) as follows: 4.8 μl water for DQB1 (or 
5.3 μl water for DRB1), 2 μl of 5× GXL Buffer (final PCR 
concentration, 1×), 1.6 μl 1.25 mM dNTPs (final PCR con-
centration, 200 μM) (see Note 7), 0.4 μl appropriate primer 
mix (final PCR concentration of the forward and reverse 
primer components, 200  nM each) (see Table  1), 0.2  μl 
PrimeSTAR GXL polymerase (final PCR concentration, 
0.25 U). Master mixes for each locus should include additional 
volumes to account for pipetting errors. Vortex to mix, and 
spin briefly to pool contents.

	 2.	Using an electronic pipet dispense 9 μl of the DQB1 (or 9.5 μl of 
the DRB1) master mix into the wells of the corresponding plate.

	 3.	Using a multi-channel pipet dispense 1 μl (50 ng) of the DNA 
sample working stocks into the corresponding wells of the 
DQB1 plate [or 0.5 μl (25 ng) to the DRB1 plate] (see Note 
5). Pipet up and down to rinse residual template from the tips.

	 4.	Seal the two plates with sealing film, gently vortex, and centri-
fuge 325 × g, 30 s.

3.2  Long-Range PCR 
of HLA-A, B, C 
and DPB1

3.3   Long-Range 
PCR of HLA-DQB1 
and DRB1
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	 5.	Perform the amplifications in programmable thermal cyclers with 
heated lids per Table 2. The amplified product plates can be used 
immediately, or stored at −20 °C until ready for the next step.

	 1.	Prepare six 1× TBE 150 ml 1% agarose gels, each with two 
rows of 50 wells: in a microwave oven melt 9 g of agarose in 
900 ml of 1× TBE buffer, swirl flask to cool slightly for ~3 min, 
add 45 μl GelRed, swirl to mix well, pour ~150 ml into each of 
six gel casts, place combs, and allow to set (~1 h).

	 2.	Transfer the gels to RT 1× TBE buffer in up to six gel tanks (see 
Note 8).

	 3.	Add 2 μl of a λ/HindIII/φx174/HaeIII DNA ladder mix to 
the first and last wells of each of the two rows of each gel.

	 4.	Into 96-well plates (see Note 9) prepare sample mixes from the 
amplified products in 5 μl total volumes at RT as follows: 1.5 μl 
water, 1 μl amplified product, and 2.5 μl 2× Orange G loading 
buffer. Pipet up and down to mix.

	 5.	Load the 5 μl sample mixes into the 48 available wells from 
each of the two rows (see Note 10).

	 6.	Electrophorese gels at RT at ~100 V for ~1 h, depending upon 
the desired separation.

	 7.	Place gels over a UV light, photograph, and confirm the pres-
ence of the appropriate amplicon sizes (Fig. 1 and Table 2).

3.4  Agarose Gel 
Confirmation

Table 2 
Long-range PCR cycling parameters for six HLA loci

Locus
Amplicon length 
(kb) PCR cycling parametersa

Cycle 
number

A 5.4–5.5 94 °C, 30 s; 55 °C, 45 s; 
68 °C, 5.5 m

35

B 4.6 94 °C, 30 s; 60 °C, 45 s; 
68 °C, 5.5 m

35

C 4.8 94 °C, 30 s; 55 °C, 45 s; 
68 °C, 5.5 m

35

DPB1 12.7–12.8 94 °C, 30 s; 58 °C, 45 s; 
68 °C, 10 m

35

DQB1 7.1–7.5 98 °C, 10 s; 52 °C, 15 s; 
68 °C, 10 m

30

DRB1 11–16.5 98 °C, 10 s; 58 °C, 15 s; 
68 °C, 10 m

30

aAll parameters are preceded by a 94 °C, 2 m denaturation step, and for HLA loci A, B, 
C, and DPB1 followed by a 68 °C, 10 m final extension step
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	 1.	Bring Agencourt AMPure XP beads to RT (~30 m), and cen-
trifuge the six amplification plates at 325 × g, 30 s.

	 2.	Place  these amplification plates on the Biomek NXp instru-
ment at RT, and set up per manufacturer’s suggestions. Briefly, 
16.2 μl of well-mixed AMPure XP beads are added to each 
well, followed by multiple washes with 70% ethanol. Purified 
product is eluted from the beads in 40 μl of MBG water.

	 3.	Gently vortex the plates, centrifuge at 325 × g, 30 s, and imme-
diately continue with the procedure or store at −20  °C 
indefinitely.

	 1.	Label six plate reader appropriate locus-specific 96-well plates.
	 2.	Prepare ~130 ml of Working Solution diluent at RT using the 

Quant-iT dsDNA High Sensitivity Assay Kit, and transfer 
199 μl to each well of these plates using a multi-channel elec-
tronic pipet.

	 3.	Transfer 1 μl of each sample from the AMPure-purified sample 
plates into the Working Solutions of the corresponding wells at 
RT using a multi-channel pipet, and pipet up and down to 
rinse the tips.

	 4.	Gently vortex the plates, incubate at RT for 2 m, centrifuge at 
325 × g, 30 s, remove plate seals, and determine sample stock 
concentrations at RT using the plate reader per manufacturer’s 
suggestions.

	 5.	Label a single new 96-well PCR plate for pooling into each 
well the six corresponding donor-specific purified full-length 
contiguous locus amplicons. Based on the concentrations of 

3.5  PCR Product 
Purification

3.6   Amplicon 
Pooling

Fig. 1 Contiguous full-length amplification products from the six HLA loci. Sample mixes containing 1 μl of the 
long-range PCR products from HLA-A (5.4–5.5 kb), B (4.6 kb), C (4.8 kb), DPB1 (12.7–12.8 kb), DQB1 (7.1–
7.5 kb), and DRB1 (11–16.5 kb) loci from two representative donor samples were loaded into wells of 1% 
agarose gels and electrophoresed at ~100 V, for ~1 h. Arrows indicate selected band sizes within the λ/HindIII/
φx174/HaeIII DNA ladder
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the amplicons, transfer sufficient volumes of each to give equi-
molar donor-specific pools [4.8 ng of each HLA class I locus, 
14.4 ng of DRB1, 12.2 ng of DPB1, and 7 ng of DQB1]. 
Adjust the final volumes to 30 μl with MBG water.

	 6.	Gently vortex and centrifuge at 325 × g, 30 s.

	 1.	Label a single new 96-well PCR plate to be used in conjunc-
tion with the Nextera XT DNA Sample Preparation Kit 
(Illumina) executed per manufacturer’s protocol, with the fol-
lowing adjustments:

	 (a)	� Tagmentation step: the plates used throughout this proto-
col are all 96-well PCR plates (see Note 11).

	 (b)	�Tagmentation step: input 5 μl (comprising 8 ng of total 
amplified product) from the above six-locus donor pool 
dilution plate.

	 (c)	� PCR Clean-up step: prior to, and after, each plate shaker 
step throughout the protocol centrifuge the plate at 
325 × g for 8 s (see Note 12).

	 (d)	�Library Pooling step: the Diluted Amplicon Library (DAL) 
diluent is an HT1 buffer/5 mM Tris, pH 7.5 mix [13].

	 (e)	� Library Pooling step: add 30 μl of the Pooled Amplicon 
Library (PAL) to 570 μl of the new DAL diluent (HT1 
buffer/5 mM Tris, pH 7.5 mix) (see Note 13).

	 (f)	� Library Pooling step: exchange 30 μl of the DAL mix with 
30 μl of the 10 pM PhiX library for a final concentration of 
5% PhiX.

	 1.	To the “Load Samples” reservoir of the thawed MiSeq Reagent 
kit (500 cycles) (see Note 2), add the 600 μl total volume of 
the DAL, and sequence using the MiSeq Instrument (Illumina) 
per manufacturer’s suggestions.

Numerous approaches from commercial to custom in-house pro-
grams can be employed to align reads and generate HLA allele calls 
from the MiSeq Reporter software-generated FASTQ files (see 
Note 14). We separately analyze these files with two different 
commercially available HLA genotyping software: Omixon Target 
and NGSengine. Additionally, we use the Integrative Genomics 
Viewer (IGV) browser [12] to visualize individual donor HLA 
locus alignments generated by MiSeq Reporter. This redundant 
overlapping software approach can enhance the HLA allele typing 
accuracy as any call differences are flagged for in-depth follow-up 
evaluations (see Notes 15 and 16).

3.7   Library 
Preparation

3.8  MiSeq 
Instrument Setup 
and Run

3.9  Sequence 
Analyses
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4  Notes

	 1.	  The MiSeq reagent kit is now available as a 600 cycle option.
	 2.	The output capacity of the MiSeq is sufficient for six-locus 

HLA pools; however, increased sample multiplexing and/or 
depth of coverage may be accommodated with higher output 
instruments, including the NextSeq.

	 3.	To facilitate downstream high-throughput pipetting steps 
these DNA stocks can be diluted and stored in rubber-capped 
Matrix tubes. Unlike most other tubes (i.e., microcentri-
fuge tubes), these are stored in racks having the same dimen-
sions  as the wells of a PCR plate, allowing direct template 
transfer using standard 8- or 12-channel pipets.

	 4.	  It is recommended that each PCR amplification plate include at 
least one positive control and one non-template control (MBG 
water).

	 5.	Ensure that the sample template positioning is the same for all 
six HLA locus-specific plates. This will facilitate the pooling of 
the six HLA locus amplicons into corresponding sample-
specific wells.

	 6.	With the plate sealer tool ensure the sealing film tightly adheres 
to each raised well of the plate, and that the four edges of the 
film are tightly sealed to the top of the plate.

	 7.	For consistency across the Platinum Taq and PrimeStar PCR 
master mix setups, we use a common 1.25 mM stock dNTP 
mix. 

	 8.	Fully polymerized gels can be moistened with 1× TBE buffer, 
wrapped well in plastic wrap, and stored overnight at 4 °C.

	 9.	We use white round-bottom polystyrene plates to prepare the 
sample mixes. These offer easy visibility and can be  rinsed, 
dried, and re-used.

	10.	Multi-channel pipets with adjustable spacing facilitate transfer 
of sample mixes from the plates to the closer-positioned wells 
in the gels.

	11.	The Nextera XT protocol employs both 96-well PCR plates 
and, for bead wash and normalization steps, 96-well (round 
well) 0.8 ml plates. We find that 96-well PCR plates work well 
for these bead steps in the context of the plate magnet, and for 
protocol consistency use them exclusively.

	12.	This centrifuge force/time combination is sufficient to bring 
residual liquid to the well bottoms, but will not pellet the 
beads.
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	13.	This ratio of PAL and diluent can be adjusted, so that cluster 
densities are within the most efficient range of 850–1000/
mm2.

	14.	The current paucity of IMGT/HLA reference alleles with 
complete genomic sequences constrained our HLA typing 
calls to the exonic sequences. However, the contiguous full-
length HLA alleles generated and processed through the MIT-
NGS method can facilitate intronic SNP and indel studies in 
the context of specific alleles. Moreover, the MIT-NGS 
approach is well positioned to contribute to the expansion of 
complete HLA allele sequences.

	15.	The DRB1 primer mix weakly co-amplifies DRB4 and 5. This 
does not seem to interfere with DRB1 calls. There are various 
bioinformatics approaches to remove these contaminating 
sequences if desired [1].

	16.	Flag homozygous calls especially within the DRB1 and DQB1 
loci, as these may signal allele dropout caused by allelic 
imbalance.
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Chapter 7

Application of High-Throughput Next-Generation 
Sequencing for HLA Typing on Buccal Extracted DNA

Yuxin Yin, James Lan, and Qiuheng Zhang

Abstract

Next-generation sequencing (NGS) is increasingly recognized for its ability to deliver high-resolution and 
high-throughput HLA genotyping. As a result, there is active interest in applying NGS technologies to 
perform high volume bone marrow donor recruitment typing. Currently, buccal-based DNA specimens 
are considered a noninvasive and cost-effective method for registry typing. Here, we describe the feasibility 
of using long-range PCR and clonal sequencing by Illumina MiSeq to deliver unambiguous HLA typing 
on buccal-based donor recruitment samples.

Key words Human leukocyte antigen, Next-generation sequencing, Illumina MiSeq, Donor recruit-
ment samples, Buccal extracted DNA

1  Introduction

The HLA region contains the most highly polymorphic genes in 
the human genome. HLA genotyping is important in a number of 
clinical applications, including donor-recipient matching in hema-
topoietic stem cell transplantation (HSCT) [1, 2], and solid organ 
transplantation between unrelated individuals [3]. In addition, 
specific HLA alleles are associated with autoimmune diseases and 
drug hypersensitivity [4]. Over the years, conventional molecular 
HLA typing methods include sequence-specific oligonucleotide 
probes (SSOP), sequence-specific primers (SSP), and sequencing-
based typing (SBT). Due to practical limitations of throughput 
and cost, these methods only focus on the antigen recognition site 
(ARS) of HLA genes and therefore cannot provide complete phas-
ing of HLA genotypes. The lack of phasing results in cis (same 
chromosome) and trans (different chromosomes) ambiguities that 
are difficult, time-consuming, and expensive to resolve [5]. 
Recently, a number of groups have demonstrated the feasibility of 
HLA full gene sequencing using next-generation sequencing 
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(NGS) to deliver unambiguous high-resolution typing at high 
throughput with relatively lower cost [6–9].

Illumina sequencing was introduced in 2006 and has become 
widely adopted due to its high accuracy and low cost. Similar to 
Sanger sequencing, this NGS method is built on the principle of 
sequencing-by-synthesis. A typical sequencing cycle begins with 
the passage of four reversible fluorescent-labeled terminator nucle-
otides on the flow cell. As one of the nucleotides becomes incorpo-
rated during polymerization, the sequencing reaction is briefly 
terminated to allow base identification through imaging. The 
fluorescent-labeled nucleotide is then cleaved and the next cycle 
starts again with the addition of another labeled terminator nucle-
otide [10]. The Illumina MiSeq platform is capable of producing 
150–300  bp paired-end reads with a sequencing capacity of 
300 Mb–15 Gb (Table 1). Due to its superior read length and high 
efficiency, Illumina MiSeq has become a popular choice for HLA 
genotyping in clinical laboratories.

Buccal swab samples are routinely collected for high volume 
registry typing. Despite its low cost and convenience, the buccal 
swab sample has many limitations. First, buccal-derived DNA yield 
is much lower than that obtained from peripheral blood. It has been 
reported that epithelial cells recovered from the mouth are usually 
superficial and about 25% of these cells are in the process of apop-
tosis [11]. Second, DNA isolated from cheek cells may contain 
exogenous bacterial DNA that interferes with the downstream PCR 
efficiency and data analysis [11]. Finally, buccal DNA is prone to 
nucleic acid degradation, which may limit the success of long-range 

Table 1 
MiSeq system performance parameters for HLA sequencing

Reagent kit
No. of 
Readsa

Output 
(max.)

2 × 150 bp
Output/total 
timeb

2 × 250 bp
Output/total 
timeb

2 × 300 bp
Output/total 
timeb

MiSeq Reagent Kit 
v2

30 M 7.5 Gb 4.5 Gb/~24 h 7.5 Gb/~39 h N/A

MiSeq Reagent 
Micro Kit v2

8 M 1.2 Gb 1.2 Gb/~19 h N/A N/A

MiSeq Reagent Nano 
Kit v2

2 M 500 Mb 300 Mb/~17 h 500 Mb/~28 h N/A

MiSeq Reagent Kit 
v3

50 M 15 Gb N/A N/A 15 Gb/~56 h

bp base pairs, Mb megabases, Gb gigabases, M million
aPaired-end reads passing filter
bTotal times include cluster generation, sequencing, and base calling on a MiSeq system enabled with dual surface 
scanning
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PCR. Here, we describe the development and validation of long-
range HLA typing methods using MiSeq on HLA-A, -B, -C, 
-DRB1, -DQB1, and -DPB1 on buccal specimens for NMDP reg-
istry donors. Our primers amplify 5′ UTR to 3′ UTR of class I 
genes (HLA-A, -B, -C) and exon 2 through part of exon 4 for Class 
II (HLA-DRB1, -DQB1, -DPB1). Products generated using these 
primers are able to resolve all third field ambiguities for HLA class 
I and the majority of second field ambiguities for class II. Despite 
the challenges associated with buccal samples, robust amplification 
was achieved using the long-range PCR approach. By analyzing 
polymorphisms in the entire region of HLA genes, the importance 
of polymorphisms outside ARS, as well as introns, promoters, 
enhancers, and UTRs can be further revealed in transplantation, 
autoimmunity, diseases association, and pharmacogenomics.

2  Automation Equipments and Materials

Prepare all solution using Molecular Biology Grade (MBG) water, 
or Clinical Lab Reagent (CLR) water obtained from Millipore sys-
tem (to attain a sensitivity of 18 MΩ-cm at 25 °C), and analytical 
grade reagents. Prepare and store all reagents at room temperature 
(unless indicated otherwise). Diligently follow all waste disposal 
regulations when disposing waste materials.

	 1.	BioRobot Universal System (see Note 1). Qiagen, Cat. 
#9001094.

	 2.	Apricot Pipette i-Pipette Pro Series Personal Pipettor™. 
Apricot Designs, Cat. #i-PP96-125.

	 3.	Biomek NX Multichannel liquid handler. Beckman Coulter, 
Cat. #A31841.

	 4.	Biomek FX laboratory automation workstation. Beckman 
Coulter, Cat. #A31844.

	 1.	The Buccal swab DNA is suspended using 150 μL elution buf-
fer (see Note 1).

	 2.	High Fidelity Polymerase, PrimeSTAR GXL DNA Polymerase. 
Takara Clonetech. Store at −15 to −25 °C.

	 3.	Multiplex primer sets for Class I (HLA-A, -B, -C) and Class II 
(HLA-DRB1, -DQB1, -DPB1). Store at −15 to −25 °C.

	 4.	1× Working TBE Buffer. Dilute 10× stock 1:10 with CLR 
Water. Store at room temperature.

	 5.	0.8% agarose gel (see Note 2).
	 6.	Gel Loading Buffer: 0.05% bromophenol blue, 40% sucrose, 

0.1 M EDTA (pH 8.0) and SDS. Sigma-Aldrich. Store at room 
temperature.

2.1  Automation 
Equipments

2.2  Reagents 
for Long-Range PCR

HLA Typing by MiSeq on Buccal Swab DNA
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	 7.	Quick-Load® 1 kb DNA Ladder. New England Biolabs. Store 
at 2–8 °C.

	 1.	80% Ethanol: Make fresh (see Note 3). Store at room tempera-
ture up to 24 h from preparation.

	 2.	Agencourt AMPure® XP.  Beckman Coulter Store at 
2–8 °C. Vortex the sample purification beads for at least 1 min 
or until they are well dispersed.

	 3.	Qubit® dsDNA BR Assay Kit. Life Technologies (Thermo-
Fisher). The range for this broad range kit is 2–1000 ng/μL 
(see Note 4).

	 4.	TruSeq Nano DNA HT Library Prep Kit 96 samples. Illumina. 
Store contents as noted below up to the manufacturer’s expira-
tion date. Kit includes three boxes:

	 (a)	� Core Reagent Box: RSB—Resuspension Buffer, ERP2—
End Repair Mix, ATL—A-Tailing Mix, LIG2—Ligation 
Mix 2, STL—Stop Ligation Buffer, PPC—PCR Primer 
Cocktail. Store at −15 to −25 °C.

	 (b)	�SP Beads Box: Sample Purification Beads. Store at 2–8 °C.
	 (c)	� Adapter Plate Box (see Note 5): DNA Adapter Plate, 

96plex. Store at −15 to −25 °C.
	 5.	Diluted Bead Mixture for 550 bp insert size: Add 92 μL sam-

ple purification beads to 92 μL MBG water (Formula for one 
sample) (see Note 6).

	 1.	0.2 N Sodium Hydroxide (NaOH): Make fresh (see Note 7). 
Store at room temperature.

	 2.	MiSeq v2 reagent kit (500 cycles):

	 (a)	 Box 1 of 2 (store at −15° to −25 °C):

●● Reagent cartridge.
●● Hybridization Buffer (HT1).

	 (b)	Box 2 of 2 (store at 2–8 °C):
●● Flow cell.
●● Incorporation Buffer (PR2).

	 3.	12.5 pM Phix Control (see Note 8). Store at −15 to −25 °C.
	 4.	0.5% Tween 20: Add 50 mL Tween 20 to 10 L CLR water. 

Invert several times to mix. Store at room temperature.
	 5.	10 mM Tris–HCl with 0.1% Tween 20, pH 8.5. Store at room 

temperature.
	 6.	Absolute ethanol (100%). Store at room temperature.

2.3  Reagents 
for Library 
Construction

2.4  Reagents 
for MiSeq Sequencing 
Setup and Post Wash
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3  Methods

There are multiple NGS platforms (Roche 454 [12], Ion Torrent 
[13], Illumina [9, 14], and Pacific Biosciences [15]) available on 
the market. However, regardless of the methodology, NGS HLA 
typing processes can be broken down into four major steps: (1) 
sample preparation; (2) library construction. This step begins with 
target DNA fragmentation (sonication, nebulization, or enzymatic 
shearing to fragment DNA into ~600–1000  bp fragments) fol-
lowed by adaptor ligation and barcoding for multiplexing testing; 
(3) sequencing; and (4) data analysis [16]. Library construction is 
labor intensive, time-consuming, and prone to human errors. 
Therefore, we describe an automated NGS library construction 
platform to streamline the workflow, increase throughput, and 
reduce errors. HLA is highly polymorphic, therefore library con-
struction is sensitive to very small amounts of DNA contamina-
tion. Thus, exercise extreme care to avoid cross-contamination 
when handling primers, assembling amplification reactions, during 
purifications and library construction. Maintain pre- and post-
amplification reagents, supplies, and equipment separately. Each 
plate includes one positive control and one negative control. Carry 
out automation procedures for library construction (see Note 9) at 
room temperature unless otherwise specified.

	 1.	Label two skirted PCR plates for a full typing: Class I and Class 
II.

	 2.	Prepare reagent mix for Class I and Class II separately for pre-
PCR primers. In brief, each PCR reaction consisted of: 5 μL of 
buccal swab gDNA (use the Apricot pipette to transfer 5 μL 
DNA to the designated well of the labeled plates), 4 μL poly-
merase buffer, 1.6 μL dNTP mixture, 5 μL primer mix, 0.8 μL 
PrimeSTAR GXL DNA polymerase (TaKaRa Bio Inc., Japan), 
and add MBG water to make a final volume of 20 μL.

	 3.	Seal with adhesive plate seals.
	 4.	GeneAmp PCR system 9700 (Life Technologies, Carlsbad, 

CA) thermal cycler conditions for class I genes: 94  °C for 
2 min, followed by 35  cycles of (98  °C for 10  s, 70  °C for 
3 min). For class II: 94 °C for 2 min, followed by 35 cycles of 
(98 °C for 10 s, 69 °C for 3 min).

	 5.	Confirm PCR products on 0.8% agarose gel (Sigma–Aldrich, 
St. Louis, MO). Mix 3 μL of sample with 5 μL loading dye 
prior to loading samples onto the 0.8% gel.

	 6.	Cover electrophoresis tank and electrophorese for at least 
10–12 min at approximately 150 V.

3.1  Sample 
Preparation (Long-
Range PCR and Gel 
Check)
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	 7.	Turn off the power and take a digital image of the gel with the 
Alphalmager HP system (ProteinSimple, San Jose, CA).

	 8.	Mix Agencourt AMPure XP beads (Beckman Coulter, Brea, 
CA) in 0.6× PCR reaction volume to undergo purification 
using Biomek NX (Beckman coulter, Brea, CA).

	 9.	Qubit fluorometer 2.0 (Life Technologies, Grand Island, NY) 
is used to quantitate amplicon concentrations. This is a safe 
stopping point. If stopping, seal the plate and store at −15 to 
−25 °C for up to 7 days.

	 1.	Equimolar pooling of class I and class II PCR products on 
Biomek FX (Beckman coulter, Brea, CA).

	 2.	Amplicons of HLA class I and class II genes are sheared using 
Covaris M220 (Covaris, Woburn, MA) (see Note 10). Aim for 
an insert size of 500–600 bp to maximize the phasing of linked 
polymorphisms.

	 3.	Amplicon fragments undergo further purification on Biomek 
FX (Beckman coulter, Brea, CA) with Agencourt AMPure XP 
beads in 1.6× reaction volume. Transfer 60 μL of clear super-
natant from each well to a new plate.

	 4.	Thaw End Repair Mix 2 (ERP2), and add 40 μL of ERP2 to 
each well. Mix up and down ten times.

	 5.	Seal the plate with an adhesive seal.
	 6.	Place sealed plate on pre-programmed thermocycler (30 °C for 

30 min).
	 7.	Dilute sample purification beads in a 15  mL conical tube 

according to the formula in Note 6.
	 8.	Add 160 μL diluted bead mixture to each well of the plate 

containing 100 μL of end repaired sample. Mix up and down 
ten times (see Note 11).

	 9.	Incubate at room temperature for 5 min, and then place the 
plate on the magnet plate at room temperature for 5 min or 
until the supernatant is clear.

	10.	Transfer the supernatant to a new plate which contains 30 μL 
undiluted sample purification beads to each well for removing 
of small fragment (see Note 12).

	11.	When done, transfer 17.5 μL of clear supernatant from each 
well to a new plate. This is a safe stopping point. If stopping, seal 
the plate and store at −15 to −25 °C for up to 7 days.

	12.	Add 12.5 μL thawed A-Tailing Mix to size selected sample. 
Mix up and down ten times.

	13.	Seal the plate with an adhesive seal.

3.2  Automated High 
Throughput Library 
Preparation
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	14.	Place sealed plate (containing 30 μL of each sample) on pre-
programmed thermocycler. Close the lid and select the 
A-tailing program (37 ° C for 30 min).

	15.	When done, proceed immediately to ligating adapters (see 
Note 13).

	16.	Thaw the DNA Adapter Plate (DAP) for 10 min at room tem-
perature (see Note 14).

	17.	Briefly centrifuge the DAP plate for 10 s to collect the adapter 
to the bottom of the well. Remove the plastic cover.

	18.	Immediately before use, thaw the Ligation Mix 2 tube.
	19.	Add 2.5 μL Resuspension Buffer, 2.5 μL Ligation Mix 2 to 

each well of the plate.
	20.	Transfer 2.5 μL DNA Adapter from the DAP well to the A-Tail 

plate. Mix up and down ten times.
	21.	Seal the plate and centrifuge briefly. Followed by incubation 

on 30 °C for 10 min.
	22.	When done, add 5 μL Stop Ligation Buffer to each well to 

inactivate the ligation.
Followed by ligation cleanup (see Note 15). Then, transfer 25 μL 

of clear supernatant to a new plate. This is a safe stopping point. 
If stopping, seal the plate and store at −15 to −25 °C for up to 
7 days.

	23.	Add 5 μL PCR Primer Cocktail and 20 μL Enhanced PCR Mix 
to each well. Mix up and down ten times.

	24.	Seal the plate, and place the sealed plate (containing 50 μL of 
each sample) on a pre-programmed thermocycler to carry out 
target library enrichment with a limited-cycle PCR: 95 °C for 
3 min, followed by 8 cycles of (98 °C for 20 s, 60 °C for 15 s, 
72 °C for 30 s), and 72 °C for 5 min.

	25.	When done, enriched libraries are purified with sample purifi-
cation beads in a 1:1 ratio. Transfer 30 μL of clear supernatant 
from each well to the corresponding well of a new PCR plate. 
This is a safe stopping point. If stopping, seal the plate and store 
at −15 to −25 °C for up to 7 days.

	 1.	Prepare sufficient Qubit working solution for a number of 
samples to be run (see Note 4). Quantify all the libraries.

	 2.	Equimolar pooling of all samples on the Biomek FX (Beckman 
Coulter, Brea, CA) (see Note 16).

	 3.	Thaw a tube of HT1 (Hybridization Buffer) at room tempera-
ture and then store at 2–8 °C until ready to use.

	 4.	Prepare a fresh dilution of 0.2 N NaOH and use within 12 h 
(see Note 7).

3.3  Loading 
for MiSeq Sequencing
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	 5.	Add 5  μL sample from pooled libraries to 5  μL 0.2  N 
NaOH. Vortex briefly and then quick spin. Incubate the tube 
for 5 min at room temperature to denature the DNA into sin-
gle strands.

	 6.	Add 750 μL cold HT1 into the tube. This step prepares 20 pM 
denatured library.

	 7.	Add 360 μL from denatured libraries to 240 μL chilled HT1. 
Mix by pipetting up and down. Place on ice or at 2–8 °C until 
needed.

	 8.	Add 5% Phix Control (see Note 8) to the denatured libraries.
	 9.	Remove reagent cartridge and immerse in a room temperature 

water bath for approximately 1 h (see Note 17).
	10.	Load the denatured libraries into the sample well of the reagent 

cartridge.
	11.	Click Sequence on the main screen of the MiSeq software.
	12.	The BaseSpace (see Note 18) Options Screen opens to enable 

storage and analysis. Log into My Illumina account with 
unique user name and password.

	13.	Load the flow cell (see Note 19), reagent cartridge, as well as 
Incorporation Buffer (PR2) (see Note 20) into MiSeq.

	14.	Upload the TruSeq Nano Barcode template (see Note 21).
	15.	Click Start Run, when all items successfully pass the 

pre-check. 
	16.	When the Illumina MiSeq sequencing is completed, post wash 

the instrument by using 0.5% Tween 20.

During Illumina sequencing, a real time base calling and quality 
scoring are performed. Sequencing quality scores (Q scores) mea-
sure the probability that a base is called incorrectly. For example, a 
Q score of 30 (Q30) to a base, this is equivalent to the probability 
of an incorrect base call 1 in 1000 times. At the end of each instru-
ment run, sequence data is exported in a standard FASTQ format. 
When performing paired-end sequencing, two FASTQ files are 
generated, with each FASTQ file containing data from each end of 
the DNA fragment sequenced. Since HLA genes are highly poly-
morphic, even rare sequencing errors could lead to inaccurate 
genotyping. In the method described here, Omixon Twin employs 
two distinct analytical algorithms to ensure high-confidence allele 
calling. The first algorithm involves alignment of short sequencing 
reads to the IMGT HLA reference database (https://www.ebi.
ac.uk/ipd/imgt/hla/). In contrast, the second algorithm utilizes 
de novo assembly—since no reference sequences are required, this 
algorithm is particularly useful in the analysis and detection of 
novel alleles. In NGS sequencing, coverage breath denotes the per-

3.4  HLA Data 
Analysis
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centage of a target HLA gene that is sequenced, whereas coverage 
depth describes the number of times that a given nucleotide has 
been sequenced. Coverage is one of the most relevant technical 
variables in NGS and is typically limited by repetitive sequences, 
library complexity, and cost considerations. Sufficient coverage 
depth and breadth are crucial for accurate HLA genotyping 
calling.

	 1.	Download the data from BaseSpace or generate the FASTQ 
data on MiSeq locally.

	 2.	Raw sequence outputs are imported as unpacked and gzipped 
FASTQ files into HLA specific analysis software, e.g., Omixon 
Twin software (Omixon, Budapest, HU) (see Note 22) for 
read alignment and genotype calling (using IMGT/HLA 
Database as reference).

	 3.	Click ‘Next’. This screen will have default settings and then 
click ‘Next’ again.

	 4.	Make sure ‘illumina’ is selected on this screen and automatic 
paired data is checked. Click on ‘Next’.

	 5.	Once the analysis is done, the results can be viewed by clicking 
view results (see Note 23).

	 6.	Any data with green circle should be assigned by best matches 
from the top icons. Review any questionable results with the 
supervisor and/or director prior to release.

	 7.	Once completed go to view results from top icons (can press 
back or forward arrow on the top left hand side of the window 
to get on the screen of choice).

	 8.	Select the correct name of the batch and export it using excel 
XML (XLSX) or HML format (see Note 24).

4  Notes

	 1.	Buccal swab DNA is isolated using QIAamp 96 DNA Swab 
BioRobot Kit (Qiagen) on BioRobot Universal System accord-
ing to the manufacturer’s protocol.

	 2.	For example to make a 50 mL gel of 0.8% agarose, use 0.4 g 
agarose, 50 mL  of 1× Working TBE Buffer, and add 5  μL 
DNA SafeStain (Lamda Biotech).

	 3.	Add 400 mL absolute alcohol to 100 mL MBG water. Store at 
room temperature.

	 4.	Kit contents: Qubit dsDNA BR Reagent (Component A) 
200× concentrate in DMSO. Store desiccated and protected 
from light at room temperature. Qubit dsDNA BR Buffer 
(Component B). Store at room temperature. Qubit dsDNA 
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BR Standard #1 (Component C) 0 ng/μL in TE buffer. Store 
at 2–8  °C. Qubit dsDNA BR Standard #2 (Component D) 
100 ng/μL in TE buffer. Store at 2–8 °C. Qubit Instrument 
Calibration: Using the reagents from the kit—Broad Range 
(BR) in use, run the following standards once each day when 
instrument is in use:

	 (a)	� Standard 1: 190 μL Qubit working solution + 10 μL cali-
bration standard #1.

	 (b)	�Standard 2: 190 μL Qubit working solution + 10 μL cali-
bration standard #2.

	 5.	No more than 4  freeze/thaw cycles allowed for the adapter 
plate box to maintain reagent integrity. Mark the date on the 
box each time thawed. Discard after the fourth thaw.

	 6.	Determine the volumes using the formula, which includes 15% 
excess for multiple samples.

	 7.	Add 10  μL 1  N Sodium Hydroxide (NaOH) to 40  μL 
Molecular Biology Grade (MBG) water.

	 8.	Add 5 μL of 0.2 N NaOH (see Note 7) to 5 μL 4 nM PhiX 
Lib. Vortex briefly and then quick spin. Incubate the Denatured 
Control tube for 5 min at room temperature to denature DNA 
into single strands. Add 990 μL chilled HT1 to the Denatured 
Control tube. And then add 375  μL of Denatured tube to 
225 μL chilled HT1. PhiX can be run as a control to trouble-
shoot run issues. It can be used to troubleshoot potential 
library preparation or MiSeq instrument issues and run either 
as a spike-in of the library run or as a library per se in the case 
of instrumentation issues.

	 9.	Automated library construction  can  reduce hands-on time, 
and can be programmed for various needs of the lab, making it 
ideal for labs that require high flexibility. It requires extensive 
validation and optimization to ensure the programs work con-
sistently and accurately. Any  changes to  library construction 
protocol requires a new validation.

	10.	Fragmentation (or shearing) of DNA is not as simple as it 
might sound and NGS quickly reveals the biases inherent in 
one protocol versus another. Choosing the shearing method 
depends on a few factors such as DNA size selection and how 
much DNA is available, as well as your budget! When we were 
looking for a system to robustly generate sheared DNA 
fragments, we evaluated several methods and settled on 
Covaris. It generates uniform fragments in reasonable time and 
its closed-tube mode of operation means there is virtually no 
risk of genomic DNA contamination. If you need to process 
hundreds of samples you could use enzymatic shearing 
methods.
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	11.	Exercise extreme care during this step to avoid contamination 
as this volume is close to the maximum for each well.

	12.	There are mainly two steps for Dual Bead Size Selection: 1) 
Bead Selection to Remove Large Fragments—This step is used 
to bind the large, unwanted fragments to the beads. The super-
natant will contain the desired fragments. 2) Bead Selection to 
Remove Small Fragments and to Bind DNA Target. You also 
can use Pippin prep for size selection. The Pippin Prep facili-
tates library construction for the most popular NGS platforms, 
from 100 bp to 1.5 kb, and cut size may need to be adjusted 
to target optimal size distribution of fragmented sample and is 
more and more recommended by Illumina and Ion Torrent for 
certain workflows. It saves time and effort, and will have a nar-
rower size distribution than the beads-based method.

	13.	Illumina TruSeq HT kits for DNA support 96 libraries using 
dual indexing. If you want to pool more than 96 samples, you 
would use homegrown barcodes. If users choose to use “home-
grown” barcodes, they do so at their own risk. Failure to have 
sufficient diversity in sequence in the barcodes has the strong 
potential to yield no data.

	14.	Visually inspect the wells to make sure that they are thawed.
	15.	Use sample purification beads for two rounds  of washes  to 

clean up ligated fragments. The volumes of the beads for the 
two rounds are 42.5 and 50 μL respectively.

	16.	Based on the values from the Qubit instrument, normalize the 
concentration of each sample to 4 nM, and pool equal volume 
of each normalized library into one Eppendorf tube.

	17.	Do not allow the water to exceed the fill line printed on the 
cartridge. Place paper towels on the bench, remove the car-
tridge from the bath, and gently tap on the towels to remove 
water from the base of the cartridge. Dry the base with 
Kimwipes. Invert the cartridge ten times to mix the reagents. 
Visually inspect for complete thawing and precipitates. Gently 
tap the cartridge to reduce bubbles.

	18.	BaseSpace is a cloud-based genomics analysis and storage plat-
form that directly integrates with all Illumina sequencers. The 
user needs to set up runs from Illumina sequencers and moni-
tor sequencing runs from the web. Stream data to the cloud 
directly from sequencers and share data instantaneously with 
anyone in the world.

	19.	Using plastic forceps, grip the flow cell by the base of the plas-
tic cartridge to remove from storage buffer in the flow cell 
container. Gently rinse with MBG water. Completely remove 
excess salt from both the glass and plastic cartridge. Salt in the 
imaging area can affect imaging. Gently pat-dry the gasket area 
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and adjacent glass. Using an alcohol wipe, clean the flow cell 
glass. Make sure that the glass is free of streaks, fingerprints, 
and lint or tissue fibers. Avoid using the alcohol on the flow 
cell port gasket. Dry excess alcohol with a lint-free lens clean-
ing tissue. Visually inspect to make sure that the flow cell ports 
are free of obstructions and that the gasket is well seated 
around the flow cell ports.

	20.	Gently invert to mix and remove the lid. Open the reagent 
compartment door and raise the sipper handle until it locks 
into place. Remove the used bottles and empty the waste bot-
tle. Return the waste bottle into position.

	21.	Use Illumina Experiment Manager program to edit the unique 
barcode ID for each sample.

	22.	There are several commercial software products for HLA anal-
ysis, such as TypeStream Visual (One Lambda), NGSengine 
(GenDx), MIA FOR A NGS FLEX (Immucor), Conexio 
Assign TruSight HLA Analysis Software (Illumina), as well as 
HLA Twin (Omixon). We used HLA Twin for the buccal swab 
extracted DNA HLA typing.

	23.	The Omixon Twin software uses two algorithms to assign gen-
otype. When the two algorithms do not match, the result is red 
flagged. Common causes: low coverage, allele imbalance, and 
others.

	24.	Consensus requires a minimum of 10× coverage. If the cover-
age is less than 10×, no consensus will be displayed for the 
region.
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Chapter 8

Super High Resolution for Single Molecule-Sequence-
Based Typing of Classical HLA Loci Using Ion Torrent PGM

Takashi Shiina, Shingo Suzuki, Jerzy K. Kulski, and Hidetoshi Inoko

Abstract

Super high resolution-single molecule-sequence-based typing (SS-SBT) is an HLA DNA typing method 
to the field 4 level of allelic resolution (formerly known as 8-digit typing) to efficiently detect novel and 
null alleles without phase ambiguity by combination of long ranged PCR amplification and next-generation 
sequencing (NGS) technologies. In this chapter, we describe three basic steps, long ranged PCR, NGS, 
and allele assignment.

Key words HLA, Next-generation sequencing (NGS), Ion Torrent PGM, long ranged polymerase 
chain reaction (PCR), Genotyping, Super high resolution single molecule—sequence-based typing 
(SS-SBT)

1  Introduction

The sequence-based typing (SBT) based on the Sanger method [1] 
and the PCR-based sequence-specific oligonucleotides (SSOs) 
methods [2] are the main HLA genotyping methods that are 
applied currently for clinical use such as hemopoietic stem cell and 
organ transplantation and disease association. However, both 
methods often detect more than one pair of unresolved HLA 
alleles because of chromosomal phase (cis/trans) ambiguity [3]. In 
contrast, next-generation sequencing (NGS) can determine a pre-
cise HLA allele sequence derived from a single DNA molecule with 
a high level of parallelism [4, 5]. Also, NGS techniques are expected 
to be more effective for high-throughput genotyping of HLA 
genes [6–9]. For example, the Ion Torrent Personal Genome 
Machine (PGM) system can produce 3–5 million sequencing reads 
with a read length of 400–500  bp per read that translates into 
genotyping up to eight different HLA genes per sequencing run 
per 27 individuals (see Note 1 and Table 1).

Recently, we have developed the super high resolution-single 
molecule-sequence-based typing (SS-SBT) method for eight 
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classical HLA loci, HLA-A, HLA-B, HLA-C, HLA-DRB1, HLA-
DQA1, HLA-DQB1, HLA-DPA1, and HLA-DPB1 (Fig.  1) in 
combination with NGS platforms such as Ion PGM [10–12].

The SS-SBT method allows sequencing of the entire HLA 
gene region from the promoter-enhancer region to 3′ untranslated 
region (3′UTR) to solve the problem of phase ambiguity along 
with field 4 (8-digit) level typing that includes nucleotide differ-
ences in the coding regions as well as the noncoding regions result-
ing in the detection of novel and null HLA allele discovery. The 
SS-SBT method is largely divided into three basic steps, long 
ranged PCR, sequencing clonally amplified single DNA molecules, 
and allele assignment by using bioinformatics and computing for 
accurate phase alignments (Fig. 2).

In this chapter, we describe three basic steps, long ranged 
PCR, NGS, and allele assignment, of the SS-SBT method that we 
are using in our research as a non-commercial method, and as an 
example, we provide the long ranged primers that we designed and 
used in 2012 [10].

2  Materials

To avoid contamination by spurious DNA fragments from previ-
ous sample processing steps amplification setup should be done in 
a pre-PCR room. The pre-PCR kits/reagents should be stored 
separately and away from the post-PCR room. In our laboratory all 
pipettors, pipet tips with aerosol barriers, and widely used reagents 
and instruments are prepared and stored independently in both the 
pre- and post-PCR rooms. Prepare all solutions using ultrapure 

Table 1  
Specification of the Ion PGM system

Ion Chip Ion 314 Chip v2 BC Ion 316 Chip v2 BC Ion 318 Chip v2 BC

Number of wells 1.2 million 6.3 million 11.3 million

Number of reads 0.4–0.6 million 2–3 million 3–5 million

Throughputa 60–100 M 0.6–1 G 1.2–2 G

Run time 3.7 h 4.9 h 7.3 h

Analysis timeb 4–5 ha 6–7 ha 9–10 ha

aA case of 400 base run
bTotal time of run time plus analysis time
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water (prepared by purifying deionized water to attain a sensitivity 
of 18 MΩ-cm at 25 °C) and analytical grade reagents. Prepare 
and store all reagents at room temperature (unless indicated 
otherwise). Our frequently used general and specialized instru-
ments, reagents and kits are indicated in square bracket.

	 1.	Thermal Cycler.
	 2.	Vortexer with a rubber platform.
	 3.	Microcentrifuge with rotor for 2  mL tubes (capable of 

>15,500 × g).
	 4.	PCR tubes (0.2 mL) or 96 well 0.2 mL PCR plates.

2.1  Commonly Used 
Materials

DPA1
(9.7 kb)

1                                  2             3                  4                            5

DRB1

1                                                   2                 3         4      5               6

DQB1
(9.0 kb)

1             2             3                          4       5    6      7               8
A
(5.5 kb)

DPB1

1                                  2                 3                 4                           5

DRB1-2 (5.1~6.2 kb)
DRB1-1 (6.1~11.2 kb)

DPB1-2 (7.3 kb)
DPB1-1 (5.9 kb)

1             2             3                          4       5    6      7               8
B
(4.6 kb)

1             2             3                          4       5    6      7               8
C
(4.8 kb)

DQA1
(7.5 kb)

1                                         2             3                  4                        5

1                                   2              3                4            5              6

Fig. 1 Outline of the PCR regions in eight HLA loci. White, gray and black boxes indicate coding exons, 5′UTR 
and 3′UTR and enhancer-promoter regions, respectively. Numbers around the boxes are exon numbers
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	 5.	Nuclease-free Water.
	 6.	Ethanol, 70%: Molecular biology grade (preparation just 

before the experiment).

	 1.	Genomic DNA extraction kit: [QIAamp DNA Blood Mini Kit 
(QIAGEN, Germany).] The Kit includes the following things: 
QIAamp Mini Spin Columns, Collection Tubes (2 mL), Buffer 
AL, Buffer ATL, Buffer AW1, Buffer AW2, Buffer AE, 
QIAGEN Protease and Protease Solvent.

	 2.	 1.5 mL microcentrifuge tubes.
	 3.	 Water bath or heating block at 56 °C.
	 4.	 Spectrophotometer: [Nano Photometer (Implen)].
	 5.	 Submarine type electrophoresis device: [Mupid-2 (Mupid Co. 

Ltd.)].
	 6.	 TBE buffer (×10) to be used at 0.5×: 1 M Tris base, 1 M Boric 

acid, 0.02  M EDTA (disodium salt). Sterilize the solution 
with autoclave. Dilute ×10 buffer 1 in 20 to the working con-
centration of 0.5× when required.

	 7.	 Ethidium bromide (EtBr) solution: 10% Ethidium Bromide 
(w/v).

	 8.	 Agarose gel: 1% agarose, 100 mL 0.5× TBE buffer, 1 μL EtBr 
solution.

	 9.	 Gel loading buffer (×10): 0.25% Bromophenol blue (w/v), 
0.25% Xylene cyanol FF (w/v), 5 mM EDTA, 30% Glycerol 
(v/v).

	10.	 DNA size marker.

2.2  Extraction 
and Quality Check 
of Genomic DNA

Amplicon preparation
1, Extraction and quality check of genomic DNA
2, Long ranged PCR

Sequencing
1, Construction of barcoded library
2, Reparation of the enriched template-positive

Ion Sphere Particles (ISPs)
3, Sequencing

Data analysis

1, Extraction of allele candidates by Blat search
2, Mapping of reads for the extracted allele candidates

Fig. 2 A schematic workflow of the successive steps of the SS-SBT method
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	 1.	Long ranged primers (4  pmol/μL dissolved in TE buffer) 
described in Table 1 of the reported article [10]. The primer 
sequences shown here are one case, and any customized prim-
ers will be useful for this protocol.

	 2.	Low Tris-EDTA (TE) buffer: 10 mM Tris pH 8.0, 0.1 mM 
EDTA.

	 3.	1.5 mL DNA LoBind Microcentrifuge Tubes (Eppendorf).
	 4.	High fidelity DNA polymerase for long ranged PCR: 

[PrimeSTAR GXL DNA polymerase (TaKaRa Bio)] (see Note 2). 
5× PrimeSTAR GXL Buffer (5 mM Mg2+) and 2.5 mM of each 
dNTP are also attached. Store at −20 °C.

	 5.	DNA purification reagent: [Agencourt AMPure XP (Beckman 
Coulter)]. Store at 4 °C.

	 6.	Magnetic rack: [DynaMag-2 Magnet or 16–Position Magnetic 
Stand (Thermo Fisher Scientific)].

	 7.	dsDNA quantitation assay: [Quant-iT PicoGreen dsDNA 
Assay Kit (Thermo Fisher Scientific)]. The Kit includes 20× 
TE buffer and Lambda DNA standard. Store at 4 °C.

	 8.	Microtiter plate, 96 well: [Microtiter Assembly Breakable Strip 
1 × 8 (Thermo Fisher Scientific)].

	 9.	Microplate reader: [Fluoroskan Ascent micro-plate fluorome-
ter (Thermo Fisher Scientific)].

	 1.	1.5 mL DNA LoBind Microcentrifuge Tubes (Eppendorf).
	 2.	 DNA shearing machine: [Covaris M220 Focused-ultrasonicator 

(Covaris)].
	 3.	 DNA shearing tube: Covaris microTUBE Screw-Cap Tube 

(Covaris)].
	 4.	 Low TE buffer: 10 mM Tris pH 8.0, 0.1 mM EDTA.
	 5.	 Ion Plus Fragment Library kit (Thermo Fisher Scientific). The 

Kit includes the following reagents: 5× End Repair Buffer, 
End Repair Enzyme, 10× Ligase Buffer, DNA Ligase, Nick 
Repair Polymerase, dNTP Mix, Adapters, Platinum™ PCR 
SuperMix High Fidelity, Library Amplification Primer Mix 
and Low TE. Store at −20 °C.

	 6.	 DNA purification reagent: [Agencourt AMPure XP (Beckman 
Coulter)]. Store at 4 °C.

	 7.	 Magnetic rack: [DynaMag-2 Magnet or 16–Position Magnetic 
Stand (Thermo Fisher Scientific)].

	 8.	 Ion Xpress Barcode Adapter Kit (1 barcode adapter per library) 
(Thermo Fisher Scientific).

	 9.	 E-Gel iBase unit and E-Gel™ Safe Imager transilluminator 
combo kit (Thermo Fisher Scientific).

2.3  Long 
Ranged PCR

2.4  Construction 
of Barcoded Library
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	10.	 E-Gel SizeSelect 2% Agarose Gel (Thermo Fisher Scientific). 
Store at 4 °C.

	11.	 50-bp DNA Ladder (Thermo Fisher Scientific). Store at −20 °C.
	12.	 Agilent 2100 Expert Bioanalyzer with IKA vortex (Agilent 

Technologies).
	13.	 Agilent High Sensitivity DNA Kit (Agilent Technologies). 

Store at 4 °C.
	14.	 Centrifuge with rotor for PCR Plate.

	 1.	Ion PGM Hi-Q OT2 Kit (Thermo Fisher Scientific). The Kit 
is composed of three components: (1) Ion PGM OT2 Supplies, 
(2) Ion PGM Hi-Q View OT2 Reagents, and (3) Ion PGM 
Hi-Q OT2 Solutions. Store (1) and (3) at 15–30 °C and store 
(2) at −20 °C (2–8 °C after thawing).

	 2.	Ion OneTouch 2 System: The system includes Ion OneTouch 
2 Instrument and Ion OneTouch ES Instrument (Thermo 
Fisher Scientific).

	 3.	Ion PGM Enrichment Beads (Thermo Fisher Scientific).
	 4.	1.5 mL DNA LoBind Microcentrifuge Tubes (Eppendorf).
	 5.	Heat block for 1.5 mL tube at 50 °C.
	 6.	Magnetic rack: [DynaMag-2 Magnet or 16–Position Magnetic 

Stand (Thermo Fisher Scientific)].
	 7.	1 M NaOH (10 N): Molecular biology grade.

	 1.	Ion PGM Hi-Q View Sequencing Kit (Thermo Fisher 
Scientific). The Kit is composed of the following four compo-
nents: (1) Ion PGM Sequencing Supplies, (2) Ion PGM Hi-Q 
View Sequencing Reagents, (3) Ion PGM™ Hi-Q View 
Sequencing Solutions, and (4) Ion PGM Hi-Q Sequencing 
dNTPs. Store (1) and (3) at 15–30 °C and store (2) and (4) at 
−20 °C.

	 2.	 Ion Chip kits, Ion 318, Chip v2 BC, Ion 316 Chip v2 BC or 
Ion 314 Chip v2 BC (Thermo Fisher Scientific).

	 3.	 Tank of compressed nitrogen.
	 4.	 NaOH (10 M): Molecular biology grade.
	 5.	 At least 4 L of fresh 18-MΩ water.
	 6.	 0.22 or 0.45 μm vacuum filtration system and filters (nylon or 

PVDF filters, 1 L volume).
	 7.	 15 mL conical tubes.
	 8.	 1.5 mL DNA LoBind Microcentrifuge Tubes (Eppendorf).
	 9.	 Glass bottle (1 L).
	10.	 Graduated cylinders (1 or 2 L volume).

2.5  Preparation 
of Template-Positive 
Ion Sphere Particles 
(ISPs)

2.6  Sequencing Run

Takashi Shiina et al.



121

	 1.	Macintosh computer (recommended computer specifica-
tions = RAM 16 GB, Hard Drive 500 GB).

	 2.	Linux OS (e.g., CentOS).
	 3.	Blat software for Linux [13].
	 4.	Reference Mapper (Roche).
	 5.	 fastq2fasta.pl file format conversion program [14].
	 6.	HLA allele sequences downloaded [15].

3  Methods

	 1.	Extract genomic DNA from 200  μL fresh peripheral blood 
cells in accordance with the protocol of the QIAamp DNA 
Blood Mini Kit [16].

	 2.	At the final step elute the DNA from QIAamp Mini Spin 
Column with volumes of 200 μL Nuclease-free Water.

	 3.	Measure the DNA concentration by absorbance at 260 nm and 
the purity by an A260/A280 ratio using a spectrophotometer. 
Calibrate the spectrophotometer using Nuclease-free Water 
before measurement of the DNA sample (see Note 3).

	 4.	Gently mix 1 μL Gel loading buffer and 1 μL extracted genomic 
DNA solution in a new tube or plate, and spin down the solu-
tion. Load the mixture into a well of 1% agarose gel, and run 
at 100 V for 30 min. Using a Mupid-2 submarine type electro-
phoresis device.

	 5.	Check the length of genomic DNA by comparison with molec-
ular weights of DNA size marker (see Note 4).

	 1.	Make the primer mixture at the ratios described in Tables 2 
and 3. Use the low TE buffer for dilution of the primers.

	 2.	 Adjust the DNA concentration for 20–30  ng/μL with 
Nuclease-free Water.

	 3.	 Add the diluted DNA solution, 1 U PrimeSTAR GXL DNA 
polymerase, 4.0 μL 5× PrimeSTAR GXL buffer (5 mM Mg2+), 
1.6 μL 2.5 mM of each dNTP, 2.0–7.0 μL (4 pmol/μL) of 
each primer mixture with the 20  μL PCR 
amplification-reaction-volume in a 0.2  mL PCR tube or a 
96-well PCR plate on ice. Optionally, when the sample size is 
large, set up the appropriate volume of the amplification mas-
ter mixture into a 1.5 mL tube.

	 4.	 Gently mix by pipetting (do not use a vortexer) and spin down 
the reaction mixture, and place it back on ice.

	 5.	 Turn on the thermal cycler to warm up the heating lid or 
block, and set the thermal cycler’s “ramp speed” to the 9600 

2.7  Allele 
Assignment

3.1  Method 
for Extraction 
and Quality Check 
of Genomic DNA

3.2  Long 
Ranged PCR
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Table 2  
Composition of primer mixture

HLA 
locus

PCR region 
described  
in Fig. 1

Volume of 
primer 
mixture per 
reaction

Sense primer 
name

Primer volume 
per reaction 
(4 pmol/μL)

Anti-sense 
primer name

Primer volume 
per reaction 
(4 pmol/μL)

HLA-A A 2.0 μL A_F1 0.5 μL A_R1 1.0 μL

A_F2 0.5 μL

HLA-B B 2.0 μL B_F 1.0 μL B_R 1.0 μL

HLA-C C 2.0 μL C_F1 1.0 μL C_R1 1.0 μL

HLA-
DRB1

DRB1–1 4.5 μL DRB1_PE2-
F1

0.5 μL DRB1_PE2-
R1

0.5 μL

DRB1_PE2-
F2

0.5 μL DRB1_PE2-
R2

0.5 μL

DRB1_PE2-
F3

0.5 μL DRB1_PE2-
R3

0.5 μL

DRB1_PE2-
R4

0.5 μL

DRB1_PE2-
R5

0.5 μL

DRB1_PE2-
R6

0.5 μL

DRB1–2 7.0 μL DRB1-E2-
1.1-F

3.6 μL (see 
Table 2B)

DRB1-E2-
12-R

3.4 μL (see 
Table 2B)

DRB1-E2-
1.1-F

DRB1-E2-
3568-R

DRB1-E2-
1.2-F

DRB1-E2-
4-R

DRB1-E2-
2-F

DRB1-E2-
7-R2

DRB1-E2-
3568-F

DRB1-E2-
9-R

DRB1-E2-
4-F

DRB1-E2-
10-R

DRB1-E2-
7-F4

DRB1-E2-
9-F

DRB1-E2-
10-F

HLA-
DQA1

DQA1 2.0 μL DQA1_F 1.0 μL DQA1_R 1.0 μL

(continued)
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program when the 9700 Thermal Cycler GeneAmp PCR 
System 9700 (Thermo Fisher Scientific) is used.

	 6.	 Place the reaction tubes or plate into the thermal cycler, and 
run with the locus-specific cycling parameters as described in 
Table 4 (see Note 5).

	 7.	 After the PCR reaction, add 36 μL Agencourt AMPure XP 
Beads solution to 20 μL PCR product.

Table 3  
Composition of the DRB1-1 primer mixtures

Sense primer  
name

Primer volume  
(4 pmol/μL)

Anti-sense  
primer name

Primer volume  
(4 pmol/μL)

DRB1-E2-1.1-F 1 μL DRB1-E2-12-R 2 μL

DRB1-E2-1.2-F 1 μL DRB1-E2-3568-R 2 μL

DRB1-E2-2-F 4 μL DRB1-E2-4-R 1 μL

DRB1-E2-3568-F 4 μL DRB1-E2-7-R2 2 μL

DRB1-E2-4-F 2 μL DRB1-E2-9-R 4 μL

DRB1-E2-7-F4 4 μL DRB1-E2-10-R 2 μL

DRB1-E2-9-F 8 μL

DRB1-E2-10-F 4 μL

Total 28 μL 13 μL

Mix sense primers and anti-sense primers independently. Of them use 3.6 μL sense primer mixture and 3.4 μL anti-sense 
primer mixture per reaction

HLA 
locus

PCR region 
described  
in Fig. 1

Volume of 
primer 
mixture per 
reaction

Sense primer 
name

Primer volume 
per reaction 
(4 pmol/μL)

Anti-sense 
primer name

Primer volume 
per reaction 
(4 pmol/μL)

HLA-
DQB1

DQB1 5.0 μL DQB1-F3.1 1.0 μL DQB1-R3.1 1.0 μL

DQB1-F3.2 1.0 μL DQB1-R3.2 1.0 μL

DQB1-R3.3 1.0 μL

HLA-
DPA1

DPA1 2.0 μL DPA1_F 1.0 μL DPA1_R 1.0 μL

HLA-
DPB1

DPB1-1 2.0 μL DPB1_F1 1.0 μL DPB1_R1 1.0 μL

DPB1-2 2.0 μL DPB1_F2 1.0 μL DPB1_R2 1.0 μL

Table 2
(continued)
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	 8.	 Purify the PCR product in accordance with the manufactural 
protocol of the Agencourt AMPure XP Beads [17].

	 9.	 At the final step (elution step) of the protocol elute the PCR 
product with 20 μL Nuclease-free Water.

	10.	 Check that the presence of the PCR product is at expected 
molecular size by agarose gel electrophoresis shown in 
Subheading 3.1, step 4 (see Note 6).

	11.	 Dilute 1 μL of the purified PCR product with 99 μL 1× TE 
buffer.

	12.	 Quantify the diluted PCR product in accordance with the 
manufacturer’s protocol of the Picogreen assay [18].

	13.	 Measure the fluorescence intensity of the samples using a 
Fluoroskan Ascent micro-plate fluorometer (excitation 
~480 nm, emission ~520 nm). Prepare a standard curve from 
fluorescence emission intensity of the Lambda DNA standard, 
and calculate the DNA concentration (μg/uL) from fluores-
cence emission intensity of the purified PCR product by com-
parison with the standard curve.

	14.	 Calculate the molar concentration from the quantified PCR 
product using a following formula:

Molar concentration (pM) = DNA concentration (μg/uL)/
nucleotide length of PCR region (bp) × 1000 × 1.52.

Table 4  
PCR conditions for long ranged PCR

PCR region The first denature

Denature Annealing Extension

30 cycles

A 94 °C, 2 min 98 °C, 10 s 60 °C, 20 s 68 °C, 5 min

B 60 °C, 20 s 68 °C, 5 min

C 60 °C, 20 s 68 °C, 5 min

DRB1-1 70 °C, 5 min

DRB1-2 70 °C, 5 min

DQA1 68 °C, 7 min

DQB1 70 °C, 9 min

DPA1 70 °C, 9 min

DPB1-1 70 °C, 5 min

DPB1-2 70 °C, 5 min
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	15.	 If several PCR gene products (e.g., A, B, C, DRB1-2) have 
been amplified separately from the same genomic DNA sam-
ple, pool the purified PCR products with the equimolar con-
centrations in a 1.5 mL DNA LoBind Microcentrifuge Tube 
(see Note 7).

	 1.	Adjust 100 ng of the pooled PCR product to 50 μL with low 
TE in a 1.5 mL DNA LoBind Microcentrifuge Tube.

	 2.	 Transfer the pooled PCR product to a microTUBE, and place 
it into the Covaris M220 machine to fragment the DNA by 
shearing.

	 3.	 Select the “Ion_Torrent_400bp_50μl_ScrewCap_micro-
TUBE” protocol in the SonoLab software, and click on “Run” 
in the SonoLab software to fragment the DNA.

	 4.	 After the fragmentation step, transfer the sheared DNA into a 
new 1.5 mL LoBind Microcentrifuge Tube, and add 29 μL 
Nuclease-free Water to the fragmented DNA (total volume: 
79 μL).

	 5.	 Perform the following steps of end-repair and DNA purifica-
tion, adapter ligation, nick-repair and purification of the 
ligated DNA, size-selection of the library with the E-Gel™ 
SizeSelect Agarose Gel, and amplification and purification the 
library according to the manufacturer’s protocol for using the 
Ion Plus Fragment Library kit [19].

	 6.	 After completing the above procedures with the Ion Plus 
Fragment Library kit, 20 μL of a final barcoded library (in low 
TE buffer) is generated. Add 4 μL of low TE buffer to 1 μL of 
the library into a new 0.2 μL PCR tube to assess the quality 
and quantity of the library.

	 7.	 Characterize the size distribution of barcoded library, and 
determine the molar concentration in pmol/L of each bar-
coded library in accordance with the manufacturer’s protocol 
for the use of the Agilent High Sensitivity DNA Kit [20] (see 
Note 8).

	 8.	 Review the run data. Usual integration area is 300–1000 bp. 
Record the concentration under the peak as this will be used 
to calculate the pool sizes.

	 9.	 Calculate the molar concentration (pM) within the usual inte-
gration area of 300–1000 bp using the Bioanalyzer software.

	10.	 Determine the dilution factor that will give a concentration of 
100 pM using the following formula:

Dilution factor  =  (Library concentration in pM)/100  pM 
(see Note 9).

	11.	 Mix each barcoded library into a single tube at equimolar con-
centrations if there are several libraries.

3.3  Construction 
of Barcoded Library
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	 1.	Prepare 25 μL of the diluted library by mixing of 5 μL 100 pM 
barcoded library and 20 μL Nuclease-free Water on ice (1:5 
dilution).

	 2.	Proceed sequentially with the following steps: set up the Ion 
OneTouch 2 Instrument, prepare the reaction reagent, install the 
reaction filter with the reaction reagent for the OneTouch 2 
Instrument, switch on and run the instrument to completion in 
order to enrich the diluted library sample with the template-
positive ISPs according to the manufacturer’s protocol using the 
Ion PGM Hi-Q OT2 Kit [21] for the Ion OneTouch 2 system.

	 3.	After the sample of single-stranded DNA templates has been 
enriched with the ISPs, ensure that the enriched ISPs pellet is 
pipetted with >200 μL Melt-Off Solution to disperse the ISPs. 
Optionally, store the enriched ISPs at 4 °C for up to 3 days.

	 1.	Perform the following presequencing and sequencing steps by 
using the Ion PGM Hi-Q Sequencing Kit [22] according to 
the manufacturer’s instructions: prepare and generate a 
sequencing run by using Torrent Suite Software to clean and 
initialize the Ion PGM, and load the sample onto the Ion Chip 
v2 BC.

	 2.	The appropriate Ion Chip v2 BC for sequencing (Table  1) is 
selected based on the number of prepared barcoded libraries and 
total PCR sizes of each library. The required throughput (Mb) 
per library can be calculated by using the following formula:

Required throughput (Mb)  =  Total PCR length  ×  100–300 
(Read depth per allele) × 2 (allele numbers)/1000.

	 3.	Calculate the library numbers for loading the sequencing chip 
from the calculated required throughput (Mb) (see Note 1).

We developed a new allele sequence assignment program (Sequence 
Alignment Based Assigning Software; SeaBass) [12, 23] for NGS 
data analysis that includes and provides (1) output of sequence 
reads, (2) homology search using the Blat software with the 
“match” variable set to 100% to detect identical exons within the 
known HLA alleles released from the IPD-IMGT/HLA database, 
(3) selection of allele candidates, (4) mapping of the sequence 
reads to the selected allele candidates as references with the “match” 
set at 100% using Reference Mapper (Roche), (5) calculation of 
coverages, and (6) confirmation of the mapping data and allele 
assignment (Fig. 3). The operations from (2) to (5) are processed 
automatically.

	 1.	Install Linux OS, Blat program, Reference Mapper, and fastq-
2fasta.pl into a Macintosh computer.

	 2.	Make multi-fasta files for each exon of all the HLA loci from 
the IPD-IMGT/HLA database.

3.4  Preparation 
of the Enriched 
Template-Positive Ion 
Sphere Particles (ISPs)

3.5  Sequencing

3.6  Allele 
Assignment

3.6.1  Extraction of Allele 
Candidates by Blat Search
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	 3.	Convert the filename extension “.fastq” outputted from Ion 
PGM to “.fas”.
Command line: username$ ./fastq2fasta.pl -a IonPGM-out.
fastq > IonPGM-out.fas

	 4.	Search for HLA allele candidates included in IonPGM-out.fas 
by comparing every exon (e.g., exon 1 to exon 7 in HLA-C) 
sequence with the allele sequence data using the Blat sequence 
alignment program with the parameter set to 100% matching.
Command line: ./blat HLA-C_exon1.fas IonPGM-out.fas 
-noHead -minScore=73 -minIdentity=100 -out_HLA-C_exon1.
psl (see Note 10).

	 5.	Sort each of the unique HLA allele names into descending 
order in column 14 of outputfilename.psl that shows the HLA 
allele name that perfectly matches with each read. Repeat this 
procedure for every exon (e.g., exon 1 to exon 7 in HLA-C).
Command line: username$ cut -f14 -out_HLA-C_exon1.psl | 
sort --u > -out_HLA-C_exon1.txt.

	 6.	Extract out the common HLA allele sequences in all of the 
exons (e.g., exon 1 to exon 7 in HLA-C) using the following 
strategy. The alleles called in all exons are the most common 
allele candidates rather than the actual allele (Fig. 4).

	(a)	 Extraction of common HLA alleles in exons 1 and 2.
Command line: username$ cat -out_HLA-C_exon1.txt 
-out_HLA-C_exon2.txt | sort | uniq -d > -out_HLA-C_exon1-
2_common.txt

. Selection of allele candidates

C*04:04:01:01/C*04:04:01:02
C*08:03:01

. Output of NGS read data

Fasta file
. Homology search using Blat

SeaBass
Database

. Mapping of reads and
candidate allele sequences

100% matching parameter

. Final confirmation

C*04:04:01:01 , C*08:03:01

. Calculation of coverage

Blat search in each exon with 
100% matching parameter

C*04:04:01:01 : 100.00%
C*04:04:01:02 :  98.86%
C*08:03:01 : 100.00%

Fig. 3 Allele assignment method using the newly developed Sequence Alignment Based Assigning Software, 
SeaBass
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	(b)	 Extraction of common HLA alleles in exons 3 and 4.
Command line: username$ cat -out_HLA-C_exon3.txt 
-out_HLA-C_exon4.txt | sort | uniq -d > -out_HLA-C_exon3-
4_common.txt

	(c)	 Extraction of common HLA alleles in exons 5 and 6.
Command line: username$ cat -out_HLA-C_exon5.txt 
-out_HLA-C_exon6.txt | sort | uniq -d > -out_HLA-C_exon5-
6_common.txt

	(d)	 Extraction of common HLA alleles from exons 1 to 4 using the 
common HLA alleles extracted in the processes 7-1 and 7-2.
Command line: username$ cat -out_HLA-C_exon1-2_com-
mon.txt -out_HLA-C_exon3-4_common.txt | sort | uniq -d > 
-out_HLA-C_exon1-4_common.txt

	(e)	 Extraction of common HLA alleles from exons 1 to 6 using 
the common HLA alleles extracted in the processes 7-3 
and 7-5.
Command line: username$ cat -out_HLA-C_exon1-4_com-
mon.txt -out_HLA-C_exon5-6_common.txt | sort | uniq -d > 
-out_HLA-C_exon1-6_common.txt

	(f)	� Extraction of common HLA alleles from exons 1 to 7 using 
the common HLA alleles extracted in process 7-6 and from 
exon 7.

C*04:04:01:01/C*04:04:01:02
C*08:03:01

Exon 1

C*02:02:02:01
C*02:02:02:02
C*04:04:01:01
C*04:04:01:02
C*03:03:27
C*07:02:01:01
C*07:02:01:02
C*07:02:01:03
C*08:03:01
C*08:03:04
C*08:04:01
C*14:03
C*17:03:01:01
C*17:03:01:02

Exon 2

C*04:04:01:01
C*04:04:01:02
C*03:04:02
C*06:02:01:01
C*06:02:03
C*08:03:01
C*08:03:04
C*08:04:01
C*17:01:01:02
C*17:01:01:03
C*17:01:01:04

Exon 3

C*02:02:02:02
C*03:03:01
C*04:04:01:01
C*04:04:01:02
C*06:02:03
C*07:01:02
C*08:03:01
C*14:02:12

Exon 4

C*04:04:01:01
C*04:04:01:02
C*07:01:02
C*08:03:01
C*08:03:04
C*08:04:01
C*17:17
C*17:30

Exon 6

C*02:02:02:01
C*02:02:02:02
C*04:04:01:01
C*04:04:01:02
C*08:03:01
C*08:03:04
C*08:04:01
C*12:03:01:01
C*14:03
C*17:03:01:01
C*18:01

Exon 7

C*01:07:02
C*02:02:02:01
C*04:04:01:01
C*04:04:01:02
C*06:02:01:01
C*08:01:01
C*08:01:03
C*08:01:05
C*08:02:01:01
C*08:02:01:02
C*08:03:01
C*08:03:04
C*08:04:01
C*18:02

Exon 5

C*02:02:02:01
C*02:02:02:02
C*03:03:01
C*03:03:02
C*04:04:01:01
C*04:04:01:02
C*04:06
C*06:02:01:01
C*06:02:03
C*08:03:01
C*08:03:04
C*08:04:01
C*12:02:01
C*12:03:01:01
C*14:03

Fig. 4 Extraction of allele candidates by the Blat sequence alignment search. The allele candidates that are the 
same for each exon are shown either in red or blue letters
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Command line: username$ cat -out_HLA-C_exon1-6_common.txt 
-out_HLA-C_exon7.txt | sort | uniq -d | grep '*' > -out_HLA-C_
allele.txt

If a new polymorphism is included in the exon list, we can 
detect its presence at the Blat search stage as shown in Table 5.

	 1.	Boot Reference Mapper software on Linux OS.
	 2.	Select a new project window and select the Reference sequence 

(extracted allele candidate sequence) and IonPGM-out.fastq 
(reads).

	 3.	Set the mapping parameters in the parameters tab as follows: 
Minimum read length: 45, Minimum overlap length: 200, 
Minimum overlap identity: 100, Alignment identity score: 10, 
and Alignment difference score: 0.

	 4.	Click the alignment start button.
	 5.	After analyzing the reference sequence, open the Profile win-

dow and confirm Percent Coverage of Reference. If the cover-
age shows “100%,” the allele candidate is considered to be 
correct.

	 6.	Open the Alignment results window and visually inspect the 
sequence alignment for nucleotide mismatches. If the sequence 
reads represented by the consensus sequence are uniformly 
mapped to the reference sequence, as shown in Fig. 5a, we can 
assign the allele as correct. If a new polymorphism that has not 
been previously reported is included in the sequence reads, its 
presence will be detected during the calculation of the cover-
age and the final confirmation stages (Fig. 5b).

3.6.2  Mapping of Reads 
for the Extracted Allele 
Candidate Sequence

Table 5  
New allele detection by Blat search

Exon Allele 1 Allele 2

Exon 1 B*15:18:01 B*44:03:01

Exon 2 B*15:18:01 B*44:03:01

Exon 3 B*15:18:01 Not detected

Exon 4 B*15:18:01 B*44:03:01

Exon 5 B*15:18:01 B*44:03:01

Exon 6 B*15:18:01 B*44:03:01

Exon 7 B*15:18:01 B*44:03:01

Super High Resolution HLA DNA Typing Using Ion Torrent PGM
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	 7.	If a new polymorphism is detected as a mismatch (Fig. 5b), 
then the sequence should be confirmed by traditional methods 
such as Sanger sequencing and sub-cloning.

To evaluate the SeaBass program, we used a total of 2414 HLA 
sequences from all the classical HLA loci that have frequent HLA 
alleles in Caucasians, African-Europeans and Japanese, and 
obtained an overall accuracy rate of >99.8%, and 100% for Japanese 
subjects (Table  6). The accuracy rate was not 100% for 

3.6.3  Evaluation 
of the SeaBass Program

Fig. 5 Detection of a new allele during the calculation of the coverage and final confirmation stages in SeaBass. 
Two different examples of the mapping results of sequence reads using the GS Reference Mapper. (a) In this 
example, there is no mismatch between the reference and consensus sequences. (b) In this example, there is 
a mismatch between the reference and read sequences (the nucleotide C is in the reference but not the con-
sensus sequences 1 and 2 as indicated by vertical red rectangle)
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Table 6
Evaluation of the SeaBass program

Total A C B DRB345 DRB1 DQA1 DQB1 DPA1 DPB1

World-wide subject (1916 loci)
Locus number 1916 250 250 242 186 239 140 234 140 235
Allele number 3832 500 500 484 372 478 280 468 280 470
Accuracy rate (%) 99.8 100 100 100 99.2 99.6 100 100 100 99.6

Japanese subject (498 loci)
Locus number 498   86   80   77   50   68     4   65     4   64
Allele number 996 172 160 154 100 136     8 130     8 128
Accuracy rate (%) 100 100 100 100 100 100 100 100 100 100

HLA-DRB1/3/4/5 and HLA-DPB1 of the non-Japanese 
subjects because the complete coding sequences have not been 
determined as yet for some of their HLA-DRB and HLA-DPB1 
alleles. Nevertheless, the allele assignment method that we devel-
oped for SeaBass appears to be the most accurate and efficient way 
to detect new and null alleles by NGS.

4  Notes

	 1.	Although we evaluated 20 commercially available DNA poly-
merases that could be used for long ranged PCR, the 
PrimeSTAR GXL DNA polymerase showed the best perfor-
mance for each of our PCR primer pairs.

	 2.	In our experience 4–6  μg genomic DNA are obtained in 
200 μL dissolved water (20–30 ng/μL) with an A260/A280 
ratio of 1.7–1.9 when using healthy subjects.

	 3.	Confirm that the bulk of the extracted DNA is >20 kb. If a 
large smear or a wide distribution of low molecular DNA frag-
ments <15 kb is observed, we recommend the re-extraction of 
the DNA.

	 4.	PCR time is approximately 3–4 h.
	 5.	Confirm the molecular length of the PCR product, comparing 

with Fig. 1 of the previously reported article [10]. The DNA 
fragment sizes should be between 4.6 and 11.2 kb for optimal 
library preparation.

	 6.	The PCR lengths of DRB1-1 and DRB1-2 are significantly 
different among DR-types (6.1–11.2 kb in DRB1-1 and 5.1–
6.2  kb in DRB1-2). However, we calculate the length of 
DRB1-1 as 11.2 kb and DRB1-2 as 6.2 kb.

	 7.	Expected concentrations should be 60–150 pg/μL. Make sure 
that sample concentrations are within 5–500 pg/μL sensitivity 
range for the DNA Kit. For accurate concentration estimations 
the peak size should be within 50–100 FU.

Super High Resolution HLA DNA Typing Using Ion Torrent PGM
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	 8.	For example, the library concentration is 15,000 pM. Dilution 
factor = 15,000 pM/100 pM = 150. Thus, 1 μL of library pool 
mixed with 149 μL of low TE (1:150 dilution) yields approxi-
mately 100 pM. Use this library dilution for template prepara-
tion. Diluted libraries are stored at 2–8 °C and should be used 
within 48 h. Store undiluted libraries at −30 °C to −10 °C for 
long-term storage.

	 9.	For example, the total PCR size shown in Fig. 1 for the eight 
gene loci is 72 kb. Required throughput (Mb) = 72 × 300 × 2
/1000 = 43.2. In contrast, the minimum throughput of Ion 
314 Chip, Ion 316 Chip and Ion 318 Chip is 60 Mb, 0.6 Gb 
and 1.2 Gb, respectively (Table 1). Thus, the suitable library 
numbers are set for one library for Ion 314 Chip, 13 libraries 
for Ion 316 Chip and 27 libraries for Ion 318 Chip.

	10.	Please refer to an appropriate guidebook for how to use the 
command lines or ask a bioinformatician.
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Chapter 9

High-Resolution Full-Length HLA Typing Method Using 
Third Generation (Pac-Bio SMRT) Sequencing Technology

Sheetal Ambardar and Malali Gowda

Abstract

The human HLA genes are among the most polymorphic genes in the human genome. Therefore, it is 
very difficult to find two unrelated individuals with identical HLA molecules. As a result, HLA Class I and 
Class II genes are routinely sequenced or serotyped for organ transplantation, autoimmune disease-
association studies, drug hypersensitivity research, and other applications. However, these methods were 
able to give two or four digit data, which was not sufficient enough to understand the completeness of 
haplotypes of HLA genes. To overcome these limitations, we here described end-to-end workflow for 
sequencing of HLA class I and class II genes using third generation sequencing, SMRT technology. This 
method produces fully-phased, unambiguous, allele-level information on the PacBio System.

Key words Single molecule, Real time, Sequencing, HLA typing, PacBio, High resolution, Full 
length

1  Introduction

The Human Leukocyte Antigen (HLA) proteins play a pivotal role 
in the immune response and are implicated in numerous human 
pathological conditions including autoimmune disease, infectious 
diseases, cancer, and drug reactions [1–3]. Clinically, HLA gene 
sequence information is widely used in organ transplantation to 
identify matching donor and recipient HLA alleles. Highly similar 
alleles improve the organ transplant outcome and reduce the risk 
of rejection [4].

The HLA region is highly polymorphic region on the short 
arm of chromosome 6 [5]. HLA region comprises over 200 genes, 
but six HLA genes (class I—A, B, C and class II—DR, DP, DQ) 
are crucial for self and non-self-recognition. Class I proteins 
expresses on the surface of all nucleated cells in the human body, 
but class II proteins can be found on the antigen presenting phago-
cytes such as dendritic cells, mononuclear phagocytes [2, 3]. A 
complex pattern of polymorphism is observed in antigen presenting 
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regions of HLA genes including exon 2 and 3 of class I and exon 
2 of class II. Currently over 10,000 HLA class I and II alleles are 
available IMGT (the international ImMunoGeneTics) database 
(http://www.ebi.ac.uk/imgt/hla/).

Many HLA typing laboratories across the globe have adopted 
SSO (sequence specific oligonucleotides), SSP (sequence specific 
primers), and Sanger sequencing methods. However, SSO or SSP 
can only detect known alleles with high accuracy, while Sanger 
sequencing is unable to identify phased heterozygous SNPs and it 
is also expensive and laborious [6]. Various NGS platforms includ-
ing 454, Illumina and Ion Torrent have been explored for HLA 
typing [6–8]. 454 sequencing was one of the first NGS platforms 
tested for HLA typing [9, 10]. As the HLA genes (A, B, C, DRB1 
and DQB1) are more than 5  Kb, the 454 or other short read 
sequencing are not able to resolve haplotypes of donors.

To overcome the phasing limitations across distant SNPs espe-
cially those found in class II genes [11], third generation sequenc-
ing technology has been utilized where full-length HLA genes are 
amplified using long-range PCR and sequenced using Single 
Molecule Real-time (SMRT) PacBio sequencing [10]. PacBio 
sequencing of HLA genes provide high-resolution (6–8 digit) 
allelic information for multiple HLA genes (six genes) with phased 
SNPs [12].

2  Materials

	 1.	Qiagen, QIAamp® DNA Mini and Blood Mini kit (Cat. No. 
51304).

	 2.	Agarose (Sigma; Cat no: A2576).
	 3.	TAE Buffer, Tris–Acetate–EDTA, 1× Solution, Electrophoresis, 

Fisher BioReagents (Cat no: BP24344).
	 4.	DNA Gel Loading Dye (6×) (ThermoFisher Scientific, Cat no: 

R061).
	 5.	Biotium GELRED 10000× IN DMSO 0.5ML (Biotium, Cat 

no: NC9524151).
	 6.	Qubit® Quantitation Platform—Fluorometer, Invitrogen PN 

Q32857).
	 7.	Qubit dsDNA BR assay kit (ThermoFisher Scientific, Cat no: 

Q32850).
	 8.	NGSgo GenDx HLA primers (GenDx, Cat. no: 2341102 & 

2341502).
	 9.	Long range polymerase (Qiagen, Cat. no: 206402)
	10.	Agencourt AMPure Beads (Beckman Coulter, Cat No: 

A63880)
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	11.	Bioanalyzer® Instrument Agilent Technologies PN 2100.
	12.	Agilent DNA 12000 kit (Agilent, Cat no: 5067-1508).
	13.	SMRTbell™ Template Prep Kit 1.0 (Pacific Biosciences, Part 

no: 100-259-100).
	14.	AMPure PB Beads (Pacific Biosciences, Part no: 

100-265-900).
	15.	DNA/Polymerase Binding Kit P6 v2 (Pacific Biosciences, Part 

no: 100-372-700).
	16.	MagBead Kit v2 (Pacific Biosciences, Part no: 100-676-500).
	17.	PacBio RS II SMRT Cells 8Pac v3 (Pacific Biosciences, Part 

no: 100-171-800).
	18.	DNA Sequencing Reagent Kit 4.0 v2 (Pacific Biosciences, Part 

no: 100-612-400).
	19.	DNA Sequencing Bundle 4.0 v2 (Pacific Biosciences, Part no: 

100-676-400).
	20.	PacBio RS II SMRT Cell Oil (Pacific Biosciences, Part no: 

100-209-300).
	21.	PacBio RS II DNA Internal Control Complex (Pacific 

Biosciences, Part no: 100-356-500).
	22.	PacBio Disposables like, tube septa, sample plate septa, 

sequencing plate septa mixing plate, and pipette tips (https://
www.pacb.com/products-and-services/consumables/pacbio-
rs-ii-consumables/disposables/).

	23.	It is advisable to collect the human blood sample in EDTA 
coated tubes for efficient extraction of the human DNA.

3  Methods

The workflow of the HLA typing by PacBio SMRT sequencing can 
be broadly divided into four major steps (Fig. 1):

	 1.	HLA amplicon generation (see Subheading 3.1).
	 2.	HLA SMRTbell library preparation (see Subheading 3.2).
	 3.	PacBio SMRT sequencing (see Subheading 3.3).
	 4.	Data analysis using bioinformatics tools (see Subheading 3.4).

HLA amplicon generation can be further divided into various 
steps.

Extract the genomic DNA 200 μl of whole blood using Qiagen, 
QIAamp® DNA Mini and Blood Mini kit as per manufacturer’s 
protocol [13].

3.1  HLA Amplicon 
Generation

3.1.1  DNA Extraction

Full-Length HLA Typing Using PacBio SMRT
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	 1.	Pipet 20 μl QIAGEN Protease (or proteinase K) into the bot-
tom of a 1.5 ml micro centrifuge tube.

	 2.	Add 200 μl blood sample followed by 200 μl Buffer AL to the 
microcentrifuge tube. Mix the sample by pulse-vortexing for 
15 s (see Note 1).

	 3.	Incubate at 56 °C for 10 min.
	 4.	Spin down the contents and add 200 μl ethanol (96–100%) to 

the sample.
	 5.	Mix again by pulse-vortexing for 15  s followed by spinning 

down to remove drops from the inside of the lid.
	 6.	Keep the QIAamp Mini spin column in 2 ml collection tube 

and add the contents to it. Close the cap, and centrifuge at 
6000 × g (8000 rpm) for 1 min.

	 7.	Discard the collection tube containing the filtrate and place the 
QIAamp Mini spin column in a clean 2 ml collection tube.

	 8.	Add 500 μl Buffer AW1 without wetting the rim and centri-
fuge at 6000 × g (8000 rpm) for 1 min.

	 9.	Place the QIAamp Mini spin column in another clean 2 ml col-
lection tube, and discard the collection tube containing the 
filtrate.

	10.	Add 500 μl Buffer AW2 to the column without wetting the 
rim. Close the cap and centrifuge at full speed (20,000 × g; 
14,000 rpm) for 3 min.

Fig. 1 Workflow of amplification of HLA gene and PacBio SMRT sequencing
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	11.	Again place the QIAamp Mini spin column in a new 2 ml col-
lection tube and discard the old collection tube with the 
filtrate.

	12.	It is recommended to centrifuge the column at full speed for 
1  min. This step helps to eliminate the chance of possible 
Buffer AW2 carryover.

	13.	Place the QIAamp Mini spin column in a clean 1.5 ml micro-
centrifuge tube, and discard the collection tube containing the 
filtrate.

	14.	Add 200  μl Buffer AE or distilled water. Incubate at room 
temperature (15–25  °C) for 1  min, and then centrifuge at 
6000 × g (8000 rpm) for 1 min (see Note 2).

	 1.	Analyze the quality of DNA on 1% w/v agarose gel using 3 μl 
of extracted DNA. 

	 2.	Quantify the DNA using 1 μl of DNA and analyzing by DNA 
BR assay kit as per manufacturer’s protocol on Qubit 3.0.

Full-length targeted class I HLA-A, B, C, and Exon 2–4 of HLA-
DRB1 and DQB1 genes was amplified using GenDx HLA primers 
as per the manufacturer’s protocol [14] and high-fidelity long-
range polymerase (Fig. 2).

	 1.	All the reaction must be set on ice.

3.1.2  Assessment 
of DNA Quality 
and Quantity

3.1.3  PCR Amplification 
of Full-Length HLA Genes

Fig. 2 HLA typing strategy for class I and II genes using PacBio methods. FP and RP represent the forward and 
reverse primers, respectively, for PCR amplification of HLA genes and E1–E7 represents Exon 1 to Exon 7 and 
In1–In8 represents Intron 1–8, UTR untranslated region

Full-Length HLA Typing Using PacBio SMRT
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	 2.	Thaw 10× Long Range PCR Buffer, dNTP mix, nuclease-free 
H2O, and primer solutions. Mix the solutions thoroughly and 
centrifuge briefly before use.

	 3.	Prepare a reaction mix as shown in Table 1. Prepare a separate 
reaction mix for each amplification primer.

	 4.	HLA-DQB1 requires the addition of Q-Solution and double 
the amount of Long-Range enzyme per reaction (see Note 3).

	 5.	  Vortex the reaction mix thoroughly, and centrifuge briefly.
	 6.	Add the reaction mix into each PCR tube. The appropriate vol-

ume is 25 μl minus the amount of DNA added in the next step.
	 7.	Add 1–4 μl template DNA (50-200 ng) to each tube contain-

ing reaction mix.
	 8.	Program the thermal cycler according to the manufacturer’s 

instructions, using the conditions outlined in Table 2.
	 9.	After amplification, store the samples overnight at 2–8 °C (see 

Note 4).

	 1.	Quantify the amplicons of class I and II genes using 1  μl 
of PCR assay and analyzing by DNA BR assay kit as per manu-
facturer’s protocol on Qubit 3.0.

	 2.	Analyze the PCR products on 1% w/v agarose gel using 3 μl of 
each PCR assay.

	 3.	Confirm the size of amplicon as per Table 3.

	 1.	All amplicons of class I and II genes were purified using 
Agencourt AMPure beads.

	 2.	 Keep the AMPure beads at room temperature for half an hour.

3.1.4  Quality Assessment 
of PCR Amplicon

3.1.5  PCR Product 
Purification

Table 1 
Composition of reaction mix for locus-specific amplification

Component All loci (except DQB1), μl DQB1

Nuclease-free H2O 15.85–18.85 10.45-13.45 μl

Q-Solution (5×) – 5 μl

LongRange enzyme (5 U/μl) 0.4 0.8 μl

Long Range buffer (10×) 2.5

dNTP mix (10 mM each) 1.25

AmpX primer (red cap) 1

Sample DNA (50 ng) 1–4

Total Volume 25
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	 3.	Add 0.6× of AMPure beads (e.g., for 100  μl add 60  μl of 
AMPure beads) to the PCR amplicon and mix by pipetting up 
and down (see Note 5).

	 4.	Spin down the tube to collect the beads and keep it at room 
temperature for 15 min.

	 5.	Keep the tube in a magnetic bead rack until the beads collect 
to the side of the tube and the solution appears clear.

	 6.	Keep the tubes on the magnetic bead rack, remove the cleared 
supernatant to another tube by pipetting off (see Note 6).

	 7.	Do not remove the tube from the magnetic bead rack and add 
freshly prepared 70% ethanol to the Eppendorf tube to the 
opposite side of beads.

	 8.	Use a sufficient volume of 70% ethanol to fill the tube without 
disturbing the beads. Let the tube sit for 30 s.

Table 2 
Cycling protocol for amplification

Step Temperature, °C Time

Number 
of 
cycles

Initial denaturation 95 3 min   1

Denaturation 95 15 s 35

Annealing 65 30 s

Elongation 68 6 min

Final elongation 68 10 min   1

Cooling   4 ∞

Table 3 
Approximate size of PCR products

HLA locus Expected size, Kb

A, B and C 3.1–3.4

DRB1 3.7–4.8

DRB3 3.8

DRB4 0.4 (exon 2) and 1.3 (exon 3)

DRB5 4.0

DQA1 5.4–5.8

DQB1 3.7–4.1

Full-Length HLA Typing Using PacBio SMRT



142

	 9.	After 30 s, pipette and discard the 70% ethanol.
	10.	Repeat steps 6–8 above.
	11.	Remove residual 70% ethanol by short spin and place back on 

magnetic stand.
	12.	Pipette off any remaining 70% ethanol (see Note 7).
	13.	Allow beads to air-dry (with the tube caps open) for 30–60 s 

(see Note 8).
	14.	Remove the tube from the magnetic rack and add 50 μl of elu-

tion Buffer to the sample. Elute the DNA off the beads.
	15.	Vortex for 30 s and incubate at room temperature for 10 min.
	16.	Put the tube back on the magnetic rack to elute the sample 

from the beads and transfer the sample to a fresh tube. The 
bead tube can be discarded.

Quality and quantity of purified PCR amplicon using Caliper 
LabChip GX/Agilent 2100 Bioanalyzer and Qubit, respectively.

	 1.	Quantify the purified amplicons of class I and II genes using 
1 μl of DNA and analyzing by DNA BR assay kit as per manu-
facturer’s protocol on Qubit 3.0.

	 2.	Check the size of amplicon on Caliper LabChip GX (Perkin 
Elmer, USA) or Agilent 2100 Bioanalyzer using 12,000 DNA 
chip and reagents as per the manufacturer’s protocol.

	 3.	Confirm the size of amplicons as per the expected size given in 
Table 3.

	 1.	Prepare the SMRTbell library using SMRT template prepara-
tion kit as per the manufacturer’s protocol [15]. SMRT tem-
plate preparation protocol consists of the following steps.

	 2.	Equimolar pooling of purified PCR amplicon (see Subheading 
3.2.1).

	 3.	Repair DNA damage (see Subheading 3.2.2).
	 4.	Purify the repaired DNA (see Subheading 3.2.3).
	 5.	Blunt-end ligation of SMRTbell™ adapters to the end-repaired 

amplicons (see Subheading 3.2.4).
	 6.	Add exonuclease and incubate (see Subheading 3.2.5).
	 7.	Purify SMRTbell™ templates (see Subheading 3.2.6).
	 8.	SMRTbell™ Library Quality Assessment (see Subheading 

3.2.7).
	 9.	Anneal primers to SMRTbell templates (see Subheading 3.2.8).
	10.	Bind polymerase to SMRTbell templates (see Subheading 

3.2.9).

3.1.6  Quality Assessment 
of Purified PCR Amplicon

3.2  HLA SMRTbell 
Library Preparation
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The PacBio SMRT library was prepared by pooling PCR ampli-
cons of all HLA genes with equimolar concentration for each 
sample.

	 1.	Convert the concentration of each amplicon into molar con-
centration using the below formula:

	 Molar concentration
Concentration of amplicon

=
´( )1000000 65/ 00Da

size in bases
. 	

	 2.	Pool equal molar of all the amplicons of each sample to make 
one sample. Pool equal molar concentration of HLA-A, HLA-
B, HLA-C, HLA-DQB1 and HLA-DRB1 as one sample.

	 3.	Keep target volume of final pool (μl) as 20 μl and target con-
centration per amplicon (nM) for equimolar pool as 4 nM.

	 1.	Thaw the kit component on ice and add the reagents as per the 
Table 4 in a LoBind microfuge tube (recommended).

	 2.	Mix the content by pipetting and spin down tube contents.
	 3.	Incubate at 37 °C for 20 min or longer, then return reaction 

to 4 °C for 1 min.

	 1.	Bring the bead reagent to room temperature and mix it well 
until the solution appears homogenous.

	 2.	Add 0.6× volume of AMPure PB magnetic beads to the End-
Repair reaction and mix by pipetting up and down.

3.2.1  Equimolar Pooling 
of Purified PCR Amplicon

3.2.2  Repair DNA 
Damage in Amplicons

3.2.3  Purify 
the Repaired DNA

Table 4 
DNA repair reagent mix

Reagents Stock concentration Volume Final

DNA amplicon pool – X μl for 1.0—5 μg –

DNA damage repair 
buffer

10× 5.0 μl 1×

NAD+ 100× 0.5 μl 1×

ATP Hi 10 mM 5.0 μl 1 mM

dNTP 10 mM 0.5 μl 0.1 mM

DNA damage repair mix 2.0 μl –

H2O X μl –to raise the final volume 
to 50 μl

–

Full-Length HLA Typing Using PacBio SMRT
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	 3.	Spin (or pulse) down the tube to collect the beads and transfer 
the tube to a VWR vortex mixer (recommended).

	 4.	Allow the DNA to bind to beads by shaking at 2000 rpm for 
10  min at room temperature until the bead/DNA mixture 
should appear homogenous.

	 5.	Spin down the tube for a few seconds to collect beads.
	 6.	Place the tube in a magnetic bead rack until the beads collect 

to the side of the tube and the solution appears clear (see 
Note 9).

	 7.	Keeping the tubes on the magnetic bead rack, remove the 
cleared supernatant to another tube by pipetting off (see Note 
10).

	 8.	Do not remove the tube from the magnetic bead rack and add 
freshly prepared 70% ethanol to the Eppendorf tube to the 
opposite side of beads.

	 9.	Use a sufficient volume of 70% ethanol to fill the tube without 
disturbing the beads. Let the tube sit for 30 s.

	10.	After 30 s, pipette and discard the 70% ethanol.
	11.	Repeat steps 6–8 above.
	12.	Remove residual 70% ethanol by short spin and place back on 

magnetic stand.
	13.	Pipette off any remaining 70% ethanol (see Note 7).
	14.	Allow beads to air-dry (with the tube caps open) for 30–60 s 

(see Note 8).
	15.	Remove the tube from the magnetic rack and add 34 μl of 

Elution Buffer to the sample. Elute the DNA off the beads.
	16.	Vortex for 10 min at 2000 rpm.
	17.	Put the tube back on the magnetic rack to elute the sample 

from the beads and transfer the sample to a fresh tube. The 
bead tube can be discarded.

	18.	The End-Repaired DNA can be stored overnight at 4 °C or at 
−20 °C for longer duration (see Note 11).

During this step, blunt end hairpin adapters (SMRTbell adapters) 
are ligated to repaired end of fragmented DNA.

	 1.	Thaw the reagents on ice and mix them as per Table 5 in a 
LoBind microcentrifuge tube.

	 2.	Add the adapter to the DNA whereas all other components 
should be added to the Master Mix (see Note 12). Make up 
the total volume to 40 μl with water.

	 3.	Mix the reaction well by pipetting and spin down the tube 
contents.

3.2.4  Blunt-End Ligation 
of SMRTbell™ Adapters 
to the End-Repaired 
Amplicons
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	 4.	Incubate at 25 °C for 15 min (see Note 13).
	 5.	Incubate at 65 °C for 10 min to inactivate the ligase and store 

at 4 °C.
	 6.	Caution: Don’t stop and proceed with adding exonuclease 

after this step.

Add exonuclease to remove the un-ligated products.

	 1.	Thaw the reagent on ice and mix the reaction well by 
pipetting.

	 2.	Spin down the tube contents with a quick spin in a microfuge.
	 3.	Add the reagents as per Table  6, mix by pipetting and spin 

down.
	 4.	Incubate at 37 °C for 1 h, then return the reaction to 4 °C.
	 5.	Caution: You must proceed with purification after this step.

In this purification process, there are three distinct and consecutive 
AMPure PB bead purification steps. Refer to Pacific Biosciences 
HLA Getting Started Guide, page no. 25 for detailed steps. Perform 
all purification steps at room temperature to adequately remove 
enzymes (exonucleases, ligases, etc.) and ligation products smaller 
than 0.4 Kb, such as adapter dimers.

The libraries were validated by Agilent Bio-analyzer using 12,000 
DNA Chip and quantified using Qubit 3.0.

	 1.	Quantify the libraries by DNA BR assay kit using 1 μl of DNA 
as per the manufacturer’s protocol on Qubit 3.0.

	 2.	Check the size of library using Agilent 2100 Bioanalyzer using 
12,000 DNA chip and reagents as per manufacturer’s protocol 
(see Note 14).

Before starting the sequencing, the SMRTbell template must be 
annealed to sequencing  primers at  both ends of the SMRTbell 
template. This step is followed by binding of DNA polymerase to 
annealed template.

A Binding Calculator is provided to assist with setting up the 
annealing and binding reactions and setting up the sample plate for 
sequencing as per the manufacturer’s protocol (Pacific Bioscience 
Template preparation and sequencing guide). Calculator can be 
downloaded from the web at http://calc.pacb.com or http://
calc.PacificBiosciences.com.

	 1.	In the calculator, click on number of SMRT Cells option which 
specifies how many SMRT Cells to prepare, and the Calculator 
determines the amount of sample necessary.

3.2.5  Add Exonuclease 
and Incubate

3.2.6  Purify SMRTbell™ 
Templates

3.2.7  SMRTbell™ 
Library Quality Assessment

3.2.8  Anneal Primers 
to SMRTbell Templates

Full-Length HLA Typing Using PacBio SMRT

http://calc.pacb.com
http://calc.pacificbiosciences.com
http://calc.pacificbiosciences.com


146

	 2.	Add the library concentration and size of libraries. Eg 20 ng/
μl and 4000 bases.

	 3.	Protocol: Select the loading method as MagBead.
	 4.	Binding Kit: Select the sequencing polymerase as P6v2.
	 5.	Preparation Protocol: Small scale.
	 6.	Long Term Storage: No.
	 7.	DNA Control Complex: Yes.
	 8.	Complex Reuse: No.
	 9.	Standard Concentration: Yes
	10.	Click on Custom Parameters section.
	11.	Concentration on Plate: Use the default recommendation as 

0.01 nM.
	12.	DNA Control Complex Ratio to Template: Use the default 

recommendation as 1.2%.

Table 5 
Blunt end ligation reaction mix

Reagents Stock concentration Volume Final

DNA (end repaired) – 29–30 μl –

Blunt adapter (20 μM) 20 μM 1.0 μl 0.5 μM

Mix before proceeding

Template Prep Buffer 10× 4.0 μl 1×

ATP Lo 1 mM 5.0 μl 0.05 mM

Mix before proceeding

Ligasea 30 U/μl 1.0 μl 0.75 U/μl

H2O Add to make 40 μl –

aThe Ligase Enzyme tube should remain closed and on ice when not frozen

Table 6 
Exonuclease reaction mix

Reagents Stock concentration
Volume 
(μl)

Ligated DNA 40

Exo III 100 U/μl 1.0

Exo VII 10 U/μl 1.0

Total 42
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	13.	Polymerase: Template Ratio: Use the default recommendation 
as 10:1.

	14.	Primer: Template Ratio: Use the default recommendation as 
20:1.
For the Conditioning primer:

	 (a)	� Dilute and preheat the Sequencing Primer from 5000 to 
150 nM in Elution Buffer as given in Table 7.

	 (b)	� Incubate the diluted primers at 80 °C for 2 min then hold 
at 4 °C (see Note 15).

For the annealing primer:

	 (a)	� In a fresh tube, add the appropriate amount of reagents in 
the order given in Table 8.

	 (b)	� Mix the content with pipetting, spin down briefly, and 
incubate at 20 °C for 30 min.

	 (c)	� Transfer to 4  °C location for immediate use or store at 
−20 °C.

Table 7 
Reagents for conditioning primer

Reagents Volume, μl

Sequencing Primer v2 1.0

Elution buffer 32.3

Total volume 33.3

Table 8 
Reaction mix for annealing primer

Reagents Volume

Volume H2O 6.1 μl

10× primer buffer 0.9 μl

Sample volume 0.97 μl

Diluted sequencing primer 1.0 μl

Total volume 9.0 μl

Final concentration 0.8333 nM

Full-Length HLA Typing Using PacBio SMRT
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In the binding reaction step, DNA sequencing polymerases are 
bound to the primer-annealed SMRTbell templates.

	 1.	Thaw the reagents for polymerase dilution and prepare the 
reaction on ice.

	 2.	Dilute the polymerase in 0.5 ml tube (Table 9), mix by pipet-
ting, and spin down briefly.

	 3.	For polymerase binding, add the components as mentioned in 
Table 10, mix by pipetting and spin down briefly.

	 4.	Incubate at 30 °C for 30 min and hold at 4 °C (see Note 16).

Prior to sequencing, the template-polymerase complex must be 
transferred to a 96-well sample plate with concentrations and vol-
umes specified by the Binding Calculator. The bound complex for 
sequencing is prepared as mentioned below.

The DNA Internal Control Complex (Pacific Biosciences) are 
SMRTbell templates already bound with the polymerase and these 
are added to the sample before loading on the instrument. DNA 

3.2.9  Bind Polymerase 
to SMRTbell Templates

3.2.10  Bind the DNA 
Complex to MagBead

Table 9 
Polymerase dilution reaction mix

Reagents Volume

SA-DNA polymerase P6 (500 nM) 1.5 μl

Binding buffer v2 13.5 μl

Total volume 15.0 μl

Final concentration 50 nM

Table 10 
Polymerase binding reaction mix

Reagents Volume

No of SMRT cells 1

dNTP 1.5 μl

DTT 1.5 μl

Binding buffer v2 1.5 μl

Annealed template 9 μl

Diluted polymerase 1.5 μl

Total volume 15 μl

Final concentration 0.5 nM
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control helps in determining any problems that may occur during 
binding and the sequencing run. The amount of DNA Internal 
Control Complex to add to experimental templates is determined 
by the sample insert size and chosen chemistry. The Binding 
Calculator automatically recommends the amount of DNA Internal 
Control Complex to add to achieve the total number of reads 
(between 500 and 1000 reads per SMRT Cell, see Note 17).

	 1.	Dilute the DNA Internal Control Complex as shown in 
Table 11.

	 2.	Further dilute the first dilution of DNA control as shown in 
Table 12.

	 3.	Dilute the sample complex as given in Table 13 (see Note 18).
	 4.	Keep the magnetic beads cold.

Table 11 
First dilution of internal control complex

Reagents Volume, μl

MagBead binding buffer   99

Stock DNA control     1

Total volume 100

Table 12 
Second dilution of internal control complex

Reagents Volume, μl

MagBead binding buffer 49

First dilution   1

Total volume 50

Table 13 
Dilution of the sample complex

Sample name HLA

# of SMRT cells 1

MagBead wash buffer 0 μl

MagBead binding buffer 18.6 μl

Sample complex 0.38 μl

Total volume 19.0 μl (at 0.01 nM)

Full-Length HLA Typing Using PacBio SMRT
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	 5.	Add 73.9 μl MagBeads to empty tube and place it on magnetic 
stand.

	 6.	Collect beads. Remove the supernatant and discard.
	 7.	Add 73.9 μl of MagBead wash buffer and wash by slowly aspi-

rating and dispensing ten times.
	 8.	Collect beads. Remove the supernatant and discard.
	 9.	Add 73.9 μl of MagBead Binding Buffer and mix by slowly 

aspirating and dispensing ten times.
	10.	Add 73.9 μl of washed beads to a new tube and place it on a 

magnetic stand.
	11.	Collect beads. Remove the supernatant and discard.
	12.	Add 19 μl of diluted sample complex and mix by slowly aspi-

rating and dispensing ten times.
	13.	Incubate in a rotator at 4 °C for 20 min (up to 2 h).
	14.	Keep the tube containing MagBead complex on a magnetic 

plate.
	15.	Collect beads. Remove clear supernatant and discard (see 

Note 19).
	16.	Add 19 μl of MagBead binding buffer and mix by slowly aspi-

rating and dispensing ten times.
	17.	Collect beads by placing the tube on magnetic stand. Remove 

the supernatant and discard.
	18.	Add 19 μl of MagBead wash buffer and wash by slowly aspirat-

ing and dispensing ten times.
	19.	Collect beads by placing the tube on magnetic stand. Remove 

the supernatant and discard.
	20.	Add 1.2 μl of DNA Control Dilution.
	21.	Add 17.8 μl of MagBead Binding Buffer and mix by slowly 

aspirating and dispensing ten times.
	22.	Keep at 4 °C until use.

	 1.	Loading the sample plate: Transfer the specified volumes (19 μl) 
into separate well of a new 96-well PCR plate for processing on 
PacBio RS (see Note 18).

	 2.	Load the reagents, tips and SMRT cells on the sequencer and start 
sequencing: The reagents and SMRT cell vary with type of 
sequencer used, therefore refer to [16] for details.

PacBio raw sequencing reads is converted into consensus sequences 
using Long amplicon analysis software by PacBio (http://pacbio-
devnet.com/). Further data can de-multiplexed based on adapter 
sequence followed by trimming of primer sequences. Allele calling can 
be done by comparing with nearest IMGT HLA alleles using com-
mercially available HLA typing softwares from connexion and GenDx.

3.3  Sequencing

3.4  Data Analysis 
Using 
Bioinformatics Tools
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Long amplicon analysis protocol software by PacBio generates de- 
novo consensus sequences from pooled amplicon samples. Each 
amplicon can come from a diploid or polyploid organism; the soft-
ware uses any differences between the alleles to split the consensus 
sequence into multiple haplotypes. It allows for accurate allelic 
phasing and variant calling in large genomic intervals. The software 
first splits the reads by barcode, then the reads for each barcode are 
processed independently.

The Long Amplicon Analysis software includes four main 
steps:

	 1.	Coarse clustering: This step group reads from different ampli-
cons into different clusters. The coarse clustering step is gener-
ally successful in separating HLA-A, B, and C genes of class I 
and DR, DP and DQ gene of class II into separate clusters.

	 2.	Phasing: This step load the reads for each cluster into the 
Quiver consensus software (http://pacbiodevnet.com/) and 
find an initial consensus. Recursively split reads from different 
haplotypes or other PCR products based on high scoring 
mutations proposed by Quiver.

	 3.	Consensus: Consensus generates a final consensus for each hap-
lotype or PCR product using Quiver.

	 4.	Post-processing filters: This step removes PCR artifacts. Chimeric 
sequences are identified, and other PCR artifacts are identified 
by overall consensus quality.

HLA alleles can be typed using commercially available softwares 
like, NGSengine-GenDx (http://www.gendx.com/products/
ngsgo-pb), and HLA typing software-connexion (http://www.
conexio-genomics.com).

4  Notes

	 1.	Do not add QIAGEN protease or proteinase K directly to 
Buffer AL.

	 2.	Incubating the QIAamp Mini spin column loaded with Buffer 
AE or water for 5 min at room temperature before centrifuga-
tion generally increases DNA yield. A second elution step with 
a further 200 μl Buffer AE will increase yields by up to 15%.

	 3.	It is extremely important to include at least one negative con-
trol in every PCR setup that lacks template nucleic acid to 
detect possible contamination.

	 4.	Clean-up of the PCR products should be carried out within 
24 h.

3.4.1  Long Amplicon 
Analysis Software

3.4.2  HLA Typing 
Softwares

Full-Length HLA Typing Using PacBio SMRT
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	 5.	0.6× AMPure beads is required to purify the DNA fragment of 
1–5 Kb.

	 6.	Avoid disturbing the bead pellet.
	 7.	Evaporation of ethanol can be confirmed by turning the 

tube. If the bead pellet is dry, it will stay on the wall in the same 
spot even though it is not on the magnet.

	 8.	Do not exceed 2 min that can lead to over drying of the beads.
	 9.	The actual time required to collect the beads to the side 

depends on the volume of beads added.
	10.	Avoid disturbing the bead pellet.
	11.	The protocol can be stopped at this step and reaction mix can 

be stored for longer duration. 
	12.	The adapter should be added to DNA and NOT to the ligase 

enzyme master mix.
	13.	For blunt end ligation, overnight incubation at 25 °C is rec-

ommended for input material less than 1 μg. At this point, the 
ligation can be extended up to 24 h to maximize ligation effi-
ciency, or cooled to 4 °C for storage of up to 24 h.

	14.	Typical library yields will require at least a 1:10 dilution prior 
to analysis on the Bioanalyzer instrument to ensure reliable 
quantitation.

	15.	Conditioned primer may be stored at −20 °C and used for up 
to 30 days.

	16.	Once the polymerase-SMRTbell template complex is formed, 
it should either be immediately used or stored at 4 °C for up to 
3 days. Yield may be impacted if stored longer than 7 days.

	17.	The calculations are considering following the Insert size—
4000 bases, Library Concentration—20  ng and Number of 
SMRT cell used—1.

	18.	The calculations are for the preparation of one SMRT cell, the 
amount will vary depending upon the number of SMRT cells 
used.

	19.	Optional: you can save 5 μl of supernatant for QC purposes.
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Chapter 10

Full-Length HLA Class I Genotyping with the MinION 
Nanopore Sequencer

Kathrin Lang, Vineeth Surendranath, Philipp Quenzel, Gerhard Schöfl, 
Alexander H. Schmidt, and Vinzenz Lange

Abstract

Nanopore sequencing, a paradigm change in sequencing technologies, offers a new cost-effective and scal-
able platform for HLA genotyping. Among the new generation of high-throughput sequencing technolo-
gies, the MinION nanopore sequencer is the first to offer a non-template-based direct DNA sensing 
sequencing technology. Oxford Nanopore Technologies (ONT) introduced the first version of the 
MinION in 2014; since then, the platform has gone through multiple iterations resulting in higher 
throughput and sequencing accuracy. The “what you put in is what you get” nature of the platform 
enables molecules to be sequenced without fragmentation. This results in ultra-long read lengths in the 
order of tens of kilobases enabling entire genes to be characterized with fully phased sequence information. 
With release R9.5, the MinION platform has reached a quality that enables HLA genotyping with minor 
shortcomings in long homopolymer regions. Within this chapter, we describe a protocol for sequencing 
and genotyping HLA Class I alleles using the MinION.

Key words HLA, Full-length, Genotyping, Nanopore sequencing, MinION

1  Introduction

With dimensions of 10 × 3 × 2 cm and 90 g weight, the MinION 
[1] is a portable sequencer that plugs directly into a standard USB3 
port on a desktop computer that runs the MinKNOW software 
which is required to run and control the MinION sequencer (avail-
able for download from the ONT community portal). The 
MinION sequences unfragmented molecules in the order of tens 
of kilobases by the translocation of a DNA molecule through an 
orifice (referred to as pore) under the influence of a uniform electric 
field across a lipid membrane. This translocation causes character-
istic changes in electric current density across the membrane, which 

Electronic supplementary material:  The online version of this article (https://doi.org/10.1007/978-1-4939-8546-
3_10) contains supplementary material, which is available to authorized users.
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are then translated into nucleotide sequences. Since its introduc-
tion, the MinION platform has undergone rapid development 
with three changes of the pore, six changes of the chemistry 
involved in sequencing, and multiple software iterations. These 
changes have led to significant improvements in sequencing 
throughput, mainly by increasing translocation speed from 30 to 
450 nucleotides per second, and basecalling accuracy, reducing 
single read error rate from 30% to 10% [2, 3].

Nanopore sequencing technology promises a cost-effective, 
practical, and efficient solution to characterize and genotype HLA 
alleles in their entirety, thus voiding phasing issues. Despite the 
relatively high per-read error rate, accurate mapping, consensus 
definition, and subsequent accurate genotyping are possible with a 
few hundreds of reads [1, 4, 5]. This also allows for multiplexing 
tens of samples within a single run with only approximately a hun-
dred reads (in the order of 5 kb length) necessary to accurately 
genotype HLA class I loci [4, 5]. HLA genotyping using the 
MinION currently suffers from the inability to distinguish a lim-
ited number of specific alleles owing to the platform’s failure in 
accurately characterizing long homopolymer stretches [6]. 
Excluding these regions from analysis while genotyping provides a 
temporary workaround; given the pace at which the MinION plat-
form has evolved, a timely resolution of this issue is to be expected.

Within this chapter, the steps, both in the laboratory and in 
silico, required to characterize HLA Class I genotypes from 
genomic DNA are elucidated. Starting from genomic DNA, this 
protocol involves the use of primers targeting the three HLA Class 
I loci [7]. Molecular barcodes are attached in a second PCR to 
enable pooling of up to 96 PCR products. After a couple of 
sequencing library preparation steps, the PCR products are loaded 
on the MinION device [8]. The output files in the FAST5 format 
are first converted to FASTQ files, then demultiplexed and finally 
genotyped with commercially available genotyping software [9].

2  Materials

	 1.	Genomic DNA.
	 2.	HLA-specific primers extended by the following overlap 

sequences for MID-PCR:
Forward primer: ACTTCGTACGTACGGCGTCTTATAC<

Target specific Forward Primer>.
Reverse primer: GAGACACGTCCGATTACGACTTGAC<

Target specific Reverse Primer>.
For HLA Class I target-specific primer sequences, see ref. 7.

	 3.	MID primers.
Forward primer: GGTGCTG[MID]TTAACCTACTTCGT

ACGTACGGCGTCTTATAC.

2.1  PCR
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Reverse primer: AGGTTAA[MID]CAGCACCGAGACAC
GTCCGATTACGACTTGAC.

For [MID] sequences see Supplementary Document 1.
	 4.	PCR Kit of choice.
	 5.	Thermocycler.
	 6.	Gel-electrophoresis system.

	 1.	SPRIselect beads.
	 2.	Magnetic rack.
	 3.	70% ethanol.

	 1.	DNA low-bind tubes.
	 2.	NEBNext End Repair/dA-tailing Module Kit [NEB].
	 3.	NEB Blunt/TA Ligase Mastermix [NEB].
	 4.	1D2 sequencing Kit for genomic DNA [Oxford Nanopore; 

SQK-LSK 308].
	 5.	Library Loading Bead Kit [Oxford Nanopore; EXP-LLB001].

	 1.	MinION MK1B.
	 2.	R9.5 flow cell (FLO-MIN107).
	 3.	Linux PC with at least 12 CPU cores and a minimum of 64 GB 

RAM with the software listed below, installed on it.
	 4.	MinKNOW software (downloadable from https://commu-

nity.nanoporetech.com).
	 5.	Albacore software (downloadable from https://community.

nanoporetech.com).
	 6.	LAST aligner (downloadable from http://last.cbrc.jp/).
	 7.	Biopieces framework (downloadable from http://maasha.

github.io/biopieces/).
	 8.	Demultiplexing scripts (downloadable from https://github.

com/DKMS-LSL/ont_lastlopper).

	 1.	Windows Desktop PC with a minimum of 8 GB RAM.
	 2.	NGSengine (GenDx)/HLA specific software installed on the 

Windows Desktop PC.

3  Methods

Carry out all steps at room temperature. Pipette enzymes and 
ONT reagents on ice or cooling block. From DNA end repair 
onward, for all library preparation steps, DNA low-bind tubes are 
recommended. Avoid fast pipetting through thin pipette tips to 

2.2  Purification

2.3  Library 
Preparation

2.4  Sequencing, 
Basecalling, 
and Demultiplexing

2.5  Genotyping

HLA Genotyping with Nanopores
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prevent shearing of the long amplicons. In particular, do not mix 
by pipetting. Instead, mix by inversion or flicking the tube with a 
finger.

	 1.	Perform individual long-range PCRs with an appropriate long-
range PCR kit with 50–200 ng genomic DNA and primers of 
choice to amplify HLA class I genes [7]. Verify amplification 
success and specificity by gel-electrophoresis (see Note 1).

	 2.	Perform MID-PCRs with an appropriate long-range PCR kit 
using distinct barcodes/MIDs (see Subheading 2.1 and 
Supplementary Document 1) for each reaction.

	 3.	Pool up to 96 MID-PCR products. Optionally, PCR product 
quantity may be equalized by adjusting the volume of pooled 
PCR product based on the gel-electrophoresis band 
intensities.

	 4.	Purify at least 400 μl of the amplicon pool with SPRIselect 
beads in a bead/DNA volume ratio 0.6×. Make sure the beads 
are suspended completely by vortexing. Mix by inversion and 
spin down only for a short time such that the beads remain 
dispersed. Incubate for 5–10 min. Separate beads on a mag-
netic rack. Discard the supernatant. Perform a wash step with 
500  μl 70% ethanol leaving the tube at the magnetic rack. 
Discard the supernatant. Repeat the wash step. Spin down 
shortly to gather the ethanol at the bottom of the tube, sepa-
rate the ethanol from beads using a magnetic rack, and remove 
completely (see Note 2). Air-dry the pellet for 2 min. Elute 
with 150 μl of water, mix by inversion, and spin down shortly. 
Incubate for 5 min. Separate beads using the magnetic rack. 
Transfer the supernatant to a fresh tube.

	 5.	Measure the DNA concentration preferably using a fluorescent-
based method.

	 1.	Prepare the DNA end-repair/dA-tailing reaction according to 
the manufacturer’s guidelines in a total volume of 60 μl using 
500 fmol (1.5 μg at 4.5 kb amplicon length) of the initial puri-
fied pool.

	 2.	After heat-inactivation of the DNA end-repair/dA-tailing 
reaction, spin down shortly and transfer 100 μl to a 1.5 ml 
tube. Add 60 μl (0.6×) of SPRIselect beads for purification to 
the DNA end-repair/dA-tailing reaction. Purify as described 
in step 4 of Subheading 3.1.

	 3.	Quantify recovery by fluorescence. Ensure a recovery of 
700 ng to 1 μg of DNA (see Note 3).

	 4.	Mix 22.5 μl of the eluted amplicon pool with 2.5 μl 1D adapt-
ers (ONT kit) and 25  μl Blunt/TA Ligase Master Mix (see 
Note 4) and incubate for 10 min. Use water to reach a total 

3.1  PCR and Pre-
Library Steps

3.2  Library 
Preparation
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volume of 100 μl and then add 60 μl (0.6×) SPRIselect beads. 
Purify as described in step 4 of Subheading 3.1.

	 5.	Elute with 46 μl water and incubate for 5 min. Use the mag-
netic rack for separation and transfer the supernatant to a fresh 
tube.

	 6.	Mix 45 μl from step 5 with 5 μl BAM (ONT kit) and 50 μl 
Blunt/TA Ligase Master Mix, and incubate for 10 min.

	 7.	Purify by adding 60 μl (0.6×) SPRIselect beads. Incubate for 
5–10 min before using a magnetic rack for separation. Discard 
the supernatant. Perform a wash step with 140 μl of “Adapter 
Bead Binding” buffer (ONT kit). Close the tube and resus-
pend the beads by flicking the tube. Place the tube back on the 
magnetic rack. Discard the supernatant. Repeat the wash step 
with 140 μl of “Adapter Bead Binding” buffer.

	 8.	Air-dry the pellet for 2 min and then elute with 15 μl elution 
buffer (ONT kit). Incubate for 5 min and transfer the superna-
tant to a fresh tube after using a magnetic rack for separation.

	 9.	Quantify recovery by fluorescence. Ensure a recovery of more 
than 250 ng of DNA (see Note 3). The library is now ready for 
sequencing and should be kept on ice.

	 1.	Place the flow cell in a MinION MK1B and connect the 
MinION to the computer on which the MinKNOW GUI is 
installed.

	 2.	Label your experiment in the MinKNOW GUI, e.g., Sample 
ID and flow cell ID, and press the “Submit” button. Select 
Platform Quality Control (QC) script under “Choose opera-
tion” and press the “Execute” button. When the check is com-
plete, the software will return to the start page. To see the 
active pore report, click on the “notification panel.” The num-
ber of active pores should be more than 800 (see Note 5).

	 3.	Inspect the flow cell for air bubbles in the channel between 
priming port and array. To remove air bubbles, open the 
“Priming Port” and draw out buffer and bubbles; while remov-
ing buffer ensures that the sensor array is always covered by 
buffer (see Note 6).

	 4.	Mix 480  μl Running Buffer (RBF) (ONT kit) with 520  μl 
water as priming solution. With a 1000 μl pipette, add 800 μl 
of the freshly prepared priming solution via the “Priming 
Port.” Close the “Priming Port” and wait for 5 min. Open the 
“SpotON Sample Port” and add the remaining 200 μl via the 
“Priming Port.” Take care to not introduce air bubbles while 
pipetting, preferably by not releasing the plunger (see Notes 6 
and 7).

3.3  Flow Cell Quality 
Control, Priming, 
and Sequencing

HLA Genotyping with Nanopores
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	 5.	In a fresh tube mix 35  μl Running Buffer (RBF), 25.5  μl 
Loading Beads, 2.5  μl water, and 12  μl of the sequencing 
library (from Subheading 3.2). Dropwise, add 75 μl of this mix 
in the “SpotOn Sample Port.” Replace the SpotON Sample 
Port cover and close the Priming Port. Close the MinION lid.

	 6.	Select the appropriate protocol script under “Choose 
Operation” (see Note 8) and launch sequencing by pressing 
the “Execute” button. The GUI will keep you updated on 
sequencing progression, the time required for sequencing 
being dependent on the chosen sequencing protocol.

	 1.	Determine the location of the FAST5 files output from the 
sequencer within /var./lib/MinKNOW/data/reads (see 
Note 9).

	 2.	Create a directory to store the FASTQ files.
	 3.	Run albacore with the following command:

read_fast5_basecaller.py --flowcell [flowcell used, in the form 
FLO-MINxxx] --kit [sequencing kit used, in the form SQK-LSKxxx] 
-t [number of cores] -o fastq -r -i [location of FAST5 files from 
step 1] -s [directory from step 2]

(see Note 10).
	4.	 Concatenate the resulting FASTQ files into 1 FASTQ file using 

the command:
cd [directory from step 2]; for fastq_file in `ls *. fastq` do 
cat $fastq_file > [name of FASTQ file]; done

	5.	 Download the demultiplexing scripts into a new directory and 
copy the newly created FASTQ file into the same directory.

	6.	 Make the wrapper script executable with the command:

cd [location of the new directory from step 5.]; chmod +x de-
multiplex_vlast.sh

	 7.	Copy the “Supplementary_2.fa” (Supplementary Document 2 
in FASTA format) into the directory from step 5.

	 8.	Run the demultiplexing routine with the command:
./demultiplex_vlast.sh [name of the FASTQ file with all the reads] 
[name of the MID FASTA file]

	 1.	Open NGSengine (GenDx).
	 2.	Open a “New project” via the file-button in the left-hand cor-

ner at the top.
	 3.	Define a name for your project and a folder where it should be 

saved, press “Next.”

3.4  FASTQ Extraction 
and Demultiplexing

3.5  Genotyping
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	 4.	Add the folder where the demultiplexed fastq files are stored, 
press “Next.”

	 5.	A summary is shown, press “Next” to see a data overview for 
further analysis.

	 6.	Open “Preferences” via the File tab in the left hand corner at 
the top:

	 (a)	� Within the “General” section, set the maximum number 
of reads to 10,000 (see Note 11), set platform to “Oxford 
Nanopore” as the sequencing platform.

	 (b)	�Within the “Locus default settings” section, set “Amplicon” 
to “Auto,” and “Analysis region” to “Amplicon.” Exclude 
problematic stretches, such as homopolymers, by exclud-
ing them in the “Ignore regions” field after setting it to 
“Custom.” Use the IPD-IMGT/HLA genomic coordi-
nate system to set the regions (see Note 12).

	 (c)	� Within the “Locus Selection” section, define the loci that 
were in the sequencing run. Put them in the “Analysis” 
column.

	 7.	Define the Loci by holding the mouse over the sample to be 
analyzed; via right mouse click, set the HLA locus/loci that 
should be typed.

	 8.	Press “Analyze” for all samples at the left-hand site of the 
screen or for a specific sample at the right-hand side at the end 
of the sample line.

	 9.	When the data analysis is complete, an overview of the geno-
typed alleles for the samples is shown.

4  Notes

	 1.	High yield of the targeted product is important for successful 
data analysis. Smaller unspecific amplification products detect-
able in the gel-electrophoresis picture may indicate side prod-
ucts present at higher molarity than the targeted product and 
may therefore dominate the sequencing output.

	 2.	Ethanol is known to interfere with downstream library prepa-
ration steps.

	 3.	Lower recoveries indicate suboptimal handling and will result 
in lower sequencing output.

	 4.	If the Blunt/TA Ligase Master Mix has partially precipitated, 
dissolve completely by vortexing or pipetting.

	 5.	Flow cells with less than 800 active pores will result in lower 
sequencing yield and should therefore be returned to ONT for 
replacement.

HLA Genotyping with Nanopores



162

	 6.	Air contact will damage the pores.
	 7.	At times the priming solution can bubble out of the “SpotON 

Port” but will be retracted by capillary action, thus spreading 
over the array; this should not raise any concerns.

	 8.	MinKNOW will automatically suggest the appropriate sequenc-
ing protocol based on the already chosen flow cell type and 
ONT kit used for sequencing preparation.

	 9.	Every run has two date and time stamped subfolders within the 
“reads” folder. The folder with the earlier time stamp is from 
an instrument control run and the folder with the later time 
stamp contains the FAST5 files pertaining to the samples 
sequenced.

	10.	Though the ONT kit used is a 1D2 (where both the sense and 
antisense strands of a molecule are sequenced, in contrast to 
1D reads where only one of the strands is sequenced) kit, base-
calling 1D2 reads for amplicon sequencing is prohibitively time 
consuming, at the time of writing, and should be avoided.

	11.	Choosing to use all the reads can be quite time intensive, set-
ting this number to 10,000 enables faster genotyping without 
loss of resolution.

	12.	Homopolymers longer than 6 nucleotides are underestimated 
by the basecaller, at the time of writing, and can lead to errone-
ous genotyping; such regions can be excluded from further 
analysis by NGSengine reducing the resolution but preventing 
erroneous results.
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Chapter 11

Imputation-Based HLA Typing with SNPs in GWAS Studies

Xiuwen Zheng

Abstract

SNP-based imputation approaches for human leukocyte antigen (HLA) typing take advantage of the 
extended haplotype structure within the major histocompatibility complex (MHC) to predict classical 
HLA alleles using dense SNP genotypes, such as those available on chip panels of genome-wide association 
study (GWAS). These methods enable HLA analyses of classical alleles on existing SNP datasets genotyped 
in GWAS studies at no extra cost. Here, I describe the workflow of HIBAG, an imputation method with 
attribute bagging, for obtaining a sample’s HLA class I and II genotypes of two-field resolution using SNP 
data. Two examples are provided to illustrate with a publicly available HLA and SNP dataset: genotype 
imputation with pre-fit classifiers in GWAS, and model training to build a new classifier.

Key words HLA, MHC, Imputation, SNP, GWAS, HIBAG

1  Introduction

The human leukocyte antigen (HLA) system, located in the major 
histocompatibility complex (MHC) on chromosome 6p21, is 
highly polymorphic and contains 226 genes with essential roles in 
the immune system. It has been shown to be important in human 
disease, adverse drug reactions, and organ transplantation [1], and 
more than 100 diseases and cancers are found to be associated with 
HLA variation [2]. HLA genes present a wide range of peptides to 
provide defense against a great diversity of environmental microbes. 
Evolutionary pressure has given rise to a great deal of functional 
diversity. Among these HLA loci, the class I genes (HLA-A, -B, 
and -C) and the class II genes (HLA-DRB1, -DQA1, -DQB1, and 
-DPB1) are the most frequently studied.

Due to the inherent highly polymorphic nature of the HLA 
region, high-resolution HLA typing remains challenging [3, 4]. 
Sequence-based typing (SBT) approaches have been considered 
the gold standard, however SBT approaches are relatively time-
consuming and cost-prohibitive for large-scale studies compared 
to recent methods using next-generation sequencing (NGS). An 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_11&domain=pdf
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alternative to SBT and NGS approaches is to infer or “impute” 
HLA types using SNP data in a genome-wide association study 
(GWAS). The typical SNPs used in HLA imputation are in the 
flanking region of a specific HLA gene, and the imputation meth-
ods rely on linkage disequilibrium between the presence of a SNP 
allele and specific HLA alleles. These methods require a training 
sample with reference information about how SNP variants are 
associated with HLA alleles. The HLA types of a new sample are 
determined by its SNP profile and a prediction model.

Although imputation-based methods are generally less accu-
rate than direct sequencing approaches, one of the motivations 
using imputation is to leverage SNP datasets of millions of indi-
viduals genotyped in GWAS studies in the last decade, without 
additional cost involved [5]. A new method for HLA imputation 
using attribute bagging, HIBAG, was proposed recently, which is 
highly accurate and computationally tractable [6]. It can be used 
with published parameter estimates and eliminate the need to 
access large training samples. HIBAG combines the concepts of 
attribute bagging with haplotype inference from unphased SNPs 
and HLA types. Attribute bagging is a technique for improving the 
accuracy and stability of classifier ensembles using bootstrap aggre-
gating and random subsets of variables [7, 8]. This method was 
independently validated using population-specific references and 
1000 genomes HLA data in Japanese, Brazilian, and African 
American study samples [9–11]. The ability to accurately impute 
2-field HLA genotypes in the Human Genome Diversity Project 
cell panel was further assessed in a recent collaborative study, sug-
gesting the importance of large and diverse reference datasets [12].

The accuracy of HIBAG imputation depends on various fac-
tors, including whether the imputed population is evolutionary 
closely related to reference [5], the sample size of training data, the 
degree of polymorphism of HLA genes, the frequency of the HLA 
allele, the SNP density in the HLA region available on genotyping 
platforms, and genomic structure deletion resulting in systematic 
exclusion of SNPs from chip panels [12]. Our previous study found 
that the 2-field accuracies were between 92% and 99% for 
Europeans, but with a drop when inferring alleles for samples of 
Asian, Hispanic, and African ancestries. In general, a well-matched 
training set is necessary for high imputation accuracy, e.g., 90% or 
greater.

Our HIBAG method is freely available in the R/Bioconductor 
package (http://www.bioconductor.org/packages/HIBAG). The 
pre-fit classifiers have been published as an initial set of parameter 
estimates for the Illumina 1M Duo, OmniQuad, OmniExpress, 
660K and 550K platforms, using the common SNP markers among 
these platforms [6]. A typical parameter file for imputing HLA 
types contains only haplotype frequencies at randomly selected 
SNP sites rather than individual training genotypes. Therefore, 
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HIBAG does not require the uploading of genotype information 
to a website for web-implemented methods, which could raise 
concerns over data privacy, or having access to large training HLA 
datasets. As shown in Fig.  1, the HIBAG workflow consists of 
training and prediction parts. The output of model fitting is a set 
of parameter estimates that are used in the prediction as an input. 
The pre-fit classifiers can be shared in research communities with 
no need of individual genotypes.

The model training with the HIBAG algorithm is a time-
consuming process, while the computation time using pre-fit clas-
sifiers for prediction is much less. Here, I introduce a 
high-performance implementation using graphics processing unit 
(GPU), which is available in the HIBAG.gpu R package (https://
github.com/zhengxwen/HIBAG.gpu). The GPU-based imple-
mentation enables up to 125-fold speedup with one GPU card for 
the process of model building, compared to the CPU calculation 
with one core. This makes training a very large number of samples 
computationally feasible. The HIBAG.gpu package is built based 
on the open computing language (OpenCL) framework, which is 
an open and royalty-free standard for parallel programming of het-
erogeneous systems (https://www.khronos.org/opencl).

As a complement to the initial published parameter estimates 
for Illumina 1M Duo, OmniQuad, OmniExpress, 660K and 550K 
chips, the HIBAG models have been built on more than 20 chip-
based platforms, for example, Illumina ImmunoChip, Infinium 
OmniExpress, and Affymetrix Genome-Wide Human SNP Array 
6.0. Platform-specific pre-built models tailor existing SNP markers 
to targeted chips, and maximize the prediction capability without 
using other SNP imputation tools.

Here, I describe how to use HIBAG to quickly and easily 
determine HLA class I and II genotypes using SNP data in GWAS 
studies. I also demonstrate how to build a HIBAG model with 
HLA and SNP genotypes, using multi-core acceleration and GPU 
computing.

2  Materials

To determine the intermediate-resolution (two-field) HLA types 
of a sample in GWAS, the HIBAG package and additional software 
tools must be installed on a computer. In addition, the pre-fit clas-
sifiers according to the GWAS genotyping platform need to be 
downloaded from the HIBAG website. The examples described in 
Chapter 3 can be executed on a publically available HLA dataset in 
the 1000 genomes project [12, 13] or the samples from your own 
experiments.

HLA Imputation in GWAS
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The HIBAG method is publicly available as an R/Bioconductor 
package, and it can be installed and executed on multiple operating 
systems, e.g., Linux, MacOS and Windows. To utilize the GPU 
functionalities, an OpenCL-compatible hardware accelerator 
should be installed on your desktop or workstation, e.g., NVIDIA 
Tesla K80 for general-purpose computing on graphics processing 
units (GPGPU). Internet access is not necessary if the required 
datasets and pre-fit classifiers have been downloaded.

The R programming environment (http://www.r-project.org) 
should be installed and R v3.0 or a newer version is recommended. 
HIBAG v1.14.0 from Bioconductor or github is required to com-
plete the exercises in this chapter (http://www.bioconductor.org/
packages/HIBAG). The kernel of the HIBAG package is written 
in C++. To install the package from the source codes, a C++ com-
piler should be available on your operating system, e.g., GNU g++ 
compiler. To enable a GPU application, an appropriate driver 
should be installed including OpenCL headers and libraries, which 

2.1  Hardware

2.2  Software 
Dependencies

Training datasets

HLA
types

SNP
genotypes

Computers

CPU

+

GPU

HIBAG package
(download from BioC)

training algorithm

(a)

(b)

(c)

Parameter estimates
(pre-fit classifiers are
downloadable)

HIBAG package

prediction
algorithm

New individuals

SNP profiles 
(in GWAS)

(d)

(e)

(f)

+

+

+

+

Prediction results
best-guess HLA types 
confidence scores

(g)

Fig. 1 Computational workflow for HLA imputation using SNP data. (a) the training datasets consist of HLA and 
SNP genotypes; (b) computing equipment can be a desktop, a cluster of compute node, or a graphics process-
ing unit (GPU); (c) the HIBAG R package can be downloaded from Bioconductor (BioC) and the training algo-
rithm is freely available in the package; (d) SNP profiles are required for imputing HLA types of new individuals; 
(e) the parameter estimates are the output of the training algorithm and the pre-fit classifiers are published 
online; (f) the prediction algorithm is freely available in the HIBAG package; (g) the prediction results are best-
guess HLA types and their confidence scores
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are included in the OpenCL SDK from your favorite vendor. The 
HIBAG.gpu package (v0.9.0) can be downloaded and installed 
from github (https://github.com/zhengxwen/HIBAG.gpu).

As an input of the HIBAG algorithm, SNP genotypes in GWAS 
are stored in either PLINK BED files [14] or SNP GDS files [15]. 
Optional software is PLINK (https://www.cog-genomics.org/
plink2), a genome-wide association and population-based linkage 
analysis toolset. Here, PLINK is used for file format conversion in 
the examples.

The HLA genotypes of study individuals in the 1000 genomes 
project phase 1 are publicly available on the website of the 1000 
Genomes [13]. To simply the demonstration, we use the standard 
datasets of HLA and SNPs from the 1000 genomes project, which 
have been prepared in the ImmPute project (http://immpute-
project.immunogenomics.org) for benchmarking [12]. The ZIP 
file distributed to the ImmPute participants can be downloaded at 
http://igdawg.org/pubs/ImmPuteDataPackage.zip, which con-
tains 10,268 SNPs in the extended human MHC and 930 
subjects.

The pre-fit classifiers built on GSK HLARES data [6] can be 
downloaded from either http://www.biostat.washington.
edu/~bsweir/HIBAG or http://zhengxwen.github.io/HIBAG/
platforms.html. Platform-specific parameter estimates are available 
online for more than 20 common SNP chips.

3  Methods

This section comprises two exercises. In the first exercise, we will 
download a pre-fit classifier from the HIBAG website, apply it to a 
SNP dataset, and assess its predictive performance. The second 
exercise focuses on imputation model training and the approaches 
for software speedup will be discussed. The complete R scripts are 
also available online http://zhengxwen.github.io/HIBAG/
tutorial_for_mimb.

	 1.	Go to the website of the ImmPute project (http://immpute-
project.immunogenomics.org) and download the ZIP file 
“ImmPuteDataPackage.zip,” which contains 1000 genomes 
SNP and HLA genotypic data. The SNP data in the ImmPute 
project were tailored to the Illumina ImmunoChip platform.

	 2.	After downloading and uncompressing the ZIP file, use the 
PLINK software to convert the genotype PED file to the 
binary PED (BED) file:

        plink --file KG --out KG --make-bed

2.3  HLA and SNP 
Datasets

3.1  Imputation 
with Pre-fit Classifiers

HLA Imputation in GWAS
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	 3.	Go to the webpage of HIBAG platform-specific parameter 
estimates (http://zhengxwen.github.io/HIBAG/platforms.
html) and download the two-field pre-fit classifiers of Illumina 
ImmunoChip on hg19 human genomes “ImmunoChip-
Broad-HLARES-HLA4-hg19.RData.” These models were 
built with multi-ethnic GSK HLARES samples, and enable 
determining 2-field HLA types at the HLA-A, -B, -C, -DRB1, 
-DQA1, -DQB1, and -DPB1 loci.

	 4.	Start an R session and import the models and the SNP dataset 
of 930 individuals:

        library(HIBAG)
        mlst <- get(load("ImmunoChip-Broad-HLARES-HLA4-hg19.RData"))
        geno <- hlaBED2Geno("KG.bed", "KG.fam", "KG.bim")

	 5.	Run the HIBAG prediction algorithm for HLA–A:

    # load HLA-A pre-fit classifier to memory
    model <- hlaModelFromObj(mlst$A)
    # run prediction
    hla_a <- hlaPredict(model, geno)

This process takes about 35 min to run, and we can utilize multiple 
cores to speed up the calculation:

    # run with 8 cores
    hla_a <- hlaPredict(model, geno, cl=8)
    summary(hla_a)
    ## Gene: A
    ## Range: [29910247bp, 29913661bp] on hg19
    ## # of samples: 930
    ## # of unique HLA alleles: 38
    ## # of unique HLA genotypes: 218
    ## Posterior probability:
    ## [0,0.25) [0.25,0.5) [0.5,0.75) [0.75,1]
    ## 1 (0.1%) 36 (3.9%) 114 (12.3%) 779 (83.8%)
    head(hla_a$value)
    ## sample.id allele1 allele2 prob matching
    ## 1 HG00096 01:01 29:02 0.9999180 0.0012829705
    ## 2 HG00097 03:01 24:02 0.9491243 0.0004386126
    ## 3 HG00099 01:01 68:01 0.9983373 0.0008045432
    ## ...
    # write the imputation results to a text file
    write.table(hla_a$value, file="result.txt", sep="\t",
        quote=FALSE, row.names=FALSE)

	 6.	The posterior probabilities (the column “prob”) calculated in 
the imputation process are used as confidence scores, and a 
value of 0.5 is suggested as the call threshold [6]. The call rate 
(the fraction of individuals successfully imputed) is 96% in this 
example according to the posterior probabilities greater than 
0.5. The column “matching” is a measure or proportion 
describing how the SNP profile matches the SNP haplotypes 
observed in the training set, i.e., the likelihood of SNP profile 
in a random-mating population consisting of training haplo-
types. Matching proportion is not directly related to confi-
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dence score, but a very low value of “matching” indicates that 
it is underrepresented in the training set.

	 7.	The ZIP file “ImmPuteDataPackage.zip” contains the actual 
HLA-A, -B, -C, -DRB1 and -DQB1 types of 930 individuals 
in the 1000 genomes project. We use these HLA genotypes to 
evaluate the HIBAG imputation at the HLA-A locus:

    # read HLA data in the excel file
    library(readxl)
    hla <- read_excel("IDAWG_KG_HLAformattedIMMPUTE.xlsx")
    # create an object of HLA genotypes with true alleles
    true_a <- hlaAllele(hla$id, hla$A, hla$A__1,
        max.resolution="4-digit", locus="A")
    # evaludate the prediction w/o and with call threshold
    rv_ct0 <- hlaCompareAllele(true_a, hla_a, call.threshold=0)
    rv_ct5 <- hlaCompareAllele(true_a, hla_a, call.threshold=0.5)

The function hlaCompareAllele() returns the details of com-
parison between the imputed alleles and the true ones, including 
overall prediction accuracies at the individual and allelic levels, a 
confusion matrix, sensitivity, specificity, positive predictive value 
and negative predictive value for each allele. For example, the over-
all allelic accuracies are 94.8% and 93.4% with and without call 
threshold respectively, i.e., the number of correctly imputed alleles 
over the total number of alleles:
    rv_ct0$overall$acc.haplo
    ## 0.9344086
    rv_ct5$overall$acc.haplo
    ## 0.9479283

	 8.	The HIBAG package provides functionalities for formatting 
the prediction evaluation in a table with text, html, tex, or 
markdown format. Running the function hlaReport() as fol-
lows and the output file is “allele.md” as shown in Fig. 2. The 
columns in the table are allele name, accuracy, sensitivity, speci-
ficity, positive predictive value and negative predictive value, 
etc.

    hlaReport(rv_ct0, export.fn="allele.md", type="markdown")

	 9.	The relationships among imputation accuracy, call rate, and 
call threshold are shown in Fig. 3a, b. The prediction accuracy 
increases with more restrictive call threshold. The function 
hlaReportPlot() creates a figure for call rate and call threshold 
respectively:

    hlaReportPlot(hla_a, true_a, fig="call.rate")

    hlaReportPlot(hla_a, true_a, fig="call. threshold") 

	10.	Repeat step 5–9 for HLA-B, -C, -DRB1, and -DQB1 respec-
tively. The overall accuracies of five HLA genes are shown in 
Table  1, ranging from 90% to 97%, with and without call 
threshold.

HLA Imputation in GWAS
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In this section, the 1000 genomes SNP and HLA data are used as 
a training set to build a multi-ethnic model for HLA-A prediction. 
The model training is a time-consuming process, and the 
approaches for accelerating the calculation will be discussed.

	 1.	After downloading and uncompressing “ImmPuteDataPackage.
zip,” the PLINK software is used to create a PLINK BED file 
for SNP genotypes (see step 2 in Subheading 3.1).

	 2.	Start an R session and import the SNP and HLA genotypes, 
consisting of 930 individuals in the 1000 genomes project:

    library(HIBAG)
    # import SNP data
    geno <- hlaBED2Geno("KG.bed", "KG.fam", "KG.bim")
    # read HLA data in the excel file
    library(readxl)
    hla <- read_excel("IDAWG_KG_HLAformattedIMMPUTE.xlsx")

	 3.	Use the HLA data stored in the excel file to create an R object 
of true HLA–A genotypes, and determine the flanking SNPs 
to be trained. It is important to specify the human genome 
reference “hg19” according to the SNP data, since the loca-
tion of the specified HLA gene is required to determine the 

3.2  Model Training

3.2.1  Model Training 
Under Regular Settings

Overall accuracy: 93.4%, Call rate: 100.0%

Allele # Valid. Freq. Valid. CR (%) ACC (%) SEN (%) SPE (%) PPV (%) NPV (%) Miscall (%)

01:01 111 0.0597 100.0 99.6 97.3 99.8 96.4 99.8 03:01 (67)

01:02 5 0.0027 100.0 99.8 20.0 100.0 100.0 99.8 01:01 (100)

02:01 362 0.1946 100.0 97.4 96.4 97.7 90.9 99.1 02:07 (92)

02:02 22 0.0118 100.0 99.6 68.2 100.0 100.0 99.6 02:05 (100)

02:03 17 0.0091 100.0 99.1 0.0 100.0 99.1 02:01 (100)

02:04 1 0.0005 100.0 99.9 0.0 100.0 99.9 02:01 (100)

02:05 15 0.0081 100.0 99.5 100.0 99.5 62.5 100.0

02:06 41 0.0220 100.0 99.9 100.0 99.9 95.3 100.0

02:07 35 0.0188 100.0 99.1 85.7 99.3 71.4 99.7 02:01 (100)

02:10 2 0.0011 100.0 99.9 0.0 100.0 99.9 02:06 (100)

02:11 5 0.0027 100.0 99.6 0.0 99.9 0.0 99.7 02:01 (100)

02:14 1 0.0005 100.0 99.9 0.0 100.0 99.9 02:05 (100)

Fig. 2 Descriptive summaries with markdown format for per-allele sensitivity, specificity, positive predictive 
value, and negative predictive value of HLA-A imputation
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Fig. 3 The relationships among HLA-A accuracy, call rate, and call threshold 
using the HLARES pre-fit classifiers and the validation samples of 1000 Genomes

HLA Imputation in GWAS



172

SNPs in the flanking region of that HLA gene. A flanking 
region of 500 kb on each side is recommended.

    # HLA genotypes
    hla_a <- hlaAllele(hla$id, hla$A, hla$A__1,
        max.resolution="4-digit", locus="A", assembly="hg19")
    # the SNP set used in model training
    snpsel <- hlaFlankingSNP(geno$snp.id, geno$snp.position,
        "A", flank.bp=500*1000, assembly="hg19")
    # SNP genotypes used in model traning
    train.geno <- hlaGenoSubset(geno,
        snp.sel=geno$snp.id %in% snpsel)
    summary(train.geno)

	 4.	The training algorithm is available in the function hlaAttrBag-
ging(). By default, 100 individual classifiers will be generated 
to build an ensemble model, however this process is very time-
consuming and will take ~4 days to run on a single core (Intel 
Xeon CPU E5-2630L @2.40GHz):

    model <- hlaAttrBagging(hla_a, train.geno, nclassifier=100)
    ## Accuracy with training data: 98.7%
    ## Out-of-bag accuracy: 95.8%

To finish this example and avoid the long waiting, you could 
try building one classifier (nclassifier  =  1) instead of 100. The 
approaches for accelerating the calculation will be shown in 
Subheadings 3.2.2, 3.2.3, and 3.2.4.

	 5.	After model training completes, we save this model into an R 
object file for future uses:

    mobj <- hlaModelToObj(model)
    save(mobj, file="hla_a_model.rdata")

	 6.	The HIBAG model can be visualized in a scatterplot showing 
the relationship between the frequency of SNP uses in an indi-
vidual classifier and genome coordinate (shown in Fig. 4):

    plot(model)

Table 1 
Summary of the 2-field prediction accuracies and call rates for the HLARES pre-fit classifiers, using 
1000 genomes HLA data as validation samples

HLA-A HLA-B HLA-C HLA-DRB1 HLA-DQB1

# of training samples 2901 3886 2916 3713 2985

# of validation samples 930 930 930 930 930

Accuracy, no call threshold

93.4% 91.1% 97.2% 90.8% 91.2%

Accuracy, call threshold=0.5

94.8% 96.1% 97.7% 96.4% 91.6%

Call rate (%) 96.0 84.8 97.7 79.5 98.4
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If users install the HIBAG package from Bioconductor via 
“biocLite("HIBAG")”, by default the installation does not enable 
the compiler optimization according to the native CPU architec-
ture. In order to utilize the latest Intel/AMD intrinsics, e.g., 
POPCNT for obtaining the count of number of bits set to one, we 
need to customize the package compilation.

Following the R CRAN instruction http://cran.r-project.
org/doc/manuals/r-release/R-admin.html#Customizing-pack-
age-compilation, we modify HOME/.R/Makevars to enable native 
intrinsics when using GNU compiler:

    ## for C code
    CFLAGS=-g -O3 -march=native -mtune=native
    ## for C++ code
    CXXFLAGS=-g -O3 -march=native -mtune=native

If the package compilation succeeds, you should see a welcome 
message after loading the package:

The HIBAG algorithm internally measures how a pair of SNP 
haplotypes matches with observed SNP genotypes. The SNP alleles 
are stored in a bit vector, and the Hamming distance is calculated 

3.2.2  Software 
Optimization with Intel 
POPCNT Intrinsic

HIBAG (HLA Genotype Imputation with Attribute Bagging)
Kernel Version: v1.4
Supported by Streaming SIMD Extensions (SSE2 + POPCNT)
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Fig. 4 The number of classifiers used in the HIBAG model for each SNP marker. The ensemble model consists 
of 100 individual classifiers, and more important SNP markers tend to be used more frequently
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via built-in POPCNT intrinsic when comparing genotypes. We 
rerun the model fitting:
    model <- hlaAttrBagging(hla_a, train.geno, nclassifier=100)
    ## Accuracy with training data: 98.7%
    ## Out-of-bag accuracy: 95.8%

The training process takes ~2.4 days, saving 40% of running 
time.

The HIBAG ensemble model consists of independent individual 
classifiers, therefore the parallel implementation is straightforward, 
i.e., building individual classifiers separately on different cores. 
Below, eight cores are used to run model training:
    model <- hlaParallelAttrBagging(8, hla_a, train.geno,
        nclassifier=100)
    ## Accuracy with training data: 98.5%
    ## Out-of-bag accuracy: 95.7%

The job-level parallelism on loosely coupled compute clusters 
is also supported via communication over sockets. Using the 
framework implemented in the R package “parallel”, a compute 
cluster object can be passed to the first argument of 
hlaParallelAttrBagging().

The accuracy with training data and out-of-bag accuracy may 
not be the same in each running, since bootstrap sampling and 
random variable selection in the HIBAG algorithm introduce some 
degree of randomness.

To complete the example in this section, a GPU card should be 
available on your desktop or workstation as well as the OpenCL 
headers and library. After installing the HIBAG.gpu package, we 
start a new R session and run the following scripts:

    library(HIBAG.gpu)

Here is a typical welcome message after loading the package,
When there are more than one GPU device available in the 

same machine, we can switch to other devices instead of the default 
one:
    hlaGPU_Init(2)

3.2.3  Multi-Core Settings

3.2.4  GPU Computing

Loading required package: OpenCL
Available OpenCL platform(s):
NVIDIA CUDA, OpenCL 1.2 CUDA 8.0.0
Device #1: NVIDIA Corporation Tesla M80
Device #2: NVIDIA Corporation Tesla M80
Using Dev#1: NVIDIA Corporation Tesla M80
GPU device supports 64-bit floating-point numbers.
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When the computing equipment is ready, model training is as 
simple as calling the function hlaAttrBagging_gpu() in the HIBAG.
gpu package:
    model <- hlaAttrBagging_gpu(true_a, train.geno,
        nclassifier=100)
    ## Accuracy with training data: 98.7%
    ## Out-of-bag accuracy: 95.6%

The GPU computing process takes ~3.2 h and it is almost 18 
times faster than one-core implementation in Subheading 3.2.2.

4  Discussion

It is important to realize the potential limitations, while using 
HIBAG for HLA imputation:

	 1.	The numbers of HLA alleles documented in the IMGT-HLA 
database [16] are much larger than the numbers investigated 
in the studies of HLA imputation. For example, the numbers 
of protein-level HLA alleles from IMGT are 2781, 3501, and 
2490 at the HLA-A, -B, and -C loci listed in June 2017, and 
new alleles are routinely being discovered. However, we have 
only 85, 144, and 49 alleles in GSK HLARES pre-fit classifiers. 
Quite large training sets are required to successfully predict 
more HLA alleles in the IMGT-HLA dataset.

	 2.	As shown in our previous study [6], the overall accuracies of 
European ancestry increase with the training sample size, but 
are only slightly improved after 500 training samples. Rare 
alleles with frequency <1% have significantly lower prediction 
accuracies than the common alleles. The size of sample sets 
required to accurately type rare alleles is impractical using an 
imputation methodology.

	 3.	The accuracy of HIBAG imputation depends on various factors. 
One of the most important factors is how the imputed popula-
tion is evolutionary closely related to reference. The sub-
populations in Europe include British, French, German, Finnish, 
and Italian according to geography, culture, genetics, and other 
factors. The HLARES pre-fit classifiers of European ancestry 
were built on individuals from Europe, North America, and oth-
ers. These models may not include a sufficiently large number of 
samples in ethnic minorities, hence the prediction accuracy is 
not always as high as what reported in the publication.

	 4.	In general, the HIBAG method is robust to missing SNP 
markers of targeted genotyping platform. So, it is feasible to 

Using Dev#2: NVIDIA Corporation Tesla M80
GPU device supports 64-bit floating-point numbers
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impute samples on a new GWAS genotyping chip using exist-
ing platform-specific classifiers if there is no too much differ-
ence in SNP markers between the two platforms.

	 5.	Multi-ethnic pre-fit classifiers are downloadable as well as 
ethnic-specific models. Multi-ethnic models may be more 
effective than ethnic-specific models, especially when racial 
information of imputed samples is unknown or admixed sam-
ples are underrepresented in the training set. For the samples 
with known ancestries, multi-ethnic classifiers could be used in 
the sensitivity analysis and we could compare the multi-ethnic 
prediction with ethnic-specific results, since the similar imputa-
tion results are expected.
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Chapter 12

In Silico Typing of Classical and Non-classical HLA Alleles 
from Standard RNA-Seq Reads

Sebastian Boegel, Thomas Bukur, John C. Castle, and Ugur Sahin

Abstract

Next-Generation Sequencing (NGS) enables the rapid generation of billions of short nucleic acid sequence 
fragments (i.e., “sequencing reads”). Especially, the adoption of gene expression profiling using whole 
transcriptome sequencing (i.e., “RNA-Seq”) has been rapid. Here, we describe an in silico method, 
seq2HLA, that takes standard RNA-Seq reads as input and determines a sample’s (classical and non-
classical) HLA class I and class II types as well as HLA expression. We demonstrate the application of 
seq2HLA using publicly available RNA-Seq data from the Burkitt’s lymphoma cell line DAUDI and the 
choriocarcinoma cell line JEG-3.

Key words HLA type, HLA expression, NGS, RNA-Seq, Immunoinformatics, In silico, Non-classical 
HLA class I

1  Introduction

Human Leukocyte Antigen (HLA) proteins are one of the key 
players in the adaptive immune system as they present peptides to 
T lymphocytes. They are polygenic and encoded by highly poly-
morphic genes located on chromosome 6. The classical (HLA-A, 
-B, -C) HLA class I heavy chains assemble with β2-microglobulin 
(B2M) to form a stable heterodimer. In contrast, the HLA class II 
molecules HLA-DP, -DQ, and -DR consist of two membrane-
spanning chains, α and β, which are each produced by separate 
HLA genes. Both HLA classes are highly polymorphic, i.e., there 
are many different variants of each HLA gene within the human 
population (Fig. 1). In addition, the HLA genes are expressed 
co-dominantly, such that every individual expresses (under physi-
ological conditions) two alleles of each gene. Non-classical HLA 
class I molecules (HLA-E, -F, -G) have a similar protein structure 
to that of the classical HLA class I alleles and also require a bound 
peptide in the binding groove to form a stable complex. However, 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_12&domain=pdf
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they are characterized by few allelic polymorphisms and play a 
role in regulating innate immune responses [1].

Next-Generation Sequencing (NGS) enables the rapid generation 
of billions of short nucleic acid sequence fragments (i.e., “sequencing 
reads”). Especially, the adoption of gene expression profiling using 
whole transcriptome sequencing (i.e., “RNA-Seq”) has been rapid 
with clinical and research laboratories worldwide depositing 
over 184,000 “human RNA-Seq” samples (as of October 2016) 
into the public repository Sequence Read Archive (SRA) (Table 1). 
In addition, due to efforts made by consortia such as the Genotype-
Tissue Expression (GTEx) [9], The Cancer Genome Atlas (TCGA) 
[5] and the International Cancer Genome Consortium (ICGC) 
[10], many tumor and normal tissues, as well as cell line transcrip-
tomes have been sequenced and raw datasets made publicly 
available.

Given the plethora of RNA-Seq datasets in the public domain 
and our efforts to develop an individualized T-cell-mediated can-
cer immunotherapy, in which the HLA type of a patient is a key 
parameter to prioritize neo-epitopes for vaccination [11–14], we 
sought to develop an algorithm to utilize the sequence content of 
RNA-Seq reads to determine HLA type and expression. However, 
one of the main challenges is the correct mapping of the sequence 
reads to reconstruct the HLA composition of the sample, which is 
aggravated by the polymorphic nature of the HLA loci and 
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1520
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641

A B C E F G DQA1 DQB1 DRA DRB1 DPA1 DPB1

Classical HLA class I Non-classical HLA I HLA class II

Fig. 1 HLA class I and class II (protein-coding) allele frequencies in humans. The HLA system is polygenic 
and highly polymorphic. Classical HLA class I (green) comprises three genes exhibiting a large 
variability. Non-classical HLA class I (red) is similar in structure and number of genes, which however 
show a much lower degree of variability. HLA class II (red) consists of three major loci (DR, DQ, DP) with each 
heavy chain (α and β) encoded in a separate gene. Numbers assigned as of October 2017 from http://hla.
alleles.org/nomenclature/stats.html
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resulting in a highly sequence similarity between the different 
alleles. Furthermore, the single human reference genome (e.g., 
GRCh37/hg19) does not adequately reflect the highly polymorphic 
nature of the HLA loci in the human population, confounding 
read alignment to a standard reference [8]. In addition, distin-
guishing between homozygous (e.g., HLA-A*02:01/HLA-
A*02:01) and heterozygous loci (e.g., HLA-A*02:01/
HLA-A*24:01) is aggravated, as the transcriptome lacks informa-
tion about the maternal and paternal alleles. Using transcriptome-
based data rather than genomic data provides challenges as well as 
benefits: the transcriptome reads reflect both the HLA types (the 
sequence) and the HLA expression levels (the count). If an HLA 
locus or allele is not expressed, it cannot be determined by RNA 
sequencing. On the other hand, knowledge of the HLA expression 
levels can be extremely informative: for example, HLA downregu-
lation or loss is an established tumor escape mechanism [15, 16].

Acknowledging this advantage, we developed an efficient algo-
rithm, called “seq2HLA,” which takes standard RNA-Seq reads as 
input and outputs the most likely classical and non-classical HLA 
class I as well as classical HLA class II types, a certainty score for 
each call as well as the expression each of locus. Here, we will pres-
ent the application of seq2HLA using publicly available RNA-Seq 
data from two human cancer cell lines.

Table 1 
Sources for the retrieval of NGS datasets

Source Description URL Refs

Sequence Read Archive 
(SRA)

Public repository of raw sequencing 
data from various NGS platforms

https://www.ncbi.nlm.
nih.gov/sra

[2]

European Nucleotide 
Archive (ENA)

Repository of nucleotide sequencing 
information

https://www.ebi.ac.uk/
ena

[3]

European Genome-
Phenome Archive 
(EGA)

Archive of publicly available and 
protected access genetic and 
phenotypic datasets

https://ega-archive.org/ [4]

International Cancer 
Genome Consortium 
(ICGC)

Protected access NGS datasets from 
various cancer tissues

https://icgc.org/ [5]

The database of Genotypes 
and Phenotypes 
(dbGaP)

Archive and distribution platform for 
sequencing data from various studies. 
Protected access

https://www.ncbi.nlm.
nih.gov/gap

[6]

Repositive Online platform indexing genomic data 
that is stored in repositories

https://repositive.io/ [7]

MetaSRA Normalized metadata for SRA; 
searchable web interface

http://metasra.biostat.
wisc.edu/

[8]
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2  Materials

To promote broad acceptance in the scientific community, 
seq2HLA exploits widely used, open source tools enabling easy 
installation and usage (Fig. 2).

Seq2HLA was developed on SUSE Linux Enterprise Server 11 
(×86_64). In order to run seq2HLA a computer with a POSIX 
environment, such as Linux or Mac OS, is required.

To run seq2HLA, the following tools and packages must be 
installed:

	 1.	Seq2HLA was written in Python 2.6.8 (https://www.python.
org). We recommend using Python 2.6.8 or a newer 2.x version. 
In addition, seq2HLA uses biopython (v 1.58 or newer) [17] 
and numpy (version 1.3.0 or newer, http://www.numpy.org).

2.1  Hardware

2.2  Software

RNA-Seq reads
(paired end)

fastq1 fastq2

• Linux or Mac OS
• Python (>= 2.6.8)
• Biopython (>= 1.58)
• Bowtie 1.0
• R (>= 2.12.2)

seq2HLA
(hosted on github)

github

Locus allele 1 allele 2
A A*66:01 A*01:02'
B B*58:01 B*35:01'
C C*03:02 C*06:02
E E*01:03' E*01:03
F F*01:01 F*01:01
G - -
DQA1 01:03' 01:03
DQB1 06:13' 06:13
DRA 01:02 01:02
DRB1 13:02' 03:27
DPA1 01:03 01:03
DPB1 - -

Locus allele 1 allele 2
A - -
B B*58:05 B*35:08
C C*04:01 C*07:01
E E*01:01' E*01:01
F F*01:03' F*01:03
G G*01:01 G*01:01
DQA1 - -
DQB1 - -
DRA - -
DRB1 - -
DPA1 - -
DPB1 - -

HLA type

HLA expression

DAUDI JEG-3

DAUDI JEG-3

Hard- & Software

(a)

(b)

(c)

(d)

(e)

Fig. 2 Workflow of seq2HLA. (a) RNA-Seq samples in fastq format can be derived from public resources or own 
experiments. (b) In order to run seq2HLA a computer with a POSIX environment, such as Linux or Mac OS is 
required. Additionally, the following tools need to be available: Python, Biopython, Bowtie, and R. (c) The latest 
version of seq2HLA is available on github (https://github.com/TRON-Bioinformatics/seq2HLA). From the 
paired-end RNA-Seq data, seq2HLA determines the 4-digit (classical and non-classical) HLA class I and class 
II type (d) as well as expression levels (e). Shown here are the results for two cancer cell lines, DAUDI and 
JEG-3, that we use as example throughout this protocol
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	 2.	Seq2HLA uses a bowtie index comprising known HLA alleles 
and Bowtie 1.0 [18] as a read aligner. It is one of the most 
widely used programs for aligning short sequencing reads to a 
reference genome. The environment variable must be set, such 
that Bowtie can be executed by the command “bowtie.”

	 3.	For the calculation of confidence scores, the statistical pro-
gramming language R (version 2.12.2 or newer, https://
www.r-project.org/) is used.

Source code of seq2HLA is available via a Github repository 
(https://github.com/TRON-Bioinformatics/seq2HLA). A clone 
of the software can be retrieved using the Linux command line tool 
“git” with the following command:

git clone https://github.com/TRON-Bioinformatics/seq2HLA.git

This will copy the complete repository to the user’s computer, 
including the Python executable seq2HLA.py. Additionally, 
seq2HLA can be downloaded interactively from the mentioned 
repository via the “Download ZIP” button, resulting in the down-
load of a compressed folder containing the complete repository.

	 1.	Seq2HLA was developed to run with standard paired-end 
RNA-Seq data produced by Illumina sequencing instruments. 
Here, “standard” refers to the library preparation: seq2HLA 
requires no special protocol isolating and enriching for HLA 
genes prior sequencing. Input of seq2HLA can be uncom-
pressed or gzipped fastq files [ref], which contains the sequenc-
ing reads and the associated quality score for each base call. It 
has become the de facto standard for storing and distributing 
the output of NGS-based experiments.

	 2.	As seq2HLA uses standard RNA-Seq reads not requiring a 
change to laboratory protocols, it is applicable to both existing 
and future datasets, either from own sequencing experiments 
or from one of the many public databases (see Table 1).

	 3.	Throughout this protocol, we use paired-end RNA-Seq data 
from two widely used human cancer cell lines, downloaded 
from the Sequence Read Archive (SRA): Burkitt’s lymphoma 
cell line DAUDI (SRA-ID: SRR387401) [19] and choriocar-
cinoma JEG-3 (SRA-ID: SRR3317028) [20], which is a tro-
phoblastic model system known used to study the tissue-specific 
expression of HLA-G.

	 4.	To download sequenced data from SRA, sratoolkit (https://
trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?view=software) is 
needed. If </path/to/sratoolkit/> denotes the full path to 
your local copy of sratoolkit, we are able to download the 
RNA-Seq data for or example cell line DAUDI using its 
SRA-ID SRR387401 with the following command:

2.3  Download 
seq2HLA

2.4  Get RNA-Seq 
Datasets

In Silico HLA Typing from RNA-Seq
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	  /path/to/sratoolkit/bin/fastq-dump --split-3 --gzip SRR387401.
	 This command downloads the SRA-file, splits it into two fastq 

files (as it is paired-end), and compresses them with gzip. 
Notwithstanding, seq2HLA accepts uncompressed and com-
pressed fastq files as input.

3  Methods

	 1.	If /path/to/seq2HLA/ is the full path to your local copy of 
seq2HLA, then the tool can be executed by using the console 
call:

/path/to/seq2HLA/seq2HLA.py−1<fastq1>−2<fastq1>−r “<runname>”[−p < int>] 
[−3<int>]

	 2.	<fastq1> and <fastq2> enotes the paths to the (uncompressed 
or gzipped) fastq files of the paired-end RNA-Seq reads.

	 3.	<runname> denotes the preix every output file of this run. If 
you want to store the output in a different folder, you need to 
give the full path and the prefix, e.g., “/path/to/output/
DAUDI_ SRR387401.”

	 4.	-p sets the number of parallel search threads for bowtie. This 
parameter is optional and per default threads are used.

	 5.	−3 is a bowtie parameter allowing us to trim a given number 
of nucleotides from the low-quality end of each read. This is 
again optional and the default value is 0.

	 6.	Using the paired-end fastq files of DAUDI as an example, 
seq2HLA can be executed by the command:

python/path/to/seq2HLA/seq2HLA.py−1/path/to/seq/ SRR387401_1.fastq.gz−2/path/
to/seq/SRR387401_2.fastq.gz –r “DAUDI_ SRR387401”.

All (final and intermediate) results of seq2HLA are output to 
stdout and stored into text files in the working directory. At the 
end of a seq2HLA run, all intermediate files are deleted. Only the 
files containing final results are kept. Of these, the most important 
files are listed in Table 2.

In addition, for each HLA class, the output of bowtie containing 
mapping statistics is stored in textfiles with the suffix “.bowtielog.”

	 1.	By aligning the RNA-Seq reads against a reference database of 
HLA alleles, seq2HLA first determines the HLA groups (i.e., 
2-digit resolution), zygosity and calculates a confidence score 
for each HLA allele call [21].

	 2.	The confidence score is a measure for the gap between the top 
HLA group (which has the reads mapped to it) and the 

3.1  Running 
seq2HLA

3.2  Interpreting 
the Output

3.2.1  HLA Typing

Sebastian Boegel et al.
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background mappings (i.e., reads mapping to HLA groups 
containing alleles with high sequence similarities). The confi-
dence score is the result of a test determining whether the top 
HLA group is an outlier given the distribution of all HLA 
group read counts. A larger gap results in a clearer separation, 
a smaller confidence score, and thus in a more confident typing 
result (Fig. 3). In cases, in which either no reads map at all or 
the reads map to one HLA group, “NA” is returned as no 
outlier can be calculated from a distribution consisting of only 
one or no value.

	 3.	In the next step, seq2HLA refines the typings and confidence 
scores to determine the 4-digit resolution (i.e., the actual pro-
tein presented on the cell surface) [23].

	 4.	A consequence of the highly polymorphic nature of the HLA 
system is the sequence similarity of the alleles within a group. 
Using short reads increases the complexity of reconstructing 
the individual HLA composition of a sample as reads may map 
to multiple alleles. Thus, it is not always possible to find a 
unique typing. In these cases, the most likely 4-digit typing 
with an ambiguity flag (“,“) attached and all possible solutions 
are stored in the file “<prefix>.amiguity.” In our DAUI exam-
ple, there are typing ambiguities at HLA-A*01:02, B*35:01 
(Table  3a) and at HLA-DQA1*01:03, HLA-DQB1*06:13 
and HLA-DRB1*13:02 (Table 4a) as well as at HLA-E*01:03 
(Table 5a).

Table 2 
Most important output files produced by seq2HLA using the run with runname “DAUDI_ SRR387401” 
as an example

Filename Description

DAUDI_SRR387401-ClassI-class.
HLAgenotype4digits

Classical HLA class I typings and associated 
certainty scores

DAUDI_SRR387401-ClassI-nonclass.
HLAgenotype4digits

Non-classical HLA class I typings and associated 
certainty scores

DAUDI_SRR387401-ClassII.
HLAgenotype4digits

HLA class II typings and associated certainty scores

DAUDI_SRR387401-ClassI- 
class.expression

Expression values of classical HLA class I loci in 
RPKM

DAUDI_SRR387401-ClassI- 
nonclass.expression

Expression values of non-classical HLA class I loci 
in RPKM

DAUDI_SRR387401-ClassII.expression Expression values of HLA class II loci in RPKM

DAUDI_SRR387401.ambiguity In case of typing ambiguities, all possible solutions 
are reported here

In Silico HLA Typing from RNA-Seq
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	 5.	Using transcriptome data as input, seq2HLA is only able to 
determine an HLA allele, if it is expressed. In our DAUI exam-
ple, no HLA-G transcripts can be detected (Table 6a) thereby 
preventing HLA-G typing (Table 5a). Similarly, in our JEG-3 
example, HLA-DRB1 is the only locus for which seq2HLA was 
able to determine the HLA allele with a low (good) confidence 
score (Table 4b). However, expression of this allele is so low 
(0.08 RPKM, Table 6b), it is very much likely that this map-
ping is due to chance and thus not a real signal (see Note 1).

	 1.	Using RNA reads, seq2HLA is not only able to utilize the 
sequence content to determine HLA type, but also the abun-
dance of the typed alleles. Seq2HLA provides locus-specific 
expression values for HLA class I (classical and non-classical) 
and HLA class II (Fig. 2, Table 6), normalized according to 
“reads per kilobase of exon model per million mapped reads” 
(RPKM) [24], which is a still widely used normalization mea-
sure. RPKM normalizes the number of reads mapping to tran-
scripts in the reference file by the length of this transcript (see 
Note 2) and the total number of reads.

	 2.	In the downloaded DAUDI example, classical HLA class I and 
HLA class II molecules are highly expressed (53–326 and 

3.2.2  HLA Expression

Signal? 
Outlier?

Gap

Distribution of
background

mapping

Fig. 3 Interpretation of the confidence score. It measures the gap between signal 
(i.e., reads mapping to the true HLA group) and noise (i.e., reads mapping to any 
other HLA group due to the polymorphic nature of HLA) by calculating the prob-
ability of the signal being an outlier given the distribution of the mapped reads 
per HLA group (black circles). The resulting score indicates the goodness of the 
separation between the true solution and the background. The larger the gap, the 
more confident is the typing (detection of the signal) and this is reflected by a 
smaller confidence score (Figure adapted from [22])
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52–440 RPKM, respectively). HLA-E and HLA-F are 
expressed at medium (25 RPKM) and low levels (8 RPKM), 
respectively, whereas HLA-G is not present at all (Table 6).

	 3.	JEG-3 is a widely used trophoblastic model cell line, which is 
known to express HLA-G and HLA-C [25]. In our down-
loaded JEG-3 sample, we find indeed expression of HLA-C 
and -G (35 and 11 RPKM, respectively), very low abundance 
of HLA-B (0.6 RPKM), and no evidence of HLA-A and HLA 
class II (Table 6).

	 1.	Using the host immune system as means to control cancer is 
the goal of cancer immunotherapy, which was announced as 
breakthrough of the year 2013 [26]. Mutanome directed can-
cer immunotherapy [27] is a novel concept exploiting the 
landscape of somatic nonsynonymous mutations displayed by a 
tumor (i.e., the mutanome) as targets for a personalized immu-
notherapy. A fraction of the mutations is presented on HLA 
class I or HLA class II molecules on the surface of the tumor 
or on antigen presenting cells (APCs). Knowing the HLA type 
of the patient allows us to predict HLA class I and class II 
neo-epitopes (i.e., mutated peptides, which are likely to induce 
a T-cell response and exert a potent antitumoral effect), that 
can be used for therapeutic vaccinations [14].

As an example, we used seq2HLA in conjunction with pri-
mary tumor RNA-Seq and somatic mutation data from TCGA 
in conjunction with HLA-binding prediction tools to approxi-
mate the number of likely presented neo-antigens on HLA 
class II in various tumor entities [12]. Seq2HLA is widely 
accepted by the scientific community and used by other to 

3.3  Example 
Applications

Table 4 
HLA class II types in 4-digit resolution for (a) DAUDI (SRR387401) stored in SRR387401-ClassII.
HLAgenotype4digits and (b) JEG-3 (SRR3317028) stored in JEG3_SRR3317028-ClassII.
HLAgenotype4digits

Locus

(a) DAUDI (b) JEG-3

Allele 1 Confidence Allele 2 Confidence Allele 1 Confidence Allele 2 Confidence

DQA1 01:03’ 0.0 01:03 NA No NA No NA

DQB1 06:13’ 0.00009 06:13 NA No NA No NA

DRB1 13:02′ 0.0002 03:27 0.035 No NA No NA

DRA 01:02 NA 01:02 NA No NA No NA

DPA1 01:03 0.69 01:03 0.06 No NA No NA

DPB1 106:01 0.05 141:01 0.002 96:01 0 96:01 NA

Sebastian Boegel et al.
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assign HLA types from RNA-Seq data to identify neo-antigen 
landscapes in different tumor entities [28, 29].

	 2.	Using seq2HLA and other bioinformatic tools in conjunction 
with publicly available raw RNA-Seq data, we determined the 
HLA type and abundance, identified expressed viruses, calcu-
lated gene expression, and predicted antigenic mutations of 
1082 human cancer cell lines [30]. All results are integrated 
into web-based portal, which provides an interactive user inter-
face with advanced search capabilities. It is freely accessible at 
http://celllines.tron-mainz.de. Also, this resource is widely 
used in the scientific community for the identification of cell 
lines based on a specific HLA type [31, 32] or predicted 
neo-antigens [33].

Table 6 
Expression of classical and non-classical HLA class I and HLA class II  
genes for (a) DAUDI (SRR387401) stored in DAUDI_SRR387401-ClassI-class.
expression, DAUDI_SRR387401-ClassI-nonclass.expression, DAUDI_
SRR387401-ClassII.expression and b) JEG-3(SRR3317028) stored in JEG3_
SRR3317028-ClassI-class.expression, JEG3_SRR3317028-ClassI-nonclass.
expression, JEG3_SRR3317028-ClassII.expression

(a) DAUDI (b) JEG-3

Locus Expression [RPKM]

Classical HLA class I

A 53.2 0

B 325.52 0.58

C 149.15 35.11

Non-classical HLA class I

E 25.59 20.44

F 8.27 0.04

G 0 11.32

HLA class II

DQA1 76.94 0

DQB1 51.51 0

DRB1 197.1 0

DRA 439.4 0

DPA1 183.38 0

DPB1 53.92 0.08

Sebastian Boegel et al.

http://celllines.tron-mainz.de


189

4  Notes

	 1.	In cases of very low expression (smaller than 1 RPKM) it is 
worth looking into the logfile of bowtie. In this case xxxxbow-
tielog reports that only one read (out of 30 million) could be 
aligned to this allele, which strengthens the hypothesis that 
this typing is due to chance.

	 2.	Seq2HLA works by aligning the RNA-Seq against a reference 
database of HLA alleles, which contains only the sequences of 
the exons encoding the peptide-binding site and thus contains 
most of the polymorphisms [21]. So, the actual length of the 
sub-transcripts contained in this reference dataset is: 694 
nucleotides (nts) for class I alleles, 400, 421, 421, 405, 396, 
415  nts for class II alleles (DQA1, DQB1, DRB1, DRA, 
DPA1, and DPB1 respectively), and 694, 1089, 694 nts for 
non-classical HLA class I alleles (E, F, and G respectively).

	 3.	When determining non-classical HLA class I alleles (HLA-E, 
-F, -G), seq2HLA also measures HLA class I pseudogenes 
(HLA-H, -I, -K, −L, -P, -V) and stores them in the output files 
for non-classical HLA class I genes. As they are not producing 
proteins and their function is yet unknown [34], these genes 
are not mentioned in this protocol.
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Chapter 13

PHLAT: Inference of High-Resolution HLA Types from RNA 
and Whole Exome Sequencing

Yu Bai, David Wang, and Wen Fury

Abstract

Inferring HLA types from genome-wide sequencing data has gained growing attention with the devel-
opment of new cost-efficient sequencing technologies and the increasing need to integrate HLA types 
with transcriptomic or other genomic information for insights into immune-mediated diseases, vaccina-
tion, and cancer immunotherapy. PHLAT is a computational tool designed for high-resolution (4-digit) 
typing of the major class I and class II HLA genes using RNAseq or exome sequencing data as input. 
We illustrate here how PHLAT can be installed, configured, and executed. This document also provides 
guidance for how to read and interpret the output results. Finally, the best practices of using PHLAT are 
also discussed.
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1  Introduction

Accurate HLA typing at four-digit resolution or higher not only is 
critical to the success of hematopoietic stem cell and organ trans-
plant, but also facilitates the understanding and treatment of auto-
immune disorders, infectious diseases, and cancer. Upon the advent 
of next-generation sequencing technologies, HLA typing rapidly 
evolved from Sanger sequencing to high-throughput amplicon-
sequencing that can target the HLA loci [1–4]. In recent years, 
HLA typing using transcriptome or exome profiling data has 
attracted increasing attention as a result of the advances in next-
generation sequencing technology and interest in correlating HLA 
types with genome-wide information to enrich data interpretation 
[5, 6]. However, compared to the targeted amplicon methods, 
transcriptome and exome/genome sequencing apply methods that 
use reduced read length and coverage such that resolving the 
highly homologous HLA alleles becomes more difficult. 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_13&domain=pdf
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Developing computational algorithms to identify HLA types from 
genome-wide data remains an active area of research.

Several recent algorithms are summarized in Table 1 [7–14]. 
The general strategy is to map the reads, or the contigs assembled 
from reads, against a collection of allele sequences, followed by an 
optimization to infer the HLA types based on the number, quality, 
and sequence consistency of the alignments. The use of assembled 
contigs can greatly reduce the ambiguity of the allele prediction 
from given sequence information compared to using single reads. 
Nonetheless, it is computationally costly and the resulting contigs 
may not be error-free especially for short (i.e., <100 bp) and/or 
single-ended reads. Thus, both contig assembly and direct read 
mapping have been actively explored. High prediction accuracy 
has been reported for multiple tools using either approach [7, 10–
12]. The deduction of the genotypes is often solved as an optimi-
zation problem via various computational methods such as greedy 
algorithms (e.g., seq2HLA), integer linear programming (e.g., 
Optitype), and Bayesian inference (e.g., PHLAT, PolySolver). 
Linear programming and the Bayesian framework appear to be 
more effective given the improved performance of PHLAT, 
Optitype, and PolySolver over most of their predecessors [7, 11, 
12]. However, one should keep in mind that the improvement is 
often the result of a collaborative effect with other factors; for 
instance, more accurate HLA read mapping and careful allele pri-
oritization [7, 11]. PHLAT is capable of typing both class I and 
class II HLAs using transcriptomic or exomic data over a wide 
range of read length (37–250 bp) [see Note 1]. Class II HLA typ-
ing is not available in the current release of Optitype and PolySolver. 

Table 1 
Summary of HLA typing programs for genome-wide sequencing data

Program
Contig 
assembly

MHC 
class

Data type 
benchmarked Year DOI reference

seq2HLA No Class I, II RNA-seq 2012 10.1186/gm403

HLAforest No Class I, II RNA-seq 2013 10.1371/journal.pone.0067885

HLAminer Yes Class I, II RNA-Seq, 
WES,WGS

2012 10.1186/gm396

ATHLATES Yes Class I, II WES 2013 10.1093/nar/gkt481

PHLAT No Class I, II RNA-Seq, WES 2014 10.1186/1471-2164-15-325

OptiType No Class I RNA-Seq, 
WES,WGS

2014 10.1093/bioinformatics 
/btu548

PolySolver No Class I WES 2015 10.1038/nbt.3344

Yu Bai et al.
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ALTHLATES and PolySolver are designed for exome sequencing. 
Their performances on transcriptome data and short reads 
(<100 bp) remain to be further studied.

PHLAT employs a Bayesian likelihood model to discover the 
most probable pair of HLA alleles given observed data at four-digit 
resolution or higher. The likelihood is defined by taking into 
account the sequence consistency at individual exomic single 
nucleotide polymorphism (SNP) sites, the phase consistency across 
adjacent SNPs, as well as the prevalence of HLA alleles in the pop-
ulation. Moreover, it implements the following novel strategy to 
facilitate accurate HLA read extraction and alignment. The whole 
human genome, together with the collection of genomic sequences 
of the HLA alleles, is used as the mapping reference. Because the 
reads are originated genome-wide, it is rational to search for the 
best alignment over the entire genome instead of just the HLA 
loci. Furthermore, a hierarchical candidate allele prioritization 
method effectively eliminates a large number of the false alleles. 
The prioritization also makes it tractable to evaluate all pair-wise 
combinations of remaining alleles for the best pair, in contrast to 
some methods that infer the two alleles sequentially and thus may 
miss the optimal choice when both are considered simultaneously. 
This framework is suitable to support HLA typing up to the full 
digit resolution. Currently, PHLAT focuses on the polymorphism 
within the coding sequence (CDS) regions and thereby the four- 
to six-digit typing [see Notes 1, 2].

PHLAT is freely available for non-commercial users. The text 
below describes in detail how to set up and execute PHLAT, and 
how to interpret its outputs. Suggestions for appropriately and 
effectively using PHLAT to obtain the best results are discussed 
as well.

2  Materials

PHLAT is designed to run on any Linux environment (Ubuntu 
preferred) with Python 2.7. Several external dependencies are also 
required including Bowtie2 [15] (version 2.0.0-beta7 is recom-
mended as this version was used when downstream algorithms in 
PHLAT were optimized), as well as the Python modules psyam 
(version 0.8.3, avoid 0.9+ version to ensure compatibility) and 
Cython. Other required modules, cPickle, sets, copy, math, re, os, sys, 
and subprocess, are typically included in Python2.7. Python mod-
ules can be installed using

> pip install module_name

An overview of PHLAT workflow is illustrated in Fig. 1.

2.1  Hardware 
and Software 
Environment

Inference of HLA Type with PHLAT
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PHLAT has several dependencies that must be installed before use.

	 1.	Python: PHLAT is compatible with Python 2.7. The latest ver-
sion can be obtained from: https://www.python.org/
downloads/.

	 2.	Bowtie2: PHLAT uses Bowtie2 to map reads to the HLA ref-
erence. Version 2.0.0-beta7 is recommended and can be 
obtained from: https://sourceforge.net/projects/bowtie-
bio/files/bowtie2/2.0.0-beta7/.

	 3.	Download access for PHLAT can be requested at https://
sites.google.com/site/phlatfortype. Unpack the tar file “phlat-
release.tar.gz” into a root directory called “phlat-release.” 
Create a sub-directory called “b2folder,” and then unpack the 
contents of “b2folder.tar.gz” here.

PHLAT accepts RNAseq, Whole Exome Seq, or Amplicon Seq 
data in fastq or gzipped fastq format sequenced using either single-
end or pair-end reads. If single-ended, only one fastq file contain-
ing the reads is required. If pair-ended, PHLAT requires two fastq 
files, one for each set of reads.

Publicly available data in fastq format can be obtained from 
EBI.  Search for a desired dataset by accession number/studyID 
and runID and download through either the direct link or “wget” 
with the ftp URL. An example of an acceptable dataset is accession 
number (or Study ID): ERP000101 and Run ID ERR009142. 

2.2  Download 
and Installation

2.3  Input Data

PHLAT

FASTQ

hg19 HLA alleles
…

2

Inferred HLA types (.sum)
Locus Allele1 Allele2
HLA-A 
HLA-B 
HLA-C 

HLA-DQA1

A*xx:xx A*xx:xx 
B*xx:xx:xx B*xx:xx

… …
… …
… …
… …

HLA-DQB1 
HLA-DRB1

chr6
Mapped reads at HLA locus (.bam)

Fig. 1 Workflow of PHLAT. PHLAT takes input data in FASTQ format generated from RNAseq or whole exome 
sequencing, the reference genome that is composed of the whole human genome (hg19) and the collection 
of HLA alleles from IMGT. It also requires the installation of Bowtie2 and a series of indicated Python mod-
ules. The output from PHLAT is a text report of the most likely pairs of alleles at the major MHC class I and 
class II loci. Additionally, the user can choose to output the mapped reads in BAM format that support the 
genotype inference

Yu Bai et al.
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The fastq file for each set of reads can be downloaded using the 
command below:

> wget ftp://ftp.sra.ebi.ac.uk/vol1/fastq/ERR009/
ERR009142/ERR009142_1.fastq.gz

> wget ftp://ftp.sra.ebi.ac.uk/vol1/fastq/ERR009/
ERR009142/ERR009142_2.fastq.gz

3  Methods

	 1.	PHLAT can be run directly from the command line within the 
unzipped “phlat-release” folder:
 > python –O dist/PHLAT.py [inputs] [options]

The “example.sh” file within the “phlat-release” folder dem-
onstrates how to execute the program. This example can be exe-
cuted using:

 > sh example.sh

	 2.	The following inputs are required for execution:

(a)	 −1: fastq file of the reads if single-end, or the first reads if 
paired-end.

(b)	 −2: fastq file of the second reads if paired-end; ignore if 
single-end.

(c)	 -index: url to the index files for Bowtie2 [default: b2folder 
subfolder in phlat-release directory].

(d)	 -b2url:	url to Bowtie2 executable.
	 3.	The options for the execution are:

(a)	 -orientation: parameter to specify the relative orientation 
of the read mates as defined in Bowtie2 [default --fr]; this 
parameter is not used for single-end input.

(b)	 -tag: prefix name label for the sample associated with the 
fastq files.

	 (c)	 -p: number of threads for running Bowtie2 [default 8].
	 (d)	�-e: url to the home folder of the “phlat-release” root 

directory.
	 (e)	� -o: url to a directory where results shall be stored. A direc-

tory must be manually created before execution.
	 (f)	� -pe: flag indicating whether the data shall be treated as 

paired-end (1) or single-end (0) [default 1].
	 (g)	�-tmp: flag to either keep (1) or remove (0) the temporal 

file folder after the run [default 0].

When running PHLAT, the expected messages are shown in 
Table 2. After execution, the HLA typing results are reported in a 
file with the “.sum” extension. Table 3 shows an example output 

3.1  Inputs 
and Options

3.2  Output

Inference of HLA Type with PHLAT
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file produced by PHLAT upon successful analysis of the RNAseq 
data of subject NA11840  in run ERR009142 from study 
ERP000101. The fields in the output are explained below.

	 1.	Locus: There are six HLA loci on human chromosome 6: 
HLA-A, HLA-B, HLA-C, HLA-DQA1, HLA-DQB1, and 
HLA-DRB1. Each of the loci has a pair of alleles that are 
defined in the columns “Allele1” and “Alllele2.”

	 2.	Allele1: One of the two alleles at the specified locus. The nota-
tion should be read as the HLA locus and digit resolution sep-
arated by a “*.” PHLAT will always attempt to report 4-digit 
or higher typing as long as the resolution is permitted by the 
data. If the entries in “Allele1” and “Alllele2” are identical, the 
locus is homozygous. If they are different, the locus is hetero-
zygous. In case more than one prediction are reported, this 
allele may be considered unresolved (or ambiguous) due to 
insufficient information in the data.

	 3.	Allele2: The other allele at the specified locus.
	 4.	LLtot: The log-likelihood score of the reported pair of alleles 

(Allele1 and Allele2). As described in previous work [7], it is 
the sum of the log-likelihood of the prediction supported by 
the data regarding individual SNPs and adjacent pairs of SNPs, 
as well as by the known prevalence of the alleles. The value 
measures the posterior probability of the reported pair of alleles 
given all available information.

	 5.	pval1: The p-value of the allele is reported in “Allele1.” It 
refers to the probability to observe an equal or higher number 
of reads mapped to that allele by chance. The value is comw-
puted as the one-tailed z-test p-value with respect to a Gaussian 
distribution whose mean and variance are approximated upon 
the read counts being mapped to all candidate alleles. In case 

Table 2 
PHLAT running messages and interpretation

Message Meaning

Process Bowtie 2 mapping on example
 � 9797 reads; of these:
 � 9797 (100.00%) were paired; of these:
 � 0 (0.00%) aligned concordantly 0 times
 � 44 (0.45%) aligned concordantly exactly 1 time
  9753 (99.55%) aligned concordantly >1 times
 � 100.00% overall alignment rate

Bowtie2 
execution 
succeeds

Prepare files of example for PHLAT
 � Running PHLAT
 � Done! Total PHLAT process time:0:01:08.573177

PHLAT 
execution 
succeeds

Yu Bai et al.
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there is only one allele with reads mapped, the p-value is 0. 
Note that the PHLAT framework does not use p-value of indi-
vidual alleles to determine the final HLA type. The p-value is 
nonetheless reported to help illustrate how significantly the 
most likely alleles surpass other alleles.

	 6.	pval2: The p-value of the allele reported in “Allele2.”
If the user chooses to keep the temporal file folder after 

PHLAT finishes, it can be found in the output folder defined 
by the option “-o,” and its name is specified by the option 
“-tag” with a “.tmp” extension. The folder contains a BAM file 
that holds information of the reads mapped to the collection of 
HLA allele sequences. Note the coordinates of the reads are 
converted back to the corresponding genomic positions on 
chromosome 6. Users may visualize the file for details of the 
mapping and genotyping. An example of IGV visualization of 
the BAM file is shown in Fig. 2.

4  Notes

	 1.	It is worth noting that although the framework of PHLAT is 
suitable for HLA typing with both RNA and DNA sequenc-
ing data, it currently utilizes the polymorphism solely within 
the coding sequence regions. Its performance with transcrip-
tome data appears better than with exome sequencing (WES) 
data, as the WES protocol often captures partial intron 
regions flanking the exons such that reads originated therein 
may interfere with the mapping and subsequent analysis. In 
addition, sufficient read coverage in the data, as bench-
marked in the previous publication [7], is critical to a high 
typing accuracy.

Table 3 
The example output file of PHLAT

Locus Allele1 Allele2 LLtot pval1 pval2

HLA_A A*02:01:01 A*02:01:01 −6140.19 4.30E−06 4.30E−06

HLA_B B*27:05:03 B*57:01:01 −53014.24 1.50E−04 2.10E−02

HLA_C C*02:02:02 C*06:02:01 −10939.56 1.60E−05 1.60E−02

HLA_DQA1 DQA1*02:01 DQA1*03:01:01 −3478.13 0 8.90E−03

HLA_DQB1 DQB1*03:02:01 DQB1*03:03:02 −565.28 1.50E−02 1.90E−04

HLA_DRB1 DRB1*04:04:01 DRB1*07:01:01 −15246.29 1.30E−04 2.90E−02

Inference of HLA Type with PHLAT
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	 2.	When applied to MHC class II typing, special attention should 
be paid to HLA-DQA1*03:03, HLA-DQA1*05:05, and 
HLA-DQB1*02:02 alleles. A careful examination in our previ-
ous study suggested that for reads of 37–75 bp, these results 
are error-prone owing to possible misalignment of the reads 
from the minor HLA-DQA2 and DQB2 loci to their homolo-
gous major HLA-DQA1 and DQB1 loci, respectively. This is a 
limitation prevalent in most algorithms that provide class II 
HLA typing based on the IMGT database [7], because DQA2 
and DQB2 loci are not included in IMGT due to limited 
knowledge. It is therefore difficult to recognize the actual ori-
gin of the reads and map them correctly. Until IMGT docu-
mentation is improved, we recommend that users use data 
with paired-end reads of 100 bp or longer to reduce the mis-
alignment [7] and validate HLA-DQA1*03:03, HLA-
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Fig. 2 The mapped reads that support the HLA typing displayed in the Integrative Genomics Viewer. The example 
is the output by PHLAT after analyzing the HapMap RNAseq data of the subject NA12761 (study ID:ERP000101, 
run ID: ERR009106). The viewer is zoomed into the genomic region chr6:29910700–29910750. The hg19 ref-
erence sequences of the HLA-A gene are shown at the bottom of the panel. The nucleotide bases A, C, G, and T 
are colored in green, blue, brown, and red, respectively. The bases in the reads, only if different from the refer-
ence sequence at the aligned positions, are highlighted and color coded. The pileup counts of bases at each 
position are shown in the top panel, from which the genotype at each position can be read out. For instance, 
the subject exhibits heterogeneous genotypes at locations chr6:29910716(A/G), chr6:29910718(A/G), chr6: 
29910720(G/C) and chr6:29910741(C/G)

Yu Bai et al.
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DQA1*05:05 and HLA-DQB1*02:02 alleles by targeted 
amplicon or Sanger sequencing, if they observe such predic-
tions and are interested in their biological significance.
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Chapter 14

Using Exome and Amplicon-Based Sequencing Data 
for High-Resolution HLA Typing with ATHLATES

Chang Liu and Xiao Yang

Abstract

ATHLATES (accurate typing of human leukocyte antigen through exome sequencing) was originally 
developed to analyze whole-exome sequencing (exome-seq) data from the Illumina platform and to pre-
dict the HLA genotype at 2-field or higher resolution. HLA locus-specific reads are first collected by 
stringent read mapping to the IMGT/HLA database. ATHLATES then performs read assembly, candi-
date allele identification, and genotype inference. Here, we describe the protocol of using ATHLATES for 
the above purpose and expand the application to analyze targeted sequencing data using amplicons of full 
HLA genes.

Key words Human leukocyte antigen (HLA), HLA typing, Whole-exome sequencing (exome-seq), 
Targeted sequencing, Polymerase chain reaction (PCR), Amplicons

1  Introduction

Since the initial success of using massively parallel pyrosequencing 
for high-resolution HLA typing [1], various next-generation 
sequencing (NGS) technologies have been rapidly adopted for the 
HLA typing of transplant recipients and donors [2]. The capability 
of NGS to phase densely packed sequence variants within HLA 
genes largely eliminated the problem of cis-trans ambiguity fre-
quently encountered during Sanger sequencing. NGS also allows 
more extensive coverage of HLA genes, achieves higher through-
put, and lowers the overall cost of HLA typing [3].

Most commercial or laboratory developed NGS assays for 
HLA typing utilize PCR to enrich target regions and take one of 
the following three approaches. First, shot-gun sequencing (short 
reads) of long-range amplicons of HLA genes on the Illumina or 
ion-torrent platforms [4, 5]. Second, single-molecule sequencing 
(long reads) of long-range amplicons on the PacBio or Nanopore 
platforms [6, 7]. Third, direct sequencing (short reads) of short-
range amplicons of informative exons within target HLA genes on 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_14&domain=pdf
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the Roche 454 or Illumina platforms [1, 8, 9]. These approaches, 
each with its pros and cons, offered many excellent options for 
clinical HLA typing and immunogenetic research.

In addition to amplicon-based methodologies, successful HLA 
typing can also be achieved by whole-genome sequencing, whole-
exome sequencing (exome-seq), and RNA sequencing [3, 10–12]. 
We developed the ATHLATES program (Accurate Typing of HLA 
through Exome Sequencing) in 2012 with the consideration that 
exome-seq data should contain sufficient information for HLA 
typing. It was unclear at that time whether short reads from the 
Illumina platform were suitable for HLA typing, and few bioinfor-
matic tools were available to accomplish such a task with high 
accuracy. ATHLATES takes locus-specific reads from the initial 
read mapping to all known HLA alleles in the IMGT/HLA data-
base as input, and performs read assembly, candidate allele identi-
fication, and genotype inference (Fig.  1) [3]. The method was 
validated using high-coverage exome-seq datasets from the 1000 
Genomes Project against Sanger sequencing of the corresponding 
DNA specimens. ATHLATES was subsequently used for HLA 
typing in landmark studies in cancer immunotherapy [13–15]. 
Since then, several excellent, open-access software packages have 
become available that implements various algorithms for HLA typ-
ing starting from different types of NGS data [10, 12, 16–19].

Here, we outline an abbreviated procedure for using 
ATHLATES to analyze standard exome-seq datasets generated on 
the Illumina platform to determine genotypes at HLA loci of your 
interest. We also demonstrate that the method is applicable to 
shot-gun sequencing data from long-range amplicons of selected 
HLA genes (Fig. 1).

2  Materials

Stringent mapping of exome-seq reads from a large dataset requires 
significant resource. We requested 4 nodes, each with four cores at 
2.4 GHz and 256 GB RAM per node, from a local IBM High 
Performance Computing system (chpc.wustl.edu) for this task, 
although this potentially could be scaled down. All processors run 
the latest version of the Redhat Linux operating system. Read 
mapping for amplicon-based sequencing data can be executed 
using one core. With the input bam file ready after the read map-
ping, ATHLATES can be run within a few minutes per locus with 
one core, or on a laptop computer (Intel® Core i7-6500 U CPU 
at 2.5 GHzx4, 15.6 GB RAM) running Ubuntu 16.04 LTS.

	 1.	Bamtools [20] version 2.3.0 for processing of bam files: down-
load bamtools-2.3.0.zip to your computer (https://github.
com/pezmaster31/bamtools/archive/v2.3.0.zip). Unzip the 

2.1  Hardware

2.2  Software 
Dependencies
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file, and enter the bamtools-2.3.0 folder. Create a “build” 
directory, move into the directory, compile the software using 
“cmake ..” followed by “make.”

	 2.	Novoalign [21] version 3.03.00 for read mapping: this pro-
gram was installed by the administrator of our computing 
cluster.

	 3.	Samtools [22] version 1.3 for processing of sam and bam files: 
this program was installed by the administrator of our comput-
ing cluster. It can be installed on a Ubuntu laptop using “sudo 
apt-get install samtools.”

	 1.	Download ATHLATES at the website of Broad Institute after 
filling out a registration form (https://www.broadinstitute.
org/viral-genomics/viral-genomics-analysis-software-registra-
tion). Click on the “Download ATHLATES” link and save the 
compressed file named “athlates.zip.” Unzip the file.

	 2.	Enter the athlates folder, followed by “bash” and “export LD_
LIBRARY_PATH = $LD_LIBRARY_PATH:/path/to/bam-
tools-2.3.0/lib.”

	 3.	Edit the makefile under athlates/src as follows using a text edi-
tor (e.g., gedit): “MYPATH=/path/to/bamtools-2.3.0/” 
and “COMPILER=/path/to/g++.”

	 4.	Go to the src directory and compile with “make.”

	 1.	Download all genomic and cDNA sequences of all HLA alleles 
from the IMGT/HLA database to a temporary folder “db-
temp” using “wget ftp://ftp.ebi.ac.uk/pub/databases/ipd/
imgt/hla/hla_gen.fasta” and “wget ftp://ftp.ebi.ac.uk/pub/
databases/ipd/imgt/hla/hla_nuc.fasta”. Combine the two 
files using “cat hla* > hla_all.fasta.”

2.3  Download 
and Compilation 
of ATHLATES

2.4  Prepare 
Reference, Bed, 
and msa Files

Exome-seq Amplicon shot-gun
Sequencing 

IMGT/HLA 
reference 
sequences

A* B* C* DRB1* DQB1* Other loci ...

ATHLATES

Read mapping

Locus-specific reads

Type of 
dataset

Contig
assembly

Candidate allele
identification

Genotype
inference

Fig. 1 Bioinformatic workflow
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	 2.	Download the script “hla_ref_clean.pl” from https://github.
com/cliu32/athlates to the db-temp folder.

	 3.	Remove redundant sequences and prepare the reference and 
bed files: run command “perl. /hla_ref_clean.pl -ref hla_all.
fasta -oprefix hla_3.29.0.” The command will report the total 
number of genes (39) and reference sequence files (20,148). 
The gene names will be listed in the end. Note that 3.29.0 is 
the current IMGT/HLA release version.

	 4.	Transfer files to the correct folders using “cp hla_3.29.0.clean.
fasta /path/to/athlates/db/ref” and “cp *.bed /path/to/
athlates/db/bed.”

	 5.	Download msa (multi-sequence alignment) files for loci of you 
intend to type, example “A_nuc.txt” for HLA-A locus, from 
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/align-
ments/. Rename the msa files by prefixing with the version 
number “hla_3.29.0.” and transfer the files to “/path/to/
athlates/db/msa.” Note that the last block of C_nuc.txt con-
tains an extended sequence at the 3′-end of C*04:09N, which 
must be deleted due to its interference with the function of 
ATHLATES. In addition, DRB_nuc.txt must be renamed to 
DRB1_nuc.txt to be compatible with the scripts mentioned in 
Subheading 2.5.

	 1.	Download “athlates_proto.sh” from https://github.com/
cliu32/athlates to the “athlates” folder. This bash script will 
perform the initial read mapping and feed the sorted bam file 
to “runAthlates.pl.”

	 2.	Download “runAthlates.pl” from https://github.com/
cliu32/athlates to the “athlates” folder. This is a wrapper that 
takes all HLA-specific reads in a sorted bam file to generate 
locus-specific reads and perform in silico HLA typing.

	 1.	Exome-seq data: Download the paired fastq files for sample 
“HG01756” using “weget ftp://ftp.sra.ebi.ac.uk/vol1/
fastq/SRR359/SRR359102/SRR359102_1.fastq.gz | weget 
ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR359/SRR359102/
SRR359102_2.fastq.gz” to your local data folder such as “/
path/to/data_exome.”

	 2.	Amplicon shot-gun sequencing data: Download the paired 
fastq files for sample “HG01886” from https://github.com/
cliu32/athlates to your local data folder such as “/path/to/
data_amplicon.” The data was generated using long-range 
amplicons of HLA-A, -B, -C, -DRB1, and -DQB1 genes. The 
amplicons from one sample were pooled for library prepara-
tion using the Nextera XT kit (Illumina) followed by 
sequencing.

2.5  Download 
Related Scripts

2.6  Sample Datasets

Chang Liu and Xiao Yang

https://github.com/cliu32/athlates
https://github.com/cliu32/athlates
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/alignments
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/alignments
https://github.com/cliu32/athlates
https://github.com/cliu32/athlates
ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR359/SRR359102/SRR359102_1.fastq.gz
ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR359/SRR359102/SRR359102_1.fastq.gz
ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR359/SRR359102/SRR359102_2.fastq.gz
ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR359/SRR359102/SRR359102_2.fastq.gz
https://github.com/cliu32/athlates
https://github.com/cliu32/athlates


207

3  Methods

	 1.	Open the bash script in a text editor. Update the script by sup-
plying the following full paths to replace the placeholders: (a) 
bamtools: /path/to/bamtools-2.3.0/lib; (b) athlates: /path/
to/athlates; (c) data folder for sequence reads files: /path/to/
data. A result folder will be created when running the script 
using the data folder name suffixed with “_rslt” to store inter-
mediate files and final typing results.

	 2.	Paired-end sequence reads in the data folder should be named 
as “<UniqueSampleName>_1.fastq.gz” and 
“<UniqueSampleName>_2.fastq.gz.” Data from multiple 
samples can be stored in the data folder for batch analysis. 
Results generated in the result folder will be organized in sub-
folders named after the corresponding sample names. If the 
input files are fastq files, suffix1 and suffix2 in the bash script 
must be changed to “_1.fastq” and “_2.fastq,” respectively.

	 3.	Update the IMGT/HLA version if you prepared your refer-
ence, bed, and msa files using a version other than 3.29.0.

	 4.	Modify the “#load required tools” section to allow access to 
novoalign and samtools (Subheading 2.2).

	 1.	For exome-seq datasets from 1000 Genomes Project, we used 
parameters “-r Random -i PE 100-1400 -H -t 30 -n 100.” For 
amplicon-based sequencing using library prepared with 
Nextera XT, we used parameters “-r Random -i PE 100-1400 
-H -t 30 -n 150.”

	 2.	Choose one of the two options, or it may be necessary to cus-
tomize the parameters based on the fragment lengths (−i PE) 
and read length (−n) suitable for your library. [see Note 1]

	 1.	Open the perl script in a text editor. Identify the two lines of 
code as follows and supply the full paths to replace the place-
holders: (a) my $samtool_cmd= “/path/to/samtools”; (b) 
my $athlates = “/path/to/athlates/bin/typing.”

	 1.	Save the updated bash script, and change the access permission 
with “chmod +x athaltes_proto.sh.”

	 2.	Execute the bash script by “./athlates_proto.sh.” If you are 
working at a cluster, you may need to submit the job to 
requested computing cores for execution.

	 3.	Once started, the program iterates over unique samples 
(sequence read file pairs) in the data folder in a for-loop. For 
each sample, novoalign maps sequence reads to the IMGT/
HLA database to generate a sorted bam file. Next, the 

3.1  Updating Paths 
and Folder Names 
in the “athlates_proto.
sh” Script

3.2  Selecting 
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for Read Mapping 
by Novoalign 
(V3.03.00)

3.3  Updating Paths 
in the “runAthlates.pl” 
Script

3.4  Executing 
the “athlates_proto.
sh” Script
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“runAthlates.pl” script is executed to collect locus-specific 
reads, assemble contigs, identify possible and candidate alleles, 
and infer genotypes.

	 1.	The typing results for the two sample datasets are summarized 
in Table  1. The results are concordant with the consensus 
typing results at the 3-field resolution, except for the HLA-
DQB1 locus of HG01756 where an additional allele 
DQB1*02:53Q could not be ruled out. The latter was dis-
covered only recently with a “questionable” status, and it dif-
fers from DQB1*02:01:01 by a triple-base deletion at 
position 289–291 causing the loss of a lysine at position 65 
(Fig.  2). The possible explanation for including 
DQB1*02:53Q is that the triplet deletion exists at the junc-
tion between two neighboring contigs, and there is zero mis-
match between these contigs and DQB1*02:53Q.

	 2.	A sample report for the HLA-A locus of HG01756 (exome-
seq) is shown in Table 2. The report has three parts. Part 1 
reports a list of alleles supported, to various extents, by the 
assembled contigs. HD denotes the Hamming distance 
between each possible allele and its best hit in the contigs. 
When there is a difference between the alignment length (Aln_
len) and cDNA length (cDNA_len), the gap indicates one or 
more exons that are (1) not captured and sequenced, or (2) 
excluded from calculation due to poor coverage or too many 
mismatches. For example, exon 8 of A*30:02:01:03 (first row) 
is absent in the contigs, as indicated by “(8, 5).” Perhaps this 
exon was not captured due to its small size, leaving a gap of five 
bases. For A*26:01:01:08 in the sixth row, the entire exon 2 
(270 bp) was excluded from analysis in addition to the missing 
exon 8, leaving a gap of 275 bp. For alleles with partial refer-
ence sequences in the IMGT/HLA database, such as A*26:71N 
with reference sequence for exons 2–5 only, the exons with no 
reference sequence available are indicated as exon ID followed 

3.5  Interpreting 
the Output

Table 1 
Typing results for sample datasets

Sample datasets 
(characteristics) Alleles

HLA loci

A* B* C* DRB1* DQB1*

HG01756 (exome-seq) Allele 1 30:02:01 18:01:01 05:01:01 03:01:01 02:01:01/02:53Q

Allele 2 66:01:01 41:02:01 17:03:01 03:01:01 02:01:01/02:53Q

HG01886 (amplicon) Allele 1 30:02:01 15:03:01 02:10:01 11:01:02 05:02:01

Allele 2 74:01:01 57:03:01 07:01:02 13:02:01 06:09:01
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by 0: “(1,0) … (6,0) (7,0) (8,0).” When the HD is above 0 
and up to 2, each mismatch is reported with the exon ID and 
base position, such as “[3, 24]” and “[2, 209]” for A*30:10 
and A*30:25, respectively. Part 2 reports candidate alleles 
selected from part 1 to infer the final genotype. The candidate 
allele list excludes alleles with large exons (>25 bp) that find no 
hit in the contigs. For example, A*26:01:01:08 is not selected 
due to the no-hit exon 2. The candidate list also prioritizes 
alleles with an HD of zero. However, if all the 0-HD alleles 
encode the same protein sequence, additional alleles with HD 
of 1 are included in the candidate list. Part 3 reports the final 
genotypes inferred from the candidate list. The genotypes 
must maximally represent the repertoire of sequences from the 
candidate alleles. Due to the lack of intron information from 
the exome-seq, ambiguities at the 4-field level cannot be elimi-
nated. [see Notes 2–4]

4  Notes

	 1.	Parameter optimization and aligner for read mapping. 
ATHLATES requires high-quality input reads with few or no 
mismatch. The “-t 30” option allows only one mismatch per 
read. For the read length option (“-n 100” or “-n 150”), 
although much longer reads can be generated with the current 
Illumina chemistry, it is important to trim the reads to exclude 
the part with a lower quality. We recommend that, when typ-
ing their own datasets, users optimize and validate the read 
mapping parameters using a few samples with known HLA 
genotypes to achieve the best results. In addition to novoalign, 
MOSAIK is also acceptable for read mapping in our hands [3].

	 2.	Typing additional HLA genes. The program described in this 
protocol is capable of typing additional HLA genes such as DPB1, 
although this function has not been extensively validated. To 
do this, simply add DPB1 to the existing list of genes typed 

Fig. 2 Comparison of DQB1*02:01:01 and DQB1*02:53Q. The alignment of exon 2 is generated using the 
online tool at IMGT/HLA (http://www.ebi.ac.uk/ipd/imgt/hla/align.html) and shown here. Three nucleotides at 
position 289-291 of DQB1*02:01:01 are deleted in DQB1*02:53Q, removing a lysine from the amino acid 
sequence position 65

In silico HLA Typing by ATHLATES
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Table 2 
A sample ATHLATES output for the HLA-A locus of sample HG01756 (exome-seq)

Name HD Aln_len cDNA_len Similarity Avg_cov
Missing_exons (ID,len);  
mismatches [ID,pos]

A*30:02:01:03 0 1093 1098 1 148.062 (8,5)

A*66:01:01:01 0 1093 1098 1 110.608 (8,5)

A*30:02:01:01 0 1093 1098 1 148.062 (8,5)

A*66:01:01:02 0 1093 1098 1 110.608 (8,5)

A*30:02:01:02 0 1093 1098 1 148.062 (8,5)

A*26:01:01:08 0 823 1098 1 132.245 (2270) (8,5)

A*26:01:01:09 0 823 1098 1 132.245 (2270) (8,5)

(skip 27 rows)

A*30:04:01 0 817 1098 1 168.135 (3276) (8,5)

A*30:99 0 817 1098 1 168.135 (3276) (8,5)

A*26:71 N 0 669 939 1 158.179 (1,0) (2270) (6,0) (7,0) (8,0)

A*30:10 1 1093 1098 0.99909 148.062 (8,5) [3,24]

A*30:25 1 1093 1098 0.99909 148.062 (8,5) [2209]

(skip 48 rows)

A*26:03:01 2 1093 1098 0.99817 110.608 (8,5) [2209] [2219]

A*30:03 2 1093 1098 0.99817 148.062 (8,5) [2165] [2170]

A*25:27:02 2 823 1098 0.99757 132.245 (2270) (8,5) [3273] [3275]

A*26:08 2 823 1098 0.99757 132.245 (2270) (8,5) [3195] [3196]

A*30:115 2 823 1093 0.99757 180.062 (2270) (8,0) [3183] [4,24]

(skip 8 rows)

Candidate allelic pairs

A*30:02:01:03 0 1093 1098 1 148.062 (8,5)

A*66:01:01:01 0 1093 1098 1 110.608 (8,5)

A*30:02:01:01 0 1093 1098 1 148.062 (8,5)

A*66:01:01:02 0 1093 1098 1 110.608 (8,5)

A*30:02:01:02 0 1093 1098 1 148.062 (8,5)

Inferred allelic pairs

Allele1 Allele2 HD

A*30:02:01:03 A*66:01:01:01 0

A*30:02:01:03 A*66:01:01:02 0

(continued)
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and listed in the “athlates_proto.sh” script, and add the msa 
file “hla_3.29.0.DPB1_nuc.txt” to the athlates/db/msa 
folder. We recommend that users validate the typing of addi-
tional genes using a few samples with known genotypes to 
achieve reliable results.

	 3.	Limitation of ATHLATES. ATHLATES requires high-quality 
reads and stringent read mapping to achieve the optimal 
results. Although it performs well with high-coverage and low-
error-rate datasets, it may not be as sensitive as programs like 
Optitype that has been shown to successfully type low-cover-
age datasets. ATHLATES also generates genotypes that maxi-
mally describe the information present in a dataset, not 
necessarily the most likely genotypes. Thus erroneous reads 
due to systematic sequencing errors, if present in large num-
bers and happen to match some rare alleles, may lead to the 
inclusion of these extra alleles in the candidate allele list and 
the final genotype. The average coverage (Avg_cov), although 
reported in the typing result, is not explicitly considered to 
identify the most likely genotype.

	 4.	Pretest probability based on linkage disequilibrium and allele 
frequency. We recommend that, when reviewing the typing 
results, users take into consideration the common genetic asso-
ciations for the HLA-B~HLA-C and HLA-DRB1~HLADQB1 
haplotype blocks. If uncommon haplotypes or rare alleles out-
side of the common well-documented alleles are reported 
[23], possible typing error should be ruled out using addi-
tional information (e.g., coverage data) or through consulta-
tion with an HLA specialist.

Table 2
(continued)

Name HD Aln_len cDNA_len Similarity Avg_cov
Missing_exons (ID,len);  
mismatches [ID,pos]

A*66:01:01:01 A*30:02:01:01 0

A*66:01:01:01 A*30:02:01:02 0

A*30:02:01:01 A*66:01:01:02 0

A*66:01:01:02 A*30:02:01:02 0

In silico HLA Typing by ATHLATES
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Chapter 15

HLA Typing from Short-Read Sequencing Data 
with OptiType

András Szolek

Abstract

The established standards for HLA genotyping rely on targeted DNA sequencing techniques. However, 
the increasing abundance of short-read sequencing data has prompted a demand for computational tools 
capable of HLA typing from general purpose sequencing data as well. OptiType is a software that performs 
HLA typing from short-read DNA and RNA sequencing data, and this chapter guides the user through its 
installation and usage.

Key words HLA class I typing, RNA-Seq, Whole-exome Seq, OptiType, Mapping, In silico, 
Bioinformatics

1  Introduction

HLA typing from next-generation sequencing (NGS) data is chal-
lenging, and the traditional genotyping pipeline (i.e., read map-
ping to a single reference genome followed by variant calling) is 
hopelessly inadequate for HLA genes, primarily due to their highly 
polymorphic nature. A number of purpose-built tools have been 
developed to tackle the problem using various algorithmic 
approaches, with different strengths and weaknesses according to 
independent benchmarks [1, 2].

OptiType performs HLA typing using a combinatorial optimi-
zation approach [3]. Reads are mapped to a reference panel con-
sisting of HLA Class I allele sequences centered around their most 
polymorphic, and functionally most important region, exons 2 and 
3. Reads are allowed to map to any number of alleles as long as 
they are co-optimal alignments (i.e., contain no more mismatches 
than any other possible alignment) and have at least 97% identity 
with the subject sequence.

From these alignments a binary hit matrix is constructed, 
whose rows and columns correspond to reads and alleles respec-
tively. The binary value of a given cell reflects whether the read 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_15&domain=pdf
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mapped to the allele co-optimally, in other words, whether the 
read can be explained by the allele’s presence in the sample or not. 
Based on the assumption that the correct genotype explains more 
reads than any other genotype, OptiType uses an integer linear 
program (ILP) model to select up to two alleles per locus, such 
that they explain the largest possible number of reads together.

OptiType takes fastqfiles as input, and reports the predicted 
4-digit HLA Class I genotype in a tab-separated file and an accom-
panying PDF document, containing detailed coverage plots, allow-
ing a critical visual inspection of the results. Below, a step-by-step 
guide is provided to the installation and usage of OptiType, and 
guidelines to interpreting its output.

2  Materials

OptiType is a Linux software written in Python. Its external 
requirements are the read mapper RazerS3 [4] or Yara [5], an ILP 
solver such as CBC or CPLEX, the HDF5 library, and the Python 
packages NumPy [6], Pyomo [7], Pandas [8], Pysam [9], and 
Matplotlib [10]. As the installation process is slightly involved, 
some users may prefer the self-contained Docker image of OptiType 
including all dependencies, hosted on Docker Hub.

	 1.	OptiType is compatible with both Python 2 and 3 from ver-
sions 2.7.9 and 3.5 or above. Ensure a supported version is 
available on your system.

	 2.	Download and install the read mapper RazerS3 by following 
the instructions on https://github.com/seqan/seqan/tree/
master/apps/razers3.

	 3.	Install an integer programming solver software. Any solver 
supported by the Python package Pyomo should be supported 
by OptiType as well, but we suggest either the open-source 
CBC (https://projects.coin-or.org/Cbc) or CPLEX, which is 
a commercial software with a free academic license (http://
www-01.ibm.com/software/commerce/optimization/
cplex-optimizer/).

	 4.	Verify that the solver is globally accessible in the computing 
environment. If executing cbc or cplex from the command 
line does not start them, include their install destination in the 
PATH environment variable.

	 5.	On most command-line interfaces this can be done with
export PATH=/path/to/ilp/cbc:$PATH

To make it permanent, include this line in your shell’s 
startup script (like .bashrc for bash).

2.1  Software 
Dependencies

2.2  Installation 
from Source
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	 6.	Download and extract the current HDF5 shared library from 
https://support.hdfgroup.org/ftp/HDF5/current18/bin/
linux-centos7-x86_64-gcc485/.

	 7.	Include the extracted lib folder in the LD_LIBRARY_PATH 
environment variable.

	 8.	Create a temporary environment variable HDF5_DIR contain-
ing the path to the HDF5 base folder with
export HDF5_DIR=/path/to/hdf5-1.8.xx-linux-centos7-
x86_64-gcc485-shared/

	 9.	Install the Python packages numpy, pyomo, pysam, matplotlib, 
tables, pandas and future with Python’s package manager pip by 
running pip install <package-name> for all of them. 
While not necessary, it is good practice to create an isolated Python 
environment for the above packages instead of installing them 
system-wide. If using Python 2, consider installing the package 
virtualenv before the above, and consult https://virtualenv.pypa.
io/en/stable/userguide/ how to create and active such an envi-
ronment. With Python 3, use the built-in venv module to achieve 
the same (https://docs.python.org/3.6/library/venv.html).

	10.	Fetch OptiType from https://github.com/FRED-2/
OptiType. Either download and extract the ZIP file or use git 
to clone the repository.

	11.	Create a config.ini file in the OptiType directory by adapt-
ing config.ini.example.

	12.	Provide the full path to the RazerS3 executable, and set the 
number of threads to be used.

	13.	Specify the solver that has been installed, such as cbc or 
cplex. Unlike in the previous step, this should not be a path, 
just a simple keyword.

	 1.	Ensure Docker (https://www.docker.com/) is installed on 
the system.

	 2.	Download the Docker image of OptiType with the command 
docker pull fred2/optitype.

3  Methods

	 1.	If the Python dependencies had been installed in a virtual envi-
ronment, activate the environment first.

	 2.	Assuming the base directory of OptiType is /path/to/
OptiType, it can be launched with
python /path/to/OptiType/OptiTypePipeline.py -i 
<reads1> [<reads2>] (-d|-r) -o <outdir> [-p <prefix>] 
[-v] [-b <beta>] [-e <n>] [-c <configfile>]

2.3  Installing 
the Docker Version

3.1  Running 
OptiType (Python 
Version)

NGS-based HLA Typing with OptiType

https://support.hdfgroup.org/ftp/HDF5/current18/bin/linux-centos7-x86_64-gcc485
https://support.hdfgroup.org/ftp/HDF5/current18/bin/linux-centos7-x86_64-gcc485
https://virtualenv.pypa.io/en/stable/userguide
https://virtualenv.pypa.io/en/stable/userguide
https://docs.python.org/3.6/library/venv.html
https://github.com/FRED-2/OptiType
https://github.com/FRED-2/OptiType
https://www.docker.com


218

	 3.	reads1 and reads2 are the input fastq or fastq.gz files. If 
reads2 is provided, the data will be treated as paired-end (see 
Note 1).

	 4.	The mutually exclusive -d and -r flags tell OptiType whether 
the input is DNA or RNA sequencing data.

	 5.	outdir is the output directory. OptiType will create this 
directory and write the results into a timestamped folder inside. 
If outdir exists (for example due to a previous run with differ-
ent settings) the timestamp will make sure that the previous 
results are not overwritten. If the optional -p prefix argument 
is provided, the output files will be written directly into outdir, 
with filenames starting with that prefix. This is useful when 
processing an entire batch of samples.

	 6.	The flag -v enables verbose mode with diagnostic information 
printed on the standard output.

	 7.	beta is an optional floating point parameter that controls 
OptiType’s propensity to call homozygous genotypes over 
heterozygous. The default value of 0.009 has been validated to 
be optimal in most circumstances.

	 8.	The -e <n> option will report n−1 suboptimal solutions 
alongside the optimal one. This is strictly a debugging feature 
and the suboptimal solutions shall not be taken at face value.

	 9.	The optional configfile allows the user to override config.
ini in OptiType’s base directory. The [behavior] section 
of the default configuration file contains several further set-
tings with accompanying explanations of their effect.

	10.	OptiType is shipped with two small test datasets found in the 
test/exome and test/rna subfolders of the installation 
directory. It is advised to run OptiType on these test samples 
first, to ensure that everything is working correctly. Enter the 
installation directory and run
python OptiTypePipeline.py -i test/exome/NA11995_
SRR766010_1_fished.fastq test/exome/NA11995_
SRR766010_2_fished.fastq -d -v -o /path/to/outdir

See Subheading 3.4 regarding the content of the out-
put files.

	 1.	OptiType can be run with
docker run -v /path/to/my_data:/data/ -t fred2/op-
titype -i <reads1> [<reads2>] (-d|-r) -o <outdir> 
[-v] [-b <beta>] [-e <n>] [-c <configfile>]

	 2.	/path/to/my_data is a directory on the host system that 
will be mounted at /data/ inside the Docker container.

	 3.	Regarding OptiType’s command line options, see steps 3 and 
onward of Subheading 3.1.

3.2  Running 
OptiType (Docker 
Version)

András Szolek
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	 4.	The path of the input files and output directory need to be referred 
relative to the Docker container’s /data/ directory (which is the 
default working directory inside the Docker container). If the 
input data is located at /path/to/my_data/sample345/1. 
fastq on the host system, the reads1 argument can either be 
sample345/1.fastq or /data/sample345/1.fastq but 
not /path/to/my_data/sample345/1.fastq. The same 
applies to outdir and configfile.

	 5.	If the desired output directory on the host system is outside 
/path/to/my_data, one can mount it with an addi-
tional -v /path/to/desired_out/:/out/ option and 
set the outdir argument to /out.

	 6.	To check whether everything is set up correctly, download the 
two test fastq files from https://github.com/FRED-2/
OptiType/tree/master/test/exome into /path/to/my_
data and execute
docker run -v /path/to/my_data:/data/ -t fred2/op-
titype -i NA11995_SRR766010_1_fished.fastq NA11995_
SRR766010_2_fished.fastq -d -v -o outdir

The results should soon appear in /path/to/my_data/
outdir.

The read mapping strategy of RazerS3 is unusual in that it involves 
indexing reads instead of the reference, therefore its memory con-
sumption is proportional to the input size. While this is rarely an 
issue on the high-memory machines OptiType is typically ran on, 
if a user is restricted to a desktop computer, they may seek a more 
memory-efficient alternative solution. By filtering for HLA reads 
before passing them to OptiType, the size of the input fastq files 
can be dramatically reduced. This can be achieved by mapping 
reads against OptiType’s custom reference sequence panel, and 
channeling the captured reads into smaller fastq files. Any estab-
lished read mapper should be suitable for the purpose. However, if 
we can guarantee that the read mapper is fully sensitive, exact, and 
capable of finding all co-optimal alignments, OptiType can take 
the resulting BAM files as input directly, bypassing RazerS3 in the 
alignment process altogether. Yara [5] is a read mapper that fulfills 
these criteria and will be used for an example.

	 1.	Download and install Yara from https://github.com/seqan/
seqan/tree/master/apps/yara.

	 2.	Download and install SAMtools [9] from http://www.htslib.
org/.

	 3.	Index OptiType’s custom reference panel with
yara_indexer -o /path/to/OptiType/data/yara_dna /
path/to/OptiType/data/hla_reference_dna.fasta

For the RNA reference obviously replace dna with rna.

3.3  Read Mapping 
with Alternative Read 
Alignment Software

NGS-based HLA Typing with OptiType
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	 4.	Map reads against the reference with
yara_mapper -e 3 -f bam -u /path/to/OptiType/data/
yara_dna <reads1> | samtools view -h -F 4 -b1 - > 
mapped_1.bam

	 5.	Repeat step 4 for the second end replacing <reads1> and 
mapped_1.bam with <reads2> and mapped_2.bam

	 6.	Run OptiType with mapped_1.bam and mapped_2.bam as 
input instead of the usual fastq files (see Subheadings 3.1 or 3.2).

A successful OptiType run generates two files in the output direc-
tory: a tsv and a pdf file.

The tsv file contains eight columns:

	 1.	A1, A2, B1, B2, C1, C2 contain the predicted 4-digit 
HLA genotype. Homozygous loci have two identical entries in 
both columns. Note: 1 and 2 are not meant to reflect large-
scale maternal or paternal haplotypes.

	 2.	Reads contains the total number of reads that the predicted 
HLA genotype could explain.

	 3.	Objective is a closely related value to Reads that entails the 
zygosity regularization factor set by the beta parameter in the 
ILP model. It is of little interest to the typical user.

	 4.	If OptiType was called with the setting -e <n> for suboptimal 
solution enumeration, the table should contain n rows instead 
of just one, in decreasing order of optimality.

The pdf file contains the coverage plots of the predicted alleles in a 
3 × 2 arrangement, each row standing for a locus. Homozygous 
loci have only one coverage plot in their row.

The x-axis of each plot shows position in sequence, starting from 
the beginning of intron 1 and ending at the end of intron 3 for DNA 
data, and starting at the beginning of exon 2 and ending at the end 
of exon 3 for RNA data. The gray bands in the background show the 
location of exons 2 and 3. The logarithmically scaled y-axis shows 
coverage depth at the corresponding position, which is presented as 
a stacked area chart consisting of up to eight different bands.

The chart uses four different colors, each in a vivid, saturated, 
and a lighter, less saturated tone. The saturated bands consist of 
reads that aligned to the allele better than every other allele in the 
predicted genotype, whereas light color bands represent reads 
that aligned to multiple alleles (usually two alleles of the same 
locus) equally well. The meaning of the four colors is as follows:

	 1.	The green area consists of paired-end reads where both ends 
aligned to the allele sequence without any mismatches.

3.4  Interpreting 
the Results

3.4.1  Interpreting the tsv 
File

3.4.2  Interpreting the pdf 
File

András Szolek
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	 2.	The yellow area consists of reads where only one end could be 
mapped, but it did so without mismatches. This is typically 
present toward the beginning and the end of the plot due to 
the other read end falling outside the inspected region.

	 3.	The red area shows paired-end reads where both ends aligned 
to the allele sequence but did so with at least one mismatch. 
The most common reason for mismatches is sequencing errors. 
Usually, this manifests as a thin red band on top of the larger 
green hills.

	 4.	Finally, blue stands for single-end alignments with mismatches.

Let us take a closer look at the coverage plots of the test exome 
dataset, as seen in Fig. 1.

	 1.	The HLA-A locus is homozygous, B and C are heterozygous.
	 2.	Exome enrichment is apparent: coverage is high on both exons 

on all loci, and drops at the exon boundaries. Curiously the 
end of intron 3 is highly covered as well.

	 3.	Most read pairs could be aligned without mismatches, and 
importantly, they cover the entirety of the exons for every 

3.4.3  Example

Fig. 1 Coverage plots of the HLA alleles predicted in the 1000 Genomes exome sequencing dataset NA11995/
SRR766010

NGS-based HLA Typing with OptiType
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allele. The plots appear conclusive and leave no doubt about 
the presence of the predicted alleles in the sample.

	 4.	C*06:02 and C*07:01 share a light green/yellow band at the 
beginning of exon 2. Due to the fact that these two alleles have 
perfect sequence identity spanning 245 bases around the 
intron 1–exon 2 junction, read pairs falling entirely in that win-
dow cannot be assigned to either allele uniquely, and are hence 
presented with a light tone. The same can be observed between 
B*08:01 and B*57:01 in the middle of intron 3.

	 5.	Toward the end of intron 2 of A*01:01 one can observe a dip 
in perfectly matching (green) reads in favor of mismatched 
(red) reads. Although coverage is low at that position, it may 
hint at a potential variant in one of the two A*01:01 alleles, 
which further manual analysis could verify or refute.

4  Notes

	 1.	If the original FASTQ files are not available, but a BAM file 
with the reads aligned to a reference genome is, the user 
can still extract the necessary reads to use OptiType. The 
genomic location of the HLA superlocus is on chromo-
some 6, between megabase coordinates 29.5 and 33.1. 
However, extracting reads mapped to this region may not 
be sufficient, due to the imperfect sensitivity of some read 
mappers when aligning HLA reads that originate from 
alleles dissimilar to the reference sequence [11]. Therefore, 
if possible, unmapped reads should be extracted from the 
BAM file as well. The below command extracts HLA region 
and unmapped reads from a paired-end, sorted and indexed 
in.bam and outputs the individual read ends into out_1.
fastq and out_2.fastq:

samtools view -h in.bam -F 256 chr6:29,500,000-
33,200,000 "*" | samtools bam2fq -1 out_1.fq -2 
out_2.fq -

It is important to keep in mind that the command may 
require customization for certain reference genome builds. If 
the reference genome contains alternate chromosome 6 con-
tigs, or additional contigs for a set of HLA alleles, reads should 
be extracted from those regions as well, since their purpose is 
to capture HLA reads. The presence of alternate contigs can 
be determined by inspecting the BAM file’s header with

samtools view -H in.bam

and looking for identifiers such as chr6_GL000250v2_alt 
or HLA-A*01:01. If they are present, all such identifiers 
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should be placed at the end of the samtools view subcom-
mand in a space-separated fashion, without any coordinate 
qualifiers. Once reads have been extracted, OptiType can be 
run with out_1.fq and out_2.fq as the input.
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Chapter 16

Comprehensive HLA Typing from a Current Allele Database 
Using Next-Generation Sequencing Data

Shuji Kawaguchi, Koichiro Higasa, Ryo Yamada, and Fumihiko Matsuda

Abstract

HLA allele information is essential for a variety of medical applications, such as genomic studies of multi-
factorial diseases, including immune system and inflammation-related disorders, and donor selection in 
organ transplantation and regenerative medicine. To obtain this information, an accurate HLA typing 
method that is applicable for any allele registered in HLA allele databases is needed. Here, we describe a 
method for determining alleles from a current HLA database using next-generation sequencing (NGS) 
results.

Key words HLA typing, NGS, Software, Database, Bioinformatics

1  Introduction

The accurate genotyping of HLA alleles is essential in developing 
novel therapeutic strategies for many diseases and the development 
of therapeutic strategies. Next-generation sequencing (NGS) tech-
nologies have enabled dramatic breakthroughs in HLA typing in 
terms of high-throughput read generation derived from a haploid 
genome [1–3]. This advance has made it possible to determine the 
complete sequence of any HLA allele, which is difficult using con-
ventional PCR-based methods, such as the PCR-sequence-specific 
oligonucleotide probes (PCR-SSOP) represented by Luminex® 
and sequencing-based typing (PCR-SBT) [4, 5].

Nevertheless, complete and an accurate HLA typing from 
NGS data is still challenging, because of the high polymorphism of 
the HLA genes. The IPD-IMGT/HLA, the world’s database of 
HLA alleles [6], has identified more than seventeen thousand HLA 
alleles to date (July, 2017), the number of which doubled in just 
five years. Unfortunately, however, a large number of the HLA 
alleles are registered as only a partial nucleotide sequence consist-
ing of one or two exons encoding the functionally critical 
G-DOMAIN [6]. It is impossible to identify a specific HLA allele 
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without considering sequences outside the G-DOMAIN, because 
multiple alleles can share the same G-DOMAIN sequence.

Several HLA typing methods aimed at enhancing the accuracy 
of allelic determination have been implemented and published. 
These methods can be classified broadly into two categories, 
according to whether the applicable alleles are restricted or not 
(Table  1). HLAforest [7] and PHLAT [8] are assigned to the 
unrestricted group because they use information about all of the 
exons for HLA typing. On the other hand, HLAreporter [9], 
OptiType [10], PCR-SBT, and PCR-SSOP are assigned to the 
restricted group, because the exons, primers, or probes used are 
limited. OptiType eliminates rare alleles and imputes unknown 
intron sequences based on phylogenetic information about the 
other alleles. To improve accuracy, HLAreporter uses conservative 
parameter settings so that the method does not give alleles unless 
the coverage of the reads is sufficient [9]. The true positive rate of 
major alleles is improved by these decision schemes in exchange for 
the ability to correctly type minor alleles.

We have developed a new method, called HLA-HD (HLA 
typing from a High-quality Dictionary) [11], which types HLA 
alleles with 6-digit precision from NGS data. The method creates 
an HLA allele dictionary from the current allele information to 
increase the completeness of applicable alleles, and types the allele 

Table 1 
Existing HLA typing algorithms and methods

Method Technology Applicable HLA genes Applicable alleles
Typing 
resolution

HLA-HD NGS All HLA genes All alleles registered in the 
IPD-IMGT/HLA

Six digits

HLAforest NGS All HLA genes All alleles registered in the 
IPD-IMGT/HLA

Up to eight 
digits

PHLAT NGS A, B, C, DQA1, DQB1, 
DRB1

All alleles registered in the 
IPD-IMGT/HLA

Six digits

HLAreporter NGS A, B, C, DPB1, DQA1, 
DQB1, DRB1,3,4,5

Limited to alleles that can be 
distinguished by the exons 
used

Six digits

OptiType NGS A, B, C Limited to alleles that can be 
distinguished by the exons 
used

Four digits

PCR-SBT PCR Preset genes Limited to alleles that can be 
distinguished by the exons 
used

Four digits in 
most cases

PCR-SSOP PCR Preset genes Preset alleles Four digits in 
most cases

Shuji Kawaguchi et al.
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with high accuracy using an unbiased comparison algorithm. 
Therefore, HLA-HD belongs in the “not restricted” category, 
because it uses all of the HLA genes and alleles recorded in the 
IPD-IMGT/HLA database (Table 1). In this chapter, we describe 
how to use HLA-HD with the allele data of the IPD-IMGT/HLA 
database and demonstrate an actual HLA typing from whole 
exome data (WES).

2  Materials

HLA-HD is freely available for academic use and research purposes 
upon registration and requires additional mapping software, allele 
data, and NGS sequence data. Before typing, you must construct a 
database of allele sequences separated into exon or intron units, 
called the “HLA allele dictionary,” from information in the IPD-
IMGT/HLA database [6].

HLA-HD was coded in basic C++ language, so the software can 
work on almost any operating system, including Linux, Mac OS, 
or Windows.

HLA-HD requires bowtie2 [12] to align the NGS reads to the 
HLA allele dictionary. We checked the operation in version 2.8.3. 
After installing bowtie2, you must create a direct pass to “bow-
tie2” in your computer environment. For example, if you are using 
bash, add “export PATH = $PATH:/path_to_bowtie2” to .bashrc 
or .bash_profile.

	 1.	Download the latest version of HLA-HD onto your computer 
from the web site (https://www.genome.med.kyoto-u.ac.jp/
HLA-HD/).

	 2.	Uncompress the downloaded tar.gz file using “tar -zxvf hlahd.
latest-version.tar.gz.”

	 3.	Move to the uncompressed directory and type “sh install.sh.” 
For the installation, the g++ compiler by the GNU Compiler 
Collection (https://gcc.gnu.org/) must be installed on your 
computer (see Note 1).

	 4.	Add the installed directory to PATH in your computer envi-
ronment; i.e., change the .bashrc to “export PATH = $PATH:/
path_to_HLA-HD_install_directory/bin.”

	 5.	If the hlahd.sh file in /path_to_HLA-HD_install_directory/
bin/ is not in an executable format, change the file permission 
by the command, “chmod +x hlahd.sh.”

2.1  Hardware

2.2  Software 
Required

2.3  Installing 
HLA-HD

Comprehensive HLA Typing from a Current Allele Database Using Next-Generation…
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You can update the HLA allele dictionary to the current release of 
the IPD-IMGT/HLA database by the command, “sh update.dic-
tionary.sh.” The database update feature was added to HLA-HD 
after the version 1.1.0 was published. Wget command (https://
www.gnu.org/software/wget/) is required for the database 
update (see Note 2).

HLA-HD was developed to enable HLA typing of a whole genome, 
a whole exome, or a target sequence data of HLA genes. RNA-Seq 
data can also be applied without any setting changes (see Note 3). 
Both single and paired end short reads produced by NGS can be 
applied to this software.

3  Methods

	 1.	Check the open files value on your computer by the command: 
ulimit -Sa. If the open files value is less than 1024, type “ulimit 
-n 1024” or change the environment file of your computer 
with a command such as “/etc./security/limits.conf.”

	 2.	Run the HLA-HD: For paired-end short read data, the input 
command is hlahd.sh [−m <int>] [−t <int>] [−c 0 to 1.0] [−f 
/path/to/freq/data] <fastq data 1> <fastq data 2> <hla gene 
split file> /path/to/dictionary <result name> /output/direc-
tory. If the NGS data are from a single end short read, input 
the same file name with <fastq data 1> to <fastq data 2>.

	 3.	The HLA genes you want to type must be included in <hla 
gene split file>. All of the classical HLA genes and other major 
genes are listed in the HLA_gene.split.txt file in the installed 
directory (see Note 4).

	 4.	-m: minimum length in input reads. A read whose length is 
shorter than this parameter is ignored. Default size is 100.

	 5.	-t: number of cores used to execute the program. This param-
eter refers to both mapping and typing.

	 6.	-c: if a match sequence is not found in the dictionary, trim the 
read until some sequence is matched to or reaches this ratio 
(Fig. 1). Default is 1.0 (see Note 5).

	 7.	-f: this option enables allele determination by allele frequencies 
from allele count data in cases where an allele pair is not uniquely 
determined by the end of the run (see Note 6). The default data 
exist in the installed directory (/hlahd.version/freq_data).

	 8.	Using the 1000 Genomes Project [13] WES data with acces-
sion number SRR360288, HLA-HD can be executed by typ-
ing the command: hlahd.sh -t 10 -m 100 -c 0.95 -f freq_data/ 
SRR360288_1.fastq SRR360288_2.fastq HLA_gene.split.txt 
dictionary/ SRR360288 results.

2.4  Updating the HLA 
Dictionary

2.5  Input Data Set

3.1  Running

Shuji Kawaguchi et al.

http://update.dictionary.sh
http://update.dictionary.sh
https://www.gnu.org/software/wget
https://www.gnu.org/software/wget


229

	 1.	An execution result of HLA-HD is put into the  ./output/
directory/sampleID/result/ directory (e.g., /results/
SRR360288/result/). If you want to keep the disk space, 
remove other directories.

	 2.	The typed HLA alleles of input genes listed in <hla gene split 
file> are recorded in sampleID_final.result.txt at 6-digit resolu-
tion as tab-separated text (Table 2). One allele is represented 
by a hyphen if the gene was typed as having homozygous 
alleles. If a candidate has not been determined for an allele pair 
by the end of the run, multiple candidates are listed in parallel. 
On the other hand, the allele pair is recorded as “Not typed” if 
no candidates were obtained.

	 3.	Details of the typing results for each gene are recorded to sam-
pleID_gene.est.txt (e.g., SRR360288_G.est.txt). Many pairs 
at 8-digit resolution are recorded below the “#Best allele pair.” 
After these allele pairs, information (coverage average and 
number of uncovered bases) about the mapped reads on com-
mon exons set in <hla gene split file> are recorded (Fig. 2). If 
“#Other ambiguous pair” is shown in the output file, allele 
pairs such as “ambiguous allele combinations,” which are 
ambiguous allele pair conjugates between exons [6, 14] and 
are discarded from candidates in the iterative score maximiza-
tion, are listed [11].

	 4.	The information about all of the mapped reads for typed alleles 
is recorded to sampleID_gene.read.txt (e.g., SRR360288_
DRB1.read.txt). The mapped exon with the position and the 
weight used for calculating a mapping score is recorded (Fig. 3) 
(see Note 7).

3.2  Interpretation 
of the Typing Results

Trimmed position
N base

N base

T base

Condition 1: T N. 
Condition 2: There is a sequence match* up to the T base in the HLA dictionary. 
Condition 3: There is no sequence match* up to the T+1 base in the HLA dictionary.

*Definition of match 
Exon : 100% match, Intron : up to two base mismatches

Trim read from T+1 to N

NGS read

Fig. 1 Trimming process of the NGS read. If the read does not match any sequence in the HLA allele dictionary, 
even though there is a sequence match up to the T (≧αN) base of the read, the method trims the read from 
T + 1 to N

Comprehensive HLA Typing from a Current Allele Database Using Next-Generation…
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4  Notes

	 1.	You can also compile programs according to your computer 
environment by replacing the compile commands in install.sh.

	 2.	If you want to use previous release data, access the github site 
“https://github.com/ANHIG/IMGTHLA” and obtain 
the hla.dat file of the appropriate release. The HLA allele 
dictionary can then be updated by executing the shell com-
mand “update.dictionary.sh” by deleting the line of the first 
wget command. We checked the HLA-HD using release 
3.29.0.1.

	 3.	We checked the typing results of RNA-Seq data using only a 
few samples. However, with the HLA-HD algorithm, there is 
no disadvantage to using RNA-Seq data compared with DNA 
sequence data.

	 4.	If you want to include a new gene, add the gene name, the 
number of exons, and the Boolean value for a common exon 

Table 2 
Typed alleles from the WES SRR360288 data by HLA-HD

Gene Allele 1 Allele 2
Allele 1 (second 
candidate)

Allele 2 (second 
candidate)

A HLA-A*02:11:01 HLA-A*02:01:01

B HLA-B*35:05:01 HLA-B*15:04:01

C HLA-C*01:02:01 HLA-C*04:01:01

DRB1 HLA-DRB1*04:11:01 HLA-DRB1*09:01:02

DQA1 HLA-DQA1*03:01:01 HLA-DQA1*03:02:01

DQB1 HLA-DQB1*03:03:02 HLA-DQB1*03:02:01

DPA1 HLA-DPA1*02:01:01 –

DPB1 HLA-DPB1*14:01:01 –

DRB3 Not typed Not typed

DRB4 HLA-DRB4*01:03:01 HLA-DRB4*01:03:02

E HLA-E*01:01:01 –

F HLA-F*01:01:01 –

G HLA-G*01:01:01 HLA-G*01:01:02

L HLA-L*01:02 HLA-L*01:01:01 HLA-L*01:02 HLA-L*01:01:02

Listed genes are a portion of the entire typing results

Shuji Kawaguchi et al.
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Allele 1

Allele 2

Common exon information

Other ambiguous allele pair

Fig. 2 Detailed typing results for HLA-G from the WES SRR360288 data. All 
allele pairs having the same score are listed by 8-digit values (boxed by red dot-
ted lines). Information about common exons is provided next (boxed by green 
dotted line). The term “comp” means that the exon is completely covered by 
reads. If an uncovered nucleotide exists, “incomp” appears with the number of 
uncovered bases after a colon. If there is an ambiguous allele pair with partial 
exons, the pair is also listed (boxed by blue dotted line). The allele pair HLA-
G*01:01:08 and HLA-G*01:01:20 is recorded as an ambiguous typing 
combination of HLA-G*01:01:01 and HLA-G*01:01:02 over exons 2 and 
3 in the IPD/IMGT/HLA database (release 3.29.0.1)

Allele 1

Allele 2

Read ID

Map 
start

Map 
end

Read 
weight

Fig. 3 Details of the mapped reads for HLA-DRB1 in the typing result from the WES SRR360288 sample. All 
of the hit reads with the mapped position and calculated weight are recorded
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to <hla gene split file> by a tab-separated value line (e.g., 
DRB1<tab>6<tab>010000). The common exon means that 
any allele registered in the IPD-IMGT/HLA database has 
sequence information for this exon. The common exons are set 
to 1 in the file and mostly correspond to exons 2 and 3 for class 
I genes or exon 2 for class II genes.

	 5.	Trimming was not used in the original publication [11]. It was 
implemented later to adopt NGS data whose read length is 
longer than 100 bases. We recommend setting –c to 0.5 for 
300 × 2 base-paired end-read data such as the data observed 
with MiSeq.

	 6.	If a pair is not uniquely determined even after the typing algo-
rithm is finished, the allele pair (A, B) with the highest P(A)
P(B) is selected. In this case, P(Z) is the frequency of allele Z 
in the Allele Frequency Net Database [15].

	 7.	HLA-HD selects the most suitable allele pair from the read 
counts weighted according to the number of hit alleles among 
all of the HLA genes [11]. Therefore, there are reads that do 
not entirely contribute to the typing result even if these are 
matched with the typed allele. These reads may be assigned to 
other genes.
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Chapter 17

Accurate Assembly and Typing of HLA using  
a Graph-Guided Assembler Kourami

Heewook Lee and Carl Kingsford

Abstract

Accurate typing of human leukocyte antigen (HLA) is essential for successful organ transplantation and 
HLA genes are heavily associated with various diseases. Widely used typing assays often involve a set of 
specially designed primers or probes requiring additional experiments. With the maturing of high-throughput 
sequencing (HTS) technologies, whole genome sequencing (WGS) as well as other HTS assays are 
becoming more accessible even in the clinical settings. We describe various computational methods capable 
of directly typing HLA genes using HTS data including Kourami, our HLA assembler. Kourami is the 
first HLA assembler capable of discovering novel alleles. Kourami assembles full-length sequences across 
the peptide-binding regions of HLA genes. Here, we focus on how a user would use Kourami on a new 
sample. We demonstrate the application by typing HLA alleles from a recently published WGS data with 
validated HLA types using Kourami.

Key words Whole genome sequencing, WGS, HLA, Assembly, High-throughput, Bioinformatics  
in silico

1  Introduction

Human leukocyte antigen (HLA) genes encode for the major histo-
compatibility complex (MHC) consisting of cell surface proteins 
that control immune responses, and they are essential to regulation 
of the immune system. HLA genes also are associated with various 
infectious and autoimmune diseases, and play a large role in transplant 
rejection, thus making HLA typing an indispensable assay. For these 
reasons, combined with the rapidly increasing availability of high-
throughput sequencing (HTS), accurate computational HLA typing 
from high-throughput sequencing data is an important problem for 
clinical application as well as for understanding the underlying 
biology and evolution of highly polymorphic HLA sequences.

Chief among the challenges in computational typing of HLA 
alleles is the extremely high level of polymorphisms found in the 
MHC region. The unusually high polymorphism results in a huge 
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number of HLA haplotypes (over 15,000 known alleles just for 6 
HLA genes -HLA-A, -B, -C, -DQA1, -DQB1, -DRB1 -that are 
routinely typed). Among the known HLA-A, -B, and -C alleles, 
any pair of alleles is found to differ by at most 70 nucleotides [1] 
and many differ only by 1 nucleotide. Most of the nucleotide 
differences are densely located in the exons that are responsible for 
encoding the peptide-binding domain of HLA genes (exons 2 and 
3 for HLA class I loci and exon 2 for HLA class II loci). Having 
many alleles with large nucleotide differences makes typing difficult 
because accurately aligning sequences to a single reference genome 
becomes hard. On the other hand, having many alleles that are 
nearly identical makes it challenging for typing algorithms to 
accurately pinpoint true alleles from those alleles with high 
sequence similarities.

In order to name HLA alleles systematically, a four-level, hierar-
chical number system is currently used to assign types to alleles 
(Fig. 1a). The first level denotes allele groups (2-digit resolution) 
and the second level denotes protein sequence (4-digit resolution). 
The last two levels denote exon sequence (6-digit resolution) and 
intron sequence (8-digit resolution) respectively. HLA typing is 
often carried out at 4- or 6-digit resolution. Furthermore, typing is 
often limited to the exons encoding peptide-binding regions. When 
using just these exons, there can be ambiguous alleles that have 
identical sequences across the typing exons but differ only in other 
regions. ‘G’-grouping at 6-digit resolution is used to categorize 
ambiguous alleles. An example is shown in Fig. 1.

Several computational methods that are capable of typing HLA 
alleles using enrichment-free HTS data have been developed. 
Different methods use different types of HTS data ranging from 
WGS, whole exome sequencing (WES), to transcriptome 
sequencing (RNA-seq). Previously developed HLA typing 
algorithms use alignment-based or assembly-based approaches in 

HLA-A * 02 : 06 : 01 : 01

HLA-A * 02 : 06 : 13

HLA-A * 02 : 06 : 01G

Fig. 1 Hierarchical nomenclature of HLA types and an example of ‘G’ grouping 
allele. An example HLA type is shown with annotation for each part of HLA 
nomenclature in (a). An allele shown in (b) has a different number assigned for 
the exon part compared to the allele in (a) meaning that they differ in one or 
more exons. Two alleles shown in (a) and (b) share identical sequence across 
exon 2 and 3, therefore they are both assigned to the same ‘G’ grouping type 
shown in (c)
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order to type HLA genes. All alignment-based approaches directly 
take advantage of the large collection of known HLA alleles 
available from the IMGT/HLA database [2]. They first align reads 
to the known alleles and try to select 2 best alleles per HLA gene 
based on varying criteria. Assembly approaches first assemble HLA 
reads into longer contigs and compare the contigs against known 
alleles to determine HLA types. A partial list of currently available 
HLA typing algorithms is shown in Table 1.

One major problem of the previously developed HLA typing 
algorithms is that they are unable to discover novel alleles. The 
capability to discover novel alleles is important because the number 
of known alleles is still increasing rapidly, indicating that there are 
many alleles yet to be discovered. To address this problem, a large 
amount of time and effort is being invested by immunogenetic 
communities to study rare and novel alleles. The previously devel-
oped computational methods are database-matching approaches 
that are designed to find the best matching alleles among the known 
alleles in the existing database. The typing capabilities of these 
methods are fundamentally limited by the incompleteness of the 
current database, preventing them from discovering novel alleles.

Various sequence-based typing (SBT) assays are popular 
because of their high accuracy. Recently, SBT combined with HTS 
techniques has improved the assay by speeding it up drastically. 
However, SBT is a HLA-specific assay using specially designed 
probes to target HLA genes to amplify and sequence amplicons, 
adding an additional cost and time, especially if there already is 

Table 1 
Partial list of currently available HLA typing software

Software Approach Typing resolution Input

HLAminer [18] de novo  
assembly + alignment

4-digit WGS, WES, RNA-seq

seq2HLA [1] Alignment 4-digit RNA-seq, WESa

HLAforest [19] Alignment 4-digit RNA-seq

PHLAT [20] Alignment 4- or 6-digit WGS, WES, RNA-seq

HLAreporter [21] de novo  
assembly + alignment

4-digit WGS, WES

HLA-VBSeq [22] de novo  
assembly + alignment

8-digit WGS, WES

HLAaPRG [23] Alignment (graph) 6-digit ‘G’ WGS, WESa

Kourami [8] Reference-based assembly 
(graph)

6-digit ‘G’ WGS, WESa

aPartial support
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high-coverage whole genome sequencing (WGS) of a test individ-
ual. Continually decreasing cost and increasing throughput of 
HTS have opened the door to the era of personal genomes and 
precision medicine. Just a merely decade ago, the first HTS-based 
human genome was published [3], and now large-scale high-
coverage WGS studies [4–6] or government-funded projects such 
as Trans-Omics for Precision Medicine (TOPMed) [7] of National 
Institutes of Health’s National Heart, Lung, and Blood Institute 
(NHLBI) are becoming the norm. The number of WGS samples 
in each study ranges from thousands to tens of thousands.

With the widely increasing popularity of WGS and the inability 
to discover novel alleles of database-matching approaches, we 
developed Kourami [8] an algorithm that directly takes WGS 
reads as input to accurately assemble and type HLA alleles at 6-digit 
‘G’-resolution. Kourami represents known HLA alleles as a 
directed acyclic graph, where each path through the graph is a 
potential HLA allele. Once read alignments to known HLA alleles 
are projected onto the graph, Kourami carries out systematic 
modifications to the graph, encoding differences between reads 
and known alleles. This process effectively captures the differences 
that potential novel alleles may possess. Once the graph is modified 
and read counts are assigned as weights to edges, Kourami 
determines the best pair of paths that jointly maximizes the amount 
of phasing information as well as the calibrated coverage using base 
quality scores. Kourami is highly accurate (>99%), comparable to 
SBT-based methods. Also, Kourami takes only a fraction of the 
computing time required by other state-of-the-art methods with 
comparable typing accuracy [8].

Kourami was first reported in [8], and more details about its 
algorithm can be found there. Here, we focus on how a user 
would use Kourami on a new sample to assemble and type HLA 
genes. As an example, we demonstrate Kourami’s ability to 
accurately assemble and type HLA alleles using a publicly available 
high-coverage WGS data.

2  Materials

In order for Kourami to assemble and type HLA alleles, Kourami 
along with additional software and dependencies must be installed. 
Once all required software and dependencies listed in this chapter 
are successfully installed, Kourami can be run on paired-end WGS 
data of an individual (Fig.  2). WGS data can either be obtained 
from one of the popular publicly available repositories such as NCBI 
SRA (https://www.ncbi.nlm.nih.gov/sra) and EBI ENA (https://
www.ebi.ac.uk/ena) or generated from your own experiments.

The distribution of Kourami consists of a set of utility scripts 
and the main program. The utility scripts are used to (1) prepare 
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Kourami reference panel from an IMGT/HLA database release 
or a custom set of known HLA allelic sequences, (2) download 
various flavors of GRCh38 human reference genome, and (3) 
extract the reads that are likely be originated from HLA regions 
and realign them to Kourami reference panel. The main program 
takes the extracted reads aligned to Kourami reference panel to 
assemble each HLA locus separately and provide typing results.

Paired-end WGS reads
(from public databases or 

from your own experiment)

sequencer

Required software
(download from developer)

Samtools 
BWA 
BamUtil

Kourami
(download from github and install on POSIX-like system such as Mac or Linux varieties)

IPD-IMGT/HLA Database
(Download from 

IPD-IMGT/HLA ftp site or github)

Initial Graph 
constructed by 
known alleles

via alignment

: allele 1
: allele 2
: overlap of allele 1 and 2

Locus Allele 1 Allele 2
A A*32:01:01G A*24:02:01G
B B*58:01:01G B*51:01:01G
C C*03:02:01G C*14:02:01G

DQA1 DQA1*01:02:01G DQA1*05:01:01G
DQB1 DQB1*02:01:01G DQB1*06:02:01G
DRB1 DRB1*03:01:01G DRB1*15:01:01G

(a) (b) (c)

(d)

(e) (f)
Assembled HLA sequences

>A (Allele 1)

>A (Allele 2)

>B (Allele 1)

Fig. 2 Computational workflow of Kourami. Kourami requires multiple sequence alignments of known 
alleles downloadable from IPD-IMGT/HLA database (a) and high-coverage paired-end WGS data (b) as input. 
Several other software that are readily available online are required for Kourami to run properly (c). 
Kourami uses the known alleles to construct an initial directed acyclic graph and further modifies the graph 
to encode both the known alleles and other possible novel alleles. Simultaneous assembly of two alleles is 
obtained by finding two paths through the graph (d). Kourami outputs 6-digit ‘G’ types (e) as well as the 
assembled sequences (f)
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Kourami was developed on Ubuntu 14.04 and the main program 
can be compiled and run on various operating systems; however, 
the utility scripts require a POSIX-like environment such as Linux 
or Mac OS X.

Kourami is mainly written in Java and the utility scripts included 
in each distribution are written in bash. In each release, a pre-
compiled executable jar as well as the source code are available for 
download. Users do not need to install Apache Maven or the 
third party Java libraries listed below, when using a pre-compiled 
executable. In order to compile the main program, the Java SE 
Development Kit (JDK) must be installed and Apache Maven 3.3 
or higher installation is recommended. In order to execute 
Kourami, having just Java SE Runtime Environment (JRE) is 
sufficient. The utility scripts use the alignment software bwa [9] 
and use Samtools [10] and BamUtil (https://genome.sph.umich.
edu/wiki/BamUtil) for SAM/BAM file processing. The 
following software must be installed to successfully compile and 
run Kourami (the libraries used for the main program are listed 
as well):

	 1.	 Java (https://www.oracle.com/javadownload): Kourami 
was developed using Java 8. Java 8 or newer is required.

	 2.	 Apache Maven (https://maven.apache.org): Apache Maven 
3.3 or newer is strongly recommended for compiling Kourami 
(not necessary when using a precompiled executable).

	 3.	 Third party Java libraries: JGraphT (http://www.jgrapht.
org), HTSJDK (http://samtools.github.io/htsjdk), The 
Apache Commons CLI (https://commons.apache.org/
proper/commons-cli/), and fastutil (http://fastutil.di.unimi.
it) are used by Kourami, and they are automatically down-
loaded by Apache Maven during compilation (not necessary 
when using a pre-compiled executable).

	 4.	 Sequence alignment software: Although it is possible to 
substitute other HTS aligners supporting SAM/BAM output, 
the utility scripts are specifically written to use bwa.

	 5.	 SAM/BAM processing software: Samtools and BamUtil are 
used by the utility scripts to process SAM/BAM files.

	 1.	 Download the latest version of Kourami from https://
github.com/Kingsford-Group/kourami/releases/latest.

	 2.	 We recommend downloading the source code in tar.gz format 
from the latest release page.

	 3.	 Unzip and untar the downloaded file using tar to a desired 
location.

2.1  Hardware

2.2  Software 
Dependencies

2.3  Download 
and Install Kourami
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	 4.	 A copy of pre-formatted IMGT/HLA database can be 
automatically downloaded and indexed by running the following 
command:

     $ cd /path/to/Kourami

     $ scripts/download_panel.sh

	 5.	 Build an executable JAR file using either Apache Maven 
(Recommended for Automatic Download of Dependencies) 
by running the following command from the installation 
directory of Kourami:

     $ mvn install

The current version of the human reference genome (GRCh38) 
comes in multiple components and they are:
	 1.	 Primary assembly: This includes chromosomes, unplaced 

contigs, unlocalized contigs, and the Epstein-Barr virus (EBV) 
genome.

	 2.	 Decoy sequences: This is a set of sequences that are not part of 
the human genome reference but are included to capture 
sequences that are often part of sequencing data.

	 3.	 Alternate sequences (ALT): ALT sequences are alternate 
haplotype sequences, including 8 MHC haplotype sequences.

	 4.	 HLA sequences: A collection of HLA sequences are included 
in GRCh38, and it is maintained by Heng Li from Broad 
Institute.

Depending on the combination of the components you 
choose, there can be differences in downstream analysis. We 
recommend using the full reference (hs38DH) including all of the 
components. The full reference is also used by the Genome Analysis 
Toolkit (GATK) [11], a widely used variant calling method, as well 
as the 1000 Genomes Project [12]. Additionally for HLA read 
extraction, Kourami uses another variant of the reference 
(hs38NoAltDH), which includes all of the components except 
ALT. The full reference as well as the variant version can be down-
loaded by running the following command from the installation 
directory of Kourami:

  $ cd /path/to/Kourami

  $ scripts/download_grch38.sh hs38DH
  $ scripts/download_grch38.sh hs38NoAltDH

Upon successfully running both commands, the reference 
fasta files (hs38DH.fa and hs38NoAltDH.fa) is placed under the 
“resources” directory and index files for bwa aligner are created. 
If there already is a downloaded copy of the human reference 
genome, the fasta file must be separately indexed for bwa. Based 
on our testing, downloading both genomes should take only 
about 3 to 5 min.

2.4  Download 
the Human Reference 
Genome

HLA Typing Using a Graph-Guided Assembler
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Kourami requires high-coverage paired-end WGS data. The 
minimum recommended coverage is 30X and to ensure high-qual-
ity assembly of alleles 40-50X coverage is desirable. When down-
loading WGS data from publicly available repositories such as the 
Sequence Read Archive (SRA) of the National Center for 
Biotechnology Information (NCBI) or the European Nucleotide 
Archive (ENA) of the European Bioinformatics Institute (EMBL-
EBI), data often comes either in fastq files (raw sequencing reads) 
or BAM files (aligned reads to a reference genome). Here, we show 
a simple method to download sequencing data from ENA as it 
provides direct ftp links for fastq files.

We specifically want to choose a WGS dataset with validated 
HLA types to asses the accuracy of Kourami. Here, we choose 
WGS data from the recently published diploid genome assembly of 
the Korean individual AK1 [13] as it provides both the high-
coverage sequencing data as well as the validated HLA results. 
Since a BAM submission is not available for this data, we download 
fastq files.

The run accession number for the data is SRR3602759. All 
fastq files under a run accession number is available from ftp://ftp.
sra.ebi.ac.uk/vol1/fastq/<dir1>[/<dir2>]/<run accession>, 
where <dir1>  is the first 6 characters of the run accession 
and <dir2> is only used for accession number with 7 or more dig-
its. For an accession number with 7 digits, <dir2> is ‘00’ followed 
by the last digit of the accession. Since the run accession we want 
has 7 digits, all fastq files can be accessed from ftp://ftp.sra.ebi.
ac.uk/vol1/fastq/SRR360/009/SRR3602759. The following 
simple commands create a data directory (data/AK1) and down-
load all files ending with fastq.gz:

  $ cd /path/to/Kourami

  $ mkdir -p data/AK1

  $ cd data/AK1
  $ wget ftp://ftp.sra.ebi.ac.uk/vol1/fastq/
SRR360/009/SRR3602759/*fastq.gz

3  Methods

In this section, we provide detailed instructions for running 
Kourami, from preparing data, running the method, and inter-
preting the results. We use the AK1 WGS data throughout the 
chapter to demonstrate the application of our method.

Reads must be aligned to the reference genome prior to running 
Kourami. Although, simply just running bwa may be sufficient, it 
may be more useful to follow well-established and widely used 
alignment/variant-calling protocols as other downstream analysis 
can be easily carried out using the same BAM file. We recommend 

2.5  Download Whole 
Genome Sequencing 
Data from Public 
Repositories

3.1  Aligning WGS 
Reads to the Human 
Reference Genome
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following the GRCh38 data processing protocols [14] (a detailed 
document is available online [17]) of 1000 Genomes project to 
obtain a BAM file. Since read alignment and variant calling is often 
performed automatically upon sequencing, pre-computed BAM 
files may be available. In this case, the pre-computed BAM files can 
be directly used by Kourami.

Once a BAM file is obtained, an extraction script provided in 
Kourami first must be executed to extract reads that are likely 
from HLA loci. Since we use the full reference genome (see 
Subheading 2.4) to align WGS data, we use alignAndExtract_
hs38DH.sh script located under scripts directory. In case of work-
ing with a BAM aligned to a different variant of the reference 
genome, additional scripts included. The script works by first 
extracting all the reads that are aligned to the known HLA loci in 
the reference including ALT haplotypes. Then these extracted 
reads are aligned to the Kourami reference panel to obtain a com-
pact BAM containing just the alignments to known HLA alleles.

	 1.	 Let SRR3602759.bam be a bam file containing read align-
ments of paired-end fastq files from Subheading 2.5 and 
SRR3602759.bam.bai be the corresponding BAM index file. 
We assume the location of the BAM file and its index are 
located under data/AK1 along with the fastq files.

	 2.	 The script takes two mandatory parameters: a sample name 
and a sorted and indexed bam file (aligned to the reference). 
It also takes up to two optional parameters.

	 3.	 The first optional parameter flagged by -d is the location of the 
Kourami panel (the default location is db under your 
Kourami installation directory.

	 4.	 The second optional parameter flagged by -r is the location of 
the variant reference genome (hs38NoAltDH) in case it is 
not in the default location (the default location is resources/
hs38NoAltDH.fa).

	 5.	 The extraction script outputs a BAM file (SRR3602759_on_
Kourami.bam) upon running the following command 
successfully:
     $ cd /path/to/Kourami/data/AK1

     $ ../../scripts/alignAndExtract_hs38DH.
sh -d ../../db -r ../../resources/hs38NoAltDH.fa 
SRR3602759 SRR3602759.bam

Now that a BAM file (SRR3602759_on_Kourami.bam) contain-
ing HLA reads aligned to the Kourami panel is obtained, the 
main program of Kourami can be invoked to assemble and type 
HLA genes.

3.2  HLA Read 
Extraction 
and Realignment

3.3  Running Kourami

HLA Typing Using a Graph-Guided Assembler



244

	 1.	 If maven was used to compile and build, the executable jar 
(Kourami.jar) is located under target directory. The standard 
usage is:
     $ java -jar /path/to/Kourami.jar [-a] -d 
<path_to_panel> -o <sample_name> <bam>

	 2.	 -a: When this optional flag is passed, Kourami assembles 13 
additional HLA loci (see Notes) other than 6 default loci.

	 3.	 -d: This is a required parameter and <path_to_panel> must be either 
a relative or absolute path to the Kourami panel directory.

	 4.	 -o: This is a required parameter and <sample_name> can be 
any string with no whitespace. Kourami will use this string as 
a prefix for all of the output files. Using a sample identifier or 
name can be a good choice.

	 5.	 <bam> should be the path to the BAM obtained by running 
the extraction script explained in Subheading 3.2.

	 6.	 For the AK1 WGS data we are using, the following command 
will trigger Kourami to assemble and output both the allele 
sequences and typing results:

     $ cd /path/to/Kourami/data/AK1
     $ java -jar ../../target/Kourami.jar -d ../../db -o SRR3602759 

SRR3602759_on_Kourami.bam

A minimal amount of logging is output to the running console 
screen in order to show the progress through the major steps of 
Kourami and an example output screen is shown in Fig. 3. There 
are several output files that Kourami writes to the running 
directory and they are:

	 1.	 <sample_name>_<locus>.typed.fa: This is a multi-fasta file 
containing a pair of assembled sequences.

	 2.	 <sample_name>.result: This file contains a 6-digit ‘G’ typing 
result for all HLA loci.

	 3.	 <sample_name>.log: This is a log file and it can be used when 
troubleshooting a problem.

3.4  Interpreting 
the Output

Fig. 3 An example terminal output of a successful running of Kourami
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Unlike database-matching HLA typing algorithms, Kourami out-
puts a pair of assembled sequences that fully cover the lengths of 
the typing exons for each HLA gene and they are written out to a 
separate file for each locus. For example, SRR3602759_A.typed.fa 
contains two fasta formatted sequences for HLA-A locus for the 
AK1 WGS data that is used throughout this chapter. Even in the 
case of having homozygous alleles for a locus, two identical 
sequences are written out to a file.

In order to provide HLA types to assembled sequences, they are 
aligned to IMGT/HLA database to find the closest matching 
sequences. We define the closest matching sequence as the known 
allele with the minimum edit distance. Often time, there will be 
many known alleles that are equally close and this is mostly because 
of ambiguous alleles that share identical sequences across the typ-
ing exons but differ elsewhere. For this reason, we use 6-digit ‘G’ 
type whenever it is available. ‘G’-grouping types are maintained 
also by IMGT/HLA database and can be accessed from their web-
site (http://hla.alleles.org/alleles/g_groups.html).

The HLA types for selected loci (9 HLA genes) of AK1 have been 
previously validated by targeted sequencing approaches as well as 
long-read assays and the validated types are reported in [13]. We 
downloaded high-coverage paired-end WGS data (151  bp  ×  2, 
SRA accession SRR3602759) and used Kourami to assemble and 
type HLA alleles (the detailed steps described in Subheading 3. 
The HLA alleles Kourami assembled had identical types to the 
validated alleles across all of the 9 loci. The 6-digit “G” HLA types 
of AK1 are shown in Table 2.

4  Notes

	 1.	 In its default setting, Kourami assembles exonic sequences of 
the peptide binding region of HLA genes for 6 commonly typed 
HLA loci (HLA-A, -B, -C, −DQA1, -DQB1, and -DRB1. When 
a flag -a is passed when running Kourami, 13 additional HLA 
loci can also be assembled and typed (HLA-DOA, -DMA, -DMB, 
-DPA1, -DPB1, -DRA, -DRB3, -DRB5, -F, -G, -H, -J, and -L).

	 2.	 Each Kourami distribution includes a version of pre-formatted 
reference panel sequences. In the case that you need a specific 
release of IMGT/HLA-Database as the panel reference, you 
can download multiple sequence alignment (MSA) flat files for 
HLA loci and run a formatting script (formatIMGT.sh) under 
scripts directory. For each IMGT/HLA-database release, the 
MSA flat files can be downloaded either from https://github.
com/ANHIG/IMGTHLA or ftp://ftp.ebi.ac.uk/pub/data-
bases/ipd/imgt/hla/. They are located under alignments 

3.4.1  Assembled HLA 
Gene Sequences

3.4.2  HLA Typing Result

3.4.3  Evaluation of HLA 
Typing of AK1 Genome
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directory. The ambiguous allele ‘G’-grouping file (hla_nom_g.
txt) is provided in each IMGT/HLA database release and it 
must be placed inside the downloaded alignments directory.

	 3.	 Typically, the matched alleles are identical to assembled 
sequences (zero edit distance), and this is the case with AK1 
data used in this chapter. However, if typing an individual 
from an understudied ethnic population such as African popu-
lation, assembled sequences may not be identical to database 
alleles more often. Kourami’s ability to discover novel alleles 
can be useful when studying such population as well as typing 
individuals harboring novel alleles.

	 4.	 Largely due to the cost benefit, WES is extremely popular. 
Kourami can assemble HLA allele using WES data, although it 
was developed to work with WGS data. Based on the previous 
testing on HapMap WES data [8], typing accuracy is slightly 
lower (94.7%) when compared to WGS typing accuracy 
(>99%). A caution must be used when using WES as Kourami 
may skip HLA genes if there is no coverage in parts of the typ-
ing exons. Known biases in WES such as reference allele bias, 
GC bias and coverage fluctuations [15, 16] may also have an 
effect on typing performance.FundingThis research was 
funded in part by the Gordon and Betty Moore Foundation’s 
Data-Driven Discovery Initiative through Grant GBMF4554 
to C.K., by the US National Science Foundation (CCF-
1256087, CCF-1319998) and by the US National Institute of 
Health (R01HG007104, R01GM122935).

Table 2 
HLA typing of AK1 by Kourami

Locus Allele 1 Allele 2

A A*32:01:01G A*24:02:01G

B B*58:01:01G B*51:01:01G

C C*03:02:01G C*14:02:01G

DQA1 DQA1*01:02:01G DQA1*05:01:01G

DQB1 DQB1*02:01:01G DQB1*06:02:01G

DPA1a DPA1*01:03:01G DPA1*02:02:02G

DPB1a DPB1*02:01:02G DPB1*05:01:01G

DRB1 DRB1*03:01:01G DRB1*15:01:01G

DRB3a DRB3*02:02:01G DRB3*02:02:01G

aAdditional locus Kourami typed
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Chapter 18

AmpliSAS and AmpliHLA: Web Server Tools for MHC Typing 
of Non-Model Species and Human Using NGS Data

Alvaro Sebastian, Magdalena Migalska, and Aleksandra Biedrzycka

Abstract

AmpliSAS and AmpliHLA are web server tools for automatic genotyping of MHC genes from high-
throughput sequencing data. AmpliSAS is designed specifically to analyze amplicon sequencing data from 
non-model species and it is able to perform de-novo genotyping without any previous knowledge of the 
reference alleles. AmpliHLA is a human-specific version, it performs HLA typing by comparing sequenced 
variants against human reference alleles from the IMGT/HLA database. Here we describe four genotyp-
ing protocols: the first two use amplicon sequencing data to genotype the MHC genes of a passerine bird 
and human respectively; the third and fourth present the HLA typing of a human cell line starting from 
RNA and exome sequencing data respectively.

Key words Bioinformatics, Next-generation sequencing, NGS, Amplicon sequencing, RNA-Seq, 
WES, WXS, MHC, HLA, Genotyping, Alleles, Haplotypes, IMGT, AmpliSAS, AmpliHLA

1  Introduction

The major histocompatibility complex (MHC) encodes a family of 
genes of central importance in vertebrate adaptive immunity. In 
human, the MHC is commonly named as human leukocyte anti-
gen system (HLA). MHC molecules are responsible for binding 
and presenting antigens to the immune system T-cells. There are 
two classes of classical MHC genes involved in adaptive immunity: 
class I which encode molecules that present peptides from the 
intracellular environment (e.g., viruses) to T cells; and class II that 
encode molecules to present peptides from the extracellular envi-
ronment (e.g., bacteria) [1]. MHC genes are the most polymor-
phic genes currently characterized in vertebrates [2]. This 
polymorphism is believed to be primarily driven by co-evolving 
pathogens and through mate choice, and maintained in the popu-
lations by balancing selection [3–7]. The number of MHC genes 
differs greatly between species (Fig.  1), and in some taxa the 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-8546-3_18&domain=pdf
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number of MHC genes differs also between individuals of the same 
species [8–19].

As a simplification, we can say that humans have a fix number 
of classical, functional major HLA loci: A, B, and C for class I and 
DP, DQ, and DR for class II (Fig. 1) [14]. Some of the HLA loci 
are extremely polymorphic (Table 1), for example, currently 4828 
alleles have been described for HLA-B locus (IMGT/HLA data-
base 3.29 release, July 2017) [20]. In birds there is a great vari-
ability in the complexity of the MHC regions, the number of MHC 
genes and their variabilities (Fig.  1). Chickens have a minimal 
essential MHC with two classical class I genes but only one is 
expressed at a high level and its diversity is considerably lower than 
human [17, 21, 22]. In contrast, birds of the order Passeriformes 
have much more complex MHC systems with dozens of genes 
highly duplicated and polymorphic [8, 23–25].

MHC genotyping is especially demanding in non-model spe-
cies with highly duplicated MHC genes and where limited genomic 
information does not allow us to design locus-specific probes or 
primers. In the past, expensive and time-consuming methods were 
required for genotyping [26], but nowadays, next-generation 
sequencing (NGS) of MHC amplicons has become the method of 
choice for non-model species [24, 27–30] and human [31–33]. 
Amplicon sequencing technique is based on sequencing multiple 
PCR products (amplicons) at once by means of NGS technologies 
(Fig. 2). With a single experiment it is possible to accurately geno-
type hundreds of individuals with complex MHC systems [34, 35]. 
The Note 1 describes briefly the technique workflow and the Note 2 
presents the benefits introduced by NGS.
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Fig. 1 Maximum number of MHC class I loci extracted from the literature for some representative species up 
to date
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Table 1 
Number of alleles for each HLA gene as registered at the 3.29 release of the 
IMGT/HLA database from the European Bioinformatics Institute (EBI) at 
July 2017

Class I Class II

Gene Alleles Gene A alleles B alleles A × B

HLA-A 3968 DR   7 2376 16,632

HLA-B 4828 DQ 94 1142 107,348

HLA-C 3579 DP 53   894 47,382

2. PCR amplification

@Q9POJ:00942:01233
TTCTCGGTTGTGTCTTTAACTCGCCTGAGCTCAAAGACATCCAGTAC
+
B?CDDD>B>BDDFEFF<=<>EEEE>BCGDDFBCC>BDDDDD@
@Q9POJ:00480:00500
CCGGAAGTTGTGTCTTTAGCTCCACTGAGCTCAAAGACATCCAGTAC
+
D@D@D@==;=DGDCAC?AAAEEAE==>EDEEDCC>CDDDEC@DCCCC
@Q9POJ:01007:00742
TTCTCGGTTGTGTCTTTAGCTCGCCTGAGCTCAAAGACATCCAGTAC
+
D@DD=<;=@DEEFDDD>DBBB===ADDFDDCCDD>DDDDDD@DEECC
@Q9POJ:01060:00738
TTCTCGGTTGTGTCTTTAGCTCGACTGAGCTCAAAGACATCCAGTAC
+
D@BBBD9<9=CCDDDD>DDDDDDDDCCCDDDDDD>DDBCBEACDDAB
@Q9POJ:01010:00573
CCGCTGGTTGTGTCTTTAACTCCACTGAGCTCAAAGACATCCAGTAC
+
5055552:4::6>8882>7//.).<::>FEEEED>CBBDDD@DDDDD

1. Experimental design

4. Sequence data analysis

454

Illumina
Ion Torrent

3. DNA sequencing

Tag Fwd

Marker 3

Marker 2

Marker 1

Primer Fwd Tag RevPrimer Rev

Fig. 2 Amplicon sequencing workflow schema: (1) experimental design (marker regions, primers, and tags), 
(2) PCR amplification, (3) DNA sequencing, and (4) sequence data analysis
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However, relatively high error rates in the amplicon sequences, 
stemming both from intrinsic sequencing error rates of NGS tech-
nologies and PCR errors, such as chimera formation, arise new 
genotyping challenges (see Note 3). Different strategies have been 
proposed to detect sequence errors and correct them without 
altering genotypes [36, 37]. AmpliSAS is an error correction 
strategy that clusters real alleles with low frequency similar vari-
ants based on the particular error-rate of the NGS technology 
used [38]. In a recent benchmark, AmpliSAS produced reliable 
genotypes for the sedge warbler (Acrocephalus schoenobaenus), a 
passerine bird with a highly complex MHC system composed of 
dozens of loci and thousands of alleles (Note 4) [37]. 
Furthermore, AmpliSAS has been successfully validated in other 
non-model species as bank vole, guppy, three-spine stickleback, 
blue petrel, or black-tailed godwit [12, 38–40].

AmpliHLA is an adaptation of the AmpliSAS algorithm for 
human HLA typing, it combines the genotypes from multiple 
markers of the same locus and compares them with the deposited 
HLA alleles from the IMGT/HLA database [20]. As a result, it 
retrieves the HLA types with the highest possible resolution. 
AmpliSAS algorithm has previously been tested with human ampli-
con data retrieving accurate genotypes [38]. Recently, AmpliHLA 
has been expanded with an adaptation of the Seq2HLA algorithm 
to be able to analyse RNA-Seq and whole exome sequencing (WES 
or WXS) data [41].

Both, AmpliSAS and AmpliHLA, are available as ready-to-use 
web server tools at: http://evobiolab.biol.amu.edu.pl/amplisat/
index.php.

Here, we present four MHC genotyping protocols. The first 
describes how to process amplicon data with AmpliSAS to obtain the 
MHC class I genotypes of five sedge warblers (passerine birds) that 
possess up to 56 MHC class I alleles per individual. The second 
presents the HLA typing with AmpliHLA of five human cell lines 
whose alleles were previously characterized by Sanger sequencing. 
The third and fourth protocols use also AmpliHLA to type of one 
of the previous human cell lines using RNA-Seq and WES data 
instead of amplicons.

2  Materials

The only resources required to replicate the analysis described in 
this chapter are an Internet connection and a web browser. These 
will suffice to learn how to use AmpliSAS, AmpliHLA, and other 
tools from the AmpliSAT suite (Amplicon Sequencing Analysis 
Tools) which are presented here.

Alvaro Sebastian et al.
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Amplicon Sequence Assignment tool (AmpliSAS) is a web server 
tool designed to analyse NGS amplicon data and perform auto-
matic genotyping of complex MHC systems (http://evobiolab.
biol.amu.edu.pl/amplisat/index.php?amplisas, Fig.  3a) [38]. 
AmpliSAS workflow is divided into three main steps (Fig. 4): (1) 
sequence de-multiplexing, (2) sequence clustering, and (3) artifact 

2.1  AmpliSAS

Fig. 3 AmpliSAS (a) and AmpliHLA (b) web interfaces

AmpliSAS and AmpliHLA: Web Server Tools for MHC Typing
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Fig. 4 AmpliSAS workflow schema: (1) sequence de-multiplexing, (2) clustering, and (3) filtering and allele 
assignment

filtering. In summary, first the reads are de-replicated and classified 
into amplicons. Second, during clustering, variants are aligned to 
each other to find sequencing errors, these erroneous variants are 
removed and their coverages added to the true ones. Third, 
remaining low frequency variants are inspected to remove artifacts 
and chimeric PCR products. Finally, allele sequences and frequen-
cies for each amplicon are retrieved in an Excel spreadsheet format, 
making them easy to interpret. Definitions of amplicon, variant 
and other useful terms are listed in Table 2. Complete details about 
AmpliSAS algorithm can be found in [38], and a comparison of 
the performance of AmpliSAS against other MHC genotyping 
methods in [37].

Alvaro Sebastian et al.
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Amplicon Sequencing HLA typing tool (AmpliHLA) is a web 
server tool designed to retrieve automatically HLA haplotypes 
from amplicon, RNA-Seq, or WES data (http://evobiolab.biol.
amu.edu.pl/amplisat/index.php?amplisas, Fig.  3b). AmpliHLA 
implements the AmpliSAS algorithm explained in the previous 
section to analyze amplicon data [38], but additionally it is able to 
combine the information from several amplified regions of a single 
locus and compare their sequences with the thousands of HLA 
alleles annotated in the IMGT/HLA database [20].

2.2  AmpliHLA

Table 2 
Definitions of commonly used terms in the amplicon sequencing technique: 
they can slightly differ between authors

Term Definition

Marker A DNA region to be amplified

Sample A single genetic material to be sequenced (usually 
from an individual of the study organism)

Tag A unique short DNA sequence that identifies 
unambiguously a sample. Tags are usually 
ligated after PCR amplification or directly 
included in one or both primers

Read Each individual sequence retrieved by a 
sequencing run. A sequence run will retrieve 
thousands/millions of reads

Amplicon A set of reads derived from a single PCR (one 
marker, one sample); may comprise products 
of several co-amplifying loci

Amplicon depth Number of reads per amplicon

Variant Unique sequence retrieved by a sequencing run. 
Usually multiple reads correspond to one 
variant (= one sequence)

Variant depth/coverage Number of reads per variant

Per amplicon frequency Number of reads per sequence divided by the 
total number of reads in a single amplicon

True variant/allele Sequence that matches a real allele or real 
sequence in the sample genome

Artifact Variant resulting from experimental/technical 
errors: Sequencing errors, polymerase 
errors, nonspecific amplifications (paralogs, 
pseudogenes), contaminants, PCR 
chimeras, etc

AmpliSAS and AmpliHLA: Web Server Tools for MHC Typing
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In the analysis of RNA-Seq and WES data, AmpliHLA uses a 
modified version of the Seq2HLA algorithm [41]. First, the reads are 
mapped with BOWTIE [42] against a curated dataset of HLA 
variable regions (exons 2 and 3) extracted from the IMGT/HLA 
database [20, 41]. Then AmpliHLA analyses mapping results in a 
locus-specific manner: (1) the allele with the maximum number of 
mapped reads is selected and these reads are substracted from the 
remaining allele mappings, (2) step (1) is successively repeated and 
the corrected mapped read numbers are annotated until there are no 
more alleles with mapped reads left, (3) one or two alleles with the 
highest corrected numbers of mapped reads are selected based on the 
drop of their values as in [29] and their HLA types are printed.

AmpliCOMPARE is another tool from the AmpliSAT suite. It is 
available at: http://evobiolab.biol.amu.edu.pl/amplisat/index.
php?amplicompare

AmpliCOMPARE sets side by side the genotyping results of 
two experimental or technical replicates, or between two different 
genotyping strategies. It accepts as input two Excel files with the 
same format as the AmpliSAS/AmpliHLA output one. With this 
tool it is easy to detect genotyping discrepancies highlighted in the 
comparison output Excel file.

3  Methods

As previously explained, AmpliSAS algorithm is designed to genotype 
complex MHC gene families, such as those in the sedge warbler, 
a passerine bird with MHC class I copy number variation, and dozens 
of MHC class I loci in a single individual [8].

In the present protocol we will analyze data from a previous 
sedge warbler MHC class I genotyping study (accession PRJEB11775 
at the European Nucleotide Archive—ENA). The purpose of the 
study was to use ultra-deep Illumina sequencing to resolve geno-
types at exon 3 of MHC class I genes in the sedge warbler [37]. We 
will use a pre-processed and compressed FASTQ file with already 
merged and cleaned Illumina paired-end reads (see Note 5).

	 1.	Open the AmpliSAS online submission form (Fig. 5a):http://
evobiolab.biol.amu.edu.pl/amplisat/index.php?amplisas.

	 2.	Enter a name for the run and, optionally, an email address if 
you desire to receive the results by email.

	 3.	Copy and paste the following link into the ‘Sequence file URL’ 
field: ftp://ftp.sra.ebi.ac.uk/vol1/fastq/ERR113/008/
ERR1136308/ERR1136308.fastq.gz.

Optionally, you can download the compressed FASTQ file 
in your computer and upload it with the ‘Browse’ button 
(slow). If reads have been separated into single amplicon files 

2.3  AmpliCOMPARE

3.1  MHC Class 
I Genotyping 
in a Passerine Bird

Alvaro Sebastian et al.
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after sequencing, they can be packed into a single ZIP or TGZ 
format file and used as input (see Note 6).

	 4.	Select ‘Auto’ from the ‘Technology’ options to ask the program 
to automatically detect the sequencing technology used.

	 5.	Copy and paste into the ‘Amplicon data’ field the following 
information about primers used to amplify the MHC class I 
exon 3 region and DNA tags included at the end of the prim-
ers to identify the first five individuals from the experiment:
>marker,feature,primer_f,primer_r
�MHCI,EXON3,GAGYGGGGGTCTCCACAC,TGCGMTCCAGYTCCTTCTGCCC
>sample,tag_f,tag_r
BIRD_37,ACAACC,AGCCTC
BIRD_38,ACAACC,TCGTTA
BIRD_39,ACAACC,TGTGGC
BIRD_40,ACAACC,CTCTGC
BIRD_41,ACAACC,CCTAAT

The information for all the individuals is available at the 
ENA experiment page: https://www.ebi.ac.uk/ena/data/
view/ERX1215174

If the input is a compressed file containing single amplicon 
files for each individual, then ‘Amplicon data’ must be left empty 
(see Note 6).

	 6.	Adjust the following parameters in the submission form: 
‘Maximum number of alleles per amplicon’: 50 and ‘Maximum 
number of reads per amplicon’: 5000. Keep the rest of param-
eters with default values.

	 7.	Click the ‘Run’ button, and after a while (first the server has to 
upload the reads file), it will display the message ‘AmpliSAS 
job has been queued in the server, be patient’ together with a 
link to access the results when the analysis will be completed 
(Fig. 5b).

	 8.	Click the link to the results page and reload it until the analysis 
is completed. The analysis should be finished in a few minutes, 
but the waiting time may depend on the current load on the 
server and the size of the uploaded files. Keep the results page 
open (Fig. 5c), in the Subheading 3.3 we will learn how to 
interpret them.

In the previous section, we performed a complex MHC class I 
genotyping with mostly automatic and default options. Now, we 
will learn how to customize the analysis adjusting manually some 
program parameters (see Note 7).

	 1.	Open a new tab in the web browser and repeat steps 1–3 as 
explained in Subheading 3.1.

	 2.	Select ‘Illumina’ from the ‘Technology’ options. Scroll down 
to the ‘Advanced program parameters’ section, you will notice 

3.2  Customizing 
the MHC Class 
I Genotyping

Alvaro Sebastian et al.
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that some clustering and filtering parameters have been set to 
recommended values for Illumina data.

	 3.	Copy and paste the following data in the ‘amplicon data’ field:
>marker,feature,length,primer_f,primer_r
MHCI,EXON3,235 238 241,GAGYGGGGGTCTCCACAC,TGCGMTCCAGYT
CCTTCTGCCC
>sample,tag_f,tag_r
BIRD_37,ACAACC,AGCCTC
BIRD_38,ACAACC,TCGTTA
BIRD_39,ACAACC,TGTGGC
BIRD_40,ACAACC,CTCTGC
BIRD_41,ACAACC,CCTAAT

In the previous analysis we did not specify expected allele 
lengths, so the program automatically set them to 241 (see 
Note 8).

	 4.	Adjust the same parameters as in step 6 from Subheading 3.1. 
Go to ‘Advanced program parameters – Clustering parameters’ 
section and set ‘Exact length required’: yes, ‘Minimum domi-
nant frequency’: 10%. Go to ‘Advanced program parameters—
Filtering parameters’ section and set ‘Minimum amplicon 
frequency’: 0.4%. These additional parameters were defined by 
the authors after manual inspection of the data in the original 
article (see Note 8) [37]. Keep the rest of parameters with the 
default values.

	 5.	Repeat steps 7 and 8 listed in Subheading 3.1.

	 1.	If we have correctly followed the steps from Subheading 3.1 
or 3.2, the output of AmpliSAS should look like this 
(Fig. 5c):

     AmpliSAS results
     Download AmpliSAS analysis results.
     Analysis details:
     Running 'bin/ampliSAS ...
     Checking input sequence file ...
         Sequences are in FASTQ format.
         Sequences number: 2589165.
     Reading sequence data.
     Reading amplicon data from file ...
         Number of markers: 1.
     De-multiplexing amplicon sequences from reads.
         MHCI-37 de-multiplexing
         �MHCI-37 de-multiplexed (5000 reads, 1283 vari-

ants)
         ...
     Extracting de-multiplexed sequences into ...
     Checking data and setting marker lengths.
         Marker 'MHCI' lengths: 235,238,241 (manual)
     �Clustering amplicon sequences with the following pa-

rameters
     ('threshold' 'marker' 'values'):
         substitution_threshold 		     all 1

3.3  Interpreting 
the Genotyping 
Results
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         indel_threshold 			      all 0.001
         cluster_exact_length 		     all 1
         min_dominant_frequency_threshold    all 10
         MHCI-BIRD_37 clustering
         MHCI-BIRD_37 clustered (4383 reads, 47 variants)
         ...
     �Printing information about clustered and not clus-

tered sequences into ...
     �Filtering sequences with the following criteria 

('filter' 'marker' 'values'):
         min_amplicon_depth 		   all 100
         min_amplicon_seq_frequency  all 0.4
         min_chimera_length 		   all 10
         max_allele_number 		   all 50
         MHCI-BIRD_37 filtering
         MHCI-BIRD_37 filtered (4344 reads, 36 variants)
         ...
     �Printing information about filtered and non-filtered 

sequences into ...
     Reads per amplicon:
     �Amplicon    Total    Unique    Reads-clustered    Var-

iants-clustered    Reads-filtered    Variants-filtered
     MHCI-BIRD_37 5000 1283 4383 47 4344 36
     MHCI-BIRD_38 5000 1315 4513 50 4450 33
     MHCI-BIRD_39 5000 1190 4744 35 4723 33
     MHCI-BIRD_40 5000 1216 4600 47 4586 41
     MHCI-BIRD_41 5000 1301 4597 38 4573 30
     Printing amplicon data into ...
     Analysis results stored into ...

	 2.	Click the ‘Download AmpliSAS analysis results’ link to download 
a ZIP compressed file with the following contents:

●● ‘results.xlsx’: Excel file with the final genotyping results. 
See step 3.

●● ‘allseqs’, ‘clustered’ and ‘filtered’ folders: contain single 
amplicon FASTA files with variants recovered after every 
analysis step: de-multiplexing, clustering and filtering 
respectively. Each variant has annotated in the FASTA 
header its sequencing depth and frequency. All this data is 
also included into an Excel file per folder.

●● ‘amplicon_data.csv’: comma-separated values format file 
including the amplicon data and analysis parameters.

●● ‘summary.txt’: a tab-delimited file with the number of variants 
and associated reads retrieved after every analysis step.

	 3.	The most informative file is ‘results.xlsx’, samples (individuals) 
are shown in columns and variants (alleles) in rows, the numeric 
values represent the variants’ depths within each amplicon 
(Fig. 6). For example, the variant MHCI-0001 is present in 
the five individuals, having in the BIRD_39 the maximum 
depth (914 reads) and the variant MHCI-0002 is present in 
four individuals but not in the BIRD_39. The columns at 
the left include additional information about the variants: 
DNA sequence, length, sum of the depths in all the samples, 

Alvaro Sebastian et al.
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Fig. 6 AmpliSAS Excel output file example. The numeric values show the variants’ 
depths within each amplicon

number of samples containing the variant and mean, maximum 
and minimum frequencies along all the samples.

In the previous Subheadings 3.1 and 3.2 we obtained slightly dif-
ferent genotyping results due to the auto vs. manual adjustment of 
the genotyping parameters (see Note 8), here we will learn how to 
compare them with the tool AmpliCOMPARE.

	 1.	Open the AmpliCOMPARE online submission form:
http://evobiolab.biol.amu.edu.pl/amplisat/index.

php?amplicompare
	 2.	Upload the ‘results.xlsx’ file obtained in the Subheading 3.1 as 

‘First results file’ and the file from the Subheading 3.2 as 
‘Second results file’.

	 3.	Click the ‘Run’ button and follow the link to the results page.
	 4.	The output of the comparison process will be like this:

AmpliCOMPARE results
Download AmpliCOMPARE analysis results.
Analysis details:
Running 'bin/ampliCOMPARE.pl ...
Reading File ...
MARKER 'MHCI':
Total unique samples: 5 (file1: 5, file2: 5)
Total seqs: 117 (file1: 117, file2: 114)
Compared samples: 5 (excluded from file1: 0, from file2: 0)
Compared seqs: 117 (missing in file1: 0, in file2: 3)
�Total assignments: 176 (missing in file1: 1, missing in 
file2: 3)
Comparison results written into ...

	 5.	Click the link ‘Download AmpliCOMPARE analysis results’ to 
retrieve an Excel file with the differences between both 
genotypes.

	 6.	Open the Excel file, variants (alleles) retrieved in the first analy-
sis but not in the second are marked in cyan color and the 
opposite in magenta (Fig. 7). Common variants in both analy-
sis remain un-formatted with their depths separated by a slash 

3.4  Comparing Two 
Genotyping Result 
Files
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(Fig.  7). There should be three variants marked in cyan 
retrieved with automatic parameters (Subheading 3.1) and not 
retrieved with manual ones (Subheading 3.2). If we check the 
lengths of the different variants, they are 230 and 236 bp long, 
consequently they are not in-frame with the real allele lengths 
(235, 238 and 241) that we specified manually in the 
Subheading 3.2 analysis. Two of three variants have low depths, 
so most probably they are PCR or sequencing artifacts derived 
from other, higher frequency alleles. The third variant could be 
a product of non-specific amplification, or a pseudo-gene, 
rather than a technical artifact. As conclusion, both genotyping 
strategies perform well, but the manual adjustment of 
AmpliSAS parameters retrieves higher quality genotypes.

To show the functionality of AmpliHLA we will use a targeted 
amplicon sequencing dataset that consists of genomic sequences 
from exon 2 and exon 3 regions from HLA-A and HLA-B loci in 
five human cell lines sequenced with Illumina MiSeq [33] (ENA 
study accession: PRJEB4744). The data has been preprocessed for 
simplicity (see Note 9).

	 1.	Open the AmpliHLA online submission form (Fig. 8a):
http://evobiolab.biol.amu.edu.pl/amplisat/index.

php?amplihla.
	 2.	Enter a name for the run and, optionally, an email address if 

you desire to receive the results by email.
	 3.	Choose ‘Amplicons’ as the analysis ‘Data type’.
	 4.	Copy and paste the following link into the ‘Sequence file 

URL’ field: http://evobiolab.biol.amu.edu.pl/amplisat/
bin/examples/amplihla_example.fq.gz.

3.5  HLA Typing 
with Amplicon 
Sequencing Data

Fig. 7 AmpliCOMPARE Excel output file example. The numeric values show the variants’ depth in the compared 
files. Cyan color marks a variant that is present in the first file and not in the second, the opposite is marked 
in magenta
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Optionally, you can download the compressed FASTQ file in 
your computer and upload it with the ‘Browse’ button.

	 5.	Select ‘Auto’ from the ‘Technology’ options, the program will 
automatically detect the sequencing technology used to adjust 
the variant clustering parameters and it will calculate the opti-
mum frequency thresholds for each marker to filter artifacts.

	 6.	The field ‘Alleles’ shows information about the reference 
sequences used by AmpliHLA to identify the HLA alleles.

	 7.	Copy and paste in the ‘Amplicon data’ field the following 
information about primers and tags for the 5 human cell lines 
sequenced (see Note 6):
>marker,length,primer_f,primer_r
HLA_A2,344,CRGGTCTCAGCCACTSCTC,CTCGGACCCGGAGACTGT
HLA_A3,353,CTYGGGGGACYGGGCTGAC,CCCAATTGTCTCCCCTCCTTG
HLA_B2,391,GGSAGGGAAATGGCCTCT,GGATGGGGAGTCGTGACCT
HLA_B3,385,GCGTTTACCCGGTTTCATT,CGGCGACCTATAGGAGATGG
>sample,tag_f
C1Rneo,GTCGTA
Daudi,AAGCGA
HEK293,TGTCTC
NCI_H929,GGTGCT
Raji,TGCGAG

	 8.	Click the ‘Run’ button and wait until the analysis is completed 
as explained in steps 7 and 8 of Subheading 3.1 (Fig.  8b). 
Keep the results page open, in the next section we will learn 
how to interpret them.

	 1.	If we have correctly followed the steps from Subheading 3.5, 
the AmpliHLA output should look like this (Fig. 8c):
AmpliHLA results
Download AmpliHLA analysis results.
Analysis details:
Running 'bin/ampliHLA.pl ...
Reading HLA allele sequences ...
Calling AmpliSAS for sequence de-multiplexing,  
clustering and filtering.
Running 'bin/ampliSAS.pl ...
... AMPLISAS OUTPUT ...
Reading AmpliSAS results.
     Reading Sheet 'HLA_A2'
     Reading Sheet 'HLA_A3'
     Reading Sheet 'HLA_B2'
     Reading Sheet 'HLA_B3'
Matching allele sequences.
Assigning HLA types to markers.
     A type assigned to marker 'HLA_A2'
     A type assigned to marker 'HLA_A3'
     B type assigned to marker 'HLA_B2'
     B type assigned to marker 'HLA_B3'

	 2.	Click the ‘Download AmpliHLA analysis results’ link to down-
load a ZIP compressed file including several files and folders as 
explained in Subheading 3.3, step 2.

3.6  Interpreting 
the HLA Typing 
Results
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Fig. 9 AmpliHLA Excel output file example. Every sample has assigned one or two HLA alleles, numeric values 
show the amplicon frequencies of the alleles

	 3.	Open the ‘results.xlsx’ file to check the assigned genotypes, 
individuals are shown in columns and alleles in rows, the 
numeric values represent the average frequencies of the 
alleles within the amplicons (Fig. 9). Genotypes are given with 
the highest resolution that can be achieved by the program 
(maximum 4-digits), it will depend on the number and length 
of HLA regions (markers) sequenced in the experiment (in the 
example two exonic regions per locus). Sometimes, a variant 
shares the same identity with several alleles (e.g., Daudi 
A*66:01) or the type cannot be resolved with 4-digit resolu-
tion (e.g., C1Rneo A*02), then a list of allele ambiguities is 
listed below the table (Fig.  9). At the left column 
‘SEQUENCES’ there is a list of the variant sequences that 
match a particular allele.

	 4.	If we compare AmpliHLA typing results with the expected ones 
in Table  3 validated by Sanger sequencing [33], we observe 
that AmpliHLA has a 95% of accuracy in assigning genotypes 
with 2-digit resolution for both loci (the only error is the 
ambiguous assignment of the A*66:01 Daudi allele, Fig. 9) and 
70% of accuracy with 4-digit resolution. Nevertheless, resolu-
tion could be improved by sequencing additional regions of the 
loci or selecting from the ambiguities the most frequent human 
alleles for the studied population.

AmpliHLA functionality is not restricted to NGS amplicon data, in 
the present protocol we will analyze an RNA-Seq experiment from 
the Daudi cell line (ENA run accession SRR387401 from the study 
SRP009316) [43].

	 1.	Open the AmpliHLA online submission form (Fig. 8a):
http://evobiolab.biol.amu.edu.pl/amplisat/index.

php?amplihla.
	 2.	Enter a name for the run and, optionally, an email address if 

you desire to receive the results by email.

3.7  HLA Typing 
with RNA-Seq Data
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	 3.	Select ‘RNA-Seq’ as the ‘Data type’.
	 4.	Copy and paste the following link into the ‘Sequence/reads 

file URL’ field: ftp://ftp.sra.ebi.ac.uk/vol1/fastq/SRR387/
SRR387401/SRR387401_1.fastq.gz and into the ‘Paired-end 
reads file URL’ field: ftp://ftp.sra.ebi.ac.uk/vol1/fastq/
SRR387/SRR387401/SRR387401_2.fastq.gz.

	 5.	The field ‘Alleles’ shows information about the reference 
sequences used by AmpliHLA to identify the HLA alleles.

	 6.	Click the ‘Run’ button and wait until the analysis is completed 
as explained in steps 7 and 8 of Subheading 3.1. The output 
should look like this:
AmpliHLA results
Analysis details:
Running 'bin/ampliHLA.pl ...
Retrieving allele information from BAM data.
Parsing reference file ...
Parsing alignment file ...
74488 reads mapped to 5702 reference alleles.
5702 alleles are kept after filtering artefacts.
RESULTS:
LOCI    ALLELE      SCORE  READS   DISAMBIGUATION
A       A*66:01     48.4    4038
        A*01:02     36.4    3041
B       B*58:01     57.9   16704
        B*58:02     22.4    6466
C       C*03:02     35.2    8417
        C*06:02     33.8    8074
DQA1    DQA1*01:03  94.5    3473
DQB1    DQB1*06:13  50.4    1997
DRB1    DRB1*13:02  62.3    7820

	 7.	Typing results are printed in five columns with the following 
information: HLA locus, assigned alleles, confidence score 
(allele-specific reads divided by the total number of mapped 
reads in the locus), corrected allele coverage (see explanation 
in Subheading 2.2), and allele ambiguities in case the allele has 
not been unequivocally assigned.

	 8.	Comparing AmpliHLA results with laboratory validated HLA 
types for the Daudi cell line (Table 3), the genotyping accuracy 
is of 100% for the MHC class I loci with 4-digit resolution 
(HLA-A, B and C). Instead, MHC class II loci (HLA-DQA1, 
DQB1 and DRB1) are typed at 33% of accuracy with 4-digit 
resolution. If we look at the 2-digit resolution genotypes, all of 
them have an accuracy of 100%. The difference in accuracy 
between the class I and class II genotypes is explained because 
class II genes have only one variable exon and the high similar-
ity among allele sequences makes their genotyping more 
problematic.

The previous analysis can be replicated for any pair of 
FASTQ files from the ENA project SRP009316 (https://
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www.ebi.ac.uk/ena/data/view/SRP009316). For example, 
the RNA-Seq data from the Raji cell line (ENA run accession 
SRR387394).

	 9.	Repeat steps 1–7 replacing ‘SRR387401’ with ‘SRR387394’ 
in the reads file URLs at step 4. Analysis results will look 
like this:
LOCI	 ALLELE	 SCORE	 READS	 DISAMBIGUATION
A	 A*03:01	 69.3	 2024
B	 B*15:10	 92.5	 8318
C	 C*04:01	 47.9	 3248
	 C*03:04	 29.3	 1983
DQA1	 DQA1*05:01	63.7	 1911
	 DQA1*01	 36.1	 1083	 DQA1*01:01,DQA1*01:04
DQB1	 DQB1*05:01	55.4	 691
	 DQB1*02	 44.6	 556	 DQB1*02:01,DQB1*02:02
DRB1	 DRB1*10:01	48.6	 3700
	 DRB1*03:01	48.5	 3687

	10.	Comparing retrieved genotypes with Raji expected ones 
(Table 3), we obtain a 100% of accuracy for the 4-digit class I 
genotypes and the same for the 2-digit class II ones as previ-
ously stated by the Seq2HLA authors after the analysis of the 
same dataset [44].

In this final protocol, HLA typing will be performed with whole 
exome sequencing (WES) data from a Daudi cell line (see Note 10) 
[45].

	 1.	Open the AmpliHLA online submission form (Fig. 8a):
http://evobiolab.biol.amu.edu.pl/amplisat/index.

php?amplihla.
	 2.	Enter a name for the run and, optionally, an email address if 

you desire to receive the results by email.
	 3.	Select ‘Exome-Seq’ as the ‘Data type’.

3.8  HLA Typing 
with Exome 
Sequencing Data

Table 3 
Correspondence of human cell lines and HLA types determined by Sanger sequencing

HLA Class I HLA Class II

C1Rneo A*02:01 B*35:03

Daudi A*01:02
A*66:01

B*58:01
B*58:02

DQA1*01:02
DQA1*01:03

DQB1*06:02
DQB1*06:04

DRB1*13:01
DRB1*13:02

HEK293 A*02:01
A*03:01

B*07:02

NCI-H929 A*03:01
A*24:02

B*07:02
B*18:01

Raji A*03:01 B*15:10 DQA1*01:01
DQA1*05:01

DQB1*02:01
DQB1*05:01

DRB1*03:01
DRB1*10:01
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	 4.	Copy and paste the following link into the ‘Sequence/reads 
file URL’ field: http://evobiolab.biol.amu.edu.pl/amplisat/
examples/DAUDI_R1.fq.gz and into the ‘Paired-end reads 
file URL’ field: http://evobiolab.biol.amu.edu.pl/amplisat/
examples/DAUDI_R2.fq.gz.

Optionally, you can download the compressed FASTQ file in 
your computer and upload it with the ‘Browse’ button.

	 5.	The field ‘Alleles’ shows information about the reference 
sequences used by AmpliHLA to identify the HLA alleles.

	 6.	Click the ‘Run’ button and wait until the analysis is completed 
as explained in steps 7 and 8 of Subheading 3.1. The output 
should look like this:
AmpliHLA results

Analysis details:

Running 'bin/ampliHLA.pl ...

Retrieving allele information from BAM data.

Parsing reference file ...

Parsing alignment file ...

543 reads mapped to 1111 reference alleles.

1111 alleles are kept after filtering artifacts.

RESULTS:

LOCI   ALLELE     SCORE  READS    DISAMBIGUATION

A      A*66:01     51.5     69

       A*01:02     47.8     64

B      B*58:01     96.3     78

C      C*06        51.0     49    C*06:02,C*06:04

DQA1   DQA1*01:02  89.2    149

DQB1   DQB1*06:03  90.6     29

DRB1   DRB1*13     91.7     22    DRB1*13:01,DRB1*13:02

	 7.	Typing results are printed in five columns as explained in step 7 
at Subheading 3.7.

	 8.	Comparing AmpliHLA results with laboratory validated HLA 
types for the Daudi cell line (Table 3), the genotypes for the six 
MHC class I and class II loci evaluated have an accuracy of 92% 
and 33% for 2-digit and 4-digit resolutions respectively. Accuracy 
is noticeably lower than in Subheading 3.7 because there are far 
fewer WES reads mapping to HLA references (dozens) than 
RNA-Seq reads in the previous protocol (thousands).

4  Notes

	 1.	Basically, there are four main steps in the NGS amplicon 
sequencing workflow (Fig. 2):

	 (a)	� Design of the primers to amplify the desired gene regions 
(markers).
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	 (b)	�Library preparation by PCR amplification of the selected 
regions, addition of sample-specific DNA tags and of 
platform-specific sequencing adaptors.

	 (c)	� NGS sequencing of the amplification products. The most 
commonly used platforms are: Illumina, Ion Torrent, and 
previously 454.

	 (d)	�Bioinformatic analysis of the sequencing data. The analysis 
should include: classification of reads into amplicons, 
sequencing error correction, filtering of spurious and 
contaminant reads, and final displaying of results in a 
human readable way, e.g., an Excel spreadsheet.

	 (e)	� For a list of definitions of commonly used terms in amplicon 
sequencing, see Table 2.

In the following link you will find a video explaining the 
amplicon sequencing process using NGS in a metagenomics 
experiment:

http://www.jove.com/video/51709/next-generation- 
sequencing-of-16s-ribosomal-rna-gene-amplicons.

	 2.	Before NGS technologies were available, PCR products were 
Sanger sequenced individually. Sanger sequencing is only able 
to resolve one DNA sequence (allele) per sample. In special 
cases, a mix of two alleles is also possible (if they differ only by 
one nucleotide position (i.e., heterozygous individual at given 
locus). If a primer pair amplifies more than one locus (as it is 
often the case in MHC genotyping of non-model organisms) 
the only way to distinct multiple, mixed sequences was to clone 
sequences to bacterial vectors and further isolation, amplifica-
tion and sequencing of individual clones. Nevertheless, bacte-
rial cloning is a time-consuming and error prone approach that 
is only feasible with few dozens of sequences.

Fortunately, NGS techniques are able to sequence millions 
of sequences with individual resolution. The combination of 
amplicon sequencing with NGS allows us to genotype hun-
dreds/thousands of samples in a single experiment. The only 
requirement is to include different DNA tags to identify the 
individuals/samples in the experiment. A DNA tag is a short 
and unique sequence of nucleotides (e.g., ACGGTA) that is 
either ligated to a PCR product or attached at the end of one 
of the PCR primers (Fig. 2). Tags have to be unique for each 
sample/individual to enable assignment of the reads back to 
the original amplicon (individual or sample) [34, 35].

However, the NGS techniques have some limitations: the 
lengths of the sequences are shorter than in Sanger sequencing 
and frequent sequencing errors result in a high number of arti-
facts. To alleviate those shortcomings, long sequences can be 
fragmented and assembled together later by computer and 
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increasing the depth/coverage (“reading” more times the 
same sequence) can correct random sequencing errors.

	 3.	Homopolymer regions are a major issue for pyrosequencing and 
ion semiconductor NGS technologies (454 and Ion Torrent, 
respectively), where erroneous indels are introduced in high 
rates. Technology based on reversible dye-terminators (Illumina) 
suffers from a high number of mostly random substitutions 
[46–51]. PCR products also incorporate polymerase substitu-
tion errors and chimeras (sequences formed from two different 
sequences due to incomplete primer extension) [52].

	 4.	Four different genotyping approaches were quantitatively eval-
uated for removing artifacts from NGS amplicon data and 
assigning MHC class I alleles in a set of sedge warbler individu-
als [37]. Among the four methods considered, AmpliSAS 
retrieved accurate, repeatable genotypes requiring lower cover-
ages than the others. Furthermore, AmpliSAS supports differ-
ent NGS platforms data and it is available as a web server.

	 5.	Usually, an amplicon sequencing experiment sequenced with 
Illumina technology produces paired-end reads that should be 
cleaned and merged/overlapped before further processing. In 
the presented example, both steps were skipped for simplicity 
and reads are ready-to-use. Paired-end read overlapping and 
read cleaning were performed with the tools AmpliMERGE 
and AmpliCLEAN respectively, both are part of the AmpliSAT 
suite (see Subheading 2).

	 6.	If reads have been separated into multiple files after sequenc-
ing, one file per amplicon, they can be packed into a single ZIP 
or TGZ format file and used as input. In such a case the ‘ampli-
con data’ field should be empty, AmpliSAS will use the folder 
and filenames to name the markers and amplicons respectively 
(Example of organization of reads files into the packaged file:. 
/MARKER/SAMPLENAME.FASTQ).

	 7.	Adjusting analysis parameters is important because error pro-
files are affected by many factors: the sequencing platform, 
length of the amplicon, number of co-amplifying alleles, ampli-
fication bias introduced by each set of primers, etc. Specifically, 
frequency thresholds that separate genuine alleles and techni-
cal artifacts may vary between experimental setups, and should 
be carefully adjusted by the researcher.

	 8.	Sedge warbler MHC class I amplicons have a major length of 
241, but there are minor variants of 238 and 235 bp experi-
mentally validated [8]. If we do not specify the lengths, 
AmpliSAS automatically sets the value to 241 bp and it will not 
detect the variants with 3 and 6 bp in-frame deletions.

	 9.	The amplicon sequencing data from the five human cell lines 
that will be used in this example has been pre-processed for 
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simplicity: paired-end reads have been merged and sample-
specific DNA tags have been artificially attached to the forward 
primers.

	10.	WES data has been kindly provided by R. Siebert, A. Franke and 
G. Hemmrich-Stanisak from their original article [45]. To save 
time in the analysis, the reads have been previously aligned to 
HLA genomic references with BOWTIE [42] and the mapped 
reads extracted with ‘SamToFastq’ command from Picard Tools 
suite [53]. As a result, only few hundreds of paired-end reads 
from the initial 34 millions have been saved into two FASTQ 
files that are used as input in the AmpliHLA procotol.
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Chapter 19

HLA Haplotype Frequency Estimation from Real-Life Data 
with the Hapl-o-Mat Software

Jürgen Sauter, Christian Schäfer, and Alexander H. Schmidt

Abstract

HLA haplotype frequencies are of use in a variety of settings. Such data is typically derived either from 
family pedigree data by targeted typing or statistical analysis of large population-specific genotype samples. 
As established tools for the latter approach lacked ability to treat the amount, ambiguity, and inhomogene-
ity found in genotype data in hematopoietic stem cell donor registries, we developed Hapl-o-Mat to 
alleviate these specific shortcomings.

Key words HLA, Immunogenetics, Population genetics, Bioinformatics, Haplotype, Expectation-
maximization algorithm, Open-source software

1  Introduction

Knowledge of human leukocyte antigen (HLA) haplotypes and 
their respective frequencies is helpful, for example, in disease 
association studies [1] and population genetics [2]. In the con-
text of unrelated hematopoietic stem cell transplantation 
(HSCT), population-specific HLA haplotype frequencies are of 
particular interest in strategic donor registry planning [3, 4] and 
for individual donor searches using advanced HLA matching 
algorithms [5–7]. However, the estimation of haplotype fre-
quencies from HLA genotyping data is typically challenged by 
the large amount of genotype data, the complex HLA nomencla-
ture [8], and the heterogeneous and ambiguous nature of typing 
records. To meet these challenges, we have developed the open-
source software Hapl-o-Mat [9]. It estimates haplotype frequen-
cies from population data including an arbitrary number of loci 
using an expectation-maximization algorithm [10–13]. Its key 
features are the processing of different HLA typing resolutions 
within a given population sample and the handling of ambiguities 
recorded via multiple allele codes [14] or genotype list strings 
(GLS) [15]. The software was successfully validated using former 
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implementations as well as artificial populations with known 
haplotype frequency distributions.

Hapl-o-Mat is freely available on GitHub (https://github.
com/DKMS/Hapl-o-Mat). In this Chapter, we provide a detailed 
step-by-step guide on the usage of Hapl-o-Mat in a Linux environ-
ment. Starting by downloading the source code of the software, we 
elucidate installation and preparation of the tool and conclude 
with a demonstration sample for genotypes containing multiple 
allele codes. The software itself is not limited to a single operation 
system: It can be compiled in a Microsoft Windows environment 
as well. Instructions for operation systems different than Linux are 
included in the GitHub repository.

2  Materials

To follow this tutorial, a Linux system, a C++ compiler supporting 
C++11, Python, and a working internet connection are required. 
The tutorial is based on Ubuntu 14.04.4 LTS and GNU compiler 
collection (GCC) version 4.8.4. This Ubuntu version comes with 
Python. Every step is processed in a terminal window. Basic knowl-
edge of Linux terminal operation is recommended.

Download Hapl-o-Mat into your Linux home directory (or any 
other directory of your choice) by typing
> �git clone https://github.com/DKMS/Hapl-o-
Mat.git

Change to the new directory containing Hapl-o-Mat by 
entering
> cd Hapl-o-Mat

Check what is inside by using the command
Hapl-o-Mat> ls

The directory should contain the files as listed in Table 1 where 
important files for using Hapl-o-Mat are marked in boldface.

To estimate haplotype frequencies, only the folder prepare-
Data and the files Makefile, parametersGLS, parametersGLSC, 
parametersMAC, and parametersREAD need to be considered.

Hapl-o-Mat is compiled using GCC and a Makefile. To com-
pile, type

Hapl-o-Mat> make

to create the executable haplomat.

Hapl-o-Mat relies on information on the HLA nomenclature. As 
the HLA nomenclature evolves over time it is important to update 
data from time to time. Hapl-o-Mat relies for this information on 

2.1  Installation

2.1.1  Prerequisites

2.1.2  Download

2.1.3  Compilation

2.2  Data Preparation 
and First Run
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a number of files (see Table 2), which must be placed in the folder 
Hapl-o-Mat/data for Hapl-o-Mat to work.

Hapl-o-Mat comes with an automated script building these 
nomenclature files. To do so, type

Hapl-o-Mat> cd prepareData

and start the script with
Hapl-o-Mat/prepareData> python BuildData.py

This command downloads all relevant data, processes them, 
and moves the created files to the folder Hapl-o-Mat/data.

For manual data compilation, follow the short instructions in 
Hapl-o-mat/prepareData/README or the detailed version in 
Hapl-o-mat/prepareData/detailedExplanationManuallyPrepare-
Data.pdf.

After the completion of the script, return to the main Hapl-o-
Mat folder by typing

Table 1 
Content of Hapl-o-Mat root directory

File name Description

COPYING The GNU general public license

detailedGettingStartedLinux Guide for using Hapl-o-mat under Linux

detailedGettingStartedWindows Guide for using Hapl-o-mat under windows

examplePopulations Some genotype population data we are going to 
work with in the section tutorials

gettingStarted A shorter form of this tutorial

Include A part of Hapl-o-Mat’s source code; if you do not 
want to change code, do not touch it

Makefile Instructions for building Hapl-o-mat; you might 
need to adapt it, if you use another compiler 
than GCC

parametersGLS, parametersGLSC, 
parametersMAC, parametersREAD

Parameter files for Hapl-O-mat; we are going to 
discuss these in the section parameters

prepareData Here is everything to create the data required by 
Hapl-o-mat

README.md Read me

Src Another part of Hapl-o-Mat’s source code; if you 
do not want to change code, do not touch it

systemTest Run the system test after changing code to for 
code validity. Refer to its README

textsForGettingStarted Raw files for the guides including this guide

HLA Haplotype Frequency Estimation with Hapl-o-Mat
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Hapl-o-Mat/prepareData> cd ..

To check whether the installation process has been completed 
successfully, Hapl-o-Mat can be started for the first time by 
entering

Hapl-o-Mat> ./haplomat MAC

3  Methods

After successful setup, Hapl-o-Mat is ready for haplotype frequency 
estimation. This section illustrates the generic workflow and 
explains the detailed steps for an individual analysis.

	 1.	Build or update the data comprising information on the HLA 
nomenclature using the python script Hapl-o-Mat/prepare-
Data/BuildData.py.

	 2.	Prepare the genotype population data to be analyzed. Identify 
how genotyping ambiguities are recorded (MAC or GLS, see 
section Genotype Data Formats and Table 3) and choose the 
input format accordingly. Adapt the format of input data, e.g., 
include the header line or separate alleles by tabulator.

	 3.	Set parameters in the parameter file corresponding to your 
input format (see Table 3).

	 4.	Copy the executable haplomat, the folder data, the parame-
ter file, and the input population data into one specific 
folder. Create any folders you specified in the parameter file. 
All the other files are not needed to run Hapl-o-Mat but for 
setup only.

3.1  Haplotype 
Frequency Estimation

3.1.1  Workflow Overview

Table 2 
Files defining the HLA nomenclature for Hapl-o-Mat

File name Description

AllAllelesExpanded.
Txt

A list of relevant existing HLA alleles with their enclosed more-digit typing 
resolutions

AlleleList.Txt If your input data in GLS format includes a missing single-locus genotype, it 
can be replaced by combining all alleles of the same locus from this file. You 
only must create it in this case

Ambiguity.Txt Data for the ambiguity filter

LargeG.Txt A list of G-groups [8] with their enclosed alleles in 8-digit resolution

MultipleAlleleCodes.
Txt

A list of multiple allele codes and their translation to alleles in 4-digit 
resolution

P.Txt A list of P-groups [8] with their enclosed alleles in 8-digit resolution

Smallg.Txt A list of g-groups [16] with their enclosed alleles in 8-digit resolution

Jürgen Sauter et al.
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	 5.	Run Hapl-o-Mat in the specific folder.

Building and updating of HLA nomenclature data were 
explained in the previous chapter. To illustrate usage, this tutorial 
makes use of example data included in the initial Hapl-o-Mat 
download. The example data is contained in the folder Hapl-o-
Mat/examplePopulations. For all formats, three-locus (HLA-A, -B, 
-DRB1) haplotypes are going to be estimated from this data.

Hapl-o-Mat estimates haplotypes from population genotype data. 
It supports different formats of recording genotype data. To use 
Hapl-o-Mat, data needs to be in one of the formats listed in 
Table 3.

Each input format for genotype data requires a different set of 
parameters. The parameters are saved in the corresponding files 
parametersMAC, parametersGLSC, parametersGLS, and 

3.1.2  Genotype Data 
Formats

3.1.3  Parameters

Table 3 
Input data format options

Data 
format Description

MAC Multiple allele codes: Ambiguities are encoded by multiple allele codes (MAC). Except for 
the first line, input files hold an individual’s identification number and genotype per line. 
Genotypes are saved allele by allele without locus name. Identification number and alleles 
are TAB-separated. The first line of the file is a header line indicating the name of the first 
column and the loci of the other columns. Alleles from identical loci must be placed next 
to each other. For an example refer to “Hapl-o-mat/examplePopulations/
populationData_a.Dat.”

GLSC Genotype list strings column-wise: Genotypes with or without ambiguities are saved as 
genotype list strings [15]. Input files hold an individual’s identification number and 
genotype per line. Identification number and single-locus genotypes are TAB-separated. 
For an example refer to “Hapl-o-mat/examplePopulations/populationData_b.Dat”

GLS Genotype list strings: Genotypes with or without ambiguities are saved as genotype list 
strings (GLS). Population data is saved in two files. The pull file contains an individual’s 
identification number and a list of integer numbers, so-called GLS-ids, referring to her or 
his single-locus genotype. The GLS-ids are separated from the identification number via 
“;” and from each other via “:”. The second file, the glid file, contains a translation from 
GLS-ids starting with “1” to actual single-locus genotypes. GLS-id and genotype are 
separated via “;”. A GLS-id of “0” is interpreted as a missing typing at the corresponding 
locus and does not require a translation in the glid file. For an example refer to “Hapl-o-
mat/examplePopulations/populationData_c.Pull” and “Hapl-o-mat/
examplePopulations/populationData_c.Glid”

READ READ: 
Ambiguities are completely resolved and alleles are already translated to the desired typing 

resolutions. The input data is formatted in the same way as Hapl-o-mat records processed 
genotype data. This allows for easily repeating a run without the need to resolve genotype 
data again

HLA Haplotype Frequency Estimation with Hapl-o-Mat
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parametersREAD. All input formats have the parameters in 
common. These are listed in Table 4.

Depending on the input format, additional parameters are 
required. These are noted in Table 5.

Whenever specifying a file name including folders, these fold-
ers have to be created before running Hapl-o-Mat.

This example is based on the population data in the folder Hapl-o-
Mat/examplePopulations/populationData_a.dat. As ambiguities 
are recorded as multiple allele codes, the input format is MAC.

3.2  Example: Input 
Format MAC

Table 5 
Format-dependent input parameters for Hapl-o-Mat

Parameter
Input 
format Description

FILENAME_INPUT MAC, 
GLSC, 
READ

The file name of the input population data

FILENAME_PULL GLS The file name of the pull file

FILENAME_GLID GLS The file name of the glid file

LOCI_AND_
RESOLUTIONS

MAC, 
GLS, 
GLSC

Loci included into analysis and desired typing resolution per 
locus; the list is separated by “,” and contains the locus 
names followed by “:” and the desired typing resolution, e.g., 
A:g,B:4d,C:g. Supported typing resolutions and their 
abbreviations are g-groups (g), P-groups (P), G-groups (G), 
2-digit fields (2d), 4-digit fields (4d), 6-digit fields (6d), and 
8-digit fields (8d)

LOCIORDER GLS Specify the order of loci the individual’s GL-ids correspond to. 
Loci are separated via “,”

RESOLVE_MISSING_
GENOTYPES

GLS Takes values “true” and “false.” If set to true, a missing typing 
is replaced by a combination of all alleles from AlleleList.Txt 
at the locus. Else, individuals with a missing typing are 
discarded from analysis

MINIMAL_
FREQUENCY_

GENOTYPES

MAC, 
GLS, 
GLSC

Genotypes which split into more genotypes than the inverse of 
this number are discarded from analysis

DO_
AMBIGUITYFILTER

MAC, 
GLS, 
GLSC

Takes values “true” and “false.” The option “true” activates the 
ambiguity filter

EXPAND_LINES_
AMBIGUITYFILTER

MAC, 
GLS, 
GLSC

Takes values “true” and “false.” If set to “true,” matching lines 
with additional genotype pairs in the ambiguity filter are 
considered
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Enter the folder Hapl-o-Mat/examplePopulations by typing
Hapl-o-Mat> cd examplePopulations

Create a folder named “a” with
Hapl-o-Mat> mkdir a

Enter the folder by using the command
Hapl-o-Mat> cd a

Then provide the data required by Hapl-o-Mat by copying the 
folder “Hapl-o-Mat/data” to “a” with

Hapl-o-Mat/a> cp –r ../../data .

Additionally, copy the executable haplomat and the file param-
etersMAC to folder a by typing

Hapl-o-Mat/a> cp ../../haplomat ../../pa-
rametersMAC .

Check that everything is in the folder a by typing
Hapl-o-Mat/a> ls

The output should contain a directory data, an executable 
haplomat, and the file parametersMAC.

According to the format of the input genotype data, the parameter 
file is parametersMAC. Open it in the text editor gedit (however, 
any text editor of your choice and convenience suffices) with

Hapl-o-Mat/a> gedit parametersMAC

and set the following values:
#file names
FILENAME_INPUT=../populationData_a.dat
FILENAME_HAPLOTYPES=run/haplotypes.dat
FILENAME_GENOTYPES=run/genotypes.dat
FILENAME_HAPLOTYPEFREQUENCIES=run/hfs.dat
FILENAME_EPSILON_LOGL=run/epsilon.dat
#reports
LOCI_AND_RESOLUTIONS=A:g,B:g,DRB1:g
MINIMAL_FREQUENCY_GENOTYPES=1e-5
DO_AMBIGUITYFILTER=false
EXPAND_LINES_AMBIGUITYFILTER=false
#EM-algorithm
INITIALIZATION_HAPLOTYPEFREQUENCIES=perturbation
EPSILON=1e-6
CUT_HAPLOTYPEFREQUENCIES=1e-6
RENORMALIZE_HAPLOTYPEFREQUENCIES=false
SEED=1000

Save the file by using [CTRL] + [C] and close the editor with 
[CTRL] + [Q].

Finally, create the directory run by typing
Hapl-o-Mat/a> mkdir run

3.2.1  Preparations

3.2.2  Parameters

Jürgen Sauter et al.
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Compute haplotype frequencies from the genotype input data by 
running Hapl-o-Mat.via

Hapl-o-Mat/a> ./haplomat MAC

Hapl-o-Mat reports parameters, statistics on the resolved gen-
otype data and the expectation-maximization algorithm, and the 
run time. This output can be saved in an extra file Log.txt by run-
ning Hapl-o-Mat via

Hapl-o-Mat/a> ./haplomat MAC > Log.txt

To examine results, change into the directory run by
Hapl-o-Mat/a> cd run

Check for directory content by typing
Hapl-o-Mat/a/run> ls

The folder should contain three files named hfs.dat, genotypes.
dat, and epsilon.dat. The main result file reporting haplotype fre-
quencies is “hfs.dat” and can be examined using the text editor 
gedit by typing

Hapl-o-Mat/a/run> gedit hfs.dat

or any other text editor. The file contains two columns. The 
first column reports haplotypes, the second the associated frequen-
cies as determined by Hapl-o-Mat. Haplotypes are saved in the 
GLS format. The file is sorted by descending haplotype 
frequencies.

The file genotypes.dat contains resolved genotypes. It can be 
examined using the text editor gedit by typing

Hapl-o-Mat/a/run> gedit genotypes.dat

or any other text editor. The first column corresponds to the 
individual’s identification number as used in the input file. The 
second column indicates how ambiguities per single-locus geno-
types have been resolved. If no ambiguities occurred or no addi-
tional genotypes were formed, an “N” is stated in the column. If 
an ambiguity occurred and was resolved by building all possible 
allele combinations, the type is I. Activating the ambiguity filter 
leads to additional types: A, if one matching line in the ambiguity 
file was found; and M, if multiple matching lines were found. The 
third column shows the genotype frequencies and the fourth col-
umn the genotypes themselves. The genotypes are saved in the 
GLS format. If an individual’s genotype splits into a set of geno-
types, each genotype is written to one line starting with the same 
identification number. The corresponding frequencies become 
non-integer and sum up to 1.

The file epsilon.dat reports on the evolution of the stopping 
criterion and log-likelihood while iterating expectation and 
maximization steps. It can be examined using the text editor 
gedit by typing

3.2.3  Run Hapl-o-Mat

3.2.4  Results
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Hapl-o-Mat/a/run> gedit epsilon.dat

or any other text editor. The first column states the maximal 
change between consecutive haplotype frequency estimations. This 
change is compared to the stopping criterion set in the respective 
parameter file. The second column is the non-normalized 
log-likelihood.
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