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As we enter the age of personalizedmedicine, healthcare is increasingly focused on tailoring diagnoses and treatments based

on patients’ genetic and environmental circumstances. A critical component of a person’s physiological makeup is their im-

mune system, but individual genetic variation in many immune system genes has remained resistant to analysis using clas-

sical whole-genome or targeted sequencing approaches. In particular, germline adaptive immune system genes, like

immunoglobulin (IG) and T cell receptor (TR) genes, are particularly hard to genotype using classic reference-basedmethods

owing to their highly repetitive and homologous nature. In this paper, we present ImmunoTyper2, a new computational

toolkit for genotyping the variable genes of the IG lambda and kappa, and the TR loci with short-read whole genome se-

quence data, using an integer linear programming formulation, as an update to the ImmunoTyper-SR suite, which focused

on IGHV region only. We evaluate its genotyping performance using Mendelian concordance analysis in 590 trios from the

1000 Genomes Project, benchmarking 40 samples against HPRC assembly-derived genotypes, and assessing robustness

through sequencing depth analysis and parameter sensitivity tests. We introduce allele call confidence metrics to help quan-

tify reliability. We also perform a prospective disease association study, applying ImmunoTyper2 to a WGS data set from a

cohort of 461 COVID-19 patients from the COVNETConsortium to demonstrate how it can be applied to investigate genetic

associations with disease.

[Supplemental material is available for this article.]

Identifying the genetic determinants of diseasehas beenone of the
foremost endeavors of the genomic era. Led by genome-wide asso-
ciation studies (GWAS), there have been numerous discoveries of
phenotype-associated genetic traits, in areas ranging from cancer
(Liang et al. 2020) to drug metabolism (Motsinger-Reif et al.
2013). GWAS typically use single-nucleotide polymorphisms
(SNPs) in genomes to relate to various phenotypes, including dis-
ease associations, using statistical methods. However, there are
challenges with this approach; impactful rare variants might not
be included in the analysis, whereas the common variants that
are the main focus may not have any true functional relevance
(Koboldt et al. 2013). This has led to a shift in the focus of disease
association studies toward intentionally targeting functionally
relevant loci. GWAS can also be challenged by loci that are
missing entirely, as some areas of the genome are too poorly char-
acterized for inclusion in SNP arrays, the primary data-generation
method for GWAS. Even using whole-genome sequence (WGS) to
call variants can fail in complex, repetitive, or poorly characterized
loci.

The human immune system contains many loci that are
both functionally relevant and difficult to characterize.
Immunoglobulin (IG)-like loci—such as the IG heavy chain, light
chains, and T cell receptor (TR) loci—encode the genes responsible
for antibodies/B cell receptors as well as TRs. However, these con-

tain many gene copies, are highly repetitive, and are host to a va-
riety of structural variants (Watson and Breden 2012;Watson et al.
2013, 2017; Gadala-Maria et al. 2019; Rodriguez et al. 2020; for
graphical depictions of the locus organization, see Lefranc and
Lefranc 2001a,b). These features make germline genotyping with
classic array or short-read-based approaches very challenging.

Although short-read WGS approaches for IG-like genotyping
are problematic, there are alternative methods available. Germline
genotype inference using adaptive immune receptor repertoire se-
quencing (AIRR-Seq) is an established approach, with many pub-
lished bespoke tools (Corcoran et al. 2016; Gadala-Maria et al.
2019; Peres et al. 2019; Ralph and Matsen IV 2019). Another op-
tion is probe-based target sequencing, with either long reads and
de novo assembly, as utilized in the IGenotyper approach
(Rodriguez et al. 2020, 2022; Gibson et al. 2023; Engelbrecht
et al. 2024), or short reads (Lin et al. 2022). Studies using these ap-
proaches have successfully found that germline IG variants affect
immune receptor repertoire dynamics (Rodriguez et al. 2023)
and have association to a wide variety of disease such as cancer
(Cui et al. 2021), autoimmune disorders (Cho et al. 2003; Parks
et al. 2017; Johnson et al. 2021), and infectious diseases/vaccine re-
sponses (Avnir et al. 2016; Yacoob et al. 2016; Yeung et al. 2016;
Lee et al. 2021). However, these tools require specialized, and
therefore resource-intensive, sequencing and analysis protocols
and cannot be applied to the extensive available databases of
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short-readWGS data. As a result, the human immune receptor loci
have largely been ignored by disease association studies (Collins
et al. 2020).

Germline genotyping of the human immune system’s recep-
tor genes is challenged by the complexity and homology of these
loci. The IG loci include the kappa (IGK) and lambda (IGL) light-
chain variable genes, whereas the TR loci comprise the alpha
(TRA), beta (TRB), delta (TRD), and gamma (TRG) variable genes.
All these loci share the same fundamental structure, containing
multiple copies of different classes of short genes, which are ulti-
mately recombined through V(D)J recombination to encode the
receptor protein. Of these genes, the variable class is a primary
determinant of receptor binding structural diversity. These genes
arehighly duplicated and containmanypseudogenes, in some cas-
es located on other chromosomes, as summarized in Table 1. These
duplications, in conjunction with high sequence similarity and
short length (on average, 280–300 bp), make these important
genes challenging to genotype with short-read WGS data.

One approach employed to genotype complex and repeti-
tive loci is to use combinatorial optimization to assign reads and
determine genotypes. This has been used in pharmacogenetics
with tools like Cypiripi (Numanagic ́ et al. 2015) and ALDY
(Numanagic ́ et al. 2018; Hari et al. 2023), HLA typing using
OptiType (Szolek et al. 2014), killer cell IG-like receptor (KIR) gen-
otyping with Geny (Zhou et al. 2024), and a variety of polymor-
phic loci with Locityper (these loci include the TRBV9 gene;
however, the remaining 47 functional TRBV genes and 29 pseudo-
genes have not been investigated by Locityper) (Prodanov et al.
2024). These methods leverage techniques like integer linear pro-
gramming (ILP) and clique enumeration to resolve ambiguous
read assignments across highly similar gene sequences. Our previ-
ous work employed a similar framework to genotype germline IG
heavy-chain variable (IGHV) genes using long-read WGS (Ford
et al. 2020) and short-read WGS (Ford et al. 2022), implemented
in the ImmunoTyper-SR tool. However, to date there are no equiv-
alent tools for the IG light-chain (IGLV, IGKV) or TR (TRAV, TRBV,
TRGV, TRDV) variable gene loci.

In this paper, we present ImmunoTyper2, expanding upon
our previous work to enable genotyping of the variable genes
across all IG light-chain (IGK, IGL) and TR (TRA, TRB, TRD, TRG)
loci using short-read WGS. This comprehensive suite facilitates
the use of widely available WGS data for immunogenomic associ-
ation studies. We performed extensive validation, including (1)
analyzing Mendelian concordance in 590 1000 Genomes Project
(1kGP) trios (Byrska-Bishop et al. 2022), (2) comparing against or-
thogonal long-read assembly data for IGLV and TRAV alleles in 1

kGP samples, (3) benchmarking 40 1kGP samples using Human
Pangenome Reference Consortium (HPRC) assemblies as the
ground truth, (4) assessing the impact of sequencing depth (10×,
20×, 30×) on accuracy using downsampled HPRC data, (5) evaluat-
ing parameter sensitivity to confirm robustness, (6) developing a
novel allele call confidence metric based on ILP solution stability,
and (7) providing detailed case studies of read assignments.
Finally, we demonstrate its application in a disease association
context using a cohort of 461 COVID-19 patients from the
COVNET Consortium.

Results

Mendelian concordance analysis reveals strong concordance

across immune loci

We applied ImmunoTyper2 to genotype 590 parent–child trios
from the 1kGP. Processing times varied by locus, ranging from
12 min for TRAV and TRBV to 63 min for IGHV, with read extrac-
tion and mapping steps accounting for the majority of computa-
tional time. To evaluate genotyping accuracy, we analyzed
Mendelian inheritance patterns across all trios (Fig. 1). TR loci
demonstrated exceptionally high mean concordance rates:
TRAV, 0.99; TRBV, 0.98; TRGV, 0.98; and TRDV, 1.0. IG loci
showed more variation in concordance rates: IGLV, 0.94; IGKV,
0.88; and IGHV, 0.74. The lower concordance rate observed for
IGHV is consistent with the known complexity and prevalence
of duplications in this region, which makes the problem of resolv-
ing ambiguous read mappings more challenging.

Analysis at the individual gene level revealed substantial var-
iation in concordance rates (Fig. 2), withmost genes showing high
concordance but with notable outliers occurring primarily in IG
loci. These outlier genes typically exhibited low prevalence across
the trio samples (Fig. 3). Indeed, we observed a strong correlation (r
=0.948, P= 1.065×10−112) between a gene’s prevalence across tri-
os and its concordance within individual trios, suggesting that
genotyping rarer alleles presents additional challenges in these
complex genomic regions, potentially impacting concordance.

Impact of potential IG rearrangements in lymphoblastoid

cell lines on genotyping concordance

An important consideration in interpreting the concordance rates
is the nature of the samples analyzed. The 1kGP samples are lym-
phoblastoid cell lines (LCLs) derived from B cells, which undergo
V(D)J rearrangement, leading to read dropout in IG regions
(Rodriguez et al. 2021; Lin et al. 2025). To investigate this effect,
we examined the relationship between trio concordance and the
maximumdifference in recruited reads (normalized by sequencing
depth) between the child and the two parents within each trio for
IGHV (Fig. 5, below), IGLV, and IGKV (Supplemental Fig. 1). We
found a statistically significant correlation in all three IG variable
gene types, which suggests the presence of read dropout owing
to V(D)J rearrangement. This read dropout is likely to reduce the
accuracy of ImmunoTyper2, which enforces a read-depth-consis-
tency constraint in its read-assignment-optimization model.

Genotyping concordance varies according to population

We observed significant variation in concordance rates across
different ethnic populations (Fig. 4; for population codes,
see Supplemental Table 1). A Kruskal–Wallis test confirmed a
statistically significant association (P=1.97×10−2) between

Table 1. Summary of immunoglobulin and T cell receptor variable
gene loci

Genes Alleles

Locus Total Functional Total Functional

IGH 203 56 677 327

IGK 109 41 170 79

IGL 80 33 175 91

TRA 61 45 135 98

TRB 77 48 168 112

TRD 3 3 6 6

TRG 14 6 24 11
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concordance rates and population groups, although the biological
mechanisms driving this variation remain to be determined. This
observation suggests potential population-specific differences in
immune locus architecture or complexity that warrant further
investigation.

Comparison with long-read assembly data supports

performance in TRA and IGL loci

To further validate these concordance rates, we compared our gen-
otyping results against high-quality assembly contigs generated
from Pacific Biosciences (PacBio) sequencing (Rodriguez et al.
2020). Following our previous evaluation approach for IGHV
(Ford et al. 2022), we assessed allele presence calls in 15 samples
for IGLV and 12 samples forTRAV, respectively. Because the assem-
bly contigs contain overlapping sequence, their CNV calls for giv-
en gene copiesmaynot be accurate. As a result, we evaluated allele-
presence accuracy, which does not take into account copy-number
variation (CNV) of any given gene. The precision and recall values
obtained from this comparison (Table 2) closelymirror the concor-
dance rates observed in our 1kGP trio analysis, providing indepen-
dent support for ourmethod’s performance using orthogonal data.

Genotyping accuracy on HPRC samples

To further evaluate ImmunoTyper2 performance, we computed al-
lele-level precision and recall against Digger-derived genotypes for

40 HPRC samples (Table 3). ImmunoTyper2 demonstrated strong
performance across most loci when benchmarked against Digger-
derived genotypes, with median precision exceeding 0.79 for all
gene types except TRDV (Table 3). The notably low precision ob-
served in TRDV resulted from the Digger annotation tool provid-
ing only TRDV2 allele annotations, whereas ImmunoTyper2
identified alleles across TRDV1, TRDV2, and TRDV3 regions.

Detailed analysis of challenging cases highlighted instances
in which alignment (and/or assembly) complexities, for example,
involving pseudogenes, significantly impacted genotyping accura-
cy. For example, as demonstrated in Supplemental Figure 2, the
IGLV2-14 gene from sample HG00438 exhibited substantial diver-
gence between the five reported assembly sequences and their cor-
responding IMGTallele database references, complicating accurate
genotype calling and benchmarking. This divergence may be a re-
sult of the noise created byV(D)J rearrangement as discussed in the
section “Impact of potential IG rearrangement in lymphoblastoid
cell lines on genotyping concordance.” ImmunoTyper2 called two
alleles for this gene: ∗01, declared a true positive by Digger, and
∗04, declared a false positive. As demonstrated in Supplemental
Figures 3 and 4, a read alignment pileup of reads assigned to allele
∗04 showed stronger apparent alignment than the allele ∗01; align-
ment to the true allele showed distinct prefix and suffix noise.
There a several potential sources of the discordance between the
ImmunoTyper2 calls and theDigger annotation of theHPRC refer-
ence; the significant sequence divergence between the assembly

Figure 1. Distribution of Mendelian concordance rates for functional variable gene rates across immune loci. Box plots show the median, quartiles, and
outliers for each locus type. Note the distinct clustering of trio concordance in TRGV is because that locus has only six genes; for example, a single two-copy
gene discordance causes a concordance value of 5/6.

Figure 2. Mean gene-level concordance distribution across all trios, stratified by locus type, in which each point represents a particular gene. Genes with
mean concordance rates of one or more SD from the mean are labeled.
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Figure 3. Relationship between mean concordance across all trios for each gene and the fraction of trios in which the gene is present. Linear regression
reveals a strong association, indicating rare alleles have lower concordance across trios. Labeled genes have mean concordance rate values at least 1 SD
below the mean (calculated across all gene types).

Figure 4. IGHV concordance rates across populations and continents, demonstrating significant variation in genotyping accuracy among different eth-
nic groups (for population codes, see Supplemental Table 1).
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sequences and IMGT reference sequences makes the inference
of the best allele sequence challenging for ImmunoTyper2.
Furthermore, the potential presence of the additional novel pseu-
dogenes recognized by Digger may be contributing reads to the
read assignment performed by ImmunoTyper2, confounding the
correct call. Finally, there could be some potential issues with
the assembly sequences themselves. These observations under-
score the challenges of accurate genotyping in regions containing
multiple closely related pseudogene copies, complicating both ge-
notype calls and benchmarking.

Empirically optimizing ImmunoTyper2 parameters

on HPRC samples

To comprehensively assess the robustness of ImmunoTyper2’s
genotyping accuracy, we performed a parameter sweep, evaluating
the impact of various parameter settings on accuracy. Specifically,
we varied the number of landmark groups (four, six, and eight),
the number of landmarks per group (four, six, and eight), and
the standard deviation depth scaling factor (one, 1.5, and two).
The default values used in ImmunoTyper2 are six landmark
groups, six landmarks per group, and a standard deviation depth
scaling factor of 1.5.Weobserved that genotyping accuracywas ro-
bust across all gene types for these parameter variations. The larg-
est observed difference in F1 score between the default and best-
performing parameter set was an increase of 0.018 for TRDV. For
all other gene types, the differences were considerably smaller,

with improvements not exceeding 0.003 when comparing the de-
fault parameter values to the best-performing parameter values.
These results indicate that ImmunoTyper2 maintains stable accu-
racy across a wide range of parameter settings and that the default
parameters provide robust performance suitable for general appli-
cations. The difference in accuracy between the default parameter
set and the best-performing parameter set for each gene type is
summarized in Supplemental Table 4.

Genotyping accuracy at lower sequencing depths

Table 3 summarizes the accuracy of ImmunoTyper2 genotyping at
the reduced sequencing depths. Precision and recall remained ro-
bust across most loci at 20× coverage, showing only slight declines
compared with the original 30× sequencing. Notably, IGLV and
TRBV retained high precision and recall even at the reduced cover-
age levels, with minimal changes observed. At 10× coverage, gen-
otyping accuracy declined for certain loci, especially IGKV and
IGHV, which demonstrated reduced recall compared with at
20× and 30× coverage. The TRDV locus consistently exhibited
high recall but low precision across all coverage depths owing to
Digger annotation being restricted to TRDV2 alleles, whereas
ImmunoTyper2 identifies alleles across the TRDV1, TRDV2, and
TRDV3 regions. These findings illustrate ImmunoTyper2 main-
tains robust performance even at lower sequencing depths, en-
abling applications in lower-cost WGS data sets.

Genotype call confidence metric improves precision

We evaluated the effectiveness our confidence metric (see
Methods section “Confidencemetric for allele calls”) by analyzing
its performance on HPRC assembly samples described in the sec-
tion “Genotyping accuracy onHPRC samples.” Specifically, we ap-
plied the prefix consistency metric to (copy-number insensitive)
allele calls from these samples, grouping them by gene. For each
gene, we assessed the proportion of allele calls meeting or exceed-
ing various prefix consistency threshold values. An allele call
passed the threshold test if its prefix consistency value was equal
to or greater than the given threshold.

To quantify the effectiveness of these thresholds, we calculat-
ed the positive predictive value (PPV), the proportion of allele calls
that were true positives among those that passed each threshold.
We then identified optimal prefix consistency thresholds for
each gene bymaximizing the F-beta scorewith β set to 0.5. This ap-
proach prioritizes precision (PPV) over recall, aligningwith scenar-
ios in which high confidence in positive allele identification is
crucial.

The results summarized in Table 4 demonstrate improve-
ments in precision compared with a naive approach. Across the
evaluated loci, mean PPVs at optimal thresholds ranged widely,
with particularly high values for the IGLV (mean PPV=0.9633)

Table 2. Summary of allele presence call accuracy on 1000 Genomes samples (IGLV: n=15; TRAV: n=12) using orthogonal long-read assembly
data as the ground truth

Mean Median

Gene type Precision Recall Precision Recall

IGLV 0.928 0.934 0.971 0.971

TRAV 0.916 0.991 0.925 1.0

For accuracy figures with copy-number estimates for each allele, see the Supplemental Figures.

Figure 5. Correlation between trio concordance and maximum differ-
ence in IGHV read recruitment, normalized depth between child and par-
ent. Each point represents a trio, demonstrating the relationship between
read dropout and inheritance pattern consistency. The regression line in-
dicates that a lower read recruitment in any one parent results in a lower
trio concordance, with a correlation of 0.357 (P=4.79 ×10−19). Similar
correlations of 0.222 (P=5.40×10−8) and 0.301 (P=9.34 ×1014) were
found with IGLV and IGKV, respectively (see Supplemental Fig. 1), suggest-
ing the presence of IG read dropout, likely owing to rearrangement.
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and TRGV loci (mean PPV=0.9342). The proportion of allele calls
passing the optimal threshold varied by locus; it was notably lower
for IGHV, likely because of the increased complexity of the locus,
but was generally very high for other loci, lending additional im-
provements in precision (TRDVwas excluded owing to the incom-
plete assembly annotations detailed in the section “Genotyping
accuracy on HPRC samples”).

In the ImmunoTyper2 outputs, we provide allele consistency
metrics for each allele call, along with gene-level mean PPV and
mean passing proportions at each prefix consistency threshold.
This information enables users to perform their own filtering
based on desired confidence levels for allele calls.

Application to COVID-19 disease association study

To demonstrate the utility of our ImmunoTyper2 for disease asso-
ciation studies, we applied logistic regression analysis of the TRAV,
IGKV, and IGHV allele genotypes from a cohort of 461 COVID-19
patients. Because of data availability constraints, our analysis was
necessarily limited to these specific loci, serving primarily as a
proof of concept for our genotyping methodology. Following rig-
orous statistical approaches, we applied best practices including
covariate adjustment for sex, age, and population stratification
via principal component analysis. Our initial analysis revealed sev-
eral alleles with nominally significant associationswithCOVID-19
clinical outcomes. Specifically, we identified three IGKV, four
TRAV, and six IGHV alleles that showed statistically significant as-
sociations (P<0.05) when examined individually. However, upon
implementing the Benjamini–Hochberg false-discovery rate (FDR)
correction to control for multiple hypothesis testing, these associ-

ations were no longer statistically significant (α=0.05) (for table of
statistics, see Supplemental Table 2). As a result, these prospective
associations should be interpreted with caution. Although these
findings are constrained by the available genetic data and do not
represent a comprehensive investigation into germline immune
receptor genetic variation andCOVID-19, they do serve to demon-
strate the utility and application of ImmunoTyper2 to disease asso-
ciation studies.

Discussion

IG and TR loci represent some of the most repetitive regions in
the human genome. Their inherent complexity, characterized by
extensive duplication, structural variation, andhigh sequence sim-
ilarity between gene copies, has historically made them challeng-
ing targets for genotyping studies using standard short-read WGS
approaches. Despite their critical functional role in adaptive im-
munity and their documented associations with various diseases,
these loci have been notably underutilized in large-scale WGS-
based disease association studies precisely because suitable geno-
typing tools were lacking. This underutilization represents a
significant gap in our understanding of genetic contributions to
immune-related diseases and responses. Therefore, although
ImmunoTyper2 does not achieve perfect accuracy, its ability to ge-
notype these loci fromubiquitous short-read data constitutes a sig-
nificant advance. The accuracy achieved (typically 80%–99%
dependingon the locus andvalidationmetric) provides researchers
with vastly more genetic information for these critical regions
thanwas previously accessiblewithout specialized, resource-inten-
sive sequencing protocols, thereby enabling new avenues of
investigation.

Building upon our previous work on IGHV genotyping (Ford
et al. 2022), we have expanded ourmethodology to encompass the
complete set of adaptive immune receptor variable gene loci. Our
analysis of 590 parent–child trios from the 1kGP demonstrates the
robustness of our approach, with high Mendelian concordance
rates across most loci. The particularly high concordance observed
in TR loci (>0.98) suggests these regions may be more amenable to
short-read genotyping than previously assumed. The somewhat
lower concordance in IG loci, especially IGHV, likely reflects
both their increased structural complexity and the impact of V
(D)J rearrangement in the LCL samples analyzed. The strong asso-
ciation between gene incidence and concordance accuracy would
suggest that these are rare genes that are underrepresented in the
established allele database. Several studies from both germline

Table 4. Mean PPV and proportion of calls passing optimal prefix
consistency thresholds by gene type

PPV Passing proportion

Gene type Mean Median Mean Median

IGHV 0.8771 0.9310 0.3390 0.3359

IGLV 0.9633 1.0000 0.9621 0.9756

IGKV 0.8203 0.8966 0.6982 0.7692

TRAV 0.8263 1.0000 0.8786 0.9615

TRGV 0.9342 0.9762 0.9880 1.0000

Optimal thresholds selected via F-beta (β=0.5), prioritizing precision. A
lower passing proportion in IGHV reflects locus complexity.

Table 3. Comparison of ImmunoTyper2 accuracy on HPRC samples as different sequencing depths

Gene type

Full 30× 20× Downsampling 10× Downsampling

Precision Recall Precision Recall Precision Recall

IGHV 0.836 0.807 0.822 0.800 0.803 0.766

IGLV 0.954 0.899 0.955 0.899 0.956 0.888

IGKV 0.809 0.722 0.814 0.720 0.814 0.700

TRAV 0.787 0.929 0.781 0.924 0.779 0.906

TRBV 0.872 0.930 0.873 0.929 0.875 0.923

TRGV 0.922 0.832 0.922 0.832 0.931 0.837

TRDV 0.293 0.983 0.289 0.983 0.299 0.983

Values are the mean; 30× is complete sequence, and 20× and 10× are downsampled.
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and repertoire data have discussed the limitations of the IMGT al-
lele database or have identified previously uncharacterized novel
alleles (Gadala-Maria et al. 2019; Rodriguez et al. 2020;
Mikocziova et al. 2021; Peng et al. 2021); the additional evidence
of low-incidence genes having lower accuracy motivates future
work to utilize alternative allele database sets, such as ORGDB
(Christley et al. 2024; Collins et al. 2024). However, some of these
low-incidence genes are found in regions without known struc-
tural variants and, as a result, would be expected to commonly
be present in two copies. In these cases, the low call incidence
could be attributed to V(D)J rearrangement, as discussed above,
or to some other factor confounding the read-assignment
processes.

The observed correlation between concordance rates and read
recruitment differences within trios (Fig. 5; Supplemental Fig. 1)
provides valuable insight into the technical challenges of genotyp-
ing IG regions from commonly used benchmark data sets.
Crucially, all benchmarking in this paper was performed using
LCL samples derived from B cells. As discussed in the Results (see
section “Impact of potential IG rearrangement in lymphoblastoid
cell lines on genotyping concordance”) and as documented previ-
ously (Rodriguez et al. 2021; Lin et al. 2025), V(D)J rearrangement
in these cells leads to somatic deletion and systematic read dropout
in IG loci. This inherent characteristic of LCLs negatively impacts
the genotyping accuracy achievable for IG genes within these spe-
cific data sets, acting as a limitation of the benchmark samples
themselves, not solely the genotyping methodology. The much
higher accuracy and concordance rates we consistently observe
for TR loci (Figs. 1, 2; Tables 2, 3), which do not undergo rearrange-
ment in LCLs, strongly support this interpretation. We anticipate
that applying ImmunoTyper2 to more suitable sample types for
germline analysis, such as whole blood or non–B cell tissues,
would yield higher accuracy for IG loci, potentially approaching
the excellent levels seen for TR loci. This highlights the impor-
tance of sample selection formaximizing accuracy in future immu-
nogenomic studies using this tool.

One of the persistent challenges in developing tools for these
complex regions has been the limited availability of comprehen-
sive benchmarking resources. The field has historically lacked reli-
able geno- and haplotyping tools, making it difficult to establish
ground-truth data sets for tool validation. Our approach of com-
bining Mendelian concordance analysis (1kGP trios), validation
against high-quality assembly contigs (1kGP samples), and bench-
marking against Digger calls onHPRC samples provides amultifac-
eted framework for accuracy assessment. The general consistency
across these independent validation approaches supports the reli-
ability of our method. However, the HPRC benchmarking and de-
tailed case studies also highlighted specific challenges, such as
discrepancies arising from pseudogenes or limitations in reference
annotations (e.g., TRDV), underscoring the complexities of both
genotyping and validation in these loci. Although our validation
is extensive, it is important to note the inherent limitations of
our Mendelian calculation approach owing to unphased calls: It
does not enforce full haplotype inheritance, only that a pair of al-
leles in the child can be sourced from the parents. Future work en-
abling copy phasing would allow for a more comprehensive
Mendelian benchmarking scheme and potentially address these
current limitations.

The significant variation in concordance rates across pop-
ulations warrants further investigation. Although our analysis
confirms the existence of population-specific differences, under-
standing the underlying biological or technical factors driving

these differences remains an important area for future research.
This variation could reflect true population-specific differences
in immune locus architecture, or it might point to biases in our
current understanding of these regions, in particular the reference
sequence data sets, that need to be addressed.

The analysis of COVID-19 outcomes in relation to immune
receptor genetic variation, although inconclusive in this study,
highlights both the potential and methodological considerations
for future disease association studies. Althoughwe identified sever-
al nominally significant associations, their disappearance after
FDR correction underscores the critical importance of properly ac-
counting for multiple hypothesis testing in genetic-association
studies, a consideration that becomes increasingly important as
the number of tested alleles grows. This methodological frame-
work, demonstrated herewithCOVID-19, establishes a foundation
for investigating the role of immune receptor genetic variation in a
broad spectrum of diseases. Particularly promising candidates for
future studies include autoimmune conditions in which germline
variation in immune receptors may play a crucial role in disease
susceptibility and progression. The high concordance rates
achieved by our method enable the retrospective analysis of exist-
ingWGS data sets, eliminating the need for specialized sequencing
and its associated costs. This is especially valuable given the vast
quantity of existing short-read WGS data available across diverse
patient cohorts. By providing both the computational tools and
analytical framework for immune receptor genotyping from
short-read sequencing data, this work opens new avenues for
large-scale genetic-association studies that have previously been
technically challenging to pursue. Future studies with larger co-
horts andmore comprehensive genetic data may reveal significant
associations that were beyond the scope of our limited data set.

Our results also highlight areas inwhich further development
would be valuable. The lower concordance observed in some high-
ly complex regions, particularly in the IGHV locus, suggests that
additional strategies may be needed to fully resolve these areas.
To help address the inherent uncertainty in challenging regions,
we introduced a novel confidence metric based on ILP solution
stability, allowing users to filter allele calls based on their desired
level of evidence and improving precision, especially when prior-
itizing high-confidence results. Furthermore, the impact of V(D)J
rearrangement on read recruitment indicates that specialized ap-
proaches might be needed when working with B cell–derived
samples.

In conclusion, this work represents a significant step toward
making these traditionally challenging immune loci more accessi-
ble to large-scale genetic studies. By enabling reliable genotyping
from standard short-read WGS data, our method helps address
the historical underutilization of these functionally critical regions
in disease association studies, and our application to COVID-19
can serve as a guide for future studies. The comprehensive valida-
tion approach we present also provides a framework for evaluating
future tools in this space. Furthermore, even when specific allele
calls face ambiguity inherent to the locus complexity or sample
type, ImmunoTyper2 provides detailed outputs, including read
alignments to allele sequences, offering researchers transparency
and a basis for deeper investigationwhen needed, a substantial im-
provement over standard whole-genome alignment approaches
for these regions. The ability to leverage existing WGS data sets
for immunogenetic studies, combined with the provided confi-
dence metrics and proper statistical frameworks, opens new possi-
bilities for understanding the role of immune receptor variation in
human health and disease. As the field moves forward, this
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approach can be applied to a wide range of conditions in which
immune receptor genetics may play a crucial role. Future studies
using appropriate sample types, larger cohorts, and comprehen-
sive genetic data will be well positioned to uncover significant as-
sociations that advance our understanding of how immune
receptor genetics influence disease susceptibility and progression.

Methods

Genotyping of IG and TR variable genes

ImmunoTyper2 performs germline genotyping of IG and TR genes
in three main steps: (1) read recruitment for those reads that may
originate from a copy of the gene of interest; (2) read mapping, as-
signment, and allele calling to map the reads to a database of known
allele sequences; and (3) resolving read mapping ambiguity so that
the resultant read assignments are consistent with expected read
coverage. Each step is described in detail below.

Read recruitment

ImmunoTyper2 takes as input a BAM or CRAM file generated by
mapping WGS reads to the reference genome. Reads that have
been mapped to the locus relevant to the gene of interest are
then extracted. However, it is well known that some IG and TR
loci are highly similar in sequence composition with other loci
in the genome; these loci are known as orphons. This creates
two possible problematic scenarios: Reads extracted so far may
have originated from these orphons, and also, reads that originate
from a gene interest may have been erroneously mapped to such
orphons in the input BAM or CRAM file. This can lead to an in-
complete or erroneous recruitment of reads, which can confound
the read coverage consistency wewould like to achieve for the out-
put set of alleles.

Although some of the orphon regions have been well charac-
terized in the literature, we have extended their scope by carefully
searching for regions of similarity to all loci of interest, namely, IG
light-chain (IGKV, IGLV) and TR (TRAV, TRBV, TRDV, TRGV)
genes. For that, we first simulated 100 bp reads at 30× from the
IMGT allele databases (Lefranc 2003) for each of these loci using
the ART Illumina tool (Huang et al. 2012). We then mapped these
reads to the reference genomes using Bowtie 2 (Langmead and
Salzberg 2012) andmerged all regions in the genome that had con-
tiguous read mappings. We filtered out regions shorter than our
expected WGS read length (∼150 bp) and included the remainder
in the list of orphons to be used by ImmunoTyper2 for read recruit-
ment. Specifically, ImmunoTyper2 recruits all reads that have been
mapped to each orphon region to complement the reads it has re-
cruited from the loci of interest. Currently, ImmunoTyper2 only
supports mappings to GRCh38 for all loci (GRCh37 is implement-
ed for IGHV, IGLV and TRAV) and handles all standard chromo-
some and alt chromosome identifiers.

Read mapping, assignment, and allele calling

Read assignment and allele calling generally follows the
ImmunoTyper-SR methodology (Ford et al. 2022).

ImmunoTyper2 uses an expanded the IMGT allele database,
which now includes uncharacterized pseudogenes from orphon
regions in GRCh38, derived from the orphon detection method
mentioned earlier; we have also added flanking N’s to every allele
sequence to aid in clipped mapping.

As a first step, ImmunoTyper2 calculates the expected cover-
age depth and variance of the data set on Chromosome 1.

Next, each of the recruited reads (as described above) is
mapped to the expanded IMGT allele database using Bowtie 2
(Langmead and Salzberg 2012) with the -a ‐‐end-to-end ‐‐very-
sensitive -f ‐‐n-ceil C,100,0 ‐‐np 0 as well as ‐‐ignore-quals ‐‐mp
2,2 ‐‐score-min C,-50,0 -L 10 parameters. Notably, these parame-
ters enforce “all-to-all”mapping of the reads to the allele database;
as a result of this, each read may end up with more than one map-
ping allele (these alleles include those of the pseudogenes and the
orphons), and some or all of these mappings may be truly ambig-
uous because of identical mapping quality.

Resolving read mapping ambiguity

The ambiguous mappings of the reads are now resolved using an
ILP optimization strategy, solved via the Gurobi (Gurobi
Optimization 2021) optimization package. The objective of the
ILP is to minimize the total edit distance between reads and their
allele assignments, with constraints on the read assignments
that guarantee that, on each chosen allele, the depth of coverage
and variance values of the unambiguously assigned reads approxi-
mately (within a user defined, additive error tolerance) match the
calculated values from Chromosome 1. To speed up computation,
the read coverage for each allele is calculated at only a few (uni-
formly spaced) “landmark” positions. Each read is allowed to be
discarded with some fixed additive penalty for the following rea-
son. Althoughwe have expanded the IMGT allele database by add-
ing confounding sequences from GRCh38, it is possible that the
sample genome harbors some novel or uncharacterized orphon re-
gions. However, despite not being present in the expanded allele
database, reads originating from these regions may still be recruit-
ed as they may have been aligned to the recruitment loci in the in-
put file owing to sequence similarity. Our formulation allows these
reads to be discarded, reducing their confounding effect on read as-
signment. We present a more detailed description of the ILP for-
mulation in the Supplemental Materials.

Confidence metric for allele calls

Allele calls derived from ImmunoTyper2 can exhibit varying de-
grees of accuracy because of the highly similar sequences present
within immunogenomic loci (in particular, IGHV), leading to po-
tential ambiguity in read assignment. To assess and quantify the
accuracy of individual allele calls, we developed a confidence met-
ric based on the stability of allele presence across alternative opti-
mal solutions of the ILP model. This method leverages the
capability of the Gurobi solver to generate near-optimal solutions
by iteratively constraining the ILP objective value to be progres-
sively less optimal, creating a pseudobootstrap method to investi-
gate allele call consistency.

Specifically, we first obtained the optimal ILP solution and its
corresponding objective value. We then generated alternative so-
lutions by iteratively adding constraints requiring the objective
value to be at least 2%, 4%, 6%, and 8%worse than the original op-
timal value. Each constrained ILP model was solved independent-
ly, producing a series of alternative solutions.

Allele call consistency across these solutions was quantified
through ametric termed prefix consistency. Thismetric is calculated
by sequentially evaluating allele presence, starting from the opti-
mal solution through each progressively constrained alternative
solution. The prefix consistency value for an allele was defined
as the count of consecutive solution bands (2%, 4%, 6%, etc.) in
which the allele was present, starting from the optimal solution.
The count was terminated upon encountering the first solution
inwhich the allele was absent. Thus, alleles only present in the op-
timal solution were assigned a prefix consistency value of zero.
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To classify allele calls as either high or low confidence, we em-
pirically determined an appropriate prefix consistency cutoff us-
ing allele consistency data from the HPRC validation samples.
Alleles with prefix consistency values equal to or greater than
this threshold were classified as high confidence, whereas those
below the threshold were considered lower-confidence calls.

Mendelian concordance analysis

To validate the biological accuracy of our genotyping approach, we
performed Mendelian inheritance analysis using parent–child
trios from the 1kGP (Byrska-Bishop et al. 2022). This data set in-
cludes 602 trios, representing 1803 WGS samples that we down-
loaded from the NCBI Sequence Read Archive (SRA; https://www
.ncbi.nlm.nih.gov/sra) usingGlobus.Of these samples, 12 had cor-
rupted CRAM files that were not readable, resulting in a complete
data set of 590 trios.

We performed genotyping across all IG and TR loci (IGKV,
IGLV, TRAV, TRBV, TRDV, and TRGV) using ImmunoTyper2
with default parameters. For each trio, we evaluated Mendelian
concordance by examining the inheritance patterns of alleles
across each gene. Our concordance calculation methodology was
designed to accommodate the complexity of IG and TR loci, in-
cluding cases of variable copy number and missing data.

For each gene, concordance was established when the child’s
alleles could be explained by parental inheritance patterns. When
two copies of the gene are called in the child, the gene was consid-
ered concordant if the allele from one copy was found in the ma-
ternal genotype calls and the allele from the otherwas found in the
paternal. In cases inwhich a child possessedmore than two copies,
we considered the inheritance pattern concordant if we could
identify a pair of alleles in which one was inherited from each par-
ent. For children with a single allele, concordance was determined
by the presence of that allele in at least one parent’s genotype.
Nonconcordance was recorded in cases in which a child’s alleles
could not be explained by parental genotypes or in which parental
genotype data were missing for the gene in question.

Comparing allele calls with assembly contigs

Although the Mendelian concordance analysis provides a robust
validation of our genotyping approach, we also performed an ad-
ditional confirmatory step by comparing our allele calls to those
derived from long-read assembly contigs. For this ground truth,
we use assembly contigs generated with IGenotyper (Rodriguez
et al. 2020, 2022; Gibson et al. 2023). We first annotated the con-
tigs by identifying all IGLV or TRAV allele copies harbored by each
contig by mapping the allele sequences from the respective allele
database to that contig using Bowtie 2 (Langmead and Salzberg
2012).

Note the contigs provided for this analysis are unphased and
unpolished; as a result, they contain duplicate sequences that are
not necessarily reflective of true genomic duplication. This can re-
sult in an abnormally high CNV count for many of the genes,
which could only be fixed by resolving the contig assembly, a
task that is beyond the scope of our work. As a result, we look pri-
marily at allele presence and exclude CNVs when comparing our
results to the assembly-derived genotype (for a reference, see
CNV-sensitive results in Supplemental Table 3). Accuracywasmea-
sured using precision and recall for the called alleles.

Additional genotyping validation with HPRC samples

To further validate ImmunoTyper2, we assessed its performance
on 40 HPRC samples with 30× short-read Illumina WGS data
from 1000Genomes Phase 3. Germline genotype calls were initial-

ly generated using Digger (Lees et al. 2024). ImmunoTyper2 was
then run with default parameters, and its results were compared
directly against Digger-derived genotypes. Accuracy metrics, in-
cluding allele-level precision and recall, were calculated using
Digger results as the reference, addressing concerns about system-
atic biases and confirming ImmunoTyper2’s capability in resolv-
ing closely related alleles.

Downsampling of HPRC samples and ground truth assessment

To assess the impact of sequencing depth on genotyping accuracy,
we downsampled the HPRC data sets to generate lower coverage
samples. Specifically, HPRC samples originally sequenced at ap-
proximately 30× coverage were randomly downsampled to two-
thirds (20×) and one-third (10×) of their original read counts using
SAMtools v1.17, producing data sets of roughly 20× and 10× cov-
erage, respectively. ImmunoTyper2 was then applied to these
downsampled data sets using default parameters. Genotyping ac-
curacy at these lower coverage levels was assessed by comparing al-
lele presence calls to the high-coverage (30×) ground-truth allele
annotations generated by Digger.

Association with COVID-19 disease severity

We additionally performed TRAV, IGKV, and IGHV genotyping on
short-readWGS collected from a cohort of 461 COVID-19 patients
as part of the COVNET Consortium (we were unable to perform
the complete IG and TR genotyping on this data set as we did
not have access to those genomic loci at time of writing).
Clinical outcomes of the patients were binarized by combining
the “moderate” and “severe” categories together as the effect group
(n= 176) and using the “mild” category as the control group (n=
285), and allele genotypeswere binarized by presence and absence.
Alleles were filtered for low prevalence by ensuring both presence
and absence occurred in at least 5% of samples (Hosmer Jr et al.
2013) and complete separation and quasi-separation (Albert and
Anderson 1984). We then performed logistic regression (using
the statsmodels package) (Seabold and Perktold 2010) for each al-
lele, with presence as the independent variable, binary COVID
outcome as the dependent variable, and sex and age included as
covariates. We also included the top three SNP-based principal
components as covariates to control for population stratification.
For each gene type, we performed FDR correction with an alpha
value of 0.05 to control for multiple hypothesis testing error
(Benjamini and Hochberg 1995).

Software availability

ImmunoTyper2 is available at GitHub (https://github.com/algo-
cancer/ImmunoTyper2). All methods, including scripts to down-
load data, are available at GitHub (https://github.com/michael-
ford/ImmunoTyper2-methods) and as Supplemental Code.
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