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High-accuracy imputation for HLA class I and II genes based
on high-resolution SNP data of population-specific references

S-S Khor', W Yang?, M Kawashima', S Kamitsuji®, X Zheng®, N Nishida"*, H Sawai', H Toyoda', T Miyagawa', M Honda®,

N Kamatani® and K Tokunaga'

Statistical imputation of classical human leukocyte antigen (HLA) alleles is becoming an indispensable tool for fine-mappings of
disease association signals from case-control genome-wide association studies. However, most currently available HLA imputation
tools are based on European reference populations and are not suitable for direct application to non-European populations. Among
the HLA imputation tools, The HIBAG R package is a flexible HLA imputation tool that is equipped with a wide range of population-
based classifiers; moreover, HIBAG R enables individual researchers to build custom classifiers. Here, two data sets, each comprising
data from healthy Japanese individuals of difference sample sizes, were used to build custom classifiers. HLA imputation accuracy in
five HLA classes (HLA-A, HLA-B, HLA-DRB1, HLA-DQB1 and HLA-DPBT) increased from the 82.5-98.8% obtained with the original
HIBAG references to 95.2-99.5% with our custom classifiers. A call threshold (CT) of 0.4 is recommended for our Japanese classifiers;
in contrast, HIBAG references recommend a CT of 0.5. Finally, our classifiers could be used to identify the risk haplotypes for
Japanese narcolepsy with cataplexy, HLA-DRB1*15:01 and HLA-DQB1*06:02, with 100% and 99.7% accuracy, respectively; therefore,
these classifiers can be used to supplement the current lack of HLA genotyping data in widely available genome-wide association

study data sets.
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INTRODUCTION

Human Leukocyte Antigen (HLA) represents the primary system,
which encodes cell-surface protein that presents the specific
antigen peptides for the host immune system. Specific HLA
proteins have been implicated as the major susceptible factors for
adverse drug reactions, transplant/graft rejection and a wide
range of autoimmune and infectious diseases. The HLA, or major
histocompatibility complex (MHC), region in humans is located on
chromosome 6p21.3 HLA loci, and HLA proteins are highly
polymorphic because of natural selection against a wide range
of pathogens.' For example, as of October 2014, the IMGT/HLA
database contained up to 12 000 HLA alleles,? and HLA-B and HLA-
DRB were the most polymorphic in HLA class | and HLA class II
genes, with 3693 and 1684 two-field alleles, respectively.

Over the years, different methodologies have been developed
for genotyping HLA alleles, from classical two-digit serotyping to
four-or-more-digit DNA-based typing methods. However, HLA
genotyping is still notorious for being time consuming and costly
for research studies that involve thousands of samples. To
overcome these problems, methods for predicting HLA genotypes
based on single nucleotide polymorphisms (SNPs) have been
developed.®>* However, the utility of such prediction methods is
limited to specific populations for which a particular prediction
system is built. An alternative method uses multiple SNPs in the
proximity of HLA regions to predict HLA genotypes. Leslie et al.®
developed an HLA prediction system based on identity-by-
descents model; this system uses multiple SNPs to infer haplotype

information. Using the same statistical algorithm Dilthey et al.®
developed an integrative software program, HLA*IMP, based on
SNP data from European populations with a modification of the
SNP selection process, which increased the imputation accuracy. A
subsequently developed software program, HLA*IMP:02,” based
on SNP data from multiple populations that can accommodate
haplotypic heterogeneity, is also available. Each version of
HLA*IMP required users to upload the genotype data to a secure,
online server; this requirement may exclude certain research
groups from using HLA*IMP.

SNP2HLA is an HLA and amino-acid imputation software
program built based on the imputation algorithm used for the
software package BEAGLE.2 SNP2HLA has enabled researchers to
interrogate functional coding variants within HLA genes that
might be causal for certain diseases. Non-synonymous changes
within HLA genes might cause variations in the binding affinity of
the respective HLA protein, but the exact underlying mechanisms
of how such changes contribute to disease susceptibilities remains
unknown.

The HIBAG R package is an another tool for HLA genotype
imputation based on the attribute bagging method.® Attribute
bagging maximizes the advantages of bootstrap aggregation and
the random variables selection methods to improve accuracy of
HLA imputation.”® In brief, ensemble classifiers are built by
randomly selecting sets of individuals from a training data set
and randomly selecting representative SNP markers from a set of
available SNP sets. The ensemble classifiers are then used as
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references for imputation based on an independent research
dataset.

HIBAG differs from other HLA imputation software because it
only assumes minimal Hardy-Weinberg equilibrium, and HIBAG
has proven to be robust for populations with complex linkage
disequilibrium blocks that deviate from Hardy-Weinberg equili-
brium. In contrast with HLA*IMP and HLA*IMP:02, HIBAG utilizes
unphased genotype data directly available from genome-wide
association studies SNP panels, shortening the computational
phasing steps and eliminating the variation produced by different
phasing software packages. HIBAG has, for example, helped to
identify novel independent risk HLA alleles for Sjogren's syn-
drome'" and contributed to the confirmation of which HLA alleles
among those that increase the risk of multiple sclerosis was
associated with a decreased risk of schizophrenia.'?

For HLA genotype imputation with a specific population (for
example, the Japanese population), it is essential to build custom
population training data sets that include rare HLA genotypes that
are confined to the respective population. Here, we determined
the overall HLA imputation accuracy attained when using each of
two sets of published parameters (HIBAG ASIAN ancestry model or
HIBAG multi-ethnic model), as references and validation data sets
comprising two groups of healthy Japanese individuals. In
addition, functions built into the HIBAG R package were used to
generate two custom Japanese population parameter estimates
with different sample sizes, and a comprehensive comparison was
performed to assess the HLA genotype imputation accuracy across
three different genotyping platforms and with different training
data sets of different sizes. Further assessment of imputation
accuracy was carried out using data from the Japanese narcolepsy
with cataplexy patient group in which almost 100% of the
Japanese patients carried a specific HLA haplotype; this genetic
uniformity makes narcolepsy with cataplexy a good model for HLA
imputation assessment.

MATERIALS AND METHODS

Table 1 list the numbers of individuals with four-digit HLA genotypes and
numbers of unique HLA alleles for samples from the following three
groups: Tokyo Healthy Control (THC), Japan PGx Data Science Consortium
(JPDSC), Japanese narcolepsy with cataplexy and HIBAG published
references. Each data set is described below.

THC

THC samples were taken from healthy Japanese individuals residing in the
Tokyo area. SNP data from the extended MHC region were extracted from
three genotyping platforms: Affymetrix 6.0, Affymetrix Axiom, or lllumina
HumanOmni BeadChip 2.5. SNPs that failed quality control criteria
(minor allele frequency < 0.05, call rate <95%, Hardy-Weinberg equili-
brium < 0.001) were removed; 1905, 5217 and 6245 SNP markers from the
extended MHC region were remained for reference building in the
Affymetrix 6.0, Affymetrix Axiom or lllumina HumanOmni 2.5 platforms,
respectively.

The Luminex Multi-Analyte Profiling System and WAKFlow HLA typing
kits (Wakunaga, Hiroshima, Japan) were used to type five HLA loci (HLA-A,
B, DRB1, DQB1 and DPBI1), at four-digit resolution.

JPDSC

SNPs and four-digit HLA genotypes were obtained for JPDSC samples,
which were collected from healthy Japanese individuals registered with
the JPDSC (http://www jpdsc.org/). Data for SNP markers within the extended
MHC regions were extracted from data generated with the Illumina
HumanOmni 2.5 platform; after quality control (minor allele frequen-
cy < 0.05, call rate < 99%, Hardy-Weinberg equilibrium < 0.0001), 11 145
candidate SNP markers were represented in the final data set.

Luminex Multi-Analyte Profiling System and WAKFlow HLA typing kits
(Wakunaga) were used to type five HLA loci (HLA-A, B, C, DRB1 and DPBT) at
four-digit resolution.
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Table 1. Numbers of individuals and numbers of unique HLA alleles
represented in each data set
HLA
A B C DRB1 DQB1 DPB1
Individuals genotyped
Japanese healthy control
THC Affymetrix 6.0 415 415 NA 415 415 415
THC Affymetrix Axiom 416 416 NA 416 416 416
THC Illlumina 418 418 NA 418 418 418
HumanOmni 2.5
JPDSC lllumina 2994 2994 2994 2994 NA 2994

HumanOmni 2.5

Japanese disease group

Narcolepsy with cataplexy NA 398 NA 86 398 398

HIBAG reference

Asian ancestry 606 713 611 696 612 527
Multi-ethnic 2901 3886 2916 3713 2985 2489
Unique HLA alleles
THC 17 33 NA 27 14 12
JPDSC 23 50 19 34 NA 18
Narcolepsy with cataplexy NA 29 NA 20 13 15
HIBAG Asian 43 72 34 49 19 29
HIBAG Multi-ethnic 83 142 49 79 27 49

Abbreviations: HLA, human leukocyte antigen; JPDSC, Japan PGx Data
Science Consortium; THC, Tokyo Healthy Control.

Japanese narcolepsy with cataplexy

Japanese narcolepsy with cataplexy samples were obtained by the
Neuropsychiatric Research Institute of Japan. As part of the diagnosis
criteria, the HLA-B, HLA-DQB1 and HLA-DPBT loci in each sample were
typed at four-digit resolution; in addition, the HLA-DRB1 locus in a subset of
samples was typed based on complete linkage between HLA-DRB1*15:01
and HLA-DQB1*06:02. Almost all Japanese narcolepsy with cataplexy
patients have been reported to carry this particular risk haplotype.'*'* In
the data set we used, all Japanese narcolepsy with cataplexy samples
carried the HLA-DRB1*15:01 -HLA-DQB1%*06:02 haplotype.

Data for SNP markers within the extended MHC regions were extracted
from data generated with the Affymetrix 6.0 platform; after quality control
(minor allele frequency < 0.05, call rate <99%, Hardy-Weinberg equili-
brium < 0.0001), 1327 candidate marker SNPs could be used for HLA
imputation.

HIBAG references

To assess the reference sets available in HIBAG R for four-digit HLA
imputation accuracy with Japanese samples, the published Asian ancestry
or multi-ethnicity parameters estimates were used as references and THC
or JPDSC data were used for validation. All published parameter estimates
are based on SNP markers with call rates >90%. All HIBAG reference HLA
genotypes were determined by sequence-based typing, sequence-specific
oligonucleotides, sequence-specific primer methods or some combination
thereof.> Genotyping platform-specific parameter estimates were used for
HLA imputation on the respective genotyping platform; additional
information on these platforms and data sets are available at www.
biostat.washington.edu/ ~ bsweir/HIBAG/.

Custom Japanese population-specific parameter estimates

Japanese population-specific parameter estimates were generated based
on THC and JPDSC data sets to assess the effect of sample sizes (Table 1)
on overall HLA imputation accuracy. HLA imputation accuracy assessments
were carried out in following two stages (Figure 1): (1) each data set (THC
or JPDSC) was divided randomly into two equal subsets, a training and a
validation data set; the result from each training data set served as
references for imputation with the respective validation set; and (2) cross-
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Reference = HIBAG ASIAN & HIBAG Multi-ethnic

Platform = lllumina HumanOmni 2.5, Affymetrix 6.0, Affymetrix Axiom

Internal validation

Reference = % JPDSC

Validation = 2 JPDSC

Platform = lllumina HumanOmni 2.5
HLA type = HLA-A, B, C, DRB1, DPB1

Cross-validation
Reference = THC/ JPDSC

HIBAG Validation = THC & JPDSC
references
validation
HLA type = HLA-A, B, DRB1, DQB1, DPB1
Internal validation
Japanese Reference = % THC
reference building Validation = % THC
+sample size
validation Platform = lllumina HumanOmni 2.5,
Affymetrix 6.0, Affymetrix Axiom
HLA type = HLA-A, B, DRB1, DQB1, DPB1
: Reference =THC
Imputation
accuracy Validation =narcolepsy with cataplexy

assessment in

Platform = Affymetrix 6.0
disease group

HLA type = HLA-A, B, DRB1, DQB1, DPB1

Validation = JPDSC / THC
Platform = lllumina HumanOmni 2.5
HLA type = HLA-A, B, DRB1, DPB1

Figure 1.

validation using THC/JPDSC data sets in which each data set (THC or
JPDSC) as a whole will be used as a training data sets served as reference
for imputation with the other validation data set (THC or JPDSC), and the
analysis is repeat in a vice versa manner.

Imputation parameters
SNPs within the 500kb flanking regions were used during the SNPs
selection process.

HIBAG uses the attribute bagging method for building ensemble
classifier. The ensemble classifier parameter was set as 100 bootstrap
samples as recommended by the HIBAG author.’

Imputation accuracy assessment in a disease group

SNP variants in disease groups deviate from Hardy-Weinberg equilibrium
owing to inflation of risk alleles. Parameter estimates based on THC or
JPDSC data were used to assess four-digit HLA imputation accuracy for the
Japanese narcolepsy with cataplexy data set in which a specific risk
haplotype (HLA-DRB1*15:01 -HLA-DQB1*06:02) is carried by almost every
patient represented in the data set.”

RESULTS

The performance of published HIBAG parameters (Asian or multi-
ethnic) was evaluated by imputing HLA alleles with two data sets
(THC or JPDSCQ), each comprising healthy Japanese individuals.
These same data sets, THC and JPDSC, which differed in sample
size, were used to generate custom Japanese-specific parameter
estimates. Performances of individual custom Japanese classifiers
were evaluated (1) via internal validation in which each data set
was divided randomly into training and validation subsets. To
assess imputation accuracy, each training data set was used as
reference to impute HLA alleles within the respective validation
data set and (2) via cross-validation in which each independent
data set (THC or JPDSC) was used as the training data set and the
other data set was used, in turn, as the validation data set;
imputed HLA genotypes were then compared with experi-
mentally determined HLA genotypes. Four-digit HLA imputation
performance was mainly represented as prediction accuracy,
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Schematic workflow for evaluation of the HIBAG R package.

which was defined as the number of correctly imputed HLA alleles
over the total number of imputed HLA alleles. Quality control (call
threshold; CT) was applied at CT=0 or CT=0.5 as recommended
by HIBAG® to remove poorly imputed HLA alleles. In addition, a
series of CTs was applied to determine the optimum CT for the
individual Japanese classifiers while taking accuracy and call rates
into consideration. HLA imputation performance for each HLA
allele was evaluated based on sensitivity, specificity, positive
prediction value and negative prediction value (Supplementary
Tables 1-8).

Evaluation of published parameters using THC and JPDSC data
sets

Published, genotyping platform-specific parameter estimates,
HIBAG Asian ancestry or HIBAG multi-ethnicity, were used as refer-
ences to impute four-digit HLA genotypes from THC and JPDSC
data sets; the imputed genotypes were then compared with
experimentally determined HLA genotypes.

THC data generated with three SNP genotyping platforms were
used for HLA imputation; the number of markers useful for
imputation ranged from 219 to 321 with Affymetrix 6.0, 435 to 805
with Affymetrix Axiom and 573 to 986 with Illumina HumanOmni
2.5 (Table 2). The number of SNP markers used for each classifier
depended on the density of SNP markers in the respective
genotyping platform; notably, lllumina HumanOmni 2.5 had the
highest density of SNP markers in the MHC region among the
three platforms. When HIBAG Asian parameters were used as
references, four-digit HLA imputation accuracies ranged from 90-
96.9% with Affymetrix 6.0, 91.1-98.6% with Affymetrix Axiom and
91.4-98.7% with lllumina HumanOmni 2.5. Among the five HLA
loci imputed, HLA-B alleles were consistently imputed with lowest
accuracy with data from each genotyping platform; accuracies
were 90.5,91.1 and 91.4% with Affymetrix 6.0, Affymetrix Axiom or
lllumina HumanOmni 2.5, respectively (Table 2). When HIBAG
multi-ethnic parameters were used, four-digit HLA imputation
accuracies decreased slightly to 82.5-96.7% with Affymetrix 6.0,
88.6-98.4% with Affymetrix Axiom and 88.9-98.8% with lllumina
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Table 2. Summary of two-field prediction accuracies (call rates) based on published HIBAG Asian or HIBAG multi-ethnic parameters as references
when THC data were used as the independent Japanese validation set
HLA type
A B DRB1 DQB1 DPB1
HIBAG Asian
Affymetrix 6.0
No. of SNPs 319 321 256 276 226
No. of training samples 606 713 696 612 527
No. of missing SNPs (%) 80 (25.1) 74 (23.1) 61 (23.8) 66 (23.9) 56 (24.8)
Accuracy (call rate) 91.3 (100) 90.5 (100) 91.7 (100) 96.7 (100) 96.9 (100)
Affymetrix Axiom
No. of SNPs 710 531 714 805 526
No. of training samples 606 713 696 612 527
No. of missing SNPs (%) 162 (22.8) 105 (19.8) 144 (20.2) 152 (18.9) 109 (20.7)
Accuracy (call rate) 93.4 (100) 91.1 (100) 92.2 (100) 98.6 (100) 96.8 (100)
Illumina HumanOmni 2.5
No. of SNPs 983 986 922 1041 707
No. of training samples 606 713 696 612 527
No. of missing SNPs (%) 176 (17.9) 200 (20.3) 176 (19.1) 178 (17.1) 169 (23.9)
Accuracy (call rate) 93.3 (100) 91.4 (100) 96.2 (100) 98.7 (100) 92.3 (100)
HIBAG multi-ethnic
Affymetrix 6.0
No. of SNPs 297 293 219 249 207
No. of training samples 2901 3886 3713 2985 2489
No. of missing SNPs (%) 84 (28.3) 69 (23.5) 60 (27.4) 67 (26.9) 56 (27.1)
Accuracy (call rate) 89.8 (100) 88.9 (100) 82.5 (100) 92.5 (100) 96.7 (100)
Affymetrix Axiom
No. of SNPs 649 489 631 692 435
No. of training samples 2901 3886 3713 2985 2489
No. of missing SNPs (%) 154 (23.7) 100 (20.4) 136 (21.6) 138 (19.9) 99 (22.8)
Accuracy (call rate) 93.3 (100) 90.0 (100) 88.6 (100) 98.4 (100) 96.4 (100)
Illumina HumanOmni 2.5
No. of SNPs 910 915 861 906 573
No. of training samples 2901 3886 3713 2985 2489
No. of missing SNPs (%) 178 (19.6) 179 (19.6) 186 (21.6) 178 (19.6) 166 (29.0)
Accuracy (call rate) 93.2 (100) 90.1 (100) 88.9 (100) 98.8 (100) 97.3 (100)
Abbreviation: SNP, single nucleotide polymorphism.

HumanOmni 2.5, and imputation accuracies were highest for HLA-
DPB1 and HLA-DQBIT. In general, HLA imputation with HIBAG
references yielded imputation accuracies >90%, and imputation
accuracy was generally higher with HIBAG Asian references than
with HIBAG multi-ethnicity references.

Using a bigger Japanese control data set (JPDSC) genotyped by
lllumina HumanOmni 2.5, the number of SNPs used for imputation
at five HLA genes ranged from 260 to 347 for published HIBAG
Asian ancestry parameters and 573 to 945 for HIBAG multi-
ethnicity published parameters (Table 3). Imputation accuracies
ranged from 91.9 to 96.6% using published HIBAG Asian ancestry
parameters and from 88.5 to 97.0% using published HIBAG multi-
ethnicity parameters. Imputation accuracies were highest for HLA-
C and HLA-DPB1 with the HIBAG Asian or HIBAG multi-ethnicity
parameters, respectively. With both HIBAG reference sets,
imputation accuracy was lowest for HLA-DRB1. The findings were
similar to those for the THC validation data set (Table 2); HLA
imputation with the JPDSC data set indicated that the HIBAG
Asian references outperformed HIBAG multi-ethnicity references
for Japanese populations.

Internal validation of imputation accuracy with the THC and JPDSC

data sets. Internal validation tests were performed to evaluate
the performance of our custom Japanese-based individual

© 2015 Macmillan Publishers Limited

classifiers. For each data set, all samples were divided into
equal-sized subsets, a training and a validation data set. This
random partitioning strategy is one of the functions of HIBAG
software in which approximately equal numbers of individuals
who carried specific HLA alleles are divided into training and
validation data sets.

For THC data without any CT, imputation accuracies observed in
the internal validation ranged from 93.0 to 98.3%, 91.7 to 98.3%
and 92.2 to 98.3% with Affymetrix 6.0, Affymetrix Axiom or
lllumina HumanOmni 2.5 data, respectively. Imputation accuracies
increased to 95.3-99.0% (Affymetrix 6.0), 95.1-98.3% (Affymetrix
Axiom) and 95.2-99.5% (lllumina HumanOmni 2.5) after applying a
CT of 0.5, but call rates were reduced to 84.9-96.6% (Affymetrix
6.0), 88.4-100% (Affymetrix Axiom) or 85.4-97.1% (lllumina
HumanOmni 2.5) (Table 4). HLA-B was consistently imputed with
the lowest accuracy across the three genotyping platforms,
probably because rare HLA-B alleles were underrepresented in
the relatively low number of samples in the THC group. Results for
HLA imputation accuracy for each specific HLA allele before
application of CT are available in Supplementary Tables 1 and after
CT application in Supplementary Tables 6-8.

With the JPDSC data set, the internal validation test yielded
high imputation accuracy ranges: 95.7-98.9% (CT=0) or 96.7-
99.0% (CT=0.5). The call rates fell within the acceptable range of
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Table 3. Summary of two-field prediction accuracies (call rate) based on published HIBAG Asian or HIBAG multi-ethnic parameters as references
when JPDSC data were used as the independent Japanese validation set
HLA type
A B C DRB1 DPB1
HIBAG Asian
lllumina HumanOmni 2.5
No. of SNPs 260 336 347 319 273
No. of training samples 606 713 611 696 527
No. of missing SNPs (%) 40 (15.4) 55 (16.4) 55 (15.9) 51 (16.0) 46 (16.8)
Accuracy (call rate) 92.8 (100) 92.2 (100) 96.6 (100) 91.9 (100) 96.1 (100)
HIBAG multi-ethnic
lllumina HumanOmni 2.5
No. of SNPs 910 915 945 861 573
No. of training samples 2901 3886 2916 3713 2489
No. of missing SNPs (%) 186 (20.4) 198 (21.6) 208 (22.0) 188 (21.8) 158 (27.6)
Accuracy (call rate) 92.0 (100) 92.0 (100) 96.5 (100) 88.5 (100) 97.0 (100)
Abbreviation: SNP, single nucleotide polymorphism.

Table 4. Accuracies of two-field HLA predictions in internal validation test with THC or JPDSC data and different genotyping platforms
HLA type
A B DRB1 DQB1 DPB1
THC
Affymetrix 6.0
No. of SNPs 371 381 379 410 305
No. of training samples 212 216 213 210 210
No. of validation samples 203 199 202 205 205
Call threshold =0 94.6 (100) 93.0 (100) 95.5 (100) 98.3 (100) 97.8 (100)
Call threshold =0.5 95.3 (94.6) 95.9 (84.9) 97.3 (91.6) 99.0 (96.6) 98.2 (94.1)
Affymetrix Axiom
No. of SNPs 1175 1044 1806 1962 1372
No. of training samples 212 218 215 212 211
No. of validation samples 204 198 201 204 205
Call threshold =0 95.1 (100) 91.7 (100) 95.8 (100) 98.3 (100) 96.6 (100)
Call threshold =0.5 95.5 (98.0) 95.1 (88.4) 97.9 (94.0) 98.3 (100) 97.4 (95.1)
llumina HumanOmni 2.5
No. of SNPs 1133 1437 1350 1436 1051
No. of training samples 213 219 215 213 212
No. of validation samples 205 199 203 205 206
Call threshold =0 93.9 (100) 92.2 (100) 95.8 (100) 98.3 (100) 97.8 (100)
Call threshold =0.5 95.2 (95.6) 95.6 (85.4) 97.6 (91.6) 99.5 (96.6) 98.2 (97.1)
JPDSC
llumina HumanOmni 2.5
No. of SNPs 1555 1668 1772 1778 1381
No. of training samples 1502 1513 1502 1508 1501
No. of validation samples 1492 1481 1492 1486 1493
Call threshold =0 95.7 (100) 97.1 (100) 98.9 (100) 98.4 (100) 98.8 (100)
Call threshold =0.5 96.7 (96.7) 97.6 (96.4) 99.0 (99.7) 98.7 (98.7) 99.0 (99.3)
Abbreviations: HLA, human leukocyte antigen; JPDSC, Japan PGx Data Science Consortium; SNP, single nucleotide polymorphism; THC, Tokyo Healthy Control.

96.4-99.0% with a CT of 0.5 (Table 4). Results for HLA imputation
accuracy at each specific HLA allele before CT application are
available in Supplementary Tables 1 and 5, and after CT
application in Supplementary Table 9.

Cross-validation test with THC and JPDSC data sets
To evaluate the imputation efficiency of individual classifiers
derived from THC or JPDSC data, cross-validation tests were
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performed in which THC individual classifiers were used as
references for HLA imputation with JPDSC data and vice versa
(Figure 1). Only overlapping genotyping platform data (lllumina
HumanOmni 2.5) and overlapping HLA loci (HLA-A, HLA-B, HLA-
DRB1, HLA-DPBT) were used for the cross-validation test. Using
THC individual classifiers as reference to impute HLA genotypes
from the JPDSC validation data set, we achieved imputation
accuracies of 93.5-97.8% across four HLA loci. After applying
CT=0.5, accuracies increased to 94.7-98.2% with call rates of
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Table 5. Summary of accuracies for two-field HLA predictions from cross-validation tests with the THC and JPDSC data sets
HLA type
A B DRB1 DPB1
llumina HumanOmni 2.5
Training = THC, validation = JPDSC
No. of SNPs 1133 1437 1350 1051
No. of training samples 418 418 418 418
No. of missing SNPs (%) 35 (3.1) 58 (4.0) 19 (1.4) 28 (2.7)
Call threshold=0 93.5 (100) 95.5 (100) 96.8 (100) 97.8 (100)
Call threshold =0.5 94.7 (94.8) 97.4 (92.6) 98.0 (95.0) 98.2 (98.2)
Training = JPDSC, validation = THC
No. of SNPs 1623 1750 1807 1301
No. of training samples 2994 2994 2994 2994
No. of missing SNPs (%) 733 (45.2) 639 (36.5) 868 (48.0) 590 (45.3)
Call threshold =0 95.3 (100) 96.9 (100) 98.1 (100) 98.7 (100)
Call threshold =0.5 96.2 (96.7) 97.5 (95.7) 99.1 (96.7) 98.8 (99.5)
Abbreviations: HLA, human leukocyte antigen; JPDSC, Japan PGx Data Science Consortium; SNP, single nucleotide polymorphism; THC, Tokyo Healthy Control.

Table 6. Summary of accuracies for two-field HLA predictions for the Japanese narcolepsy with cataplexy data set based on THC references
HLA type
B DRB1 DQB1 DPB1
Affymetrix 6.0
No. of SNPs 381 379 410 305
No. of training samples 418 418 418 418
No. of validation samples 398 86° 398 398
Call threshold =0 94.5 (100) 92.4 (100) 98.6 (100) 97.2 (100)
Call threshold =0.5 97.0 (79.1) 95.1 (83.7) 99.6 (69.6) 97.7 (97.7)

“Only 86 individuals are typed at HLA-DRBI.

92.6-98.2% (Table 5). Prediction accuracies for HLA-DPB1 were the
highest and were closely followed by those for HLA-DRB1, HLA-B
and HLA-A. When JPDSC individual classifiers were used as
references for imputation with THC data, accuracies were from
953 to 98.7%, and accuracies were higher, 96.2-99.1%, after
quality control (CT=0.5) with call rates of 95.7-99.5%. Prediction
accuracies for HLA-DPB1 and HLA-DRB1 were highest and closely
followed by those for HLA-B and HLA-A.

Evaluation of mis-imputed HLA alleles

Four-digit HLA allele imputation accuracies and most likely mis-
imputed alleles are shown in Supplementary Table 1. For example,
among the HLA-A alleles, HLA-A*01:01, 03:01, 03:02, 31:07 and 33:03
were consistently imputed correctly with all five reference sets.
When any one of these alleles was mis-imputed, in most cases, it
was imputed correctly to the one-field resolution, for example,
when HLA-A*02:01 was mis-imputed, it was always mis-imputed as
HLA-A*02:07. This mis-imputed trend was observed in all the six
HLA genes we tested (Supplementary Table 1). The consistent
pattern of mis-imputation showed the limitation of HLA imputa-
tion most likely owing to insufficient samples size at those
particular HLA alleles; however, users can refer to Supplementary
Table 1 to ascertain the reliability of the imputation accuracy for a
particular HLA allele.

CT evaluation

Imputed HLA alleles were filtered by posterior probability (CT)
to eliminate poorly imputed HLA alleles. HIBAG instructional

© 2015 Macmillan Publishers Limited

materials recommend a CT of 0.5 to remove poorly imputed HLA
alleles.’ In using THC data that were genotyped with three
different genotyping platforms, we sought to determine the
optimal CT for individual Japanese classifiers. Our results (Supple-
mentary Figure 1) showed that a CT of 0.5 was too stringent when
compared with a CT of 0.4; accuracy increased only marginally,
~ 1%, and call rates were reduced by up to ~ 8%; increasing the CT
from 0.4 to 0.5 resulted in a loss of statistical power for identifying
associated HLA alleles. We suggested applying a CT of 0.4 when
reference data were generated from a relatively homogeneous
population, such as a Japanese population.’

HLA imputation test with an independent disease group: Japanese
patients presenting narcolepsy with cataplexy

Disease groups are known to have distorted linkage disequili-
brium structures relative to normal populations; therefore, we
tested the robustness of our custom THC Affymetrix 6.0 individual
classifiers, with the Japanese patients presenting narcolepsy with
cataplexy disease group. A specific HLA haplotype, HLA-
DRB1*15:01 -HLA-DQB1*06:02, is carried by all Japanese patients
who present narcolepsy with cataplexy in our data set; therefore,
this haplotype is an important supplementary diagnostic indicator
for diagnosis of these patients.'>'* We evaluated the four-digit
HLA imputation accuracy with THC references for the available
narcolepsy with cataplexy HLA data (HLA-B, HLA-DRB1, HLA-DQB1
and HLA-DPBT). Without any quality control (CT=0), the most
accurately imputed HLA locus was HLA-DQB1 (98.6%), followed by
HLA-DPBT (97.2%), HLA-B (94.5%) and HLA-DRB1 (92.4%) (Table 6).
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With quality control (CT =0.5), imputation accuracies increased for
HLA-DQBT (99.6%), HLA-DPB1 (97.7%), HLA-B (97.0%) and HLA-
DRB1 (95.1%); with quality control, call rates decreased and ranged
from 69.6 to 97.7% (Table 6). Notably, with our THC references, the
HLA-DQB1%06:02 allele was detected with 99.7% accuracy (1 error
in 398 samples tested); moreover, HLA-DRB1*15:01 was imputed
with 100% accuracy in 86 samples tested, and the remaining 312
samples were imputed as HLA-DRB1*15:01 positive consistent with
the HLA profiles of Japanese narcolepsy with cataplexy.'*'

DISCUSSION

The HIBAG R package,’ together with the published parameter
estimates, is freely available to the public. The parameter esti-
mates file only contains information regarding haplotype fre-
quencies with different SNP subsets for imputation. The absence
of individual SNP/HLA information in the parameter estimates file
encourages the sharing of parameter estimates between research-
ers without worry of leakage of personally identifiable information.
The HIBAG website (www.biostat.washington.edu/~ bsweir/
HIBAG/) is equipped with an array of parameter estimates,
representing the major commercial genotyping platforms strati-
fied by population.

Here, we examine the practicality of using the published
parameter estimates with data from a homogeneous population,
specifically Japanese populations. We utilized two Japanese
healthy control samples sets with different sample sizes to access
the imputation accuracy using genotype platform-specific refer-
ence in both HIBAG Asian reference and HIBAG multi-ethnic
reference. For THC data sets, imputation accuracies ranged from
90.5 to 98.7% with HIBAG Asian references and 82.5 to 98.8% with
HIBAG multi-ethnicity references. For the JPDSC data set,
imputation accuracies ranged from 91.9 to 96.6% with HIBAG
Asian references and 88.5 to 97.0% with HIBAG multi-ethnicity
references. In general, HIBAG Asian references outperformed
HIBAG multi-ethnicity references with the THC and JPDSC data
because of the high representation of rare Asian-specific HLA
alleles within the HIBAG Asian reference set in contrast to those of
multi population reference set. HLA-DPB1 was a notable exception
because the HIBAG multi-ethnic references outperformed the
HIBAG Asian references with both the THC and JPDSC data sets at
this locus; HLA-DPB1 is relatively less polymorphic than other HLA
loci; therefore, the larger number of individuals represented in the
multi-ethnicity reference set could increase detection sensitivity
for many HLA-DPB1 alleles without sacrificing detection accuracy.

With the built-in function of the HIBAG R package, we used THC
and JPDSC data sets to build custom Japanese-based individual
classifiers. Using an internal validation method, HLA imputation
accuracies of 95.2-99.5% resulted from the THC individual
classifiers, and accuracies of 96.7-99.0% resulted from the JPDSC
individual classifiers; each accuracy range represented a marked
increase from those of the HIBAG Asian or HIBAG multi-ethnicity
references. Notably, the JPDSC individual classifiers outperformed
the THC individual classifiers mainly because the larger sample
size of JPDSC improved the representation of rare HLA alleles.
HIBAG® reported that 10 copies of an allele in the training data set
is essential for high imputation sensitivity;® this requirement may
explain the higher accuracy and call rate for the JPDSC data sets.
Cross-validation tests showed that near perfect accuracy (99.1%)
could be reached for HLA-DRB1 with JPDSC references, imputation
accuracies were >96% each for HLA-A, HLA-B and HLA-DPB1
alleles.

Unlike other HLA imputation software, HIBAG uses a variable
selection method in which more important/representative SNP
markers tend to be used more frequently. And conversely,
HIBAG uses SNP markers with lower importance values less
frequently, and these markers do not tend to contribute to the
accuracy.” Owing to different quality controls applied by users to
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genome-wide association study data before HLA imputation, it
may be impossible to match a portion of the reliable SNP markers
to reference SNPs. Our results showed that, even with a missing-
SNP rate as high as 48%, HIBAG predictions were still robust
enough to provide imputation accuracies up to 98.1% before CT
application and up to 99.1% after applying a CT of 0.5 with only a
minor decrease in call rate to 96.7% (Table 5). This result was con-
sistent with previous findings with HIBAG, specifically that
missing-SNP rates up to 50% are tolerable.” In general, a higher
density of SNP markers in a MHC region resulted in a higher
number of SNP markers being incorporated into an individual
classifier, which, in turn, led to more robust predictions in cases of
missing SNPs.

Using THC individual classifiers, we successfully imputed risk
HLA alleles for narcolepsy with cataplexy with a near perfect
accuracy of 99.7% for HLA-DQB1*06:02 and 100% accuracy for
HLA-DRB1*15:02. This result indicated that our individual classifiers
were robust for detecting risk/protective HLA alleles within a
disease group.

However, as with every computational prediction system,
accuracy depended on several factors, including (1) the quality
of genotype data, (2) the ambiguity of HLA alleles in the reference
data set owing to low-resolution HLA typing and (3) missing SNPs
resulting from quality control. Most of the HLA prediction system
available does not work well to predict rare HLA alleles but mainly
these HLA alleles will be imputed with low posterior probability
and would only decrease the call rate of the imputed data and do
not increase in false positive of the result.

In summary, although HIBAG is a robust HLA allele prediction
system with published parameter estimates that can be used
freely by the public, we suggest that custom ensemble classifiers
can be built for homogeneous populations, and that sufficient
sample sizes are used to build these custom classifiers to achieve
higher accuracies of HLA allele imputation. Our individual classi-
fiers built with THC or JPDSC data covered >99% (HLA-A: 99.78%,
HLA-C: 99.90%, HLA-B: 99.80%, HLA-DRBT: 99.91% and HLA-DPBT:
99.93%) of the HLA distribution in the Japanese database (www.
hla.or.jp), which represents >20000 Japanese individuals. Our
results showed that a CT of 0.4 was sufficient to eliminate poorly
imputed HLA alleles. The imputed results should be used as a
preliminary screening for existing genome-wide association study
data sets, and putative associations should be confirmed via
subsequent experiments.

Resources
Japanese individual classifiers would be available on request.
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