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Background: Specific alterations in human leukocyte antigen class I (HLA-I) loci are associated with 
clinical outcomes for immune checkpoint inhibitors, which increase the clinical relevance of accurate high-
resolution HLA genotyping in immuno-oncology applications. Numerous algorithms have been developed 
for high- to full-resolution HLA genotyping by next-generation sequencing (NGS) data; however, Sanger 
sequencing-based typing (SBT) remains the gold standard. With the increasing use of NGS for clinical 
oncology, it is important to identify the computational tool with comparable performance as the gold 
standard. This study aimed to benchmark 5 algorithms against SBT for the high-resolution typing of 
classical HLA-I genes for targeted NGS data from blood and tissue samples. 
Methods: Paired white blood cell (WBC), plasma, and tissue deoxyribonucleic acid (DNA) samples derived 
from 22 cancer patients with known HLA genotypes were sequenced using a panel of all the following exons of 
classical HLA-I genes: HLA-A, HLA-B, and HLA-C. NGS-based genotypes were generated by the 5 different 
algorithms, including HLA-HD, HLAscan, OptiType, Polysolver, and xHLA. Accuracy was defined as the 
concordance between the SBT and NGS-based algorithms. Accuracy was computed as the fraction of all the 
alleles with concordant genotype using the SBT and any of the algorithm over the total number of alleles.
Results: In relation to the WBC, plasma, and tissue samples, all 5 algorithms were highly accurate at 
low-resolution HLA-I genotyping, but had more varied accuracy at high-resolution HLA-I genotyping, 
particularly in HLA-A. The in-silico analyses revealed that high-resolution genotyping by all 5 algorithms 
achieved approximately 90% accuracy at sequencing depths of 6,000× – 100× for the WBC samples, at 6,000× 
– 700× for the plasma samples, and at 1,000× – 100× for the tissue samples. Among the 5 algorithms, HLA-
HD was consistently accurate at high-resolution HLA-I genotyping, and had an accuracy of 93.9% for the 
WBC samples, 87.9% for the plasma samples, and 94.2% for tissue samples even at a 50× sequencing depth.
Conclusions: We found that HLA-HD was an accurate algorithm for the high-resolution genotyping of 
classical HLA-I genes sequenced by our targeted panel, particularly at a sequencing depth ≥300× for blood 
and tissue samples.
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Introduction

Next-generation sequencing (NGS) is becoming an 
important tool for individualized therapeutic decision 
making in clinical oncology practice. The use of NGS 
could open up avenues for therapeutic options other than 
cytotoxic chemotherapy, which has had therapeutic success 
in treating some metastatic cancers, but has reached its 
therapeutic limit in treating others (1). Targeted NGS 
panels simultaneously interrogate 10s to 100s of genomic 
regions, and not only provide details of the actionable 
somatic mutation status in relation to a patient’s eligibility 
to receive targeted therapy, but also provide a genomic 
signature estimation, including the tumor mutation burden 
(TMB) and microsatellite instability (MSI), which can guide 
the use of immune checkpoint inhibitors (ICIs). TMB, 
MSI, deficient mismatch repair, and programmed cell death 
protein 1/programmed death ligand 1 status have been 
shown to be correlated with ICI response in some patients; 
however, clinical outcomes are still largely inconsistent with 
biomarker status (1-5). Thus, the search for other molecular 
biomarkers that accurately predict the ICI response 
continues.

Alterations in the human leukocyte antigen (HLA) are 
implicated in tumor invasion and development via the 
promotion of T lymphocyte-mediated immune escape 
mechanisms (6). Recent research has shown that specific 
alterations in HLA class I loci are associated with the clinical 
outcomes of ICIs (7-12), which increases the importance 
of accurate high-resolution HLA genotyping in immuno-
oncology applications. The HLA gene complex encodes 
the major histocompatibility complex (MHC), which plays 
a major role in adaptive immunity by presenting pathogen-
derived peptides to T lymphocytes (13,14). The HLA gene 
complex is located at the short arm of chromosome 6 (6p21.3), 
spans 3.6 megabase pairs, and can be divided into 3 regions 
(14,15). The class I region includes the classical, highly 
polymorphic HLA-A, HLA-B, and HLA-C genes, and the 
non-classical, more conserved, HLA-E, HLA-F, and HLA-G 
genes (13,14,16). Exons 2 and 3 of the HLA class I classical 
genes, which encode the binding sites for peptide antigens 
and lymphocyte receptors, are among the most polymorphic 
regions in the human genome (17). Currently, >21,000 alleles 
have been reported as classical HLA class I genes in the 
ImMunoGeneTics (IMGT) /HLA database (18).

According to the World Health Organization (WHO) 
HLA nomenclature, HLA allele names are composed of the 
HLA prefix and a letter indicating the specific gene locus 

separated by a hyphen, followed by an asterisk as a separator, 
followed by a series of unique numbers of up to 4 field levels 
assigned for each allele, which are separated by colons (e.g., 
HLA-A*02:101:01:02N) (19). The first 2 numbers after the 
asterisk, which are referred to as the first field, 2-digit, DNA-
based, or low level of resolution, indicate the allele group 
and denote the serological antigen type of the allele (19). 
The next set of digits, which are referred to as the second 
field, 4-digit, or high level of resolution, indicate the specific 
HLA protein (19). The third and fourth set of numbers, 
which are also referred to as the 6- or 8-digit, respectively, 
the third or fourth field, respectively, or the allelic resolution 
genotype, indicate the synonymous DNA substitution within 
the coding region and DNA variations in the non-coding 
regions, respectively (19).

With its growing application, NGS allows higher 
throughput HLA genotyping, and has been instrumental 
in the discovery of novel point mutations in HLA class 
I genes (18,20-22). The earliest application of NGS for 
the high-resolution genotyping of HLA class I exons 2–3 
had an accuracy of 96.4%, which indicated the reliability 
and efficiency of NGS (23). Over the years, various 
computational tools have been developed to classify HLA 
genotypes from NGS data in varying resolutions (22-28).  
NGS-based algorithms for HLA genotyping varies in 
their implementation of sequence alignment between 
the test and the reference sequences, which could affect 
their overall performance and accuracy in high resolution 
genotyping. For instance, algorithms such as HLA-HD, 
Polysolver, HLAscan, and OptiType use DNA-level 
sequence alignment, while some algorithms such as xHLA 
use protein-level sequence alignment (24-27,29). Despite 
the availability of numerous NGS-based algorithms, 
Sanger sequence-based typing (SBT) remains the gold-
standard high-resolution HLA genotyping approach in 
clinical practice (30). Benchmarking studies against the 
gold standard are necessary to identify the NGS-based 
algorithm that could achieve comparable accuracy for high-
resolution HLA genotyping as the gold standard. Moreover, 
the performance of the NGS-based algorithm should also 
be characterized using routine clinical samples such as 
tissue and blood samples. The best performing algorithm 
could then be incorporated into the NGS bioinformatics 
pipeline to enable simultaneous prediction of cancer-related 
somatic mutations and genomic signatures, including tumor 
mutation burden and HLA genotype for guiding targeted 
treatment decisions.

Our study aimed to identify the algorithm that enables 
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the accurate, high-resolution genotyping of the classical 
HLA class I alleles sequenced by our targeted NGS 
panel. To achieve this aim, we retrieved the NGS data 
derived from paired white blood cell (WBC), plasma, and 
tissue DNA samples of 22 cancer patients with known 
HLA genotypes examined using Sanger SBT. The HLA 
genotypes from the NGS data were generated using 5 
different computational tools at the first-field (low) and the 
second-field (high) levels of resolution. We then evaluated 
the concordance between the SBT-based and the NGS-
based HLA genotype using the 5 computational tools. We 
present the following article in accordance with the STARD 
reporting checklist (available at https://atm.amegroups.
com/article/view/10.21037/atm-22-875/rc).

Methods

Patient samples

The sample size was randomly selected based on the 
availability of SBT-based HLA genotype and paired WBC, 
plasma, and tissue samples submitted for sequencing using 
the 520 gene-panel. In total, 88 sequencing data were 
retrieved for 22 cancer patients from China-Japan Union 
Hospital of Jilin University with paired WBC, plasma, and 
tissue samples. The WBC samples were submitted for SBT-
based HLA genotyping to serve as the reference, while 
paired plasma, WBC, and tissue samples were sequenced 
using a commercially available targeted panel covering 
520 cancer-related genes (OncoScreen Plus, Burning Rock 
Biotech, Guangzhou, China) on a paired-end sequencing 
instrument (Nextseq 500, Illumina, CA, USA). The NGS-
targeted panel covered all the exons of HLA-A, HLA-B, 
and HLA-C. The NGS processing and analysis were 
performed according to optimized protocols at the College 
of American Pathologists (CAP)-accredited and Clinical 
Laboratory Improvement Amendments (CLIA)-certified 
facility of Burning Rock Biotech. The study was conducted 
in accordance with the Declaration of Helsinki (as revised 
in 2013). This study was approved by the Institutional 
Ethics Committee of China-Japan Union Hospital of Jilin 
University (approval number: 2016-wjw015). Written 
informed consent was provided by all the patients before 
their inclusion in the study.

HLA typing algorithms

We se lec ted  and  compared  5  pub l i c ly  ava i l ab le 
computa t iona l  too l s ,  i nc lud ing  HLA-HD ( 25 ) ,  

HLAscan (26), OptiType (29), Polysolver (24), and  
xHLA (27). All the algorithms were downloaded from their 
respective online sources, and implemented under default 
parameters. As some algorithms could only predict up to 
4-digit resolution, all the HLA alleles generated by the  
5 algorithms were normalized at the second-field level of 
resolution. Following the WHO HLA nomenclature (19), 
a 2-digit HLA classification was defined as low resolution, 
while a 4-digit HLA classification was defined as high 
resolution.

Statistical analysis

Accuracy was the performance metric used to evaluate the 
HLA typing algorithms, which represents the concordance 
between SBT-based and NGS-based HLA genotypes, and 
was computed as the fraction of all the alleles that were 
concordant with the reference (SBT-based genotype) over 
the total number of alleles for all alleles and all samples as 
shown by the formula below.

  concordant allele (NGS=SBT)
  

number ofAccuracy
concordant allele discordant allele

=
+  

[1]

Results

Concordance of the 5 HLA typing algorithms with SBT for 
WBC samples

We first evaluated the concordance between the Sanger 
SBT-derived HLA genotypes and the NGS-based HLA 
genotypes classified by the 5 algorithms for the WBC 
samples from the 22 patients. As Figure 1 and Table 1 
show, all 5 algorithms were highly accurate at classifying 
HLA class I alleles, HLA-A, HLA-B, and HLA-C at 
low resolution. However, despite having >90% overall 
accuracy, the accuracy of these algorithms was more varied 
at high resolution (see Figure 1A and Table 1). For high-
resolution genotyping, HLA-HD had the highest accuracy 
at 99.2%, while xHLA had the lowest accuracy at 91.7% 
(see Figure 1A and Table 1). Of the classical HLA class I 
alleles, the high-resolution HLA-A genotyping had the 
most fluctuations, with HLA-HD achieving 100% accuracy, 
while xHLA was the least accurate at 79.6% (see Figure 1B 
and Table 1). For high-resolution HLA-B genotyping, HLA-
HD consistently achieved 100% accuracy, while HLAscan 
was the least accurate at 93.2% (see Figure 1C and Table 1). 
For high-resolution HLA-C genotyping, xHLA achieved 
100% accuracy, while Polysolver, OptiType, and HLAscan 
had a similar accuracy of 95.5% (see Figure 1D and Table 1).

https://atm.amegroups.com/article/view/10.21037/atm-22-875/rc
https://atm.amegroups.com/article/view/10.21037/atm-22-875/rc
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Figure 1 Comparison of the analytical accuracy of the 5 algorithms in 2-digit (low) and 4-digit (high) resolution classification of HLA class 
I genes (A), HLA-A (B), HLA-B (C), and HLA-C (D) using NGS data derived from WBC DNA with known HLA genotype (n=22). HLA, 
human leukocyte antigen; NGS, next generation sequencing; WBC, white blood cell; DNA, deoxyribonucleic acid.

Table 1 Analytical accuracy of the 5 HLA classification algorithms for the WBC data (n=22) at low and high resolutions

Algorithm
Low resolution (2-digit/1st field) (%) High resolution (4-digit/2nd field) (%)

HLA-A HLA-B HLA-C HLA class I HLA-A HLA-B HLA-C HLA class I

HLA-HD 100.0 100.0 100.0 100.0 100.0 100.0 97.7 99.2

Polysolver 100.0 100.0 100.0 100.0 95.5 97.7 95.5 96.2

OptiType 100.0 100.0 100.0 100.0 93.1 95.5 95.5 94.7

HLAscan 100.0 97.7 100.0 99.2 90.9 93.2 95.5 93.2

xHLA 100.0 100.0 100.0 100.0 79.6 95.5 100.0 91.7

HLA, human leukocyte antigen; WBC, white blood cell.
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Figure 2 Comparison of the analytical accuracy of the 5 algorithms in 2-digit (low) and 4-digit (high) resolution classification of HLA class 
I genes using paired WBC, plasma, and tissue samples with known HLA genotypes (n=22). HLA, human leukocyte antigen; WBC, white 
blood cell.

Taken together, these data indicate that the performance 
of the 5 HLA typing algorithms was comparable at low 
resolution, but differed at high resolution, particularly in 
the classification of HLA-A alleles. Of the 5 algorithms, 
HLA-HD was the most accurate at the high-resolution 
HLA genotyping of the WBC samples.

HLA genotyping using different sample types

To examine the performance of the 5 algorithms for 
different sample types, we used NGS data derived from 
paired WBC, plasma, and tissue DNA samples from the 
same 22 patients with known HLA genotypes. Consistent 
with the WBC data, the 5 algorithms were similarly 
accurate at the low-resolution genotyping of HLA class I 
alleles from plasma samples, with HLA-HD, xHLA, and 
HLAscan achieving 100%, 100%, and 99.2% accuracy, 
respectively (see Figure 2). The genotyping of the HLA class 
I alleles from tissue samples was less accurate than that of 
the paired blood samples; however, the accuracy was within 
an acceptable range even at high resolution (range 87.9–
96.2%; see Table S1). HLA-HD consistently achieved the 
highest accuracy for the high-resolution HLA genotyping 
of WBC, plasma, and tissue samples (see Figure 2).  
For tissue samples, HLA-HD achieved 96.2% accuracy and 
generated discordant calls for 5 alleles from 3 patients (see 
Tables S1,S2).

Taken together, these results indicate that the algorithms 

performed consistently well in both the low- and high-
resolution genotyping of the plasma and WBC samples. 
Their performance in relation to tissue samples was 
less accurate, but had a similar pattern as that of the 
WBC samples. The performance of HLA-HD remained 
consistent in the high-resolution HLA genotyping of 
plasma and tissue samples.

Effect of sequencing depth on high-resolution HLA 
genotyping

We next explored the effect of different sequencing depths 
on the performance of the 5 algorithms in the high-
resolution HLA genotyping of the three different sample 
types. The actual sequencing depth ranged between 6,488× 
and 8,766× for the WBC samples, between 6,102× and 
20,231 for the plasma samples, and between 1,007× and 
1,863× for the tissue samples. For this in-silico analysis, the 
sequencing data from the paired WBC, plasma, and tissue 
samples were down-sampled to simulate lower sequencing 
depths at a range of 50× to 6,000× for the WBC and plasma 
samples, and a range of 50× to 1,000× for the tissue samples. 
Among the 5 algorithms, HLA-HD consistently achieved 
99.2% accuracy for the WBC samples sequenced at 6,000× 
to 300× (see Figure 3A). At 100×, all the algorithms were 
approximately 90% accurate. At 50×, HLA-HD still 
achieved 93.9% accuracy, while xHLA was the most accurate 
at 97.7%, and HLAscan was the least accurate at 85.6% 

https://cdn.amegroups.cn/static/public/ATM-22-875-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-875-Supplementary.pdf
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Figure 3 Comparison of the analytical accuracy of the 5 algorithms in the high-resolution genotyping of HLA class I genes from paired 
WBC (A), plasma (B), and tissue (C) samples at varying sequencing depths (x-axis) ranging between 50× to either 1,000× (tissue) or 6,000× 
(blood). HLA, human leukocyte antigen; WBC, white blood cell.

(see Figure 3A). In the plasma samples, HLA-HD achieved 
>97% accuracy, and was the most accurate at sequencing 
depths ranging from 6,000× to 700× (see Figure 3B).  

All 5 algorithms demonstrated approximately 90% accuracy 
at 700×. Consistent with the WBC samples, xHLA was 
the most accurate (93.2%) and HLAscan was the least 
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Figure 4 Distribution of the high-resolution HLA genotyping results for HLA-A, HLA-B, and HLA-C subtypes for the WBC samples of the 
22 patients. Purple or Y (yes) denotes the concordance of the results with the Sanger sequencing data. Orange or N (no) denotes discordance 
with the indicated alleles. HLA, human leukocyte antigen; WBC, white blood cell.

accurate (73.4%) at 50× for plasma samples (see Figure 3B). 
For the tissue samples, all 5 algorithms also demonstrated 
approximately 90% accuracy from 1,000× to 100× (see 
Figure 3C). Among them, the accuracy of HLA-HD was 
consistently high, and achieved up to 94.2% accuracy even 
at 50×. At 50× for the tissue samples, xHLA was the most 
accurate (94.7%) and HLAscan was the least accurate 
(84.9%) (see Figure 3C).

Taken together, these data indicate the accuracy and 
robustness of all the algorithms in the high-resolution HLA 
genotyping of all the sample types at a sequencing depth of 
at least 300×. HLA-HD was consistently accurate even at a 
sequencing depth of 50× for all sample types, but showed a 
direct association with the sequencing depth, achieving its 
highest accuracy at sequencing depths of ≥300×. Notably, 
the performance of xHLA was not affected by sequencing 
depths and even yielded better accuracy at lower depths 
(≤100×) than higher depths (≥300×).

Identifying the discordant HLA genotypes among the 5 
algorithms

To further understand the limitations of each algorithm, 
we also analyzed the specific HLA alleles from various 
sample types that were discordantly classified by the  
5 algorithms. Figure 4 summarizes the genotyping results, 
which revealed the discordant HLA genotypes in the WBC 
samples. Of the HLA class I genes, HLA-A had the most 
discordant results. Among the 5 algorithms, xHLA was the 
least accurate in HLA-A where it misclassified 4 patients 
with A*02:06 as A*02:01, and 2 patients with A*02:07 as 
A*02:474. Only xHLA misclassified both allele pairs from  
3 patients (HLA-A1 and HLA-A2; see Figure 4). All the 
other discordant calls from the other 4 algorithms only 
occurred in 1 allele. HLA-HD accurately classified all 
the alleles except HLA-C1, whereby the HLA-C*04:82 
of patient P14 was misclassified as C*04:01. Notably, 
only xHLA correctly classified this HLA-C1 allele. The 3 
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algorithms, Polysolver, OptiType, and HLAscan, similarly 
misclassified HLA-B*15:19 as B*15:12 for patient P18. 
HLA-C*07:18 for patient P20 was misclassified as C*07:01 
by OptiType and HLAscan, and as C*07:06 by Polysolver. 
HLA-A*02:346, a rare HLA-A allele detected in patient 
P09, was misclassified as the most common A*02:01 allele 
by Polysolver and OptiType, and as A*02:09 by HLAscan 
but was correctly classified by both HLA-HD and xHLA.

Consistent with the WBC data, HLA-C*04:82 was 
the most discordant allele in plasma samples, which was 
misclassified as C*04:01 by 4 algorithms except xHLA. 
Polysolver, OptiType, and HLAscan were consistent in 
the misclassification of HLA-A*02:346 as either A*02:01 
or A*02:09 for patient P09, HLA-B*15:19 as B*15:12 
for patient P18, and HLA-C*07:18 as either C*07:01 or 
C*07:06 for patient P20 (see Figure S1A).

For the tissue samples, HLA-C*04:82 from patient P14 
remained the most discordant allele, and was misclassified 
as C*04:01 by all 5 algorithms (see Figure S1B). Consistent 
with the misclassification of HLA-A*02:346, HLA-B*15:19, 
and HLA-C*07:18 in the WBC and plasma samples of  
3 patients, Polysolver, OptiType, HLAscan, and xHLA all 
misclassified HLA-B*39:01 as B*51:01 for patient P22 (see 
Figure S1B). Among the tissue samples, tissue samples from 
patient P22 had the most discordant results due to the poor 
sequencing quality, and below average library complexity.

We further investigated the reason for the discordant 
results for HLA-C*04:82 from patient P14. As Figure 5A 
shows, a 6-nucleotide sequence TGT CCT was repeatedly 

interspersed in the DNA sequence of the C*04:01 and 
C*04:82 alleles. In addition to the similarity between 
the 2 alleles, C*04:82 had an additional 9-nucleotide 
repeated sequence (TGT CCT AGC) in positions  
957-965 and 966-974 of exon 5, which was only present 
once in C*04:01 (see Figure 5A). The SBT results showed 
heterozygous HLA-C*04:82 and C*08:01 alleles for P14 
(see Figure 5B and Table S2). This highly repetitive region 
was correctly genotyped by xHLA in the plasma and 
WBC samples, but not in the tissue samples. All the other 
4 algorithms consistently misclassified this allele in all 
sample types.

We also investigated the discordant results for 
HLA-A*02:346 from patient P09. As Figure S2A shows, 
the position 268 for A*02:01, A*02:346, and A*02:09 only 
differed in 1 nucleotide. The sequencing electropherogram 
also demonstrated overlapping A and C base calls for this 
position, indicating the heterozygous status of the 2 HLA-A 
alleles (see Figure S2B). The heterozygosity of this patient 
was correctly genotyped by HLA-HD and xHLA, but was 
misclassified as A*02:01 by Polysolver and OptiType, and as 
A*02:09 by HLAscan (see Figure S2C).

Taken together, these results indicate the robust 
performance of HLA-HD in the high-resolution HLA 
genotyping of various sample types.

Discussion

NGS typically generates short read lengths (between 

G/T A/G

C*04:82
C*04:01

948  949  950  951  952  953  954  955  956  957  958  959  960  961  962  963  964  965  966  967  968  969  970  971  972  973  974  975  976  977  978  979  980  981  982  983A

B

Figure 5 Elucidating the discordant calls in HLA-C*04:82. (A) DNA sequence alignment for HLA-C*04:82 and C*04:01 between 
nucleotides 948 to 983, illustrating the repetitive sequences and 9-nucleotide difference between the 2 alleles. (B) Screenshot of Sanger 
sequencing electropherogram for the WBC sample of patient P14. The red arrows indicate overlapping peaks, indicating the heterozygous 
status of the 2 alleles. HLA, human leukocyte antigen; WBC, white blood cell; DNA, deoxyribonucleic acid.
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150–250 bases for single-end sequencing and up to 
400–500 bases for paired-end sequencing), and is highly 
dependent on bioinformatics tools to assemble the random 
sequencing reads into contiguous data (22). This poses 
a computational challenge to the accurate analysis of 
classical HLA class I loci from NGS sequencing data 
due to the extensive sequence similarity among different 
alleles. Computational tools for HLA typing use varied 
statistical approaches to align the sequence reads/read 
pairs to reference sequences from databases, such as 
the IMGT/HLA, for allele classification (24-27,31,32). 
Routine HLA typing only sequences the core exons 2 and 
3 of classic HLA class I genes, which are reflected by the 
missing or unverified sequence information for intronic or 
other exonic regions other than the core exons in >90% of 
the entries on the IMGT/HLA database (29,32). For more 
precise genotyping from shorter read fragments, some 
computational tools can reconstruct the missing parts 
from the reference sequence by imputing from the partial 
sequences of other alleles within a phylogenetic region 
(26,27,29,32).

Kawaguchi et al. classified HLA typing algorithms into 
two categories (i.e., restricted and unrestricted) based 
on how they use the HLA information (25). HLA-HD 
and Polysolver are considered unrestricted, and scan for 
variations throughout the entire HLA gene, while OptiType 
is considered restricted, as its use is limited to exons, primers, 
and probes only (24,25,29). HLAscan performs alignment 
for exons 2, 3, 4, and 5 for HLA class I genes (26). Most 
algorithms use the DNA-level alignment method, but xHLA 
uses the protein-level alignment method (27). This varied 
approach for sequence alignment could introduce ambiguities 
and affect the classification accuracy of major and minor HLA 
genotypes. Another advantage of the NGS approach over 
the SBT approach is the phase resolution for heterozygous 
alleles. NGS-based computational tools assemble the paired-
sequence reads into separate alleles corresponding to the 
haplotype, which provides a more accurate genotyping of 
heterozygous alleles than the ambiguous allele phasing of the 
Sanger sequencing (21). Numerous efforts have been made 
to develop and benchmark various HLA typing algorithms 
(24-27,29,31-35); however, most studies evaluate genotyping 
performance using NGS data from publicly available whole 
genome/whole exome datasets or WBCs. Indeed, few studies 
have comprehensively evaluated the performance of these 
algorithms using various sample types, particularly plasma 
and tissue samples that are routinely submitted for NGS-
based analysis in clinical oncology practice. Thus, we set 

out to benchmark 5 algorithms against the gold standard to 
identify the most accurate algorithm for HLA genotyping of 
paired WBC, plasma, and tissue samples.

We found that the 5 algorithms were comparably 
accurate in the low-resolution HLA genotyping of blood 
and tissue samples; however, their performance varied for 
high-resolution genotyping. All 5 algorithms achieved >90% 
accuracy in blood-based high-resolution HLA genotyping; 
however, their performance for tissue-based genotyping 
was inferior. For the tissue-based high-resolution HLA 
genotyping, the accuracy was >90% for HLA-HD and 
Polysolver, ~90% for Optitype and xHLA, and <90% for 
HLAscan. The lower accuracy for the tissue samples was 
due to the use of formalin-fixed, paraffin-embedded (FFPE) 
tissue samples in the sequencing, which was exemplified by 
the 2 discordant alleles from each of the 2 tissue samples 
from P15 and P22 by HLA-HD (see Table S2). Notably, 
HLA-HD was able to report the correct genotype for 1 of 
the polymorphic allele pair and only misclassified the other 
allele. This pattern was also observed in other algorithms 
except that of xHLA, which appeared to have a bias for 
major alleles.

As at times, HLA alleles only vary at the single-
nucleotide level, some changes brought about by FFPE 
processing, such as DNA fragmentation or the presence 
of nucleotide changes, might have contributed to the 
lower sequencing accuracy in this sample type. A previous 
study demonstrated the amplification of exons 2, 3, and 
4 of HLA-A in only 88% (14/16) from DNA isolated 
from 10-year-old FFPE tissue samples (36). Among the 
5 algorithms included in our study, the performance of 
HLA-HD was consistent for the WBC, plasma, and tissue 
samples, which were highly concordant with the SBT-
based HLA genotype. HLA-HD was highly accurate 
at the sequencing depth of 50×; however, its accuracy 
showed a pattern of linear association with sequencing 
depth, such that its peak performance occurred at ≥300× 
with a corresponding drop in accuracy as the sequencing 
depth decreased. Conversely, the performance of xHLA 
was stable across a range of sequencing depths and even 
achieved better accuracy at lower depths (≤100×) than 
higher sequencing depths (≥700×). At sequencing depths 
of ≥300×, all the algorithms were ≥90% accurate in high-
resolution HLA typing. Our observations on the effect 
of sequencing depth on the accuracy of the algorithms 
were consistent with those of previous reports (26,32-34).  
Notably, the actual sequencing depths during routine 
targeted sequencing runs for WBC and plasma samples are 

https://cdn.amegroups.cn/static/public/ATM-22-875-Supplementary.pdf


Xin et al. High-resolution HLA typing of blood and tissue samplesPage 10 of 13

© Annals of Translational Medicine. All rights reserved.   Ann Transl Med 2022;10(11):633 | https://dx.doi.org/10.21037/atm-22-875

within 10,000× and do not reach below 300×. Conversely, 
in this study, the actual sequencing depth for the tissue 
samples was within 1,000×.

It should also be noted that our study used the gold-
standard SBT-based HLA genotype to benchmark 
the 5 HLA typing algorithms. The gold-standard 
benchmarking of the performance of the algorithms 
indicates the stringency of our study and the accuracy of 
our findings. Benchmarking using the most concordant 
HLA genotype is a widely used method for comparing 
algorithm performance; however, the most concordant 
allele might not be the correct genotype. This scenario is 
best exemplified by HLA-C*04:82, the SBT-based genotype 
of P14, which was misclassified as HLA-C*04:01 by 4 
algorithms for the paired WBC and plasma samples and by 
all 5 algorithms for the tissue samples. Genotyping of this 
particular allele was challenging due to the repetitive nature 
of this loci (see Figure 5). Figure 4 and Figure S1 provide 
more examples of concordant alleles among the algorithms 
that were discordant with the SBT-based genotype.

Consistent with our findings on HLA-HD, a recently 
published study examined the accuracy and robustness of 
the HLA-HD and HISAT genotype in high-resolution 
HLA typing among 7 algorithms (33). This study 
mentioned that both the HLA-HD and HISAT genotype 
had higher requirements for computer resources (33). The 
accuracy of HLA-HD compensated for the time the HLA 
typing took. Additionally, since our targeted panel included 
all exons of classical HLA class I genes, the inherent features 
of HLA-HD in scanning the full gene were enforced to 
ensure precise and robust HLA genotyping. Thus, we are of 
the view that HLA-HD is the most optimal algorithm for 
accurate high-resolution NGS-based HLA typing for our 
application.

Previous studies have established the role of HLA 
alterations in cytotoxic T lymphocyte-mediated immune 
escape mechanisms that promote cancer development (6,37). 
Homozygosity in the HLA class I gene even at a single HLA 
locus and the loss of heterozygosity (LOH) of the HLA class 
I gene, particularly in patients with a low mutation burden, 
was shown to be significantly associated with reduced 
overall survival (7). HLA LOH, which occurs in ~40% 
of non-small-cell lung cancers (NSCLC), was previously 
reported to be associated with an elevated neoantigen 
burden and to contribute to mediating the immune 
evasion mechanism in lung cancer development (38).  
Additionally, patients with advanced-stage melanoma 
harboring the germline HLA-B44 supertype who received 

anti-CTLA4 therapy had significantly better overall 
survival than those with the HLA-B62 supertype, who had 
inferior outcomes (7). Compared to HLA-B44 generally, 
specific HLA-B alleles that bring about radical glutamic acid 
substitutions in the anchor position of B44 were associated 
with a poor prognosis and better clinical outcomes with 
ICIs in NSCLC (11). Specific HLA-A alleles (A*02:01 
and A*24:02) were also associated with the prognosis 
of metastatic hormone-sensitive prostate cancer (8).  
Studies on the implications of the HLA genotype in the 
immunotherapy response in other solid tumor types are 
also increasing (12,39). These reports raise the relevance 
of accurate high-resolution HLA genotyping in cancer 
immunotherapy applications. The inclusion of the most 
accurate algorithm into the variant calling pipelines for 
targeted NGS panels could enable high-resolution HLA 
genotyping at no additional cost.

Our study is limited by its retrospective nature, which 
limited the number of patients with available NGS data 
for paired blood and tissue samples and the information 
available on the SBT-based HLA genotype. The tissue 
samples that we analyzed were FFPE samples, which 
might have contributed to the lower accuracy of the HLA 
genotyping in the tissues compared to the blood samples. 
Our study did not include the benchmarking for HLA class 
II genes due to the selection of some algorithms that were 
only designed for the genotyping of classical HLA class I 
genes (i.e., OptiType). We speculate that the performance 
of these algorithms, particularly HLA-HD, can be applied 
to other targeted panels designed to interrogate HLA class I 
and class II loci at a sequencing depth higher than 300× for 
blood and tissue samples. Another limitation is the selection 
of the 5 HLA typing algorithms based on published reports, 
which introduced selection bias. The HLA-HD showed 
consistent performance across the sample types, but the 
optimization of the prediction parameters might further 
improve its accuracy.

Conclusions

Our study demonstrates the accuracy and robustness 
of HLA-HD in the high-resolution genotyping of 
classical HLA class I loci from WBC, plasma, and tissue 
samples sequenced by our targeted NGS panel. Our 
study contributes to the growing knowledge that sample 
types, NGS sequencing conditions, and the choice of 
computational tools are important factors for accurate high-
resolution HLA genotyping. Our study also highlights the 
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importance of targeted NGS in providing a comprehensive 
profile of somatic mutations and genomic signatures that 
are crucial in identifying cancer patients who would likely 
benefit from both targeted therapies and immunotherapy.
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Figure S1 Distribution of the high-resolution HLA genotyping results for HLA-A, HLA-B, and HLA-C alleles for plasma (A) and tissue (B) 
samples from 22 patients. Purple or Y (yes) denotes the concordance of the results with Sanger sequencing data. Orange or N (no) denotes 
discordance with the indicated alleles. HLA, human leukocyte antigen.
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alleles SBT HLA-HD xHLA Polysolver OptiType HLAscan
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HLA-A2 A*02:346 A*02:346 A*02:346 A*02:01 A*02:01 A*02:09

Figure S2 A case with heterozygous HLA-A*02:01 and HLA-A*02:346. (A) DNA sequence alignment for HLA-A*02:01, A*02:09, and 
A*02:346. Red font indicates discordant nucleotides among the three alleles. (B) Screenshot of Sanger sequencing electropherogram 
for white blood cell sample of patient P09 indicating the heterozygous status of the patient with the presence of both A and C peaks at 
nucleotide 268. Red arrow denotes overlapping peaks for A and C, indicating heterozygosity. (C) Tabulated summary of the HLA-A allele 
pair of patient P09 from Sanger sequencing-based typing (SBT) and the 5 different NGS-based computational tools. Alleles in red font 
indicate discordant results with SBT. HLA, human leukocyte antigen; DNA, deoxyribonucleic acid.

Table S1 Analytical accuracy of the 5 HLA classification algorithms 
on next-generation sequencing data derived from paired 22 white 
blood cell (WBC), plasma, and tissue samples data for HLA class I 
genes at second field-level resolution

Algorithm WBC Plasma Tissue

HLA-HD 99.2% 99.2% 96.2%

Polysolver 96.2% 96.2% 92.4%

OptiType 94.7% 93.2% 90.2%

HLAscan 93.2% 95.5% 87.9%

xHLA 91.7% 93.9% 90.2%

Red font indicates the highest accuracy in each sample type. 
HLA, human leukocyte antigen.
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Table S2 Discordant calls by HLA-HD from tissue samples

Patient number
SBT-based HLA genotype (WBC sample, reference) HLA-HD (tissue sample)

Allele 1 Allele 2 Allele 1 Allele 2

P14 C*08:01 C*04:82 C*08:01 C*04:01

P15 A*24:02 A*24:02 A*24:02 A*30:01

P15 B*40:06 B*15:01 B*40:06 B*15:515

P22 A*11:01 A*24:02 A*11:01 A*24:19

P22 C*14:02 C*07:02 C*14:02 C*07:51

Red font indicates discordant calls in allele 2 for tissue samples as compared to SBT-based reference HLA genotype. HLA, human 
leukocyte antigen; WBC, white blood cell; SBT, Sanger sequencing-based typing.


