[Downloaded free from http://www.jipoonline.org on Thursday, February 13, 2020, IP: 10.232.74.23]

Original Research

Haplotype Analysis of the T-Cell Receptor Beta (TCRB) Locus by
Long‑amplicon TCRB Repertoire Sequencing
Abstract

Background: Polymorphism within the human T-cell receptor beta variable (TRBV) gene has been
proposed as a risk factor for autoimmune disease and immune-related adverse events (IRAEs) during
immunotherapy. Previous efforts to evaluate TRBV polymorphism by whole genome sequencing
have been hampered by the repetitive nature of the T-cell receptor beta (TCRB) locus. We present
a novel long-amplicon TCRB repertoire sequencing approach to enable TRBV haplotype analysis
from peripheral blood. Methods: Peripheral blood leukocyte total RNA from 81 Caucasians was
used for sequencing of TCRB chains via the Oncomine TCRB-LR assay (amplicon spanning CDR1,
2 and 3) and the Ion Gene Studio S5. VDJ rearrangements were annotated by comparison to the
IMGT database, then mined to construct TRBV allele profiles for each individual including, where
detected, novel alleles not present in the ImMunoGeneTics (IMGT) database. Finally, TRBV allele
profiles were subjected to principal component analysis and k-means clustering to identify TRBV
allele haplotypes. Results: Clustering analysis revealed the presence of six major sets of coincident
TRBV alleles, which we term haplotype groups. Allelic diversity varied markedly across haplotype
groups, with approximately one third of the cohort showing limited TRBV allelic diversity and
few uncommon alleles compared to members of other groups. Analysis revealed 37 putatively
novel TRBV alleles that are absent from the IMGT database. Conclusion: We demonstrate a
straightforward and cost-efficient method for TRBV haplotype analysis from long-amplicon TCRB
sequencing data.
Keywords: Immune‑related adverse events, immunotherapy, polymorphism, T‑cell receptor

Introduction
Checkpoint blockade immunotherapy (CPI)
can elicit anticancer T‑cell responses
mediating durable progression‑free survival
but may also promote T‑cell destruction
of healthy tissue to elicit immune‑related
adverse events (IRAEs). Efforts to
identify germline variants associated
with adverse events using whole‑genome
sequencing (WGS) or microarrays have
yet to reveal markers predictive of adverse
events
following
immunotherapy.[1]
Identifying such biomarkers could allow for
personalized drug selection and dosing
to enable safer and more effective
immunotherapy, particularly in light of the
increasing use of combination CPI regimens
having a significant incidence of severe
adverse events.[2,3] Despite previous efforts,
three lines of reasoning support the notion
that germline‑encoded T‑cell receptor beta
variable (TRBV) polymorphism could
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be a key determinant of adverse events
during CPI. First, the T-cell receptor
(TCR) locus is repetitive and structurally
complex, impeding the measurement of
variation by traditional short‑read WGS
or microarray‑based methods;[4] second,
single amino acid substitutions within the
framework or CDR 1 and 2 regions of
the rearranged TCRB chain are known
to significantly alter TCR affinity for
HLA;[5‑7] and third, adverse events during
immunotherapy may manifest as acute
versions of chronic autoimmune diseases
that have been separately linked to TRBV
and HLA polymorphism.[8‑17] These ranges
from common and typically manageable
cutaneous IRAEs such as eczema, pruritus,
and vitiligo, where the evidence supports
a role for autoreactive resident memory
T cells, to rare and severe IRAEs such
as fulminant type 1 diabetes, where
comparatively less is understood with
respect to the potentially causative T‑cell
populations. Of note, germline‑encoded
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polymorphism in the cytotoxic T‑lymphocyte‑associated
antigen 4 and programmed death‑1 pathways has already
been linked to autoimmune disease,[18,19] highlighting
the potential mechanistic link between CPI‑mediated
IRAEs and chronic autoimmune disease. To circumvent
the challenge in measuring TRBV polymorphism by
WGS, we developed a method for the detection of TRBV
polymorphism by next‑generation sequencing (NGS) of
rearranged TCR beta (TCRB) chains from peripheral
blood leukocytes (PBL). To the best of our knowledge,
this represents the first NGS‑based method to permit
haplotype‑level resolution of the TRB locus.

Materials and Methods
Collection and preservation of peripheral blood
Peripheral
blood
samples
were
collected
in
ethylenediaminetetraacetic acid (EDTA) tubes and
immediately frozen at −80 prior to RNA extraction.
This protocol requires RNA that is moderate‑to‑well
preserved (RIN > 4). We, therefore, recommend minimizing
the time between sample collection and cryopreservation.
Where possible, we suggest immediate isolation and
cryopreservation of the buffy coat pellet for future RNA
extraction. In cases, where this is not possible, EDTA or
PAXgene (Beckton Dickenson, Franklin Lake, NJ) tubes
are preferred. In our experience, the maintenance of
whole blood in Streck tubes (Strek, La Vista, NE) at room
temperature for several days will lead to a degradation in
the RNA that makes it less suitable for this technique.
RNA extraction
RNA was extracted from either 500uL of frozen
whole blood using the RiboPure RNA Purification Kit,
blood (Thermo Fisher Scientific, Waltham, MA, Cat. No.
AM1928) or from cryopreserved buffy coat straws using
the Qiagen RNeasy Midi Kit (Qiagen, Venlo, Netherlands
Cat. No. 75144), depending on the sample availability.
Extractions were performed over multiple days at two
different sites.
Sample qualification,
transcription

quantitation,

and

reverse

Purified RNA samples were quantified using Qubit RNA HS
Assay Kit (Thermo Fisher Scientific Cat. No. Q32852). The
Agilent 2100 Bioanalyzer (Santa Clara, CA) and Agilent
RNA 6000 Nano Kit were used to quantify and evaluate
RNA integrity. 25 ng of total RNA were reverse transcribed
using SuperScript IV VILO Master Mix (Thermo Fisher
Scientific Cat. No. 11756050).
Library preparation
For each sample, 25 ng cDNA was amplified using the
Oncomine TCR Beta‑LR Assay (Thermo Fisher Scientific
Cat. No. A35386) and Ion AmpliSeq HiFi Mix for
23 cycles. The resulting amplicons were partially digested
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as directed in the protocol, followed by ligation of Ion
Select Barcode adapters using library reagents supplied in
the Ion AmpliSeq Kit Plus (Thermo Fisher Scientific Cat.
No. 4488990) and protocol as described in the Oncomine
TCR Beta Assay User Guide MAN0017438 Revision
A.0. Libraries were purified with Agencourt AMPure XP
beads (Beckman Coulter, Brea, CA, Cat. No. A63880),
washed with 70% ethanol, and eluted in 50uL Low TE
buffer.
Library quantitation by quantitative polymerase chain
reaction
Resulting library samples were diluted 1:100 and quantified
using the Ion Library Quantitation Kit (Thermo Fisher
Scientific Cat. No. 4468802), then diluted to 25 pM with
Low TE buffer. Equal volumes from eight samples were
pooled together for sequencing on one chip.
Sequencing
25uL of the 25 pM library pool (8‑plex) were template using
the Ion 510 and Ion 520 and Ion 530 Kit‑Chef (Thermo
Fisher Scientific Cat. No. A364461). Ion 530 Chips were
sequenced on the Ion S5 Sequencing System with 850
flows. All results were analyzed using the Ion Torrent Suite
Software and the Ion Reporter Software version 5.6.
Principal component
reduction

and

tSNE‑based

dimension

The matrix of variable gene allele profiles was used as
input for principal component analysis (PCA)‑based
dimension through the “prcomp” function in R. tSNE‑based
dimension reduction was accomplished in R using the
“Rtsne” function from the “Rtsne” library and the following
parameters: dims = 2, max_iter = 20000, and perplexity
values ranging from 5 to 20.
K‑means clustering
The top two principal components derived from PCA
analysis of the matrix of variable gene allele profiles were
used to cluster samples in R through the “kmeans” function
from the “class” library and the following parameters:
nstart = 50, iter. max = 1000, algorithm = “Lloyd,” and
centers set to the number of expected clusters.
Analysis by other clustering methods
To further explore the structure of the data, we evaluated
alternative methods for identifying the optimal number
of clusters using the NbDist package in R version 3.2.3
(https://www.r-project.org). This analysis revealed six
clusters to be a valid choice for the optimal number of
clusters but also indicated other cluster numbers could be
valid. For example, applying the function NbClust with
the parameters distance = “euclidean,” min. nc = 2, max.
nc = 10, method = “ward. D2” and index = “cindex”
revealed an optimal number of 6 clusters, consistent
analysis through k‑means clustering and the elbow method.
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Figure 1: (a) Overview of workflow. The reagents and informatics methodology have been incorporated into the publicly available Oncomine TCR Beta‑LR
assay and accompanying Ion Reporter analysis software. (b) Method for library preparation and sequencing. Our strategy utilizes multiplex polymerase chain
reaction (PCR) through framework 1 and constant gene primers followed by bidirectional next‑generation sequencing (NGS) of amplicon libraries. (c) Error
profile of the S5 530 chip. The average substitution error rate for the S5 530 chip was calculated by sequencing of the E. coli dh1b genome and mapping
sequence reads to reference through the Torrent accuracy plugin for Torrent Suite. (d) Comparison of substitution error rates across three Illumina sequencers
and the Ion Torrent S5 530 chip. To account for differences in reading lengths between the Illumina and Ion Torrent platforms, the error rate was calculated
as the average over the bases 10–100 of the read. The first 10 base pairs were excluded given that alignment scores cannot accurately distinguish indel
errors from substitution errors at the read ends. Error rates for the Illumina platform are taken from Schirmer et al., 2016.[21] (e) Strategy for identification
of non‑IMGT variable gene alleles. Bona fide novel alleles will present as systematic mismatches to IMGT across a plurality of clones, each possessing a
distinct CDR3 nucleotide sequence. IGMT: ImMunoGeneTics; TRBV: T-cell receptor beta variable gene; FFPE: Formalin-fixed paraffin-embedded.
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However, applying NbClust with the same parameters but
index = “hartigan” or index = “ratkowsky” revealed 3 and 9
clusters to be optimal, respectively, suggesting that a range
of cluster numbers may be valid. Ultimately, the optimal
number of clusters will depend on the sample size, given
that a small sample size will not capture rare haplotypes.

Results
Our workflow begins with the cDNA derived from
PBL total RNA, which is used as input for multiplex
polymerase chain reaction (PCR) through framework
1 (FR1) and constant gene primers to generate ~330 bp
TCRB amplicons spanning the three beta chain CDR
regions. This extended amplicon enables detection of
polymorphism within the germline‑encoded framework
and CDR1 and two regions in addition to the highly
variable CDR3 region [Figure 1a and b]. To minimize
primer‑primer interaction and amplification bias, we
generated primer sequences in accordance with AmpliSeq
design principles[20] to cover known population variants
and ensure robust and reproducible amplification of all
alleles. Following amplification, primers are digested
and resultant amplicons ligated to oligomer adaptors for
bidirectional NGS (as detailed in materials and methods).
We choose to employ Ion Torrent sequencing through the
S5 530 chip, which is favorable for this application owing
to the long read lengths (up to 600 bp) and low substitution
error rate;[20] our estimates from sequencing of bacterial
genomes indicate that the substitution error rate may be up
to a magnitude lower than that of commonly used Illumina
machines [Figure 1c and d].[21] As discussed in depth
below, substitution errors pose a key challenge to immune
repertoire analysis given that they may mimic the natural
variation in the repertoire.
Following sequencing, our workflow maps sequence reads
to variable, diversity, and joining genes from the IMGT[22]
database and eliminates reads representing off‑target
products or those that do not span the entire FR1‑constant
region of the amplicon. The Ion Torrent instruments
have an error mode dominated by homopolymer errors
manifesting as a single‑based expansion or reduction of
an existing homopolymer tract. To identify sequences
with indel errors, we translate VDJ sequences to protein
space and evaluate the productivity of the rearrangement,
i.e. whether the V and J gene is in frame and there are no
premature stop codons. Indel errors manifest as frameshift
mutations that make rearrangements appear unproductive.
Owing to nonsense‑mediated decay, T‑cell allelic exclusion
and thymic selection, it is expected that unproductive
rearrangements should be exceedingly rare in RNA and
thus one may infer that unproductive sequences contain a
sequencing error. In some cases, an indel error may occur
within the variable gene portion of the sequence such that
alignment to the variable gene IMGT reference indicates
a gap within the homopolymer tract containing the indel
140

error. Re‑evaluation of the initial base calling at such
position often leads to correction of the error to produce
an ostensibly sequencing error‑free read representing a
productive rearrangement. After indel error correction,
we eliminate PCR‑derived errors by evaluating edit
distances between VDJ rearrangements, taking into account
the frequency of the rearrangement and whether the
rearrangement is supported by forward strand and reverse
strand reads. Finally, the pipeline reports the sequence and
frequency of IMGT‑annotated VDJ rearrangements detected
in the sample.
We next use the set of annotated VDJ rearrangements to
determine the variable gene allele profile of an individual.
Although the IMGT database is considered to be gold
standard, evidence[23] suggests that it is incomplete.
To identify instances where an individual possesses a
non‑IMGT (putatively novel) variable gene allele, we
leverage the fact that clones utilizing a non‑IMGT allele
will present as having a systematic mismatch to the IMGT
database. Given that each clone is readily distinguishable
from one another in sequence space owing to the diversity
of the CDR3 region, the number of clones having a
particular systematic mismatch is indicative of the
minimum number of unique template molecules supporting
a putative non‑IMGT allele. Bona fide novel alleles will be
found on a plurality of clones, each possessing a distinct
CDR3 nucleotide sequence, while mismatches owing to
random PCR error or sequencing error will not be found on
multiple clones within a repertoire [Figure 1e]. To report
an allele for downstream analysis, either a putative novel
allele or canonical IMGT allele, we require that the allele
is present on a minimum of 5 clones and makeup at least
5% of the sequences obtained for that variable gene. We
allow for up to two alleles of a particular variable gene to
be detected in a single sample. In the hypothetical case,
where more than two potential alleles are detected for a
particular variable gene, only the two alleles having the
greatest clone support are reported.
Owing to genetic linkage and population structure, we
expect to observe sets of co‑inherited variable gene
alleles (i.e. allele haplotypes) within human populations.
To identify such haplotypes, we applied our method
to obtain TRBV allele profiles for 81 Caucasians, then
combined the profiles into a matrix such that each row
of the matrix represents a different individual, and each
column represents a different variable gene allele, where
“1” indicates presence of allele and “0” indicates allele
absence [Supplemental Table 1]. Our pipeline identified 37
non‑IMGT variable gene alleles in the sample set, of which
19 are found in less stringent databases such as Lym1k[23]
or the NCBI NR archive. The remaining 18 variable gene
alleles appear novel to literature; sequences of these alleles
are provided in Supplemental Table 2. We next performed
PCA of the matrix of variable gene allele profiles to extract
the two largest components contributing to differences
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Figure 2: (a) Heatmap of T-cell receptor beta variable (TRBV) allele profiles for 81 Caucasians. T-cell receptor beta (TCRB) repertoires were used to
construct variable gene allele profiles for each individual. The sets of alleles detected for each individual are displayed in heatmap form, where each row
represents a different individual, and each column a different variable gene allele. Red tiles indicate that an allele was detected in an individual while blue
tile indicates allele absence. Columns are arranged through hierarchical clustering, while rows are arranged according to haplotype group classification
produced by k‑means clustering. IMGT allele names are displayed along the X‑axis; alleles having a lowercase ‘p’ in the name correspond to putative novel
alleles absent from the IMGT database. To the left, Cluster column indicates the haplotype group classification. (b) Principal component (PC) analysis of
allele profiles. Samples are displayed according to the two largest principal components derived from analysis of the TRBV allele profile matrix. Samples
are colored according to haplotype group classification identified through k‑means analysis. (c) Within cluster sum of squares following subdivision
of data into 2 to 15 clusters through k‑means analysis of sample set. (d) Number of distinct alleles detected across haplotype groups. The number of
distinct alleles detected in each individual was calculated then displayed according to haplotype group. (e) Number of uncommon alleles detected across
haplotype groups. Uncommon alleles are defined as those found in <50% of this Caucasian cohort. IMGT: ImMunoGeneTics.
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in allelic representation among the sample set. K‑means
clustering of principal components revealed six major
allele profiles within the dataset, which we term haplotype
groups [Figure 2a and b]. The optimal number of clusters
was determined using the “elbow” method and plotting the
within‑cluster sum of squares over cluster centers from 1
to 15 [Figure 2c], though we note that cluster center values
ranging from 3 to 8 are potentially valid choices given
the structure of the data and analysis by other common
clustering methods (methods). For context, we present the
cluster assignments of the data using k‑means clustering
and from 3 to 8 cluster centers [Supplemental Figure 1a].
One limitation of PCA‑based cluster analysis is the
challenge in visualizing nonlinear relationships between
variables.[24] To evaluate whether nonlinear relationships
might play a significant role in this dataset, we projected
the data into two dimensions using tSNE dimension
reduction (methods) and asked whether the organization
of the data was consistent with PCA‑based projection.
Overlaying the cluster assignments from k‑means analysis
onto tSNE projections revealed that samples assigned to
the same cluster by k‑means analysis also colocalized
within the tSNE projections irrespective of perplexity
value [Supplemental Figure 1b]. These results suggest that
nonlinear relationships between variables do not play a
prominent role in the structure of these data.
We finally asked whether there were allele profile features
that distinguish the haplotype groups from one another. We
found that haplotype group 2, members have fewer distinct
alleles and fewer uncommon alleles (defined as those
present in <50% of the sample set) than members of other
haplotype groups, indicating that members of this group
tend to be homozygous for a common Caucasian allele
haplotype, while members of other groups have elevated
TRBV allele heterozygosity and carry TRBV haplotypes
that are less common in Caucasians [Figure 2d and e;
P = 1.7E‑4 and 3.6E‑13 for number of distinct alleles and
uncommon alleles, respectively, in group 2 versus all other
groups combined, by Student’s t‑test].

Discussion
Evidence from literature suggests that polymorphism within
the TRB locus may play a role in autoantigen recognition
in the context of autoimmune disease or IRAEs following
CPI, although research has been limited owing to the
technical challenge in obtaining accurate measurements of
genetic variation in this locus. Here, we sought to develop a
straightforward method for assessing TRBV polymorphism
from long‑amplicon TCRB chain sequencing data. In this
proof of concept study, we demonstrate the use of this
approach to partition a set of 81 Caucasian samples into
six major haplotype groups through principal component
analysis of TRBV allele profiles. Our focus on a single
population group for this initial study was motivated by
the likelihood that TRBV haplotypes, and the association
142

between certain haplotypes and autoimmunity, may differ
across population groups, thus complicating analysis.
Future studies applying this technique to other ethnic
groups are warranted and would likely reveal additional
TRBV allele diversity.
Given that haplotyping of the TRB locus is not commonly
employed, it is not yet known whether particular TRBV
haplotypes may be linked to autoantigen recognition in the
context of CPI. In evaluating TRBV allele features across
the six identified haplotype groups, we note that haplotype
group 2 members, comprising approximately one‑third
of the cohort, have reduced allelic diversity and fewer
uncommon alleles than members of other haplotype groups.
This finding may be significant given proposals regarding
the existence of balanced, functional polymorphisms within
antigen receptor genes, which posit that lower frequency
alleles may have a greater tendency toward autoreactivity
than the most common alleles in human populations.[25]
Extending on this notion, haplotype group 2 members may
be at a lower risk of autoimmune disease and IRAEs than
members of other haplotype groups. Testing this hypothesis
would require TRBV haplotype analysis of larger validation
sets of individuals with graded IRAEs, and subsequently
proof of concept samples from patients with autoimmune
diseases versus patients experiencing IRAEs during
immunotherapy, compared with normal controls.
While variable gene allele discovery was not a primary
objective of this study, it deserves mention that this work
revealed evidence for 37 non‑IMGT alleles, of which 18
are neither found in the NCBI‑NR nor Lym1k databases.
The Lym1k database of putative immune receptor gene
alleles was built using short‑read WGS data generated
from the 1000 genomes project. As noted by the authors
of that study,[23] one limitation of the approach is that allele
discovery is not possible for TRBV genes that are not
included in the genome assembly. Following the publication
of this database, others have noted potential pitfalls in the
use of short‑read WGS data for allele discovery within the
repetitive TRB locus, namely the increased likelihood of
detecting artifactual alleles arising from incorrectly mapped
reads.[4] In this work, we identified 13 TRBV alleles that
are reported in Lym1k but not found in the IMGT database.
We view this finding as evidence that the Lym1k database
contains many bona fide alleles, thus confirming the utility
of this approach for novel allele discovery. Of the 18 alleles
that are not found in the Lym1k database, a number derived
from variable genes not included in the genome assembly,
highlighting the advantage of this TCRB repertoire‑based
approach to allele discovery. Together, these results
illustrate the benefit of using orthogonal methodologies to
identify and validate novel TRBV alleles.

Conclusion
In summary, we have developed a cost‑efficient and
rapid method for routine analysis of germline‑encoded
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polymorphism within the TRB locus to enable
high‑resolution studies of genetic variation and its
potential link to IRAEs, chronic autoimmune disease,
and response to infectious disease. The reagents and
informatics methodology described herein have been
incorporated into the publicly available Oncomine TCR
Beta‑LR assay and accompanying Ion Reporter analysis
software. The current and future research will clarify
the potential role of TRBV polymorphism in IRAEs and
chronic autoimmune disease.
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