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Immunology

B and T lymphocytes are the cellular effectors of the adaptive immune system and
perform the learning and recall functions that are the basis of immunological memory.
Immunoglobulin and T cell receptors enable the immune system to recognize an
enormous set of exogenous and endogenous antigens. The vast majority of Band T cell
clones possess a single unique heterodimeric receptor with a highly diverse binding
domain generated through ordered somatic gene rearrangements known as V(D)J
recombination. The combination of different (Variable, Diversity and Joining) gene
segments, insertion and deletion of non-templated nucleotides at the junctions between
segments and pairing of heavy and light chains control the specificity of recognition. As
a result, the diversity of B and T cell receptors in the body determine an individual’s ability
to respond to new and previously seen antigens. In this work, | present a database of B
cell receptor sequences that unites experimental and computational techniques to
accurately estimate the richness of the naive and memory B cell repertoires. | also

present two studies exploring the diversity of the T cell repertoire in acute and chronic

il



viral infections. To study the diversity of the T cell repertoire in response to an acute
infection, | combine live-attenuated yellow fever virus vaccination and T cell repertoire
sequencing to identify and track vaccine responsive clones longitudinally. Lastly, |
explore the hypothesis that chronic cytomegalovirus infection in the elderly compromises
immune function by reducing CD8* T cell repertoire diversity. Together these studies
further our understanding of the relationship between immune repertoire diversity and

immune function.
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2 Introduction

2.1 Summary

B and T cells of the adaptive immune system are critical for protecting the body from
pathogenic infections. Each B and T cell possesses a highly specific antigen receptor
formed from somatic recombination of different gene segments(7-4). The diverse
collection of B and T cells enable the adaptive immune system to recognize innumerable
pathogens(5, 6). A major advance has been the development of methods to sequence
antigen receptors at high-throughput. This technology has allowed us to explore the
influence of immune repertoire diversity on overall immune function. Here | present a
study on the diversity of the B cell repertoire in healthy adults as well as studies examining
the diversity of the T cell repertoire in acute and chronic viral infections. | discuss the
assembly of B and T cell receptors and the role of diversity in adaptive immunity. Lastly,
| describe T cell responses to viral infections with a focus on the diversity of the antigen-
specific T cell repertoire. This work has implications for using the adaptive immune

repertoire to diagnose and test for infectious diseases.

2.2 Background

Adaptive immunity

The adaptive immune system originated in jawless vertebrates where organs and tissues
with large numbers of lymphocyte-like cells have been identified(7). These cells bear

receptors containing leucine-rich repeats assembled by differential recombination, which



recognize bacterial and blood cell antigens. In jawed vertebrates, including mammals,
the adaptive immune system is composed of B and T cells that possess antigen receptors
produced through the somatic recombination of gene segments(8). The richness of this
repertoire of receptors enables the adaptive immune system to recognize previously
unseen antigens. Another advantage of adaptive immunity is formation and encoding of
antigen-specific immunological memories. After the resolution of an adaptive immune
response, memory cells are produced that allow for the rapid elimination of previously
encountered pathogens, forming the basis for vaccination(9, 70). In humans, a
functionally heterogeneous collection of naive and memory B and T cell subsets coupled
with a highly diverse repertoire of antigen receptors provides immunity against
innumerable pathogens(77-714). As antigen recognition is necessary for B and T cell

function, this work focuses on human B and T cell receptor repertoires.

B cells

The primary function of B cells is to secrete antibodies, soluble molecules that bind and
neutralize foreign antigens. In addition, B cells are critical for the initiation of T cell
responses and the regulation of inflammation(75). There are two types of B cells, B 1
and B 2, which are classified based on the type of antibody produced and anatomic
location. B 1 B cells are rare, reside in the peritoneal and pleural cavities and responsible
for the production of “natural antibodies” which accumulate in the absence of
infection(76). These antibodies are of the modest affinity immunoglobulin M (IgM) isotype
and tend to be polyreactive and anti-microbial. The majority of B cells are of the

conventional B 2 type, which circulate through the blood and reside in the follicles of the



lymph nodes and spleen(77). Mature naive B cells respond to T cell dependent foreign
antigens by either directly differentiating into antibody-secreting plasmablasts or entering
into germinal center (GC) reactions. The GC reaction results in the generation of higher
affinity antibodies with more diverse functions. After resolution of a primary immune
response, immunological memory is encoded in GC-derived memory B cells, which
possess the capacity to rapidly differentiate into both higher affinity memory B cells and

antibody-secreting plasma cells upon subsequent exposure to antigen(18).

The B cell or immunoglobulin receptor

The B cell receptor (BCR) heterodimer is formed from the immunoglobulin heavy (IgH)
and immunoglobulin light (IgL) chains. The IgH locus is located on chromosome 14 and
comprised of 51 functional variable (V), 25 diversity (D) and 6 joining (J) gene
segments(79). Beginning in the bone marrow at the pro-B cell stage, the RAG
endonuclease initiates ordered somatic recombination of V, D and J genes at the IgH
locus(20). RAG recognizes conserved recombination signal sequences between a pair
of coding gene segments and cleaves the intervening DNA resulting in a double-stranded
break (DSB). The repair of this DSB by classical nonhomologous end joining and the
insertion of non-templated (N) nucleotides by terminal deoxynucleotidyl transferase (TdT)
at V/D and D/J junctions yield a heavy chain(271). Productive in-frame IgH
rearrangements capable of pairing with surrogate light chains enable a pro-B cell to
develop into a pre-B cell and undergo light chain rearrangement. The two IgL loci, Igk
and /g4, are located on chromosome 2 and 22 respectively and each is comprised of

approximately 30-40 V and 4-5 J gene segments. Using a similar mechanism to the IgH



locus, the light chain is formed from VJ somatic rearrangement, however, if the
rearrangement is non-productive or cannot pair with the IgH then successive Igk or Igh
VJ rearrangements can occur until a productive BCR is assembled(22). Immature B cells

exit the bone marrow expressing a membrane bound BCR of the IgM and IgD isotype.

Immunoglobulin modifications

Upon encountering cognate antigen in secondary lymphoid organs, naive B cells become
activated and gain the ability to produce a secreted antibody. In the context of a T cell
dependent immune response, concurrent T and B cell activation leads to the formation of
germinal centers(23). Germinal centers are the sites of somatic hypermutation (SHM), a
process that further diversifies the BCR in order to increase affinity for antigen. SHM
occurs on both the IgH and IgL loci, primarily at the three hypervariable complementarity
determining regions (CDRs) and is facilitated by activation-induced cytidine deaminase
(AID)(24). This process results in nucleotide substitutions in the BCR by deaminating
cytidines to uridines in single-stranded DNA and leveraging the error-prone (U/G)
mismatch repair mechanisms. If the nucleotide substitution increases the antigen binding
affinity of the BCR, it is positively selected. B cell affinity maturation is essential to the
production of high affinity antibodies against numerous pathogens(25).

In addition to SHM, class switch recombination (CSR) frequently occurs after
antigen dependent B cell activation. CSR replaces the constant region exon of the IgH
with another to tailor the antigen elimination function of the secreted antibody to the type
of pathogen. In humans, the IgH locus contains a set of nine constant region exons, or

isotypes, comprising five functionally distinct classes(Table 1)(26). AID catalyzes CSR



by inducing DSBs in the switch introns upstream of IgH constant region exons(27). These

DSBs are fused by deletional end-joining, which removes the intervening DNA resulting

Isotype Class Structure Primary Function

IgA monomer or dimer Pathogen neutralization at mucosal surfaces

IgD monomer None known

IgE monomer Activation of mast cells, basophils and eosinophils
IgG monomer Pathogen neutralization in the blood

IgM pentamer Opsonisation and complement fixation

Table 1: Antibody Isotype Classes and Functions(26)
in a permanent change of the antibody isotype.

T cells

T cells primarily function to eliminate infected cells and orchestrate innate and adaptive
immune responses. The majority of T cells are separated into functionally distinct
lineages by CD4 or CD8 co-receptor expression(28). CD4* T cells recognize peptide
antigens 13-25 amino acids in length derived from endocytosed molecules displayed on
major histocompatibility complex (MHC) Il proteins by dendritic cells and B cells(3).
Depending upon the type of infection and inflammatory environment, CD4* T cells are
polarized into different subsets with highly specialized functions(29). These include the
recruitment and activation of phagocytes as well as promoting the production of particular
antibody isotypes. In contrast to CD4* T cells, CD8" T cells recognize peptides 8-10
amino acids in length derived from intracellular proteins and displayed on MHC |, which
is present on all nucleated cells. CD8" T cells function to eliminate the replication of
intracellular pathogens by secreting effector cytokines such as interferon-y (IFN-y), and
producing perforin and granzyme B, which induce apoptosis of infected cells(30). CD8*

T cells are especially important in viral infections, where they curtail the spread of virus



by eradicating infected host cells. Depending on the class of pathogen, CD4* and CD8*

T cells form antigen-specific memory cells after the resolution of an infection with the

Memory T cell Type Phenotype Infection type Cytokines

CD8™* Effector Memory CD45RO+CCRT Intracellular virus and bacteria  IFN-v, IL-4, IL-5
CD8" Central Memory CD45RO+CCR7+ Intracellular virus and bacteria  IL-2

CD4t+ Tyl CD45RO+TCXCR3TCCR4'CCR6™  Intracellular virus and bacteria ~ IFN-vy

CD4+ Ty2 CD45RO+TCXCR3 CCR4TCCR6™  Paracites and venoms IL-4, IL-5, IL-13
CD4+ Ty17 CD45RO+TCXCR3 CCR4TCCR6T Fungi and extracellular bacteria IL-17, IL-22

Table 2: Memory T cell types and functions(12, 31)
capability to rapidly proliferate when a pathogen is reencountered(Table 2)(37).

The T cell receptor

The T cell receptor (TCR) is a membrane-bound heterodimer composed of either o and
B or y and 6 chains. Roughly 90% of T cells in the periphery bear an o TCR. Similar to
the IgH locus the TCRp (Tcrb) and TCR& (Tcrd) chain loci contain V, D and J gene
segments and are located on chromosomes 7 and 14, respectively. The Tcrb locus is
composed of 40-48 V, 2 D and 12-13 J gene segments while the Tcrd locus is composed
of 7-8 V, 3 D and 4 J gene segments. The TCRa (Tcra) and TCRy (Tcrg) chain loci are
similar to the IGL and located on chromosomes 14 and 7, respectively. The Tcra locus
is comprised of 45-47 V and 50 J gene segments and the Tcrg locus is comprised of 4-6
V and 5 J gene segments(32). Beginning in the thymus at the CD4- CD8  CD44* CD25
double negative 2 (DN2) developmental stage, the Tcrb, Tcrd and Tcrg loci begin to
rearrange employing a recombination mechanism identical to that of B cells. The signal
strength delivered via the TCR at the CD4- CD8  CD44- CD25* double negative 3 (DN3)
stage of a cell expressing a productively rearranged y6 TCR or a TCRp chain paired with

the invariant pre-Ta chain determine lineage commitment(33, 34). Following off T cell



lineage commitment, the Tcra locus rearranges at the CD4* CD8* double positive (DP)
developmental stage. Similar to the IgL, the Tcra locus can undergo successive
rearrangements until a productive TCRa chain is generated. After a functional o TCR
is produced, binding to MHC and self-peptide determine the fitness of a T cell clone to

exit the thymus and enter the peripheral circulation(35).

B and T cell receptor repertoires

The nearly random combination of V, D and J gene segments coupled with the random
insertion and deletion of nucleotides at the junctions of joined segments is capable of
generating more than 10" unique BCRs or TCRs(36). The result of this extraordinary
genetic diversity is that each B or T cell completing development and entering the
periphery bears a single unique antigen receptor. Consequently, B and T cells are
derived from clones that are defined by the nucleotide sequence of their BCR or TCR.
The B or T cell repertoire is the number of distinct B or T cell clones in a particular tissue
or sample(37). Homeostatic proliferation and antigen encounter result in B and T cell
clonal expansions, which alter the frequencies of clones in the repertoire(38, 39). In
addition, age-related changes and turnover of B and T cells modifies the clonal

composition of the repertoire over time(40-42).

High-throughput B and T cell receptor sequencing (Immunosequencing)
High-throughput sequencing enables the resolution of millions of BCR or TCR sequences
in parallel. In order to resolve individual B and T cell clonotypes, the hypervariable third

complementarity determining region (CDR3) of the receptor is sequenced. This section



of the BCR or TCR is sufficiently diverse to serve as a molecular fingerprint fora Bor T
cell clone(43). The CDR3 is formed at the V(D)J junction; therefore, PCR primers specific
to all V and J gene segments surrounding the CDR3 are used to amplify the genomic
DNA(44-46) or reverse transcribed mRNA(47-49) of rearranged B and T cell receptor
genes. The nucleotide sequences of this library of amplified BCRs or TCRs is then
determined using next generation sequencing methods. For all my work, genomic DNA
was amplified because it provides a more quantitative estimate of the number clonotypes
in a sample. Developments in immunosequencing include the use of a synthetic immune
repertoire to control PCR amplification bias(50) and the use of unique molecular
identifiers (UMIs) to quantitatively estimate the number of B or T cells sequenced(48).
The major disadvantage of immunosequencing is that it is restricted to a single chain of
the BCR or TCR heterodimer. Specifically, in a single experiment either the Tcra, Tcrb,
Tcrg, Terd, IgH or IgL can be sequenced. More recently paired BCR and TCR sequencing
have been developed albeit with lower throughput compared to single chain

sequencing(57-54).

Repertoire diversity

The diversity of clones in the both the naive and memory B and T cell repertoires is
hypothesized to be an indicator of immunological fithess(55-57). Specifically, a more
diverse repertoire is thought to positively correlate with the probability of mounting an
adaptive immune response against a pathogen. As an extreme example, individuals with
compromised adaptive immune repertoires due to genetic defects in immune receptor

rearrangement are at risk for a wide variety of infections(568-60). However, obtaining



accurate estimates of B or T cell repertoire diversity is challenging due to the large number
of cells that must be sampled(67, 62) and the technical difficulties in obtaining unbiased
estimates of clonal frequencies(63). In chapter 3, we develop a novel multi-replicate
sequencing method to approximate digital clone counts and estimate the diversity of
conventional naive and memory B cell repertoires in the peripheral blood of healthy

adults.

T cell responses to acute viral infection

In the setting of an acute viral infection, the adaptive immune response is initiated in the
lymph node (LN) draining the infected tissue. Activated dendritic cells (DCs) carrying viral
antigens migrate from the infected tissue through the lymphatic circulation and enter the
LN parenchyma using CCR7/CCL21 based chemotaxis(64). In the LN, these cells either
transfer viral particles to LN resident DCs or directly present virus-derived peptides to T
cells. The inflammatory environment of a virally infected tissue triggers migratory DCs to
secrete interleukin 12 (IL-12) and interleukin 18 (IL-18), which instruct activated effector
T cells to produce antiviral cytokines like IFN-y(65, 66). Activated antigen-specific CD4*
and CD8* T cell clones differentiate to yield a population of effector T cells that exit the
lymph node, enter the peripheral circulation and home to virally infected tissue(67, 68).
Both the diversity and frequency of viral antigen-specific effector T cell clones are
associated with viral control(56, 69-77). In chapter 4, we develop a novel computational
approach to identify virus reactive effector T cell clones and examine the diversity of the

CD8* T cell repertoire in response to an acute viral infection.
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T cell responses to chronic viral infection

In contract to acute viral infections, where the immune response subsides after the virus
is cleared from the body, chronic viral infections result in persistent and lifelong adaptive
immune responses. Viruses that elicit chronic immune responses have cycles of
dormancy and reactivation and include cytomegalovirus (CMV), hepatitis C virus (HCV),
herpes simplex virus (HSV), varicella-zoster virus (VZV) and human immunodeficiency
virus (HIV). Because the immune system is unable to eradicate the virus, T cells
continuously respond to viral antigens in order to prevent reactivation. Over time, these
T cells become exhausted and dysfunctional potentially leading to a decrease in overall
immune function(72). In chronic viral infections, anti-viral CD4* T cells exhibit decreased
IFN-y and tumor necrosis factor (TNF) production and fail to proliferate after continued
exposure to cognate antigen(73). Similarly, CD8* T cells gradually lose the ability to
produce TNF, IFN-y, interleukin 2 (IL-2) and perforin leading to a reduction in anti-viral
functions(74, 75). In addition, the sustained stimulation of CD8* T cells with viral antigens
leads to massive clonal expansions, which are thought to occur with a proportionate loss
of T cell clones from the repertoire(41, 76). This contraction of the T cell repertoire is
hypothesized to increase susceptibility to new infections in elderly individuals harboring
chronic viruses. In chapter 5, we examine the impact of long-term CMV seropositivity on

CD8* T cell repertoire composition and diversity in the elderly.

Conclusion

The adaptive immune system is essential to protect the body from infection and disease.

A highly diverse collection of BCRs and TCRs ensures that the adaptive immune system

11



is capable of recognizing an extraordinary breadth of antigens. However, changes in the
composition and diversity of the B or T cell repertoire contribute to the control as well as
the development and severity of disease. The development of high-throughput BCR and
TCR sequencing have allowed us to explore this link. The work presented here unites
experimental and computational techniques to examine the diversity of the adaptive

immune repertoire in health and disease.

2.3 Organization of Thesis

In this thesis, | describe the application of high-throughput B and T cell receptor
sequencing to understand the relationship between immune repertoire diversity and
overall immune health.

The third chapter describes a database of millions of IgH sequences from healthy
adults. In this study, we developed a novel high-throughput method to approximate digital
cell counting based on multi-replicate sequencing. The ability to accurately count clones
enabled us to apply a maximum likelihood method to estimate the clonal diversity of naive
and memory B cell repertoires. In addition, we developed a set of tools to characterize
general properties of the B cell repertoire including V gene usage and SHM motifs.

The fourth chapter describes the dynamics of the CD8* T cell repertoire during
acute infection using yellow fever virus (YFV) vaccination. YFV vaccination is an
excellent model of acute viral infection because the live-attenuated virus retains the ability
to replicate in host cells, inducing a potent adaptive immune response(77-79). We
preformed high-throughput TCR sequencing on CD8* T cells at distinct phases of the

immune response against the vaccine and developed a computational method to identify

12



vaccine reactive clones. This approach enabled us to determine fate of all clones
responding to the vaccine and provided an estimate for the diversity of a CD8* T cell
response to an acute viral infection.

The fifth chapter examines the association between CMV infection and contraction
of the CD8* T cell repertoire in elderly adults. Lifelong CMV infection is hypothesized to
cause areduction in naive T cell repertoire diversity that exacerbates age-related declines
in overall immune function. We preformed high-throughput TCR sequencing on naive
and memory CD8" T cell subsets in CMV seropositive and seronegative elderly adults.
We compare differences in the overlap, distribution and diversity of T cell clones in each
subset to characterize the effects of CMV on the T cell repertoire.

The final chapter of this thesis discusses key conclusions from this work and future

directions.
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3 A Public Database of Memory and Naive B Cell Receptor Sequences

3.1 Abstract

The vast diversity of B cell receptors (BCR) and secreted antibodies enables the
recognition of, and response to, a wide range of epitopes, but this diversity has also
limited our understanding of humoral immunity. We present a public database of more
than 37 million unique BCR sequences from three healthy adult donors that is many fold
deeper than any existing resource, together with a set of online tools designed to facilitate
the visualization and analysis of the annotated data. We estimate the clonal diversity of
the naive and memory B cell repertoires of healthy individuals and provide a set of
examples that illustrate the utility of the database, including several views of the basic
properties of immunoglobulin heavy chain sequences, such as rearrangement length,

subunit usage, and somatic hypermutation positions and dynamics.

3.2 Introduction

The diverse B cell repertoire of a healthy individual allows the recognition of a wide range
of antigenic epitopes, resulting in a robust adaptive humoral immune response against
pathogens. The vast majority of B lymphocytes express a single unique B cell antigen
receptor (BCR), a heterodimeric protein complex composed of a heavy and a light
immunoglobulin chain, each of which contains a highly diverse antigen-binding domain.
The human immunoglobulin heavy chain (IgH) locus comprises approximately one
megabase of chromosome 14, and contains at least 51 functional variable (V) region

genes, 25 diversity (D) genes and 6 joining (J) genes that undergo a series of
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recombination events to assemble a functional heavy chain[1-3]. This recombination
process creates a vast array of antigen-binding receptors through the random assortment
of different V, D, and J segments (combinatorial diversity), and the insertion of non-
templated (N) and palindromic nucleotides (P) at the junctions between V/D and D/J
segments (junctional diversity). Productive in-frame VDJ rearrangements result in a
functional heavy chain and lead to a permanent alteration of the genomic DNA sequence
of a B cell, defining it as a clone. Similarly, the human immunoglobulin light chain k and A
loci occupy approximately one megabase on chromosomes 2 and 22, respectively, and
contain 30—40 V and 4-5 J segments that can recombine to generate a light chain that is
assembled with the heavy chain to form a functional receptor, jointly determining the

specificity of recognition[3].

This initial BCR repertoire created in naive B cells through combinatorial and
junctional diversity increases upon antigen encounter through the process of somatic
hypermutation (SHM), which is mediated by activation-induced cytidine deaminase
(AID)[4]. As a result, single base substitutions and occasional insertions or deletions
occur throughout the rearranged BCR genes, generating a BCR with increased affinity
for its antigen [5, 6]. Our understanding of SHM is limited by the relatively small number
of BCR sequences from antigen-experienced B cells that have been available until

recently.

The clonal diversity of the human BCR repertoire has been difficult to estimate.
Early studies relied on extrapolation from the relatively small number of sequences
obtained through low-throughput methods such as immunoscope or traditional Sanger-

based sequencing (reviewed in [7, 8]). In recent years, high-throughput sequencing (HTS)
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methods have considerably increased the number of unique BCR sequences available to
the scientific community. However, most of the sequences generated to date are not
readily available in a centralized and curated database — the most widely used resource
of immune loci (International ImMunoGeneTics, or IMGT) currently contains
approximately 50,000 rearranged human IgH sequences[9]. On the other hand, several
other large datasets are publicly available: for example, the National Center for Bio-
technology Information (NCBI) Sequence Read Database (SRA,
http://www.ncbi.nlm.nih.gov/sra)) includes 454 pyrosequencing data from HIV-1
neutralizing antibodies from the Vaccine Research Center (SRP02639) and antibodies
generated in response to influenza vaccination from dbGaP (SRP029381), as well as
lllumina sequencing data from healthy donor repertoires from BioProject (SRP037774).
In addition to this, a number of publications in the last few years have made considerable
numbers of BCR sequences available to the scientific community[10-24]. As a
consequence of this recent surge in the number of B cell sequences available, centralized
data- base and complex data processing and visualization tools are needed to analyze,

visualize and interpret these large datasets of immune sequences.

Immunosequencing of the TCR and BCR repertoires has greatly improved our
understanding of B and T cell biology[25], leading to the refinement and modification of B
and T cell development models[26—29]. In addition, these data have resulted in multiple
clinical advances. For example, immunosequencing has resulted in clinical tests for
diagnosis and monitoring of minimal residual disease for lymphoid malignancies[23, 30],
has guided the discovery of neutralizing antibodies against HIV[31], has been used to

dissect the role of T cells in autoimmunity[32, 33] vaccination[34] and transplant[35, 36],
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and to better understand the role of infiltrating T lymphocytes in ovarian cancer[37],

melanoma[38] and glioblastoma[39].

Here, we present a public resource of more than 37 million unique immunoglobulin
heavy chain (IgH) sequences resulting from the digital amplification and sequencing of
the most variable region of the IgH gene from 10 million naive and 10 million memory B
cells each from three healthy adult donors, using the immunoSEQ platform[18, 27, 40].
In addition, we have created a suite of software tools that facilitates the visualization and
analysis of these data. Using many barcoded replicates for each sample, our method
approximates single-molecule sequencing of BCRs at high-throughput, thus ensuring a
faithful quantitative representation of nearly all clones present in the biological sample.
Besides describing the study design, the specifics of the sequencing technology
employed, and the resulting data set, we illustrate the use of the weB based tools

developed to enable visualization and analysis of these data.

Finally, to further demonstrate the utility of this resource, we explore a few of the
many potential biological questions that can be addressed through our data set: (1) we
explored and compared the clonal diversity of naive and memory BCR repertoires at an
hitherto unprecedented level of sequencing depth; (2) we confirmed V gene family usage
patterns in healthy subjects using a bias-free approach; (3) we examined variations in the
length of the third Complementarity Determining Region (CDR3) in naive and memory B
cell populations; (4) we analyzed SHM within the steady-state BCR repertoire; and (5) we

deconvoluted patterns of SHM substitutions in V genes for naive and memory cells.

3.3 Materials and Methods

17



Sample source and B cell isolation procedure

Whole blood samples were collected from three 25-40 year-old Caucasian males
participating in a study of healthy human volunteers under approval of the Fred
Hutchinson Cancer Research Center Institutional Review Board. The donors did not
report any infections or vaccinations in the 6 months previous to sample collection. All
donors provided written informed consent. All samples were processed less than 2 hours
after venipuncture. Peripheral blood mononuclear cells were separated from 400 mL of
whole blood by Ficoll (GE Healthcare) gradient density centrifugation at 400g and 22°C.
Next, total B cells were enriched from PBMCs using CD19 MicroBeads and the
autoMACS Pro Separator (Miltenyi Biotec). B cells were then stained with anti-CD19APC,
anti-CD3FITC, anti-CD27PE, anti-IgM-APC750, and anti- IgD-PECy7 (all from BD

BioSciences) and sorted using the BD FACS Aria Il with FACSDiva v6.1.3 software (BD
BioSciences). Naive (CD19*, CD27", CD3", IgM™, IgD™) and memory (CD19¥, CD27%,

CD3") B cells were sorted to a purity of 97% or greater. Sort purity was assessed by

passing a small sample of each sorted population back through the flow cytometer. We

note that this memory B cell sort contains all CcD27*B cells, including both class-switched

and IgM memory B cells. Representative flow cytometry plots of CD27 versus IgD
expression on gated CD19* B cells and CD27 versus IgM expression on gated
CcD19*CD27" B cells are shown in S1A and S1B Fig, respectively.

Sorted B cell populations were pelleted at 300g at 4°C, and finally flash frozen in

liquid nitrogen before being stored at -80°C. Genomic DNA was purified from sorted B

cell populations using the QIAmp DNA Blood Mini Kit (Qiagen). Genomic DNA was
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normalized and the equivalent of 50,000 cells was dispensed each of 188 wells of 96-well

plates.

PCR amplification and reduction of PCR bias

To amplify the CDR3 region of IgH, we used a 2-PCR reaction approach as
previously described [23]. Briefly, the first step consists of a multiplex PCR that uses gene
specific V-forward and J- reverse primers that bind to 47 V and 6 J functional genes as
well as many of the pseudogenes for both V and J. The primers are designed for perfect
complementarity to the germline V and J gene targets. In addition, the final five
nucleotides of each primer were selected so as to bind to sequences that are much less
likely to be affected by SHM[41]. The second PCR adds Illumina adaptor sequences and

well-specific barcodes, for a total of 31 cycles of amplification.

Despite efforts to achieve consistent melting temperatures (T ;) between all the V

and all the J primers, there is a wide variation in amplification efficiency. To remove this
bias, we created a synthetic set of IgH receptors with universal flanking sequences that
allow for direct sequencing on the lllumina platform[40]. The synthetic genes include all
V-J combinations labeled with barcodes that allow for the ready identification of each
template. This synthetic immune system is sequenced directly to precisely determine the
abundance of each template. Then, multiplex PCR amplification with the V and J gene
primers is performed on the synthetic pool and the resulting DNA is also sequenced.
Comparing the known starting abundances with the resulting amplified sequences, we
are able to assess the relative amplification efficiency of each V and J primer. We then

modify the concentration of the primers that over and under amplify. The process is
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iterated several times until the majority of the bias is removed. We have shown that the
results of this process are robust to variations in the length, GC-content, and overall

abundance of the template.

Resolution of nucleotide sequences

To measure the amount of nucleotide assignment error in our analysis, we
randomly selected molecules from the PCR amplified library of IgH receptor sequences
and sequenced them at a depth of at least 10 times the starting template quantity. In other
words, since each well contained approximately 50,000 B cells, we aimed to sequence at
least 500,000 molecules from each PCR library. This ensured that, even with some
amplification variation and random sampling error, multiple copies of each template would
be sequenced. Due to the very low error rate in lllumina sequencing (~.1%), the number

of errors in a 130-basepair sequence is roughly distributed as kerror ~ Bin(n = 130, p =
001), from which we Compute Pr(kerror = 0) = 88, and Pr(kerror =1 | kerror > 0) =~ .94.

Thus, ~90% of all our templates result in no PCR or sequencing errors. Of the remaining
~10%, the large majority contain a single error. Given that these errors are not systematic,
any particular error is almost always unique. Thus, we are able to readily correct these
errors by identifying reads present once in the data set that differ by a single nucleotide
from a sequence present multiple times and collapsing them into the predominant clone.
Additionally, since memory samples were found to have many more clones present in
multiple wells, error correction was performed on data aggregated from all wells of a given

sample. This ensures consistent consensus sequence assignment across wells. In terms
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of the diversity inference described below, this method of collapsing errors across wells

is intrinsically conservative.

Germline annotation of nucleotide sequences and SHM detection

The CDR3 region was identified according to the standard previously determined
by the IMGT collaboration[9]. Identification of the V, D, and J gene segments was
performed using a scored alignment across a definition list of all known V, D, and J gene
and allele members from IMGT. The most likely assignments (allowing for ties for similar
gene sequences) for each gene segment were then added to the sequence reads as their
germline annotation. Somatic hyper- mutation was calculated over just the V gene

segment, based on sequence variations from the assigned germline gene/allele match.

Estimation of repertoire diversity from replicate occupancy data

To estimate clonal diversity, we derived an extension of an established sampling
model in ecology and corpus linguistics: the Poisson abundance model[42—44]. This
allows the construction of a likelihood function for replicate occupancy data parameterized
by the richness and abundance distribution of the repertoire. Briefly, we synthesized the
combinatorial probability of the replicate occupancy of a clone conditioned on sample
abundance, with the Poisson abundance model of sample abundance conditioned on
repertoire parameters. Analytically marginalizing over sample abundance as a latent
variable, we formed the desired likelihood function and deployed tandem numerical and
analytical optimizations facilitated by an asymptotic approximation for large richness. The
full mathematical derivation and computational validation of this model can be found in

the Supporting Information (S1 Method).
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3.4 Results and Discussion

Immunosequencing of naive and memory B cells

In healthy adults, CD19™ B cells comprise 7-11% of lymphocytes circulating in
peripheral blood[45]. This population is dominated by naive B cells, which correspond
roughly to 65% of all peripheral B cells, while memory B cells account for about 30% of

all circulating B cells[45]. To faithfully capture the breadth of the B cell repertoire, we

isolated naive (N, CD19" CD27™ IgD* IgM*) and memory (M, CD19* CD27%) B cells
from 400 mL of peripheral blood obtained from each of 3 healthy adult donors (D1, D2
and D3)[46]. Additionally, in order to estimate the reproducibility of the approach, we
included two biological replicates of the naive B cell sample from Donor 1 (i.e. D1-Na and

D1-Nb).

These samples yielded 2—4 x 107 naive B cells and 1.5-2 x 107 memory B cells

at greater than 97% purity from each donor. Considering that the approximately 5 L of
peripheral blood of healthy adults is estimated to contain on average 6.5 x 108 naive B

cells and 3.0 x 108 memory B cells[45], we calculate that by using a 400 mL sample, we
captured 3.1-6.1% of the naive and 5-6.7% of the memory B cells circulating in peripheral

blood, respectively.

Next, we sequenced a segment of the immunoglobulin heavy chain (IgH) gene
from the naive and memory B cell populations purified from each donor that includes
CDR3[18]. Since the CDR3 rearranges somatically during B cell development, the

resulting sequences can be used to define unique B cell clones, in the sense of
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descendants from a common naive B cell; however, somatic hypermutation means that
even among mature B cells that share a CDR3 by common descent, there can be

additional sequence differences in e.g. the CDR1 and CDR2 regions.

In brief, for each of the samples, we extracted genomic DNA and we dispensed an

amount corresponding to ~107 naive or memory B cells into 188 wells of two 96-well
plates (the remaining wells were used for controls). This resulted in the allocation of the
equivalent of approximately 50,000 cells per well (Fig 1A). We then performed a two-step
PCR, including a multiplex step that uses V and J-specific primers to amplify a region of
the IgH gene, followed by a second amplification that adds unique well-specific barcodes
and lllumina adaptors. Next, we used a HiSeq instrument to sequence a 130 nt-long
segment of the IgH gene that includes the CDR3[18]. This approach enabled us to sample
the naive and memory repertoires of B cells of three healthy individuals to a depth much

greater than other studies.

The value of the resulting dataset depends both on the accuracy of the IgH
nucleotide sequences and the quantitation of the abundance of each B cell clone.
Importantly, there are two major obstacles that hinder the quantitative immunosequencing
of IgH genes. The first challenge, which is shared by other immune genes such as those
encoding for T cell receptors, arises from the process of gene rearrangement and the
resulting intrinsic diversity of both types of immune receptors. The second challenge,
unique to B cells, results from the additional level of divergence from the genomic
sequence generated by SHM in antigen-experienced cells. Our approach to address

these challenges is described in the Material and Methods section, and our analytical
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approach is described in detail in the S1 Method included in the Supporting Information

section.

In brief, we used a digital counting method that yields counts of clones based on
their presence or absence in each of the 188 wells, as diagrammed in Fig 1B. Quantitative
accuracy is achieved by inclusively sequencing the receptors in each uniquely-barcoded
well. We aimed for a minimum of 10-fold coverage of each BCR molecule in each well
and achieved an effective coverage that ranged from 8 to 12 average reads per template
in the different samples. We also analyzed the distribution of the number of unique
productive BCRs over the 188 wells for each sample, as shown in S2 Fig. Most of the
samples had an average of 40,000 unique productive rearrangements per well, with the
exception of the naive sample from Subject 2, which had a lower number of unique

productive rearrangements per well.

Our method is binary, since we only consider presence or absence of each
sequence in each well, and robust against a wide range of amplification efficiencies. The
sequences in each well are identifiable by the presence of the unique barcode assigned
to that well, and thus we report an “occupancy” value for each BCR sequence, which
corresponds to the number of wells it was observed in. Clones with abundance in the
repertoire of less than 1:1,000,000 B cells (i.e. the vast majority of all B cell clones) will
rarely be present more than once in any well. Therefore, for most B cells, their sample
abundance will be equal to the number of wells they are observed in. We determined that
the vast majority of clones have an occupancy value equal to 1 (Fig 2A). Since multiple

cells of the same clone are unlikely to appear in any given well, this strongly implies that
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a single cell out of the initial 107 expressed that particular BCR sequence. As occupancy
increases, this metric becomes a decreasingly precise (and increasingly negatively
biased) estimator for sample abundance, since the incidence of multiple occurrences of

a given clone in a single well becomes more probable.
Diversity of the naive and memory B cell receptor repertoires

We first compared the overlap between the naive and memory B cell repertoires
of the three donors studied (Table 1). For this analysis, we only considered exact

sequence matches.

For each sample obtained from each of the donors (D1-Na, D1-Nb and D1-M; D2-
N and D2-M; and D3-N and D3-M), the table indicates the pairwise overlap between
repertoires, computed as the fraction of the unique sequences for each sample in the
rows labeled to the left that are also found (with no mismatches allowed) in the each of
the samples listed in the columns. The color gradient of the cells indicates the degree of

overlap, with higher overlaps indicating a darker shade of red.

Due to the intrinsically large size and diversity of the B cell repertoire, the overall
overlap between samples is small. However, as expected, it is higher between the two
independent replicates of the naive repertoire of Donor 1 than between those of different
donors. Also, the naive and memory B cell populations of each donor are more similar to

each other than to those of different donors.

Next, for each sequence present in the data we computed the maximum well

occupancy among all samples (a measure of clonal abundance), and also the number of
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subjects the sequence was observed in. S3 Fig shows the distribution of maximum
occupancy among sequences found in only 1 subject, in any two subjects, and in all three
subjects. We observe that shared sequences (those present in two or three subjects) tend
to have higher maximum occupancy. This could be the result of shared memory cells
resulting from common pathogen exposures among subjects, or alternatively, the
consequence of recurrent generation of high- probability V(D)J recombinations that are

identical by state but not by descent in different individuals.

We also estimated the clonal diversity of the repertoires — i.e. the number of distinct
somatically rearranged receptors present in each repertoire and their relative
abundances—which defines the search space available for immune recognition and is
therefore essential for the quantitative characterization of the BCR repertoire. For each
sample, we inferred two diversity indices: richness, defined as the number of distinct
clones, and clonality, a measure of abundance uniformity that ranges from 0 (maximally
uniform) to 1 (most disparate, or clonally dominated; see the Materials and Methods and
S1 Method for a detailed description of these indices). Fig 2B shows the maximum
likelihood estimates of clonal diversity. Using either diversity metric, the samples cluster
distinctly by cell type, and these results were consistent across individuals. As expected,
our results indicate that memory clones have more disparate repertoire abundances

(higher clonality) than naive clones, and that naive clones are extremely diverse.

Our replicate PCR well methodology accurately assesses the abundance of nearly
all B cell clones in each sample. A small number of memory clones are present at high

frequency, and thus are found in all or nearly all of the replicate PCR wells. This is
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expected to cause negative bias in the clonality inferences for the memory populations.

Despite this conservative bias, the memory and naive populations cluster distinctly.

The inferred richness of the naive B cell repertoire is of a similar magnitude to the

expected abundance of naive B cells in the peripheral blood (~1x109)[45], suggesting that
the typical naive clone does not undergo proliferation prior to antigen encounter. In
contrast, the richness of the memory B cell population is consistent with each clone
undergoing several divisions on average. The relatively higher clonality observed for
memory cells as compared to naive cells indicates that a small percentage of these clones
experience significant proliferation. Our conclusion that the typical naive B cell clone
undergoes no proliferation prior to antigen encounter raises questions regarding previous
calculations that suggested that naive B cells in the peripheral blood of adults undergo
approximately 1.9 cycles of homeostatic proliferation on average [47]. However, it is
important to point out that the study by Van Zelm et al. uses an indirect method of
estimating the replication history based on deletion circles, and that, unlike our approach,
it does not have the ability to resolve distinct clones. On the other hand, we do not
measure replication history and instead calculate it from the diversity metric and estimates
of the number of B cells in the periphery reported in the literature. Thus, both sets of

results are not directly comparable and do not necessarily contradict each other.

In summary, our data confirm that the naive repertoire of a healthy adult is
extremely rich, and thus suggests that the typical naive B cell clone undergoes no
proliferation prior to antigen encounter, while we observe that memory B cell clones

undergo several cycles of division on average. Future studies will focus on mining this
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extremely deeply-sequenced data to further understand ongoing maturation of clones
within the memory compartment at steady state. The assay also has the potential to
determine whether the different subsets of cells contained in the memory compartment
(i.e. switched memory cells, unswitched memory cells, as well as any plasmablasts or
plasma cells present due to ongoing immune responses) possess different distributions

of mutation rates.

Examples of possible explorations of this dataset

To demonstrate that our data are accurate and of high quality, we made use of
these tools to answer several fundamental questions about the B cell repertoire in healthy
individuals. In addition to the clonal diversity inferences described above, we provide a
set of four examples that illustrate the utility of the data set and the related analysis tools.
For each of these examples, we created a dashboard in the immunoSEQ Analyzer
workspace (http://adaptivebiotech.com/link/publicBCellResource) so that the analysis of
each example and the accompanying visualizations that follow can be reproduced by the

user.

Example 1: Characterization of IGHV family and gene usage. The IGH V locus
contains over 50 functional genes (depending on the individual’'s haplotype) that are
classified into 7 families based on nucleotide sequence homology[48]. Each gene
segment has a certain likelihood of undergoing rearrangement and being incorporated
into a mature immunoglobulin molecule, and in addition the process of negative selection
of immature B cells further restricts V gene segment use, resulting in an unequal

representation of V gene families in the naive B cell repertoire. Similarly, the positive
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selection of naive B cells to populate the memory compartment results in variations in V

gene segment representation[13, 49].

Traditionally, standard measurements of TCR usage in T cells have utilized PCR-
based V beta spectratyping (reviewed in reference [7]), but no equivalent approach exists
for the analysis of V gene usage in B cells. However, recent immunosequencing
approaches have begun to shed light on B cell gene usage[18, 19]. To assess the broad
similarities and differences in gene usage between the naive and memory B cell
repertoires, we compared the IGHV family and gene usage in naive and memory B cells
in three healthy donors (Fig 3). In agreement with previous reports, we found that the
IGHV3 gene family is utilized most commonly in both repertoires[49, 50]. Moreover, we
observed that, in these subjects, IGHV3-48 is the most commonly used V gene in the
naive repertoire followed by IGHV3-30 or IGHV3-64, two genes that are indistinguishable
over the region covered by the sequence reads. In the memory repertoire, IGHV3-23 is
used most commonly, followed by IGHV3-48. We found that the second most commonly
expressed gene family in the naive repertoire of these subjects corresponds to IGHV1,
followed by IGHVA4. In contrast, the memory repertoire has equivalent representation of
the IGHV1 and IGHV4 gene families. At the gene specific level, we observed a decrease
in the relative frequency of IGHV1-69 and IGHV1-18 within the IGHV1 family in memory
com- pared to naive B cells, consistent with previous studies[13]. Taken together, these
data, which were obtained from a single experiment, reproduce observations from several

previously published studies [13, 18, 49-51], validating the utility of this dataset.

Example 2. Measurement of CDR3 length distribution. The immunoglobulin CDR3

is the most important determinant of antibody-antigen recognition[52, 53]. Its length varies
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mostly due to recombination and can also change slightly from SHM. Therefore, we
compared the CDR3 length distribution of the naive and memory repertoires to
understand both the limits and flexibility of the antigen-binding capacity of B cells. We
found the average CDR3 length in the naive B cell repertoire to be 48 nucleotides, while
the memory B cells had, on average, a CDR3 length of 45 nucleotides (Fig 4).
Unproductive CDR3 sequences have an even longer average size (~60 nt) than that seen
for productive sequences in naive or memory cells. These two facts suggest that, while
the B cell recombination process generates long and highly diverse CDR3 regions,
functional clones that become part of the memory repertoire are biased towards shorter
CDR3 sequences. In addition, we observe that there is a greater variability in CDR3 length
in naive cells compared to memory cells, suggesting that the naive repertoire has the
potential to bind a wider range of antigens than are actually encountered by the donors
in this study. These data agree with previous findings [13, 18, 54], further confirming the

validity of our dataset.

Example 3: Assessment of purity of flow-cytometry sorted cell populations. Since
SHM occurs during antigen-induced maturation, a naive B cell is characterized by the
absence of substitutions in its germline V gene[5]. Thus, to examine the purity of our
sorted B cell populations, we determined the rate of substitutions in the V genes of the
naive and memory B cell repertoires (Fig 5). Approximately 95% of sorted naive B cells
displayed no V gene substitutions, and had low clonal abundances, which are typical of
naive cells. In contrast, memory B cells harbored an average of 3-4 substitutions per 100

ntin the V genes, and additionally displayed a much broader range of clonal abundances,
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as expected of antigen-experienced B cells. Taken together, these analyses suggest that

our method accurately and faithfully captures the circulating B cell populations.

Example 4: Analysis of somatic hypermutation in memory B cells. Affinity
maturation, including somatic hypermutation and class switching, is critical to the
production of functional antibodies[55-60]. We were able to easily define somatic
hypermutation sites by identifying variations from germline sequences within the
sequenced region of the V gene. While a certain number of single nucleotide variations
in the V gene may result from inherited SNPs, a review of the V gene sequences observed

in naive cells in the same individual makes it easy to exclude this possibility in most cases.

After identifying likely somatically hypermutated residues in the V gene segments,
we created a set of tools to view these data for all genes and samples over the sequenced
V gene region. Fig 6 shows an example of the resulting data for gene IGHV1-69. Our
analysis and visualization tools allow a clear visualization of SNPs and
transition/transversion rates (top panel), as well as overall SHM rates by position (middle
panel) gleaned from our very deep sampling of memory B cell sequence data. In addition,
several reported hotspot and coldspot AID targeting motifs[61] can be evaluated (bottom
panel). The most frequently reported hotspot motif (most generally described as
GYW/WRC on the two strands[6]) accounts for many of the observed positions with high
SHM levels, while some nucleotides that display SHM, such as nucleotide 267 in several
V genes including V01-69 and V03-23, are not part of a known hot- spot motif. It is
possible that mutations of this position, which flanks the CDR3, might have increased
functional importance for improved antibody binding, despite the absence of known AlD-

targeting motifs.
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3.5 Conclusions

In this study, we provide the research community with an accurate and rich dataset
of BCRs, as well as a set of straightforward tools to enable its in-depth study. By
combining flow cytometry purification of peripheral B cells with high-throughput
immunosequencing of 10 million naive and 10 million memory B cells from each of three
healthy adult donors, we generated a BCR sequence library containing more than 37
million unique BCR sequences. Whereas some of the currently existing databases, such
as IMGT[9], contain a large number of curated IgH sequences from many individuals, this
method allowed us to probe the B cell repertoire of a small number of individuals at an
unprecedented depth. In parallel, we developed set of tools tailored to analyze and
visualize the resulting data set, which can be accessed from hitp:/
adaptivebiotech.com/pub/robins-bcell-2016 (please follow the ‘Advanced Visualizations’

link).

As an example of the utility of our dataset, we assessed a fundamental property of
the BCR repertoires, i.e. their clonal diversity. To do this, we approximated high
throughput digital cell counting using a multi-replicate experimental design, and we
inferred the clonal diversity of the memory and naive BCR repertoires of three healthy

adults using a novel likelihood model.

To further illustrate the utility of these data and the associated tools, we present
several other examples that assess general properties of B cell repertoires that have been
previously investigated at a smaller scale, including V gene family usage patterns; the

length of CDR3 regions; the numbers of SHM substitutions, and the patterns and types
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of SHM in naive and memory B cells. Importantly, our observations match previous

reports and thus confirm the robustness of our dataset.

Finally, the many-replicate experimental design employed in this study, in which
each of the 188 PCR wells corresponds to a replicate sample, constitutes a sample
abundance probe robust to the inherent stochasticity of PCR amplification. Moreover, this
approach represents a crucial quantitative advance over previous sequencing studies of
antigen receptor repertoire diversity, which have been limited by either poor quantitation
or by the lower throughput of single-cell methods[27, 62, 63]. We expect that these data
will be used by other experts in the field of immunology to address additional fundamental

questions about BCR development and in vivo antigen binding in humans.

3.6 Data Availability

Access to the data set resulting from the experiments described in this study (both
at the well level and at the sample level), as well as a link to the tools we developed to
enable the analyses presented herein, can be found at
http://adaptivebiotech.com/pub/robins-bcell-2016. We have also assigned a unique
identifier to this dataset: http://doi.org/10.21417/B71018. The immuno- SEQ Analyzer
interface includes several tools that can be used to perform further analyses of the data.
The “Advanced Visualization” link found in the landing page for this dataset enables
access to Fig 2 to Fig 6 in this study, and each of them is followed by a set of interactive
dashboards that allow viewing different aspects the data, such as Occupancy (data
underlying Fig 2), VDJ tools (data underlying Fig 3), CDR3 tools (data underlying Fig 4),

Substitutions tools (data underlying Fig 5), and SHM tools (data underlying Fig 6). Most
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dashboards include a sample selection option: data are coded by sample type (naive vs.
memory) and for each of the three donors stud- ied (including the two repeats for the
naive sample from donor 1). Several of the dashboards include filters that allow viewing
subsets of the data (e.g. sequences for productive vs. non-pro- ductive rearrangements,
out-of-frame sequences or sequences with STOP codons). The code for the tools

developed for the analysis can be downloaded from the Public B cell dataset code link.

Finally, the full dataset can also be downloaded from the Public B cell dataset link,

and Dryad Digital Repository at http://datadryad.org/resource/doi:10.5061/dryad.35ks2.

3.7 Figures and Tables
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Fig 1. Experimental and informatic design. (a) Peripheral blood samples from three healthy

donors were sorted using flow cytometry to isolate naive (CD19* CD27" IgD* IgM*) and memory

(CD19" CD27") B cells. For each sample, approximately 107 cells were distributed into two 96-

well plates (i.e., into 188 wells, resulting in ~50,000 cells per well), and processed by

immunosequencing. (b) Schematic of the ‘urn sampling’ quantitation method. Cells are

represented by colored balls, with each color indicating a different clone identity. Each ball (cell)

is randomly allocated to a sample bin (well). Occupancy is calculated after censoring count

information, and thus is expressed as presence or absence. The maijority of clones are presentin
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just one out of 188 wells, indicating that they were almost certainly represented by a single cell in

the original sample.
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Fig 2. Inference of diversity in the naive and memory B cell repertoires. (a) The graph shows
the distribution of unique sequences, as the number of unique sequences (y-axis) versus their
occupancy (x-axis) for the naive (orange) and memory (blue) samples for the three donors (D1,
D2 and D3, including two technical replicates for the naive sample from Donor 1). The vast
majority of the sequences have occupancy of 1. (b) Clonality index for all samples. (c) Richness
index for all samples. While the clonality index is higher for memory samples, the richness index

is higher for the naive samples.
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Fig 3. V family and V gene usage patterns. The histograms show the relative percent of total
sequences (by occupancy) for each of the IGHV families (as shown under the graphs), for the
naive (left panel) and memory (right panel) samples, aggregated for the three donors. Within each
family, discrete bands represent each of the individual genes. The most abundant genes within
each family are indicated (e.g., 69 in IGHVO01 refers to the gene IGHV01- 69). Overall, memory
samples contain fewer IGHV01 and more IGHV03 family sequences than naive samples, with

some gene-level differences evident as well.
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Fig 4. Comparison of CDR3 lengths in naive versus memory B cell samples. (a) The graph
shows the normalized percentage of total sequences for the naive (orange) and memory B cells
(blue) from donor D2. (b) The graph shows the cumulative percentage of total sequences at a
given CDR3 length for all naive and memory samples, as indicated in the inset. The technical
replicates for donor D1 overlap closely and are not distinguishable in this figure. The memory
repertoire is consistently 3 nucleotides (or 1 amino acid) shorter than the naive repertoire at the

same cumulative frequency.
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Fig 5. Comparison of Somatic Hyper Mutation in paired naive and memory B cell samples
from the same donor. The figure shows data for the naive (a) and memory sample (b) from
Donor 1, which is representative of all three donors. The x-axis corresponds to the number of
substitutions differing from the germline V gene sequence, and the y-axis indicates the number
of unique sequences that display that number of substitutions. The colors indicate different total
well occupancies, with blue indicating singletons present in just one well, and the other colors
showing progressively higher well occupancy, as indicated in the figure. The majority of the
sequences in the naive B cell sample have 0 substitutions and correspond to low abundance
clones observed in a single well (blue). In contrast, the memory B cell sample from the same
individual shows a much broader distribution of substitutions, as well as many more sequences

with occupancy greater than 1.
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Fig 6. Somatic hypermutation pattern observed over the sequenced region of the IGHV01-

69 gene. The figure includes combined data from the memory B cell population for all 3 donors.
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The top panel shows the total distribution of sequenced bases by occupancy for the primary allele
of IGHV01- 69. Nucleotides that match the germline sequence are displayed in gray. Transitions
are shown in orange and transversions in blue. Allelic differences, which are also seen in the
naive samples, are indicated in yellow. The vertical dotted line marks the average start of the
CDR3 region. The middle panel shows the normalized percentage SHM by base for this gene
across the memory B cell samples for all three donors. The bottom panel shows suspected SHM
hotspot (red and orange bars) and coldspot (blue bars) motifs present in the sequence of this
gene over the region assayed. Positions with higher bars indicate bases targeted within the motif
(underlined in the legend to the left). The GYW/WRC pattern (red) explains most of the significant
sites of SHM for this gene, but some spots of high mutation are not captured by the displayed
motifs. In the data viewer, this view can be generated for any V gene and for any combination of

data sets.

Table 1. Overlap among the naive and memory repertoires of the three donors.

1 2 3
Na Nb M N M N M
1 Na 4.18E-03 7.87E-04 4.41E-04 8.34E-05 6.96E-04 1.07E-04
Nb 4.55E-03 8.21E-04 4.44E-04 8.42E-05 6.92E-04 1.08E-04
M 1.75E-03 1.68E-03 5.42E-05 9.48E-06 8.90E-05 2.03E-05
2 N 6.55E-04 6.06E-04 3.61E-05 2.38E-03 7.06E-04 1.15E-04
M 2.42E-04 2.25E-04 1.24E-05 4.67E-03 ‘ 2.65E-04 5.43E-05
3 N 6.66E-04 6.09E-04 3.83E-05 4.56E-04 8.74E-05 4.07E-03
M 1.94E-04 1.80E-04 1.65E-05 1.40E-04 3.38E-05 7.70E-03

3.8 Supplementary Information
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Supplementary Method:

Replicate immunosequencing as a robust probe of antigen receptor repertoire diversity

I. INTRODUCTION

Previous approaches to antigen receptor repertoire di-
versity estimation redeploy methods developed in the
ecology and corpus linguistics literature to estimate
species diversity and vocabulary size (see review [1]), re-
spectively. Specifically, Poisson abundance models, with
both parametric and nonparametric estimators, are used.
Although conceptually erroneous, mark-recapture formu-
lae have also been applied [2]. Antigen receptor reper-
toires more closely achieve the idealizations of these mod-
els than the their original applications; populations are
very large and well-mixed, and detection probabilities are
homogeneous. However, studies suffer from limitations in
sequencing data that blunt sophisticated computational
approaches.

Robins et al. [3] assessed T cell receptor (TCR) rich-
ness from high-throughput immunosequencing data us-
ing a nonparametric empirical Bayes method requiring
divergent series regularization [4, 5] (a substantially im-
proved regularization technique, applied to estimating
the molecular complexity of PCR libraries, is advanced
in [6]). However, the sequencing read count assigned to
each unique TCR (after error correction) was associated
with its clonal abundance in the sample. This introduces
noise and bias, since each single template is stochastically
amplified by PCR. Although this high-throughput study
captured the diversity of a realistic biological sample, in-
ference of repertoire richness was problematic due to lim-
ited quantitation of sample abundance for each clone.

Rempala et al. [7, 8] employed a likelihood model and
posterior inference for mouse TCR richness using single-
cell sequencing to quantitate sample abundance of T cell
clones. Although this approach allows for precise quan-
titation of sample abundance, it is so low throughput
(one cell per well on a 96-well plate) that diversity esti-
mation was only possible for transgenic mice engineered
to have dramatically limited TCR diversity. Although
quantitatively principled, severe experimental limitations
restricted the study to less biologically relevant reper-
toires.

II. EXPERIMENTAL DESIGN

In the present study a high-throughput and quantita-
tively robust (albeit indirect) probe of B cell clone sam-
ple abundance was devised. B cells from three adults
were sorted into memory and naive populations (with
two naive replicates for subject 1), each with ~ 107 cells
(Fig. la, main text). Extracted DNA from each sam-
ple was evenly partitioned into 188 PCR replicates for
amplification and uniquely barcoded for immunosequenc-
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ing of the rearranged IgH locus [9], identifying clones by
unique CDR3 sequence in their B cell receptor. Instead
of relying on sequencing read counts to estimate a clone’s
sample abundance, we use its occupancy - the number of
replicates it is observed in. In the regime of small occu-
pancies, this approximates digital cell counting - a clone
observed in only one replicate almost surely has a sam-
ple abundance of one cell. For larger sample abundances,
co-occupancies become more probable, so occupancy in-
creasingly underestimates abundance. Clones with sam-
ple abundance much larger than the number of replicates
will saturate, appearing in all replicates.

To address possible template quantity variation across
replicates and non-detection effects, we selected the sub-
set of 150 replicates for each sample having minimum
variance in the number of unique clones. Removing repli-
cates with outlying allocations of cells or underperform-
ing amplification is necessary to avoid breaking exchange
symmetries invoked in our model.

III. MODEL

We advance a combinatorial extension of a well-studied
model of sample abundance, enabling application to oc-
cupancy data. After introducing a parameterization of
this extended model, a maximum likelihood diversity es-
timation is introduced, validated with simulations, and
applied to BCR repertoire occupancy data to infer both
richness (the number of clonal species) and an index of
relative diversity (evenness of clone abundances).

A. Poisson abundance model of replicate
occupancy

As is canon in the ecology and corpus linguistics litera-
ture, we begin by modeling sampling from a diverse pop-
ulation as a superposition of homogeneous Poisson pro-
cesses. A mixing measure, (), characterizes the distri-
bution of Poisson rates over all categories (B cell clones,
as identified by productively rearranged IgH CDR3 seg-
ment, in our case). Since a clone’s Poisson rate, A, is
given by its repertoire fraction times the number of cells
sampled, p(A) is tantamount to the repertoire clonal
abundance distribution. Homogeneity entails the ap-
proximation that the repertoire is effectively an infinite
reservoir (or is being sampled with replacement), such
that the data is not sensitive to depletion of the popula-
tion fractions of the sampled clones. An equivalent urn
model samples with replacement from a finite urn with
an unknown number of ball colors, or without replace-
ment with an urn with an infinite number of balls and



specified fractional abundances for each color. The total
number of balls (cells) sampled from the urn (repertoire)
is taken to be a Poisson sample from a multinomial pop-
ulation. The marginal distributions of sample cellular
abundance, j, of each clone are then independently and
identically distributed as

j —X

PO = [ >

To model replicate occupancy, we assume that each
sampled cell is randomly assigned to one of L possible
replicates with equal probability (Fig. 1b, main text).
Because the sample material was partitioned equally
among the L replicates, it is not strictly correct to as-
sume that each cell is assigned to a replicate indepen-
dently. However, for large samples this approximation
is very accurate. If the sample contains N cells, then
under this model the number of cells in each replicate is
binomially distributed with N trials and success proba-
bility 1/L. The coefficient of variation is /(L —1)/N.
The number of replicates used in this study was 150, and
about 10 million cells were sequenced for all samples,
leading to a coefficient of variation of about 0.004.

The distribution of a clone’s replicate occupancy, i,
conditioned on sample abundance, j, is then determined
combinatorially as

(Da{}
o

This is simply the ratio of the number of ways to partition
j cells into ¢ out of L replicates, divided by the total
number of ways to allocate j cells among L replicates.
{4} denote Stirling numbers of the second kind, which
count the number of ways to partition j distinguishable
objects into 7 indistinguishable nonempty subsets.

Marginalizing over the hidden sample abundance gives
the distribution of each clone’s occupancy as

q(ilj) =

r (i) = Zq(ilj)p(jlu(«\)) )
= 3 6} ™ guogwiersy
3=0

[ W*i ol
( )/ du(Ne™ (et _I)A’

where we have exchanged the order of integration and
summation, and identified the sum as a well-studied ex-
ponential generating function for the Stirling numbers
((10], p.83). In formal power series notation, {J} =
3! [#] ((e* —1)i/i!). We consider a finite-dimensional
subspace of measures, pg()), parameterized by the vector
6, and thus write (1) as

(f) /:o dps(Ne™> (e% - 1)i.

@)

ro(2)
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For a repertoire with clonal diversity S, the sample
occupancy of each clone is drawn from distribution (2).
Let ly,1s,...,ls denote the replicate occupancies of S la-
belled clones. For a very diverse repertoire and a limited
sample, many clones will not be sampled, and thus have
occupancy zero (the missing species). Due to exchange-
ability of the clone labels, it is sufficient to consider the
frequencies of nonzero occupancies, defined by the vec-
tor indicator random variable o = (01,02,...,0L), with

= {ce{L,2,...,8}:1. =i} (the number of clones
occupying exactly 7 replicates).

We may write a multinomial likelihood function as

= _re(0)5 sﬁ To(d)

0;!
i=1 v

St
L(8,S|o) = ®3)
(§—9)!
where s = Zil’:l 0; is the sample diversity. There are
S — s missing species.

B. Parameterization

Antigen receptor repertoires have been observed to fol-
low Zipf’s law [11]: the logarithms of the frequencies
of clones are inversely proportional to the logarithms
of their ranks by frequency. As a continuous analog of
this discrete power law behavior, we make the paramet-
%‘“ — %b) d\. The expo-
nential factors cut off scaling behavior from below and
above, and correspond to minimum and maximum abun-
dances in the repertoire. This distribution, properly nor-
malized, is the generalized inverse Gaussian [12]. For
Poisson abundance models, the parameters A, and A
are strongly asymptotically correlated in the likelihood
for fixed  [13, 14]. This manifests as a ridge in param-
eter space that confounds likelihood maximization. A
transformation that minimizes off-diagonal components
of the Fisher information matrix is therefore introduced,
resulting in the more orthogonal parameterization

£
2K, ()

ric ansatz du(A) o« A" lexp (—

AY-1 %(f‘*%)d)\,

dpg(A) = ()
with parameter vector § = (y,w,f). K,(w) denotes
the modified Bessel function of the second kind, arising
by imposing normalization. Excellent fits to naive and
memory occupancy data were obtained with mixtures of
two such distributions (see section IV). Lognormal and
Pareto distributions were also considered, but produced
substantially worse results.

Under the parameterization (4), the distribution (2)
becomes

0= ()

Although not available in closed-form, these L + 1 inte-
grals can be approximated by quadrature to evaluate the

& /w x el (2 1) . )

2K (W) Jo M a(5+)



likelihood (3). Modeling as a mixture of two distributions
of the form (4) adds a mixing parameter, 0 < a < 1, with

ro(1) = (1 — a)rg, (2) + a 79, (2).

C. Maximum likelihood diversity estimation

Direct maximization of the likelihood (3) is compu-
tationally formidable, as it constitutes a mixed integer
nonlinear programming problem. However, it may be
factorized in the suggestive form

L (8,S]0) = Ls (6,8]0) L (8l0) ,

where we define the binomial

S s
£(6.500) = (3)ro@°= 1 =ro0)",
and zero-truncated multinomial

s
L 1 0
Ly, (8lo) = s! 1:[1 ol ( ) .

An approach to approximate maximization of £ (6, S|o),
proposed by Sanathanan as conditional maximum likeli-
hood estimation [15], is to first compute

ro(2)
1- To (0)

6= argmax L, (0]o),
0

which is independent of S and can be obtained by
nonlinear numerical maximization of the log-likelihood
£, (0lo) = log L,, (6|o). A constrained gradient ascent
algorithm [16] was used in the present work. Differentia~
tion gives gradient components of the form

L

Ol (0l0) s 9rp(0) + Z 0; Ory(7)
66j - 1-— 7‘0(0) 601 ) To(i) 363 ’
with
a’l‘o(i) — 6/1,0()\)

L ° - A i
O] o(5) -
which may be evaluated by quadrature for the parame-
terization (4).

Having computed 6, it remains to maximize the rich-
ness piece of the likelihood. A lemma due to Chapman
[17] can be invoked to give

argmax £ (é, S|o)
SeN

argg{ax Ly (é, S‘o)

o)

Sanathanan’s articulation of an asymptotic theory for the
estimator S showed it to be equivalent to direct maxi-
mization of L (6, S|o) for large S. A corresponding ap-
proach was taken by Rodrigues [18] in an empirical Bayes

06 a6,

5

1—74(0)
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treatment to approximate a posterior distribution for S.
The density uj(A) is viewed as a prior which is realized
in the repertoire for large S. Due to the large diversity
of the BCR repertoire, we employ the diversity estimator
S, first investigating its accuracy via simulation.

D. Shannon diversity in a Poisson abundance
model

To quantify the degree of uniformity in repertoire
clonal abundance we derive a standard entropy-based in-
dex of diversity applied to a Poisson abundance model.
For a repertoire with richness S and clone-wise popula-
tion fractions given by 71, ms,... g, the Shannon index
[19] is defined as the information entropy of the clone-
wise abundance distribution.

S
H= —Zrilogm.
i=1

The maximum entropy, H, = logS, occurs when m;
1/S for all clones. We define clonality, C, as the com-
plement of the normalized Shannon entropy C = 1 —
H/H, = 1— H/logS. C ranges on the unit interval,
with zero denoting maximally uniform abundance across
clones and unity denoting the most disparity (dominated
by a single clone).

In a Poisson abundance model, each clone, i, is as-
signed a Poisson frequency, \;, which is related to its
population fraction, ;, by A\; = (n)m;, where (n) denotes
the expected sample size.

S
(n) = Z,\

With the measure parameterized by 6 this becomes

s /0 ~ duo(W)A
SL(6),

(n)s,o

where we’ve defined the integral

L) = /0 ” dus ().

The Shannon index for a Poisson abundance model is
then

A

> A
—S/O dug(/\)mlog (n)
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log S +log I, (6)
with

L) = /0 ” dus(M)Alog A
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FIG. S1: Performance of diversity estimation on sim-
ulated data. One hundred simulations were performed for
each of four diversity values, and Diversity estimates were
computed for each. The resulting fractional errors are sum-
marized as violin plots.

The clonality is then evaluated at the MLE as

c(8,6) = 1- 59
log S

! ~ | log I, (6) — I2(q) .
lOg S I (9)

For parameterization (4) the necessary integrals may
be evaluated in terms of modified Bessel functions as

n(0) = 575
and
¢ d
I,(9) = K@) <log§ Kyi(w) - [EKI(“U)} o _1)

It is trivial to extended this to a model with two mixed
generalized inverse Gaussians.

IV. RESULTS
A. Simulation validation

To validate our methodology for inferring richness,
simulations were performed by generating random draws
from the likelihood (2). Fig. S1 shows violin plots for
fractional error in diversity estimation for four sets of 100
simulations. Each violin is for a set of 100 simulations
with identical diversity (S) and shows the distribution of
the fractional error of the MLE, (S — S)/S.

The values of S for the four sets are 106, 107, 108, and
10°. For all four sets, the expected sample size is fixed

at about 4.7 million cells. This is achieved by tuning the
scale parameter ¢ inversely as S. This is necessary to
address a property of the sampling model: the expected
sample size is proportional to both S and £, but we want
expected sample size to be the same in all simulations as
we tune S. Remaining parameters were fixed at v = —1
and w = 0.01 across all simulations (values similar to
those arising in analyzing real data). Even at the high
end of diversity, the expected error is only a few percent,
demonstrating the efficacy of conditional maximum like-
lihood estimation in estimating an unknown population
parameter.

B. B cell diversity estimation

Details of diversity estimation applied to experimen-
tal data are presented in Fig. S2 and Table. S1, and
diversity metric inferences are summarized in main text
Fig. 2. Occupancy data with visualized fits of the MLE
are shown in Fig. S2. Excellent fits are obtained for all
data sets, as assessed by comparison to expectation val-
ues (0;) = S r4(i), i = 1,2,...,L, and with variation
characterized by the quantile functions of the binomial
marginal of likelihood (3) at S and §. Estimated richness,
clonality, and parameterization values are very consistent
between the two samples of subject 1’s naive BCR reper-
toire, and take on characteristic values according to cell
population.

V. DISCUSSION

By synthesizing flow cytometry and replicate im-
munosequencing, approximate digital cell counting of
memory and naive B cell repertoires of three adults was
enabled, providing the deepest and most quantitatively
robust characterization of the repertoire yet available.
Diversity of the repertoire was inferred using a novel
likelihood model devised for replicate-based presence-
absence data. Estimates of both clonal richness and
evenness of abundance distributions were attained, show-
ing consistency across individuals, but distinct clustering
by cell population. Across naive samples, the estimated
richness is similar to the expected number of total naive
B cells in circulation, suggesting that the typical naive B
cell undergoes no proliferation prior to antigen stimula-
tion. Memory richness is consistent with several divisions
on average, but higher disparity in abundance (indicated
by lower clonality), likely corresponding to clonal expan-
sions in response to antigen stimulation.
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S2 Fig: Distribution of the number of unique sequences across 188 wells for each sample

used in this study.
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4 Dynamics of the Cytotoxic T Cell Response to a Model of Acute Viral

Infection

4.1 Abstract

A detailed characterization of the dynamics and breadth of the immune response to an
acute viral infection, as well as the determinants of recruitment to immunological memory,
can greatly contribute to our basic understanding of the mechanics of the human immune
system and can ultimately guide the design of effective vaccines. In addition to
neutralizing antibodies, T cells have been shown to be critical for the effective resolution
of acute viral infections. We report the first in-depth analysis of the dynamics of the CD8*
T cell repertoire at the level of individual T cell clonal lineages upon vaccination of human
volunteers with a single dose of YF-17D. This live attenuated yellow fever virus vaccine
yields sterile, long-term immunity and has been previously used as a model to understand
the immune response to a controlled acute viral infection. We identified and enumerated
unique CD8" T cell clones specifically induced by this vaccine through a combined
experimental and statistical approach that included high-throughput sequencing of the
CDR3 variable region of the T cell receptor p-chain and an algorithm that detected
significantly expanded T cell clones. This allowed us to establish that (i) on average,
~2,000 CD8* T cell clones were induced by YF-17D, (ii) 5 to 6% of the responding clones
were recruited to long-term memory 3 months postvaccination, (iii) the most highly
expanded effector clones were preferentially recruited to the memory compartment, and
(iv) a fraction of the YF-17D-induced clones could be identified from peripheral blood

lymphocytes solely by measuring clonal expansion.
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4.2 Introduction

During the acute response to a viral infection, viral antigen (Ag)-specific effector
CD8 T cell clones (also known as cytotoxic T lymphocytes, or CTLs) become activated
and expand as they recognize and eliminate infected host cells (1, 2). The Ag specificity
of a T cell clone is determined by the T cell receptor (TCR), which is encoded by random,
RAG-mediated V(D)J re- combination. Thus, each T cell clone may be identified by its
unique TCRP CDR3 region, formed from the joining of the V, D, and J gene segments
along with deletions and nontemplated insertions at the junctions, with CDR3 being the
primary determinant of Ag specificity (3, 4). The identification and tracking of virus-specific
CTLs has resulted in the extensive characterization of their phenotype and function (5—
8). The identification of virus- specific T cells during the course of an infection has allowed
the measurement of the number of unique clones responding to a particular viral epitope
(9-11). These studies suggested that the magnitude of the T cell clonal response to
different viral Ags is not uniform; for example, in the case of the yellow fever vaccine
(YFV), peptide NS4b induces a more robust T cell response than peptide NS5 (9, 12).
Moreover, there is extensive variability in the number of unique clones activated by a
particular viral epitope (13, 14), which depends both on the quantity of peptide presented
(15) and on the microenvironment of the lymph node where the T cell encounters the Ag
(7). In addition, responses to chronic and acute viruses seem to be characterized by
different patterns of activation and waning of effector cells, as well as different memory
cell phenotypes, which might be related to the different patterns of exposures to viral Ags
in these two different types of infection (reviewed in reference 16). Finally, major

histocompatibility complex polymorphisms lead to variable epitope presentation in

50



different individuals (17, 18), complicating the characterization of dominant and

nondominant clonal CTL responses.

The formation of virus-specific CD8* memory T cells is also believed to be
dependent on the magnitude of the clonal response to Ag (19, 20). After an acute infection
is resolved, the virus-specific effector CD8* T cell pool contracts (21), and a much smaller
number of long-lived memory T cells that are capable of responding to subsequent
infections is maintained (22). It is thought that effector T cell clones present in high
abundance are recruited to the memory repertoire with higher frequency than less
abundant clones (11, 23, 24), but it is not clear whether this simply reflects the limitations
of currently available techniques. Therefore, highly sensitive techniques are necessary to
establish the contribution of less abundant clones to the memory pool (12). Furthermore,
to date it has not been possible to relate the magnitude and diversity of the effector T cell
response to the subsequent abundance of individual clones in the memory T cell
repertoire. Thus, the detailed characterization of the dynamics of the T cell repertoire in
response to an acute viral infection can increase our understanding of the breadth of the
immune response, the formation of immunological memory, and how the human immune

system responds to acute viral infections and immunization with viral vaccines.

We used vaccination with the yellow fever (YF) virus vaccine YF-Vax, which is
based on the YF-17D204 attenuated strain, as a model of acute viral infection. YF-17D
harbors only 20 amino acid changes compared to the wild-type strain, most of which are
found in the E protein and are thought to result in changes in viral tissue tropism (25). In
addition, this attenuated virus is replication competent, so that administration of the YFV

results in a mild viral infection that is predicted to elicit an immune response that is almost
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identical in quality to that induced by wild-type infection (26). Since exposure to YF virus
is geographically limited, and YFV is a very effective vaccine that elicits an optimal, long-
term protective immune response upon administration of a single dose, this model has
been used extensively to explore the human immune response to a controlled, self-
resolving acute viral infection (reviewed in references 16 and 27). These seminal studies
have shown that (i) the ability of YF-17D to infect dendritic cells and signal through
multiple Toll-like receptors may be related to the effectiveness of this vaccine (28); (ii)
neutralizing antibodies (nAbs) are the best surrogate marker for protection against YF
virus and remain detectable for many years (29, 30); and (iii)) CD8" T cells expand
massively before nAbs can be detected (and are thus likely involved in the control of

viremia) and persist in the memory compartment for decades (6, 30).

Our understanding of the CD4* response to YFV is limited. Although helper T cells
are clearly required for the production of YFV-specific Abs (including nAbs), different
studies have reported variable levels of induction of CD4* T cells upon vaccination with
YFV (30, 31). Some analyses have revealed that cytokine-producing YFV-specific CD4*
T cells can be detected as early as day 2 postvaccination and that they return to baseline
by day 28, suggesting that the kinetics of CD4* T cells precede those of CD8* T cells (12,
32). Recently, James et al. used class |l HLA-DR restricted, YFV-specific tetramers to
characterize the CD4* response to YFV in more depth, showing that all 10 proteins in the
YF virus genome contain antigenic epitopes recognized by CD4* T cells (33). This study
also revealed a wide range of frequencies of CD4* T cells specific for a limited number of
YFV epitopes in peripheral blood (from 0 to 100 cells per million CD4* T cells) and

established that YFV-specific T cells, which display a predominant Th1-like memory
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phenotype, occur at ~10- to 100-fold- higher frequencies in vaccinated versus

unvaccinated individuals, depending on the time point considered (33).

In contrast, there have been several detailed analyses of the kinetics and
phenotype of CD8* T cells induced by vaccination with YFV. For example, Miller et al. (6)

showed that activated effector CD8" T cells (TAE) peak 2 weeks after administration of

the YFV and defined the YFV-specific subpopulation of CD8* CTL cells as CD38" HLA-
DR* Ki-67* Bcl-2"°. In addition, this study established a strong correlation between the
levels of CD38* HLA-DR* CD8" T cells and the expression of gamma interferon (IFN-y)
by total CD8" T cells in response to YF virus-infected cells, and it demonstrated that
stimulation of CD8* T cells from YFV-vaccinated volunteers with a comprehensive pool
of peptides that span the YF virus polyprotein also induced IFN-y. Since un- related
memory CD8* T cells (such as those specific for chronic viruses like Epstein-Barr virus

[EBV] and cytomegalovirus [CMV] and therefore presumed to preexist at the time of

vaccination with YFV) were not found among the expanded cD8* T cell population, these
observations suggest that, at least in the case of YFV, the bystander effect is minimal,

and they also imply that the vast majority of TpAg clones observed after administration of

YF-17D are YF virus specific. Finally, those authors showed that Ag-specific cells could
be identified more than 30 days postvaccination, indicating that the YFV-specific effector
CD8* T cells had waned and also that a certain proportion of them had entered the
memory compartment (6). Subsequent work from the same group employed an array of
overlapping peptides that spanned the entire YF virus polyprotein to demonstrate that
vaccination with YFV induces a broad CD8" T cell response that targets several epitopes

in each of the 10 viral proteins (9). The use of tetramers carrying an immunodominant
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epitope from the nonstructural NS4b protein helped define the phenotypes of YFV-
specific CD8" T cells through the expansion, contraction, and memory phases of the
immune response, further confirming that CD38* HLA-DR* CD8* T cells dramatically
expand after YFV-17D administration and produce cytotoxic effector molecules (9).
Similar results were observed by Co et al., who identified YFV-specific proliferation and
cytolytic responses on day 14 postvaccination and isolated CD8* T cell lines that were
specific for epitopes from structural and nonstructural YF virus proteins, some of which
persisted for up to 19 months postvaccination (10). Again, follow-up data from a tetramer-
based approach showed that YFV-specific CD8* T cells could be identified as early as 7
to 9 days postvaccination, before IFN-y production was detectable, that memory cells
corresponded mostly to a differentiated effector phenotype (CD45RA- CCR7- CD62L"),
and that these peptide-specific responses lasted for at least 54 months (34). A more
recent study using a limited set of YF virus HLA-tetramer epitopes suggested that the
CD8* response to YFV is broad and complex and that responses to different epitopes
vary in magnitude and duration (12). Those authors also found that YFV-specific effector
CD8* T cells were CD45RAM CCR7- PD1* CD27" and that only some of these cells
transition to the T cell memory compartment, at which point they became CD45RA*

CCR7- PD1- CD27°(12).

In this study, we developed a complementary approach to study the dynamics of

the human effector and memory cD8" T cell repertoire upon acute viral infection. First,
we isolated total peripheral blood mononuclear cells (PBMCs) from volunteers who
received the YF-17D vaccine prevaccination (on day 0) and on days 14 and 90

postvaccination, and we used flow cytometry to sort a fraction of these samples into CD8*
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CD38" HLA-DR* activated, effector T cells on day 14 (i.e., at the peak of their abundance)
and into memory CD8* T cells on days 0 and 90. High- throughput sequencing of the
rearranged TCRp locus in each sample, combined with a computational method to
identify expanded T cell clones, allowed the characterization of individual, YFV-induced
CD8* T cell clones during the acute phase, to estimate the abundance of each of these
clones and to track them into the memory phase of the antiviral response. This synthesis
of flow cytometry sorting protocols and high-throughput sequencing enabled the
measurement of the T cell response to viral infection at an unprecedented resolution.
Finally, we show that our approach allows the identification of many YFV-induced CD8*
T cell clones by assessing clonal expansion directly from peripheral blood samples (i.e.,
without previous sorting of activated, effector, or memory CD8* T cells) and that a large
proportion of these clones overlap those identified through immunosequencing of the flow

cytometry-sorted activated, effector CD8* T cell population.

4.3 Materials and Methods

Vaccination and sample collection

Nine volunteers between the ages of 18 and 45 years consented under Fred
Hutchinson Cancer Research Center (FHCRC) and the University of Washington Vaccine
Research Clinic (UWVRC) IRB protocols to receive the yellow fever single-dose vaccine
YF-VAX (based on the YF-17D204 strain of the yellow fever virus [26]) and to have 200
ml of blood drawn at three different time points: immediately before vaccination (day 0),
2 weeks postvaccination (day 14), and 3 months postvaccination (day 90) (Table 1).

Written informed consent to use the blood samples in this study was obtained from each
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subject. The administration of the YF vaccine and all blood draws and were performed at

the UWVRC.

Cell sorting

All cell sorting was performed at FHCRC. Whole-blood samples (200 ml) were
collected and PBMCs were isolated by using Histopaque (Sigma-Aldrich, St. Louis, MO)
density gradient centrifugation. CD8* T cells were isolated from total PBMCs by magnetic
separation using CD8 MicroBeads and the autoMACs Pro separator (both from Miltenyl
Biotec, Auburn, CA), followed by staining with anti-CD3—Alexa Fluor 700, anti-CD8—
allophycocyanin  (APC)-H7, anti-CD38-phycoerythrin (PE), HLA-DR-fluorescein
isothiocyanate, anti-CD14—Pacific Blue, anti-CD19-V450, anti-CD45RO-PE Cy7, anti-
CD45RA-APC, anti-CD62L—peridinin chlorophyll protein-Cy5.5, and 4=,6-diamidino-2-
phenylindole (DAPI) (all obtained from BD BioSciences, San Jose, CA). T cell
subpopulations were sorted using the BD FACSAria Il system and FACSDiva v6.1.3
software (BD Biosciences). First, we gated on propidium iodide-negative (PIl) CD14-
CD19 to remove dead cells, monocytes, and B cells and then on CD3* CD8" to exclude
non-T cell lymphocytes and CD4* T cells. Finally, we isolated four different CD8* T cell
subsets: from the day O prevaccination samples we isolated CD3* CD8* CD14- CD19

CD45RA CD45RO* memory T cells (Tpg-g); from the day 14 postvaccination samples we

isolated CD3* CD8* CD14- CD19 CD38" HLA-DR™ Ag-experienced, activated effector T

cells (TAE-14); and from the day 90 postvaccination samples we isolated CD3* CD8*
CD14 CD19  CD45RA" CD45RO"* CD62L" effector memory T cells (TEpM-90) and CD3*

CD8* CD14- CD19- CD45RA- CD45R0O* CD62L" central memory T cells (Tcpm-90)- To
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avoid contamination, CD38* HLA-DR* cells were excluded from the effector memory and
central memory T cell populations. Day 90 samples from three of the volunteers had to

be discarded due to contamination.

DNA extraction and immunosequencing

Genomic DNA was purified from total PBMCs and each sorted T cell population
sample by using the QIAmp DNA blood minikit (Qiagen). For each sample, DNA was
extracted from ~1 million T cells, and the TCRp CDR3 regions were amplified and
sequenced using ImmunoSEQ (Adaptive Biotechnologies, Seattle, WA) as previously
described (35). In brief, bias-controlled V and J gene primers were used to amplify
rearranged V(D)J segments for high- throughput sequencing at ~20x coverage. After
correcting sequencing errors via a clustering algorithm, CDR3 segments were annotated
according to the International ImMunoGeneTics Collaboration (36, 37) to identify the V,
D, and J genes that contributed to each rearrangement. Sequences were classified as
nonproductive if it was determined that nontemplated insertions or deletions produced
frameshifts or premature stop codons. We used a mixture of synthetic TCR analogs in
each PCR to estimate the absolute template abundance (i.e., the number of cells bearing

each unique TCR sequence) from sequencing data, as previously described (38).

Identification of expanded and enriched effector T cell clones

Given two samples from the same subject (perhaps drawn at different time points
or under differing cell sorting conditions) we wish to identify which T cell clones have
significantly increased in relative abundance in the repertoire. Data from each sample

consists of abundance for each TCRp clone in the sample.
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Let the repertoire contain S distinct clones, and that their proportional abundances
at time points 1 and 2 be given by the multinomial vectors (" = { "y, My, ... | (1}
and @ = {m@q, m,, ..., m@s}, with ¥'5_, ni(j) = 1. Suppose that n clones have changed
in abundance between the two time points. Identify these clones with the n-element index
vector A.

We next assume that the aggregated proportional change of all truly changed

clone abundances is small, that is: ZieA(T[i(Z) — ni(l)) « 1. In this regime, each observed
clone can be independently tested for significance using a 2x2 contingency table. We

employ the Fisher exact test to compute a p-value for each clone across the two samples.

Specifically, suppose clone i is observed with abundance kl.(l) at time point 1 and kl.(z) at
time point 2. We compute a p-value for the 2x2 contingency table with these abundances
on one row, and the remaining abundances (for clones other than i) on the other. By
summing over hypergeometric probabilities for all more extreme contingency tables, the

Fisher exact test gives the p-value for the null hypothesis that the proportion of clone i in

W _ _@
;=

the repertoire is the same at both time points, to wit: ©
Let s represent the number of distinct clones observed across the two samples,
where in general s < S. Without loss of generality, indices 1 through s of the repertoire
clones are the observed clones. After performing the above analysis on each of the s
observed clones, we have a vector of p-values p = {p+, p2, ..., ps}.
To choose a rejection region (thereby identifying a set of significantly changed
clones) we use the positive false discovery rate (pFDR) method of Storey(39) The pFDR

is defined as the expected proportion of true null hypotheses among all rejected

hypothesis.
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pFDR(vy) = Pr (7?2(1) = 7T§2) ‘ pi < 'y)

o Pr (pi <% ) 7751) = 7TZ(2)>

Pr(p; <#)
oYY

Pr(p; <7)

The second equality follows from Bayes’ theorem with 1 the prior probability that a
hypothesis is null. The last equality follows from the definition of a p-value, if the p-values
themselves are regarded as independently and identically distributed random variables.

For each P value, Pj, the associated Q value, Q;, may be estimated; this is the
minimum pFDR that can occur when rejecting P values less than or equal to Pj. By

examining the number of significant tests at various Q value thresholds, an appropriate
threshold can be selected (see Fig. 1, below). Control of pFDR is preferred for control of
the familywise error rate (FWER), i.e., the probability of one or more false alternative
hypotheses. The latter (typically controlled by the Bonferroni method) is overly
conservative, as it fails to reject many false null hypotheses in order to attain any nontrivial
FWER. The pFDR, on the other hand, rejects these hypotheses at the cost of a specifiably

small proportion of rejected true null hypotheses.

The resulting set of significance tests allows the identification of T cell clones
whose frequencies are different in the two samples (i.e.,dynamic T cell clones). For
example, applying this algorithm to the comparison of total PBMCs isolated on day 14
postvaccination to activated CD8" T cells purified from the same sample identifies a set
of enriched, activated CD8" T cells that are expected to be YFV specific. In contrast, the

comparison of total PBMCs obtained from the same volunteer on day 0 (prevaccination)
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and on day 14 postvaccination identifies a set of putative YFV-reactive clones based on

clonal expansion.

4.4 Results

It is well established that effector CD8* T cells expand in response to an acute viral
infection (39). Expanded clones can either bind specifically to a pathogen-derived epitope
presented by a type | HLA molecule, or they can be induced to expand nonspecifically by
cytokines released by other cells, in a process known as the bystander effect (40). In the
case of the YFV model, which results in a self-limited, acute viral infection (16, 27) and
has thus been extensively used to characterize the human antiviral immune response,
activated effector CD8" T cells peak 2 weeks postvaccination (6, 10) and express a
particular set of phenotypic markers, including CD38, HLA-DR, Ki-67, and Bcl-2 (6). The
massive expansion of these activated, effector CD8* cells in response to vaccination with
YFV is specific, since these cells have been shown to produce cytokines in response to
stimulation with peptides from YF-17D proteins (9, 34), and existing memory CD8* T cells
specific for other viruses, such as CMV or EBV, do not contribute to the activated,

proliferating pool of CD8* T cells (6).

To further explore the dynamics of the T cell repertoire in response to an acute
viral infection, we administered a single dose of the live attenuated YFV YF-VAX, based
on the YF-17D204 strain of the YF virus (26), to nine healthy volunteers, none of whom
reported being previously exposed to the YF virus or having received a YFV. We drew
200 ml of peripheral blood from each subject on day 0 (immediately prior to vaccination)

and on days 14 and 90 postvaccination (Table 1). To identify CD8* T cells present in the

60



memory compartment prior to vaccination, we sorted a fraction of the total PBMCs
obtained from all 9 subjects on day 0 into CD8* memory T cells (Twm-o, defined as CD3*
CD8* CD14- CD19 CD45RA  CD45R0O*" cells [41]). Similarly, to characterize the activated
effector CD8" T cells induced by vaccination with YFV, we also sorted a fraction of the
total PBMCs obtained from all 9 subjects on day 14 postvaccination by selecting CD3*
CD8* CD14- CD19 CD38* HLA-DR* activated effector CD8* T cells (Tae-14) (6). Finally,
to determine which of these clones enter the memory compartment, we sorted PBMCs
obtained on day 90 from 6 of the subjects into effector memory (Tem-90) and central
memory (Tcm90) CD8* T cells (respectively, CD8* CD45RO* CD62L'° and CD8*
CD45RO* CD62L") (42). We were unable to characterize the Tem-90 and Tcwm-g0 cell
populations from the 3 other subjects because these samples had to be discarded due to

contamination.

To identify and quantify YFV-induced T cell clones, we extracted genomic DNA
from ~1 million T cells for either total PBMCs or sorted T cell populations (Table 1). Next,
we used PCR amplification and high-throughput sequencing to characterize the CDR3
regions of rearranged TCRp loci as previously described (35). TCRB sequences are
nearly unique for each clone, so that the data can be used to assess the dynamics of the
cellular adaptive immune response both over time and between T cell subpopulations.
Additionally, we determined the number of original templates corresponding to each PCR-
amplified clonal sequence by assessing the amplification of a set of synthetic tem- plates,

thus providing an estimate of the cellular abundance for each clone in each sample (38).

Identification of vaccine-induced clones
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To assess the dynamics of the YFV-induced CD8* T cell repertoire, we determined
whether each unique clone (defined by sequencing the CDRS3 region of the TCRf chain)
was enriched in the day 14 postvaccination, YFV-induced effector CD8* T cell

compartment (T, ,,), defined by the expression of CD38 and HLA-DR (6), in comparison

to the corresponding total PBMC sample from that time point from the same subject. To
do this, we developed a statistical method to identify clones that had significant
proportional abundance differences between two samples (see Materials and Methods)
(Fig. 1A). Our approach controls for the false-positive rate and takes into account

experimental errors that result in the presence of false positives in the YFV-induced T,
,.compartment (i.e., cells that do not have the indicated surface markers). This avoids

overstating the number of YFV-induced clones, which would result from a simple

enumeration of clones present in the T compartment, since it includes low levels of

AE-14
many clones that are no more frequent than in the corresponding total PBMC sample.
Instead, we considered a clone to be YFV induced if (i) it was significantly enriched in the

T,e.1, cOmpartment with respect to the corresponding total PBMC sample, and (ii) it

carried a productive TCRp rearrangement. Since the subjects who participated in this
study had not been previously exposed to either the YF virus or a YFV, we also took into
consideration whether each unique CD8* T cell clone identified was present in the day 0

prevaccination memory cell compartment (T,, ;). Based on these criteria, we classified T
cell clones into four categories, as follows: YFV-induced clones (i.e., enriched in the T,
1o compartment versus the day 14 postvaccination total PBMC sample from that individual

but absent in the corresponding T,, , compartment); cross-reacting or bystander clones
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(i.e., enrichedinthe T compartment versus the corresponding total PBMC sample but

AE-14

presentinT,, ), and those not enriched in the T compartment that were either present

AE-14

or absentin T, (Fig. 2).

For the nine subjects in the study, we detected on average 2,000 clones that were

enriched in the T compartment compared to the corresponding day 14

AE-14
postvaccination total PBMC sample from the same individual (2,135 + 770) (Table 2).
This number constitutes a direct estimate of the number of activated, effector CD8* T cell
clones that expand upon binding to HLA:YFV-derived epitope complexes in response to
vaccination with YF-17D. In addition, the vast majority of these clones (on average, 91.5%

[Table 2]) were absentin the T, , population and were thus clearly induced by vaccination

with YFV-17D.
Characterization of the recruitment of individual clones to immunological memory

Next, we determined which of the YFV- induced clones entered the long-term
central and effector memory compartments by analyzing samples obtained from six of the
subjects 90 days postvaccination (Table 1). Preliminary studies demonstrated that YFV-
induced CD8" Tae cells return to baseline levels 30 days postvaccination and suggest
that YFV Ag-specific cells that are detected beyond this time point correspond to memory
cells (6). Therefore, we tracked in the day 90 postvaccination samples YFV-induced

clones that were identified as enriched for the T compartment but that were absent

AE-14

from the T,, , compartment (i.e., the putative YFV-specific clones), to determine which

were contained in the effector memory compartment (T defined as CD3* CD8"

EM-90°
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CD14- CD19" CD45RA" CD45R0O* CD62L"), the central memory compartment (T, oo

defined as CD3* CD8* CD14- CD19- CD45RA- CD45R0O* CD62L"), or both. Figure 3A

and Table 3 show that 3.1% and 2.5% of YFV-induced clones absent in T,, , were

identified exclusively in the T orthe T compartments, respectively, while 6.7%

EM-90 CM-90
were identified in both. Moreover, we saw that the degree of expansion of a clone (defined
as the abundance of a clone in the day 14 postvaccination total PBMC sample for clones

absent in the day 0 prevaccination total PBMC sample) correlated with the efficiency of

its recruitment to the memory T cell compartment (Fig. 3B).

The YFV-induced clones that were newly recruited to the T or T

EM-90 CM-

scompartments represent 0.43% and 0.45% (as measured by unique clone counts), or
0.41% and 0.28% (as measured by template abundance) of the corresponding memory
compartment aggregated over all samples (Fig. 4A). While the number of templates per

unique CD8* T cell clone in the T compartment averaged 8.3, those in the T,

EM-90
scompartment averaged 2.8, indicating that YFV-induced clones recruited to the effector
memory compartment are more significantly expanded than those recruited to central

memory (Fig. 4B).

Finally, we were interested in determining whether expanded CD8* clones that are
recruited to the memory compartment possess any particular characteristics that
distinguish them from those that become activated upon vaccination but then wane. To
address this, we analyzed whether several indicators of specificity (such as CDR3 length
or V-J gene usage) correlated with the probability that a given CD8" T cell clone would

be recruited to memory. Although no simple indicator showed an association with
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recruitment to memory, we found that both the degree of expansion of a clone and the

specificity determined by effector sorting (i.e., the fold enrichment in the T,..,

compartment versus that in the corresponding total PBMC sample from day 14

postvaccination) were positively associated with recruitment.

Concordance between expansion in total PBMCs and enrichment in the activated effector

CD8* T cell compartment

In addition to the data presented above, our approach also allowed the
identification of activated, effector CD8* T cells that expanded massively in response to
YFV through the direct comparison of the unsorted, total PBMC samples obtained on
days 0 and 14 postvaccination. The statistical method described in detail in Materials and
Methods can be applied to the identification of T cell clones that have significantly
expanded in a day 14 postvaccination total PBMC sample, compared to the
corresponding total PBMC sample from the same individual collected prevaccination (Fig.
1B and 5). Among all the cells present in the day 14 postvaccination sample, we identified

a set that was highly expanded but that was not captured by the antiviral-specific T, .,

flow cytometry sort (i.e., CD38* HLA-DR* CD8* T cells from the day 14 postvaccination).
These clones likely corresponded to non-CD8" T cells that expressed the TCRp receptor
(such as CD4* T cells), but they could also belong to YF-induced CD8* T cells that
possess different surface markers than those previously reported by Miller et al. (6), or to

clonal expansions not induced by the vaccine.

Finally, to assess how well the expanded CD8" T cell clones detected in the total

PBMC population based only on immunosequencing (i.e., not sorting particular cell
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populations by flow cytometry) were in concordance with the previously identified T, ,,

clones (i.e., those identified statistically after flow cytometric sorting of CD38* HLA-DR*
CD8* T cells), we counted how many expanded CD8* T cells carrying productive
rearrangements identified in the total PBMC sample analysis were classified as YFV-
induced through the statistical analysis of the flow cytometry-sorted CD38" HLA-DR*
CD8" cell clones described above. Table 4 shows that a significant proportion of these
“putatively reactive” clones— between 25% and 95.2%, depending on the subject—were

present in the T compartment, suggesting they were induced by YF-17D. In

AE-14
aggregate, 62% of the putatively reactive clones identified as having expanded in the day
14 post- vaccination total PBMC sample (compared to the corresponding prevaccination
sample) could be classified as YFV induced. These data suggest that our approach has
the potential of identifying vaccine-specific responding clones through the
characterization of clones expanded in the total PBMC population using exclusively

immunosequencing.

4.5 Discussion

Using the power of high-throughput immunosequencing, we identified and tracked
YFV-induced activated, effector CD8" T cells as they clonally expanded and underwent
phenotypic modification in response to vaccination of human volunteers with the YF-17D
vaccine. Previous work using the YFV as a model for an acute, self-resolving viral
infection illustrated the general kinetics of the human antibody, CD4*-, and CD8*-based
antiviral immune response (6, 9, 10, 12, 16, 30—34). Although some of these studies used

either peptide pools or tetramer-based approaches to address the response to a limited

66



number of viral epitopes (6, 9, 33), or calculated the percentage of different immune
cellular compartments that represented clones induced by vaccination with YFV
(reviewed in reference 16), the clonal breadth and complexity of the response to a viral

infection has been beyond the reach of available methods.

In this study, we determined that an average of approximately 2,000 different CD8*
T cell clonal lineages are activated by vaccination with YFV during the acute phase of the
immune response and that about 12% of them can be detected in the long-term memory
compartment (including both central and effector memory CD8* T cells). It would be
interesting to determine if a similar number of CD8* T cell clonal lineages are induced by
other viral vaccines or by naturally occurring acute viral infections. We also observed that
clones that were most expanded on the total PBMC sample from day 14 postvaccination
were also more likely to enter the memory compartment 3 months postvaccination, in
agreement with previous data (12). Although we were unable to identify other defining
characteristics that differentiate CD8* T cell clones that expand in response to YFV
vaccination and are present in the memory compartment on day 90 postvaccination from
those that wane during that period, future studies will attempt to characterize these two
populations further, including their epitope specificity, since this would yield valuable
information that could guide the design of vaccines against other pathogens. Interestingly,
almost all of the clones that were markedly expanded in the total PBMC sample from day
14 postvaccination (compared to the corresponding day 0 prevaccination total PBMC
sample from the same individual) were classified as YFV-induced CD8" T cells by the
combination of flow cytometry and statistical analysis. In fact, we observed very few

clonally expanded T cells in the periphery that were not identified as YFV-induced clones,
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in agreement with previous reports showing that while CD8" T cells greatly expand in
response to vaccination with YFV, the CD4* expansion is much less dramatic (6, 30, 32,
33). It is important to consider that the sampling depth used in this study limits the
detection of bystander CD8" cells or of CD4* T cells that are only modestly expanded.
Thus, our current level of detection is likely not sufficient to distinguish CD4* T cell

expansion above the intrinsic system noise.

We did not observe a particular pattern of V(D)J gene usage among the expanded
CD8* T clone repertoire. This result partially agrees with those of a preliminary study of
V gene usage performed by Co et al. (34), which used a limited set of anti-human Vj
antibodies. Those authors did not observe a dominant Vp family that predominated
among the tetramer-specific CD8" T cells in two individuals vaccinated with YFV, but they
reported that although gene usage changed over time from the acute to the memory
phase, no particular V genes persisted between the acute and memory phases of the

antiviral response (34).

Finally, it is noteworthy that many of the CD8" T cell clones identified as expanded
through the comparison of the day 14 post- vaccination and the day 0 prevaccination total
PBMC samples were classified as likely YFV specific in our initial characterization of
clones enriched in the activated effector CD8* T cells versus the total PBMC sample on
day 14 postvaccination. Thus, our approach is capable of identifying a fraction of the
highly expanded CD8" T cells by immunosequencing of total PBMCs prior to infection or
vaccination and during the acute response (i.e., 10 to 14 days postvaccination), and our

method could be used to ascertain the establishment of long-term memory by sorting
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memory T cells a few months after infection (or later) and tracking the CD8" T cells
previously identified as being virus induced. Future experiments will address the epitope
specificity of the YFV-induced CD8* clones, by using, for example, tetramer technology

to purify clones that bind to previously identified immunodominant YFV epitopes.

A similar strategy could also be applicable to the evaluation of the B cell response
to vaccines and viral infections. In conclusion, immunosequencing can be used to
characterize the strength and breadth of the B and T cell responses induced by vaccines
and viral infections, and it has the potential to be utilized to evaluate novel vaccines in

terms of their potential ability to induce effective long- term protective immune responses.

4.6 Figures and Tables
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FIG 1 Selection of FDR thresholds. (A) Number of clones classified as YFV induced for various
FDR significance thresholds for all subjects. A threshold of 0.01 was selected. (B) Number of

clones classified as putatively reactive clones for various FDR significance thresholds for all
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subjects. A threshold of 0.05 was selected. Each subject is represented by a different tone of

gray, as indicated in the legend.
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FIG 2 Identification of YFV-induced clones. The graphs show the abundance of unique clones
identified by statistical enrichment on the activated effector CD38" HLA-DR® CD8" T cell
compartment on day 14 postvaccination (Tae-14) versus those present in the corresponding total
PBMC sample from the same time point for subject 1 (A) and for subjects 2 to 9 (B). Clones were

classified into four categories based both on their presence in the Tae1s and the T, .

compartments, as indicated in the legend. Red clones are present in the Tae-14 compartment,

70



whereas gray clones are not; while clones absent in the T , - compartment have a black edge and
those present in the T, - compartment do not. Darker colors indicate that multiple data points

have been superimposed in that particular position. Regions bound by dashed lines indicate
clones present in only one sample. YFV-induced clones were significantly enriched in the CD38"

HLA-DR* CD8" T cell-sorted population compared to the corresponding total PBMC sample.
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FIG 3 Recruitment of YFV-induced clones to immunological memory compartments. (A) Efficiency
of recruitment of YFV-induced clones to the effector (Tem" Tcm) and central (Tem Tem™) memory
compartments, or both (Tew” Tcw®), as a percentage of all clones classified as YFV induced. (B)
Efficiency of recruitment to the effector and central memory compartments (or both) for YFV-
induced clones absent from the day O prevaccination total PBMC samples, classified into
categories based on their abundance in the day 14 postvaccination total PBMC samples. Clones
with a higher degree of expansion are more efficiently recruited to the memory compartment. The
aggregated data for all subjects are shown; subject-wise source data can be found in Table Sl in

the supplemental material.
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FIG 4 Composition of the effector and central memory compartments on day 90 postvaccination.

(A) Proportion of YFV-induced clones newly recruited to the effector (Tew-e0) and central (T, ;)

memory compartments on day 90 postvaccination, computed both by clone and template counts.

(B) Number of templates per YFV-induced clone identified in the Temoo and T memory

CM-90
compartments. More templates per clone were observed in the Tem-90 compartment, indicating
that these clones were more highly expanded. The aggregated data for all subjects are shown;

subject-wise source data can be found in Table Sl in the supplemental material.
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FIG 5 Identification of YFV putatively reactive clones. The graphs show the abundance of unique
clones identified by statistical enrichment in the day 14 postvaccination total PBMC sample
compared to the prevaccination day 0 total PBMC sample from subject 1 (A) and for subjects 2
to 9 (B). Putatively reactive clones are enclosed by a blue box. Significant enrichment (or
expansion) was defined based on a q value threshold, with 1% and 5% expected false-positive
rates for YFV-induced and putatively reactive clones, respectively (see Materials and Methods).
Clones were classified into four categories based both on their presence in the Tag.14 and theTwu-

o compartments, as indicated in the legend. Darker colors indicate that multiple data points are
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superimposed in that particular position. Regions bound by dashed lines indicate clones present

in only one sample.

TABLE 1 Experimental design®

No. of subjects

analyzed on:
Surface markers used for Day Day Day
Cell population sorting 0 14 90®
Total PBMCs NA 9 9
YFV-induced effector =~ CD3™ CD8" CD14~ CD19~ 9
CD8™ T cells CD38" HLA-DR™
CD8" memoryTcells CD3” CD8" CD14~ CD19~ 9
(Taio) CD45RA™ CD45RO ™
CD8" effector memory CD3” CD8" CD14™ CDI19~ 6
T cells (Tgy.00) CD45RA™ CD45RO™
CD62L"
CD8" central memory CD3” CD8" CD14~ CD19~ 6
T cells (Tpp00) CD45RA™ CD45RO™
CD62L™

“Included are the cell populations studied, the surface markers used for sorting by flow
cytometry, the days the samples were collected (day 0 prevaccination and days 14 and
90 postvaccination), and the number of subjects analyzed in each group. NA, not
applicable.

® Day 90 samples from 3 subjects had to be discarded due to contamination.
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TABLE 2 Number of YFV-induced clones®

No. of YFV-induced clones in subject no.:
Presence or

absence in Ty, , 1 2 3 4 5 6 7 8 9 Avg Total (%)

+ 139 241 36 139 426 163 57 181 256 182 1,638 (8.5)
- 2,303 2,126 3,804 2,010 1,618 1,764 1,538 1,653 757 1,953 17,573 (91.5)

Total (% absent) 2,442 (94.3) 2,367 (89.8)  3,840(99.1)  2,149(935) 2,044 (79.2)  1927(91.5) 1,595 (96.4)  1,834(90.1)  1,013(747) 2,135 (91.5) 21,346 (82.3)

“ For each subjedt, the table shows the number of YFV-induced clones present (+) or absent (—) in the memory compartment on day 0 before vaccination (T, ), as well as the total number of YFV-induced clones identified and the
percentage of those that were absent from T, .. The last two columns correspond to the aggregated data (average, total, and percentage) from all 9 subjects.
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TABLE 3 Number of YFV-induced clones newly recruited to the Ty, o0
and Ty, 4, memory compartments®

No. of YFV-induced clones in

. . Total no. (%)
compartment in subject no.: .

Memory of clones in
compartment 2 4 5 7 8 9 compartment
CM™EM™ 37 59 63 33 19 29 240 (2.5)
CM™ EM™ 59 65 76 33 32 39 304 (3.1)
CM™ EM™ 107 92 162 151 76 63 651 (6.7)
CM EM~ 1,923 1,794 1,317 1,321 1,526 626 8,507 (87.7)
Total 2,126 2,010 1,618 1,321 1,653 757 9,702

“ For each subject, the table shows the number of YFV-induced clones newly recruited
to the T(.\s.90 and Tey.90 memory compartments (CM " EM "), Tv.90 only (CM
EM "), Tem.g0 only (CM ™ EM ™), or neither (CM ™~ EM ), as well as the total number
of clones. The last column corresponds to the aggregated data (total and percentage)
from the 6 subjects for whom the memory populations were studied.

TABLE 4 Concordance between clones identified as “putatively reactive” in the total PBMC sample and YFV-induced clones identified by their
presence in the activated, effector CD8" T cell compartment®

Presence. or No. of “putatively reactive” clonse in subject no.:

absence in Tpg 14

compartment 1 2 3 4 5 6 7 8 9 Avg Total (%)
+ 127 39 118 36 3 44 288 74 119 94.2 848 (62.2)

- 106 20 6 3 9 56 190 38 87 57.2 515 (37.8)

Total (% presentin 233 (54.5) 59 (66.1) 124(95.2) 39(92.3) 12(25.0) 100 (44.0) 478 (60.3) 112(66.1) 206 (57.8) 151.4 (62.4) 1,363 (62.2)
Tag-14)
“ For each subject, the table shows the number of “putatively reactive” clones identified in the total PBMC sample that were present (+) or absent (—) in the corresponding Tz 14

compartment, as well as the total number of putatively reactive clones for each subject and the percentage of them present in T,y 4. The last two columns correspond to the
aggregated data (average, total, and percentage) from all 9 subjects.

4.7 Supplementary Material
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Abundance
1 2-3 | 4-7 | 8-15 |16-31|32-63| >64
CM-EM- 14 346 | 385 | 231 | 67 17 6
CM'EM* 0 4 8 5 6 4 2
Subject 2
CM'EM* | 0 10 13 10 7 2 0
CM'EM- 0 16 18 | 20 15 4 1
CM EM- 7 328 | 304 | 190 | 53 11 2
CM'EM* 0 6 8 6 10 8 8
Subject 4
CM EM* 0 4 16 14 5 3 0
CM'EM- 0 16 | 24 18 3 2 1
CM EM- 9 172 | 186 | 114 | 46 10 0
CM'EM* 0 8 6 8 6 2 3
Subject 5
CM EM* 2 5 11 15 9 0 1
CM*EM- 1 21 28 | 21 16 5 2
CM EM- 1 131 | 168 | 274 | 277 | 99 | 76
CM*EM* | O 0 0 3 8 1 14
Subject 7
CMEM* | 0 0 2 4 9 6 8
CM'EM- | O 3 10 18 51 31 27
CM EM 11 227 | 219 | 133 | 61 17 7
CM'EM* | O 1 2 4 5 0 1
Subject 8
CMEM* | O 3 3 6 2 3 4
CM'EM- | 0 9 8 13 8 6 5
CM EM 1 74 98 88 42 28 11
CM'EM* | 0 1 2 4 2 8 11
Subject 9
CMEM* | O 1 3 6 5 5 8
CM'EM- | 0 4 9 9 14 9 10

Supplemental Table SI: Number of YFV-induced clones
absent on the T,,  compartment, classified based on their
recruitment to the T, , and T, , compartments as well as
the level of expansion, measured by their abundance on the

day 14 post-vaccination total PBMC samples.
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clone counts template counts
new YFV- | not YFV - new YFV-| not YFV -
induced induced induced induced
k= 96
3|2 34,584 668 173,024
2
2 5 144 39,683 245 119,443
T = 124 20,309 431 159,933
o | =
=
=
2 5 151 37,911 321 148,867
w | = 139 30,260 327 132,558
o | =
k-3
=
2 5 225 51,247 769 136,699
~ | = 66 27,295 117 171,953
8=
=
=
2 5 184 33,914 375 102,844
© | = 51 11,485 135 104,340
SRR
=
=
2 5 95 18,658 563 131,258
a| = 68 14,163 2818 119,083
o | =
=
=
& 5 92 27,776 251 93,823

Supplemental Table SII. Composition of the day 90

memory compartment. Shown are the number of new,

YFV-induced clones contributing to the TEM-9O an

memory compartmentss as compared to the

TCM-90

d

non-YFV-induced clones, counted both by number of

clones and by number of templates.
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5 CMV Infection in the Elderly Does Not Reduce Cytotoxic T cell

Repertoire Diversity

5.1 Abstract

With age, the immune system becomes less effective, causing increased susceptibility to
infection. Chronic cytomegalovirus (CMV) infection further impairs immune function and
is associated with increased mortality in the elderly. CMV exposure elicits massive CD8*
T cell clonal expansions and diminishes the cytotoxic T cell response to subsequent
infections, leading to the hypothesis that, in order to maintain homeostasis, clones are
expelled from the repertoire, reducing T cell repertoire diversity and diminishing the ability
to combat new infections in the CMV-seropositive elderly. However, the impact of CMV
infection on the structure and diversity of the underlying T cell repertoire remains
uncharacterized. Here we show that the T cell repertoire in the elderly grows to
accommodate CMV-driven clonal expansions while preserving its underlying diversity
and structure. Using T cell receptor 3 chain immunosequencing, we observed that the
proportion of the peripheral blood T cell repertoire occupied by the most frequent 0.1% of
clones is larger in the CMV seropositive across a wide range of ages. Furthermore, we
found that in elderly CMV+ individuals, the most frequent clonotypes are CMV specific
and comprised the majority of the CD8* memory T cell repertoire. We also discovered
that the structure and diversity of the naive T cell repertoire was similar in subjects with
and without CMV. Our observations suggest that a lifetime of CMV-driven T cell clonal

expansions does not compromise the underlying repertoire. Alternatively, we propose that
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the diminished immunity in elderly individuals with CMV is due to a decline in cellular

function rather than a reduction in cytotoxic T cell repertoire diversity.

5.2 Introduction

As we age, immune function declines, a phenomenon known as immunosenescence.
Large-scale changes in both the innate and adaptive immune system enhance
susceptibility to infections and diminish responsiveness to vaccines, leading to increased
morbidity and mortality (1-4). Many of these changes are exacerbated by pathogens that
lead to chronic or persistent infections like cytomegalovirus (CMV) (4-6). CMV is a widely
prevalent Herpesvirus that causes latent infections with phases of subclinical reactivation.
In the elderly, CMV seropositivity has been classified as an immune risk phenotype (7),
and directly linked with increased mortality (8).

Over time, massive CMV-driven CD8* T cell clonal expansions are thought to
compound a decline in immune function (9, 10). CMV-specific memory T cells terminally
differentiate into T Effector Memory cells expressing CD45RA (Temra), wWhich have limited
proliferative potential and resistance to apoptosis (5, 11). These cells possess a late-
differentiated antigen-experienced phenotype that does not undergo replicative
senescence due to repeated stimulation (5, 12). The accumulation of apoptosis-resistant
Temra clones in the CMV seropositive elderly is believed to compromise T cell repertoire
diversity (13-15).

T cell repertoire diversity is defined as the number, frequency and distribution of
clones within the T cell repertoire, and its reduction has been shown to decrease the
breadth of the immune response against a wide spectrum of epitopes (16, 17). In CMV,

massive CD8* T cell clonal expansions are thought to result in the expulsion of T cell
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clones from the repertoire, thus reducing overall diversity (4, 16). This loss of T cell
clones, combined with an age-related decline in polyfunctional T cell responses suggest
a mechanism for the increased mortality observed amongst the CMV seropositive elderly
(2, 15, 18). However, itis important to note that previous methods -including V-J tracking
and spectratyping- lacked the sensitivity and specificity to interrogate the underlying T
cell repertoire in CMV (9, 16, 19-21). To gain insights into the nature of the entire cytotoxic
CD8* T cell repertoire in the natural setting of immune aging and chronic stimulation by
CMV, we combine flow cytometry and immunosequencing of the TCRp chain of the TCR
receptor as a measure of the diversity of the T cell repertoire.

To characterize the effects of aging and CMV on the T cell repertoire, we surveyed
millions of T cell clones across a broad age range and observed that a handful of clones
dominate the repertoire in CMV seropositive aging individuals. When we specifically
examined the CD8* T cell repertoires of CMV seropositive elderly, we found that the most
frequent 0.1% of peripheral blood clones comprise the majority of classical antigen-
experienced CD45R0O* memory T cells and CD45RA-revertant Temra compartments. We
were able to examine in detail the impact of CMV on the structure of the underlying
repertoire of these elderly individuals and failed to find evidence of compromised
repertoire diversity in the presence of CMV-induced clonal expansions. Overall, our data
suggests that the space occupied by CMV-specific clones grows considerably in the CMV
seropositive elderly without affecting the rest of the repertoire, and that the repertoire

broadens to accommodate these large clonal expansions.

5.3 Material and Methods
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Experimental cohort and study approval

For the survey cohort of 553 donors, peripheral blood samples were obtained from the
Fred Hutchinson Cancer Research Center Research Cell Bank biorepository of healthy
bone marrow donors. These samples were HLA-typed and tested for CMV serostatus.
For the aged cohort of 8 donors, fresh peripheral blood samples were obtained from the
Fred Hutchinson Cancer Research Center Prevention Center. The complete blood count
(CBC), HLA type and CMV and EBV serostatus were obtained for each sample. For both
cohorts, donor protocols were approved and supervised by the Fred Hutchinson Cancer

Research Center Institutional Review Board.

Cell sorting

Cells were kept at 4°C throughout the entire process of enrichment, labeling and sorting.
CD3* T cells were enriched from peripheral blood mononuclear cells by immunomagnetic
selection using CD3 MicroBeads (Miltenyl Biotec, Auburn, CA). Cells were stained in the
dark for 15 minutes with the following anti-human antibodies: CD45R0O PE-Cy7 (BD
Biosciences, San Jose, CA), CD3 AlexaFluor700 (BD Biosciences, San Jose, CA),
CD62L-PE (BD Biosciences, San Jose, CA), CD45RA-APC (BD Biosciences, San Jose,
CA), CD8-Pacific Blue (BD Biosciences, San Jose, CA), CD4 APC-Cy7 (BD Biosciences,
San Jose, CA) and LIVE/DEAD Aqua fluorescent reactive dye (Invitrogen, Grand Island,
NY). CD8* T cell subsets were isolated using the BD FACSAria cell-sorting system (BD
Biosciences), including CD8" CD45RA- CD45RO" (for CD8* Memory), CD8* CD45RA*

CD45R0O" CD62L" (CD8* naive), and CD8" CD45RA* CD45R0O" CD62L"° (CD8* Tewmra).
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FlowJo (TreeStar Inc, Ashland, OR) analysis was used to determine the proportions of

the different subsets as a fraction of total CD8* T cells.

Immunosequencing

For the survey cohort, genomic DNA was extracted from peripheral blood samples using
the Qiagen DNeasy Blood Extraction kit (Qiagen). An average of 2.5 ug of input DNA
was used for each sample. For the aged cohort, total genomic DNA was extracted from
sorted T cells using the QlAamp DNA Blood Mini Kit (Qiagen). At least 3.2 ug of input
DNA was used for sequencing each population. For all samples, the CDR3 region of the
rearranged TCRp locus, defined according to IMGT, was amplified and sequenced using
previously described protocols (22). Raw sequence data were preprocessed to remove
errors in the primary sequence of each read, and to compress the data. A nearest-
neighbor algorithm was used to collapse the data into unique sequences in order to

remove PCR and sequencing errors.

CMV stimulation

RV798 CMV-infected fibroblasts (23) from subjects 4 and 5 were used to stimulate
autologous sort-purified CD8*CD45RA-CD45R0O" memory and CD8*CD45RA*CD45R0O"
CD62L'" Temra cells. CMV-reactive T cells from each stimulated CD8* T cell subset were
sorted as CD8*CD137" events (24). Memory and Temra CD8" T cells stimulated with

uninfected fibroblasts were used as a negative control for CD137 expression.

Repertoire diversity and clonality metrics
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The Shannon entropy or diversity (H) is an index that combines measurements of species
richness and abundance. For a sample with richness S and clone-wise population

fractions given by 14,1 2,...,TTs, the Shannon diversity is defined the entropy of the clone-

S
H = —Zm log ;.
i=1

wise abundance distribution. The Shannon entropy favors neither rare nor dominant
clones disproportionately because each clone is weighted by its frequency in the sample.
Clonality describes the degree to which expanded clones dominate the repertoire. The
Shannon equitability (Ex) is defined as En = H / Ho, where Ho is the maximum entropy,
Ho =log N. Clonality is defined as (1 — En) with larger values indicating more oligoclonal

repertoires.

5.4 Results

CMV Exacerbates Large Clonal Expansions with Age

To survey the impact of age and chronic CMV infection on the accumulation of high-
frequency T cell clones, we examined productively rearranged TCRB3 DNA sequences
from a previous study of 553 healthy CMV seropositive (CMV*) and CMV seronegative
(CMV") subjects (see Methods, Table S1). Consistent with previous studies showing
that repeated CMV stimulation induces large T cell clonal expansions (25, 26), we found
that the most frequent 0.1% of clonotypes (~200) comprised a much greater proportion
of the T cell repertoire in CMV" individuals across age groups (Fig. 1). In addition, we
observed a gradual increase in the proportion of the repertoire dedicated to these high-

frequency clonotypes with age. Ultimately, we found that, on average, the most frequent
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0.1% of clonotypes in the oldest age group constituted nearly 30% of the peripheral blood

cell repertoire in CMV* subjects.

Large Clones Dominate the Memory Repertoires of the Elderly

To further investigate the effect of large clonal expansions on the T cell repertoire of the
elderly, we recruited 5 CMV* and 3 CMV- subjects between the ages of 70 and 74. We
then isolated PBMCs, as well CD4*, CD8" naive, CD8" memory and CD8"* Temra T cell
subsets and examined rearranged TCRB DNA sequences in these samples (see
Methods, Table S2). As with the larger cohort, we observed that the most frequent 0.1%
of clonotypes occupied a larger fraction of the peripheral blood T cell repertoire in CMV*
subjects (fig. S1). We then searched the different T cell subsets to determine the
distribution of the most frequent 0.1% of PBMC clonotypes in the repertoire. In order to
minimize the effect of contamination during sorting, we bioinformatically removed from
the naive repertoire high-frequency PBMC clonotypes that were also present in memory
and Tewra samples from the same subject. Between 63 and 115 clonotypes were
removed from the naive repertoire of the different subjects. Unexpectedly, the fraction of
the naive repertoire occupied by these clonotypes did not positively correlate with the
purity of the sort (fig. S2A, B). This observation could be accounted for by our use of
CD62L as opposed to CCR7 to divide the T cell subsets; however, CD62L was chosen
because CMV-reactive clones are mostly CD62L". We found that the vast majority of the
most frequent 0.1% of PBMC clonotypes resided in the CD4*, CD8* memory and CD8*
Temra repertoires (Fig. 2A). Furthermore, 36.3% to 85.1% of these large PBMC

clonotypes resided in both CD4* and CD8* T cell populations. When we compared CMV*
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and CMV- subjects, we observed that the most frequent PBMC clonotypes were similarly
distributed amongst the different T cell subsets. In addition, as a proportion, these high-
frequency PBMC clonotypes constituted the majority of the memory and Tevra repertoires
in CMV* individuals (Fig. 2B). These results are consistent with previous studies
demonstrating that CMV-fueled clonal expansions occur within the memory subsets, and

especially in the Temra subset (27, 28).

High-frequency Clonotypes are CMV-Reactive

To determine the proportion of the memory and Tewmra repertoires devoted to CMV, we
isolated skin fibroblasts derived from CMV™ subjects 4 and 5 and infected them with CMV
(see Methods). Aliquots of memory and Temra cells were then stimulated with these
fibroblasts and activated T cells were sorted and sequenced. When we examined the
frequency of CMV reactive clonotypes in each subject, we observed that, in both memory
and Temra subsets, the highest frequency clonotypes were CMV-reactive (Fig. 3A, B).
The majority of these high-frequency CMV-reactive clonotypes were present in both the
memory and Temra subsets. Some clonotypes identified as CMV-reactive in the memory
subset were found in the CD137- Temra population confirming that Temra cells contain
CMV-reactive clones with limited proliferative potential and resistance to apoptosis (29)
(Fig. 3B). Therefore, we combined CD137* memory and CD137* Temra clonotypes to
determine the proportion of PBMC, memory and Temra subsets allocated to CMV (Fig.
3C). We found that, in the two subjects studied in this manner, the ten most frequent
CMV-reactive memory clonotypes comprised 34.4% and 45.9% of the memory repertoire,

while the ten largest CMV-reactive Temra clonotypes made up 82.8% and 62.3% of the
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Temra repertoire. We also observed that the proportion of the peripheral blood repertoire
dedicated to CMV is very similar to the proportion of the repertoire occupied by the most
frequent 0.1% of T cell clonotypes. Notably, 37.4% and 42.0% of the most frequent 0.1%
of peripheral blood clonotypes were found to be CMV-reactive in each of the subjects.
However, as a proportion, CMV-reactive clonotypes accounted for 75.4% and 78.0% of
this subpopulation of high-frequency peripheral blood clonotypes. Together, these results
demonstrate that the highest-frequency clonotypes in the peripheral blood T cell

repertoire are CMV-reactive, and that they reside in the memory and Temra subsets.

CMV Does Not Reduce Naive Repertoire Diversity

Considering that a significant proportion of the repertoire is dedicated to CMV, we next
sought to determine the effect of these high-frequency clonotypes on the underlying T
cell repertoire. We calculated the Shannon diversity and clonality metrics for each T cell
subset under study (see Methods, Fig. 4A, B). In order to remove the possible
confounding effect of the purity of the cell sort, we removed all memory and Temra TCRf3
sequences found in the most frequent 0.1% of PBMC clonotypes from the naive
repertoires of each participant. As expected, we observed that the CD4*, CD8" naive
and PBMC repertoires of all subjects are significantly more diverse as compared to the
memory and Temra subsets from the same individuals. In addition, we found that the
PBMC, memory and Temra repertoires of CMV* individuals appear to be less diverse and
more clonal than those of CMV- subjects. Significantly, we could not detect a difference
in the diversity of the naive repertoires based on CMV serostatus (Fig. 4A). To determine

whether CMV altered the structural characteristics of the naive repertoire, we examined
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the distribution of low-frequency clonotypes in the naive repertoires of each subject. We
found nearly identical clone frequency distributions between CMV* and CMV-individuals
(Fig. 4C). Although naive T cells make up a smaller fraction of the total CD8* T cell
population in CMV* subjects (Table S2), the overall structure of their repertoire appears

to remain unmodified.

The CD8" Repertoire Expands to Accommodate Large Clones

To assess whether the differences in PBMC, memory and Temra repertoire diversities
were the result of large CMV driven clonal expansions, we removed the most frequent
0.1% of PBMC clonotypes from the PBMC, memory and Temra repertoires of each
subject. When we recalculated the Shannon diversity index, we found that the PBMC
and memory repertoire diversities were indistinguishable based on CMV serostatus (Fig.
5A). In contrast, the Temra repertoire in 3/5 CMV* subjects remained less diverse
compared to CMV seronegative individuals. Nevertheless, removing the largest
clonotypes increased repertoire diversity in all subjects suggesting that large clonal
expansions do not dramatically affect the composition of the rest of the repertoire.

In order to reconcile the observation that very high frequency CMV-reactive
clonotypes dominate the repertoire of elderly, CMV* subjects without altering its
underlying diversity and structure, we obtained diagnostic-quality T cell counts from 6 of
the subjects in this study. We then used relative frequencies of CD8* T cell subsets
obtained using flow cytometry to calculate the number of cells present in each subset
(Fig. 5B). Interestingly, we observed that the CD8* T cell repertoire broadens to

accommodate large, CMV-fueled clonal expansions. This observation contrasts with
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conclusions from previous studies suggesting that large clonal expansions expel smaller
clones from the repertoire in order to maintain homeostasis. Instead, our data suggests
that the number of cells in the T cell repertoire increases over the lifespan of a subject in
order to accommodate new antigen exposures as well as the continued expansion of

high-frequency clonotypes that react to chronic viral infections.

5.5 Discussion

In this study, we define the effect of CMV on the diversity and clonal structure of the aging
immune system. Over time, repeated stimulation with latent CMV antigens leads to the
accumulation of large CMV-specific clones in the circulating T cell repertoire (4, 16).
Consistent with previous studies, we found that the proportion of the repertoire occupied
by the most frequent 0.1% of clones in PBMCs dramatically increases with age in CMV
seropositive individuals. This demonstrates the substantial burden that CMV infection
places on the aging adaptive immune.

To explore the influence of CMV on the structure of the T cell repertoire in greater
detail, we examined rearranged TCRP DNA sequences derived from the CD8" T cell
subsets implicated in suppressing CMV reactivation in a group of elderly CMV* and CMV-
subjects. We found that the most frequent 0.1% of peripheral blood clones occupy a
significant proportion of the memory and Temra subsets in the CMV™* elderly, which is
consistent with a previous study by Paul Moss’ group (28). Although we observed the
greatest clonal expansions in the memory and Tewra Subsets, many clonotypes were
shared between the CD4" and CD8" lineages. Nevertheless, these clonotypes were

found at much lower frequencies in the CD4* T cell population, further demonstrating that
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a significant portion of the entire T cell repertoire is dedicated to CMV in elderly CMV*
subjects.

Given that a significant proportion of the memory and Tewra repertoires were
composed of high-frequency clones in the CMV™ elderly, we next sought to determine
whether these clones were CMV reactive. Thus, we determined the proportion of the
memory and Tewmra repertoire that is dedicated to CMV in two elderly subjects (25, 26).
We found that, in both subjects, the highest frequency CMV-reactive clonotypes were
shared among antigen-experienced T cell subsets. Significantly, we observed that some
of the highest frequency shared clones in the Temra subset were unresponsive to CMV.
Our results confirm previous reports that Temra cells are not clonally deleted upon
replicative senescence (30). Importantly, we found that the highest-frequency clones in
the peripheral blood repertoire are CMV-reactive. We suspect that some of the remaining
high-frequency clonotypes that are not CMV-specific could recognize Epstein Barr virus
(EBV), given that all participants were EBV seropositive. Nevertheless, our results
demonstrate that CMV-reactive T cell clones expand to dominate the overall T cell
repertoire.

Previous studies have suggested that naive T cell clones are eradicated from the
repertoire in order to accommodate the large clonal expansions observed in the CMV
seropositive elderly. However, we found no difference in the diversity of the naive T cell
repertoire or in the distribution of low-frequency clonotypes in the naive repertoire based
on CMV serostatus. Our observations suggest that, from the standpoint of the CD8*
repertoire, CMV-driven clones expand without altering the rest of the repertoire (Fig. 5 C,

D, E). Given our depth of sampling, the fact that we could not detect a compensatory
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shrinking of the repertoire in the presence of CMV-induced expansions implies that this
phenomenon occurs either rarely or not at all. Nevertheless, when we bioinformatically
removed the most frequent 0.1% of peripheral blood clones from the PBMC, memory and
Temra repertoires, we observed an increase in diversity, and in fact the diversity of these
modified repertoires was highly similar to that observed in the repertoires of CMV-
subjects. This suggests that the expansion of high-frequency, shared memory and Temra
clones may be a general phenomenon of aging in the context of a latent viral infection.
In support of this claim, we observed that the total number of T cells in each CD8" T cell
subset is increased in CMV™ individuals. Altogether, these results demonstrate that the
T cell repertoire grows to accommodate the increased clonal expansions due to CMV.
Although CMV infection alters the T cell repertoire across a variety of ages, CMV
is not associated with increased mortality until the late stages of life. We note that while
our inferences are based on a few participants, the differences in repertoire structure
based on CMV status in the elderly are quite unremarkable. Thus, our observations merit
further research into the cellular mechanisms of chronic immune responses that

perpetuate immunosenescence.

5.6 Figures and Tables

92



CMV Status
0.7 saCMV(+)
CMV(-)
L]
0.6
L]
n H
g 0.5
o
S 0.4 .
&
—
c
Re]
5 0.3
[oR
o
a.
0.2
0.1
0.0
0-18 19-30 31-40 41-50 51-60 61-74

Age Range (years)

Fig.1. Impact of CMV on the proportion of high-frequency clonotypes with age. Boxplot
comparing the proportion of the most frequent 0.1% of clonotypes in the peripheral blood T cell
repertoire of CMV* (blue) and CMV" (orange) subjects. TCRp chain sequencing was performed
on the PBMCs of 553 subjects across a wide range of ages. Clonotypes with productive TCRp
rearrangements were ranked based on frequency. The cumulative abundance of the most
frequent 0.1% of clonotypes was divided by the total sample abundance to yield a proportion. The
band inside each box represents the median and the whiskers extend to values that are within

1.5 * interquartile range. Outliers are represented by dots.
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Fig. 2. Distribution of high-frequency PBMC clonotypes in the elderly. (A) Scatterplot
comparing the fraction of the most frequent 0.1% of PBMC clonotypes found in each sorted T cell
subset in CMV"* (blue) and CMV" (orange) subjects. TCRp sequencing was performed on the
PBMCs and T cell subsets of 8 subjects greater than 70 years old. Clonotypes in the PBMC
sample with productive TCRp rearrangements were ranked based on frequency. The fraction of
the most frequent 0.1% of PMBC clonotypes present in each T cell subset is depicted. (B)
Comparison of the proportion of each sorted T cell subset composed of the most frequent 0.1%
of PBMC clonotypes in CMV* and CMV" subjects. The cumulative abundance of the most
frequent 0.1% of PBMC clonotypes present in each T cell subset was divided by the total
abundance of each subset to yield a proportion. High-frequency PBMC clonotypes found in both
naive and memory samples were bioinformatically removed from the naive repertoire. CD4, Bulk
CD4" T cells; CD8 Naive, CD8" naive T cells; CD8 Memory, CD8" central and effector Memory T

cells; CD8 Temra, CD8" memory T cells expressing CD45RA.
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Figure. 3. Identification of CMV-reactive T cell clonotypes in the elderly. (A, B) Scatterplot

comparing clonotype frequencies in CMV-stimulated CD137" and resting memory (A) or Tevra
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(B) subsets from CMV" subjects 4 and 5. CD45RO" memory and CD45RA" Temra T cells were
sorted and stimulated with autologous CMV infected fibroblasts for 24 hours. CD137* T cells
were then sorted and TCRp was performed. The frequency of productive TCRf sequences from
unstimulated memory and Tewra Samples are plotted against the frequency productive TCRp
sequences from the corresponding CD137" sample. Each point represents clonotype. Points
along the axis represent clonotypes present in one sample. Points colored blue in (A) represent
clonotypes also present in the CD137" Tewra sample and in (B) represent clonotypes also present
in the CD137" memory T cell sample. Logarithmic scale, base-10. (C) Comparison of the fraction
of each T cell subset as unique rearrangements (pink) or reads (green) composed of CD137*
CMV-reactive clonotypes. Memory and Temra CD137" TCRpB sequences were combined to
capture all CMV-reactive clonotypes. Unstimulated PBMC, memory and Temra Samples were
then searched for these sequences. Pink represents the fraction of unique CMV-reactive
clonotypes found in each unstimulated sample. Green represents the cumulative abundance
CMV-reactive clonotypes found in each unstimulated sample divided by the total abundance of
the sample. Memory, CD8" central and effector memory; Temra, CD8" memory T cells

expressing CD45RA.
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Fig. 4. Effect of CMV on the underlying T cell repertoire. (A, B) Scatterplot comparing the
Shannon entropy (A) or clonality (B) of each T cell subset in CMV* (blue) and CMV" (orange)
subjects. The most frequent 0.1% of PBMC clonotypes found in both naive and memory samples
were bioinformatically removed from naive T cell entropy and clonality calculations. (C)
Histogram comparing the frequency distribution of naive T cell clonotypes in CMV* and CMV-
subjects. Each bar represents the total number of unique clonotypes present at a particular

frequency. Naive T cell clonotypes with frequencies greater than 10 were removed. Logarithmic

scale, base-10.
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Figure. 5. Accommodation of high-frequency clonotypes in the repertoire. (A) Scatterplot
comparing the Shannon entropy in CMV* (blue) and CMV" (orange) subjects after bioinformatic
removal of the most frequent 0.1% of PBMC clonotypes from each T cell subset. PBMC
clonotypes were ranked based on frequency and the most frequent 0.1% were selected. These
clonotypes were then removed from each sample and Shannon entropy values were recalculated.
Memory, CD8" central and effector memory; Temra, CD8" memory T cells expressing CD45RA.
(B) Stacked bar chart comparing the total number of T cells in each subset in 4 CMV* and 2 CMV-
subjects. Clinical CD8" T cell counts were performed on blood samples from 6/8 study subjects.
Naive T cells, light grey; Memory T cells, medium grey; Temra cells, dark grey. (C, D, E) A model

of the T cell repertoire with subordinate clonotypes (orange) and CMV-reactive clonotypes (blue)
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depicting the potential impact of CMV infection in (C) T cell repertoire at baseline prior to CMV
exposure. All clonotypes share similar frequency distributions. (D, E) T cell repertoire after CMV
exposure with massive clonal expansions that supplant low frequency naive T cell clonotypes
from the repertoire (D) or that does not modify the underlying naive T cell repertoire (E). Sphere

size corresponds to clone frequency.

5.7 Supplementary Information
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Fig. S1. High-frequency clonotypes in 8 elderly subjects. Scatterplot comparing the
proportion of the most frequent 0.1% of clonotypes in the peripheral blood repertoires of 5 CMV*

(blue) and 3 CMV" (orange) elderly subjects. PBMC clonotypes were ranked based on frequency.
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The cumulative abundance of the most frequent 0.1% of clonotypes was divided by the total

sample abundance to yield a proportion.
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Fig. S2. High-frequency clonotype contamination in the naive repertoire. Comparison of the
most frequent 0.1% of PBMC clonotypes found in naive T cell samples versus naive T cell sort
purity. For each subject, the most frequent 0.1% of PBMC rearrangements found in the naive
repertoire are expressed (A) as a fraction of the total naive repertoire rearrangements or (B) as
a proportion of the total frequency of all clonotypes in the naive repertoire. PBMC clonotypes
were ranked based on frequency. The corresponding naive T cell sample was then searched for
TCRP sequences matching the most frequent 0.1% of PMBC clonotypes. In (A) the fraction of
unique naive clonotypes matching the most frequent 0.1% of PMBC clonotypes is divided by the
total number of unique clonotypes in the naive T cell sample. In (B) the cumulative abundance
of naive clonotypes matching the most frequent 0.1% of PMBC clonotypes is divided by the total

abundance of the naive T cell sample.

Age Group CMV(+4) CMV(-) Total

0-18 13 30 43
19-30 36 54 90
31-40 26 84 140
41-50 78 7 155
51-60 92 41 93
61-74 23 9 32

Table S1. Number of subjects in each age group used in Fig. 1. Breakdown of the number of

CMV™ and CMV donors in each age group. In total 553 subjects were examined.
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CD8 Fraction (%) Total Reads (10°) Total Rearrangements (10%)

Sample CMV  Age Naive Memory Tgyra PBMC Naive Memory Tgyra PBMC Naive Memory Tguygra

1 () 71 40.78 42.12 17.00 10.42 5.93 9.74 3.21 17.18  21.73 6.11 1.56
2 (-) 70 55.46 32.42 12.10 13.27 9.47 12.90 0.57 11.28  25.28 1.33 1.47
3 (-) 72 29.40 61.40 9.17 14.02  16.09 13.04 19.46 14.59  22.05 3.57 4.60
4 (+) 71 23.31 51.32 25.40 6.12 3.01 717 10.75 13.61 9.68 3.68 0.90
5 (+) 73 19.60 57.65 22.80 9.45 3.67 8.19 13.10 18.16 7.63 2.62 0.33
6 (+) 73 25.21 61.12 13.70 7.21 7.03 15.08 17.12 12.05  23.89 2.42 2.22
7 (+) 70 18.11 45.12 36.80 7.36  10.41 15.16 16.70 771 22.84 2.72 3.52
8 (+) 74 33.01 41.80 25.20 321 1254 9.52 5.04 9.93 26.21 2.68 1.26

Table S2. Characteristics of 8 elderly study subjects. Age, CMV status, sort purity and a
summary of the immunosequencing data for each of the 8 elderly study subjects. The fraction of
each CD8" subset was determined using flow cytometry. Only productively rearranged nucleotide

sequences are counted in total rearrangements and sequencing reads for each subject.
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6 Conclusion

6.1 Summary

Understanding the components of an effective immune response is central to the
development of vaccines as well as treatments for cancer and autoimmunity. The ability
to sequence millions of B and T cells has allowed us to probe the relationship between
adaptive immune function and repertoire diversity. In this thesis, | addressed the diversity
of the B cell receptor repertoire in healthy adults and the effector T cell repertoire in
response to an acute viral infection. | also assessed the impact of chronic CMV infection
on the diversity of the underlying T cell repertoire in the elderly. Overall, the work
presented in this thesis highlights the extent to which a diverse immune repertoire effects
immune function.

My thesis first addresses the diversity of the naive and memory B cell repertoire in
healthy adults. By developing a multi-replicate sequencing method to approximate digital
cell counts, we were able to estimate that the B cell repertoire is composed of 1x10°
unique naive B cell clones and 1x108 unique memory B cell clones. This diversity
estimate suggests that the nearly each naive B cell in circulation is a unique clonotype.
Furthermore, we created a public database containing 3.7x107 unique BCR sequences
with a suite of analytical tools to characterize V gene usage patterns and SHM motifs.

My work goes on to examine the diversity of the effector CD8" T cell repertoire in
response to an acute viral infection using YFV vaccination. In this study, we integrated
experimental and computational techniques to identify the number of effector T cell clones
responding to the virus at the peak of the immune response. We observed that

approximately 2000 unique T cell clones respond to vaccination but only 12% form stable
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memory T cells after the immune response has concluded. We went on to show that
effector clonotype frequency at the peak of the antiviral immune response correlated with
recruitment to the memory population.

My work concludes by examining the diversity of the underlying CD8" T cell
repertoire in elderly individuals with chronic CMV infection. In this study, we tested the
hypothesis that CMV driven clonal expansions result in a contraction of the naive T cell
repertoire. We observed that diversity and structure of the underlying naive T cell
repertoire is similar between the CMV seropositive and seronegative elderly. We also
found that the T cell repertoire expanded to accommodate large clones in individuals with
CMV. Together these results suggest that compromised immune function in the CMV
seropositive elderly is not the result of a reduction in naive T cell repertoire diversity.

This thesis furthers our understanding of the link between B and T cell repertoire

diversity and adaptive immunity.

6.2 Discussion and Future Directions

Repertoire diversity and pathogen exposure

Both B and T cell repertoires are highly diverse each containing at least 1x108 unique
clones. Given this upper-bound on diversity and our results that ~2,000 clonotypes
respond to YFV vaccination, the adaptive immune system has the capacity to recognize
approximately 50,000 different pathogens at any particular time. However, there are at
most a few thousand pathogens capable of infecting humans. Some insights into this
discrepancy come from studies examining immunodominant antigens, which

demonstrated that high avidity TCRs clear infections more efficiently. A more diverse
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immune repertoire could increase the probability that a high avidity/affinity antigen
receptor is incorporated into the adaptive immune response. In this case, measuring the
global diversity of the immune repertoire is unlikely to correlate with immunological
fitness. New techniques will be needed to determine the diversity of high avidity/affinity
antigen receptors in the repertoire. | believe that the combination of structural biology

and machine learning will dramatically enhance our ability to identify these receptors.

Identifying antigen-specific T cells

Presently, three distinct techniques are used to identify antigen-specific T cells. In the
YFV study, we sorted and sequenced effector CD8* T cells previously identified to react
to vaccination and developed a statistical method to detect clonal expansions. We
reasoned that most clonally expanded effector T cells were likely to be specific for YFV
antigens. In the CMV study, we stimulated T cells in vitro with fibroblasts infected with
CMV. By sorting and sequencing activated T cells after stimulation, we were able to
identify CMV-reactive clones. A third method not utilized in this work is peptide-MHC
tetramer sorting followed by sequencing. This technique allows the isolation of T cells
clones that recognize a particular cognate peptide antigen. However, T cell clones not
specific to this antigen are also isolated by all of these techniques. More accurate
methods to isolate and identify antigen-specific T cell clones need to be developed. Given
the biophysical constraints of the TCR:peptide:MHC interaction, molecular modeling
techniques could be combine with quantum computing to better identify the determinants
of antigen recognition. Alternatively, reagents that more accurately mimic the 3D

TCR:peptide:MHC:co-receptor interaction could be created using synthetic cellular

107



membranes. The development of new methods to identify antigen-specific T cells will
allow us to predict an individual’s susceptibility to infection based on the composition of

their immune repertoire.
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