
 
Provided by the author(s) and University of Galway in accordance with publisher policies. Please cite the

published version when available.

Downloaded 2023-05-19T14:24:00Z

 

Some rights reserved. For more information, please see the item record link above.
 

Title Investigation of T cell receptor and immunoglobulin repertoire
through next generation sequencing data

Author(s) Yu, Yaxuan

Publication
Date 2017-08-08

Item record http://hdl.handle.net/10379/6684

https://aran.library.nuigalway.ie
http://creativecommons.org/licenses/by-nc-nd/3.0/ie/


 
 

Investigation of T cell receptor and 
Immunoglobulin repertoire through 

next generation sequencing data 
 

Yaxuan Yu 
 
 

A thesis submitted to 
The School of Mathematics, Statistics and Applied Mathematics, National 

University of Ireland, Galway 

 
In partial fulfillment of the requirements for the degree of 

Doctor of Philosophy in Science 
 

Supervised by 
Prof. Cathal Seoighe 

& 
Prof. Rhodri Ceredig 

 
 

March 2017 

 
 
 
 
 
 
 



  
i 

Abstract 
 
The diversity of the immunological repertoire has long been a subject of 
research focus, providing important insights into the adaptive immune system. 
Rapid developments in next generation sequencing technologies have 
revolutionized the way immunological repertoires are analyzed, providing 
unprecedented high-resolution data. Nonetheless, these high-throughput 
approaches also present unique computational challenges that must be 
addressed through the development of accurate and efficient bioinformatics 
pipelines. In this thesis, we demonstrated a complete bioinformatics workflow 
for processing and analysis of high-throughput sequences from immune 
receptors, and applied these tools to explore research questions relating to the 
diversity of immune receptor genes in human populations. 
 
An aspect of the immunological repertoire that is frequently of immediate 
interest to immunologists is the distribution of different immune receptor 
clonotypes among individuals, as knowledge of this could lead to a better 
understanding of the dynamics of the immune system in different conditions. 
We first implemented a bioinformatics pipeline to analyze next generation 
sequencing data from T cell receptors and immunoglobulins. This pipeline 
featured an ultra-fast and accurate fast-tag-searching algorithm for VDJ 
alignments, which outperformed all the other similar pipelines on 
benchmarking. In addition to that, this pipeline included two novel functional 
components. The first function was polymorphism analysis, which reports 
putative novel SNPs found in the input sequences. The second novel function 
was the ability to construct lineage mutation trees to describe the affinity 
maturation process of immunoglobulins.  
 
No matter how sophisticated the alignment algorithms are, accurate gene 
alignment always requires the right reference database. Unfortunately, the 
IMGT database, which is the most widely used reference database in 
immunological repertoire analysis pipelines, has been shown to be incomplete 
and to contain numerous errors. Thus, the second task undertaken in this PhD 
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thesis was to create a more comprehensive reference database for T cell 
receptors and immunoglobulin genes by exploiting the large volume of 
publicly available human genome resequencing data generated in recent years. 
Based on the variant calling information retrieved from the 1000 Genomes 
Project and the current human reference genomes, we were able to infer a set 
of putative alleles of immune receptor genes. Lym1k, our database of these 

inferred alleles, provided a more comprehensive collection of immune 
receptor alleles found in global human populations, as evidenced by a 
significantly improved alignment performance on real datasets compared to 
IMGT. 
 
The immune receptor loci are among the most dynamic regions of the human 
genome, with a high rate of structural variation, as well as high allelic diversity. 
Previous analyses of the allelic diversity of immune receptor genes in global 
human populations were constrained by the limited size of human genome 
resequencing data. We focused on addressing three research questions 
relating to the allelic diversity of immune receptor genes in our last research 
chapter. Firstly, it has been shown by many studies that African populations 
have greater overall allelic richness than other human populations, we thus 
compared the allelic diversity between African and Non-African populations 
for immune receptor genes. Not surprisingly, the immune receptor alleles in 
African populations were more diversified compared to Non-African 
populations. As the immune receptor genes with the same gene type are 
located adjacent to each other on the chromosome, we secondly investigated if 
genomic location was associated with allelic diversity, potentially reflecting 
differences in the frequency of receptor gene use between genes located 
towards the proximal or distal ends of the arrays of genes of a given type. 
However, we did not find an effect of position on allelic diversity. Lastly, we 
hypothesized that immune receptor genes that are more frequently selected 
during rearrangement are under higher diversifying selection pressure, and 
this would lead to a higher allelic diversity. Surprisingly, the correlation was 
absent from most of the gene types except for weak positive correlations in 
TCRA genes.  
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In conclusion, this thesis demonstrated several novel high-throughput 
approaches and strategies for immunological repertoire analysis. It also 
addressed some important biological questions relating to the allelic diversity 
of immune receptor genes by exploiting public biological resources, which 
could potentially inform subsequent studies. 
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Chapter 1 – Introduction 

 
A range of highly diversified immune receptors trigger the responses of the 
adaptive immune system to pathogens. In this chapter, we review the basic 
cellular mechanisms involved in generating diverse immunological repertoires 
as well as the high-throughput techniques that have recently been developed 
for immunological repertoire analysis. In brief, in chapter 1.1, we discuss the 
development of T and B cells, which are characterized by highly diversified 
cell-surface receptors, generated through a unique somatic gene 
rearrangement mechanism. In addition, we review the public biological 
resources generated in recent years that can be used to generate insights into 
immune repertoires, as well as the unique computational challenges these 
data present. 
 

1.1 Origins and importance of T and B cell 
receptors 
 
1.1.1 An overview of the evolution of the adaptive 
immune system 

 
The vertebrate adaptive immune system, together with the innate immune 
system, provides protection against potential pathogens. The capacity of the 
adaptive immune system to recognize the broad range of pathogens is largely 
due to the extreme diversity of lymphocyte receptors (T cell receptors and 
immunoglobulins). Fundamentally, what distinguishes the adaptive immune 
system from the innate immune system is its high specificity towards certain 
pathogens during the immune response. Moreover, after successfully 
recognizing a specific pathogen, the adaptive immune system forms an 
immunological memory towards that pathogen, and it will initialize an 
enhanced response to this pathogen in a subsequent encounter. For instance, 
vaccination, exploits this property of the adaptive immune system [1]. 
 



  
2 

  

Adaptive immunity in vertebrates arose rather abruptly in evolution  [2]. The 
most evolutionarily ancient adaptive immune systems, dating to 500 million 

years before the present, are found in jawed fish (cartilaginous fish), which 
have organized lymphoid tissues, T cell receptors and immunoglobulins [3, 4]. 
Although adaptive immunity is often regarded as a unique mechanism in 
jawed vertebrates, in which specificity is achieved through somatic gene 
rearrangement strategies (VDJ recombination), studies also suggest that 
jawless vertebrates evolved alternative forms of “adaptive immunity” that 
makes use of different genetic strategies [5-7]. Furthermore, scientists have 

found that TCRs from mice continue to function well even after being 
substituted by TCRs from sharks, frogs or trout [8]. This shows that many 
vertebrate species even though they share common ancestors that can date 
back to 500 million years ago, still have similar TCRs, suggesting conservation 

of the TCR-MHC interaction in the adaptive immune system [9, 10]. In 
addition to that, Immunoglobulin M (IgM), as one of most ancient antibodies, 
is first found in cartilaginous fish and shared by all the jawed vertebrates with 
the same immunological functions [11].  
 
 
1.1.2 The development of T and B cells 
 
 
The major cellular components of the adaptive immune system are T and B 
cells. B cells were discovered and characterized in the mid 1960s to 1970s 

using animal models and clinical information from patients with immune 
deficiency conditions [12-14]. B cells (B lymphocytes) are involved in the 
humoral immune response (the immunity mediated by substances from 
humors or body fluids, such as secreted antibodies and complement proteins) 
of adaptive immunity [15]. The common ancestors of all blood cells are the 
hematopoietic stem cells [16], which are multipotent and self-renewing stem 
cells that reside in the bone marrow. These cells first differentiate into several 
multipotent progenitor cells, which are stem cells that can produce lymphoid 
and myeloid cells but are not self-renewable. Subsequently, multipotent 
progenitor cells differentiate into common lymphoid progenitors [17].  
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1.1.2.1 B cell maturation 
 

Starting from the lymphoid progenitors, there are several stages involved in 
the maturation of B cells or the definitive B-cell fate (figure 1.2.1). First, 

common progenitor cells give rise to the progenitor B cells (pro-B cells), which 
can be specified by the induction of B-lineage-specific transcription factor E2A 
[18]. This stage, also known as early pro-B cell maturation is characterized by 

the rearrangement of D-J genes on the immunoglobulin heavy chain locus. 
Subsequently, The rearrangements of V-DJ genes take place and this stage is 
known as the pro-B cell stage. The sign of successful completion of the pro-B 
cell stage and entering the pre-B cell stage is the expression of a functional 
heavy chain. Then, during the pre-B cell maturation stage, the cell begins to 
rearrange V-J genes on the immunoglobulin light chain. The cellular 
mechanisms involved in the VDJ rearrangements will be discussed in greater 
detail in the following chapter.  
 

 
 

Figure 1.1.1 step-wise B cell development. B cells mature from left to right in this schema. DH-JH 

represents the recombination of heavy chain D gene with heavy chain J gene. VH-DJH refers to 
the recombination of V gene with the D-J recombination on heavy chain. Vκ/λ - J κ/λ represents the 
gene rearrangements of the light chain. Reproduced from [24] with permission. 
 

Notably, The chance of successful gene rearrangements on heavy and light 
chains is about 1/3 [19, 20], thus many pre and pro B cells may undergo 
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apoptosis if the rearrangements are nonproductive. After successfully 
assembling the immunoglobulin light chain, the pre-B cell turns into an 
immature B cell with the expression of complete immunoglobulin M (IgM) 
molecule (an immunoglobulin isotype) on the cell surface.  After that, it 
becomes mature B cells with the additional occurrence of IgD molecules 
through alternative splicing [21-23].  
 
There is a very important mechanism of B cell tolerance called clonal deletion 
when the immature B cells are formed [25, 26]. The immature B cells undergo 
negative selection when the IgM molecules attached on their cell surface 
recognize self-antigens (these B cells are known as auto-reactive B cells) [27]. 
There may be two types of self-antigens involved in the negative selection: The 
first type involves the ubiquitous self-cell-surface (multivalent) antigens such 
as major histocompatibility complex (MHC). It is believed that auto-reactive B 
cells will subsequently undergo apoptosis. However, studies have suggested 
that not all B cells with strong auto-reactive receptors are deleted, instead, 
there is an interval before cell death happens [28-32]. The auto-reactive B cells 
may be rescued by going through further gene rearrangements, termed as 
receptor editing [33-37]. The second type of self-antigen is the soluble self-
antigen (low valence). Under this circumstance, the premature B cells do not 
die. Nonetheless, there is a down-regulation of receptor synthesis, which 
results in the loss of the ability to express IgM on their cell surfaces. These B 
cells therefore only express IgD and lose their ability to recognize antigens; 
they are, therefore, called anergic B cells [38, 39]. There are also possibilities 
that some auto-reactive B cells simply “escaped” the negative selection and 
they are in a state of immunological ignorance [40]. These B cells retain a 

certain level of affinity towards self-antigens, but do not respond to them for 
some reason that is still largely unknown [30].  
 
Overall, B cell negative selection or central tolerance is not perfect. This is a 
double-edged sword. The relatively loose negative selection process results in 
a more diversified receptor repertoire, which can recognize a wider range of 
pathogens. This arises, however, at the price of escaped auto-reactive B cells 
that can be reactivated under certain conditions, such as an increase in the 
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concentration of certain self-antigens, which results in autoimmune responses 
[41-43].  

 

1.1.2.2 The development of T cells 
 
T cells represent another important component in the adaptive immune 
system with their crucial role in cell-mediated immunity. Like the B cells, the 
journey of T cell development also starts from the major hematopoietic stem 
cells. In addition to that, the development of T cells shares a lot of similarities 
with the B cells, such as step-wise rearrangement of the VDJ genes, negative 
selections to eliminate self-reactive antigens and the assembly of 
heterodimeric antigen receptors. Nevertheless, T cell maturation involves 
their own characteristics and some unique mechanisms. First, although both 
progenitor T and B cells are initially derived from hematopoietic stem cells in 
bone marrow, progenitor T cells migrate to the thymus, where all the 
important events of their development occur [44-46]; this is the origin of the 
term T cell (Thymus dependent lymphocyte). When progenitor T cells first 
enter into the thymus, no gene arrangements have happened and they lack 
cell-surface molecules (CD4, CD8) [47] that are the main characteristics of 
mature T cells. These T cells are classified as “double negative” thymocytes 
(CD4-, CD8-). One fundamental difference comparing to B cell development is 

that there are two distinct lineages of T cell maturations starting from here 
[44]: the majority of the double negative thymocytes give rise to the α:β T cells 
with both CD4 and CD8 expressed on their cell surfaces[48, 49]; the minority 

population form the γ:δ lineage, comprising T cells that lack CD4 and CD8 
expression [50, 51].  

 
The double negative stage of T cell development can be subdivided into four 
stages (DN1, DN2, DN3, DN4) based on the expression of three types of cell-
surface molecules: CD25, CD44 and Kit [52-54]. Initially DN1 cells have the 

germline configuration of genes encoding for both chains of the T cell 
receptors and only express CD44 on their cell surfaces. The gene 
rearrangements of D to J genes first happen on the β chain of the thymocytes 
during DN2. The sign of a thymocyte that successfully finishes DN2 is the 
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expression of both CD44 and CD25 on their cell surface [55-57]. After that, 
they enter into DN3 and the expression of CD44 and Kit are reduced. 

Meanwhile, D to J rearrangements continues in some thymocytes and other 
thymocytes that have already finished the D-J arrangements begin to undergo 
the V-DJ rearrangements. DN3 thymocytes that fail to form functional β chain 

will not progress into DN4 and soon die in the thymus. On the contrary, the 
thymocytes that successfully form a productive β chain and lose the 
expression of CD25 enter into DN4, where they begin to proliferate.  

 
When the thymocytes express both CD4 and CD8 on their cell surfaces, they 
are also known as the double positive T cells (CD4+, CD8+). The majority of T 

cells are double positive thymocytes. In the double positive stage, the genes 
encoding the T cell receptor α chain begin to rearrange. There are two main 
regions in the thymus: the peripheral cortex and the central medulla [58]. The 
peripheral cortex can be further subdivided into outer cortex and inner cortex. 
The development of the thymocytes until the double positive stage, as we 
described above all happens in the outer cortex. The double positive 
thymocytes now migrate into the inner cortex and undergo the process of 
positive and negative selections (figure 1.1.2) [59, 60]. 
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Figure 1.1.2 Maturation and migration of thymocytes in the thymus. The 
thymus is subdivided into cortex (outer and inner cortex) and medulla from 
top to bottom in the figure. Different stages of T cell maturation happen in 
different areas of the thymus, illustrated by arrows with time course. 
Sourced from [44] with permission.   

 
The ultimate objective of positive selection is to ensure T cells capable of 
interacting with MHCs for serving useful immune functions. During positive 
selection, the double positive thymocytes are presented with self-antigens 
expressed by the cortical epithelial cells with their MHC molecules attached 
on their surface. Only those thymocytes that can interact with the MHC-1 or 
MHC-2 (two subtypes of MHC) molecules with moderate affinity will pass 
through positive selection and receive a “survival signal”; the remainder fail 
the selection and undergo apoptosis [61]. Note that the fate of T cells is 
determined early at this point: the thymocytes that can interact well with 
MHC-1 molecules will become CD4+ T cells, while other thymocytes that can 
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interact with MHC-2 molecule further progress to CD8+ T cells [62]. Finally, 
thymocytes that survive positive selection migrate to the boundary between 
medulla and inner cortex to undergo negative selection. They are presented 
with self-antigens again on medullary thymic epithelial cells with their MHCs. 
Similar to the negative selection in B cell development the thymocytes that 
strongly interact with the self-antigens fail the negative selection and are 
eliminated. The remaining thymocytes that pass negative selection become 
naïve T cells and exit the thymus to circulate to the lymphoid organs. It is 
estimated that 98% of thymocytes die during their maturation in the thymus, 
as a result of either failing negative or positive selection [63,64]. 

 
In summary, both T and B cells share the ability to recognize non-self-
antigens of invading pathogens but differ on their specialized immunological 
mechanisms and functions. They share a very similar step-wise gene 
rearrangement process forming the double chain structures of cell-surface 
receptors (T cell receptor and immunoglobulin) during their maturation. They 
both have central tolerance mechanisms involved in their maturation by 
which the T and B cells undergo negative selections to eliminate the cells that 
are strongly reactive to self-peptides. Nevertheless, compared to B cells, T 
cells undergo more rigorous negative selection processes, as well as an 
additional positive selection process to ensure that T cells are capable of 
interacting with self-antigens restricted by MHC molecules during their 
development. 

 
1.1.3 The generation of the T and B cell receptor 

diversity 
 
Both T and B cells have antigen receptors attached on their cell surfaces, 
namely, T cell receptors (TCR) for T cells and immunoglobulins for B cells. 
Each T and B cell contains numerous copies of a single lymphocyte receptor, 
which can recognize antigens from pathogens in their environments with their 
unique antigen binding sites [65]. Because the immune system consists of 
billions of T and B cells, collectively with a large diversity of the lymphocyte 
receptor repertoire, these T and B cells enable extensive adaptive immune 
responses to a broad range of foreign antigens [66]. The ability of lymphocyte 
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receptors to target a wide range of antigens results from the variability of the 
amino acid sequences of antigen-binding sites. Not surprisingly, given such 
large diversity of TCR/IG repertoire (estimated to be 1012 different TCRs and 

immunoglobulins in human) [67], complex and elegant genetic mechanisms 
during their maturation are involved. In this chapter we will review the 
genetic mechanisms involved in the generation of the diversity of TCR and 
immunoglobulin repertoire. 
 

1.1.3.1 Diversification of immunoglobulins 
 
Immunoglobulin, also known as antibody or B cell receptor, is a large “Y” 
shaped protein attached on the surface of the B cell (figure 1.1.3) [68]. Each 
arm of the “Y” shaped protein represents a fragment antigen-binding (Fab) 
component, which consists of a constant domain (C region) and a variable 
domain (V region). Although the general structure of different 
immunoglobulins is similar, each of the unique immunoglobulins is 
characterized by a hyper-variable region within the variable domain. The 
variable domain is a double chain structure, which includes a heavy chain 
(IGH) and a light chain (IGL). The hyper-variable region, also known as the 
antigen binding sites or paratopes is where the antigen to receptor binding 
happens. Antigen binding sites mainly include three regions named as 
Complementary Determining Region one (CDR1), two (CDR2), and three 

(CDR3) [69, 70].  
 
Different immunoglobulin clonotypes present distinctive immune responses 
to different antigens, depending on their binding affinities. Virtually all 
microbes can be the targets of immunoglobulins, based on the extensive 
diversity of the immunoglobulin repertoire. One early hypothesis for the 
diversification of immunoglobulins is that there are separate germline 
immunoglobulin genes located on the chromosome(s), which are translated 
into different immunoglobulin proteins [71]. However, although there are 
several immunoglobulin gene groups consisting of multiple gene segments 
located on the chromosome [72], the number of genes included in these gene 

groups is insufficient to make up such large diversity of the repertoire [66, 67].   
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Figure 1.1.3 An illustration of immunoglobulin structure. Sourced from [73] 
with permission. 
 
Further studies of cloned immunoglobulin genes have shown that there are 
two genetic mechanisms involved in the diversification of the immunoglobulin 
repertoire [74, 75]. The first mechanism, called V (D) J recombination, also 

known as somatic recombination or rearrangement, involves a largely random 
process of gene rearrangements, generating unique immunoglobulin variable 
regions. The variable region of the immunoglobulins is encoded by several 
gene segments (subgenes). Specifically, IGH is encoded by three types of gene 
segments, namely variable (IGHV), diversity (IGHD) and joint (IGHJ) gene 
segments [76], while IGL only contains V (IGLV) and J (IGLJ) gene segments 
[77]. Gene segments within the same chain type are located adjacent to each 

other on the chromosome. The number of different gene segments varies 
between different gene types. For instance, there are 54 functional IGHV gene 
segments and only thirteen functional IGHJ gene segments in human 
reported by IMGT database [78].  

 
Here we use IGH as an example to illustrate this recombination process in 
greater detail since it includes one more gene type (IGHD) than IGL and, 
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therefore, one more joining event (figure 1.1.4) [79]. In brief, VDJ 
recombination in IGH can be divided into two steps with similar genetic 
mechanisms. Firstly, D-J recombination occurs between one D and one J gene 
segment with deletion of all the DNA between the selected D and J gene 
segment on the heavy chain locus, forming a recombined D-J segment. 
Secondly, one V gene segment is selected and joined with the D-J 
recombination from the first step by removing the entire DNA between them. 
The recombination is guided by the recombination signal sequences (RSSs), 
which are conserved non-coding DNA sequences near the point where the 
recombination takes place [80, 81]. During the recombination of D-J, the 

recombinase encoded by lymphocyte-specific recombination activating genes 
(RAG-1 and RAG-2) target one RSS that is adjacent to one particular D gene 
segment and one RSS that is next to one particular J gene segment forming a 
“hairpin” structure of RAG complexes, and subsequently initiating DNA 
cleavages on both targets [82, 83]. The cleavages result in a piece of DNA 
sequence that contains all the D and J gene segments between the two cutoff-
targeted genomic position, flowing away from the genome, and this DNA 
sequence will be further joined by DNA ligase forming a circular signal joint. 
On the other side, the remaining two broken DNA ends are firstly repaired by 
several proteins such as KU70, KU80 and Artemis [84, 85]. Furthermore, the 
cut ends are modified by terminal deoxynucleotidyl transferase (TdT), with 
non-templated additions of nucleotides to the junction between the D and J 
gene segment [86]. The additions are mostly stochastic but TdT does show a 
G/C preference [87]. In addition to that, random deletions are introduced on 
the new joint with the help of exonucleases. All of these processes result in a 
hyper-variable antigen-binding site, even for a small group of germline gene 
segments. 
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Figure 1.1.4 Illustration of VDJ recombination in immunoglobulins. Different 

gene segments are labeled in different colors. Sequential events in the 
somatic recombination are illustrated by the arrow from top to bottom. 
Sourced from [88] with permission. 

 
Besides gene rearrangements, somatic hypermutation is another important 
cellular mechanism that further expands the diversity of the immunoglobulin 
repertoire.  Somatic hypermutation is a major component of affinity 
maturation, which is the ability of B cells to produce immunoglobulins with 
enhanced affinity towards foreign antigens during an immune response [89]. 
Somatic hypermutation occurs in activated B cells (i.e. cells that recognize 
foreign antigens and start to proliferate) in which V (D) J recombination has 
finished and the immunoglobulin genes have been transcribed. Somatic 
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hypermutation leads to at least 105-106 fold greater mutation rates on the 
immunoglobulin locus than the normal mutation rates across the genome [90]. 

The mutations mainly consist of single base substitutions, with few insertions 
and deletions. Notably, the mutations mainly take place on the three 
complementary determining regions [75]. 

 

1.1.3.2 Diversification of T cell receptors 
 
The T cell receptor is a molecule found on the surface of T cells, responsible 
for recognizing antigens presented by major histocompatibility complex 
molecules (MHC) on antigen-presenting cells (APCs) [91]. There are many 

similarities between the structure of immunoglobulins and TCRs. First, each 
of the T cell receptors (TCRs) also consists of two chains. The majority of the T 
cells carrying TCRs consist of an α chain (TCRA) and a β chain (TCRB) and 
these T cells are thus referred as α:β T cells [8]. The remaining 5% of T cells 

are γ:δ T cells, which contain TCRs comprised of γ (TCRG) and δ (TCRD) 
chains [50]. The TCRA and TCRG loci include V and J gene segments, similar 
to IGL locus, while TCRB and TCRD include V, D and J gene segments, like 
that for IGH. The diversity of the TCR repertoire is mainly generated by the 
process of V (D) J gene rearrangements during the development of T cells. 
 
As mentioned above, the maturation of T cells occur in the thymus where V (D) 
J recombination takes place [44-46]. The recombination process of TCR genes 

is essentially the same as that of immunoglobulin genes.  Briefly, for TCRB, D 
to J recombination first occurs by using RAG1 and RAG2 to target the RSSs, 
remove the unselected gene segments and form a recombined D-J segment, 
followed by V to D-J recombination with the same cellular process. There are 
also random insertions and deletions added to the V-(D)-J junctions during 
the rearrangements, further diversifying the TCR repertoire.  
 
Although TCR and immunoglobulin genes share the same somatic 
recombination process, there are a few differences between the mechanisms 
involved for diversifying TCR and immunoglobulin repertoires [84]. The 
major difference is that TCR does not undergo somatic hypermutation for 
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further diversification of the sequences after the V (D) J recombination. In 
addition to that, TCR diversity mainly concentrates in the CDR3 region. 

Similar to the immunoglobulin, each of the TCR chains also includes three 
complementary determining (CDR) regions where antigen bindings take place. 
Within the variable domain of each TCR chain, the CDR1 and CDR2 are found 
in the V region, whereas CDR3 includes part of the V, all the D (only for TCRB) 

and part of the J gene segment. Since there are no somatic hypermutations in 
TCRs, which can add diversities to all the three complimentary determining 
regions as in immunoglobulins, the most variable region in TCR is the CDR3 

region that includes the most gene segments as well as the junctional 
diversities [92, 93]. 
 
In summary, the adaptive immune system, which is characterized by its 
remarkably diversified lymphocyte repertoires, initiates specific immune 
responses to a broad range of pathogens.  The development of both T and B 
lymphocytes starts from the uncommitted hematopoietic stem cells.  
Mammalian B lymphocyte development mainly takes place in the bone 
marrow; although T lymphocytes also originate from the bone marrow, most 
of their development activities are in the thymus. During the maturation of B 
and T lymphocytes, they undergo a similar gene rearrangement process for 
their cell-surface receptors - T cell receptor for T cells and immunoglobulins 
for B cells, involving the use of RAG1/RAG2 and several DNA-repair enzymes 

to achieve the large diversity of their receptor repertoire. Once their 
rearrangements have finished, T and B cells need to survive their 
corresponding selection processes tested in two ways. T cells undergo positive 
selections to ensure moderate binding affinity towards antigen-MHC complex. 
In addition to that, negative selection occurs throughout the whole 
development stages of T and B cells, eliminating the auto-reactive 
lymphocytes that can bind with self-antigens with strong affinity. The complex 
and precise genetic mechanisms involved in the diversifications of immune 
repertoires ensured the striking ability of adaptive immune system to 
response to a wide range of the foreign invaders.   
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1.2 Next generation sequencing of 
immunological repertoires 

 

1.2.1 An overview of the evolution of DNA 
sequencing technologies 

 
DNA sequencing technology refers to the methods of determining the order of 
the nucleotides in DNA molecules. In the early 1970s, Ray Wu and colleagues 
at Cornell University carried out the first approach of determining DNA 
sequences by using the location-specific primer extension strategy [94, 95]. 

Based on this strategy, Frederick Sanger and colleagues developed much 
faster DNA sequencing methods, later called Sanger sequencing (also known 
as chain-termination sequencing) [96], and it is one of the most widely used 

DNA sequencing technologies in the last century.  
 

1.2.1.1 Sanger sequencing technology 
 
Sanger sequencing can be divided into four steps (figure 1.2.1). First, the 

double stranded DNA sequence is denatured into single strand using heat. 
Second, the location-specific primer, which is designed to be complementary 
to the region of the DNA sequence that is next to the region of interest, is 
annealed to the template DNA sequence. Next the solution is divided into four 
separate reactions, each includes one type of the dideoxynucleotides 
(ddATP,ddGTP,ddCTP, ddTTP), all four of the deoxynucleotides (dATP, dGTP, 
dCTP, dTTP) and DNA polymerase. The DNA sequence is then synthetized 
with the nucleotides added to the growing chain by the DNA polymerase. Last, 
the DNA is again denatured and separated by size using gel electrophoresis.  
The gel is then exposed to UV light or X-ray and the DNA sequence can be 
directly read from the gel image or the X-ray film. However, the major 
shortcomings in Sanger sequencing is the limit of the sequence length: if the 
length of the DNA being sequenced is more than 1000 base pairs, the result 
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will be vastly inaccurate. Therefore it is very ineffective in studies involving 
sequencing of large genomes such as human genome, which is almost 3 billion 

base pair long [97].  
 

 
Figure 1.2.1 A stepwise illustration of Sanger sequencing experiments. 

Sourced from [98] with permission. 
 

1.2.1.2 High-throughput sequencing technologies  
 
In the mid to late 1990s, several new DNA sequencing technologies were 
developed aiming to improve the accuracy and effectiveness of DNA 
sequencing. Together they were so called Next Generation Sequencing or 
high-throughput sequencing technologies. In 1996, Pål Nyrén and colleagues 

published their method of pyrosequencing [99], which differs from Sanger 
sequencing by relying on “sequencing by synthesis” principle. In 1997, Pascal 

Mayer and Laurent Farinelli submitted a patent about their new sequencing 
method, which mainly exploited random surface-PCR arraying methods [100]. 
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The first commercialized NGS method is from Lynx Therapeutics, which 
applied Massively paralleled signature sequencing in 2000 [101]. A major 

improvement of the efficiency of DNA sequencing happened in 2004, where 
454 Life Sciences marketed their parallelized version of pyrosequencing [102]; 
this approach reduced 6-fold the sequencing costs comparing to Sanger 

sequencing. Since then, with the fast growing needs of scientists in DNA 
sequencing, several companies have developed NGS methods with further 
improvements in sequencing efficiency, resulting in significant reduction of 
sequencing costs (figure 1.2.2) [103-107]. 

 

 
Figure 1.2.2 The change of the cost of DNA sequencing from 2001 to 2015 by 
using Sanger and Next Generation sequencing. The data from 2001 to 2007 
represents the cost of generating DNA sequence per Megabase by using 
Sanger sequencing. From 2008 to 2015, the data is about DNA sequencing 
cost by using next generation sequencing. Sourced from [108] with 
permission.  
 
Currently, the most widely used NGS platforms/technologies are Illumina 
(Solexa) sequencing [109], Roche 454 sequencing [110], Ion torrent [103] and 
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SoliD sequencing [111]. All of these technologies share the ability to sequence 
a large number of DNA molecules in parallel, providing advantages over 
classical Sanger sequencing in terms of speed, cost, sample size and accuracy. 
We take Illumina DNA sequencing (Illumina currently has the most 
sequencing machines in operation, globally) as an illustration of basic 
strategies involved in NGS sequencing (figure 1.2.3). 

 
 

 
Figure 1.2.3 The workflow of DNA sequencing in Illumina platform. Sourced 

from [112] with permission. 
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First, the genomic DNA templates are sheared into more manageable short 
fragments usually with lengths between 200 and 300 base pairs. Second, the 

“adaptors” (short sequences of DNA) are attached to the DNA fragments and 
these combinations are then applied onto the flowcell with primers attached 
on the surface. The complementary DNA fragments bind to the primers and 
become attached on the flowcell. Once prepared, these DNA fragments are 
used as templates to generate many replicates of the DNA sequences using 
Polymerase Chain Reaction (PCR) amplification forming bridges [113]. Then 
the double-stranded bridged DNA sequences in the flowcell are denatured 
into single strands using heat, generating millions of dense clusters of 
identical DNA sequences. Last, several cycles of nucleotide base reading 
process are introduced. In each cycle, fluorescently labeled terminators 
(dideoxynucleotides), primers and DNA polymerase are added to the flowcell, 
and lasers are applied on the flowcell to activate the fluorescent labels of the 
terminator nucleotide bases, which can be detected by a camera and read by 
computers automatically.  
 
A typical run of this sequencing process usually takes only a few hours to 
generate millions of DNA sequences with much lower sequencing cost 
comparing to Sanger sequencing. However, the fast accumulating sequencing 
data from NGS platforms also challenges researchers in terms of data storage 
and data interpretation. Furthermore, because current NGS platforms 
generate sequences with length usually ranging from 50 to 250 bp long, which 

are much shorter than the classical Sanger sequencing, this also poses 
challenges to the efficiency and accuracy of bioinformatics algorithms in 
genome assembly and sequence alignments. NGS technologies nowadays are 
fast innovating towards lower cost, higher accuracy and longer sequence 
lengths, which suggests that the analysis of NGS data will remain an 
important focus of bioinformatics research in the foreseeable future.  
 
 
 



  
20 

1.2.2 The construction of the human reference 
genome 

 
The human reference genome is a digital nucleic acid sequence database 
assembled from DNA sequences obtained from a number of individuals as a 
representative example of a human genome sequence [114]. It is important 
because it provides a guide when new genomes are sequenced and it is also 
used as a template in genetic variation studies in individuals. 
 
In April 2003, the first whole human genome was successfully completed 
under the Human Genome Project (HGP)[115]. The HGP was a 13-year-long 

publicly funded international project that aimed to determine the order of 
nucleotides in the human genome, performed by The International Human 
Genome Sequence Consortium, which included twenty research institutes and 
universities across the globe. Since then, with the emergence of new 
sequencing technologies [103-111], the human reference genome is 
maintained and frequently updated by the Genome Reference Consortium 
(GRC) [116]. The current reference genome build at the time this thesis is 

being written is GRCh38.p9, which was released on September 26, 2016. 
 
A major computational challenge in determining the full human genome is 
genome assembly. This is because the total length of the human genome is 
about three billion base pairs, making it impossible for current sequencing 
technology to directly sequence from one end to the other. As described above, 
current sequencing methods normally generate short reads, usually less than 
1000 base pairs. These reads are assembled like pieces of a puzzle to 

progressively form contiguous pieces, with larger pieces subsequently mapped, 
where possible, onto full chromosome sequences. There are two approaches to 
assemble a genome. When a complete and accurate reference genome is 
already available for the same species (or sometimes a closely related species), 
short reads can be mapped against the existing reference genome sequence, 
and assembled sequences, which are similar but not necessarily identical to 
the reference sequence, can be constructed. This approach requires less 
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coverage and it is very efficient for finding single nucleotide polymorphisms 
(SNP) in individuals. The major shortcoming of this method is that it may 
miss novel sequences or rearrangements that are significantly different from 
the reference sequence.  The second method is called de novo assembly, which 
consists of assembling short reads from scratch to form full-length sequence 
without the help of reference template [117]. This approach requires more 
coverage and is more computationally intensive. The major advantage of this 
method is that the assembly process is not biased towards the reference 
sequence and it may identify novel sequences. Because of the different 
shortcomings of these two approaches, hybrid genome assembly approaches 
are widely used in recent years [118-121].  

 

1.2.3 Databases of human genome variation 
 
The construction of a human reference genome and development of 
sequencing technologies provide the possibility to systematically investigate 
human genome variations. Human genome variation refers to the variation in 
the DNA sequence of the genome of different individuals. It results in 
different forms of genes, known as alleles, which may directly influence the 
biological traits of individuals such as eye color, skin tone and nose shape 
[122]. Genetic variations can be divided into several forms based on the size of 

the mutations on the genome and the types of variation.  Single nucleotide 
polymorphisms are the most common form of genetic variation in human 
(accounting for approximately 90% of the genetic variation) [123]. Single 
nucleotide polymorphisms are differences at a single nucleotide (insertion, 
deletion or substitution) across individuals. Structural variations include all 
the variations in the structures of the chromosome. For instance, copy number 
variation (CNV) is one important category of structural variations. CNV refers 
to the phenomenon that some sections of the genome are duplicated and the 
numbers of copies may vary across different individuals. Approximately 50% 
of the entire human genome is composed of repetitive sequence [124] and 
around 4.8-9.5% of the human genome can be classified as CNVs [125]. 

Genetic variation is particularly important in both evolutionary studies and 
medical applications. It can help scientists understand ancient human 
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population genetics, population migrations and allele frequency differences 
between global populations. For medicine, genetic variation can help explain 
some differences in susceptibility to certain diseases and different reactions to 
drugs. 
 

1.2.3.1 dbSNP and dbVar 
 
A number of archives of common and rare human genome variants are 
available in the public domain [126-129]. One of the most widely used public 

short-nucleotide-variation (variation < 50 base pairs) databases is the Single 
Nucleotide Polymorphism Database (dbSNP) hosted by the National Center 
for Biotechnology Information (NCBI) [130]. Although by name, dbSNP 

implies that it includes only SNPs, it actually includes different types of 
genetic variations besides SNPs, such as short deletions and insertions 
(indels), short tandem repeats (STRs) etc. Another widely used database 
hosted by NCBI named dbVar [131], contains longer variants (structural 

variations >= 50 base pairs) such as copy number variations, inversions and so 
on. Both dbSNP and dbVar accept submission of variants for any organisms 
from a wide range of sources such as individual research laboratories, genome 
sequencing centers, private businesses etc. In the current build of dbSNP 
(build 149), there are over 557 million submissions including more than 89 
million human SNPs. However, the large number of submissions also makes it 
unrealistic for dbSNP to validate the quality of each of the submissions 
thoroughly. Several research groups have questioned the quality of the SNPs 
included in dbSNP, suspecting a high false positive rate [132-137]. These false 
SNPs could be easily submitted to dbSNP from experiments with flawed 
sequencing or bioinformatics analysis pipelines. Musemeci and colleagues 
reported that up to 8.32% of biallellic coding SNPs in dbSNP are noise 
resulting from highly similar DNA sequences [138].  
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1.2.3.2 Human genome resequencing projects 
 
To resolve this chaotic situation, several genome resequencing projects aiming 
to provide an account of genomic variation found in global human 
populations were launched [139-143]. Among them, the most comprehensive 

public projects are the International HapMap project (HapMap) and 1000 
genomes project, and both of these are used as validation sources in dbSNP. 
HapMap was launched in 2002 and since then, datasets from three phases of 

this project have been published. The most recent phase (phase three), of the 
project included DNA samples from 1,397 individuals in nine populations and 
reported 1.4 million SNPs.  

 
Aiming to create the largest public catalogue of human genetic variation data, 
the 1000 Genomes Project (G1K) was launched in 2008. G1K project was 

completed in 2015 and by that point it had reconstructed the genomes of 2504 
individuals from 26 populations (figure 1.2.4) using a combination of genome 
sequencing methods (whole-genome sequencing, deep exome sequencing, 
dense microarray genotyping) and several NGS platforms (Illumina, 454, 
SOLiD) [143]. In total G1K identified 88 million variants, consisting of 84.7 
million SNPs, 3.6 million indels (insertions and deletions) and 60,000 

structural variants. The G1K project provided by far the most detailed 
description of human variation, which facilitates studies of human evolution, 
genetic variant distribution and disease association. Furthermore, the G1K 

project broadens the knowledge of scientists about germline variations of 
genes within highly variable regions such as the T cell receptor and 
immunoglobulin genes.  
 
The G1K project uses Variant Calling Format (VCF) to store sequence 
variations. Compared to the General Feature Format (GFF), VCF greatly 
reduces the size of the variant data by removing the redundant genetic 
information, which is shared across all the genomes [144]. Notably, VCF files 

provided by the latest phase of the G1K project (phase 3) are phased, which 
means that, in principle, complete sequences of gene alleles found on 
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individual haplotypes can be recovered, when the corresponding genome 
region has been sequenced to sufficient depth.  
 

 
Figure 1.2.4 Populations of the samples that are included in the 1000 
Genomes Project. Each circle in the figure represent a population and the 
circles labeled with the same color are from the same super populations 
(African, Ad Mixed African, East Asian, European, South Asian). Sourced 
from [145] with permission.  
 

1.2.4 Transcriptome sequencing and analysis    
 
Transcription is one of the fundamental processes leading to the generation of 
functional gene products (proteins and functional RNAs), which gives rise to 
phenotypes (observable traits) in individuals. The first step of gene expression 
is transcription, in which a particular section of the DNA sequence is copied 
into a new molecule of messenger RNA (mRNA).  The transcriptome is 
defined as a set of all the mRNA molecules that are involved in the gene 
expression. The analysis of transcriptomes helps us reveal the functionalities 
of many genes, as well as illustrating the molecular basis of many diseases and 
indicating possible medical treatments.  
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1.2.4.1 Gene expression Microarrays 
 

DNA microarray technology has been one of the most widely used methods for 
large-scale studies of gene expression since its invention in the 1990s [146]. 
DNA Microarrays revolutionized gene expression analysis by enabling the 
expression of tens of millions of genes to be investigated in parallel, along with 
a very affordable cost, which makes DNA microarray very popular in both 
academic and industrial research. Nonetheless, there are several major 
shortcomings of DNA microarray technology. Firstly, microarrays are limited 
to measuring the expression of genes for which the probes are designed 
(known transcripts), which makes it unsuitable for discovering novel 
transcripts. Another issue is that during the hybridization process, cross-
hybridization can occur, adding background noise to the analysis. Last and 
most importantly, the results of microarray are represented as images with 
different fluorescently labeled spots; it still remains as an open question in 
bioinformatics to precisely quantify the expression level of the genes based on 
these images [147, 148]. 
 

1.2.4.2 Bulk RNA sequencing technology 
 

RNA sequencing (RNAseq or whole transcriptome shotgun sequencing), 
which was first introduced by Mortazavi et al in 2008 [149], has gained in 
popularity as a means to analyze the transcriptome because it overcomes 
several of the problems that microarray technology has, as we mentioned 
above. RNAseq exploits high-throughput sequencing technologies to obtain 
high depth of coverage of RNA transcripts [150-152].  
 
The first step of a typical run of RNAseq experiment is library preparation 
(figure 1.2.5): a population of targeted RNA sequences is first converted into a 
library of cDNA fragments using DNA or RNA fragmentation and reverse 
transcription. Second, adaptors are attached to the cDNA fragments on one 
end or both ends and NGS methods (Illumina, 454 etc) are applied to the 

cDNA sequences to amplify and obtain millions of short sequences. The final 
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and also the most challenging step is interpreting the RNAseq data. These 
short reads generated in a high-through manner are usually mapped to the 
reference genome using specialist bioinformatics tools. Along with the 
increasing use of RNAseq, the number of bioinformatics software tools for 
RNAseq analysis is also increasing rapidly. We will discuss the bioinformatics 
algorithms involved in RNAseq analysis in details in the following sections.  
 
The RNAseq protocol described above is based on RNAseq data retrieved from 
a bulk population of cells, therefore it is also called bulk RNAseq. Current 
gene expression analysis methods involved in bulk RNAseq and microarray 
analysis estimate the mean value of a bulk population of cells by averaging the 
expression signal of individual cells. However, different cell types within a 
sample (for instance T cells, B cells, Natural killer cells etc) and cells at 
different life stages may present distinctive gene expression patterns and this 
information is not available from bulk RNAseq. For instance, the difference in 
the expression level of specific transcripts can vary as much as 1000-fold 

between presumably identical cells [153]. These problems can be resolved by 
methods in which gene expression analysis is applied at the single cell level. 
Although transcriptome analysis at the single cell level has been available for 
some years, until recently the data generated was generated in a low-
throughput manner [154-156].  
 

1.2.4.3 Single cell RNA sequencing technology 
 
In more recent years, with the advent of more sophisticated sequencing and 
isolation technologies, various methods of single cell RNAseq (scRNAseq) 
have been reported [157-162]. In general, these scRNAseq methods include 

two independent techniques. The first technique consists of single-cell 
isolation: individual cells are first harvested by micromanipulation such as 
patch pipette or nanotube, but most commonly, by using fluorescence 
activated cell sorting (FACS) [163]. The second technique concerns 
preparation of the cDNAs libraries and amplifying the cDNA by using NGS 
methods, which is similar to the bulk RNAseq as we described above. More 
recently, spike-ins and Unique Molecular Identifiers (UMIs) are widely used 
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in scRNAseq experiments to quantify the technical biases between different 
scRNAseq libraries [158,159].  

 
There are still some major shortcomings of current scRNAseq methods. First, 
unlike the sequencing libraries in bulk RNAseq, in scRNAseq, each 
sequencing library represents one cell, which may introduce a discrepancy 
between different libraries as a result of artificial noises such as different 
amplification levels between cells. Specialized normalization or spike-in 
methods have to be carefully introduced into scRNAseq analysis to resolve 
this problem. Furthermore, scRNAseq data may suffer “gene dropout” 
problem, some of the genes are moderately expressed and may not be detected 
in a given cell (164). Finally, current datasets of scRNAseq range from 102 to 
105 cells because of the relatively high cost, which may be unsatisfactory to 
investigate the expression of different cells in complex systems such as the 
immune system. However, many of these challenges may be resolved with the 
anticipated fast pace of innovation in sequencing technologies and scRNAseq 
is likely to become a major focus of research in the foreseeable future. 
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Figure 1.2.5. A typical workflow of RNAseq experiments and analysis. 
Sourced from [165] with permission. 

 

1.2.4.4 Computational analysis of RNAseq data 
 
A typical run of RNAseq analysis includes quality control (QC), sequence 
mapping, expression quantification and differential expression analysis 
(figure 1.2.6).  
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Figure 1.2.6 a step-wise workflow of typical steps involved in RNAseq data 
analysis.  

 
Quality control is a critical process in all kinds of NGS data analysis. As we 
have described in previous chapter, a typical run of deep sequencing yields 
millions of nucleotide sequences, and the quality of each sequence may vary 
due to different platform-specific artifacts. Poorly sequenced reads 
substantially influence the accuracy of the subsequent analysis. The per-base 
quality score was introduced to reflect the confidence that the base is correctly 
called. The Phred quality score is one of the most widely used quality scores 
and it is defined as follows [166, 167]: 
 

! = −10 ∗ !"#!"! 

 
Where p is the probability that the base call is incorrect. Typically, the 
sequences generated from NGS platforms are reported with both the 
corresponding per-base quality scores, and sequence data in this form are 
named as FASTQ format. In order to optimize the data storage of FASTQ files, 
the quality score is encoded as ASCII codes by converting the numerical value 
to the its corresponding ASCII character. One of the major approaches of 
quality control is analyzing the sequence quality and trimming the error-
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prone sequences with poor quality scores. In addition to that, there are other 
quality issues that need to be resolved with special care, such as sequence 
duplications and the presence of adaptors etc. There are many tools designed 
for addressing the above issues, such as FastQC [168], NGSQC [169], FASTX-
toolkit (170) and Trimmomatic [171].  
 
After quality control, the analysis-ready reads are mapped to a set of reference 
sequences to determine their genomic locations and corresponding transcripts. 
The basic objective of sequence mapping or sequence alignment is to find the 
most similar region in the reference sequence for each input read. The 
strategies involved in sequence mapping can vary across different RNAseq 
datasets depending on the availability of reference data from the targeted 
organism, thus this step can be further divided into two scenarios: mapping to 
the reference genome or mapping to the reference transcriptomes.  Mapping 
to the reference genome is mainly used in overall gene expression studies to 
investigate the abundance of all the included transcripts; bioinformatics tools 
such as TopHat [172] and STAR [173] are often used in this scenario. In 
studies that are focusing on a small sets of transcriptomes (for instance the 
transcriptomes from T cell receptor or immunoglobulin genes) and the 
corresponding transcriptome reference sequences already exist and are well 
annotated, the reads are mapped to a small set of reference transcriptomes, 
which saves large amounts of computational resources. Tools such as Bowtie 
[174] and HTSeq [175] are widely used in this scenario.  

 
De novo transcriptome assembly is often applied on RNAseq data from 
organisms without a reference model (figure 1.2.7). Transcriptome assembly is 

different from genome assembly as we described earlier, by presenting some 
unique challenges, thus a range of customized transcriptome assemblers have 
been developed [177-180]. Briefly, the basic idea of these assemblers is that 
they first assemble the short reads into longer contigs using different 
algorithms such as overlap graphs or de-Bruijn graphs, subsequently, they 
treat these long contigs as the reference transcriptomes, and the raw reads are 
mapped back to them. Either with reference-based mapping or de novo 
assembly, transcriptome mapping based on short reads remains as a 
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challenging problem. There are growing trends of long-read technologies such 
as Smart-Seq [162] and SMRT (Single Molecule Real-time Sequencing 

Technology) [181] in recent years, which are believed to be promising 
approaches that can improve the power of the transcriptome analysis.  
 

 
Figure 1.2.7 Three different approaches used in transcriptome mapping. a. 
reference genome based approach.  b. transcriptome reference based 
approach. c. non-reference based (de novo) approach. Sourced from [176] 
with permission 
 
One critical challenge in transcriptome analysis is to accurately determine or 
quantify the expression level of different genes. The intuitive approach for 
quantifying the expression of one particular gene is to simply count the 
number of sequences that are mapped to it (this approach is used in tools such 
as HTSeq-count and feature counts) [182]. However, counting the raw reads 

alone is problematic due to several factors, including different length of the 
transcripts, different total number of the reads (library size) across samples 
and sequencing biases in different batches of experiments.  RPKM (read per 
kilobase per million mapped reads) is often used in transcript quantification 
by calculating the mapped reads normalized by the library size and the 
transcript length [183]. Another similar metric, FPKM (fragment per base per 
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million) differs from RPKM by counting the mapped fragments instead of the 
mapped reads, which is preferred in paired-ended RNAseq experiments. 
Because in the paired-ended RNAseq data, one cDNA fragment corresponds 
to a pair of sequence reads, and this does not mean that both reads can be 
successfully mapped, thus, counting reads may lead to bias towards some of 
the cDNA fragments that contain both reads successfully mapped. TPM 
(transcript per million) is a relatively new metric reported in RSEM [184], 

which provides a more comparable expression value between different 
samples, a detailed description of TPM calculation is described in the methods 
section in Chapter Four.   
 
Transcriptome quantification is the essential prerequisite for differential gene 
expression analysis, which is the most fundamental research problem that 
most of the RNAseq experiments are designed for. The main objective of 
differential gene expression analysis is to find the genes that are differently 
expressed between conditions such as healthy or diseased, which help us 
understand the molecular basis of phenotypic variations in these conditions. 
There are several bioinformatics software applications developed for detecting 
differentially expressed genes by using a range of statistical models such as 
edgeR [185], DESeq [186], baySeq [187], NOISeq etc [188].  However, special 

attention has to be paid while choosing different bioinformatics analysis 
pipelines as many benchmarking studies have suggested that there was no 
“gold standard” pipeline that can significantly outperform all the other tools 
on different datasets [189-191].  

 
As we have described in previous chapters, single cell RNAseq differs from 
bulk RNAseq in that each cell in single cell RNAseq experiments represents 
one library, instead of a population of cells as in bulk RNAseq experiments. 
Additional cell quality control is introduced to filter out cells with poor 
sequence quality and unsatisfactory amplification [192]. In addition to that, 
the amount of RNA sequenced from different cells may vary considerably; 
thus, between-cell normalization is an essential step in single cell RNAseq 
analysis. There are also some additional controls introduced in single cell 
RNAseq experiments. The most common approaches are spike-ins and 
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Unique Molecular Identifiers (UMI) [193, 194].  The spike-ins are artificial 
RNA molecules, such as those from the External RNA Control Consortium. 
Spike-ins with known concentration are added to lysate of the cell before the 
transcription reaction, which can help reveal the quality of the library. For 
instance, if the sequences are mainly mapping to the spike-ins instead of the 
endogenous RNAs, it indicates that the quality of the library is poor. 
Furthermore, because the concentrations of the spike-ins are known, these 
can be used to predict the extent of the amplification, which can be used in the 
cell-to-cell normalization process. Single cell RNAseq did not gain wide 
popularity until 2014 when the sequencing cost became sufficiently low, and 

currently there are only a handful of tools that are specialized for single cell 
RNAseq analysis [195-197].  Although several computational analysis methods 
in bulk RNAseq can be applied on single cell RNAseq data, special adaptions 
of these methods are needed. With growing interest from scientists in this 
technology, more powerful single cell RNAseq analysis tools will be developed 
in the near future. 

 

1.2.5 Lymphocyte receptor repertoire profiling 

 
As discussed earlier V (D) J gene rearrangements and somatic hypermutations 
(for immunoglobulins only) lead to a very high level of diversity of 
immunoglobulin receptors. In addition to that, many TCR/IG sequences share 
very high similarities within their repertoire. The large diversity and high 
similarity of this genomic region provides challenges both for the sequencing 
technologies and computational analysis. Therefore, specialized 
immunological repertoire sequencing protocols and bioinformatics analysis 
pipelines have been developed. 
 

1.2.5.1 Lymphocyte receptor sequencing protocols 
 

There were many studies using low-throughput methods to investigate the 
lymphocyte receptor repertoire since the 1990s [198-200]. Most of these 
studies investigated the VDJ recombinants of T cell receptors and 
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immunoglobulins to determine the CDR3 region in up to hundreds of cells per 
experiment. These studies yielded many important immunological insights 
concerning the recognition mechanisms of TCRs and immunoglobulins. 
However, although most of these discoveries were successful, the number of 
TCR and immunoglobulin sequences involved in these studies were usually up 
to hundreds, which is far below the theoretical diversity (up to 1012 clonotypes), 

thus providing only a very limited view of the full lymphocyte receptor 
repertoire. 
 
The application of NGS technologies in recent years has shed some light onto 
immunological repertoires by generating much higher coverage of TCR/IG 
sequences, providing the possibility to gain a much broader picture of the 
immune repertoire. There are several NGS platforms that can be applied to 
lymphocyte receptor sequencing [201]. A typical run of lymphocyte receptor 

sequencing (figure 1.2.8) starts with careful selection of the subpopulation of T 
and B cells of interest, due to the well-acknowledged heterogeneity of T cell 
receptors and immunoglobulin between individuals and cell types (CD8+ T 

cells, CD4+ T cells, naïve and memory T/B cells etc.) [202, 203]. Most 
commonly, human peripheral blood is the main source for harvesting T and B 
cells in these studies because of its convenience. Notably, using the T and B 
cells retrieved from peripheral blood only revealed a limited view of the 
human lymphocyte repertoire, because only a small fraction of T and B cells 
are present in peripheral blood in human. For instance, only approximately 2% 
of the B cells are found in peripheral blood [204]. 

 
Similar to other NGS protocols described above, the second step in 
lymphocyte receptor sequencing is library preparation and amplification. The 
primers here need to be carefully redesigned because different V and J gene 
segments are included in different TCRs and immunoglobulins, ruling out the 
possibility of creating a common primer for the CDR3. Thus multiplex PCR is 
usually introduced in lymphocyte receptor sequencing experiments by using 
unique primers for all the possible combinations of the V and J segments 
[205]. However, there are many shortcomings of the multiplex PCR approach, 
such as non-specific amplification, primer-dimer formation and uneven 
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reactions. Most importantly, multiplex PCR methods may introduce biases: 
The amplification levels of different primers may vary among different 
combinations of V and J segments, resulting in biases towards certain TCR or 
immunoglobulins, which contain V and J combinations with primers that are 
more amplified [206]. Further normalization steps based on barcoding 
approaches could be useful to resolve this issue [207]. 
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Figure 1.2.8 Workflows of immunoglobulin sequencing by using NGS 
approaches. (a). Immunoglobulin sequencing from a bulk population of B 
cells. (b). Three different methods in Single B cell RNA sequencing. Sourced 
from [204] with permission. 
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1.2.5.2 Bioinformatics pipelines for immune repertoire 
analysis  

 
The TCR and immunoglobulin repertoire provides a screenshot of the 
immune status of individuals in different conditions such as disease, aging or 
autoimmunity, and they can be further regarded as important biomarkers for 
personalized medicine. The accurate understanding of immune repertoire 
relies on sophisticated computational analysis methods. However, 
computational analysis of TCR and Immunoglobulin NGS data present some 
unique challenges due to the extraordinary heterogeneity of the immune 
repertoire [204]. In recent years, a range of bioinformatics tools were 
developed, specialized for immune repertoire analysis [208-219]. The 

fundamental objectives included in all the tools are to correctly map the raw 
sequences to their corresponding genomic V, (D) and J gene segments, 
determine the CDR3 region, and then to calculate the abundances of different 
clonotypes. Using these results, further tasks include determining the 
frequency distribution across clonotypes, calculating different V (D) J usage 
and measuring the diversity of the repertoire (figure 1.2.9). 
 
Due to the unique genetic recombination process involved in TCRs and 
immunoglobulins, gene-mapping algorithms used for lymphocyte receptor 
sequences are different from most of the alignment algorithms used in other 
bioinformatics alignment tasks. A raw TCR or immunoglobulin sequence 
generated from a NGS platform usually consists of part of the V, all the D (for 
IGH and TCRB only) and part of the J gene segment. The ultimate purpose of 
sequence mapping is to correctly determine which V, D (immunoglobulin 
heavy chain and TCR beta chain only) and J gene is used in one particular 
lymphocyte receptor sequence. This process includes two important factors 
that can directly influence the reliability of the analysis. The first factor 
concerns the comprehensiveness and accuracy of the reference sequences of 
lymphocyte receptor genes. Currently, IMGT is the most widely used reference 
database in all the TCR and immunoglobulin sequence specialized 
bioinformatics tools. However, as we outline in Chapter three, several studies 
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have suggested that IMGT might be incomplete and contain errors [220-222]. 
Second, immune receptor gene mapping requires robust and fast alignment 
algorithms, which can effectively determine the correct reference gene 
segments based on truncated and heavily mutated sequences.  In chapter two, 
we described in detail the VDJ alignment algorithm we developed in our 
bioinformatics pipeline for immune receptor repertoire analysis [217]. 

 

 
Figure 1.2.9 Common steps involved in the computational analysis of T cell 
receptors and Immunoglobulins. The analysis can be further divided into 
low-level processing and high-level processing. In low-level processing 
(green box), the raw sequences are assigned to their corresponding reference 
V (D) J gene segments with different alignment and error correction 
algorithms. The high level processing (blue box) mainly involves interpreting 
the results to reveal the clinical and biological meaning of the given TCR/IG 
repertoire.   Sourced from [208] with permission. 

 
In addition to the V (D) J gene alignment, immune repertoire analysis usually 
includes the determination of hyper-variable CDR3 region, which plays a 
crucial role in antigen binding. The CDR3 region is defined as the sequence 
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starts from the last cysteine of the V gene segment to the conserved [FW] GXG 
motif (X represents any amino acids) on the J gene segment. The 
determination of the CDR3 region is relatively straightforward by targeting 

the conserved motifs, but it needs special care while determining the last 
cysteine of the V gene segment. This is because for some of the TCR and 
immunoglobulin sequences, there may be two or more cysteines located 
before the [FW] GXG motifs of the J gene, thus it is hard to determine which 
one is the last cysteine on the V gene. For this reason most of the 
bioinformatics tools firstly determine the reference V (D) J sequence of the 
raw sequences, and use the reference location of the V genes to find the last 
cysteine.  
 
After assigning the V, (D) and J genes and extracting the CDR3 region, one 
particular TCR or immunoglobulin clonotype can be represented by its CDR3 

nucleotide sequence, reference V, D and J gene, which is used as the standard 
output format in most of the immune receptor specialized bioinformatics tools 
mentioned above. By counting the abundance of each clonotype, we can 
construct the frequency distribution of different clonotypes and this can be 
further used to determine the direction of the clonal expansion of the TCR/IG 
repertoire in different conditions. In addition to that, diversity measurements 
of the TCR and immunoglobulin may be of direct interest, such as for the 
analysis of the repertoire diversity in clinical samples [223, 224]. Notably, it is 
important to use suitable diversity measures to reveal the true diversity of the 
TCR/IG repertoires. There are several diversity measures that can be applied 
to immune repertoire analysis, such as Shannon entropy, Simpson Index and 
Rényi entropy [225]. All of these take into account two factors: the number of 

different clonotypes (richness) and the evenness of the distribution across 
clonotypes. Measures of immune receptor repertoire diversity are discussed in 
greater detail in Chapter four. 
 
In summary, immunological sequencing technologies are evolving 
continuously in recent years, providing a more precise estimate of 
immunological repertoires from high-resolution sequencing data. However, 
considering the size and complexity of the immune repertoire, further 
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improvements are still needed in constructing standard immunological 
sequencing experiments with less background noise. In addition to that, 
normalization steps based one spike-in approaches for different primers of VJ 
combinations are necessary in sequencing protocols. Furthermore, during the 
TCR/IG sequences analysis, besides carefully choosing the alignment 
algorithms (described in detail in Chapter Two), the selection of the reference 
sequences also directly influences the accuracy of the results (further 
described in Chapter three). 
 

1.3 Aims and objectives 
 
In this thesis, we set out to create a sophisticated high-throughput solution for 
immunological repertoire analysis, and to apply it to investigate biological 
questions. Specifically, we first aimed to develop a robust and effective 
bioinformatics algorithm to process next generation sequencing data from 
lymphocyte receptors. Subsequently, we asked if it is possible to infer a more 
comprehensive collection of TCR and immunoglobulin reference sequences 
based on the abundant human resequencing data accumulated in recent years. 
Lastly, we aimed to analyze the characteristics of the allelic diversities of the 
TCR and immunoglobulins, using high throughput genomic and 
transcriptome sequencing data available in the public domain. 
 
In the first research chapter, we set up the objective to develop a software 
application that integrates sophisticated alignment algorithms and additional 
features for statistical analysis of TCR and immunoglobulin repertoires. 
Immunologists have shown growing interest in understanding the frequency 
distribution of different clonotypes of TCR and immunoglobulins in different 
conditions. More efficient and accurate bioinformatics pipelines specifically 
tailored for TCR and immunoglobulin sequencing analysis are needed because 
of the complexity of the lymphocyte receptor repertoire. 
 
In addition to the alignment algorithm, the completeness and accuracy of 
reference sequences for TCR and immunoglobulin genes used during the 
alignments has a large effect on analysis pipelines. Thus in the second 
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research chapter, we aimed to create a more comprehensive collection of 
reference sequences of TCR and immunoglobulin gene based on the human 
resequencing data, given the fact that currently the most widely used 
reference database IMGT appeared to be incomplete [220-222]. 
 
In the last research chapter, we aimed to investigate some research questions 
relating to the germline allelic diversity of human immune receptor genes by 
utilizing the high-throughput approaches we developed in the previous 
projects. We first asked if there is any difference in the allelic diversities of 
different TCR and immunoglobulin genes among the global populations, given 
the fact that there were more genetic variations in African populations than 
the Non-African populations [227].  Furthermore, we asked if allelic 
diversities of the immune receptor genes were associated with their genomic 
locations. Last, we hypothesized that more frequently used genes are under 
higher diversifying selection pressure, resulting in higher allelic diversity. To 
investigate this hypothesis we examined the correlations between the allelic 
diversities of the TCR and immunoglobulin genes with their RNA expression. 
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Chapter 2 – LymAnalyzer: a tool for 
comprehensive analysis of next 
generation sequencing data of T cell 
receptors and immunoglobulins 
 

 
 
 

The content of this chapter was published as: 
 Yu, Y., Ceredig, R. and Seoighe, C., 2015. LymAnalyzer: a tool for 

comprehensive analysis of next generation sequencing data of T cell 
receptors and immunoglobulins. Nucleic acids research, p.gkv1016. 

   
2.1 ABSTRACT 
 
The adaptive immune system includes populations of B and T cells capable of 
binding foreign epitopes via antigen specific receptors, called immunoglobulin 
(IG) for B cells and the T cell receptor (TCR) for T cells. In order to provide 
protection from a wide range of pathogens, these cells display highly diverse 
repertoires of IGs and TCRs. This is achieved through combinatorial 
rearrangement of multiple gene segments in addition, for B cells, to somatic 
hypermutation. Deep sequencing technologies have revolutionized analysis of 
the diversity of these repertoires; however, accurate TCR/IG diversity 
profiling requires specialist bioinformatics tools. Here we present 
LymAnalzyer, a software package that significantly improves the completeness 
and accuracy of TCR/IG profiling from deep sequence data and includes 
procedures to identify novel alleles of gene segments. On real and simulated 
datasets LymAnalyzer produces highly accurate and complete results. 
Although, to date we have applied it to TCR/IG data from human and mouse, 
it can be applied to data from any species for which an appropriate database of 
reference genes is available. Implemented in Java, it includes both a 
command line version and a graphical user interface and is freely available at 
https://sourceforge.net/projects/lymanalyzer/. 
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2.2 INTRODUCTION 
 
T cell receptors and Immunoglobulins recognize diverse arrays of foreign 
antigens and play important roles in the adaptive immune response. The 
diversity of TCRs and IGs is achieved by V(D)J recombination (for both TCRs 
and IGs) and somatic hypermutation (for IGs). V(D)J recombination is a 
stochastic process of rearrangement of variable (V), joining (J) and diversity 
(D, for the TCR beta chain and IG heavy chain only) gene segments during the 
early stages of T and B cell maturation. Somatic hypermutation is the T cell-
dependent process through which IGs undergo extremely high rates of 
somatic mutation during the proliferation of B cells in germinal centres. As a 
consequence of this hypermutation process, B cells are selected for their 
expression of higher affinity IG’s, a process called affinity maturation. The 
complementarity determining region 3 (CDR3) which includes part of the V, 
all of the D and some of the J gene segments is the most variable region of 
TCR/IG sequences and plays the major role in binding specificity. In man, 
theoretical estimates of the number of distinct TCR and IG generated by this 
mechanism are around 1010 [228]. The analysis of CDR3 diversity within 
individuals reveals insights into the mechanisms of adaptive immunity as well 
as clinically relevant information about the state of the immune system in 
individual patients [229]. Therefore, robust bioinformatics pipelines for 
comprehensive analysis of TCR/IG diversity are required. 
 
Compared to the Sanger sequencing technology, next generation sequencing 
(NGS) technology provides information at much higher resolution about the 
DNA sequences of TCR and IG, allowing more complete analysis of 
lymphocyte repertoires. This gives us an opportunity to gain a better 
understanding of adaptive immunity. Typically, the main objectives are to 
identify the VDJ genes, extract the CDR3 region and estimate the diversity of 
the lymphocyte repertoire. Existing software packages are available for VDJ 
identification and CDR3 extraction. IgBlast [210] and IMGT/High-V-Quest 

[209] are both web-based tools for TCR/IG sequence analysis that make use of 
dynamic programming sequence alignment algorithms. These tools include 
user-friendly graphical user interfaces (GUIs), and they are fast and robust 
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enough for the analysis of small numbers of TCR/IG sequences. iHMMune-
align [230] uses a hidden Markov model to align IG sequences. However, for 

high throughput sequencing datasets, these three tools are no longer suitable 
due to the limited numbers of sequences they can process (no more than 
150,000 reads), as all of these tools were developed for sequence data 
generated by traditional sequencing technologies. More recently, 
Decombinator [211] and MiTCR [214] were developed specifically for the 
analysis of NGS data from TCRs (neither tool currently allows the analysis of 
IG sequences). MiXCR [214] is the most recently developed tool for the 

analysis of TCR/IG data. However, we demonstrate here that techniques used 
to achieve the speed required for the analysis of NGS data by these tools result 
in reduced accuracy in VDJ gene assignment and an incomplete profile of TCR 
diversity. Here we present LymAnalyzer, a software package for the 
comprehensive and accurate analysis of TCR/IG NGS data. The alignment 
step in LymAnalyzer, which is based on a fast-tag-searching algorithm, results 
in rapid identification of VDJ gene segments, with significantly improved 
accuracy and completeness compared to existing tools applied to TCR data. In 
addition, LymAnalyzer can be applied to IG sequences, includes an integrated 
single nucleotide polymorphism (SNP) calling algorithm that identifies novel 
alleles of the VDJ gene segments and produces lineage mutation trees to 
represent the affinity maturation process of the IGs.  
 

2.3 MATERIALS AND METHODS 
2.3.1 The workflow of LymAnalyzer 
LymAnalyzer consists of four functional components: VDJ gene alignment, 
CDR3 extraction, polymorphism analysis and lineage mutation tree 
construction (figure 2.1).  
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Figure 2.1. The stepwise workflow of LymAnalyzer. 

 
TCR/IG Diversity analysis is the first process in the pipeline. This process 
includes three steps, the first of which is V/D/J alignment. For each input 
sequence, we use a fast-tag-searching algorithm, described in detail below, to 
determine the reference V, D and J genes from which this input sequence is 
derived. Each input sequence is aligned against all sequences in the 
International Immunogenetics Database (IMGT) [78] and the best matching V, 

D and J sequences are selected.  In the second step we extract the CDR3 
region from the sequence. The CDR3 region of TCR/IG begins with the last 

cysteine of the V segment and ends with the conserved motif  [FW] GXG (X 
represents any amino acid) in the J segment. The conserved motif in the J 
segment is straightforward to identify in the input sequence because 12 
nucleotides are sufficient to ensure unique occurrence within the TCR/IG 
sequences. But for the cysteine motif in the V segment, there may be two 
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cysteines both located towards the end of the sequence. In our pipeline, for 
each of the input sequences, we first find the location of the last cysteine of the 
corresponding reference V gene we obtained from the alignment step. We 
then map this location back to the input sequence to determine the position of 
the last cysteine on the input sequence. This allows us to determine the 
sequence of the CDR3 region. The third and final step involves classification of 
the CDR3 sequences. After we obtain the CDR3s from previous step, we 

classify the input sequences. CDR3 sequences are clustered into clonotypes 
and the number of clonotypes and the number of sequences per clonotype are 
calculated. This process is discussed in detail below.  
 
Users can also choose to perform polymorphism analysis to identify novel 
SNPs that do not correspond to alleles that are not contained in the IMGT 
database. Each potential SNP, as well as the observed frequencies of the 
alternative alleles, is included in the result report. For immunoglobulins, by 
default LymAnalyzer will also create lineage trees that describe the stepwise 
somatic hypermutation of immunoglobulin sequences in the germinal center 
[231].  

 

2.3.2 NGS data for TCRs/IGs 
We obtained TCR/IG sequence data from the NCBI Sequence Read Archive 
(SRA) to test the performance of LymAnalyzer. The experimental data 
consisted of two datasets. The TCR sequence data (SRA index: PRJNA229070) 
used here is from Putintseva et al [232]. It consists of nine samples; the 

number of reads in each sample ranges from 4,202,419 to 13,872,805. The 
reads are all from the beta chain of TCR covering part of V, all the D and part 
of the J region (100bp long). A second dataset, consisting of immunoglobulin 

sequences, (SRA index: SRP017087) is from Doria-Rose et al [233]. This 
dataset contains seven samples, with read counts varying from 271,382 to 

23,191,224. Each sequence is 250bp long and comes from the heavy or light 
chain of the IG. It contains part of V (all the D for heavy chain) and part of the 
J region. Putintseva et al used MiTCR to analyse the TCR data, Doria-Rose et 
al exploited their own bioinformatics pipelines, which included BLAST to 
process the IG data.  
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2.3.3 Simulated dataset 
We used simulation to compare the accuracy of LymAnalyzer and existing 
tools. Firstly we created a reference gene database: the reference V, D and J 
gene database used in our simulation pipeline is obtained from the latest 
version of IG/TCR repertoire of IMGT database. For each of the simulated 
sequences, we selected the V, D and J gene segments assuming uniform gene 
usage from the reference gene database. Mismatches were introduced to 
simulate the combined effects of PCR errors, sequencing errors and 
mutations/polymorphisms in the input sequences, each of which can lead to 
differences between the input sequences and the corresponding gene 
segments in the database. Three mismatch levels were used: no mismatches, a 
low mismatch level and a high mismatch level.  For the low mismatch level, 
there were 0-7 mismatch(es) on the V gene, 0-1 mismatch on the D gene and 

0-3 mismatch(es) on the J gene. For the high mismatch level, there were 0-15 
mismatch(es) on the V gene, 0-2 mismatch(es) on the D gene and 0-5 
mismatch(es) on the J gene. The number and the position of the introduced 
mismatch(es) in the corresponding gene were both uniformly distributed. 
After obtaining the “mutated” V, D and J segments, we added 0-6 randomly 
generated nucleotides to the V-D and D-J junction to simulate nucleotide 
insertions during VDJ recombination. We generated three datasets, with 
varying mismatch rates, each consisting of 20 samples. Each of the samples 
contained 200,000 TCR/IG sequences. 
 

2.3.4 Fast-tag-search based alignment algorithm 
Due to the large size of NGS datasets fast algorithms are required for sequence 
alignment. LymAnalyzer uses an alignment algorithm based on fast-tag-
searching to map the input sequence to reference V and J segments. We first 
define a detection tag set that consists of multiple short detection tags from 
the input string. Iteratively we use detection tags from the tag set to search for 
perfect matches in the second string and store the indexes that obtain perfect 
matches. Subsequently we calculate the Hamming distance (the number of 
positions at which the corresponding symbols are different) of these two 
strings by extending from each perfect match index (figure 2.2). By default, 

the reference VDJ genes used by LymAnalyzer are derived from the most 
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recent update of the IMGT database; however, users can also choose to import 
their own reference gene database. For each of the reference genes, we select 
the last five nucleotides from the 3' end of the sequence as our first detection 

tag T1. Then we select another five nucleotides, which are located adjacent to 
the previous detection tag by extending towards the 5' end. The same 

operations are repeated until we obtain five detection tags (The number of the 
tags is an adjustable parameter that can be defined by users; it is five in the 
default setting) and we get the detection set V as 

V = {T1, T2, T3, T4, T5}       (1) 

For any reference J genes, instead of choosing the last five nucleotides of the 3' 
end, the algorithm starts from the 5' end. The same operations as we 
described for the reference V gene are repeated three times (This is an 
adjustable parameter that can be defined by users; it is three in the default 
setting) to get the J set where 

            J = {T1, T2, T3}           (2)  
Furthermore, we locate the indexes that have perfect matches with the first 
tag, T1, for each of the input sequences. However this may not be successful 
due to mutations and sequencing errors in the matching region; hence, the 
five detection tags used for the V genes and three detection tags used for the J 
genes. If the preceding tag fails, we used the subsequent tag to repeat the 
matching. Once we find perfect matching index(es), we extend in both 
directions from this index and calculate the matching score, which consists of 
the number and percentage of matches between the input and reference 
sequence. If the number of matches passes the minimum threshold (i.e. 90% 

match and 30bp matches), we keep the corresponding reference gene in the 
candidate set. After this process is applied to all of the reference genes, we 
choose the sequence with the highest percentage of matches from the 
candidate set. As J genes are shorter than V genes, we use only three detection 
tags in the J genes and the minimum threshold requires only 20bp matches. D 
gene alignment is different from V and J gene alignment because D genes are 
short (12-16bp) relative to V and J genes, D genes are quite similar to each 

other and the D gene is inside the CDR3 region, which is hyper variable. Once 
we have successfully aligned the V and J genes, we remove the region that is 
aligned with them. The remaining sequence contains only the D gene. We 
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choose the last three nucleotides from the 3' end and 5' end of each reference 
D gene as our detection tags. Again we use the detection tags to find a perfect 
match and extend to get a matching score. Subsequently we select the D gene, 
which has the highest matching score and passes the minimum matching 
threshold (90% match and 10bp matches), as our aligned D gene segment.  

 
Figure 2.2. Alignment algorithm: Reference V and J genes are shown in the 

boxes on the right and left. The 5 detection tags of one of the reference V 
genes (TRBV2*02) are labelled with different colours within the V gene 
sequence (left). Tag 1 (red) fails to achieve an exact match with the input 

sequence but an exact match with tag 2 (green) can be used to extend an 
alignment in both directions. Similarly exact matching of tag 1 (red) seeds 

the alignment of J sequence TRBJ2-7*01 (right) to the input.  
 

2.3.5 CDR3 extraction and classification 
Once the reference VDJ genes of each input sequence have been determined, 
we extract the CDR3 sequence and classify the input sequences by their CDR3. 

Input sequences are in the same CDR3 class if they are mapped to the same 
V(D)J genes and have identical CDR3 region nucleotide sequences. CDR3 
classification takes place in two stages: We firstly perform preliminary 
classification based on exact matching of the extracted CDR3 sequence and 
count the number of each clonotype (CDR3 classes). This results in large 
numbers of singleton clonetypes and clonetypes that have small numbers of 
copies. CDR3 sequences with counts below an adjustable portion (default = 

0.001%) of the sequences are labelled as “minimum sequences”, with the rest 
of the sequences labelled as “core sequences”. For each of the minimum 
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sequences, we calculate its Hamming distance to the core sequences of the 
same length. If the Hamming distance is less than M steps (M is an adjustable 
parameter, default = 2), we merge the minimum sequence with the 

corresponding core sequence. This process is repeated by iterating over the 
minimum sequences. 
 

2.3.6 SNP calling  
After the input sequence has been aligned with the corresponding reference 
genes, it is straightforward to locate nucleotides that do not match the 
reference sequence. These are considered as potential SNPs in the input 
sequences. In order to avoid treating PCR errors as potential polymorphisms 
we use two criteria described by Schott et al [221]. The first is that the same 

gene variant should occur in multiple V(D)J combinations. For instance, when 
we are searching for V gene SNPs we require the potential non-reference allele 
on the V gene to associate with more than three different J genes. As we have 
more V genes than J genes, the minimum number of different V genes 
required to define a potential SNP on the J gene is five. The second criterion 
to identify a candidate SNP is that the non-reference allele should occur at a 
frequency of at least 10% among the sequences of the corresponding gene. 
This is informed by the assumption that somatic point mutations should occur 
in fewer than 5% of all the sequences, unless they are within the G/C mutation 

hot spot, in which case they can reach a frequency of 10% [221]. 
 
In order to efficiently store and index the potential SNPs, we use a nested 
Hashmap structure (figure 2.3). For each of the mutations found in a given 
reference gene, we calculate the percentage of mutations and the number of 
different gene types associated with them. If the two criteria mentioned above 
are met we store it in the potential SNP dataset for downstream analysis. 
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Figure 2.3. Data structure used in SNP analysis. For each of the reference 

genes, we have a Hashmap storing the mutation information. For reference 
J gene TRBJ2-01, three mutations are detected (shown in red). For example, 
G12T means Glycine at position 12, mutated to Tyrosine. This mutation is 

found in combination with three different V segments with a combined 
frequency of 4.3%. 
 

2.3.7 Mutation tree construction 
LymAnalyzer creates lineage mutation trees for immunoglobulins. The lineage 
mutation tree construction algorithm used in LymAnalyzer is based on the 
modification of the distance method concept exploited by Barak et al [234]. As 
noted by the authors, this method does not aim to simulate the particular 
mutation process that occurred. Instead it aims to reveal the minimal steps 
that could have led to the observed sequences. We firstly define the root 
sequences, which are those sequences with the original germline configuration. 
For each of the root sequences, we find the sequences that are within ten 
Levenshtein steps (the minimum steps required to change one string to 
another only using insertions, deletions or substitutions). Each layer of the 
tree is created according to the distance to the root node. 
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2.3.8 Statistical test 
We used two approaches to test the statistical significance of differences in 
proportions of mapped reads. Treating individual sequence reads as the 
statistical unit, the equality of the proportion of mapped reads (and, in the 
case of the simulated data, the proportion of correctly mapped reads) between 
two methods was tested using the chi-square test. In the case of the real data it 
may be more appropriate to treat samples as the statistical unit because there 
may be differences between samples that affect the performance of different 
methods (e.g. different levels of mismatch with the reference genes). 
Therefore, we also used the Wilcoxon signed-rank test to perform a paired 
comparison of the median proportions of reads from the biological samples 
mapped by each method. The significance threshold for both tests was set at 
0.01. 

2.3.9 Implementation and software resources 
The algorithms, command line console and graphic user interface of 
LymAnalyzer were implemented in Java 1.8 by using Eclipse (4.5.0). IMGT 
database was used as the reference database and test sample datasets were 
acquired from NCBI database. 
 

2.3.10 Authorship contribution statement 
YY, RhC and CS carried out the conception and the design of the study. YY 
developed the algorithm, implemented the software packages, performed the 
analysis and drafted the manuscript.  
 
 

2.4 RESULTS 
2.4.1 Accurate CDR3 extraction and VDJ identification  
LymAnalyzer was first applied to a dataset in the public domain (SRA: 
PRJNA229070), consisting of short read TCR sequences from nine samples. 
LymAnalyzer consistently mapped a significantly higher proportion of the 
reads (figure 2.4A), compared to MiTCR, MiXCR and Decombinator (p < 0.01 

in all cases; See Materials and Methods for details of statistical tests). The 
decline in the proportion of extracted reads from all three tools from sample 
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SRR103674 to sample SRR1033679 was due to differences in sequencing 
quality. We also compared the performance of LymAnalyzer with MiXCR on 
IG sequences using a publicly available dataset (SRA: SRP017087). Because 
many of the reads in this dataset do not cover the CDR3 region, a large 
proportion of the reads remained unmapped by both tools; however, 
LymAnalyzer mapped a larger portion of reads compared to MiXCR in all 
cases (figure 2.4B)(p < 0.01). 
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Figure 2.4. Results based on real dataset. (A) The comparison of mapping 
completeness of TCR data among LymAnalyzer, MiTCR, MiXCR and 
Decombinator. LymAnalyzer outperformed the other tools in all nine sample 
based on the completeness of the alignment. (B) The comparison of mapping 
completeness of IG data between LymAnalyzer and MiXCR. LymAnalyzer 
consistently mapped larger proportions of reads compared to MiXCR in all 
the samples. 
 
We used simulated datasets to investigate the accuracy and completeness of 
the results generated by LymAnalyzer. Each simulation consisted of VDJ 
recombination together with different mismatch levels. For simulated TCR 
data, in the absence of mismatches, LymAnalyzer can map all of the sequences, 
whereas MiTCR only mapped 91% of the sequences (figure 2.5A). As the 
mismatch level increased, the number of reads that MiTCR and LymAnalyzer 
mapped declined gradually, as expected; however, LymAnalyzer still mapped 
a greater proportion of the reads than MiTCR. In addition to mapping a 
greater proportion of the reads, LymAnalyzer was also significantly more 
accurate than other methods, with 99.25% of the sequences mapped correctly, 
compared to 91.45% correctly mapped sequences with MiTCR in the absence 

of mismatches (figure 2.5B).  
 
We also compared the results from Decombinator and MiXCR based on 
simulated data (Supplementary Figure A1). However, Decombinator and 
MiXCR can only give us the particular gene name of each sequence, instead of 
allele name, which is the standard output of MiTCR and LymAnalyzer. 
Therefore we only compared the results under gene name level. Under the 
high mutation level, Decombinator missed more than one third of the 
sequences. Therefore we compared the performance of LymAnalyzer, MiTCR 
and MiXCR separately (figure 2.6). At the gene name level, both LymAnalyzer 

and MiTCR had increased accuracy as expected. MiTCR had higher accuracy 
(98.1%) comparing to MiXCR (96.4%) in the no mismatch dataset. However, 
as the mismatch level increased, MiXCR achieved higher accuracy than 
MiTCR. LymAnalyzer still achieved the highest accuracy and completeness 
among the three tools at all mismatch levels. For simulated IG data, we 



  
55 

compared LymAnalyzer with MiXCR since they are, to date, the only tools that 
can process IG NGS data (figure 2.7). LymAnalyzer showed both improved 

accuracy and completeness relative to MiXCR. In terms of accuracy, in the 
absence of mismatches, MiXCR mapped more than 20% of the sequences 
incorrectly, compared to 0.7% mapping errors in LymAnalzyer. Under the 

high mismatch level, LymAnalyzer retained accuracy above 95%, while the 
accuracy of MiXCR declined to 75.9%. 
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Figure 2.5. Results based on simulated TCR data on the allele name level. (A) 
Comparison of completeness of the results from LymAnalyzer and MiTCR.  
(B) Comparison of the accuracy of LymAnalyzer and MiTCR. The 
completeness and accuracy values shown are the means of the results from 
twenty simulated samples. The error bars shown at the top of each bar 
indicate the standard error of the mean of the simulated datasets.  

 
Figure 2.6. Results based on simulated TCR data at the gene name level. (A) 
Comparison of the completeness of the results from LymAnalyzer, MiTCR 
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and MiXCR. LymAnalyzer had the highest completeness among the three 
tools at all mismatch levels. The completeness decreased with increasing 
mismatch level; however LymAnalyzer retained above 98% completeness 

even at the highest mismatch level.  (B) Comparison of the accuracy of 
LymAnalyzer, MiTCR and MiXCR at different mismatch levels; 
LymAnalyzer outperformed  MiTCR and MiXCR in terms of accuracy. 
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Figure 2.7. Results based on simulated IG data at the gene name level. (A) 
The comparison of completeness of the results from LymAnalyzer and 
MiXCR. (B) The comparison of the accuracy of LymAnalyzer and MiXCR. 
LymAnalyzer had both significantly improved accuracy and completeness 
compared to MiXCR. 
 

 

2.4.2 Running Time  
LymAnalyzer runs on Windows, Linux and Mac OS X. We tested the running 
performance of LymAnalyzer on both a Linux cluster and a personal computer 
(MacBook). On a MacBook, for 125,000 to 200,000 sequences, the full analysis 

can be finished in 9-12 seconds. For large datasets, with 10-15 million 
sequences, the full analysis can be accomplished in 25-40 minutes on our 
cluster server (Hardware configuration: 6-core 2.2Ghz AMD Opteron 

Processor 2427 with 32GB memory). As can be seen from the plot in the 
supplementary figure A2, the running time scales linearly with the number of 

reads. The estimated processing speed of LymAnalyzer for sequences of 100bp 
long is 8461 reads per second. (Table 2.1) 
 

Table 2.1. Feature comparisons of different TCR/IG sequencing analysis tools. 

 IgBlast IMGT/High-
V-Quest 

iHMMune-
align 

Decombinator 
 

MiTCR MiXCR LymAnalyzer 

CDR3 Extraction √ √ × √ √ √ √ 
V, D and J gene 

alignment 
√ √ √ √ √ √ √ 

Large NGS data 
(>1 million 

sequences) 

× × × √ 
(5.7K 
reads/second) 

√ 
(14.6K 
reads/second) 

√ 
(13.9K 
reads/second) 

√ 
(8.5K 
reads/second) 

TCR √ √ × √ √ √ √ 
Immunoglobulins √ √ √ × × √ √ 

Polymorphism 
Analysis 

× × × × × × √ 

IG mutation 
Anlysis 

× × × × × × √ 

 

2.4.3 Additional features of LymAnalyzer 
In addition to features that are common to existing tools, LymAnalyzer can 
perform polymorphism analysis and generate hypermutation trees for IG 
sequences. LymAnalyzer provides both command line and GUI version and is 
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implemented in JAVA for cross-platform application. A comparison of 
features available in different tools is provided in Table 2.1. 

 
In order to test if our SNP calling algorithm is capable of recognizing potential 
unreported alleles, we manually modified the reference gene database, 
retaining just one allele of each distinct V gene. We then used LymAnalyzer to 
map a subset of 125,000 reads from sample SRR1033674 to this modified 

reference gene database. From the result file, we found seven putative SNPs 
(Table 2.2). By mapping these suspected SNPs back to the original reference 
gene database, we found that all but one of them can be accounted for by the 
known alleles that were removed from our reference gene database at the 
beginning of the test (Table 2.2). There was one variant of TRBV29-1*03, 
corresponding to a substitution from A to C, that could not be mapped to an 
existing allele in the IMGT database. Given the high frequency (45.44%) and 
read count (4,488) for this mutation, it could correspond to an allele that is not 
found in the database. In support of this hypothesis we found that there is a 
known A/C SNP (rs17214) at the genomic position corresponding to this 
mutation in dbSNP [133]. This variant leads to an amino acid change 
(Methionine to Leucine) on TRVB29-1. 

 
Table 2.2. Suspected SNPs and their true allele on the V genes. 

 
Mapped allele Suspected SNP Allele frequency Allele counts IMGT allele 

TRBV7-9*07 G167C 98.68% 4872 TRBV7-9*03 

TRBV15*01 A257G 97.77% 1931 TRBV15*02 

TRBV11-2*03 A240G 38.64% 807 TRBV11-2*01 

TRBV9-2*01 A256G 97.33% 474 TRBV9-2*02 

TRBV9-2*01 G278T 96.51% 470 TRBV9-2*02 

TRBV6-6*05 G247C 97.87% 2123 TRBV6-6*02 

TRBV29-1*03 A191C 45.44% 4488 Not found 

 

 
Mutation trees are generated in Newick format and can be visualized using 
several existing software packages (figure 2.8) [235]. The tree does not 
necessarily represent the real mutation process that took place; it shows the 
minimal steps that can explain the observed sequences. Adjacent layers are 
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separated by a Levenshtein distance of one, which represents one nucleotide 
change. Each of the nodes in a given layer is one step away from the nodes to 
which it is linked in the previous and subsequent layers. However it is not 
guaranteed that there is always a parent node that is one Levenshtein distance 
away from the current node. Therefore we create a hypothetical node in each 
layer of the tree. The hypothetical node is not a real sequence that exists in the 
dataset, but instead represents the collection of unobserved intermediate 
sequences between two nodes that are separated by a Levenshtein distance 
greater than one. 

 
Figure 2.8. Example of a mutation tree generated by LymAnalyzer. 

(visualized using FigTree) Each node represents an individual clone. The 
nodes on the same level are one Levenshtein step (nucleotide change) away 
from their corresponding nodes on the previous and subsequent layers. The 
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hypothetical nodes are shown in red. These are required to connect the nodes 
that are more than one step away from the closest observed sequence. 
 

2.5 DISCUSSION   
Next generation sequencing technology gives researchers an opportunity to 
study lymphocyte repertoire diversity at high resolution. However current 
bioinformatics pipelines for identification and annotation of large TCR/IG 
sequence datasets are unsatisfactory due to their suboptimal accuracy and 
completeness. Here we present LymAnalyzer, a software package for 
comprehensive analysis of TCR/IG sequence data.  
 
LymAnalyzer consists of four functional components: VDJ gene identification 
followed by CDR3 extraction, SNP calling and lineage mutation tree 
generation. We performed multiple tests of accuracy using publicly available 
and simulated datasets and compared the performance of LymAnalyzer to 
existing tools (MiTCR, MiXCR and Decombinator). In our evaluation using 
real data, LymAnalyzer mapped more reads than the other tools. In terms of 
accuracy, we have shown using simulated data that LymAnalyzer provides 
significantly improved mapping accuracy compared to MiTCR, MiXCR and 
Decombinator. MiTCR had the fastest running performance among the tools; 
however, it trades accuracy and completeness for speed. Given that TCR/IG 
sequencing datasets are tractable on a personal computer for typical datasets 
or on computer clusters for large projects this trade off is unnecessary. 
Despite significant improvement in accuracy and completeness, the running 
time of LymAnalyzer is better than Decombinator and remains comparable to 
MiTCR and MiXCR.  
 
The majority of lymphocyte sequence analysis tools can only process TCRs. 
LymAnalyzer makes the analysis of IGs also available. Furthermore, 
LymAnalyzer is to date the only tool that can generate mutation trees for IGs. 
Another novel feature of LymAnalyzer is the ability to detect the SNPs. We 
tested the reliability of this function by running LymAnalyzer on the same 
dataset again with the reference gene database that only kept one 
representative allele for each gene and compared the results from both runs. 
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Indeed, LymAnalyzer revealed the SNPs, which can also be found in the 
removed alleles. However, the accuracy of the SNP detection can be hampered 
by allelic imbalance. We only report the suspected SNPs that exceed particular 
mutation rate threshold (10%), and we may miss some imbalanced alleles that 
are lower than this threshold. Therefore, we set this threshold as an adjustable 
parameter. Users can change this threshold value based on their requirements.  
Previous studies have shown that the IMGT database appears to be 
incomplete, as many reported IG heavy chain variable alleles are not found in 
the database [236-239]. Moreover, many IG heavy chain variable alleles 
polymorphisms may have been reported in error [220]. The unreported SNP 

on TRBV29-1 found in our study shows that there are also TCR beta chain 
variable alleles missing from the IMGT database. A more updated and robust 
reference gene database for TCR/IG sequences is required. By taking 
advantage of the increased availability of TCR/IG sequence datasets, the SNP 
detection function implemented in LymAnalyzer could help to discover novel 
alleles and improve the coverage of the TCR/IG reference gene database. 
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Chapter 3 – A database of human 
immune receptor alleles recovered from 
population sequencing data 
 

The content of this chapter was published as: 
 Yu, Y., Ceredig, R. and Seoighe, C., 2017. A Database of Human Immune 

Receptor Alleles Recovered from Population Sequencing Data. The 
Journal of Immunology, p.1601710. 

 

 
 
 
3.1 ABSTRACT 
High throughput sequencing data from T cell receptors (TCRs) and 
immunoglobulins (IGs) can provide valuable insights into the adaptive 
immune response, but bioinformatics pipelines for analysis of these data are 
constrained by the availability of accurate and comprehensive repositories of 
TCR and IG alleles. We have created an analytical pipeline to recover immune 
receptor alleles from genome sequencing data. Applying this pipeline to data 
from the 1000 Genomes Project we have created Lym1K, a collection of 

immune receptor alleles that combines known, well-supported alleles with 
novel alleles found in the 1000 Genomes Project data. We show that Lym1K 
leads to a significant improvement in the alignment of short read sequences 
from immune receptors and that the addition of novel alleles discovered from 
genome sequence data is likely to be particularly significant for 
comprehensive analysis of populations that are not currently well represented 
in existing repositories of immune alleles.  
 

3.2 INTRODUCTION 
The adaptive immune system provides protection from disease by initiating 
specific immune responses to specific foreign antigens following their 
recognition by the clonally-distributed surface bound receptors of T and B 
lymphocytes, namely T cell receptors (TCRs) for T cells and immunoglobulins 
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(IG) for B cells. In its secreted form, the B cell’s IG molecule is called an 
antibody. The variability in molecular shapes of foreign antigens represents a 
significant challenge for the immune system, requiring development of an 
extensive receptor repertoire for antigen recognition. In response to this 
challenge, TCRs and IGs achieve vast diversity by a unique mechanism called 
VDJ recombination, which is a largely stochastic process of gene 
rearrangement encoding the variable parts of TCRs and IGs respectively. In 
addition, genes encoding IGs undergo somatic hypermutation during T cell-
dependent B cell responses, resulting in further expansion in antibody 
diversity and subsequent selection of B cell clones generating IG’s with higher 
affinity for antigen. Quantitative analysis of the diversity of TCR and IG 
repertoires can shed light on receptor-antigen interactions and reveal insights 
into the state of immune system under diverse conditions, such as aging [240-
242], chronic viral infections [243-245] and autoimmune diseases [246-249].  
 
Next generation sequencing (NGS) technology revolutionized the analysis of 
TCR/IG diversity by providing vast amounts of data at much higher resolution, 
leading also to a need for effective and robust bioinformatics pipelines. 
Generally, these pipelines align the input sequences with the reference V, D 
(for IG heavy chain and TCR beta chain) and J genes, determine the CDR3 

region and estimate the repertoire diversity. Two main factors that directly 
influence the quality of these analyses are the alignment algorithm and the 
completeness and accuracy of the reference database. In the past three years, 
several software packages have been developed with different alignment 
algorithms for analyzing NGS sequence data of TCR and (or) IG [208-219]. 
These studies all focused on improving the accuracy, effectiveness and 
completeness of their alignment algorithms. Most of the software packages 
use the reference V(D)J sequences provided by International 
ImMunoGeneTics Database (IMGT) [78], which is currently the most 
comprehensive collection of TCR and IG germline gene sequences available. 
 
However, previous studies have reported numerous novel V alleles that are 
not found in the IMGT database [236-239], suggesting that this database is 
incomplete. In addition, a study of 226 IGHV alleles in IMGT reported a high 
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rate of false positives (of 226 alleles 104 were classified as very likely to contain 
sequencing errors) [220]. This is because most of the IMGT TRBV and IGHV 

alleles were included from early studies, conducted between 1984 and 1996 
[250, 251]. After that, there were only two major updates on IGHV alleles in 

2002 and 2009 introducing in total 36 alleles, and no updates on TRBV alleles 
submitted in the past twenty years. Furthermore, many alleles were reported 
in only one study, and multiple allelic variants of the same gene were derived 
from the same individual. For instance, an individual can have at most two 
alleles of any gene; however, seven IGHV3-15 alleles were derived from one 
individual. This was pointed out by Wang et al. [220] but the issue remains 
unresolved in the current version of IMGT. In addition, many TRBV and 
TRAV alleles in IMGT are annotated as having come from rearranged 
sequences, which may contain somatic mutations and partially truncated 3’ 
ends resulting from VDJ recombination. 
 
Since the development of IMGT, a large and ever-increasing number of full 
human genomes have been sequenced. The chromosomal regions containing 
the immune receptor alleles have both a high level of intra-chromosomal 
duplication and a high level of diversity and thus present challenges for 
genome assembly. However, improvement of the reference genome over time 
has the potential to enable recovery of a comprehensive set of immune gene 
alleles found in human populations from population resequencing studies. We 
have developed a bioinformatics pipeline that can be used to generate a 
TCR/IG reference database using data from population resequencing studies. 
We applied this pipeline to data from the 1000 Genomes Project (G1K) [143], 
which contains the most comprehensive collection of global human variation 
currently available in the public domain, to create the Lym1K database. We 

aligned short read sequence data from human immune receptors to Lym1K 
and obtained significantly improved alignments compared to what could be 
achieved using the IMGT database as reference. We also report evidence that 
the diversity of immune receptor alleles observed in non-African populations 
is particularly under-represented in the existing database. 
 

3.3 MATERIALS AND METHODS 
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3.3.1. Immune receptor sequencing dataset 
 
We obtained two datasets from the NCBI Sequence read archive (SRA). The 
first dataset was for the TCR beta chain (SRA index: PRJNA310731) and 

consisted of 34 samples. The number of reads ranged from 4,571,596 to 
13,742,272. Each read was 200bp long and included part of the V, all the D and 

part of the J region. The second dataset contained both IG heavy chain and IG 
light chain sequences (SRA index: PRJNA179099). We used four samples from 
this dataset (all samples that included more than one million reads). The 
number of reads in the samples ranged from 1,046,575 to 23,191,224. Each 

read was 250bp long and included part of V (all the D for the heavy chain) and 
part of the J region.   
 

3.3.2 Simulated dataset 
 
Each simulated sequence was created based on the process of VDJ 
recombination of TCR and IG and included mismatches to stimulate the 
combined effects of sequencing errors and mutations/polymorphisms. First, 
we randomly chose a V, D (only for the heavy chain of IGs and the beta chain 
of TCRs) and J gene assuming uniform gene usage. We then decided the 
particular allele of the chosen V gene based on the frequency of its occurrence 
in the chosen population. Secondly, we “mutated” the chosen V and J 
segments by introducing 0-10 mismatch(es) on the V region and 0-5 

mismatch(es) on the J region. To simulate junction diversity, we inserted 0-6 
randomly generated nucleotides into the V-D and D-J junction (V-J junction 
only for IG light chain and TCR alpha chain).   
 
We applied our simulation pipeline for TCRB, TCRA, IGH and IGL genes 
separately.  In all we produced 27 datasets, with separate datasets 
corresponding to each of the 26 populations included in G1K and one dataset 

derived from the pool of all populations. Each dataset consisted of twenty 
simulated samples, and each sample contained 200,000 simulated sequences. 
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3.3.3 1000 Genomes Project data 
 
We retrieved VCF files corresponding to the TCRB, TCRA, IGH and IGL 
regions from phase 3 of the 1000 Genomes Project. We used the R package 

SNPRelate [252] to perform principal component analysis separately on 
variant data from each of the four regions. 
 

3.3.4 AlleleMiner pipeline 
 
The goal of AlleleMiner is to infer all the possible alleles of the target genes 
from the input VCF files. For the Lym1K database, we first retrieved the 
location information of TCR and IG genes from BioMart (GRCH38.p2) and 

phased VCF files from G1K project (GRCH38; Phase 3). Note that the current 
phase 3 VCF files from G1K project were generated based on the GRCH37 
human genome assembly; however, VCF files in the coordinates of the 
GRCH38 assembly are also provided.  
 
For each gene, AlleleMiner extracts the corresponding reference genome 
sequence from the UCSC database and SNPs from the input VCF file. 
Subsequently, AlleleMiner retrieves all alleles of each gene from the 
haplotypes spanning the gene of interest. Identical haplotypes are merged, 
and the number of times a particular haplotype appears is counted. Users can 
define a threshold for the haplotype occurrence times to eliminate rare 
haplotypes, some of which may be the result of sequencing error; only the 
haplotypes that occur more than the threshold number of times are stored as 
potential alleles in the new TCR/IG database.  

 
3.3.5 Implementation and software resource 

The pipelines were implemented in Java 1.8 by using Eclipse (4.5.0) and are 

freely available at https://sourceforge.net/projects/alleleminer/. The Lym1K 
database of immune receptor alleles can be obtained from 
http://maths.nuigalway.ie/biocluster/database/. 
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3.3.6 Authorship contribution statement 
YY, RhC and CS carried out the conception and the design of the study. YY 
developed the algorithm, implemented the software packages, performed the 
analysis and drafted the manuscript.  

 

3.4 RESULTS 
 

3.4.1 Construction of TCR/IG reference database and 
performance comparison 
 
The sequencing of increasing numbers of whole human genomes and 
improvements in the reference human genome assembly give rise to 
opportunities to expand substantially the reference database of human 
immune receptor alleles and to profile the diversity of immune receptor alleles 
across global populations. Currently, the 1000 Genomes Project represents the 
most extensive collection of whole genomes sampled from global human 
populations in the public domain. Focusing specifically on TCRs and IGs, the 
majority of human immune receptor genes have been sequenced to 
sufficiently high coverage to recover novel alleles, the median coverage of 
IGHV, IGLV, TRBV, TRAV are accordingly 121, 120.5, 76 and 53 
(Supplementary Figure B1). We retrieved known and novel TCR/IG alleles 

from 2504 human individuals in the phase three cohort of the 1000 Genomes 
Project. We then tested the performance of the reference database we derived 
from population resequencing data and compared it to the existing IMGT 
reference database of human immune receptors using simulated data as well 
as short read receptor sequencing datasets (figure 3.1). 
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Figure 3.1. Study outline. AlleleMiner retrieves all immune receptor 

haplotypes in data from the 1000 Genomes Project, merging it with alleles 
from IMGT to produce the Lym1K reference database. We compared the 

performance of the Lym1K and IMGT reference datasets using real IG and 
TCR short read sequence data. Finally, we carried out a simulation study to 
investigate the extent of under-representation of alleles found in diverse 
human populations in IMGT. 
 

3.4.2 AlleleMiner workflow 
 
AlleleMiner is the core component of the pipeline and is used to infer immune 
receptor alleles from genomic data. The algorithm used in AlleleMiner is 
described in detail in the Experimental Procedures. In brief, AlleleMiner first 
enumerates all possible haplotypes of each TCR/IG gene, using as input 
genome-wide sequence variants in variant call format (VCF). Subsequently, 
the inferred haplotypes that occur in more than a user-defined minimum 
number of individuals are merged with known alleles (here we merged 
discovered variants with alleles in the IMGT database to yield the Lym1K 
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database of known and inferred immune receptor alleles). A filtering step is 
then applied to assess the support for each non-reference SNP allele found 
among the observed haplotypes (figure 3.2).  

 
Figure 3.2. Workflow for database construction. AlleleMiner is used to infer 
all the possible alleles from VCF data. The Lym1K database is constructed by 
merging the inferred alleles with the original IMGT alleles. For alleles not 
found in IMGT we apply a filtering step that takes account of the validation 
status of all non-reference SNP alleles contained on the haplotypes 
corresponding to the putative novel allele. 
 

3.4.3 Performance assessment 
 
To assess the extent to which known immune receptor alleles could be 
recovered from population resequencing data we set the initial inclusion 
threshold to one (i.e. we considered all alleles found at least once in the G1K 
data). For IGL, TRA and TRB the majority of the alleles in IMGT could be 
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recovered (Table 3.1 and Supplementary Table B1). We then examined the 
alleles that were not recovered. In the case of TRAV and TRBV, many of these 
alleles were annotated as originating from rearranged genomic DNA or cDNA, 
rather than originating from unrearranged germline DNA. Rearranged 
sequences may have additional somatic variants that we do not expect to find 
among the alleles we recovered from the genomic sequence. Many of the 
remaining alleles are from the 22 TRBV genes that are not included in either 

the GRCh37 or GRCh38 human genome assemblies (GRCh37 was used in the 
G1K project and the current human genome assembly, GRCh38, is used as a 

reference genome by AlleleMiner). Excluding these genes and the alleles 
corresponding to rearranged sequences, we were able to retrieve all of the 
remaining TRAV and all but one allele (TRBV19*02) of the remaining TRBV 
alleles in IMGT (Table 3.1).  

 
By contrast, although a majority of IGLV alleles were recovered, fewer than 
half of the IGHV and IGHJ alleles from IMGT were found among the inferred 
alleles (Table 3.1). This could reflect the greater diversity of IG genes 
(Supplementary Figure B2) or the presence of false positive alleles in IMGT, 
particularly in IGHV genes. Indeed, a high rate of false positive IGHV alleles 
in IMGT has previously been reported [220]. We found evidence for both of 
these effects. The greater diversity of IG genes is apparent from the 
relationship between the number of inferred alleles and the inclusion 
threshold used in AlleleMiner (Supplementary Figure B3A). The number of 

shared IGHV alleles dropped significantly more rapidly than the other three 
gene groups, suggesting that IMGT includes IGHV alleles that are found at 
relatively low frequencies in the G1K populations (Supplementary Figure B3B). 

To explore the impact of false positive alleles in IMGT on the extent to which 
known alleles could be recovered from genomic data, we used the validation 
classes from Wang et al [220]. We found that most of the IMGT alleles that 
were classified as high confidence (levels 1 and 2) were successfully recovered. 

By contrast, there were only a few IMGT alleles labeled as low confidence 
(levels 3, 4 and 5) found among the inferred alleles (Supplementary Figure 
B3D). 
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Table 3.1.  The shared allele counts between IMGT database and inferred alleles with minimum repeat threshold of one. The compared 
alleles were restricting to the genes that are GRCH37 and GRCH38. The IMGT alleles retrieved from non-germline sequences were not 

included in the comparison. 

 
 
 
 

  IGHV IGLV TRBV TRAV IGHJ IGLJ TRBJ TRAJ IGHD TRBD 
Number of alleles in 
IMGT 

208 133 88 56 13 12 14 50 34 3 

Number of alleles 
inferred from G1K 

3746 3917 370 
 

568 100 160 22 162 249 2 

Number of putative 
novel alleles 

3609 3740 318 511 90 141 8 114 219 0 

Number of alleles 
shared  

83 99 54 46 6 12 13 48 30 2 

Proportion of IMGT 
alleles found in G1K 

39.90% 74.40% 98.10% 100.00% 46.15% 100.00% 92.86% 96.00% 88.24% 66.67% 

Proportion of IMGT 
alleles not found in G1K 

60.10% 25.60% 1.90% 0.00% 53.85% 0.00% 7.14% 4.00% 11.76% 33.33% 
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In addition to the known alleles we recovered large numbers of novel putative immune 
receptor alleles from the population sequence data not found in IMGT. These numbered 
in the hundreds for TRVA and TRBV and in the thousands for IGLV and IGHV, when we 
applied the minimal threshold of a single occurrence (Table 3.1). The number of putative 

novel alleles decreased rapidly, as this threshold was increased in the case of IG, but far 
more slowly in the TCR case, suggesting saturation with respect to the number of samples 
in G1K of the TCR but not of the IG allelic diversity (Supplementary Figure B1).   

 

3.4.4 Comparison of IMGT and Lym1K on real datasets 
 
We compared the performance of the IMGT and Lym1K databases on real TCR and IG 
short-read sequence datasets. Because there are no high throughput sequencing datasets 
for TCRA currently in the public domain (to our knowledge) this comparison was 
restricted to IGH, IGL and TCRB. For each input sequence, if the alignment score of the 
best match of the sequence is higher using Lym1K rather than IMGT alone as the 
reference database, it demonstrates that the Lym1K database contains additional allele(s) 

that are more similar to the input read than the most similar allele from IMGT. 
Consequently, this corresponds to a sequence for which an improved match can be found 
when alleles recovered from genomic sequence data are included in the reference 
database. The median length of the IGHD genes is only nineteen nucleotides, and the 
entire D gene is within the CDR3 region with high mutation rates. During alignment, the 
median of the perfect matching nucleotides of the D gene is only six, which hampered the 
accuracy of the assessments on IGHD genes. Therefore we focused our comparison on V 
and J gene alleles. 
 
We calculated the portions of the input sequences with improved alignment 
performances (figure 3.3). To assess the differences in alignment performance in greater 
detail, we classified the aligned reads based on the number of mismatches with the best-
matching reference allele. Furthermore, In order to rule out the possibilities that Lym1K 
achieved improved alignment performance due to the larger number of included alleles, 
in each individual, we only kept the top two best aligned alleles (corresponding to the 
number of haplotypes per diploid individual) for each gene in the following comparison. 
We then compared the proportion of reads within each class between the two reference 
databases (figure 3.4). The proportions of unaligned reads were consistently lower using 
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Lym1K while the proportions of reads with zero or 1-2 mismatches were consistently 
higher. This demonstrates that the Lym1K database contains alleles that are more similar 
to the repertoire of the input sample. For instance, IGHV1-2*75p is a novel allele which 

we inferred from the G1K data and included in Lym1K. For sample SRR611358 there were 
67 input sequences aligned with IGHV1-2*75p with an improved alignment score 

compared to the best-matching alleles (IGHV1-2*02 or IGHV1-2*03) in IMGT (figure 3.5).

 
Figure 3.3. Improvements in alignment performance using the Lym1K database. 
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Figure 3.4. Alignment performance difference between IMGT and Lym1K. The aligned 
reads were classified into thirteen categories starting from zero mismatches with 
increments of two mismatches, to twenty mismatches and more than twenty 
mismatches. For example, in Figure A the number of alignments with zero mismatches 
increased by 33.2% using Lym1K for sample SRR1056423.  

 
Figure 3.5. Example of a novel allele (IGHV1-2*75p) in Lym1K that matches a short-
read sequence from a real IGHV sequencing dataset (SRR611538). IGHV1-2*02 and 
IGHV1-2*03 are both found in the IMGT database and the sequence (SRR611538.578794) 

was aligned to these alleles in the original study. These two alleles both have two 
mismatches with the observed sequence. The inferred allele differed from the two most 
similar alleles found in IMGT, but showed a perfect match with the input sequence read. 
 
In the case of TCRB we introduced 318 putative novel TRBV alleles in Lym1K (Table 3.1). 
However, the improvements of the alignment performance of the TCRB sequences were 
small (figure 3.3). Among 34 samples, the highest proportion of reads with improved 

alignment was 4.1% (in sample SRR1033671) and the average proportion was only 2.4%. 
Therefore, it appears likely that IMGT contains adequate representation of the TCR 
diversity in the individuals from whom these samples were derived. 
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3.4.5 Improved population coverage of Lym1K  
 
The IG dataset consisted only of samples collected from the South African population 
[233]. The TCRB samples were from Caucasians and African Americans. This may have 
affected the results of the performance comparisons due to the under or over 
representation of certain populations in the IMGT database. For instance, if the IMGT 
database mainly consists of alleles from the Caucasian population, this could result in 
better alignment results for datasets that originate from Caucasian populations compared 
to datasets from African populations. In general, African populations display greater 
genetic diversity than non-African populations [227] and this greater genetic diversity can 

be also be seen in the immune receptor regions (figure 3.6). This suggests that a 
comprehensive collection of human immune alleles requires sampling from diverse global 
populations, and particularly those from the African continent. We carried out 
simulations to assess the potential for differential performance of the existing IMGT 
database on datasets derived from different global populations. The simulation pipeline is 
described in detail in the Experimental Procedures section. For each chain, we simulated 
separate datasets for each of the populations in G1K as well as one pooled dataset 

corresponding to all populations.   

 
Figure 3.6. Principal component analysis of TCR/IG gene variation in human 
populations. 
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We used LymAnalyzer [217] to map simulated reads to reference alleles contained in 
IMGT and determined the proportion of reads that were mapped to the correct allele. 
Note that, in this case, our objective was not to compare IMGT to Lym1K as the 
simulation is based on the same haplotypes used to construct Lym1K. Instead we wished 
to compare the accuracy of the alignments obtained when we used the existing IMGT 
database to map simulated reads from different human populations.  
 
For all but one of the genes (TCRA), a significantly lower mapping accuracy was achieved 
for African than for non-African populations, indicating that the additional variation in 
immune genes found in African populations has not been captured adequately in IMGT 
(figure 3.7). For the IGH datasets, The African populations (LWK, GWD, MSL, YRI, ESN, 
ASW and ACB) contained significantly more incorrectly mapped reads than in Non-
African populations (p < 2.2e-16). The IGL datasets showed the largest portions of reads 

that were mapped inaccurately using IMGT. Again, using the IMGT database, there were 
noticeably larger portions of reads incorrectly mapped in the African populations than in 
Non-African populations (p < 2.2e-16). The portions of incorrectly mapped reads in TCRB 
datasets ranged from 4.9% (KHV) to 9.9% (LWK), and there were also more incorrectly 

mapped reads in African populations compared to Non-African populations (p < 2.2e-16). 
The TCRA datasets had the highest accuracy among the four chains using the IMGT 
database as the reference, with the smallest variation across populations. In contrast to 
other chains, the top three most incorrectly mapped populations in TCRA datasets are 
three East Asian populations (CDX, KHV and CHS), which were among the least 
incorrectly mapped populations in other chains. 
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Figure 3.7. Comparison of the proportions of incorrectly mapped simulated reads 
among different populations using the IMGT database as the reference. Error bars, 
corresponding to two standard errors are shown in each plot. Population code: CHB - 
Han Chinese in Bejing, JPT - Japanese in Tokyo, CHS - Southern Han Chinese, CDX - 
Chinese Dai in Xishuangbanna, KHV - Kinh in Ho Chi Minh City, CEU - Utah Residents 
(CEPH) with Northern and Western Ancestry, TSI - Toscani in Italia, FIN - Finnish in 
Finland, GBR - British in England and Scotland, IBS - Iberian Population in Spain, YRI 
- Yoruba in Ibadan, Nigeria, LWK - Luhya in Webuye, Kenya, GWD - Gambian in 
Western Divisions in the Gambia, MSL - Mende in Sierra Leone, ESN - Esan in Nigeria, 
ASW - Americans of African Ancestry in SW USA, ACB - African Caribbeans in 
Barbados, MXL - Mexican Ancestry from Los Angeles USA, PUR - Puerto Ricans from 
Puerto Rico, CLM - Colombians from Medellin, PEL - Peruvians from Lima, GIH - 
Gujarati Indian from Houston, PJL - Punjabi from Lahore, BEB - Bengali from 
Bangladesh, STU - Sri Lankan Tamil from the UK, ITU - Indian Telugu from the UK. 
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3.5 DISCUSSION 
 
The advent of high throughput sequencing technologies has enabled detailed studies of 
immune receptor repertoire diversity and changes in repertoire diversity over time, with 
many applications, including assessing the efficacy of leukemia treatment, understanding 
immune responses to disease and determining the causes and consequences of changes in 
receptor diversity with age.  Recently, a number of dedicated algorithms and 
bioinformatics tools have been developed to support such studies [208-219]; however, in 

addition to accurate alignment algorithms, the results of bioinformatics pipelines for the 
analysis of receptor diversity depend on the accuracy and completeness of the reference 
database of immune receptors and their alleles.  
 
The IMGT database is currently the most widely used global reference in TCR and IG 
diversity analysis. However, multiple previous studies have shown that IMGT is 
incomplete [236-239] and one study suggested that some reported IGHV alleles might 
contain sequencing errors [220]. This is mainly due to quality control issues arising from 

the inclusion of alleles from early studies and inadequate updating since the first release 
of IMGT database. Here we provide evidence that alignment results obtained using IMGT 
as the reference source for TRBV, IGH and IGL datasets derived from African 
populations are likely to be worse than those obtained for non-African populations, 
suggesting that IMGT does not adequately capture the global diversity of human immune 
receptors and that certain global populations are particularly under represented. This 
supports the value of incorporating immune alleles inferred from population sequencing 
studies that were specifically designed to profile the genetic diversity of global human 
populations.  
 
In order to create a more comprehensive TCR/IG reference database, we developed a 
novel bioinformatics pipeline that can be used to infer alleles from variant calling 
information, obtained from population sequencing projects. We applied this pipeline to 
data from G1K to create the Lym1K database and have made both Lym1K as well as the 

bioinformatics pipeline used to create it freely available (See Software Resource). Using 
real TCRB, IGH and IGL datasets, we have shown that the incorporation of alleles 
inferred from population sequencing studies leads to improvements in alignment 
performance. These improvements are substantial in the case of IG and result from novel 
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alleles that provide a better match to the receptor repertoire of the input dataset than can 
be obtained using the alleles in the existing reference database.  
 
There were in total 22 genes missing either from the current genome build (GRCh38) or 

GRCh37 and the depth of sequencing was unsatisfactory on several TRBV genes from 
G1K project (Supplementary Figure B3). This represents a limit to the comprehensiveness 

of receptor alleles inferred from the currently available population sequencing data; 
however, further improvements in the human reference genome and future population 
sequencing studies, will enable alleles of these genes to be discovered.  
 
Our study suggests that the diversity of IG genes may not be profiled completely with 
existing sample numbers (Supplementary Figure B1). The availability of genomic variants 
from larger numbers of individuals sampled from global populations could lead to further 
improvements in the comprehensiveness of immune receptor alleles recovered from 
genomic data. Our bioinformatics pipeline is freely available and can be applied to 
recover additional immune alleles from further public or restricted access VCF files and 
updated genome builds, as they become available. Furthermore, we have designed our 
short-read mapping package, LymAnalyzer [217], so that Lym1K or any other collections 
of immune alleles produced using our pipeline or by other means can be substituted 
seamlessly as the reference allele database. 
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Figure 3.8. Two use cases. Lym1K enables User 1 to perform a more comprehensive 

analysis of immune receptor diversity by combining alleles inferred from G1K with 
known alleles in IMGT. User 2 applies AlleleMiner to recover additional receptor alleles 

from VCF data to generate a user-defined database, which is subsequently used as the 
reference database for receptor repertoire analysis.  
 
Two use cases are envisaged for the resources described here (figure 3.8). First, users can 

apply Lym1K directly as their TCR/IG reference database for their analysis. Currently, 
G1K represents the largest public catalogue of human genome variation. However, as new 
public as well as restricted-access population sequencing datasets become available, and 
with further improvements in the human genome assembly, users may wish to replace or 
extend the reference dataset with their own database of reference alleles inferred from 
genomic variant data. Such users can apply AlleleMiner to their own VCF files to generate 
a customized TCR/IG reference database, which can then be selected as the reference 
database for LymAnalyzer. Indeed, depending on the specific data access restrictions that 
apply, such users may be able to contribute alleles discovered by applying AlleleMiner to 
restricted-access data into public repositories (such as IMGT), without violating data 
protection rules.  
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Chapter 4 - Diversity of T cell Receptor and 
Immunoglobulin Genes 
 
 
4.1 Abstract 
 
Among the most dynamic regions of human genome are the immune receptor (T cell 
receptor and immunoglobulin) loci, which contain a high degree of allelic variation. 
This feature, along with somatic rearrangements contributes to the extensive 
diversity of immunological repertoires. However, current understandings about the 
diversity of T cell receptor and immunoglobulin genes are constrained by the 
unsatisfactory coverage of immunological allelic information from the global 
population.  To tackle this problem, we conducted a range of analysis about the 
diversity of T cell receptor and immunoglobulin genes based on allelic information 
retrieved from one of the largest human genome-resequencing catalogue, the 1000 

Genomes Project. First, we compared the allelic diversity of immune receptor genes 
between African and Non-African populations and found that African populations 
had greater allelic diversity than Non-African populations. Subsequently, we 
hypothesized that the allelic diversity of immune receptor genes might associate with 
their genomic location and gene expression. However, based on comprehensive 
statistical tests, we did not find significant correlation between genomic location and 
allelic diversity in immune receptor genes. We hypothesized that RNA sequencing 
data for immune receptor genes derived from human whole blood could be used as a 
proxy for the frequency of gene segment use, and that more frequent gene segments 
would be under greater diversifying selective pressure. However, there was a lack of 
correlation between immune receptor gene expression and gene diversity, except for 
TCRA genes, which showed weak positive correlation.  Overall, we present an analysis 
of the diversity of immune receptor genes, based on data currently available in the 
public domain. Further investigations with improved population coverage of human 
resequencing data, as well as, ideally, single cell RNA sequencing will be required to 
provide definitive answers to some of the questions posed. 
 
4.2 Introduction 
 
 
The immune system in vertebrates is complex and provides protection from foreign 
entities such as viruses, bacteria and parasites. The pathogenic world challenges the 
immune system by presenting enormous variability of antigens, which requires 
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specific recognition. In response, the adaptive immune system, as one subsystem of 
the overall immune system, has the amazing ability to initiate specific responses to a 
very large variety of antigens. This is based on it’s extensively diversified antigen 
recognition receptors attached on the surfaces of T and B cells, namely, T cell 
receptors (TCR) for T cells and Immunoglobulins (IG, B cell receptors or antibodies) 
for B cells. During the early stages of maturation of T and B cells, genes for these 
receptors undergo a unique somatic gene rearrangement mechanism called VDJ 
recombination, which involves a largely random process of rearrangements of V 
(variable), J (joining) and D gene segments (diversity, only in TCR beta chain and IG 
heavy chain). Immunoglobulins are furthermore diversified by additional somatic 
hypermutations during the immune responses.  
 
The mechanism of diversification of T cell receptors and Immunoglobulins has been 
investigated in great detail in previous studies [20, 74], mainly focusing on VDJ 
recombination and somatic hypermutation. However, although the diversity 
produced by VDJ recombination ultimately depends on the diversity of the TCR and 
IG V, D and J segments themselves, there have been fewer studies of the genomic 
diversity of these genes and of how this diversity both shapes and is determined by 
TCR/IG repertoire diversity and immunological functions. TCR and IG V gene loci 
are among the most segmentally duplicated regions in human genome and they are 
known to exhibit very high frequency of single nucleoside polymorphisms and copy 
number variations [221, 253]. Furthermore, germline variations in IGHV genes have 

been shown to associate with antibody function [254]. A better understanding of 
allelic diversity of TCR and IG V genes can help us address the structural 
characteristics of T cell receptors and Immunoglobulins and may reveal the 
connections between susceptibility to specific diseases and specific immune gene 
polymorphisms.  
 
Previous studies investigating the allelic diversity of TCRs and IGs were mainly based 
on the alleles from IMGT database and some reported putative alleles from low-
throughput sequencing technologies [255-258]. However, several studies have shown 
that this database is incomplete and may contain errors. More importantly, many 
more novel V gene alleles were discovered in recent studies [220-222], especially from 

African populations, suggesting that we may have very limited understanding of the 
real variability of TCR/IG V genes and our current reference database may contain 
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unsatisfactory coverage of the alleles from some populations, particularly populations 
from the African continent [236].  
 
Next Generation Sequencing (NGS) technologies shed some light into this important 
question with its much lower sequencing cost and efficiency comparing to the 
traditional Sanger sequencing technology [108, 110]. Thus, there were many 
improvements of human reference genome over time with frequent updates in recent 
years. In addition to that, the most recent phase (phase three) of 1000 genomes 
project (G1K project) provided a comprehensive description of genetic variants of the 
human genomes of 2504 individuals from 26 populations across the world [143]. 

Furthermore, many recent studies were focused on unraveling the genetics of human 
gene expression, which led to the accumulation of large amount of whole blood RNA 
sequencing (RNAseq) data. These high throughput datasets provide opportunities to 
address important questions about the diversity of human immune responses. For 
example, using RNAseq data from whole blood, a recent study investigated the 
association between major histocompatibility complex (MHC) alleles and TCR gene 
expression [259], providing a better understanding of the long-standing question 
about TCR-MHC genetic relationship. 
 
In this chapter, we aimed to investigate the global human diversity of TCR and 
Immunoglobulin V genes and to relate allelic diversities of TCR/IG V genes both to 
their physical locations on chromosomes and to their frequency with which they are 
found in RNA expression data. In our previous study, we reconstructed a database of 
alleles of TCR/IG V genes based on the variants information of G1K project [143, 222]. 
Using this the new database, we compared the diversities of the TCR/IG V gene 
alleles across the 26 populations and found that, as is the case for other loci, African 

populations have the largest allelic diversities of TCR/IG V genes. Our results 
suggested that there was no clear evidence showing that allelic diversities of TRBV 
and IGHV genes are associated with their expressions or genomic locations. 
 

4.3 Results 
 

4.3.1 Diversity analysis of TCR/IG alleles inferred from G1K 
project 
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There has been a growing interest from immunologists in understanding the diversity 
of T cell receptor and Immunoglobulin repertoires, but to-date there have been 
insufficient studies of germline variations of TCR/IG genes due to the limitation of 
available human resequencing data. In our previous work, we developed AlleleMiner, 
a bioinformatics pipeline to infer all putative alleles from variant calling data. 
Subsequently, by using this tool along with the G1K data, we created the Lym1k 
database, currently the most comprehensive collection of putative TCR/IG alleles 
[222]. Here, we exploited our Lym1k database to investigate in depth the diversity of 

germline TCR/IG V genes. 
 

4.3.2 Distinctive allelic diversities in different genes and 
subpopulations 
 
Comparative studies of genetic diversities among different human populations help 
us understand the genetic basis of phenotypic adaption and disease [253]. The 
African population is particularly important in these comparisons because previous 
studies have shown that, due to the African origins of modern humans, there is 
greater genetic diversity in African populations than in all non-African populations 
combined [227]. Therefore, we first hypothesized that the allelic diversity in TCR/IG 
genes from African population is also larger than that found in non-African 
populations. To test this, we calculated Shannon entropy (also in this context referred 
to as the diversity index) as a measure of the allelic diversity of each gene (see 
Materials and Methods for details). In short, the Shannon entropy of a given gene 
describes the richness (the number of the alleles) and evenness of the frequency 
distribution (how close in frequency the alleles are) of the alleles of the gene.  
 
From the three types of TCR/IG gene segments (V, D, J), we excluded D gene 
segments in our analysis due to their short lengths and high mutation rates (they are 
fully located within the CDR3 region), which limited their accuracy in Lym1K 

database, as described in detail in our previous work [222]. We also excluded TRBJ 
and IGHJ genes because of their insufficient coverage in G1K project (half of the 

TRBJ and IGHJ genes were with median coverage less than 10). Therefore, we 
restricted our analysis to the IGHV, IGLV, TRBV, TRAV, IGLJ and TRAJ genes. We 
first calculated the overall Shannon entropies of each gene using data from all the 
populations combined. We discovered that the Shannon entropies of the alleles of 
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different TCR/IG genes vary significantly (figure 4.1, Supplementary figure C1). For 
instance, the most diversified IGHV gene, IGHV4-4, has a Shannon entropy 65 fold 
larger than IGHV3-72, which is the least diversified IGHV gene. Additionally, IGHV 

genes showed far greater Shannon Entropy (median Shannon Entropy 1.04) than the 
remaining genes (median Shannon Entropy 0.42, 0.23, 0.3 and 0.22 for IGLV, TRBV, 

TRAV, IGLJ and TRAJ, respectively). The entropy of the two J segments included in 
the study was lower than for any of the V segments.  
 
We also calculated the Shannon entropies of the TCR/IG genes within each of the 
populations separately (figure 4.2, supplementary figure C2, supplementary table C1). 
Not surprisingly, we found that the allelic diversity in African populations (YRI, LWK, 
GWD, MSL, ESN ASW and ACB; population code can be found in supplementary 
table 2) is significantly larger than in the non-African populations in IGHV (p = 6.57e-

09), IGLV (p = 3.73e-11), TRBV (p = 1.4e-04), TRAV (p = 1.28e-06), IGLJ (p = 4.5e-03) 
and TRAJ (p = 1.8e-02) genes.  

 
 
 



 
Figure 4.1. Shannon entropies of IGHV, IGLV, TRBV and TRAV genes.  
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Figure 4.2. Allelic diversity of TCR/IG V genes represented in heatmap from 
different populations.  

 
4.3.3 Immune gene expression in MDD 
 
There have been several reports of possible links between depression and human 
immune system [260-263]. Since half of the samples of our whole blood RNAseq 
data were derived from individuals with major depressive disorder (MDD), it is 
important to determine whether the expression patterns in TCR/IG V genes 
differed between MDD and healthy samples, as this could introduce a bias in our 
expression analysis. Therefore, we compared the expression of IGHV, IGLV, TRBV 
and TRAV genes respectively from MDD and healthy samples (figure 4.3). No 
significant difference between these two groups in their immune gene expression 
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levels was found, suggesting that we can apply our expression analysis on all the 
samples despite healthy or MDD. 
 

 
Figure 4.3. Principal component analysis of TCR/IG V gene expression between 
samples from MDD and healthy. 
 

4.3.4 Relationship between allelic diversity and genomic 
location 
 
The TCR/IG V genes from the same chain types are all located adjacent to each 
other forming gene groups on the chromosomes. One long-standing question is 
whether the physical locations of the TCR/IG genes play an important role during 
the selection of genes in V (D) J recombination and how this would influence the 
allelic diversity of the genes. Studies on mice have shown that there are more 
rearrangements using the TRAV genes on the 3' end than the 5' end [264], we 
therefore hypothesized that the usage of certain gene segment during VDJ 
recombination may associate with their genomic location: The more distally 
located (relative to the 3’ end) gene segments might be less used during the VDJ 
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recombination, resulting in lower allelic diversity (as a consequence of weaker 
diversifying selective pressure). Assuming that this hypothesis is correct, we 
expected to find a correlation between genomic position of TCR/IG genes and their 
allelic diversity. However, no such correlation was evident in the data  (figure 4.4; 

Spearman rank-order correlation tests non-significant for all genes). The lack of 
correlation between genomic position and allelic diversity in the case of TRAV 
genes may indicate either that the tendency for more rearrangements involving 
genes towards the 3' end that has been observed for mouse is not found in humans 

or that allelic diversity is independent of the frequency of V gene use. In support of 
the former, we found no relationship between the genomic locations of all types of 
TCR/IG genes with their RNA expression level (figure 4.5). 

 

4.3.5 Relationship between allelic diversity and gene 
expression 
 
Although VDJ rearrangement is regarded as a largely stochastic process, based on 
numerous studies about TCR/IG repertoires, the expressions of different TCR/IG 
genes are not uniformly distributed. Instead, some of the TCR/IG genes are 
regarded as more “public” than other TCR/IG genes: these TCR/IG genes are more 
frequently selected across many individuals during the VDJ recombination even 
prior to positive and negative selection. In addition to that, the usages of TCR/IG 
genes differ significantly within different conditions such as disease and 
autoimmune, as a result of antigen-related selection. For instance, in Michael et 
al.’s study [226], they found that TRBV19 dominated the TRBV gene use in 
leukemia patients’ TCR repertoire, which accounted for 99.8% of the clones. One 

intuitive question is whether the more frequent use and higher expression of 
certain genes would result in greater diversifying selective pressure acting on these 
genes. We therefore hypothesized that the more frequently expressed genes might 
associate with greater germline allelic diversities, resulting in a positive correlation 
between expression level and allelic diversity. We discovered relatively weak 
positive correlations that were statistically significant (significance level < 0.1) 
between gene expression and allelic diversity in TRAV and IGLV genes (table 4.1). 

However, we did not find any correlations that were statistically significant in 
IGHV, TRBV, IGLJ and TRAJ genes (table 4.1, supplementary figure C5), 
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suggesting that the expression of these genes may not be associated with their 
allelic diversities. 
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Figure 4.4. The diversities of immune genes along the chromosome with physical 
coordinates mapped. Each bar in the plot represents the Shannon entropy of one 
particular gene and the distance between genes were relative to their physical locations 
on chromosome. The plot was generated using Gviz [267].  
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Figure 4.5. The expression of immune genes along the chromosome. Each bar in 

this plot represents the RNA expression level of a particular gene. 
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Table 4.1. Correlation between TCR/IG gene expression and allelic diversity. The 

p-values were corrected by using Benjamini-Hochberg correction. 

 
  IGHV IGLV TRBV TRAV TRAJ IGLJ 

Spearman’s rank 
correlation coefficient 

rho =0.16 rho=0.25  rho = -0.15 rho = 0.29 rho=0.19 rho = 0.17 

p-value=0.55 p-value=0.04 p-value=0.71 p-value=0.07 p-value=0.35 p-value=0.60 

Pearson product-
moment correlation 
coefficient 

cor=0.05 cor= 0.17 cor= -0.003 cor=0.32 cor=-0.04 cor=0.20 

p-value=0.78 p-value=0.13 p-value=0.99 p-value=0.07 p-value=0.74 p-value=0.60 

Kendall rank tau = 0.1 tau = 0.17 tau = -0.09 tau = 0.20 tau=0.12 tau = 0.13 

Correlation coefficient p-value=0.55 p-value=0.04 p-value=0.71 p-value= 0.07 p-value=0.35 p-value= 0.60 
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Figure 4.6. The relationship between gene expression and allelic diversity in 

IGHV, IGLV, TRBV and TRAV genes. The data is fitted by using Local Polynomial 
Regression (LOESS). The shaded areas are the standard errors. 

 
 
4.4 Materials and Methods 
 

4.4.1 TCR/IG alleles from Lym1K  
 
We used the collection of TCR/IG alleles included in Lym1K database, which has 
been introduced in our previous work [222]. For completeness, we used the lowest 

inclusion threshold of Lym1K database. More specifically, we regarded each of the 
inferred unique haplotype as an allele.  

 
4.4.2 Normalization of RNAseq data 
 
We obtained the whole blood RNAseq data from the Depression Genes and 
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Networks Project created by Battle et al [268] (National Institute of Mental Health 
grant 5RC2MH089916). The dataset consists of 922 individuals, with 463 
individuals with major depressive disorder and 459 healthy individuals. 

The expressions of TCR/IG genes were calculated by using RSEM [184]. We 
normalized the expression level of TCR/IG genes based on Transcripts Per 
Kilobase million (TPM) by introducing the total number of reads of the specific 
gene type that the given gene belongs to. Our customized TPM for each gene is 
calculated as follows: 

 !"!! = !!∗!∗!"!
!!∗!∗!

   (1) 

Where !! is the read count of the ith gene, ! is the mean of the read length, T is the 

total number of the reads of the given gene type (TRBV, TRAV, IGHV etc.), !! is 

the length of the ith gene and ! is the total number of reads. 

 

4.4.3 Shannon entropy 
 
We used Shannon entropy as a measure of gene diversity. Shannon entropy is 
affected by both the allelic richness (how many different alleles belong to a given 
gene) as well as the evenness of the frequency distribution across alleles (for a 
given number of alleles, the Shannon entropy is maximized when all alleles have 
equal frequencies). The Shannon Entropy of each gene is calculated as follows: 
   

 ! = − !!!
!!! !!"!!!    (2) 

 
where  !! is the proportion of haplotypes carrying the ith allele of the gene and n is 

the total number of the alleles. When calculating the diversity index within 
different populations, equation 2 is not suitable anymore because different 
populations consist of different numbers of alleles. We therefore normalized the 
sample size in the Shannon Entropy calculation as follows: 
 

 ! = − !!!"#!!!
!"#!!

!
!!!    (3) 
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4.5 Discussion  
  
T cell receptors and Immunoglobulins play crucial roles in the human adaptive 
immune system by providing specific recognitions of foreign antigens and 
preventing growth of the corresponding pathogens. The sets of TCR and IG genes 
within the same chain type are located adjacent to each other in genomic regions 
that are among the most dynamic genomic region in human genome with high 
gene duplications and point mutations. Studies of the variability of the TCR/IG V 
genes at germline level may provide a better understanding of the evolutionary 
diversification of TCRs and IGs. However, such studies were lacking to date 
because of the unsatisfactory coverage of genome sequencing and genotype data 
for these regions in global populations.   
 
In recent years, with improvements of the sequencing technologies, it has become 
possible to investigate the allelic diversity of immune genes based on human 
resequencing data with much higher resolution and larger sample sizes. In this 
study, we first retrieved the collection of alleles of TCR/IG genes included in the 
Lym1k database [222].  Based on these alleles, we investigated the allelic diversity 

within different genes and different populations. We found that among the four 
chain types (IGH, IGL, TRB, TRA), the alleles of IGHV genes contain the largest 
diversities. Furthermore, we discovered that, as is the case for most genomic 
regions, African populations demonstrate the highest allelic diversities of TCR/IG 
V genes.  
 
We further investigated the effect of genomic locations of TCR/IG genes and their 
allelic diversities. We did not find any significant correlations between the genomic 
locations of different immune genes and their allelic diversities, suggesting that 
genomic locations of TCR/IG genes may not associate with their allelic diversities.  
Lastly, we investigated the relationship between expression of TCR/IG V genes and 
allelic diversity. Our expectation was that the frequent use and higher expression 
of certain V genes would result in greater diversifying selective pressure affecting 
these genes, resulting in greater germline diversity. However, correlations between 
gene expressions were either weakly positive (for IGLV and TRAV genes) or absent 
altogether (for IGHV and TRBV genes). 
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In this work, the data mainly came from two sources: the TCR/IG allele 
information retrieved from Lym1k database, which was created based on human 
resequencing data (G1K project) with the current human reference genome 

(GRCH38) and the TCR/IG RNAseq data generated from human blood samples. 
Limitations include the fact that coordinates of a some TCR/IG genes are not 
available in the current human reference genome: there were 22 TCR/IG V genes 

missing from the main build of the reference genome, which were required by 
AlleleMiner for the allele database construction. The second issue that may limit 
our findings is that many TCR/IG genes had insufficient sequencing coverage in 
the G1K project (genes with a cross-sample median coverage less than 10 were 

excluded). Nearly half of the IGHJ, IGHD, and TRBJ genes and eleven out of 45 
TRBV had median depth less than ten in the current (phase 3) release of the G1K 

project. In addition, the real allelic diversity or the variability of TCR/IG V genes 
may still not be fully reflected by only 2504 individuals in G1K project. For instance, 
IGHV2-70 contains 591 distinct haplotypes out of 5008 haplotypes in total. Further 

improvements in both the human reference genome and in the coverage of 
population re-sequencing data are needed for a better understanding of the allelic 
diversity of immune genes.  
 
Relating to the gene expression data, there might be three reasons explaining the 
lack of correlations between the expression and allelic diversity of TCR/IG genes. 
One reasons is that, since we used gene expression as an indicator or proxy of the 
frequency of the gene usage during the selection process, the relationship between 
gene usage and gene expression might not be strong. For example, one study 
illustrated that a single mutation on IGKV2-29 gene yielded the IGKV2D-29*02 

allele, and this drastically decreased the expression of this gene [269]. For some of 
the genes, even though they were selected during the selection process, their 
expression level might be lower than other selected genes. Thus RNA expression 
level of one particular gene might not be an accurate reflection of how often this 
gene was selected. Second, the RNAseq data were retrieved from B and T Cells 
harvested from peripheral blood, which only revealed a limited view of the real 
diversity of the immune receptor repertoire. For instance, approximately only two 
percent of the B cells are included in the peripheral blood [204]. The usage of the 
different immune receptor genes might not be satisfactorily reflected by the limited 
immune receptor repertoire of peripheral blood. Lastly, the frequency of human 
immune receptor gene usage might not be stable over time, even if the frequency 
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was correctly reflected from the gene expression data, the frequency of gene usage 
inferred from this dataset may not reflect the mean of the frequency of the gene 
usage among the human populations, over the time during which the human allelic 
diversity in these regions has accumulated. 
 
The bulk RNAseq dataset used in our analysis is very extensive with a large sample 
size, and it captured a snapshot of net results of average immune gene expression. 
However, there are still some improvements that can be made to precisely reveal 
the TCR/IG gene expression in higher resolution. Because the accuracy might be 
limited in bulk RNAseq experiments by cell heterogeneity, especially for T and B 
cells with such high diversity. The composition of different T and B cells (such as 
CD4, CD8 T cells) with different TCRs and IGs in the pooled samples can vary in 
RNAseq experiments, and this might result in different gene expression results. 
Single Cell RNAseq (scRNA-seq) technology provides a solution for this problem 
by allowing in-depth transcriptome analysis in single cells to ensure the same 
subtype of the T and B cells being compared. However, current single cell datasets 
commonly range from 102 to 105 cells from a very limited number of individuals, 

which may be insufficient for investigating the diversity of TCR/IG repertoire. But 
with fast growing popularity and lower sequencing costs in recent years, more 
comprehensive scRNAseq dataset will be available in the near future and we can 
gain much more insights into the relationship of immune gene expression and 
diversity. 
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Chapter 5 – Discussion 
 
The adaptive immune system in mammals is characterized by its ability to recognize 
millions of different kinds of foreign antigens and to mount highly precise and 
enhanced immune responses to the invading pathogens. This is achieved through it’s 
extensively diversified repertoire of antigen recognition receptors attached on T (T cell 
receptor) and B cells (immunoglobulin). Previous understandings about the 
complexity and functional characteristics of the immune receptor repertoire are 
limited by the lack of high-resolution data. In this thesis, we described three research 
projects that make use of cutting-edge high throughput approaches to interpret the 
diversity of T cell receptor and immunoglobulin genes. We first developed a software 
tool for systematically analyzing next generation sequencing data of TCRs and 
immunoglobulins, which provides an in-depth view of the frequency distribution of the 
TCR and immunoglobulin clonotypes. Second, we inferred a collection of TCR and 
immunoglobulin gene reference sequences based on large quantities of human 
resequencing data in the public domain. Last, we investigated the characteristics of 
allelic diversities of immune receptor genes. 
 
Our first research question focused on tackling the computational challenges involved 
in the analysis of large-volume next generation sequencing data of TCR and 
immunoglobulin repertoires. In chapter two, we implemented LymAnalyzer, a high-
throughput application that contains three analysis components for interpreting TCR 
and immunoglobulin sequence data in an accurate and efficient manner. The first 
analysis component of LymAnalyzer was to calculate the frequency distribution of the 
clonotypes of TCR and immunoglobulin repertoire, which was the major functional 
component of other similar tools [209-216]. This process included correct VDJ 
alignment and CDR3 extraction. We developed a fast-tag-searching algorithm for 

mapping the input sequences of the TCRs and immunoglobulins to their 
corresponding reference sequences in IMGT database. We compared the alignment 
results of LymAnalyzer with Decombinator, MiTCR and MiXCR on both real and in 
silico datasets. LymAnalyzer outperformed all the other tools with significant 
improved mapping completeness and accuracy. In addition to that, LymAnalyzer 
integrated two novel analysis components. To illustrate the mutation process occurring 
during affinity maturation in immunoglobulins, LymAnalyzer provides a lineage 
mutation tree construction function that can reveal the minimal steps required to 
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obtain the observed immunoglobulin sequences. Last, LymAnalyzer provides 
polymorphism analysis, which can detect putative novel SNPs in the input TCR or 
immunoglobulin sequences that have not been reported in the reference databases 
such as IMGT.  
 
There are still future improvements that can be made on LymAnalyzer. Immunological 
repertoire sequencing technologies are fast evolving towards Multiplex-PCR with 
spike-in approaches to resolve the primer-bias issues. Additional normalization steps 
are needed for sequence data generated from such platforms. Furthermore, one 
potential factor that might hamper the accuracy of the polymorphism analysis is allelic 
imbalance. Because the SNP inclusion threshold used in LymAnalyzer is 10%, 
imbalanced alleles that were present in less than this threshold were ignored from the 
analysis. Therefore, we made the inclusion threshold user-adjustable, but special 
caution is needed when choosing the appropriate threshold. One important question 
that arose while applying polymorphism analysis to public immunoglobulin sequence 
data is whether our reference database is complete. This was supported by the fact that 
there was a substantial number of SNPs identified by LymAnalyzer that were not 
included in the IMGT database. 
 
Indeed, several previous studies have suggested that the IMGT database is incomplete 
and might contain errors [220-222]. Thus in the second research chapter, we aimed to 

redefine a more comprehensive collection of TCR and immunoglobulin reference 
sequences. In Chapter 3, we described AlleleMiner, a novel bioinformatics pipeline that 
can be used to infer alleles based on variant calling data and the reference genome. 
Furthermore, we created the Lym1K database by using AlleleMiner with human 

variant information retrieved from the 1000 Genomes Project. Compared to IMGT, 
Lym1k presented a much more comprehensive set of TCR and immunoglobulin alleles, 

and the accuracy of Lym1k was further validated by its significant improvements of 
sequence alignment performance on real TCR and immunoglobulin datasets. In 
addition to that, we revealed that IMGT did not adequately cover the allelic diversity of 
immune receptor genes in global human populations, evident by worse alignment 
results in African populations than the Non-African populations. This further 
supported the need of expanding current TCR/IG reference database by integrating the 
immune receptor alleles inferred from human resequencing data in global populations.  
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Nonetheless, further improvements of the completeness and accuracy of Lym1K could 
be made based on further updates on the reference genome and larger variation calling 
datasets. For instance, there were 22 genes not included in the reference genome builds 

(CRCh 37, GRCh38).  In addition to that, the sequencing coverage of several TRBV 
genes was unsatisfactory in the 1000 genomes project. Therefore, we made AlleleMiner 
user-adjustable and freely available online, so that it can be easily adapted to infer new 
alleles when more updated reference genome builds and variant calling data are 
available. Last, our studies suggested that the real size of the allelic variations of 
immune receptor genes, especially for immunoglobulins, might not be adequately 
represented from the variant calling information included in 1000 genomes project 

with “only” 2504 samples.  
 
In the last research chapter, based on the construction of the more comprehensive 
collection of alleles of immune receptor genes from our previous work, some long-
standing questions about the characteristics of germline allelic diversity of immune 
receptor genes could be properly addressed. We first asked if there was more allelic 
diversity in the immune receptor genes in African populations than in Non-African 
populations, as many studies have shown that the overall genetic diversity in African 
population is larger than the Non-African population combined [227]. Indeed, we 
found that the diversity index of immune receptor genes from IGH, IGL and TCRB is 
significantly larger in African population than the rest. We further hypothesized that 
there might be an association between the allelic diversity of immune receptor genes 
and their genomic locations, based on the distribution of immune receptor genes on 
the chromosome.  However, we did not find evident correlations between genomic 
location and allelic diversity of immune receptor genes. Last, we asked if the more 
frequent selection of particular genes during the rearrangements would result in 
greater selection pressure, yielding higher allelic diversity. To test this, we used RNA 
expression level of different genes as the “proxy” to represent the frequency of their 
usage during somatic rearrangements, and conducted correlation analysis between the 
gene expression and allelic diversity. Surprisingly, we only found weak positive 
correlations in TRAV genes, and no significant correlations in all the other gene types.  
 
However, we need to pay special attention to several confounding factors that might 
cause the absence of correlations. The first factor concerns the “proxy” we chose to 
represent the frequency of gene usage. Because gene expression might not adequately 
represent how often the gene is used during the selection process, given the fact that 
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the expression of some alleles of the genes is much lower than others [269]. 
Furthermore, although the size of the RNAseq dataset used in our analysis is very large, 
the source of the RNAseq data is from peripheral blood, which only includes 
approximately 2% of the overall immunoglobulin repertoire [204]. Thus further 
RNAseq experiments applied to lymphoid organs such as bone marrow and thymus are 
needed for comprehensive diversity analysis of immune receptor genes. Another 
reason that might explain the absence of correlation between gene expression and 
allelic diversity is that, over time, the frequency of the usage of different immune 
receptor genes may not be stable among populations. At the end, these problems could 
be eventually resolved by analyzing single cell RNAseq data from extensive coverage of 
immune cells from different lymphoid organs, from global populations. Although 
current sample sizes of most of the single cell RNAseq datasets range from 102 to 105, 

which is still unsatisfactory for describing the diversity of immune repertoire, it is 
increasing steadily every year with the decrease of sequencing costs. 
 
Next generation sequencing has revolutionized immune repertoire analysis by allowing 
quantification of immunoglobulin and T cell receptor diversity. The interpretation of 
immune repertoires using LymAnalyzer and Lym1K could have medical applications in 
three major areas: tracking changes of the immune system in different diseases, 
therapeutic antibody design and the development of vaccines.  
 
There are many immune-related diseases such as Type 1 diabetes, Leukemia, 
Rheumatoid arthritis etc. Deep sequencing captures a high-resolution snapshot of the 
immune repertoire, which includes important metrics such as diversity index for 
describing the status of the immune system. For instance, there is an overall decrease 
in diversity of the TCR repertoire during the course of HIV infection [270-272] and the 
immune repertoire is highly skewed in Leukemia [226]. The Lym1K database could 

provide a more comprehensive understanding of the genetic variations of TCR/IG 
genes and the utility of LymAnalyzer could enable more complete analysis of TCR/IG 
repertoires in different conditions, for example in ageing where repertoires become 
increasingly oligoclonal. The output file of clonotypes generated by LymAnalyzer could 
be easily annotated for downstream analysis such as repertoire diversity analysis, 
dominant clonotype analysis etc.  
 
In addition to that, recombinant monoclonal antibody selection in vitro for specific 
antigens has become an important tool for generating effective therapeutic antibodies 



  
105 

for many diseases [273]. However, this method is relatively ineffective because it 
mainly focuses on analyzing a small number of randomly picked clonotypes and then 
applying low-throughput methods such as enzyme-linked immunosorbent assays [274]. 

By utilizing deep sequencing methods together with LymAnalyzer and the Lym1K 
database, we can obtain a view of the selected antibody population in unprecedented 
depth and in a more effective manner, facilitating the identification of antigen-specific 
antibodies.  
 
Vaccination is one of the most effective and feasible approaches to prevent many 
infectious diseases. Nonetheless, there are still many infectious diseases for which no 
effective vaccine exists (such as AIDS, Malaria, Leishmaniasis etc) due to our 
constrained understandings about the dynamics of the immune response during these 
infections. Recent vaccination studies using high throughput methods often generate 
large amounts of sequencing data of the immune repertoire from blood samples at 
some well defined time-points [275]. LymAnalyzer could be applied for the analysis of 

post-vaccination immune responses at different time points using immune receptor 
sequencing data. In addition, recent studies have suggested the importance of 
determining the ontogeny of broadly-neutralizing antibodies for HIV[233, 236] The 
more comprehensive and accurate collection of genetic variants in immunoglobulin 
genes included in the Lym1K database could help these analyses and further facilitate 
antibody-guided vaccine development. 
 
There are some biological implications and research questions that could be addressed 
by analyzing variant information of the immune genes included in the Lym1K database. 
We observed that allelic diversity of IGHV genes was much larger than the TRBV genes. 
This might be explained by the difference of the nature of epitopes that T and B cells 
recognize. B cell epitopes are generally conformational and immunoglobulins bind to 
them in free solution whereas T cell epitopes are linear and bound within the groove of 
the MHC. The variability of 3D conformational epitopes for antibodies might be much 
larger than the linear epitopes for TCR and over time, this may have lead to higher 
germline diversity in immunoglobulin genes. Moreover, another interesting 
observation we have described in the last research chapter is that there is no clear 
evidence showing that allelic diversity of the immune genes is related to the frequency 
of their usage during VDJ recombination. Based on this finding, one research question 
that needs further investigation is whether the selection of immune genes during 
recombination is stable over time. The distribution of the immune repertoire is 
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thought to be shaped by the selection pressure of distinctive pathogens in different 
environments [276, 277]. The different conditions such as hygiene between now and 
the past might present different pathogenic environments to the immune system and 
further alter the selection pressure.  
 
Both LymAnalyzer and Lym1K contain many flexible interfaces and adjustable 
parameters. Thus users can either directly use or tune the workflow when there are 
more variation data available (figure 3.8). Furthermore, since both tools are open-

source software under the Apache license, expert users can continue tuning the 
algorithms or adding new features to the tools thereby providing more contributions to 
the immunology research community. 
 
In summary, this thesis has demonstrated the utility of high-throughput approaches in 
analyzing immune receptor repertoires. More importantly, this thesis has illustrated a 
complete workflow of creating useful biological resources for the scientific community 
from large volumes of publicly available biological data, and beyond that, deriving 
interesting biological insights. This thesis sheds some light on the allelic diversity of 
human immune receptor genes, which could be used as a stepping stone for further 
investigations as more comprehensive datasets become available.  
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Appendix A 
 

 
Supplementary figure A1. Comparisons of completeness and accuracy among 

LymAnalyzer, MiXCR and Decombinator based on simulated TCR data on the 
gene name level. 
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Supplementary figure A2. Running performance of LymAnalyzer. 
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Appendix B 
 

 
Supplementary figure B1. Median depth of TCR and IG genes in the resequencing data of 1000 genomes project. 

 



  
110 

 
Supplementary figure B2. Allelic diversity of IGHV, IGLV, TRBV and TRAV genes. For each gene, each type of allele was regarded as a species, and 
then the hill numbers were calculated by using Recon. We used Species richness, Shannon’s Entropy and Simpson’s Reciprocal index to illustrate the 
diversity of each gene.  
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Supplementary figure B3. The difference of inferred putative alleles 
comparing to IMGT alleles. A. The change of the average numbers of the 
putative novel alleles per gene with the adjustments of the inclusion 
threshold. B. The change of the numbers of the shared alleles with the 
adjustments of the inclusion threshold. The value on Y-axis is the number 
of the shared alleles proportion to the maximal shared alleles between 
Lym1K and IMGT (Inclusion threshold equal to one). The data is fitted by 

local polynomial regression, and the shaded area is the 95% confidence 
interval. C. Frequency distribution of the number of occurrences of IGHV 
and IGLV allele in 1000 genomes project. D. Frequency distribution of the 

number of occurrences of IGHV and IGLV allele in 1000 genomes project. 
The frequency in both C and D are naturally log transformed. E. Recovery 
rate of IMGT alleles with different validation levels.  
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Supplementary table B1. The shared alleles between IMGT and inferred 
alleles. The coordinates of some of the IMGT genes may vary from their 
coordinates in the genome assembly and a few IMGT alleles are only partial 
in the 5' or 3' end.  One IMGT allele may correspond to multiple recovered 
alleles form G1K data. For IGHV, we used the validation classes introduced 

by Wang et al., the alleles were classified into five confidence levels from one 
(highest) to five (lowest) [220]. 
 
 

IGHV2%5*07' IGHV2%5*47p' Recovered'

IGHV5%51*03' IGHV5%51*15p' Recovered'

IGHV5%51*01' IGHV5%51*51p,IGHV5%51*21p,IGHV5%
51*56p,IGHV5%51*62p'

Recovered'

IGHV3%48*03' IGHV3%48*20p,IGHV3%48*75p,IGHV3%
48*21p,IGHV3%48*53p'

Recovered'

IGHV4%59*01' IGHV4%59*30p,IGHV4%59*27p,IGHV4%59*87p' Recovered'

IGHV5%51*05' IGHV5%51*46p' Recovered'

IGHV4%59*08' IGHV4%59*4p' Recovered'

IGHV3%53*02' IGHV3%53*66p' Recovered'

IGHV3%53*01' IGHV3%53*6p,IGHV3%53*13p' Recovered'

IGHV3%73*02' IGHV3%73*11p' Recovered'

IGHV3%74*02' IGHV3%74*8p' Recovered'

IGHV3%74*01' IGHV3%74*15p' Recovered'

IGHV3%73*01' IGHV3%73*1p' Recovered'

IGHV4%34*02' IGHV4%34*25p' Recovered'

IGHV4%34*03' IGHV4%34*42p' Recovered'

IGHV3%30*18' IGHV3%30*1p' Recovered'

IGHV4%34*01' IGHV4%34*1p' Recovered'

IGHV1%3*01' IGHV1%3*3p,IGHV1%3*71p,IGHV1%3*4p' Recovered'

IGHV1%3*02' IGHV1%3*49p,IGHV1%3*37p' Recovered'

IGHV1%58*02' IGHV1%58*7p' Recovered'

IGHV1%58*01' IGHV1%58*13p,IGHV1%58*2p' Recovered'

IGHV3%49*03' IGHV3%49*6p' Recovered'

IGHV3%49*04' IGHV3%49*10p' Recovered'

IGHV3%49*05' IGHV3%49*32p' Recovered'
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IGHV3%33*01' IGHV3%33*134p,IGHV3%33*169p' Recovered'

IGHV3%33*03' IGHV3%33*121p' Recovered'

IGHV7%81*01' IGHV7%81*8p,IGHV7%81*19p' Recovered'

IGHV1%24*01' IGHV1%24*73p,IGHV1%24*63p,IGHV1%
24*48p,IGHV1%24*27p'

Recovered'

IGHV2%5*01' IGHV2%5*56p' Recovered'

IGHV3%20*01' IGHV3%20*31p,IGHV3%20*41p' Recovered'

IGHV2%5*05' IGHV2%5*74p' Recovered'

IGHV2%5*02' IGHV2%5*55p,IGHV2%5*42p' Recovered'

IGHV3%72*01' IGHV3%72*21p' Recovered'

IGHV3%72*02' IGHV3%72*5p,IGHV3%72*1p' Recovered'

IGHV2%70*11' IGHV2%70*66p,IGHV2%70*165p,IGHV2%
70*290p,IGHV2%70*613p,IGHV2%70*491p'

Recovered'

IGHV1%2*04' IGHV1%2*66p,IGHV1%2*50p' Recovered'

IGHV1%2*05' IGHV1%2*47p' Recovered'

IGHV1%2*02' IGHV1%2*28p' Recovered'

IGHV6%1*01' IGHV6%1*26p' Recovered'

IGHV4%61*01' IGHV4%61*286p' Recovered'

IGHV4%61*07' IGHV4%61*104p,IGHV4%61*286p,IGHV4%
61*117p,IGHV4%61*210p,IGHV4%61*12p,IGHV4%

61*49p,IGHV4%61*322p,IGHV4%61*55p'

Recovered'

IGHV3%15*07' IGHV3%15*47p' Recovered'

IGHV3%15*01' IGHV3%15*14p,IGHV3%15*45p' Recovered'

IGHV3%13*01' IGHV3%13*5p' Recovered'

IGHV3%13*03' IGHV3%13*14p' Recovered'

IGHV3%13*04' IGHV3%13*58p' Recovered'

IGHV2%26*01' IGHV2%26*6p' Recovered'

IGHV3%30*03' IGHV3%30*1p' Recovered'

IGHV3%64*02' IGHV3%64*15p' Recovered'

IGHV3%64*01' IGHV3%64*17p' Recovered'

IGHV4%4*02' IGHV4%4*235p' Recovered'

IGHV2%70*01' IGHV2%70*366p,IGHV2%70*378p,IGHV2%
70*619p,IGHV2%70*263p,IGHV2%70*315p'

Recovered'

IGHV3%7*03' IGHV3%7*34p,IGHV3%7*21p' Recovered'
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IGHV3%7*02' IGHV3%7*77p,IGHV3%7*8p' Recovered'

IGHV3%7*01' IGHV3%7*57p,IGHV3%7*129p,IGHV3%7*113p' Recovered'

IGHV3%35*01' IGHV3%35*3p,IGHV3%35*1p' Recovered'

IGHV3%66*03' IGHV3%66*4p' Recovered'

IGHV4%39*01' IGHV4%39*20p' Recovered'

IGHV4%39*04' IGHV4%39*29p,IGHV4%39*31p' Recovered'

IGHV3%21*01' IGHV3%21*25p,IGHV3%21*23p' Recovered'

IGHV3%21*04' IGHV3%21*43p' Recovered'

IGHV3%21*03' IGHV3%21*38p' Recovered'

IGHV1%46*01' IGHV1%46*44p,IGHV1%46*35p,IGHV1%
46*11p,IGHV1%46*24p,IGHV1%46*5p'

Recovered'

IGHV1%46*03' IGHV1%46*31p' Recovered'

IGHV1%45*02' IGHV1%45*14p,IGHV1%45*1p,IGHV1%45*3p' Recovered'

IGHV1%45*03' IGHV1%45*15p,IGHV1%45*8p' Recovered'

IGHV3%11*05' IGHV3%11*57p,IGHV3%11*66p,IGHV3%11*51p' Recovered'

IGHV1%69*07' IGHV1%69*138p,IGHV1%69*234p,IGHV1%
69*44p,IGHV1%69*43p,IGHV1%69*245p'

Recovered'

IGHV1%69*05' IGHV1%69*217p' Recovered'

IGHV1%69*06' IGHV1%69*150p' Recovered'

IGHV1%18*03' IGHV1%18*48p' Recovered'

IGHV3%43*01' IGHV3%43*1p' Recovered'

IGHV1%69*01' IGHV1%69*251p' Recovered'

IGHV4%28*02' IGHV4%28*15p,IGHV4%28*13p' Recovered'

IGHV1%18*01' IGHV1%18*1p,IGHV1%18*44p' Recovered'

IGHV4%28*01' IGHV4%28*50p,IGHV4%28*51p,IGHV4%
28*24p,IGHV4%28*18p'

Recovered'

IGHV4%28*05' IGHV4%28*30p,IGHV4%28*19p,IGHV4%28*28p' Recovered'

IGHV3%23*01' IGHV3%23*101p,IGHV3%23*16p,IGHV3%23*32p' Recovered'

IGHV1%69*12' IGHV1%69*1p,IGHV1%69*80p' Recovered'

IGHV3%23*04' IGHV3%23*63p' Recovered'

IGHV1%69*13' IGHV1%69*177p,IGHV1%69*255p' Recovered'

IGHV3%23*03' IGHV3%23*125p' Recovered'

IGHV1%69*11' IGHV1%69*15p' Recovered'

IGHV2%5*06' NA' Validation'level'
5''
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IGHV2%5*08' NA' Validation'level'
5''

IGHV2%5*09' NA' Validation'level'
5''

IGHV3%48*01' NA' Validation'level'
2''

IGHV5%51*02' NA' Validation'level'
3''

IGHV3%48*04' NA' Not'recovered'

IGHV3%48*02' NA' Validation'level'
2''

IGHV4%59*04' NA' Validation'level'
3''

IGHV4%59*03' NA' Validation'level'
5''

IGHV1%8*02' NA' Not'in'GRCh38'

IGHV4%59*02' NA' Validation'level'
4''

IGHV1%8*01' NA' Not'in'GRCh38'

IGHV5%51*04' NA' Validation'level'
4''

IGHV4%59*09' NA' Validation'level'
5''

IGHV2%5*10' NA' Not'recovered'

IGHV4%59*07' NA' Validation'level'
5''

IGHV4%59*06' NA' Validation'level'
5''

IGHV4%59*05' NA' Validation'level'
5''

IGHV1%69%2*01' NA' Not'in'GRCh37'

IGHV1%69%2*02' NA' Not'in'GRCh37'

IGHV4%59*10' NA' Validation'level'
3''

IGHV4%30%4*06' NA' Not'in'GRCh38'

IGHV3%53*03' NA' Validation'level'
3''

IGHV4%30%4*05' NA' Not'in'GRCh38'

IGHV3%53*04' NA' Not'recovered'

IGHV4%30%4*02' NA' Not'in'GRCh38'

IGHV4%30%4*01' NA' Not'in'GRCh38'

IGHV4%30%4*04' NA' Not'in'GRCh38'

IGHV4%30%4*03' NA' Not'in'GRCh38'

IGHV3%74*03' NA' Validation'level'
1''
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IGHV4%34*04' NA' Validation'level'
5''

IGHV4%34*05' NA' Validation'level'
5''

IGHV4%34*08' NA' Validation'level'
5''

IGHV4%34*09' NA' Validation'level'
3''

IGHV4%34*06' NA' Validation'level'
5''

IGHV4%34*07' NA' Validation'level'
5''

IGHV3%30*19' NA' Not'recovered'

IGHV3%30*15' NA' Not'recovered'

IGHV3%30*14' NA' Not'recovered'

IGHV3%30*17' NA' Not'recovered'

IGHV3%30*16' NA' Not'recovered'

IGHV3%30*11' NA' Not'recovered'

IGHV3%30*10' NA' Not'recovered'

IGHV3%30*13' NA' Not'recovered'

IGHV3%30*12' NA' Not'recovered'

IGHV3%49*01' NA' Validation'level'
3''

IGHV3%49*02' NA' Validation'level'
5''

IGHV4%34*13' NA' Validation'level'
5''

IGHV4%31*10' NA' Not'recovered'

IGHV4%34*10' NA' Validation'level'
3''

IGHV4%34*11' NA' Validation'level'
3''

IGHV4%34*12' NA' Validation'level'
4''

IGHV4%31*06' NA' Not'recovered'

IGHV4%31*05' NA' Not'recovered'

IGHV4%31*04' NA' Not'recovered'

IGHV4%31*03' NA' Not'recovered'

IGHV4%31*02' NA' Not'recovered'

IGHV4%30%2*04' NA' Not'in'GRCh37'

IGHV4%31*01' NA' Not'recovered'

IGHV4%30%2*03' NA' Not'in'GRCh37'



 117 

IGHV4%30%2*05' NA' Not'in'GRCh37'

IGHV3%33*05' NA' Validation'level'
3''

IGHV3%33*04' NA' Validation'level'
5''

IGHV4%30%2*02' NA' Not'in'GRCh37'

IGHV3%33*02' NA' Validation'level'
3''

IGHV4%30%2*01' NA' Not'in'GRCh37'

IGHV3%33*06' NA' Not'recovered'

IGHV2%5*04' NA' Validation'level'
5''

IGHV2%5*03' NA' Validation'level'
5''

IGHV4%31*09' NA' Not'recovered'

IGHV4%31*07' NA' Not'recovered'

IGHV4%31*08' NA' Not'recovered'

IGHV2%70*10' NA' Validation'level'
5''

IGHV2%70*12' NA' Validation'level'
3''

IGHV2%70*13' NA' Validation'level'
4''

IGHV1%2*03' NA' Validation'level'
5''

IGHV6%1*02' NA' Validation'level'
5''

IGHV4%61*02' NA' Validation'level'
1''

IGHV4%61*03' NA' Validation'level'
5''

IGHV4%61*05' NA' Validation'level'
5''

IGHV4%61*04' NA' Validation'level'
5''

IGHV3%15*06' NA' Validation'level'
5''

IGHV3%15*08' NA' Validation'level'
5''

IGHV4%61*08' NA' Validation'level'
4''

IGHV3%15*02' NA' Validation'level'
4''

IGHV3%15*03' NA' Validation'level'
5''

IGHV3%NL1*01' NA' Not'in'GRCh38'

IGHV3%15*04' NA' Validation'level'
5''
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IGHV3%15*05' NA' Validation'level'
5''

IGHV3%13*02' NA' Validation'level'
3''

IGHV3%30*01' NA' Not'recovered'

IGHV3%64*04' NA' Validation'level'
5''

IGHV3%30*02' NA' Not'recovered'

IGHV3%64*05' NA' Validation'level'
5''

IGHV3%30*04' NA' Not'recovered'

IGHV3%64*03' NA' Validation'level'
5''

IGHV3%30*05' NA' Not'recovered'

IGHV4%b*02' NA' Not'in'GRCh38'

IGHV3%30*06' NA' Not'recovered'

IGHV4%b*01' NA' Not'in'GRCh38'

IGHV3%30*08' NA' Not'recovered'

IGHV3%30*07' NA' Not'recovered'

IGHV3%30*09' NA' Not'recovered'

IGHV4%4*05' NA' Validation'level'
5''

IGHV4%4*06' NA' Validation'level'
5''

IGHV4%4*03' NA' Validation'level'
5''

IGHV4%4*04' NA' Validation'level'
5''

IGHV4%4*01' NA' Validation'level'
2''

IGHV2%70*02' NA' Validation'level'
5''

IGHV2%70*03' NA' Validation'level'
3''

IGHV4%4*07' NA' Validation'level'
1''

IGHV3%66*01' NA' Validation'level'
1''

IGHV3%9*02' NA' Not'in'GRCh38'

IGHV3%9*01' NA' Not'in'GRCh38'

IGHV2%70*08' NA' Validation'level'
5''

IGHV2%70*07' NA' Validation'level'
5''

IGHV3%66*04' NA' Validation'level'
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4''

IGHV2%70*06' NA' Validation'level'
5''

IGHV2%70*05' NA' Validation'level'
5''

IGHV1%2*01' NA' Validation'level'
2''

IGHV3%66*02' NA' Validation'level'
3''

IGHV2%70*04' NA' Validation'level'
5''

IGHV4%39*02' NA' Validation'level'
4''

IGHV4%39*06' NA' Validation'level'
5''

IGHV4%39*05' NA' Validation'level'
5''

IGHV4%39*03' NA' Validation'level'
5''

IGHV4%39*07' NA' Validation'level'
1''

IGHV5%a*01' NA' Not'in'GRCh38'

IGHV5%a*04' NA' Not'in'GRCh38'

IGHV5%a*03' NA' Not'in'GRCh38'

IGHV3%21*02' NA' Validation'level'
4''

IGHV1%46*02' NA' Validation'level'
4''

IGHV3%30%3*01' NA' Not'in'GRCh38'

IGHV3%30%3*02' NA' Not'in'GRCh38'

IGHV1%45*01' NA' Validation'level'
2''

IGHV3%11*01' NA' Validation'level'
1''

IGHV7%4%1*03' NA' Not'in'GRCh38'

IGHV7%4%1*02' NA' Not'in'GRCh38'

IGHV7%4%1*05' NA' Not'in'GRCh38'

IGHV7%4%1*04' NA' Not'in'GRCh38'

IGHV3%11*04' NA' Not'recovered'

IGHV7%4%1*01' NA' Not'in'GRCh38'

IGHV3%11*03' NA' Validation'level'
4''

IGHV1%69*08' NA' Validation'level'
4''

IGHV1%69*09' NA' Validation'level'
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2''

IGHV1%69*03' NA' Validation'level'
5''

IGHV1%69*04' NA' Validation'level'
2''

IGHV3%43*02' NA' Not'recovered'

IGHV1%69*02' NA' Validation'level'
2''

IGHV1%18*02' NA' Validation'level'
5''

IGHV4%28*06' NA' Not'recovered'

IGHV4%28*04' NA' Validation'level'
5''

IGHV4%28*03' NA' Validation'level'
5''

IGHV3%23*02' NA' Validation'level'
3''

IGHV1%69*10' NA' Validation'level'
3''

IGHV3%23*05' NA' Validation'level'
3''

IGLV4%60*03' IGLV4%60*71p,IGLV4%60*65p,IGLV4%
60*57p,IGLV4%60*83p'

Recovered'

IGLV4%60*02' IGLV4%60*77p' Recovered'

IGLV4%69*01' IGLV4%69*18p,IGLV4%69*53p,IGLV4%69*33p' Recovered'

IGLV3%10*01' IGLV3%10*54p,IGLV3%10*27p' Recovered'

IGLV3%32*01' IGLV3%32*13p,IGLV3%32*2p' Recovered'

IGLV11%55*01' IGLV11%55*8p,IGLV11%55*26p' Recovered'

IGLV1%50*01' IGLV1%50*8p' Recovered'

IGLV2%18*02' IGLV2%18*30p,IGLV2%18*28p' Recovered'

IGLV2%18*01' IGLV2%18*21p,IGLV2%18*29p' Recovered'

IGLV6%57*01' IGLV6%57*26p' Recovered'

IGLV1%47*02' IGLV1%47*14p' Recovered'

IGLV1%47*01' IGLV1%47*40p,IGLV1%47*50p' Recovered'

IGLV5%45*03' IGLV5%45*39p,IGLV5%45*20p' Recovered'

IGLV5%45*01' IGLV5%45*42p' Recovered'

IGLV5%45*02' IGLV5%45*5p,IGLV5%45*64p' Recovered'

IGLV3%12*01' IGLV3%12*9p,IGLV3%12*14p' Recovered'

IGLV3%12*02' IGLV3%12*11p,IGLV3%12*12p' Recovered'

IGLV8%61*01' IGLV8%61*5p' Recovered'

IGLV8%61*02' IGLV8%61*15p' Recovered'
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IGLV2%14*01' IGLV2%14*84p,IGLV2%14*28p' Recovered'

IGLV2%11*01' IGLV2%11*15p,IGLV2%11*67p,IGLV2%11*5p,IGLV2%
11*71p,IGLV2%11*74p'

Recovered'

IGLV7%46*02' IGLV7%46*8p' Recovered'

IGLV7%46*01' IGLV7%46*1p' Recovered'

IGLV3%22*01' IGLV3%22*22p' Recovered'

IGLV5%37*01' IGLV5%37*9p,IGLV5%37*11p,IGLV5%37*23p' Recovered'

IGLV2%33*01' IGLV2%33*11p,IGLV2%33*9p' Recovered'

IGLV1%36*01' IGLV1%36*13p' Recovered'

IGLV3%1*01' IGLV3%1*214p,IGLV3%1*196p,IGLV3%1*12p,IGLV3%
1*266p,IGLV3%1*59p,IGLV3%1*164p,IGLV3%
1*97p,IGLV3%1*199p,IGLV3%1*285p,IGLV3%

1*146p,IGLV3%1*20p'

Recovered'

IGLV1%51*02' IGLV1%51*11p' Recovered'

IGLV1%44*01' IGLV1%44*12p' Recovered'

IGLV1%51*01' IGLV1%51*34p' Recovered'

IGLV2%8*01' IGLV2%8*43p,IGLV2%8*8p' Recovered'

IGLV1%40*01' IGLV1%40*23p,IGLV1%40*9p' Recovered'

IGLV9%49*01' IGLV9%49*16p,IGLV9%49*22p' Recovered'

IGLV9%49*02' IGLV9%49*32p' Recovered'

IGLV3%9*01' IGLV3%9*15p,IGLV3%9*10p' Recovered'

IGLV7%43*01' IGLV7%43*15p,IGLV7%43*9p' Recovered'

IGLV10%54*02' IGLV10%54*26p' Recovered'

IGLV10%54*01' IGLV10%54*8p,IGLV10%54*19p' Recovered'

IGLV5%52*01' IGLV5%52*3p,IGLV5%52*7p' Recovered'

IGLV3%27*01' IGLV3%27*14p' Recovered'

IGLV4%3*01' IGLV4%3*19p,IGLV4%3*46p,IGLV4%3*37p' Recovered'

IGLV4%60*01' NA' Not'recovered'

IGLV4%69*02' NA' Not'recovered'

IGLV3%10*02' NA' Not'recovered'

IGLV3%16*01' NA' Not'recovered'

IGLV2%18*04' NA' Not'recovered'

IGLV2%18*03' NA' Not'recovered'

IGLV3%19*01' NA' Not'recovered'

IGLV8%61*03' NA' Not'recovered'
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IGLV2%14*03' NA' Not'recovered'

IGLV2%23*01' NA' Not'recovered'

IGLV2%14*02' NA' Not'recovered'

IGLV2%23*02' NA' Not'recovered'

IGLV2%11*03' NA' Not'recovered'

IGLV2%23*03' NA' Not'recovered'

IGLV2%14*04' NA' Not'recovered'

IGLV2%11*02' NA' Not'recovered'

IGLV2%33*03' NA' Not'recovered'

IGLV5%48*01' NA' Not'recovered'

IGLV2%8*02' NA' Not'recovered'

IGLV2%8*03' NA' Not'recovered'

IGLV1%40*03' NA' Not'recovered'

IGLV9%49*03' NA' Not'recovered'

IGLV1%40*02' NA' Not'recovered'

IGLV3%9*02' NA' Not'recovered'

IGLV3%21*01' NA' Not'recovered'

IGLV3%21*02' NA' Not'recovered'

IGLV3%21*03' NA' Not'recovered'

IGLV10%54*03' NA' Not'recovered'

IGLV5%39*02' NA' Not'in'GRCh38'

IGLV5%39*01' NA' Not'in'GRCh38'

IGKV3D%20*01' IGKV3D%20*11p,IGKV3D%20*14p' Recovered'

IGKV1%8*01' IGKV1%8*51p,IGKV1%8*47p' Recovered'

IGKV2D%26*01' IGKV2D%26*16p' Recovered'

IGKV1%9*01' IGKV1%9*24p,IGKV1%9*4p' Recovered'

IGKV1%5*03' IGKV1%5*32p,IGKV1%5*28p,IGKV1%5*64p,IGKV1%
5*147p'

Recovered'

IGKV2D%24*01' IGKV2D%24*13p' Recovered'

IGKV1%5*01' IGKV1%5*197p' Recovered'

IGKV2D%30*01' IGKV2D%30*13p' Recovered'

IGKV1D%42*01' IGKV1D%42*12p,IGKV1D%42*8p,IGKV1D%42*9p' Recovered'

IGKV4%1*01' IGKV4%1*90p,IGKV4%1*9p,IGKV4%1*82p,IGKV4%
1*17p,IGKV4%1*84p,IGKV4%1*20p,IGKV4%1*38p'

Recovered'
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IGKV2%30*01' IGKV2%30*25p,IGKV2%30*18p' Recovered'

IGKV2%30*02' IGKV2%30*3p,IGKV2%30*29p,IGKV2%30*17p' Recovered'

IGKV1%17*01' IGKV1%17*38p' Recovered'

IGKV1D%16*02' IGKV1D%16*2p' Recovered'

IGKV1D%16*01' IGKV1D%16*9p,IGKV1D%16*13p,IGKV1D%16*27p' Recovered'

IGKV1%12*01' IGKV1%12*8p,IGKV1%12*34p' Recovered'

IGKV2%24*01' IGKV2%24*18p,IGKV2%24*29p,IGKV2%24*8p' Recovered'

IGKV5%2*01' IGKV5%2*27p,IGKV5%2*6p,IGKV5%2*16p' Recovered'

IGKV1%33*01' IGKV1%33*15p,IGKV1%33*17p,IGKV1%33*25p' Recovered'

IGKV3%20*01' IGKV3%20*56p,IGKV3%20*62p,IGKV3%
20*92p,IGKV3%20*76p,IGKV3%20*113p,IGKV3%
20*98p,IGKV3%20*55p,IGKV3%20*41p,IGKV3%

20*107p,IGKV3%20*85p,IGKV3%20*129p,IGKV3%
20*83p,IGKV3%20*12p,IGKV3%20*45p,IGKV3%

20*79p,IGKV3%20*114p,IGKV3%20*19p,IGKV3%
20*2p'

Recovered'

IGKV3%11*01' IGKV3%11*47p,IGKV3%11*97p,IGKV3%
11*105p,IGKV3%11*39p,IGKV3%11*106p,IGKV3%

11*17p,IGKV3%11*22p,IGKV3%11*3p,IGKV3%
11*34p,IGKV3%11*101p,IGKV3%11*66p'

Recovered'

IGKV1D%12*02' IGKV1D%12*10p,IGKV1D%12*9p,IGKV1D%
12*15p,IGKV1D%12*12p'

Recovered'

IGKV2%40*01' IGKV2%40*1p' Recovered'

IGKV1%39*01' IGKV1%39*4p' Recovered'

IGKV1D%17*01' IGKV1D%17*1p' Recovered'

IGKV2D%40*01' IGKV2D%40*2p,IGKV2D%40*8p' Recovered'

IGKV1D%33*01' IGKV1D%33*4p' Recovered'

IGKV1D%37*01' IGKV1D%37*1p' Recovered'

IGKV1D%39*01' IGKV1D%39*1p' Recovered'

IGKV2D%28*01' IGKV2D%28*3p' Recovered'

IGKV1D%43*01' IGKV1D%43*18p,IGKV1D%43*36p,IGKV1D%43*6p' Recovered'

IGKV3%7*04' IGKV3%7*15p,IGKV3%7*14p,IGKV3%7*9p' Recovered'

IGKV1D%8*01' IGKV1D%8*40p,IGKV1D%8*4p,IGKV1D%
8*43p,IGKV1D%8*16p'

Recovered'

IGKV2D%29*01' IGKV2D%29*28p,IGKV2D%29*14p,IGKV2D%
29*30p,IGKV2D%29*12p'

Recovered'

IGKV1%16*02' IGKV1%16*8p,IGKV1%16*42p' Recovered'
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IGKV1%37*01' IGKV1%37*2p' Recovered'

IGKV1%27*01' IGKV1%27*12p,IGKV1%27*9p' Recovered'

IGKV2%28*01' IGKV2%28*2p,IGKV2%28*13p' Recovered'

IGKV3D%11*01' IGKV3D%11*27p,IGKV3D%11*18p' Recovered'

IGKV3%15*01' IGKV3%15*14p,IGKV3%15*66p,IGKV3%
15*36p,IGKV3%15*100p,IGKV3%15*62p,IGKV3%

15*23p'

Recovered'

IGKV3D%15*01' IGKV3D%15*20p' Recovered'

IGKV6%21*01' IGKV6%21*5p,IGKV6%21*3p' Recovered'

IGKV3D%7*01' IGKV3D%7*1p' Recovered'

IGKV2D%26*02' NA' Not'recovered'

IGKV1%5*02' NA' Not'recovered'

IGKV6D%41*01' NA' Not'recovered'

IGKV1%17*02' NA' Not'recovered'

IGKV1%12*02' NA' Not'recovered'

IGKV3/OR2%268*01' NA' Not'in'GRCh38'

IGKV3/OR2%268*02' NA' Not'in'GRCh38'

IGKV3%20*02' NA' Not'recovered'

IGKV1%NL1*01' NA' Not'in'GRCh38'

IGKV3%11*02' NA' Not'recovered'

IGKV1D%12*01' NA' Not'recovered'

IGKV2%40*02' NA' Not'recovered'

IGKV1D%17*02' NA' Not'recovered'

IGKV6D%21*01' NA' Not'recovered'

IGKV1%6*01' NA' Not'recovered'

IGKV1D%13*01' NA' Not'recovered'

IGKV3%7*01' NA' Not'recovered'

IGKV3%7*03' NA' Not'recovered'

IGKV3%7*02' NA' Not'recovered'

IGKV1%13*02' NA' Not'recovered'

IGKV1%16*01' NA' Not'recovered'

IGKV2D%29*02' NA' Not'recovered'

TRBV5%6*01' TRBV5%6*12p' Recovered'

TRBV5%4*01' TRBV5%4*1p,TRBV5%4*13p' Recovered'

TRBV13*01' TRBV13*1p' Recovered'
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TRBV25%1*01' TRBV25%1*4p' Recovered'

TRBV18*01' TRBV18*1p' Recovered'

TRBV5%5*02' TRBV5%5*12p' Recovered'

TRBV5%5*01' TRBV5%5*19p,TRBV5%5*30p,TRBV5%5*16p,TRBV5%
5*11p'

Recovered'

TRBV14*01' TRBV14*1p' Recovered'

TRBV7%6*01' TRBV7%6*5p,TRBV7%6*7p' Recovered'

TRBV6%8*01' TRBV6%8*4p,TRBV6%8*9p' Recovered'

TRBV10%2*02' TRBV10%2*9p,TRBV10%2*10p' Recovered'

TRBV9*01' TRBV9*7p' Recovered'

TRBV4%2*01' TRBV4%2*9p' Recovered'

TRBV9*02' TRBV9*3p' Recovered'

TRBV6%2*01' TRBV6%2*1p' Recovered'

TRBV10%2*01' TRBV10%2*3p,TRBV10%2*7p' Recovered'

TRBV6%4*01' TRBV6%4*15p' Recovered'

TRBV6%4*02' TRBV6%4*14p' Recovered'

TRBV11%1*01' TRBV11%1*10p' Recovered'

TRBV3%1*01' TRBV3%1*2p' Recovered'

TRBV15*02' TRBV15*1p' Recovered'

TRBV15*01' TRBV15*1p' Recovered'

TRBV24%1*01' TRBV24%1*3p' Recovered'

TRBV5%1*01' TRBV5%1*9p,TRBV5%1*8p' Recovered'

TRBV4%1*01' TRBV4%1*8p' Recovered'

TRBV6%5*01' TRBV6%5*13p,TRBV6%5*6p,TRBV6%5*3p' Recovered'

TRBV28*01' TRBV28*6p,TRBV28*1p' Recovered'

TRBV6%1*01' TRBV6%1*3p' Recovered'

TRBV16*01' TRBV16*1p' Recovered'

TRBV27*01' TRBV27*9p' Recovered'

TRBV7%3*01' TRBV7%3*4p' Recovered'

TRBV30*04' TRBV30*7p' Recovered'

TRBV20%1*05' TRBV20%1*4p' Recovered'

TRBV20%1*02' TRBV20%1*11p' Recovered'

TRBV20%1*01' TRBV20%1*8p' Recovered'

TRBV19*03' TRBV19*10p,TRBV19*2p' Recovered'
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TRBV12%3*01' TRBV12%3*1p' Recovered'

TRBV19*01' TRBV19*9p' Recovered'

TRBV7%7*01' TRBV7%7*3p,TRBV7%7*16p' Recovered'

TRBV30*02' TRBV30*17p' Recovered'

TRBV30*01' TRBV30*4p' Recovered'

TRBV10%1*02' TRBV10%1*6p,TRBV10%1*10p' Recovered'

TRBV10%1*01' TRBV10%1*2p' Recovered'

TRBV6%6*02' TRBV6%6*29p,TRBV6%6*8p' Recovered'

TRBV7%4*01' TRBV7%4*10p,TRBV7%4*1p' Recovered'

TRBV11%2*03' TRBV11%2*6p' Recovered'

TRBV6%6*01' TRBV6%6*25p' Recovered'

TRBV6%6*03' TRBV6%6*16p' Recovered'

TRBV2*02' TRBV2*7p' Recovered'

TRBV2*01' TRBV2*6p' Recovered'

TRBV11%2*01' TRBV11%2*5p' Recovered'

TRBV12%4*01' TRBV12%4*1p' Recovered'

TRBV29%1*01' TRBV29%1*2p' Recovered'

TRBV12%5*01' TRBV12%5*1p' Recovered'

TRBV13*02' NA' Non%germline'
sequence'

TRBV14*02' NA' Non%germline'
sequence'

TRBV6%6*05' NA' Non%germline'
sequence'

TRBV7%6*02' NA' Non%germline'
sequence'

TRBV9*03' NA' Non%germline'
sequence'

TRBV4%2*02' NA' Non%germline'
sequence'

TRBV5%4*04' NA' Non%germline'
sequence'

TRBV5%4*02' NA' Non%germline'
sequence'

TRBV5%4*03' NA' Non%germline'
sequence'

TRBV3%1*02' NA' Non%germline'
sequence'

TRBV15*03' NA' Non%germline'
sequence'

TRBV4%1*02' NA' Non%germline'
sequence'
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TRBV5%1*02' NA' Non%germline'
sequence'

TRBV6%9*01' NA' Not'in'GRCh38'

TRBV6%3*01' NA' Not'in'GRCh38'

TRBV7%3*05' NA' Non%germline'
sequence'

TRBV7%3*04' NA' Non%germline'
sequence'

TRBV20%1*06' NA' Non%germline'
sequence'

TRBV20%1*07' NA' Non%germline'
sequence'

TRBV30*05' NA' Non%germline'
sequence'

TRBV20%1*04' NA' Non%germline'
sequence'

TRBV20%1*03' NA' Non%germline'
sequence'

TRBV16*03' NA' Non%germline'
sequence'

TRBV7%2*01' NA' Not'in'GRCh38'

TRBV19*02' NA' Not'recovered'

TRBV7%7*02' NA' Non%germline'
sequence'

TRBV10%3*04' NA' Not'in'GRCh37'

TRBV10%3*03' NA' Not'in'GRCh37'

TRBV10%3*02' NA' Not'in'GRCh37'

TRBV10%3*01' NA' Not'in'GRCh37'

TRBV7%2*04' NA' Not'in'GRCh37'

TRBV7%2*02' NA' Not'in'GRCh37'

TRBV7%2*03' NA' Not'in'GRCh37'

TRBV11%3*03' NA' Not'in'GRCh37'

TRBV11%3*02' NA' Not'in'GRCh37'

TRBV11%3*01' NA' Not'in'GRCh37'

TRBV4%3*02' NA' Not'in'GRCh38'

TRBV4%3*03' NA' Not'in'GRCh38'

TRBV4%3*01' NA' Not'in'GRCh38'

TRBV4%3*04' NA' Not'in'GRCh38'

TRBV6%6*04' NA' Non%germline'
sequence'

TRBV5%8*02' NA' Not'in'GRCh38'
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TRBV5%8*01' NA' Not'in'GRCh38'

TRBV2*03' NA' Non%germline'
sequence'

TRBV11%2*02' NA' Non%germline'
sequence'

TRBV7%8*01' NA' Not'in'GRCh38'

TRBV7%8*02' NA' Not'in'GRCh38'

TRBV7%8*03' NA' Not'in'GRCh38'

TRBV7%9*05' NA' Not'in'GRCh37'

TRBV7%9*06' NA' Not'in'GRCh37'

TRBV12%4*02' NA' Non%germline'
sequence'

TRBV7%9*07' NA' Not'in'GRCh37'

TRBV7%9*01' NA' Not'in'GRCh37'

TRBV7%9*02' NA' Not'in'GRCh37'

TRBV5%5*03' NA' Non%germline'
sequence'

TRBV7%9*03' NA' Not'in'GRCh37'

TRBV7%9*04' NA' Not'in'GRCh37'

TRBV29%1*02' NA' Non%germline'
sequence'

TRBV29%1*03' NA' Non%germline'
sequence'

TRAV20*01' TRAV20*2p' Recovered'

TRAV13%2*01' TRAV13%2*4p' Recovered'

TRAV13%1*01' TRAV13%1*2p' Recovered'

TRAV3*01' TRAV3*5p,TRAV3*8p' Recovered'

TRAV25*01' TRAV25*7p' Recovered'

TRAV35*01' TRAV35*13p' Recovered'

TRAV4*01' TRAV4*10p' Recovered'

TRAV10*01' TRAV10*3p' Recovered'

TRAV27*01' TRAV27*9p,TRAV27*7p' Recovered'

TRAV22*01' TRAV22*10p,TRAV22*6p' Recovered'

TRAV21*01' TRAV21*13p' Recovered'

TRAV36/DV7*01' TRAV36/DV7*11p' Recovered'

TRAV38%2/DV8*01' TRAV38%2/DV8*1p,TRAV38%2/DV8*3p,TRAV38%
2/DV8*2p'

Recovered'

TRAV16*01' TRAV16*2p' Recovered'
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TRAV9%2*01' TRAV9%2*15p' Recovered'

TRAV8%3*01' TRAV8%3*4p' Recovered'

TRAV5*01' TRAV5*4p' Recovered'

TRAV1%1*01' TRAV1%1*6p' Recovered'

TRAV19*01' TRAV19*3p,TRAV19*16p,TRAV19*17p' Recovered'

TRAV8%1*01' TRAV8%1*1p' Recovered'

TRAV39*01' TRAV39*11p,TRAV39*3p,TRAV39*8p' Recovered'

TRAV7*01' TRAV7*14p' Recovered'

TRAV2*01' TRAV2*1p' Recovered'

TRAV24*01' TRAV24*1p' Recovered'

TRAV8%4*01' TRAV8%4*11p' Recovered'

TRAV18*01' TRAV18*7p,TRAV18*3p' Recovered'

TRAV6*01' TRAV6*5p' Recovered'

TRAV29/DV5*01' TRAV29/DV5*6p,TRAV29/DV5*8p' Recovered'

TRAV38%1*01' TRAV38%1*12p' Recovered'

TRAV8%2*01' TRAV8%2*6p' Recovered'

TRAV8%6*01' TRAV8%6*1p' Recovered'

TRAV8%6*02' TRAV8%6*2p' Recovered'

TRAV41*01' TRAV41*8p' Recovered'

TRAV12%3*01' TRAV12%3*7p,TRAV12%3*6p' Recovered'

TRAV26%1*01' TRAV26%1*13p' Recovered'

TRAV26%2*01' TRAV26%2*12p,TRAV26%2*4p' Recovered'

TRAV40*01' TRAV40*13p' Recovered'

TRAV30*01' TRAV30*14p' Recovered'

TRAV34*01' TRAV34*8p,TRAV34*6p' Recovered'

TRAV17*01' TRAV17*7p,TRAV17*3p,TRAV17*4p,TRAV17*2p' Recovered'

TRAV14/DV4*01' TRAV14/DV4*04*1p' Recovered'

TRAV12%2*01' TRAV12%2*2p' Recovered'

TRAV14/DV4*02' TRAV14/DV4*04*9p' Recovered'

TRAV9%1*01' TRAV9%1*6p' Recovered'

TRAV12%1*01' TRAV12%1*5p' Recovered'

TRAV1%2*01' TRAV1%2*2p' Recovered'

TRAV13%1*03' NA' Non%germline'
sequence'
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TRAV8%7*01' NA' Non%germline'
sequence'

TRAV8%1*02' NA' Non%germline'
sequence'

TRAV30*04' NA' Non%germline'
sequence'

TRAV6*06' NA' Non%germline'
sequence'

TRAV29/DV5*03' NA' Non%germline'
sequence'

TRAV26%2*02' NA' Non%germline'
sequence'

TRAV14/DV4*04' NA' Non%germline'
sequence'

TRAV23/DV6*01' NA' Non%germline'
sequence'

TRAV1%2*02' NA' Non%germline'
sequence'

IGKJ2*02' IGKJ2*2p' Recovered'

IGKJ2*01' IGKJ2*4p' Recovered'

IGKJ1*01' IGKJ1*8p' Recovered'

IGKJ2*04' IGKJ2*11p' Recovered'

IGKJ2*03' IGKJ2*6p' Recovered'

IGLJ4*01' IGLJ4*3p' Recovered'

IGKJ5*01' IGKJ5*13p' Recovered'

IGLJ6*01' IGLJ6*2p' Recovered'

IGLJ2*01' IGLJ2*2p' Recovered'

IGKJ4*02' IGKJ4*15p' Recovered'

IGKJ4*01' IGKJ4*20p' Recovered'

IGLJ3*01' IGLJ3*2p' Recovered'

IGLJ3*02' IGLJ3*8p' Recovered'

IGLJ5*02' IGLJ5*2p' Recovered'

IGLJ5*01' IGLJ5*3p' Recovered'

IGLJ7*01' IGLJ7*1p' Recovered'

IGKJ3*01' IGKJ3*18p' Recovered'

IGLJ7*02' IGLJ7*3p' Recovered'

IGLJ1*01' IGLJ1*8p' Recovered'

TRBJ1%1*01' TRBJ1%1*1p' Recovered'

TRBJ2%5*01' TRBJ2%5*1p' Recovered'

TRBJ1%5*01' TRBJ1%5*1p' Recovered'
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TRBJ2%4*01' TRBJ2%4*2p' Recovered'

TRBJ2%1*01' TRBJ2%1*1p' Recovered'

TRBJ1%2*01' TRBJ1%2*1p' Recovered'

TRBJ2%6*01' TRBJ2%6*1p' Recovered'

TRBJ1%4*01' TRBJ1%4*1p' Recovered'

TRBJ2%2*01' TRBJ2%2*2p' Recovered'

TRBJ2%3*01' TRBJ2%3*1p' Recovered'

TRBJ2%7*01' TRBJ2%7*1p' Recovered'

TRBJ1%3*01' TRBJ1%3*1p' Recovered'

TRBJ1%6*01' TRBJ1%6*1p' Recovered'

TRBJ1%6*02' NA' Not'recovered'

TRAJ41*01' TRAJ41*6p' Recovered'

TRAJ37*01' TRAJ37*2p' Recovered'

TRAJ3*01' TRAJ3*2p' Recovered'

TRAJ28*01' TRAJ28*1p' Recovered'

TRAJ22*01' TRAJ22*1p' Recovered'

TRAJ30*01' TRAJ30*2p' Recovered'

TRAJ56*01' TRAJ56*3p' Recovered'

TRAJ44*01' TRAJ44*2p' Recovered'

TRAJ7*01' TRAJ7*2p' Recovered'

TRAJ43*01' TRAJ43*1p' Recovered'

TRAJ52*01' TRAJ52*5p' Recovered'

TRAJ54*01' TRAJ54*2p' Recovered'

TRAJ5*01' TRAJ5*1p' Recovered'

TRAJ27*01' TRAJ27*3p' Recovered'

TRAJ39*01' TRAJ39*3p' Recovered'

TRAJ57*01' TRAJ57*1p' Recovered'

TRAJ10*01' TRAJ10*1p' Recovered'

TRAJ8*01' TRAJ8*1p' Recovered'

TRAJ9*01' TRAJ9*1p' Recovered'

TRAJ38*01' TRAJ38*3p' Recovered'

TRAJ48*01' TRAJ48*2p' Recovered'

TRAJ11*01' TRAJ11*1p' Recovered'

TRAJ17*01' TRAJ17*1p' Recovered'
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TRAJ20*01' TRAJ20*1p' Recovered'

TRAJ21*01' TRAJ21*2p' Recovered'

TRAJ16*01' TRAJ16*3p' Recovered'

TRAJ13*01' TRAJ13*3p' Recovered'

TRAJ42*01' TRAJ42*1p' Recovered'

TRAJ4*01' TRAJ4*3p' Recovered'

TRAJ26*01' TRAJ26*2p' Recovered'

TRAJ46*01' TRAJ46*2p' Recovered'

TRAJ40*01' TRAJ40*3p' Recovered'

TRAJ33*01' TRAJ33*5p' Recovered'

TRAJ53*01' TRAJ53*4p' Recovered'

TRAJ6*01' TRAJ6*1p' Recovered'

TRAJ49*01' TRAJ49*1p' Recovered'

TRAJ12*01' TRAJ12*2p' Recovered'

TRAJ50*01' TRAJ50*1p' Recovered'

TRAJ45*01' TRAJ45*1p' Recovered'

TRAJ15*01' TRAJ15*1p' Recovered'

TRAJ47*01' TRAJ47*4p' Recovered'

TRAJ34*01' TRAJ34*3p' Recovered'

TRAJ18*01' TRAJ18*2p' Recovered'

TRAJ32*01' TRAJ32*4p' Recovered'

TRAJ29*01' TRAJ29*5p' Recovered'

TRAJ23*01' TRAJ23*2p' Recovered'

TRAJ31*01' TRAJ31*1p' Recovered'

TRAJ14*01' TRAJ14*1p' Recovered'

TRAJ24*01' NA' Not'recovered'

TRAJ36*01' NA' Not'recovered'

IGHD4%4*01' IGHD4%4*1p' Recovered'

IGHD1%14*01' IGHD1%14*1p' Recovered'

IGHD4%17*01' IGHD4%17*4p' Recovered'

IGHD3%9*01' IGHD3%9*6p' Recovered'

IGHD2%15*01' IGHD2%15*3p' Recovered'

IGHD6%19*01' IGHD6%19*4p' Recovered'

IGHD1%20*01' IGHD1%20*2p' Recovered'
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IGHD1%1*01' IGHD1%1*1p' Recovered'

IGHD5%24*01' IGHD5%24*7p' Recovered'

IGHD3%22*01' IGHD3%22*11p' Recovered'

IGHD1%7*01' IGHD1%7*5p' Recovered'

IGHD4%23*01' IGHD4%23*7p' Recovered'

IGHD2%8*02' IGHD2%8*10p' Recovered'

IGHD2%21*02' IGHD2%21*2p' Recovered'

IGHD2%8*01' IGHD2%8*6p' Recovered'

IGHD2%21*01' IGHD2%21*3p' Recovered'

IGHD6%25*01' IGHD6%25*12p' Recovered'

IGHD6%6*01' IGHD6%6*2p' Recovered'

IGHD2%2*01' IGHD2%2*27p' Recovered'

IGHD3%3*01' IGHD3%3*14p' Recovered'

IGHD2%2*02' IGHD2%2*14p' Recovered'

IGHD6%13*01' IGHD6%13*9p' Recovered'

IGHD5%18*01' IGHD5%18*2p' Recovered'

IGHD7%27*01' IGHD7%27*1p' Recovered'

IGHD5%5*01' IGHD5%5*5p' Recovered'

IGHD5%12*01' IGHD5%12*1p' Recovered'

IGHD3%10*01' IGHD3%10*5p' Recovered'

IGHD3%16*02' IGHD3%16*15p' Recovered'

IGHD4%11*01' IGHD4%11*2p' Recovered'

IGHD1%26*01' IGHD1%26*1p' Recovered'

IGHD3%3*02' NA' Not'recovered'

IGHD2%2*03' NA' Not'recovered'

IGHD3%10*02' NA' Not'recovered'

IGHD3%16*01' NA' Not'recovered'

TRBD1*01' TRBD1*1p' Recovered'

TRBD2*02' TRBD2*1p' Recovered'

TRBD2*01' NA' Not'recovered'
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Appendix C 
 

 
 
Supplementary figure C1. Shannon Entropy of TRAJ and IGLJ genes. 
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Supplementary figure C2. Allelic diversity of TRAJ and IGLJ genes within 
different populations. 
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Supplementary figure C3. The diversities of IGLJ, IGKJ and TRAJ genes 

along the chromosome. 
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Supplementary figure C4. The relationship between gene expression and 

diversity in TRAJ and IGLJ genes. 
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Supplementary table C1. Shannon Entropy of TCR/IG V genes in different populations. 

  
! PEL MXL BEB GBR CDX CLM ACB MSL FIN IBS JPT CHS LWK CHB STU KHV CEU GIH ITU TSI ASW YRI PJL GWD PUR ESN 
IGHV19
69 1.7E-03 3.0E-03 2.1E-03 1.8E-03 1.8E-03 2.2E-03 3.0E-03 3.6E-03 1.7E-03 1.6E-03 1.4E-03 1.4E-03 2.9E-03 1.5E-03 1.8E-03 1.6E-03 1.9E-03 1.6E-03 1.6E-03 1.7E-03 5.1E-03 2.6E-03 1.8E-03 2.6E-03 1.7E-03 3.0E-03 
IGHV29
26 7.7E-04 8.5E-04 3.2E-04 1.3E-04 2.5E-04 3.5E-04 9.1E-04 1.2E-03 3.0E-05 3.0E-04 2.9E-04 3.3E-04 8.7E-04 5.1E-04 3.9E-04 3.8E-04 6.1E-05 2.5E-04 3.8E-04 3.0E-04 1.3E-03 7.7E-04 2.8E-04 8.5E-04 3.5E-04 8.8E-04 
IGHV19
2 1.5E-03 2.3E-03 1.6E-03 1.2E-03 1.3E-03 1.5E-03 1.4E-03 1.6E-03 1.2E-03 1.1E-03 1.4E-03 1.1E-03 1.3E-03 1.3E-03 1.3E-03 1.3E-03 1.4E-03 1.4E-03 1.3E-03 1.1E-03 2.1E-03 1.1E-03 1.3E-03 1.2E-03 1.1E-03 1.3E-03 
IGHV59
51 2.8E-04 7.3E-04 8.7E-04 5.4E-04 5.4E-04 5.9E-04 7.1E-04 9.5E-04 6.8E-04 5.4E-04 4.1E-04 5.3E-04 8.8E-04 6.5E-04 3.5E-04 4.6E-04 6.0E-04 4.2E-04 4.6E-04 7.1E-04 1.3E-03 7.8E-04 6.3E-04 6.2E-04 4.6E-04 8.4E-04 
IGHV19
3 9.0E-04 1.4E-03 1.1E-03 7.7E-04 8.4E-04 1.1E-03 1.2E-03 1.7E-03 8.4E-04 7.8E-04 7.8E-04 7.4E-04 1.2E-03 8.3E-04 7.6E-04 7.8E-04 8.7E-04 7.2E-04 6.6E-04 1.0E-03 2.2E-03 1.1E-03 9.1E-04 1.2E-03 7.6E-04 1.1E-03 
IGHV79
81 3.8E-04 2.2E-04 4.5E-04 8.9E-05 8.5E-05 5.8E-04 1.1E-03 1.4E-03 1.3E-04 2.1E-04 6.8E-05 1.0E-04 9.5E-04 8.7E-05 2.7E-04 2.4E-04 1.1E-04 3.0E-04 3.2E-04 2.0E-04 1.7E-03 8.5E-04 1.4E-04 8.3E-04 3.9E-04 9.3E-04 
IGHV39
49 1.6E-03 2.1E-03 1.3E-03 1.3E-03 1.2E-03 1.3E-03 1.1E-03 1.0E-03 1.2E-03 1.1E-03 1.1E-03 1.1E-03 1.1E-03 1.1E-03 1.1E-03 1.2E-03 1.1E-03 9.3E-04 1.0E-03 1.1E-03 2.0E-03 7.2E-04 1.2E-03 7.2E-04 1.1E-03 9.0E-04 
IGHV39
48 1.6E-03 2.7E-03 1.8E-03 1.8E-03 1.4E-03 1.7E-03 1.5E-03 1.7E-03 1.7E-03 1.4E-03 1.3E-03 1.3E-03 1.6E-03 1.3E-03 1.7E-03 1.4E-03 1.6E-03 1.6E-03 1.6E-03 1.4E-03 2.7E-03 1.5E-03 1.8E-03 1.6E-03 1.5E-03 1.8E-03 
IGHV19
24 1.2E-04 2.9E-04 3.2E-04 1.3E-04 1.0E-04 3.0E-04 2.9E-04 6.1E-04 2.0E-04 1.3E-04 2.7E-05 1.0E-04 4.7E-04 5.6E-05 2.9E-05 1.1E-04 2.2E-04 1.1E-04 1.2E-04 1.2E-04 6.8E-04 3.8E-04 3.2E-05 3.6E-04 1.1E-04 3.9E-04 
IGHV29
5 5.8E-04 1.0E-03 8.5E-04 8.5E-04 5.4E-04 7.4E-04 8.7E-04 1.1E-03 7.2E-04 6.7E-04 4.3E-04 4.8E-04 1.2E-03 6.0E-04 4.5E-04 5.6E-04 5.7E-04 4.9E-04 5.4E-04 6.7E-04 1.6E-03 9.4E-04 5.7E-04 8.4E-04 5.6E-04 1.1E-03 
IGHV19
46 2.2E-04 7.5E-04 6.2E-04 6.9E-04 2.4E-04 4.2E-04 6.3E-04 7.7E-04 5.9E-04 6.3E-04 1.9E-04 1.6E-04 6.9E-04 1.5E-04 4.5E-04 3.0E-05 5.8E-04 5.3E-04 5.9E-04 7.0E-04 1.0E-03 6.5E-04 6.0E-04 6.6E-04 4.6E-04 6.0E-04 
IGHV39
66 1.0E-03 1.4E-03 1.3E-03 8.7E-04 1.2E-03 1.1E-03 1.5E-03 1.8E-03 8.4E-04 8.0E-04 8.9E-04 9.7E-04 1.4E-03 9.6E-04 1.2E-03 1.1E-03 9.4E-04 9.9E-04 1.0E-03 8.8E-04 2.6E-03 1.3E-03 1.0E-03 1.2E-03 8.9E-04 1.5E-03 
IGHV19
45 5.4E-04 7.2E-04 5.4E-04 2.1E-04 7.5E-04 3.9E-04 1.8E-04 3.5E-04 1.9E-04 1.4E-04 5.9E-04 5.7E-04 2.4E-04 6.1E-04 4.8E-04 6.9E-04 1.6E-04 3.0E-04 2.8E-04 1.9E-04 4.2E-04 2.5E-05 4.3E-04 1.2E-04 2.3E-04 1.4E-04 
IGHV39
64 8.3E-04 1.2E-03 7.5E-04 6.8E-04 7.2E-04 8.2E-04 8.1E-04 1.1E-03 6.4E-04 7.4E-04 7.1E-04 6.4E-04 1.1E-03 6.8E-04 5.7E-04 6.5E-04 6.3E-04 6.0E-04 6.6E-04 6.8E-04 1.6E-03 7.1E-04 6.5E-04 7.6E-04 7.1E-04 7.9E-04 
IGHV49
28 1.7E-03 2.5E-03 1.6E-03 1.8E-03 9.1E-04 1.9E-03 2.1E-03 2.2E-03 1.4E-03 1.5E-03 8.2E-04 9.3E-04 1.6E-03 1.0E-03 1.4E-03 1.0E-03 1.5E-03 1.4E-03 1.4E-03 1.3E-03 3.1E-03 1.6E-03 1.6E-03 1.4E-03 1.7E-03 1.8E-03 
IGHV39
20 9.5E-04 1.7E-03 1.1E-03 1.1E-03 8.3E-04 1.0E-03 8.6E-04 8.9E-04 1.0E-03 8.8E-04 7.7E-04 8.7E-04 7.7E-04 8.7E-04 1.2E-03 1.0E-03 1.1E-03 9.9E-04 1.1E-03 8.0E-04 1.6E-03 6.6E-04 1.2E-03 7.9E-04 9.0E-04 7.4E-04 
IGHV19
18 2.9E-04 8.6E-04 8.2E-04 6.8E-04 7.6E-04 4.5E-04 4.8E-04 8.9E-04 4.2E-04 5.4E-04 3.5E-04 4.9E-04 5.4E-04 5.8E-04 6.1E-04 5.9E-04 6.4E-04 6.2E-04 6.3E-04 6.4E-04 1.1E-03 2.7E-04 5.7E-04 6.5E-04 4.4E-04 6.8E-04 
IGHV39
21 2.7E-04 2.6E-04 2.6E-04 2.1E-04 6.9E-05 4.8E-04 5.1E-04 9.2E-04 6.1E-05 2.1E-04 1.0E-04 8.1E-05 9.0E-04 1.7E-04 2.9E-05 5.4E-05 5.3E-04 5.6E-05 5.1E-05 3.0E-04 1.1E-03 3.5E-04 3.2E-05 7.5E-04 8.2E-05 6.3E-04 
IGHV49
61 1.5E-03 2.6E-03 2.4E-03 1.5E-03 2.1E-03 1.9E-03 3.4E-03 3.9E-03 1.6E-03 1.6E-03 1.3E-03 1.6E-03 3.5E-03 1.9E-03 2.8E-03 2.2E-03 1.5E-03 2.5E-03 3.1E-03 1.7E-03 5.8E-03 3.0E-03 3.3E-03 3.0E-03 1.8E-03 3.5E-03 
IGHV39
23 5.0E-04 1.5E-03 7.9E-04 6.6E-04 6.8E-04 7.2E-04 1.4E-03 2.0E-03 5.5E-04 7.1E-04 9.0E-04 5.7E-04 1.5E-03 7.0E-04 4.2E-04 6.1E-04 6.9E-04 5.8E-04 7.1E-04 3.4E-04 2.8E-03 1.3E-03 4.2E-04 1.4E-03 5.6E-04 1.6E-03 
IGHV49
4 3.8E-03 5.2E-03 3.7E-03 3.4E-03 3.3E-03 3.3E-03 2.7E-03 3.7E-03 3.2E-03 2.6E-03 3.2E-03 3.2E-03 2.9E-03 3.1E-03 3.2E-03 3.3E-03 3.0E-03 3.3E-03 3.3E-03 2.6E-03 5.1E-03 2.5E-03 3.2E-03 2.5E-03 2.6E-03 2.8E-03 
IGHV39
72 0.0E+0

0 0.0E+0
0 4.0E-05 0.0E+0

0 6.9E-05 1.4E-04 3.3E-04 4.7E-04 3.0E-05 5.2E-05 4.9E-05 1.3E-04 3.5E-04 2.8E-05 7.1E-05 8.4E-05 9.1E-05 5.0E-05 2.9E-05 2.6E-05 8.3E-04 2.8E-04 3.2E-05 3.7E-04 2.7E-05 4.1E-04 
IGHV39
53 1.5E-03 2.6E-03 1.8E-03 1.5E-03 1.0E-03 2.0E-03 1.9E-03 2.4E-03 1.4E-03 1.4E-03 1.1E-03 1.0E-03 2.1E-03 1.1E-03 1.6E-03 1.3E-03 1.4E-03 1.6E-03 1.6E-03 1.4E-03 3.5E-03 1.8E-03 1.8E-03 1.7E-03 1.5E-03 2.1E-03 
IGHV39
74 0.0E+0

0 7.4E-05 0.0E+0
0 3.6E-05 1.4E-04 6.7E-05 6.1E-04 6.3E-04 6.1E-05 5.2E-05 1.4E-04 0.0E+0

0 5.9E-04 5.0E-05 5.1E-05 3.0E-05 2.7E-04 0.0E+0
0 2.9E-05 7.8E-05 1.3E-03 4.6E-04 1.2E-04 4.3E-04 1.4E-04 5.4E-04 

IGHV39
73 7.8E-04 1.1E-03 8.6E-04 6.9E-04 7.1E-04 7.3E-04 9.9E-04 1.1E-03 7.3E-04 6.4E-04 6.6E-04 6.2E-04 9.5E-04 6.3E-04 5.5E-04 6.5E-04 6.6E-04 6.5E-04 6.0E-04 6.0E-04 1.7E-03 9.4E-04 6.0E-04 8.5E-04 6.6E-04 9.6E-04 
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IGHV19
58 8.6E-04 1.3E-03 7.5E-04 6.9E-04 8.1E-04 8.9E-04 8.9E-04 1.3E-03 6.4E-04 6.4E-04 6.8E-04 7.2E-04 9.4E-04 7.7E-04 5.5E-04 7.5E-04 6.7E-04 6.0E-04 5.3E-04 6.9E-04 1.7E-03 7.2E-04 6.1E-04 7.1E-04 7.4E-04 8.6E-04 
IGHV39
11 1.5E-03 2.3E-03 1.4E-03 1.3E-03 1.5E-03 1.5E-03 1.5E-03 1.7E-03 1.1E-03 1.1E-03 1.3E-03 1.2E-03 1.5E-03 1.3E-03 1.1E-03 1.3E-03 1.3E-03 1.1E-03 1.1E-03 9.3E-04 2.5E-03 1.3E-03 1.1E-03 1.3E-03 1.3E-03 1.5E-03 
IGHV39
7 1.2E-03 2.0E-03 1.8E-03 1.3E-03 1.1E-03 1.4E-03 9.1E-04 1.6E-03 1.2E-03 1.1E-03 6.8E-04 8.6E-04 1.3E-03 8.3E-04 1.1E-03 1.0E-03 1.4E-03 1.2E-03 1.1E-03 1.1E-03 2.0E-03 7.9E-04 1.2E-03 9.4E-04 9.6E-04 1.2E-03 
IGHV49
39 9.6E-04 1.1E-03 1.1E-03 4.7E-04 7.3E-04 7.1E-04 1.3E-03 1.5E-03 4.5E-04 4.3E-04 4.6E-04 6.2E-04 1.3E-03 7.6E-04 9.4E-04 6.0E-04 5.8E-04 1.0E-03 1.0E-03 5.4E-04 2.0E-03 1.2E-03 8.9E-04 1.1E-03 6.7E-04 1.2E-03 
IGHV39
33 7.2E-04 1.3E-03 1.9E-03 5.6E-04 7.6E-04 9.6E-04 2.1E-03 2.8E-03 6.1E-04 6.5E-04 6.7E-04 8.1E-04 2.5E-03 6.4E-04 1.6E-03 9.3E-04 7.8E-04 1.2E-03 1.8E-03 7.1E-04 3.8E-03 2.2E-03 1.1E-03 1.9E-03 8.3E-04 2.3E-03 
IGHV69
1 0.0E+0

0 7.4E-05 0.0E+0
0 1.1E-04 1.7E-04 1.9E-04 6.5E-04 8.6E-04 0.0E+0

0 1.0E-04 0.0E+0
0 8.1E-05 5.8E-04 1.1E-04 2.9E-05 9.1E-05 0.0E+0

0 0.0E+0
0 7.9E-05 5.2E-05 1.3E-03 5.8E-04 0.0E+0

0 5.8E-04 8.6E-05 6.5E-04 
IGHV39
35 6.1E-04 7.4E-04 9.9E-04 3.9E-04 5.8E-04 6.3E-04 1.1E-03 1.2E-03 2.2E-04 3.9E-04 5.5E-04 6.2E-04 8.1E-04 6.3E-04 7.6E-04 5.6E-04 3.4E-04 7.1E-04 9.0E-04 3.9E-04 1.7E-03 9.3E-04 8.0E-04 8.5E-04 4.8E-04 1.1E-03 
IGHV39
15 3.4E-04 9.8E-04 8.2E-04 5.2E-04 3.8E-04 5.7E-04 7.1E-04 8.2E-04 5.4E-04 5.9E-04 5.2E-04 3.7E-04 3.2E-04 3.6E-04 6.4E-04 3.3E-04 6.1E-04 5.1E-04 4.2E-04 5.2E-04 1.5E-03 5.2E-04 5.9E-04 4.4E-04 4.5E-04 6.3E-04 
IGHV39
16 7.5E-04 1.4E-03 4.6E-04 4.0E-04 4.8E-04 6.9E-04 9.0E-04 1.2E-03 5.3E-04 3.1E-04 3.7E-04 3.5E-04 9.9E-04 3.1E-04 3.7E-04 4.8E-04 5.1E-04 1.8E-04 3.7E-04 3.4E-04 1.6E-03 7.0E-04 3.7E-04 7.5E-04 6.1E-04 8.2E-04 
IGHV49
59 1.2E-03 1.4E-03 1.0E-03 3.3E-04 1.1E-03 8.2E-04 1.1E-03 1.7E-03 3.8E-04 5.0E-04 6.4E-04 8.8E-04 1.7E-03 7.8E-04 6.2E-04 7.3E-04 4.7E-04 2.8E-04 5.2E-04 3.3E-04 2.2E-03 1.2E-03 5.3E-04 1.3E-03 5.4E-04 1.3E-03 
IGHV39
13 1.0E-03 2.0E-03 1.4E-03 1.3E-03 9.5E-04 1.4E-03 1.3E-03 1.6E-03 1.0E-03 1.1E-03 7.2E-04 7.2E-04 1.1E-03 8.8E-04 1.3E-03 8.9E-04 1.2E-03 1.1E-03 1.3E-03 9.8E-04 2.6E-03 1.2E-03 1.2E-03 1.4E-03 1.3E-03 1.1E-03 
IGHV29
70 1.4E-03 2.6E-03 2.7E-03 1.0E-03 2.2E-03 2.7E-03 2.6E-03 3.6E-03 1.3E-03 1.8E-03 1.4E-03 1.5E-03 3.0E-03 1.7E-03 8.9E-04 1.5E-03 2.1E-03 1.2E-03 8.5E-04 1.6E-03 4.5E-03 2.6E-03 8.1E-04 2.8E-03 1.5E-03 2.9E-03 
IGHV49
34 8.3E-05 7.4E-05 1.2E-04 7.2E-05 1.4E-04 1.4E-04 1.6E-04 5.7E-04 6.1E-05 9.8E-05 8.2E-05 8.1E-05 1.5E-04 2.2E-04 1.0E-04 3.0E-05 2.4E-04 2.8E-05 1.9E-04 5.2E-05 2.4E-04 1.3E-04 0.0E+0

0 2.3E-04 0.0E+0
0 2.7E-04 

IGLV19
40 4.1E-05 2.9E-04 3.2E-04 3.3E-04 1.4E-04 1.6E-04 3.1E-04 3.1E-04 1.1E-04 2.3E-04 8.2E-05 9.4E-05 5.4E-04 1.3E-04 1.1E-04 2.0E-04 6.1E-04 2.0E-04 5.7E-05 1.8E-04 6.1E-04 1.6E-04 2.2E-04 3.9E-04 2.8E-04 1.8E-04 
IGLV19
44 8.3E-05 2.9E-04 5.3E-04 1.1E-04 2.6E-04 1.6E-04 6.9E-04 9.6E-04 2.0E-04 2.1E-04 1.9E-04 3.4E-04 8.2E-04 1.7E-04 2.9E-05 1.9E-04 1.5E-04 1.1E-04 7.9E-05 2.0E-04 6.7E-04 6.3E-04 3.2E-05 5.0E-04 5.5E-05 8.5E-04 
IGLV49
60 1.3E-03 2.0E-03 1.4E-03 1.2E-03 1.2E-03 1.5E-03 1.4E-03 1.7E-03 1.1E-03 1.2E-03 9.0E-04 1.1E-03 1.5E-03 1.1E-03 1.1E-03 1.0E-03 1.1E-03 1.2E-03 1.0E-03 1.1E-03 2.4E-03 1.3E-03 1.2E-03 1.1E-03 1.2E-03 1.3E-03 
IGKV19
17 9.4E-04 8.3E-04 1.1E-03 7.3E-04 1.1E-03 8.2E-04 1.2E-03 1.7E-03 2.5E-04 3.8E-04 1.0E-03 9.9E-04 1.6E-03 1.0E-03 5.8E-04 8.1E-04 5.2E-04 4.2E-04 3.5E-04 5.2E-04 2.3E-03 1.3E-03 2.5E-04 1.2E-03 4.3E-04 1.6E-03 
IGKV19
16 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.6E-05 1.2E-04 1.5E-04 2.6E-04 8.3E-05 0.0E+0
0 5.2E-05 2.1E-04 6.7E-05 2.6E-04 1.5E-04 5.7E-05 8.4E-05 0.0E+0

0 2.8E-05 5.1E-05 0.0E+0
0 4.7E-04 1.9E-04 3.2E-05 2.7E-04 2.7E-05 3.0E-05 

IGLV19
47 5.5E-04 7.5E-04 7.6E-04 5.0E-04 5.5E-04 4.3E-04 7.4E-04 1.0E-03 7.3E-04 4.0E-04 5.7E-04 5.4E-04 7.0E-04 4.8E-04 4.5E-04 5.1E-04 6.2E-04 5.5E-04 4.3E-04 5.1E-04 1.5E-03 8.4E-04 5.3E-04 6.8E-04 5.3E-04 9.5E-04 
IGLV59
37 4.7E-04 1.1E-03 1.1E-03 7.0E-04 7.2E-04 6.8E-04 8.2E-04 8.6E-04 7.5E-04 6.5E-04 6.3E-04 6.4E-04 9.8E-04 6.4E-04 8.7E-04 7.6E-04 7.1E-04 8.8E-04 6.9E-04 6.6E-04 1.7E-03 5.9E-04 8.5E-04 8.6E-04 7.2E-04 7.0E-04 
IGKV2D
926 7.7E-04 1.1E-03 8.8E-04 4.7E-04 7.5E-04 6.7E-04 8.9E-04 9.8E-04 3.0E-04 3.1E-04 6.2E-04 6.1E-04 8.1E-04 6.1E-04 6.8E-04 5.8E-04 4.5E-04 5.7E-04 7.0E-04 2.7E-04 1.4E-03 7.0E-04 6.7E-04 6.9E-04 7.2E-04 7.5E-04 
IGLV29
23 2.4E-04 2.8E-04 4.3E-04 2.6E-04 2.3E-04 4.4E-04 1.1E-03 1.5E-03 1.2E-04 3.4E-04 2.7E-04 3.0E-04 1.2E-03 0.0E+0

0 2.0E-04 2.2E-04 4.6E-04 1.8E-04 3.5E-04 1.7E-04 7.0E-04 8.2E-04 1.7E-04 7.2E-04 4.1E-04 8.0E-04 
IGKV2D
924 0.0E+0

0 0.0E+0
0 1.4E-04 0.0E+0

0 3.4E-05 1.2E-04 1.9E-04 1.8E-04 6.1E-05 5.2E-05 0.0E+0
0 2.7E-05 3.0E-04 0.0E+0

0 1.4E-04 3.0E-05 3.0E-05 2.8E-05 0.0E+0
0 0.0E+0

0 4.8E-04 2.1E-04 6.5E-05 3.0E-04 5.5E-05 2.0E-04 
IGLV69
57 1.5E-03 2.4E-03 1.6E-03 1.4E-03 1.4E-03 1.6E-03 1.4E-03 1.6E-03 1.3E-03 1.3E-03 1.2E-03 1.3E-03 1.2E-03 1.3E-03 1.2E-03 1.2E-03 1.3E-03 1.2E-03 1.2E-03 1.2E-03 2.4E-03 1.0E-03 1.3E-03 9.6E-04 1.3E-03 1.0E-03 
IGKV29
30 7.7E-04 9.9E-04 6.4E-04 2.8E-04 6.9E-04 5.7E-04 7.9E-04 1.0E-03 2.0E-04 2.0E-04 8.0E-04 6.2E-04 8.4E-04 6.2E-04 4.8E-04 6.1E-04 2.4E-04 3.9E-04 4.6E-04 3.2E-04 1.5E-03 6.2E-04 5.1E-04 6.0E-04 5.3E-04 7.2E-04 
IGKV1D
939 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.0E-04 0.0E+0
0 0.0E+0

0 2.7E-05 0.0E+0
0 3.0E-05 0.0E+0

0 2.9E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 2.3E-05 0.0E+0
0 0.0E+0

0 
IGLV89
61 1.1E-03 1.2E-03 8.9E-04 6.6E-04 8.7E-04 9.2E-04 4.1E-04 3.8E-04 7.7E-04 3.9E-04 1.0E-03 7.4E-04 4.0E-04 7.2E-04 5.3E-04 7.6E-04 5.6E-04 5.9E-04 7.0E-04 4.8E-04 1.3E-03 3.1E-04 6.0E-04 2.7E-04 5.5E-04 4.5E-04 
IGKV2D
928 8.3E-05 1.8E-04 7.2E-05 1.9E-04 0.0E+0

0 3.0E-04 7.3E-04 7.6E-04 5.4E-05 1.8E-04 0.0E+0
0 2.7E-05 7.6E-04 2.8E-05 8.9E-05 0.0E+0

0 1.9E-04 2.8E-05 5.1E-05 2.1E-04 1.2E-03 5.9E-04 5.7E-05 5.8E-04 4.1E-04 6.8E-04 
IGKV2D
929 4.1E-05 4.5E-04 0.0E+0

0 2.5E-04 0.0E+0
0 1.4E-04 6.5E-05 1.7E-04 2.1E-04 7.8E-05 3.7E-04 1.6E-04 2.4E-04 1.6E-04 2.9E-05 0.0E+0

0 1.9E-04 0.0E+0
0 2.9E-05 1.9E-04 5.7E-04 2.6E-04 1.4E-04 1.3E-04 3.8E-04 9.1E-05 
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IGKV1D
937 4.1E-05 1.3E-04 4.0E-05 1.5E-04 0.0E+0

0 1.7E-04 3.2E-04 3.6E-04 3.0E-05 6.4E-05 0.0E+0
0 0.0E+0

0 3.0E-04 0.0E+0
0 0.0E+0

0 0.0E+0
0 1.5E-04 0.0E+0

0 0.0E+0
0 9.7E-05 7.4E-04 2.9E-04 3.2E-05 3.6E-04 0.0E+0

0 2.1E-04 
IGLV39
32 4.1E-05 1.5E-04 4.0E-05 0.0E+0

0 1.8E-04 0.0E+0
0 0.0E+0

0 4.1E-05 0.0E+0
0 2.6E-05 1.8E-04 1.5E-04 3.0E-05 1.3E-04 5.7E-05 1.1E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.2E-05 0.0E+0

0 2.7E-05 3.0E-05 
IGLV19
50 1.2E-04 2.2E-04 4.9E-04 0.0E+0

0 3.4E-04 1.3E-04 2.3E-04 4.5E-04 0.0E+0
0 7.2E-05 4.0E-04 3.1E-04 6.3E-04 3.2E-04 2.4E-04 4.8E-04 5.4E-05 2.3E-04 2.5E-04 5.2E-05 8.2E-04 4.2E-04 2.6E-04 3.4E-04 1.5E-04 2.9E-04 

IGKV1D
98 4.2E-04 7.3E-04 9.2E-04 9.3E-04 4.9E-04 6.9E-04 9.3E-04 1.0E-03 8.1E-04 3.6E-04 5.7E-04 4.0E-04 8.2E-04 5.2E-04 6.6E-04 6.2E-04 7.6E-04 5.6E-04 5.7E-04 5.8E-04 1.4E-03 6.6E-04 6.0E-04 7.2E-04 7.9E-04 7.3E-04 
IGKV1D
933 4.1E-05 0.0E+0

0 0.0E+0
0 3.6E-05 0.0E+0

0 6.0E-05 3.2E-05 4.1E-05 3.0E-05 9.7E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.1E-04 5.0E-05 0.0E+0
0 6.4E-05 8.1E-05 4.5E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.0E-05 
IGLV19
51 2.6E-04 1.0E-03 5.7E-04 4.8E-04 2.1E-04 6.4E-04 8.9E-04 1.2E-03 4.3E-04 5.3E-04 1.3E-04 2.0E-04 1.1E-03 1.9E-04 6.7E-04 2.4E-04 7.1E-04 5.4E-04 5.7E-04 5.4E-04 1.3E-03 1.0E-03 4.5E-04 8.3E-04 3.8E-04 8.7E-04 
IGKV1D
942 4.5E-04 5.3E-04 6.3E-04 6.0E-04 2.3E-04 5.3E-04 1.3E-03 1.4E-03 4.0E-04 2.7E-04 4.6E-04 1.8E-04 1.2E-03 2.4E-04 4.2E-04 4.4E-04 4.7E-04 4.6E-04 4.1E-04 5.5E-04 2.0E-03 1.1E-03 3.6E-04 1.0E-03 6.9E-04 1.2E-03 
IGKV19
27 7.8E-04 9.3E-04 7.3E-04 3.0E-04 9.2E-04 6.7E-04 7.7E-04 1.1E-03 9.4E-05 1.9E-04 9.7E-04 9.0E-04 8.7E-04 8.4E-04 4.7E-04 8.1E-04 3.0E-04 3.8E-04 4.5E-04 3.3E-04 1.4E-03 7.8E-04 6.3E-04 6.7E-04 5.4E-04 7.5E-04 
IGLV119
55 8.6E-04 1.2E-03 8.4E-04 7.9E-04 7.7E-04 7.6E-04 1.1E-03 1.2E-03 7.8E-04 6.7E-04 7.1E-04 6.9E-04 8.9E-04 7.0E-04 6.3E-04 7.2E-04 6.8E-04 6.2E-04 6.5E-04 6.3E-04 1.9E-03 9.6E-04 7.7E-04 1.0E-03 7.8E-04 9.8E-04 
IGKV39
7 8.1E-04 1.1E-03 7.8E-04 6.9E-04 6.6E-04 7.3E-04 9.5E-04 9.5E-04 4.3E-04 5.5E-04 6.2E-04 6.2E-04 8.6E-04 6.5E-04 6.3E-04 6.5E-04 5.5E-04 5.6E-04 6.8E-04 4.5E-04 1.5E-03 8.4E-04 7.1E-04 4.6E-04 5.1E-04 6.2E-04 
IGLV29
11 4.1E-05 2.2E-04 7.5E-04 0.0E+0

0 5.4E-04 3.4E-05 1.1E-04 6.6E-04 1.5E-04 5.2E-05 4.5E-04 3.5E-04 2.4E-04 3.9E-04 3.0E-04 2.7E-04 3.6E-04 3.1E-04 3.1E-04 1.6E-04 3.0E-04 3.0E-04 1.8E-04 2.8E-04 1.8E-04 3.0E-04 
IGKV29
28 1.7E-04 2.0E-04 3.4E-04 1.7E-04 1.1E-04 1.6E-04 3.2E-05 4.1E-05 6.1E-05 2.2E-04 2.7E-05 0.0E+0

0 1.1E-04 2.8E-05 2.3E-04 0.0E+0
0 1.3E-04 1.7E-04 2.5E-04 2.2E-04 0.0E+0

0 2.5E-05 4.0E-04 2.3E-05 1.2E-04 3.0E-05 
IGKV19
8 1.1E-03 1.3E-03 1.1E-03 8.4E-04 6.9E-04 9.3E-04 1.2E-03 1.6E-03 4.3E-04 5.7E-04 6.9E-04 7.1E-04 1.5E-03 6.7E-04 8.2E-04 7.4E-04 6.7E-04 7.7E-04 8.4E-04 5.5E-04 2.2E-03 1.1E-03 8.6E-04 1.2E-03 7.2E-04 1.2E-03 
IGKV19
5 1.3E-03 1.4E-03 1.6E-03 1.2E-03 8.4E-04 1.0E-03 6.1E-04 1.3E-03 7.3E-04 8.7E-04 9.0E-04 7.3E-04 1.2E-03 9.3E-04 1.0E-03 9.3E-04 8.2E-04 8.6E-04 1.0E-03 9.2E-04 1.3E-03 8.3E-04 1.1E-03 1.1E-03 7.1E-04 1.0E-03 
IGKV19
6 3.4E-04 4.5E-04 5.4E-04 4.5E-04 2.6E-04 2.3E-04 1.3E-04 1.7E-04 2.5E-04 2.6E-04 1.5E-04 5.4E-05 1.5E-04 1.1E-04 3.7E-04 1.1E-04 3.0E-04 3.5E-04 3.8E-04 2.2E-04 2.4E-04 7.6E-05 3.6E-04 1.3E-04 2.0E-04 1.2E-04 
IGLV99
49 4.1E-05 7.4E-05 1.9E-04 3.6E-05 1.0E-04 1.4E-04 3.2E-05 2.5E-04 1.9E-04 2.6E-05 2.5E-04 1.2E-04 3.0E-05 1.7E-04 3.2E-04 1.1E-04 9.1E-05 2.1E-04 1.6E-04 1.5E-04 8.1E-05 4.5E-05 9.0E-05 6.5E-05 0.0E+0

0 1.1E-04 
IGLV29
14 1.4E-03 3.0E-03 1.8E-03 1.5E-03 1.8E-03 2.0E-03 2.0E-03 2.7E-03 1.5E-03 1.4E-03 1.6E-03 1.5E-03 2.0E-03 1.6E-03 1.4E-03 1.4E-03 1.7E-03 1.4E-03 1.5E-03 1.2E-03 3.8E-03 1.8E-03 1.3E-03 1.7E-03 1.3E-03 2.1E-03 
IGKV19
39 0.0E+0

0 1.5E-04 4.0E-05 3.6E-05 0.0E+0
0 0.0E+0

0 3.2E-05 1.2E-04 1.1E-04 5.2E-05 5.5E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.0E-05 5.6E-05 0.0E+0

0 2.6E-05 8.1E-05 5.1E-05 0.0E+0
0 2.3E-05 2.7E-05 6.1E-05 

IGKV19
9 8.7E-04 1.2E-03 8.2E-04 8.8E-04 7.4E-04 7.8E-04 7.5E-04 1.1E-03 4.0E-04 6.3E-04 7.0E-04 6.9E-04 7.9E-04 7.2E-04 6.0E-04 6.9E-04 7.9E-04 5.4E-04 6.0E-04 6.0E-04 1.5E-03 8.4E-04 6.8E-04 6.7E-04 6.0E-04 9.2E-04 
IGKV19
37 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 6.0E-05 5.7E-05 1.5E-04 0.0E+0
0 2.6E-05 0.0E+0

0 0.0E+0
0 5.4E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 2.2E-04 2.5E-05 0.0E+0
0 4.1E-05 2.7E-05 1.5E-04 

IGLV79
43 8.3E-05 7.4E-05 1.9E-04 3.6E-05 0.0E+0

0 1.0E-04 3.4E-04 5.2E-04 3.0E-05 7.8E-05 5.5E-05 8.1E-05 2.5E-04 0.0E+0
0 1.2E-04 0.0E+0

0 3.0E-05 2.3E-04 7.1E-05 5.2E-05 8.5E-04 2.5E-04 1.0E-04 2.5E-04 5.5E-05 3.0E-04 
IGLV39
27 4.1E-05 7.4E-05 1.1E-04 0.0E+0

0 3.4E-05 0.0E+0
0 3.2E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.5E-04 9.4E-05 6.1E-05 1.3E-04 1.1E-04 1.4E-04 1.2E-04 1.3E-04 7.1E-05 0.0E+0
0 0.0E+0

0 1.2E-04 5.7E-05 2.3E-05 0.0E+0
0 0.0E+0

0 
IGLV29
18 4.9E-04 9.5E-04 6.3E-04 9.4E-04 4.3E-04 7.7E-04 4.6E-04 3.7E-04 7.8E-04 6.7E-04 1.6E-04 2.6E-04 5.3E-04 4.3E-04 6.7E-04 3.9E-04 9.6E-04 7.6E-04 6.1E-04 6.5E-04 9.2E-04 4.8E-04 6.8E-04 3.7E-04 6.9E-04 5.2E-04 
IGKV49
1 7.1E-04 8.1E-04 1.0E-03 5.7E-04 3.4E-04 6.2E-04 5.0E-04 6.7E-04 4.7E-04 4.5E-04 2.7E-05 2.2E-04 4.0E-04 2.3E-04 4.2E-04 2.0E-04 5.8E-04 6.2E-04 4.1E-04 5.1E-04 8.9E-04 6.6E-04 4.5E-04 5.6E-04 2.8E-04 8.1E-04 
IGLV49
69 1.1E-04 7.4E-05 3.8E-04 1.1E-04 6.0E-04 1.6E-04 4.0E-04 5.8E-04 3.0E-05 5.2E-05 3.6E-04 3.9E-04 4.4E-04 3.2E-04 3.6E-04 5.0E-04 1.5E-04 2.3E-04 2.4E-04 1.4E-04 5.4E-04 2.4E-04 1.3E-04 4.8E-04 4.9E-05 2.2E-04 
IGLV39
25 6.1E-04 1.2E-03 1.0E-03 8.2E-04 7.3E-04 9.0E-04 1.0E-03 9.3E-04 7.6E-04 9.3E-04 7.1E-04 7.0E-04 8.7E-04 6.3E-04 4.1E-04 7.8E-04 1.2E-03 4.9E-04 5.0E-04 8.3E-04 1.4E-03 9.1E-04 6.0E-04 7.8E-04 5.7E-04 1.3E-03 
IGKV19
33 1.4E-04 2.5E-04 0.0E+0

0 0.0E+0
0 3.4E-05 1.8E-04 1.8E-04 0.0E+0

0 3.0E-05 2.6E-05 8.2E-05 4.8E-05 9.1E-05 2.8E-05 0.0E+0
0 0.0E+0

0 9.1E-05 0.0E+0
0 5.7E-05 7.8E-05 8.1E-05 1.1E-04 0.0E+0

0 1.6E-04 9.5E-05 0.0E+0
0 

IGLV39
22 4.7E-04 1.3E-03 8.9E-04 5.7E-04 9.7E-04 7.9E-04 1.6E-03 2.0E-03 5.5E-04 5.4E-04 8.1E-04 9.4E-04 1.7E-03 8.0E-04 6.9E-04 9.0E-04 5.8E-04 5.6E-04 7.3E-04 5.6E-04 2.3E-03 1.4E-03 5.3E-04 1.4E-03 7.4E-04 1.7E-03 
IGKV1D
943 4.1E-05 7.4E-05 1.4E-04 3.6E-05 1.0E-04 1.0E-04 1.8E-04 3.0E-04 0.0E+0

0 2.6E-05 0.0E+0
0 2.7E-05 1.9E-04 2.8E-05 8.6E-05 6.1E-05 8.4E-05 0.0E+0

0 0.0E+0
0 2.6E-05 4.9E-04 2.1E-04 3.2E-05 3.0E-04 2.8E-04 2.8E-04 
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IGKV6D
921 0.0E+0

0 0.0E+0
0 0.0E+0

0 6.4E-05 6.9E-05 1.1E-04 8.0E-05 4.1E-05 0.0E+0
0 2.6E-05 1.4E-04 1.6E-04 1.8E-04 1.9E-04 0.0E+0

0 1.7E-04 0.0E+0
0 0.0E+0

0 2.9E-05 0.0E+0
0 8.1E-05 1.3E-04 0.0E+0

0 7.0E-05 0.0E+0
0 0.0E+0

0 
IGKV29
24 8.3E-05 7.4E-05 1.2E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.2E-05 1.5E-04 0.0E+0
0 1.3E-04 8.2E-05 2.7E-05 9.1E-05 8.4E-05 1.2E-04 3.0E-05 1.5E-04 2.1E-04 7.9E-05 2.6E-05 1.6E-04 5.1E-05 3.2E-05 7.0E-05 7.6E-05 1.2E-04 

IGKV69
21 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.4E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 2.8E-05 0.0E+0

0 0.0E+0
0 8.1E-05 0.0E+0

0 0.0E+0
0 2.3E-05 0.0E+0

0 0.0E+0
0 

IGLV39
21 3.7E-04 9.6E-04 2.7E-04 4.5E-04 6.7E-04 5.8E-04 6.3E-04 8.8E-04 4.1E-04 3.6E-04 6.3E-04 5.5E-04 5.3E-04 6.0E-04 2.8E-04 6.6E-04 3.8E-04 1.5E-04 3.7E-04 3.6E-04 1.2E-03 5.5E-04 2.6E-04 4.8E-04 4.4E-04 6.9E-04 
IGKV3D
920 1.5E-04 2.0E-04 0.0E+0

0 0.0E+0
0 3.4E-05 0.0E+0

0 1.1E-04 1.7E-04 7.5E-05 2.6E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 2.8E-05 2.9E-05 3.0E-05 0.0E+0

0 5.6E-05 0.0E+0
0 5.2E-05 8.1E-05 6.3E-05 3.2E-05 9.6E-05 2.7E-05 1.2E-04 

IGKV59
2 8.8E-04 1.3E-03 9.1E-04 7.2E-04 6.6E-04 8.1E-04 5.6E-04 8.6E-04 4.3E-04 5.8E-04 6.8E-04 6.3E-04 5.5E-04 6.1E-04 6.5E-04 6.7E-04 6.3E-04 7.1E-04 6.7E-04 5.8E-04 9.8E-04 4.9E-04 7.9E-04 6.3E-04 6.0E-04 7.0E-04 
IGKV2D
940 3.4E-04 1.3E-04 3.6E-04 3.5E-04 6.1E-05 3.7E-04 7.5E-04 8.8E-04 2.7E-04 1.8E-04 6.8E-05 7.5E-05 8.4E-04 2.8E-05 1.8E-04 0.0E+0

0 3.2E-04 2.1E-04 2.1E-04 1.4E-04 1.4E-03 7.3E-04 2.0E-04 6.6E-04 3.3E-04 7.7E-04 
IGLV298 8.3E-05 5.0E-04 2.0E-04 2.8E-04 1.2E-04 2.2E-04 3.5E-04 2.0E-04 7.5E-05 9.8E-05 6.8E-05 1.3E-04 5.4E-05 1.5E-04 5.7E-05 7.5E-05 2.1E-04 2.8E-05 8.6E-05 2.3E-04 3.9E-04 1.1E-04 9.0E-05 2.3E-04 1.0E-04 2.9E-04 
IGLV39
19 0.0E+0

0 0.0E+0
0 4.4E-04 1.4E-04 5.2E-04 6.7E-05 2.4E-04 3.9E-04 6.1E-05 1.6E-04 2.4E-04 2.9E-04 5.0E-04 1.9E-04 2.1E-04 3.0E-04 2.4E-04 2.7E-04 5.1E-05 1.0E-04 4.0E-04 3.6E-04 1.2E-04 2.8E-04 8.2E-05 4.2E-04 

IGKV1D
912 0.0E+0

0 0.0E+0
0 4.0E-05 6.4E-05 0.0E+0

0 6.7E-05 6.5E-05 2.6E-04 0.0E+0
0 7.8E-05 2.7E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 6.1E-05 3.0E-05 0.0E+0

0 0.0E+0
0 7.2E-05 0.0E+0

0 7.9E-05 9.0E-05 4.6E-05 0.0E+0
0 1.3E-04 

IGKV1D
913 0.0E+0

0 1.5E-04 4.0E-05 2.0E-04 0.0E+0
0 1.8E-04 9.7E-05 4.1E-05 0.0E+0

0 1.6E-04 0.0E+0
0 0.0E+0

0 6.1E-05 0.0E+0
0 2.9E-05 3.0E-05 1.9E-04 5.0E-05 5.1E-05 1.6E-04 0.0E+0

0 7.1E-05 1.5E-04 7.0E-05 2.2E-04 9.1E-05 
IGLV39
10 3.4E-04 3.9E-04 1.4E-04 3.4E-04 1.4E-04 4.1E-04 5.6E-04 7.6E-04 2.9E-04 4.4E-04 0.0E+0

0 2.7E-05 6.7E-04 2.8E-05 7.1E-05 9.1E-05 5.1E-04 2.3E-04 1.2E-04 2.9E-04 8.6E-04 4.8E-04 1.8E-04 5.6E-04 3.8E-04 5.4E-04 
IGLV79
46 1.0E-03 1.7E-03 1.4E-03 9.3E-04 1.1E-03 8.9E-04 1.0E-03 1.1E-03 9.5E-04 8.6E-04 9.6E-04 9.6E-04 1.2E-03 8.0E-04 8.6E-04 9.6E-04 1.1E-03 9.8E-04 8.9E-04 9.1E-04 1.8E-03 8.2E-04 1.0E-03 7.2E-04 9.3E-04 8.8E-04 
IGKV39
11 7.3E-05 5.9E-04 2.0E-04 1.4E-04 2.1E-04 4.1E-04 4.1E-04 6.0E-04 1.2E-04 2.3E-04 1.1E-04 1.3E-04 4.9E-04 1.1E-04 0.0E+0

0 1.5E-04 3.5E-04 1.1E-04 2.9E-05 2.5E-04 5.0E-04 2.6E-04 5.7E-05 3.3E-04 1.1E-04 5.2E-04 
IGLV39
12 8.3E-04 1.2E-03 1.3E-03 9.1E-04 1.1E-03 1.1E-03 1.1E-03 1.3E-03 6.7E-04 8.1E-04 8.1E-04 8.5E-04 8.9E-04 8.6E-04 9.9E-04 9.8E-04 8.1E-04 9.7E-04 9.4E-04 7.7E-04 1.5E-03 8.2E-04 9.9E-04 9.7E-04 8.6E-04 1.0E-03 
IGKV1D
916 3.1E-04 2.5E-04 3.6E-04 4.5E-04 9.6E-05 2.3E-04 5.1E-04 5.7E-04 3.0E-04 1.5E-04 4.9E-05 6.7E-05 2.2E-04 5.0E-05 3.1E-04 6.1E-05 3.3E-04 2.9E-04 3.0E-04 8.1E-05 7.5E-04 3.9E-04 2.6E-04 1.7E-04 2.2E-04 4.4E-04 
IGKV1D
917 7.1E-04 9.0E-04 6.8E-04 5.7E-04 6.2E-04 6.3E-04 9.6E-04 1.1E-03 2.5E-04 3.4E-04 7.9E-04 6.1E-04 9.4E-04 6.6E-04 5.0E-04 5.4E-04 3.2E-04 4.7E-04 5.4E-04 3.1E-04 1.6E-03 8.9E-04 5.8E-04 8.0E-04 4.8E-04 8.9E-04 
IGKV39
15 1.7E-04 6.4E-04 6.2E-04 1.8E-04 2.4E-04 4.4E-04 8.9E-04 8.3E-04 3.2E-04 2.9E-04 1.9E-04 2.7E-05 8.6E-04 5.6E-05 1.3E-04 9.1E-05 1.7E-04 2.3E-04 2.2E-04 4.7E-04 1.5E-03 7.7E-04 1.7E-04 7.0E-04 3.7E-04 9.3E-04 
IGLV39
16 8.3E-05 3.5E-04 1.9E-04 0.0E+0

0 3.4E-05 2.7E-04 8.5E-04 1.1E-03 3.0E-05 5.2E-05 5.5E-05 5.4E-05 7.8E-04 0.0E+0
0 1.4E-04 6.1E-05 1.1E-04 2.8E-05 1.6E-04 1.0E-04 1.4E-03 7.4E-04 9.0E-05 6.3E-04 2.7E-04 8.6E-04 

IGLV109
54 1.2E-03 2.1E-03 1.4E-03 1.1E-03 9.5E-04 1.2E-03 1.7E-03 1.9E-03 8.1E-04 8.8E-04 8.6E-04 7.7E-04 1.7E-03 8.2E-04 1.1E-03 1.0E-03 9.5E-04 1.2E-03 1.1E-03 8.6E-04 2.5E-03 1.4E-03 1.2E-03 1.4E-03 9.4E-04 1.6E-03 
IGLV19
36 2.3E-04 4.4E-04 1.1E-04 2.4E-04 1.2E-04 3.5E-04 8.9E-04 1.2E-03 2.9E-04 2.3E-04 1.6E-04 1.0E-04 1.1E-03 1.6E-04 1.1E-04 1.1E-04 2.8E-04 5.0E-05 1.2E-04 2.9E-04 1.2E-03 7.0E-04 2.9E-04 8.4E-04 3.8E-04 8.1E-04 
IGKV3D
911 6.6E-04 8.1E-04 9.1E-04 9.2E-04 1.2E-03 7.3E-04 6.4E-04 8.0E-04 5.6E-04 6.2E-04 7.6E-04 7.9E-04 5.8E-04 7.9E-04 8.0E-04 9.9E-04 8.0E-04 6.6E-04 7.3E-04 7.5E-04 1.2E-03 5.1E-04 8.2E-04 5.9E-04 7.2E-04 6.7E-04 
IGKV3D
915 4.9E-04 1.0E-03 1.0E-03 1.2E-03 4.7E-04 8.7E-04 1.1E-03 1.2E-03 6.8E-04 5.9E-04 4.5E-04 3.9E-04 1.1E-03 4.1E-04 7.6E-04 7.3E-04 1.0E-03 7.5E-04 7.4E-04 8.5E-04 1.8E-03 1.0E-03 8.5E-04 9.1E-04 8.3E-04 1.0E-03 
IGKV2D
930 0.0E+0

0 0.0E+0
0 1.5E-04 6.4E-05 8.5E-05 1.7E-04 0.0E+0

0 2.4E-04 0.0E+0
0 2.6E-05 1.8E-04 2.4E-04 1.7E-04 2.0E-04 2.6E-04 9.1E-05 6.1E-05 0.0E+0

0 1.1E-04 0.0E+0
0 3.6E-04 7.1E-05 9.0E-05 1.9E-04 2.7E-05 0.0E+0

0 
IGLV59
48 6.1E-04 7.9E-04 6.9E-04 4.6E-04 7.4E-04 4.7E-04 6.7E-04 8.9E-04 7.6E-04 4.9E-04 5.6E-04 5.4E-04 7.6E-04 5.9E-04 5.2E-04 5.5E-04 7.5E-04 7.6E-04 5.5E-04 5.0E-04 1.0E-03 4.6E-04 6.9E-04 6.1E-04 5.0E-04 3.3E-04 
IGLV29
33 4.1E-05 1.5E-04 0.0E+0

0 8.9E-05 3.4E-05 1.5E-04 3.5E-04 3.1E-04 3.0E-05 2.6E-05 0.0E+0
0 0.0E+0

0 3.1E-04 0.0E+0
0 5.7E-05 3.0E-05 1.1E-04 0.0E+0

0 2.9E-05 7.2E-05 5.2E-04 1.9E-04 3.2E-05 3.1E-04 7.6E-05 4.3E-04 
IGLV391 6.7E-04 1.1E-03 2.0E-03 5.3E-04 9.2E-04 1.7E-03 1.4E-03 2.0E-03 6.1E-04 1.1E-03 8.3E-04 8.1E-04 1.7E-03 7.5E-04 4.9E-04 7.4E-04 9.4E-04 6.1E-04 4.2E-04 7.7E-04 2.0E-03 1.5E-03 3.9E-04 1.4E-03 6.7E-04 1.4E-03 
IGLV59
45 1.2E-03 1.8E-03 1.3E-03 1.2E-03 7.7E-04 1.1E-03 1.4E-03 1.5E-03 9.8E-04 1.0E-03 8.2E-04 7.7E-04 1.4E-03 7.6E-04 1.0E-03 8.3E-04 1.2E-03 1.2E-03 1.0E-03 1.1E-03 2.4E-03 1.1E-03 1.1E-03 1.2E-03 1.1E-03 1.2E-03 
IGLV59
52 0.0E+0

0 7.4E-05 0.0E+0
0 0.0E+0

0 6.9E-05 0.0E+0
0 3.2E-05 7.3E-05 0.0E+0

0 0.0E+0
0 6.8E-05 0.0E+0

0 5.4E-05 2.8E-05 5.7E-05 3.0E-05 0.0E+0
0 5.0E-05 0.0E+0

0 4.6E-05 8.1E-05 0.0E+0
0 5.7E-05 0.0E+0

0 2.7E-05 5.4E-05 
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IGLV399 0.0E+0
0 1.5E-04 4.0E-05 7.2E-05 6.1E-05 0.0E+0

0 1.5E-04 1.4E-04 0.0E+0
0 4.6E-05 1.1E-04 8.1E-05 1.7E-04 5.6E-05 0.0E+0

0 5.4E-05 6.1E-05 2.8E-05 0.0E+0
0 0.0E+0

0 3.2E-04 0.0E+0
0 0.0E+0

0 7.3E-05 2.7E-05 1.5E-04 
IGKV39
20 4.1E-05 3.7E-04 5.8E-04 6.4E-05 1.7E-04 4.0E-04 2.8E-04 4.4E-04 1.8E-04 3.6E-04 3.2E-04 1.6E-04 4.8E-04 2.0E-04 7.9E-05 1.2E-04 5.0E-04 8.4E-05 8.9E-05 2.3E-04 4.7E-04 4.5E-04 0.0E+0

0 3.9E-04 8.2E-05 5.7E-04 
IGKV6D
941 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 8.3E-05 1.6E-04 1.5E-04 1.4E-04 0.0E+0
0 4.9E-05 0.0E+0

0 9.4E-05 2.8E-05 0.0E+0
0 0.0E+0

0 3.0E-05 2.8E-05 5.7E-05 0.0E+0
0 2.0E-04 1.5E-04 0.0E+0

0 1.1E-04 0.0E+0
0 0.0E+0

0 
IGLV493 8.3E-05 7.4E-05 0.0E+0

0 7.2E-05 1.4E-04 1.0E-04 3.3E-04 3.9E-04 3.0E-05 2.6E-05 0.0E+0
0 0.0E+0

0 3.7E-04 2.8E-05 2.9E-05 6.1E-05 1.2E-04 0.0E+0
0 0.0E+0

0 0.0E+0
0 4.2E-04 2.9E-04 0.0E+0

0 2.1E-04 4.9E-05 3.8E-04 
TRBV10
92 2.4E-04 3.8E-04 6.1E-04 4.5E-04 2.2E-04 3.5E-04 2.1E-04 4.5E-04 5.6E-04 4.5E-04 4.2E-04 3.3E-04 2.9E-04 3.7E-04 5.3E-04 3.0E-04 5.1E-04 6.7E-04 5.3E-04 3.1E-04 3.6E-04 7.1E-05 6.6E-04 3.0E-04 3.5E-04 6.1E-05 
TRBV10
91 9.1E-04 1.3E-03 9.7E-04 1.1E-03 8.5E-04 9.4E-04 9.2E-04 1.1E-03 1.0E-03 9.0E-04 7.2E-04 7.7E-04 8.4E-04 8.1E-04 9.0E-04 8.0E-04 9.8E-04 9.2E-04 8.0E-04 8.3E-04 1.6E-03 7.7E-04 1.1E-03 8.1E-04 8.8E-04 8.7E-04 
TRBV25
91 4.1E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 5.7E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 2.2E-04 0.0E+0

0 2.9E-05 0.0E+0
0 3.0E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 8.1E-05 2.5E-05 0.0E+0
0 2.3E-05 0.0E+0

0 1.1E-04 
TRBV39
1 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.3E-04 0.0E+0
0 0.0E+0

0 2.7E-05 0.0E+0
0 1.8E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 5.0E-05 2.9E-05 2.6E-05 2.9E-04 4.5E-05 0.0E+0

0 5.8E-05 0.0E+0
0 1.1E-04 

TRBV11
91 1.5E-04 4.1E-04 7.2E-05 4.2E-04 0.0E+0

0 4.9E-04 6.2E-04 7.0E-04 3.0E-04 3.6E-04 0.0E+0
0 0.0E+0

0 5.9E-04 0.0E+0
0 2.9E-05 0.0E+0

0 3.7E-04 7.8E-05 1.2E-04 2.7E-04 6.9E-04 5.5E-04 1.7E-04 5.6E-04 3.3E-04 6.1E-04 
TRBV20
91 1.2E-03 1.7E-03 1.0E-03 9.8E-04 7.7E-04 1.1E-03 6.3E-04 7.4E-04 8.6E-04 9.0E-04 7.6E-04 7.5E-04 5.9E-04 7.8E-04 8.2E-04 8.4E-04 9.4E-04 8.8E-04 9.0E-04 8.1E-04 1.3E-03 4.1E-04 9.4E-04 5.0E-04 9.2E-04 3.9E-04 
TRBV49
1 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 6.1E-05 6.0E-05 2.4E-04 5.7E-04 3.0E-05 0.0E+0

0 2.7E-05 7.5E-05 2.8E-04 6.9E-05 0.0E+0
0 3.0E-05 3.0E-05 2.7E-04 0.0E+0

0 0.0E+0
0 6.0E-04 2.6E-04 0.0E+0

0 2.7E-04 1.9E-04 2.7E-04 
TRBV49
2 1.1E-04 7.4E-05 0.0E+0

0 0.0E+0
0 1.4E-04 1.8E-04 2.1E-04 2.6E-04 5.4E-05 5.2E-05 0.0E+0

0 8.4E-05 2.9E-04 2.8E-05 0.0E+0
0 3.0E-05 0.0E+0

0 5.0E-05 0.0E+0
0 0.0E+0

0 8.1E-05 2.4E-04 5.7E-05 5.8E-05 5.5E-05 2.4E-04 
TRBV30 7.6E-04 1.5E-03 8.5E-04 9.8E-04 5.2E-04 1.0E-03 1.5E-03 1.5E-03 8.9E-04 8.2E-04 4.0E-04 5.5E-04 1.3E-03 4.7E-04 6.7E-04 5.4E-04 9.0E-04 7.1E-04 7.8E-04 7.8E-04 2.4E-03 1.1E-03 7.5E-04 1.1E-03 9.5E-04 1.3E-03 
TRBV24
91 5.0E-04 9.2E-04 6.5E-04 6.6E-04 1.1E-04 5.8E-04 4.8E-04 5.8E-04 5.5E-04 6.3E-04 2.3E-04 2.4E-04 4.1E-04 2.4E-04 4.9E-04 1.9E-04 6.3E-04 5.8E-04 5.5E-04 6.4E-04 8.1E-04 3.8E-04 6.1E-04 4.0E-04 5.9E-04 4.4E-04 
TRBV59
1 0.0E+0

0 0.0E+0
0 9.9E-05 3.6E-05 0.0E+0

0 0.0E+0
0 3.2E-05 1.3E-04 0.0E+0

0 5.2E-05 0.0E+0
0 0.0E+0

0 3.0E-05 2.8E-05 5.1E-05 5.4E-05 0.0E+0
0 2.8E-05 1.2E-04 7.8E-05 0.0E+0

0 7.6E-05 2.0E-04 4.1E-05 2.7E-05 9.4E-05 
TRBV59
6 8.3E-05 4.3E-04 4.0E-05 3.7E-04 0.0E+0

0 2.4E-04 1.0E-03 1.1E-03 2.7E-04 1.5E-04 0.0E+0
0 0.0E+0

0 9.7E-04 2.8E-05 5.7E-05 3.0E-05 2.3E-04 1.1E-04 7.1E-05 1.3E-04 1.3E-03 7.8E-04 1.1E-04 7.7E-04 3.0E-04 8.6E-04 
TRBV19 7.8E-04 7.6E-04 2.9E-04 3.3E-04 6.1E-04 5.9E-04 4.0E-04 3.8E-04 3.3E-04 3.8E-04 5.2E-04 4.5E-04 1.5E-04 4.8E-04 2.5E-04 5.2E-04 3.4E-04 5.0E-04 2.3E-04 2.1E-04 5.7E-04 2.9E-04 2.5E-04 2.6E-04 4.0E-04 3.8E-04 
TRBV59
4 4.1E-05 7.4E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.4E-04 7.6E-04 1.2E-03 0.0E+0
0 2.6E-05 0.0E+0

0 0.0E+0
0 8.1E-04 2.8E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 2.7E-04 0.0E+0
0 2.6E-05 9.0E-04 8.1E-04 3.2E-05 4.7E-04 1.5E-04 9.2E-04 

TRBV59
5 8.4E-04 1.2E-03 9.0E-04 7.1E-04 6.4E-04 9.3E-04 1.0E-03 1.2E-03 7.5E-04 6.0E-04 3.7E-04 6.0E-04 1.2E-03 5.7E-04 7.0E-04 5.9E-04 5.9E-04 6.5E-04 6.5E-04 7.4E-04 1.5E-03 1.0E-03 6.6E-04 8.3E-04 6.5E-04 9.9E-04 
TRBV69
8 4.1E-05 2.5E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.7E-04 1.0E-03 1.2E-03 0.0E+0
0 5.2E-05 0.0E+0

0 0.0E+0
0 1.1E-03 0.0E+0

0 0.0E+0
0 6.1E-05 0.0E+0

0 2.8E-05 0.0E+0
0 0.0E+0

0 1.5E-03 8.6E-04 0.0E+0
0 8.0E-04 2.8E-04 1.1E-03 

TRBV9 6.9E-04 5.0E-04 3.5E-04 5.2E-04 1.3E-04 6.6E-04 6.4E-04 7.4E-04 5.5E-04 5.0E-04 1.3E-04 3.5E-04 5.5E-04 1.4E-04 4.5E-04 1.1E-04 5.0E-04 4.3E-04 4.2E-04 3.8E-04 9.5E-04 4.8E-04 5.5E-04 4.6E-04 6.0E-04 5.4E-04 
TRBV69
6 8.8E-04 1.4E-03 9.0E-04 7.3E-04 6.3E-04 8.5E-04 1.3E-03 1.6E-03 6.3E-04 7.3E-04 3.8E-04 4.8E-04 1.3E-03 5.4E-04 7.6E-04 5.5E-04 5.9E-04 6.9E-04 7.8E-04 5.7E-04 1.8E-03 1.0E-03 7.6E-04 9.2E-04 7.6E-04 1.1E-03 
TRBV69
5 7.3E-05 0.0E+0

0 7.2E-05 6.4E-05 3.4E-05 6.0E-05 3.2E-05 7.3E-05 1.6E-04 4.6E-05 1.0E-04 5.4E-05 0.0E+0
0 6.9E-05 5.7E-05 6.1E-05 6.1E-05 2.8E-05 0.0E+0

0 7.2E-05 1.6E-04 0.0E+0
0 3.2E-05 2.3E-05 2.7E-05 0.0E+0

0 
TRBV69
4 3.5E-04 4.8E-04 3.9E-04 4.7E-04 3.4E-05 3.7E-04 5.1E-04 5.9E-04 5.5E-04 4.5E-04 1.3E-04 1.1E-04 5.7E-04 1.4E-04 4.8E-04 1.1E-04 4.8E-04 5.8E-04 4.3E-04 4.0E-04 8.0E-04 3.9E-04 5.8E-04 3.9E-04 4.0E-04 4.0E-04 
TRBV28 4.1E-05 7.4E-05 0.0E+0

0 3.6E-05 3.4E-05 6.0E-05 1.2E-04 4.1E-05 0.0E+0
0 4.6E-05 0.0E+0

0 0.0E+0
0 7.5E-05 2.8E-05 5.1E-05 3.0E-05 0.0E+0

0 2.8E-05 0.0E+0
0 0.0E+0

0 1.4E-04 1.2E-04 0.0E+0
0 2.3E-05 2.7E-05 1.6E-04 

TRBV2 0.0E+0
0 0.0E+0

0 8.1E-05 1.1E-04 6.1E-05 1.1E-04 1.6E-04 3.3E-04 0.0E+0
0 2.6E-05 0.0E+0

0 0.0E+0
0 2.3E-04 2.8E-05 0.0E+0

0 0.0E+0
0 5.4E-05 7.8E-05 5.7E-05 8.1E-05 5.7E-04 1.2E-04 0.0E+0

0 1.6E-04 2.7E-05 2.1E-04 
TRBV69
1 0.0E+0

0 7.4E-05 4.0E-05 0.0E+0
0 0.0E+0

0 6.7E-05 3.2E-05 4.1E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.0E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.0E-05 0.0E+0

0 0.0E+0
0 4.6E-05 1.4E-04 2.5E-05 0.0E+0

0 8.7E-05 0.0E+0
0 3.0E-05 

TRBV79
3 4.9E-04 7.5E-04 9.6E-04 8.1E-04 3.6E-04 7.7E-04 1.1E-03 1.4E-03 9.5E-04 6.9E-04 5.7E-04 5.5E-04 1.1E-03 4.8E-04 8.6E-04 5.6E-04 7.8E-04 9.4E-04 8.9E-04 6.0E-04 1.8E-03 8.8E-04 9.4E-04 9.2E-04 6.8E-04 1.1E-03 
TRBV27 4.1E-05 1.5E-04 8.1E-05 0.0E+0

0 3.4E-05 6.0E-05 2.8E-04 4.9E-04 0.0E+0
0 2.6E-05 0.0E+0

0 2.7E-05 2.4E-04 2.8E-05 0.0E+0
0 3.0E-05 0.0E+0

0 0.0E+0
0 5.7E-05 0.0E+0

0 4.9E-04 4.5E-04 0.0E+0
0 2.1E-04 4.9E-05 5.0E-04 
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TRBV79
7 8.3E-04 1.1E-03 7.5E-04 7.3E-04 6.3E-04 7.9E-04 5.9E-04 9.8E-04 7.1E-04 6.6E-04 5.8E-04 5.2E-04 6.4E-04 5.5E-04 7.0E-04 5.8E-04 7.1E-04 6.2E-04 6.6E-04 6.2E-04 1.5E-03 7.4E-04 6.9E-04 5.9E-04 6.7E-04 4.8E-04 
TRBV79
6 0.0E+0

0 0.0E+0
0 7.2E-05 0.0E+0

0 0.0E+0
0 6.0E-05 3.3E-04 4.5E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 5.1E-04 2.8E-05 0.0E+0

0 0.0E+0
0 3.0E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 5.8E-04 2.6E-04 0.0E+0
0 2.1E-04 2.7E-05 2.5E-04 

TRBV29
91 6.3E-04 7.4E-04 8.1E-05 0.0E+0

0 6.9E-05 2.7E-04 6.5E-05 7.3E-05 0.0E+0
0 0.0E+0

0 2.5E-04 1.7E-04 8.4E-05 1.8E-04 2.9E-05 5.4E-05 6.1E-05 0.0E+0
0 2.9E-05 0.0E+0

0 0.0E+0
0 7.1E-05 0.0E+0

0 6.5E-05 2.7E-04 5.4E-05 
TRBV79
4 7.3E-05 1.8E-04 1.1E-04 1.7E-04 0.0E+0

0 2.0E-04 3.8E-04 4.0E-04 1.9E-04 1.5E-04 0.0E+0
0 0.0E+0

0 3.1E-04 0.0E+0
0 7.9E-05 0.0E+0

0 1.3E-04 1.1E-04 1.6E-04 8.1E-05 2.9E-04 2.4E-04 2.0E-04 1.6E-04 1.7E-04 3.2E-04 
TRAV19
1 4.9E-04 7.4E-04 7.6E-04 7.0E-04 3.4E-04 6.6E-04 8.3E-04 1.1E-03 6.5E-04 6.3E-04 2.8E-04 2.3E-04 8.9E-04 3.1E-04 5.7E-04 3.0E-04 6.5E-04 6.5E-04 6.0E-04 6.0E-04 1.5E-03 7.9E-04 5.7E-04 7.6E-04 6.1E-04 8.6E-04 
TRAV19
2 5.5E-04 7.0E-04 5.0E-04 4.0E-04 5.4E-04 4.3E-04 5.7E-04 6.0E-04 5.3E-04 3.3E-04 5.6E-04 5.3E-04 4.6E-04 5.8E-04 4.5E-04 5.8E-04 3.3E-04 4.5E-04 5.3E-04 3.5E-04 1.0E-03 5.1E-04 4.8E-04 4.6E-04 3.9E-04 5.4E-04 
TRAV26
92 0.0E+0

0 0.0E+0
0 1.4E-04 0.0E+0

0 2.6E-04 3.4E-05 3.2E-05 0.0E+0
0 0.0E+0

0 2.6E-05 1.9E-04 2.6E-04 0.0E+0
0 1.9E-04 1.4E-04 2.7E-04 3.0E-05 8.4E-05 2.0E-04 2.6E-05 0.0E+0

0 0.0E+0
0 1.1E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 
TRAV99
2 9.4E-04 1.4E-03 1.1E-03 1.2E-03 8.4E-04 1.0E-03 1.2E-03 1.5E-03 9.4E-04 9.2E-04 8.5E-04 7.4E-04 1.1E-03 8.0E-04 9.4E-04 8.3E-04 1.0E-03 9.7E-04 9.6E-04 8.1E-04 2.0E-03 1.1E-03 1.1E-03 1.0E-03 8.8E-04 1.3E-03 
TRAV99
1 4.1E-05 0.0E+0

0 7.2E-05 1.6E-04 0.0E+0
0 9.4E-05 5.0E-04 5.7E-04 3.0E-05 2.6E-05 5.5E-05 2.7E-05 5.9E-04 0.0E+0

0 1.9E-04 0.0E+0
0 0.0E+0

0 2.8E-05 9.9E-05 5.2E-05 6.9E-04 4.8E-04 5.7E-05 4.3E-04 1.5E-04 5.0E-04 
TRAV30 9.9E-04 1.7E-03 1.1E-03 8.5E-04 9.5E-04 1.1E-03 8.4E-04 9.8E-04 6.8E-04 8.3E-04 7.5E-04 7.4E-04 8.6E-04 7.9E-04 7.9E-04 7.9E-04 1.1E-03 1.0E-03 7.9E-04 8.2E-04 1.7E-03 6.8E-04 8.1E-04 4.7E-04 9.5E-04 8.7E-04 
TRAV10 2.0E-04 1.8E-04 3.6E-04 2.4E-04 3.9E-04 2.9E-04 3.3E-04 4.7E-04 3.3E-04 2.7E-04 5.9E-04 5.9E-04 3.8E-04 6.3E-04 2.5E-04 5.9E-04 2.1E-04 4.3E-04 3.5E-04 2.1E-04 5.2E-04 3.5E-04 3.3E-04 3.3E-04 2.1E-04 3.5E-04 
TRAV2 4.1E-05 1.5E-04 4.0E-05 0.0E+0

0 3.4E-05 2.2E-04 2.7E-04 3.6E-04 0.0E+0
0 7.2E-05 0.0E+0

0 0.0E+0
0 3.5E-04 5.6E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 4.1E-04 2.1E-04 3.2E-05 1.6E-04 1.7E-04 2.1E-04 

TRAV34 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 6.0E-05 1.9E-04 7.3E-05 0.0E+0

0 4.6E-05 8.6E-05 2.7E-05 2.2E-04 0.0E+0
0 2.9E-05 3.0E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 5.2E-05 2.5E-04 1.6E-04 3.2E-05 7.3E-05 8.6E-05 2.1E-04 
TRAV26
91 6.9E-04 1.4E-03 8.2E-04 9.2E-04 6.3E-04 8.2E-04 5.5E-04 6.4E-04 7.6E-04 7.7E-04 6.5E-04 5.5E-04 3.5E-04 6.0E-04 6.9E-04 6.5E-04 8.6E-04 6.7E-04 7.4E-04 7.7E-04 1.2E-03 4.5E-04 8.3E-04 5.3E-04 8.1E-04 6.4E-04 
TRAV89
7 7.5E-04 1.1E-03 7.8E-04 6.7E-04 6.4E-04 6.4E-04 7.2E-04 7.6E-04 6.9E-04 4.9E-04 4.8E-04 5.7E-04 7.1E-04 5.6E-04 6.3E-04 5.8E-04 6.6E-04 6.1E-04 6.3E-04 5.5E-04 1.2E-03 6.0E-04 6.4E-04 5.5E-04 6.1E-04 6.6E-04 
TRAV89
6 8.8E-04 1.0E-03 7.4E-04 6.0E-04 6.5E-04 7.1E-04 6.3E-04 8.6E-04 6.1E-04 4.9E-04 6.1E-04 6.0E-04 6.2E-04 6.5E-04 6.7E-04 6.4E-04 5.1E-04 6.1E-04 6.1E-04 5.1E-04 1.2E-03 5.5E-04 6.2E-04 6.0E-04 5.2E-04 6.2E-04 
TRAV39 4.1E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 6.5E-05 1.3E-04 9.4E-05 0.0E+0
0 0.0E+0

0 4.8E-05 5.0E-04 0.0E+0
0 0.0E+0

0 0.0E+0
0 8.4E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 1.6E-04 6.3E-05 6.5E-05 2.3E-05 2.7E-05 1.1E-04 
TRAV89
4 1.4E-03 2.0E-03 1.4E-03 1.2E-03 1.0E-03 1.0E-03 1.2E-03 1.5E-03 1.2E-03 9.5E-04 1.1E-03 1.1E-03 1.2E-03 1.1E-03 1.1E-03 1.1E-03 1.1E-03 9.7E-04 1.0E-03 8.3E-04 2.3E-03 1.1E-03 1.2E-03 9.6E-04 1.1E-03 1.2E-03 
TRAV89
3 8.0E-04 1.2E-03 7.7E-04 7.4E-04 6.9E-04 7.0E-04 6.9E-04 8.1E-04 5.3E-04 5.9E-04 6.2E-04 6.2E-04 7.3E-04 6.2E-04 7.1E-04 6.0E-04 6.4E-04 6.2E-04 6.4E-04 6.2E-04 1.3E-03 6.2E-04 6.9E-04 6.5E-04 6.4E-04 6.9E-04 
TRAV19 5.9E-04 8.0E-04 6.3E-04 4.4E-04 3.6E-04 5.0E-04 5.4E-04 7.2E-04 4.5E-04 4.0E-04 5.4E-04 3.3E-04 5.5E-04 6.1E-04 5.2E-04 6.0E-04 4.4E-04 5.2E-04 4.9E-04 4.7E-04 9.5E-04 4.8E-04 5.2E-04 6.3E-04 4.1E-04 5.4E-04 
TRAV89
2 8.7E-04 1.1E-03 1.0E-03 5.5E-04 1.1E-03 7.1E-04 7.7E-04 1.1E-03 4.9E-04 5.5E-04 9.5E-04 9.5E-04 9.5E-04 9.6E-04 7.9E-04 1.1E-03 3.9E-04 8.7E-04 8.9E-04 4.7E-04 1.4E-03 7.2E-04 9.3E-04 7.4E-04 5.2E-04 8.6E-04 
TRAV18 0.0E+0

0 0.0E+0
0 4.0E-05 0.0E+0

0 3.4E-05 3.4E-05 1.9E-04 1.0E-04 0.0E+0
0 0.0E+0

0 6.8E-05 0.0E+0
0 2.2E-04 2.8E-05 5.1E-05 5.4E-05 0.0E+0

0 7.8E-05 7.1E-05 0.0E+0
0 2.9E-04 2.2E-04 5.7E-05 8.7E-05 2.7E-05 2.7E-04 

TRAV89
1 4.1E-05 0.0E+0

0 1.1E-04 0.0E+0
0 0.0E+0

0 3.4E-05 2.3E-04 2.2E-04 0.0E+0
0 0.0E+0

0 0.0E+0
0 2.7E-05 1.7E-04 2.8E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.9E-04 2.3E-04 0.0E+0

0 2.1E-04 2.7E-05 2.2E-04 
TRAV17 4.1E-05 0.0E+0

0 0.0E+0
0 3.6E-05 0.0E+0

0 0.0E+0
0 3.2E-05 1.9E-04 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.0E-05 5.0E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 2.8E-05 0.0E+0
0 0.0E+0

0 8.1E-05 7.1E-05 3.2E-05 4.1E-05 6.8E-05 3.0E-05 
TRAV16 7.3E-05 0.0E+0

0 0.0E+0
0 3.6E-05 3.4E-05 3.4E-05 3.2E-05 4.1E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 1.5E-04 0.0E+0

0 2.9E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.2E-05 4.1E-05 0.0E+0

0 0.0E+0
0 

TRAV12
93 0.0E+0

0 0.0E+0
0 4.0E-05 3.6E-05 0.0E+0

0 0.0E+0
0 8.0E-05 4.1E-05 3.0E-05 2.6E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 2.9E-05 3.0E-05 8.4E-05 1.4E-04 5.1E-05 7.2E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.0E-05 
TRAV12
91 4.1E-05 0.0E+0

0 4.5E-04 1.1E-04 6.7E-04 2.0E-04 1.4E-04 3.3E-04 3.0E-05 2.5E-04 3.0E-04 4.1E-04 9.4E-05 3.4E-04 2.8E-04 5.3E-04 2.2E-04 1.4E-04 3.3E-04 1.5E-04 3.4E-04 9.5E-05 1.2E-04 9.9E-05 2.5E-04 1.9E-04 
TRAV12
92 1.0E-03 1.6E-03 1.4E-03 1.0E-03 1.1E-03 8.7E-04 1.2E-03 1.4E-03 9.8E-04 7.6E-04 1.1E-03 1.1E-03 1.1E-03 1.1E-03 1.2E-03 1.0E-03 7.7E-04 9.9E-04 1.1E-03 7.3E-04 1.9E-03 9.9E-04 1.1E-03 9.2E-04 8.9E-04 1.1E-03 
TRAV5 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 1.2E-04 1.9E-04 0.0E+0

0 2.6E-05 6.8E-05 0.0E+0
0 2.2E-04 2.8E-05 2.9E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 8.1E-05 1.5E-04 0.0E+0
0 1.3E-04 0.0E+0

0 1.4E-04 
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TRAV6 1.1E-03 1.6E-03 1.2E-03 1.2E-03 1.1E-03 1.2E-03 1.1E-03 1.2E-03 1.1E-03 9.5E-04 8.5E-04 8.7E-04 1.3E-03 8.5E-04 9.9E-04 8.6E-04 9.8E-04 8.5E-04 9.9E-04 9.1E-04 2.1E-03 1.1E-03 1.1E-03 9.3E-04 1.0E-03 1.2E-03 
TRAV3 0.0E+0

0 7.4E-05 1.7E-04 1.1E-04 3.4E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.0E-05 4.6E-05 2.7E-05 0.0E+0

0 6.1E-05 0.0E+0
0 7.1E-05 0.0E+0

0 7.5E-05 8.7E-05 1.1E-04 6.4E-05 0.0E+0
0 0.0E+0

0 8.0E-05 0.0E+0
0 0.0E+0

0 3.0E-05 
TRAV4 4.1E-05 1.3E-04 0.0E+0

0 8.9E-05 2.3E-04 1.1E-04 1.0E-04 2.2E-04 0.0E+0
0 8.1E-05 1.2E-04 1.0E-04 6.1E-05 5.6E-05 2.9E-05 1.6E-04 7.5E-05 2.8E-05 0.0E+0

0 9.0E-05 4.1E-04 7.9E-05 6.5E-05 8.8E-05 0.0E+0
0 1.1E-04 

TRAV7 4.1E-05 2.5E-04 1.5E-04 1.5E-04 0.0E+0
0 1.8E-04 9.0E-05 1.6E-04 1.5E-04 1.4E-04 0.0E+0

0 5.4E-05 2.4E-04 0.0E+0
0 1.2E-04 0.0E+0

0 2.1E-04 1.3E-04 5.1E-05 1.1E-04 8.1E-05 1.4E-04 9.7E-05 2.0E-04 1.2E-04 1.3E-04 
TRAV40 0.0E+0

0 2.2E-04 2.1E-04 2.6E-04 3.4E-05 1.8E-04 1.3E-04 2.9E-04 2.0E-04 7.8E-05 5.5E-05 2.7E-05 3.2E-04 5.6E-05 1.1E-04 0.0E+0
0 1.8E-04 1.7E-04 1.9E-04 1.5E-04 5.3E-04 1.9E-04 1.2E-04 1.5E-04 7.6E-05 2.0E-04 

TRAV24 4.1E-05 7.4E-05 0.0E+0
0 0.0E+0

0 2.0E-04 3.4E-05 3.2E-05 4.1E-05 0.0E+0
0 9.2E-05 4.9E-05 2.7E-05 3.0E-05 7.8E-05 2.9E-05 1.1E-04 8.4E-05 2.8E-05 2.9E-05 2.6E-05 2.2E-04 7.9E-05 0.0E+0

0 4.1E-05 2.7E-05 0.0E+0
0 

TRAV13
91 7.7E-04 1.0E-03 8.4E-04 8.5E-04 5.6E-04 7.9E-04 6.3E-04 6.6E-04 6.2E-04 6.2E-04 4.8E-04 5.8E-04 6.4E-04 5.5E-04 6.6E-04 5.6E-04 6.4E-04 6.8E-04 8.1E-04 6.2E-04 1.1E-03 5.0E-04 6.7E-04 5.1E-04 6.1E-04 5.9E-04 
TRAV41 0.0E+0

0 0.0E+0
0 8.1E-05 0.0E+0

0 3.4E-05 3.4E-05 2.7E-04 4.1E-04 0.0E+0
0 5.2E-05 2.7E-05 0.0E+0

0 1.4E-04 1.3E-04 0.0E+0
0 3.0E-05 0.0E+0

0 6.9E-05 2.9E-05 2.6E-05 3.3E-04 2.5E-04 3.2E-05 1.8E-04 9.8E-05 2.3E-04 
TRAV25 6.4E-04 9.3E-04 7.7E-04 7.2E-04 3.0E-04 6.3E-04 5.1E-04 5.5E-04 6.1E-04 6.3E-04 3.2E-04 1.7E-04 5.7E-04 2.5E-04 6.5E-04 1.9E-04 6.4E-04 5.7E-04 6.1E-04 5.8E-04 1.4E-03 4.2E-04 6.0E-04 2.1E-04 6.4E-04 4.6E-04 
TRAV13
92 2.3E-04 4.1E-04 2.4E-04 2.4E-04 0.0E+0

0 4.7E-04 1.1E-03 1.3E-03 1.3E-04 2.5E-04 0.0E+0
0 2.7E-05 9.8E-04 2.8E-05 1.2E-04 5.4E-05 2.2E-04 1.9E-04 1.7E-04 1.7E-04 1.7E-03 1.0E-03 2.1E-04 8.5E-04 3.1E-04 1.0E-03 

TRAV20 4.1E-05 1.3E-04 1.1E-04 2.4E-04 3.4E-05 2.1E-04 8.0E-05 2.2E-04 7.5E-05 2.1E-04 8.6E-05 5.4E-05 1.6E-04 6.9E-05 5.1E-05 3.0E-05 1.5E-04 1.4E-04 1.2E-04 2.2E-04 4.8E-04 7.9E-05 8.0E-05 2.4E-04 1.6E-04 1.5E-04 
TRAV22 0.0E+0

0 7.4E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 3.2E-05 8.3E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 8.4E-05 7.8E-05 7.1E-05 3.0E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 0.0E+0

0 2.2E-04 5.1E-05 3.2E-05 6.5E-05 2.7E-05 0.0E+0
0 

TRAV21 7.9E-04 1.1E-03 8.9E-04 7.3E-04 7.1E-04 7.0E-04 6.7E-04 6.5E-04 6.6E-04 6.0E-04 6.5E-04 6.4E-04 5.7E-04 6.5E-04 6.6E-04 6.6E-04 6.9E-04 6.3E-04 7.0E-04 6.3E-04 1.2E-03 5.7E-04 7.3E-04 4.8E-04 6.2E-04 5.7E-04 
TRAV27 8.1E-04 1.3E-03 9.5E-04 8.2E-04 7.0E-04 8.4E-04 1.2E-03 1.6E-03 7.0E-04 7.6E-04 6.7E-04 6.2E-04 1.2E-03 6.6E-04 7.6E-04 6.7E-04 9.6E-04 9.6E-04 7.7E-04 7.3E-04 2.0E-03 1.1E-03 8.8E-04 1.0E-03 8.9E-04 1.2E-03 
TRAV38
91 7.5E-04 1.2E-03 6.4E-04 6.0E-04 6.9E-04 5.9E-04 9.8E-04 1.2E-03 5.1E-04 4.7E-04 6.4E-04 6.2E-04 1.1E-03 6.5E-04 5.4E-04 6.5E-04 4.8E-04 4.8E-04 5.2E-04 4.7E-04 1.7E-03 8.6E-04 5.7E-04 7.8E-04 5.0E-04 9.0E-04 
TRGV8 5.1E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 7.8E-05 1.3E-04 4.5E-04 6.7E-04 0.0E+0
0 0.0E+0

0 0.0E+0
0 6.9E-05 3.8E-04 0.0E+0

0 0.0E+0
0 7.5E-05 3.7E-05 0.0E+0

0 0.0E+0
0 0.0E+0

0 8.3E-04 3.6E-04 3.9E-05 4.2E-04 1.2E-04 6.0E-04 
TRGV5 2.7E-04 3.6E-04 2.5E-04 1.8E-04 0.0E+0

0 2.3E-04 5.4E-04 9.3E-04 1.8E-04 1.3E-04 1.0E-04 0.0E+0
0 6.3E-04 1.2E-04 1.3E-04 6.6E-05 1.9E-04 6.7E-05 9.8E-05 9.2E-05 1.2E-03 3.7E-04 2.0E-04 6.4E-04 3.1E-04 6.0E-04 

TRGV9 8.0E-04 1.2E-03 1.2E-03 8.4E-04 7.2E-04 8.8E-04 4.3E-04 7.6E-04 4.4E-04 7.2E-04 6.5E-04 6.2E-04 6.9E-04 7.0E-04 9.2E-04 7.1E-04 6.9E-04 8.2E-04 7.7E-04 8.1E-04 9.7E-04 3.3E-04 8.9E-04 3.7E-04 5.8E-04 3.8E-04 
TRGV1
0 8.5E-04 8.5E-04 3.3E-04 1.8E-04 3.8E-04 6.3E-04 1.1E-03 1.5E-03 2.3E-04 3.0E-04 4.9E-04 4.7E-04 1.1E-03 6.1E-04 2.6E-04 3.2E-04 2.0E-04 2.9E-04 4.0E-04 1.0E-04 2.0E-03 1.1E-03 3.1E-04 7.9E-04 4.0E-04 1.1E-03 
TRGV1
1 3.1E-04 7.2E-04 6.9E-04 4.4E-04 1.2E-03 4.7E-04 8.8E-04 8.9E-04 5.0E-04 4.2E-04 7.4E-04 8.4E-04 7.7E-04 7.2E-04 6.6E-04 9.3E-04 4.1E-04 5.1E-04 5.1E-04 5.6E-04 1.5E-03 7.4E-04 8.1E-04 6.0E-04 8.2E-04 7.0E-04 
TRGV3 4.9E-05 5.0E-04 4.8E-04 2.4E-04 5.0E-04 5.7E-04 1.3E-03 1.8E-03 1.5E-04 2.3E-04 5.7E-04 4.4E-04 1.2E-03 4.5E-04 5.5E-04 4.4E-04 2.5E-04 2.5E-04 3.9E-04 1.9E-04 2.3E-03 1.4E-03 4.5E-04 1.3E-03 2.9E-04 1.5E-03 
TRGV4 1.1E-03 1.8E-03 1.1E-03 1.2E-03 1.3E-03 1.4E-03 1.8E-03 2.1E-03 8.6E-04 9.7E-04 9.9E-04 1.0E-03 1.6E-03 1.0E-03 9.4E-04 9.9E-04 9.9E-04 8.8E-04 8.5E-04 1.1E-03 2.9E-03 1.3E-03 1.1E-03 1.6E-03 1.4E-03 1.6E-03 
TRGV1 0.0E+0

0 1.5E-04 0.0E+0
0 2.1E-04 0.0E+0

0 4.1E-05 8.3E-05 0.0E+0
0 0.0E+0

0 1.5E-04 3.7E-05 3.4E-05 0.0E+0
0 0.0E+0

0 0.0E+0
0 3.9E-05 9.1E-05 0.0E+0

0 0.0E+0
0 2.5E-04 0.0E+0

0 0.0E+0
0 3.9E-05 3.1E-05 1.3E-04 3.7E-05 

TRGV2 1.1E-03 2.0E-03 1.4E-03 1.3E-03 1.2E-03 1.3E-03 1.2E-03 1.3E-03 1.2E-03 1.0E-03 1.2E-03 1.1E-03 1.3E-03 1.2E-03 1.1E-03 1.1E-03 1.2E-03 1.2E-03 1.1E-03 1.0E-03 2.0E-03 9.7E-04 1.2E-03 9.2E-04 1.1E-03 1.0E-03 
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