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ABSTRACT

The ability of populations to adapt depends on a complex suite of traits including mutation
and recombination rates and functional constraints on genes subject to selection. How much
selection can act on these traits to promote adaptability remains an open question. This
dissertation investigates the ultimate example of evolved adaptability, the adaptive immune
system of jawed vertebrates. Adaptive immunity has been selected in jawed vertebrates
to recognize pathogens through recombination, mutation and selection in populations of
B cells rapidly evolving during the immune response within an individual. This short-
term adaptability is enabled by the diversity of immunoglobulin genes that recombine to
produce B cell receptors and by the receptors’” mutation rate during the immune response,
features that have been shaped by selection in vertebrate populations over hundreds of
millions of years. We explore how these features contribute to the adaptability of the immune
response through computational and statistical analyses of the response to influenza and HIV.
We ask if despite possible epistatic interactions among recombining immunoglobulin genes,
specificity for particular pathogens is associated with individual genes. We find that influenza
infection in mice selects for B cell receptors using specific immunoglobulin genes during the
immune response, suggesting that selection of immunoglobulin genes in the long term could
lead to their specialization for particular pathogens. Because the adaptability of B cells
depends on mutations that change affinity for the antigen, we also investigate the short-term
evolution of mutational hotspots in B cell receptor sequences. While the long-term evolution
of immunoglobulin genes led to an abundance of hotspots in the antingen-binding loops of
the receptor, we find that selection and neutral mutations disrupt those hotspots over years
of coevolution between B cells and HIV, a loss of mutability that might limit the adaptability
of B cell responses to chronic or repeated infections. Finally, we investigate how immunity
arises from infection history and how the resulting protection shapes the ecology of influenza
virus lineages. We conclude by proposing ways to integrate life-history and ecology into the

study of the adaptability and specialization of immunity.
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CHAPTER 1
INTRODUCTION

The rate at which populations adapt depends both on the selective pressures imposed by
the environment and on traits that affect the ability of the population to respond [99, 173,
174]. This complex suite of traits, which includes the rates at which variation is introduced
by mutation and recombination and the functional constraints on the proteins subject to
selection, defines the population’s adaptability [152, 178, 16, 123].

The degree to which selection can promote adaptability by acting on traits that contribute
to it depends on the rate at which environmental changes reinforce or modify selective pres-
sures. Because mutations are more likely to be deleterious than beneficial [48], individuals
with a lower mutation rate tend to be fitter on average because the reduction in deleterious
mutations in the offspring more than compensates for the reduction in advantageous ones.
Selection therefore tends to decrease the mutation rate [83, 159, 108, 154], incidentally de-
creasing adaptability. In rapidly changing environments, however, alleles that increase the
mutation rate may become fixed by hitchhiking with beneficial mutations, which themselves
arise more frequently in association with “mutator” alleles. Such indirect selection for an
increased mutation rate has been demonstrated in theoretical models [97, 160, 151, 136] and
experimental evolution studies [152, 123, 135]. Highly variable or rapidly changing environ-
ments can therefore select for traits that increase adaptability.

In jawed vertebrates, the highly variable and rapidly changing environment represented
by pathogens led to an extreme case of evolved adaptability. Recognition of thousands of
potential antigens is achieved through the recombination of immunoglobulin gene segments
that recombine to produce B cell receptors, the precursors of antibodies [71, 19, 165, 75].
During this process, B cells undergo somatic hypermutation of the B cell receptor gene by
specialized mutagenic enzymes and are selected based on their receptor’s ability to recognize
the antigen [63, 106, 168]. Mutation and selection of immunoglobulin genes therefore happen

on two different scales: over hundreds of millions of years in vertebrate populations, during
1



which selection shapes the germline sequences of immunoglobulin genes prior to their re-
combination in B cells, and within weeks of an infection in B cell populations, during which
selection acts on somatic mutations introduced into the recombined B cell receptor gene.
The diversity of immunoglobulin genes and the frequency and distribution of the somatic
mutations introduced into them during the immune response bear the signature of selection
in in the long term to increase the adaptability of B cells in the short term. Understanding
how these features facilitate the rapid adaptation of B cells in response to infection is the

goal of this dissertation.

1.1 The evolutionary dynamics of antibody responses

Antigen recognition by the adaptive immune system of jawed vertebrates is done by B
cells and T cells, each carrying on its surface specific antigen receptors produced by the
recombination of germline gene segments [71, 19, 165, 75]. This combinatorial origin results
in an extremely diverse repertoire of immune receptors collectively capable of binding a vast
number of antigens [46, 47]. Once a previously inexperienced (“naive”) B cell or T cell
encounters an antigen, it divides and expands into a clonal population of cells that help
clear the pathogen and persist as memory against future infections [22, 161]. In the case of
B cells, the clonal expansion following the initial activation of the cell is accompanied by
selection of mutations that improve antigen recognition by the B cell receptor [63, 106, 168].
B cells exiting this evolutionary process secrete their increasingly potent B cell receptors as
antibodies.

The germline genes that recombine to produce the B cell receptor are known as variable
(V), diversity (D) and joining (J) genes [71, 19, 165, 75]. Each B cell displays multiple
identical copies of a single B cell receptor on its surface. Each receptor consists of two iden-
tical heavy chains and two identical light chains, and each chain has a variable region and
a constant region. The variable region encodes the parts of the protein directly involved

in antigen binding (loops known as “complementarity-determining regions”, CDRs), inter-
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spersed with structurally important “framework regions” (FRs) that are less often involved
in antigen binding. The variable region of the heavy chain is formed by the recombination
of one gene each from the V, D and J sets, while the variable region of the light chain lacks
a D segment and is formed by the recombination of V and J sets that are different from the
heavy chain V and J. Different combinations of V, D and J genes, and different combinations
of the resulting heavy and light chains, result in B cell receptors with different molecular
structures capable of recognizing different antigens.

While the long-term evolution of germline genes plays out in populations of organisms
over hundreds of millions of years, its short-term counterpart plays out in populations of B
cells in the days and weeks following the initial recognition of an antigen by a naive B cell
(63, 106]. Activated B cells enter microanatomical structures known as germinal centers,
where they bind and take up antigen at a rate that depends on the affinity of the B cell
receptor [168, 163]. B cells then break down the antigens into small peptides and present
them to helper T cells, which give B cells signals that allow them to survive and replicate.
As B cells divide in germinal centers, they undergo “somatic hypermutation” of the variable
region of the B cell receptor gene [164]. Somatic hypermutation introduces variation in
affinity in the B cell population, and competition for antigen selects for B cells with high-
affinity receptors. The ability of B cell populations to evolve rapidly during the course of

the response is therefore key to the development of potent antibodies.

1.2 Adaptability and the diversity of germline immunoglobulin

genes

Immunoglobulin V, D and J genes were present at the ancestor of jawed vertebrates around
500 million years ago and have since diversified via gene duplication and point mutations,
with most of the diversity concentrated in the V gene set [110, 50, 34, 51, 75, 28]. Remark-

ably, jawless vertebrates have independently evolved a similar combinatorial mechanism for



generating immune receptors using a different family of gene segments [124].

Beyond the pressure to increase the number of potential antigens bound by the B
cell repertoire, the selective pressures driving the long-term evolution of immunoglobulin
germline genes are poorly understood. Theoretical models suggest the optimal distribution
of specificities in the repertoire is shaped by a trade-off between binding commonly encoun-
tered pathogens quickly and having sufficient diversity to recognize rare pathogens [111].
How these demands affect the diversification of germline genes, however, is unclear. While
the structure and specificity of the B cell receptor depend on the pair of recombined genes
encoding the heavy and light chains and their specific V, D and J combinations, it is possi-
ble that some germline genes are more likely than others to recombine into a receptor that
binds a particular pathogen well. These differences could arise by chance during the diver-
sification of germline genes but could also be shaped by selection. For instance, it has been
hypothesized that selection might increase the naive frequency of germline genes particularly
likely to bind common pathogens and “hardwire” mutations into the germline sequence that
would otherwise be acquired during the short-term evolution of B cell lineages using those
genes [95, 28]. This process would amplify initial differences among germline genes in their
propensity to recognize specific pathogens, yet it is unclear to what extent such variation
exists.

In addition to the selection of specific B cell receptors, variation in germline genes’ propen-
sity to bind particular antigens would result in selection at the level of germline genes during
the immune response. B cells whose receptor uses particular germline genes would be more
successful than others at entering the experienced repertoire and undergoing clonal expan-
sion. Selection of specific germline genes might cause antibodies using those genes to dom-
inate the response of different individuals responding to the same pathogen. Evidence for
this hypothesis comes from the observation that antibodies targeting the same antigen but
isolated from multiple people tend to use similar sets of V genes [44]. Much of this evidence

comes from antibodies studied for their ability to target particular epitopes in antigens of



interest, for instance conserved sites on the surface proteins of HIV and influenza viruses
[59, 11, 87]. However, antibodies against a particular pathogen can potentially target several
epitopes in different antigens, and this diversity of potential targets might select for anti-
bodies using many different V genes [92]. A systematic attempt to test for V gene selection
across the B cell repertoire found limited similarity in the V genes used by people immunized
with influenza [156]. Differences in the epitopes and antigens targeted by different people,
for instance due to differences in infection history, might explain people’s discordant V gene

usage.

1.3 Adaptability and the mutability of B cell receptors

The mutation rate of the B cell receptor is partly controlled by the B cell receptor sequence
itself, as the enzymes responsible for introducing mutations target different nucleotide motifs
in the sequence with different probabilities [138, 137, 121, 185, 31]. The frequency and
distribution of highly mutable motifs — mutational “hotspots” — suggests germline gene
sequences have been selected in the long-term to increase the short-term mutability of regions
directly involved in antigen binding (CDRs) while reducing the mutability of structurally
important regions (FRs) [122]. Due to the distribution of nucleotide motifs in the germline
sequence, mutations in the antigen binding regions are also more likely to result in changes
between amino acids with different biochemical properties [175, 81, 67, 140].

The sequences of germline genes therefore appear to have been selected to improve the
adaptability of B cell receptors during the immune response by focusing mutations where
they are likely to create variation in affinity while keeping mutations away from regions
where they are likely to be deleterious. How the finely tuned distribution of mutability in
the naive B cell receptor changes during the response and affects the subsequent adaptability
of B cell populations, however, is poorly understood. Loss of mutational hotspots has been
proposed as an explanation for the observed decline in the substitution rates of B cell lineages

coevolving with HIV [145, 68], but the contributions of neutral mutations, selection for
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affinity and indirect selection for mutability to hotspot gains and losses are unknown.

1.4 Adaptability and immune memory

In addition to the diversity of germline genes and the ability of B cell receptors to evolve
high affinity, B cell responses owe their adaptability to memory. Specialized memory B cells
emigrate from germinal centers at various points during the evolution of B cell lineages and
persist in the body after the infection has been cleared [93]. Upon a new infection with a
previously encountered pathogen, memory cells can be quickly re-activated to differentiate
into antibody-secreting plasma cells. Memory B cells can also reenter germinal centers to
undergo additional affinity maturation, but the extent to which they do so is unclear [38, 115].

Although immune memory completely prevents reinfection with many pathogens, anti-
genically variable pathogens can often reinfect hosts by escaping immune memory. For
instance, the build-up of immune memory in the human population drives the evolution of
influenza viruses by selecting for antigenically novel strains capable of evading existing mem-
ory [24, 49, 150, 14, 13]. As a result, humans are infected multiple times since early childhood
with many different influenza strains belonging to different types, subtypes, lineages or clades
(82, 139, 94].

The evolution of immune escape by influenza viruses has traditionally been studied under
the assumption that host immune memory can remember each strain independently from
the others [150, 12, 190]. Thus, hosts are assumed to be protected against any strain that
is antigenically close to one of the strains the host has encountered in the past, regardless
of the order in which past strains were encountered. This approach led to the development
of “antigenic maps”, where antigenic distances between strains are estimated by infecting a
naive animal model with a strain and measuring the ability of the resulting antibodies to
bind another strain [150, 85, 52].

While much has been learned by studying the evolution of immune escape under these

assumptions, decades of research in immunology have established that the memory developed
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against new strains is not in fact independent of the memory developed against previous
ones [27]. Antibody titers appear to be highest against strains encountered early in life, a
phenomenon termed “original antigenic sin” [35, 36, 53]. This effect suggests preexisting B
cell lineages in the memory population interfere with the dynamics and evolution of new
lineages recruited from the naive repertoire upon a new infection. For instance, preexisting
antibodies might clear the antigen or mask epitopes on its surface, effectively limiting the
amount of antigen available to stimulate the evolution of new B cell lineages in germinal
centers [187, 188].

While the effect of immune history on the development of antibodies to new infections
is clear, how this effect translates into differences in protection among hosts with different
exposure histories is less clear. Early infections can lead to permanently increased protection
against the variants first encountered and explain the distinct age distributions of medically
attended infections with different groups and subtypes of influenza type A, a phenomenon
termed “immune imprinting” [60, 61, 10]. However, for influenza variants closer to each other
than are the influenza A subtypes, cross-protection across lineages is likely to play a role in
addition to, or independently of, imprinting protection from the earliest exposures. The two
lineages of influenza type B, for instance, diverged much more recently than the influenza A
subtypes [139, 43, 94], and differences in the age distribution of medically attended infections
with each lineage suggest possible immune history effects [162, 153, 171, 147, 128, 172]. Yet
it is unclear how memory of past infections with each lineage leads to protection and how

protection affects the lineages’ distinct age distributions.

1.5 Overview of dissertation

The next three chapters investigate the adaptability of B cell responses in the context of the
diversity and selection of germline genes, their subsequent evolution as B cell receptors under
selection for increased affinity, and the development of protection from immune memory.

In Chapter 2, we investigated variation in V genes’ propensity to recognize specific
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pathogens, which might affect the predictability of short-term antibody evolution and shape
the long-term evolution of immunoglobulin genes. To control for differences in infection
history that might affect variation in the antigens and epitopes targeted by different individ-
uals, we studied the B cell response of mice infected once or twice with the same influenza
strain. We developed a simple mathematical framework for defining and estimating selection
of germline genes, as opposed to selection of individual B cell receptors that use a specific
combination of genes. Using a statistical test designed to detect differentially abundant taxa
in microbiome studies, we found several V genes that consistently increased in frequency
between the naive and experienced repertoires of different mice infected with influenza, sug-
gesting those genes were positively selected by influenza antigens. We also found genes with
evidence of negative selection. These results suggest influenza infections select for similar
germline genes in naive individuals or individuals with identical infection histories. This sim-
ilarity in V gene usage might help explain why antibodies targeting particular antigens or
epitopes evolve with similar probability in different individuals. Systematic characterization
of functional differences between antibodies using different V genes and of differences in V
usage between people with different infection histories might help vaccine design efforts by
identifying groups more or less likely to develop antibodies targeting particular epitopes.
Chapter 3 asked how the finely tuned mutability of immunoglobulin genes changes during
the short term evolution of B cell receptors. During the response to chronic HIV infection,
loss of mutational hotspots and changes in their distribution across CDRs and FRs are
predicted to compromise the adaptability of B cell receptors, yet the contributions of different
mechanisms to gains and losses of hotspots remain unclear. We reconstructed changes in anti-
HIV B-cell receptor sequences and show that mutability losses were more frequent than gains
in both CDRs and FRs, with the higher relative mutability of CDRs maintained throughout
the response. Nonsynonymous substitutions caused most of the mutability loss in CDRs.
Because CDRs also show strong positive selection, this result suggests that selection for

mutations that increase binding affinity contributed to loss of mutability in antigen-binding



regions. Although recurrent adaptation to evolving viruses could indirectly select for high
mutation rates, we found no evidence of indirect selection to increase or retain hotspots. Our
results suggest mutability losses are intrinsic to both the neutral and adaptive evolution of
B-cell populations and might constrain their adaptation to rapidly evolving pathogens such
as HIV and influenzal.

Chapter 4 investigated the development of immune memory and protection from infection
history. Differences in cohorts’ infection histories might explain the unusual age distribu-
tions of medically attended infections with the two lineages of influenza type B, but how
a person’s infection history translates into protection is not fully understood. Fitting a
statistical model to case data, we found that differences in the lineages’ age distributions
could emerge from historical changes in lineage frequencies combined with strong cross-
protection between strains of the same lineage and asymmetric cross-protection between
lineages. Consistent with previous serological observations, B/Victoria infections reduce the
risk of B/Yamagata medically attended infections, whereas B/Yamagata infections protect
much less against B/Victoria infections. We hypothesize these results arise from asymmetric
patterns of epitope immunodominance between the lineages. Characterizing antibody speci-
ficity after infection and vaccination could help explain variation in cohorts’ susceptibility
to influenza arising from differences in infection history.

Finally, Chapter 5 takes stock of these findings and proposes avenues for investigating
the potentially conflicting demands for adaptability and specialization in the immune system
in light of species’ ecology and life-histories. Species’ longevity and body size, in particular,

might impose constraints on the adaptability and specialization of immune receptors.

1. The results from Chapter 3 have been published previously [170], and much of the text in this paragraph
and in the chapter appears in the published manuscript.
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CHAPTER 2
SELECTION OF GERMLINE IMMUNOGLOBULIN V GENES
BY PRIMARY AND SECONDARY INFLUENZA INFECTIONS
IN MICE

2.1 Introduction

The remarkable adaptability of the vertebrate immune system arises from the recombination
of germline genes encoding immune receptors [71, 19, 165]. B cell receptors, the precursors
of secreted antibodies, are formed by the recombination of variable (V), diversity (D) and
joining (J) germline immunoglobulin genes [75]. In each maturing B cell, one gene from
each set is recombined into a mature gene encoding the receptor’s heavy chain, while one
gene each from separate V and J sets are recombined into a gene encoding the light chain.
The resulting combinatorial diversity, with additional variation from insertions and deletions
at the segments’ junctions, produces a repertoire of “naive” (antigen-inexperienced) B cell
receptors collectively capable of binding a vast number of potential antigens [47]. Antigens
encountered upon infection or vaccination select for naive B cells capable of binding the
antigen with sufficiently high affinity [189, 167], and activated B cells can then undergo
clonal expansion and selection for somatic mutations that further improve antigen binding
(63, 106, 169]. Immunoglobulin genes therefore evolve on two different timescales. Their
germline sequences evolve in populations of vertebrates over hundreds of millions of years,
and their recombined sequences forming the B cell receptor evolve in populations of B cells
in a single individual within weeks of infection.

The long-term evolution of the adaptive immune system has been shaped by selection to
improve the short-term adaptability of the B cell response, but how these selective pressures
shaped the diversity of immunoglobulin genes is unclear. Immunoglobulin genes originated

in the ancestor of jawed vertebrates around 500 million years ago and have since diversified
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by gene duplication and point mutations [110, 50, 34, 51]. Was this diversification purely
driven by selection to maximize the spectrum of potential specificities in the B cell reper-
toire? Or have some B genes evolved in the long term under selection to recognize particular
pathogens? Although the structure and specificity of a B cell receptor depend on the pairing
of the heavy and light chains with their specific combinations of V, D and J genes, some
immunoglobulin genes might be more likely than others to recombine into a receptor that
binds well to a particular pathogen. These differences could arise by chance during diversi-
fication of germline immunoglobulin genes and be subsequently amplified by selection. For
instance, it has been hypothesized that the germline sequences of immunoglobulin genes with
a high propensity to bind commonly encountered pathogens might be selected to hard-code
mutations that improve recognition of those pathogens [28]. Those mutations could also be
somatically generated and selected during the short-term evolution of B cell lineages using
those genes. However, when the pathogens driving this selection are common, selection in
vertebrate populations might favor the same mutations in the germline sequence itself.
Whatever its origin, variation across germline genes in their propensity to recognize a
specific pathogen might affect the predictability of the antibody response. Whether they
arose by chance or were the product of selection in the long-term, these differences would
result in short-term selection not only of individual B cell receptors with specific V, D and
J combinations, but also selection of germline immunoglobulin genes themselves. B cells
using germline genes more likely to recombine into successful receptors would be more likely
to become activated by the antigen and subsequently expand into a clonal population. As
a result, the frequency of those genes would increase between the naive and experienced B
cell repertoires. Strongly selected genes might dominate the response to the same antigen
in different individuals, potentially leading to functionally similar responses. Understanding
the predictability of germline gene usage and its functional consequences might thus inform
efforts to induce antibodies targeting specific epitopes, such as conserved sites in HIV and

influenza virus antigens [104, 181, 40, 23, 78, 169].
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How much individual germline immunoglobulin genes vary in their ability to recognize
specific pathogens, however, is unclear. Studies of individually isolated monoclonal anti-
bodies (mAbs) suggest mAbs targeting specific antigens isolated from different people use
similar V genes (e.g. [74, 59, 11, 87|, reviewed in [44]). However, most of these studies
focused on mAbs chosen for their ability to bind specific epitopes on antigens of interest,
such as conserved sites in HIV and influenza proteins that might become the targets of new
vaccines [59, 11, 87]. The total B cell response against a pathogen, however, may consist
of thousands of B cell lineages potentially targeting multiple epitopes on different antigens.
Given this diversity of potential targets, it is unclear if different individuals responding to
the same pathogen tend to use similar V genes. Most studies of monoclonal antibodies also
have not tested similarity in V gene usage statistically.

Many studies have attempted to identify signatures of infection with particular pathogens
in the B cell repertoire without focusing on specific epitopes, but few have systematically
tested for selection of individual immunoglobulin genes. Most repertoire-level studies focus
instead on identifying specific amino acid sequences in an antigen binding region spanning
the V, D and J genes, sequences that could arise from many different combinations of genes
and from selection of somatic mutations during the response [126, 76, 143]. However, two
studies tested for selection of V genes by looking for V genes increasing in frequency over
time across multiple people given the same influenza vaccine [30, 156]. Both studies found
only 2-3 genes that appeared to be particularly successful at binding influenza. As one of
those studies demonstrated, parallel increases in the frequency of some V genes across people
can be an artifact of correlated V gene frequencies across people before vaccination [156].

Thus, there is limited evidence of V-gene level selection during the immune response to
particular pathogens. Stochasticity might lead to different genes dominating the response in
different individuals, for instance if the earliest responding naive B cells tend to dominate
the response and they happen to use different genes in different people, or if highly beneficial

mutations happen to appear in clones using different V genes. Alternatively, differences in the
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sets of V genes selected by a particular pathogen might be due to differences in the antigens
and epitopes targeted by different people, for instance due to differences in infection history.
In influenza, infection history strongly affect antibody responses against strains encountered
later [35, 36, 53, 27]. Differences in the antigens and epitopes targeted by people with
different infection histories might explain why different sets of V genes increase in frequency
in different people exposed to the same influenza strain. However, detailed infection histories
are rarely known as humans are repeatedly infected with influenza [149, 54, 37, 70, 133], and
studying the response in previously naive individuals is usually not possible since the primary
infection occur in the first years of life [142, 17, 141].

To investigate selection at the level of immunoglobulin V genes during the immune re-
sponse, we sequenced and analyzed the naive and experienced B cell repertoires of mice after
primary and secondary infection with an HIN1 virus. We found that statistical methods de-
signed to identify microbial species that vary in abundance across samples can be used to
identify V genes under negative and positive selection, and we developed a simple mathe-
matical framework to quantify selection at the level of V genes. Using these methods, we
found 9 positively selected genes that increased in frequency consistently between the naive
and experienced repertoires of individual mice infected with influenza, and 11 negatively
selected genes that consistently decreased in frequency. These results suggest that despite
the diversity of potential antigens and epitopes targeted and despite epistatic interactions
among V, D and J genes and between heavy and light chains, some immunoglobulin genes
are particularly likely to recombine into a receptor that binds a specific pathogen well. Se-
lection of immunoglobulin genes by specific pathogens during the immune response might
lead to selection on those genes’ germline sequences in the long term to improve recognition
of specific pathogens. Systematic characterization of the specificity and affinity of antibodies
using different V genes might reveal how much a bias toward particular V genes constraints
the antigens and epitopes targeted during the response to influenza and thus inform efforts

to induce antibodies targeting specific epitopes.
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2.2 Results

To study selection of V genes during the the primary and secondary response to influenza
infection, we sorted B cells from ten infected C57BL/6 mice and two controls on each of 8,
16 and 24 days after infection with a mouse-adapted HIN1 strain (Materials and Methods:
“Infection experiments”). Additional groups were given a secondary infection 32 days after
the first infection and sacrificed on days 40 and 56 after the primary infection. Infected mice
showed a marked increase in antibody titers against the infecting virus between days 8 and
16 (Supplementary Information, Fig. 2.3). We sorted naive, germinal center, memory and
plasma cells from the spleen, bone marrow and lymph nodes and bulk sequenced their B
cell receptor heavy chains using cDNA sequencing (Materials and Methods: “B cell receptor
sequencing”). We did not sort cells based on influenza specificity and therefore cannot
distinguish between receptors that are able to bind influenza and receptors that are not.
We used partis [132, 130, 131] to identify the most likely V, D and J genes used by each
B cell receptor sequence while simultaneously inferring new alleles and clustering sequences
into clones (sets of sequences likely descended from the same naive B cell). After estimating
and accounting for sequencing error (Materials and Methods: “Estimating amplification and
sequencing error”), we computed the frequency of each V gene in the naive repertoire and in
each compartment of the experienced repertoire (germinal center, memory and plasma cells)
and the combined frequency in the experienced repertoire.

The median number of unique sequences across mice was 23,327 (range 1,327-55,190) for
naive cells, 4,902 (1,139-13,900) for germinal center cells, 14,444 (1,397-38,359) for plasma
cells and 6,142 (1,050-18,284) for memory cells. To limit error in the estimates of naive and
experienced frequencies, these numbers exclude mouse-cell type combinations with fewer
than 1,000 unique sequences, and we excluded mice with fewer than 1,000 unique naive
sequences altogether. Mice used a median of 77 (range 53-91) V genes in the naive repertoire
and 78 (range 43-92) V genes in the experienced repertoire, with no significant differences

in the number of V genes used between infected mice and controls (medians for control,
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primary and secondary groups 77, 79.5 and 77 V genes in the naive repertoire, 77, 78.5 and
77.5 V genes in the experienced repertoire). V gene frequencies in the naive and experienced
repertoire varied by four orders of magnitude, with the 25 most common genes each typically
used by 1-10% of the B cell receptor sequences (Supplementary Information, Figs. 2.4 and
2.5).

2.2.1 Defining and quantifying V gene selection

Positively (negatively) selected genes are expected to increase (decrease) in frequency be-
tween the naive and experienced repertoires because they are more (less) likely than non-
selected genes to recombine into B cell receptors capable of recognizing a particular antigen
or because they do so with higher (lower) affinity on average. To formalize this idea, con-
sider a set of V genes such that the number of naive B cells whose receptor uses gene 7 is
N;. Given a background antigenic environment (e.g., the non-pathogenic microbes found in
a mouse facility), assume « is the probability of activation across B cells regardless of which
V gene they use and [ is the baseline number of B cells produced by an activated B cell
regardless of its V gene. The number of B cells using gene ¢ in the experienced repertoire
is then given by E; = N;af. Thus, this neutral model assumes that in general experienced
and naive V gene frequencies are correlated, an assumption supported by the sequence data
from our experiment (Supplementary Information, Fig. 2.6).

Positive and negative selection at the level of individual V genes during the immune
response can be described by a selection factor Si* modifying the activation probability
of a B cell using gene i and by a selection factor Siﬂ modifying the average number of B
cells produced by the activated cell, with values greater than 1 indicating positive selection
and values between 0 and 1 indicating negative selection. After accounting for germline
gene selection, the number of cells using gene ¢ in the experienced repertoire is thus F; =
NiozSiaﬁSiﬁ = N;S;af, where the “total” selection factor of gene i, .S;, is the product of the

activation and replication selection factors. Selection of a V gene in this context is therefore
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separate from selection of individual B cell receptors using a specific combination of V, D
and J, since B cell receptors using a non-selected V gene can still be selected (i.e., activated
by antigen) with probability a. Selection of a V gene in this context is also different from
the long-term selection of germline genes in vertebrate populations and from the short-term
selection of maturing B cells before they enter the naive repertoire based on their ability to
express a functional receptor that does not recognize self-antigens. Selection might occur
without a specific pathogen challenge. In the case of our experiment, for instance, some genes
might have a higher propensity than others to recognize non-pathogenic antigens present in
the mouse facility. However, genes selected by influenza antigens are expected to increase in
frequency between the naive and experienced repertoires in infected mice but not in controls.

The relationship between selection factors as defined above and the classical selection
coefficient expressed as the difference between instantaneous per-capita growth rates depends
on the precise dynamics of the B cell populations. We illustrate this relationship for the case
of exponential growth (Materials and Methods: “Details of the mathematical”), but we note
that selection factors can be used to estimate the strength of immunoglobulin gene selection
when the precise dynamics of B cell populations are unknown and instantaneous growth
rates cannot be easily estimated, as is the case for our data.

Detecting selected genes based on their change in frequency is challenging because a
single positively or negatively selected gene changing in frequency will cause all other genes
to decrease or increase in frequency, respectively, due to the constraint that frequencies sum
to one. Under the model of selection above, the ratio of experienced-to-naive frequencies for

a gene 1, p;, is given by (Materials and Methods: “Details of the mathematical model”):

pi = (2.1)

=

where A is the mean selection factor in the naive repertoire. Thus, even a gene under no
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selection (S; = 1) can decrease or increase in frequency, if the average gene in the naive
repertoire has a selection factor greater or smaller than one, respectively.

However, if selected and non-selected genes can be identified, Eq. (2.1) provides a way of
estimating the selection factors of selected genes. Because p; = A~1 for non-selected genes,
their experienced-to-naive frequency ratios can be used to estimate A, which can then be
used to estimate the selection factors of selected genes from their observed experienced-to-
naive ratios. An analogous approach has been used to estimate a compositional scale factor
for differentially expressed genes or differentially abundant taxa without explicitly linking it

to selection factoris [91].

Differential abundance analysis reveals positively and negatively selected

genes after influenza infection

While the experienced-to-naive frequency ratio alone cannot be used to tell if a gene is
under selection, non-selected genes are distinguished from selected genes by the fact that
the ratio of frequencies of two non-selected genes is the same in the naive and experienced
repertoires, whereas the ratio of frequencies between a selected gene and a non-selected gene
changes between the naive and experienced repertoires (Materials and Methods: “Details of
the mathematical model”). This property has been used to detect differentially abundant
taxa in microbiome data or differentially expressed genes in gene expression studies [91, 20],
with genes or taxa whose relative proportions are constant between samples inferred to each
have the same abundance in different groups of samples.

We simulated experienced B cell repertoires by sampling V genes from the observed naive
repertoires of the experimental mice while randomly choosing some genes to be under positive
or negative selection, and we found that the method proposed by Brill et al. [20] correctly
identifies positively and negatively selected genes for a range of simulated selection factors
while having low false discovery rates (Materials and Methods: “Differential abundance test

and power analysis”; Supplementary Information, Figs. 2.7 and 2.8). Briefly, the method
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Table 2.1: Positively and negatively selected genes after primary and secondary influenza
infection in mice.

Median selection factor n mice frequency n mice frequency

Infection group V gene (1st and 3rd quartiles) increase (%) decrease (%)
secondary IGHV1-53*01 3.01 (1.85-4.27) 15 (100%) 0 (0%)
secondary IGHVT7-1*03 3.21 (2.04-6.77) 5 (100%) 0 (0%)

o secondary IGHV4-1%01 3.75 (1.85-8.74) 4 (93.33%) 1 (6.67%)
-8 secondary IGHV6-3*01 2.38 (1.51-2.95) 4 (93.33%) 1(6.67%)
3 primary IGHV12-3%01 2.50 (1.36-5.34) 6 (83.89%) 2 (11.11%)
¢ primary IGHV14-4*%01 1.59 (1.1-2.24) 5 (83.33%) 3 (16.67%)
0 primary IGHV2-9*01 1.91 (1.47-2.99) 15 (83.33%) 3 (16.67%)
5 primary IGHV4-1%01 1.92 (1.27-3.51) 5 (83.33%) 3 (16.67%)
g primary IGHV7-1%03 1.53 (1.01-4.76) 4 (77.78%) 4 (22.22%)
B secondary IGHV11-2%01 9.53 (0.95-16.25) 1 (73.33%) 4 (26.67%)
primary IGHV1-55*%01 1.22 (0.95-1.62) 3 (72.22%) 5 (27.78%)
primary IGHV11-2%01 3.56 (1.44-15.31) 3 (72.22%) 5 (27.78%)
primary [GHVI-5*01 0.43 (0.32-0.61) (16.67%) 15 (83.33%)
. primary IGHV1-54%01 0.57 (0.37-0.78) 3 (16.67%) 5 (83.33%)
kS primary IGHV5-4*01 0.51 (0.35-0.72) 3 (16.67%) 5 (83.33%)
£ primary IGHV5-9%01 0.47 (0.38-0.67) 3 (16.67%) 5 (83.33%)
3 primary IGHV1-15%01 0.51 (0.38-0.7) 2 (11.11%) 6 (88.89%)
. primary IGHV5-2402 0.37 (0.18-0.5) 2 (11.11%) 6 (88.89%)
2 primary IGHV5-6%01 0.42 (0.27-0.56) 2 (11.11%) 6 (88.89%)
A primary IGHV1-59%01 0.45 (0.39-0.6) 1 (5.56%) 17 (94.44%)
g primary IGHV5-17%03 0.50 (0.29-0.65) 1 (5.56%) 17 (94.44%)
primary IGHV5-9-1%02 0.51 (0.37-0.65) 1 (5.56%) 17 (94.44%)
primary IGHV1-81*%01 0.54 (0.41-0.62) 0 (0%) 18 (100%)

assumes most genes are not under selection and heuristically identifies a reference set of
non-selected genes by looking for a set of genes whose relative proportions remain the same
across naive and experienced repertoires. Genes whose frequency relative to the combined
frequency of reference genes is significantly different between the experienced and naive
repertoires are inferred to be selected, but the test itself does not indicate the direction of
the difference. We used Eq. (2.1) to estimate the selection factors of detected genes by
taking the median estimate across individual mice, using the first and third quartiles as a
measure of uncertainty.

We applied the method to the naive and experienced repertoires of infected and control
mice and identified positively and negatively selected genes in the primary and secondary
infection groups but not in the controls (Table 2.1). Seven genes were found to be under
positive selection in mice subject to a primary infection alone, and five genes were found to be

under positive selection in mice subject to both the primary and secondary infections, with
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Figure 2.1: Number of mice in which each gene increased or decreased in frequency between
the naive and experienced repertoires. Each circle represents a gene and is colored according
to whether the gene is positively selected, negatively selected or non-significantly different in
frequency between the experienced and naive repertoire. Circle positions have been slightly
jittered to improve visualization. Not all genes are present in all mice.

three genes inferred to be under positive selection in both groups. Eleven genes were found
to be under negative selection in the primary infection groups, but no genes were found to
be under negative selection in the secondary infection groups, perhaps due to limited power
to detect genes with a selection factor in the range of those detected in the primary infection
group (Supplementary Information, Fig 2.7). Although there were fewer mice in the control
group than in the infected groups, our power analysis suggests that if some genes were
consistently increasing or decreasing in frequency in the controls, the differential abundance
test would have been able to detect some of them (Supplementary Information, Fig 2.7).
Thus, positive and negative selection of V genes in the infected mice appear to have been
driven by influenza.

Naive B cells using the most consistently increasing genes (IGHV12-3*01 in 16/18 primary
infection mice, IGHV1-53*01 and IGHV7-1*03 in 15/15 secondary infection mice) were 2-

9 times more successful at entering the experienced repertoire of an infected mouse and
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subsequently expanding into an experienced B cell population than B cells using non-selected
genes (Table 2.1, Fig. 2.1). B cells using the most consistently decreasing gene (IGHV1-
81*01 in 18/18 primary infection mice) were 40-60% as successful as B cells using non-selected

genes.

2.2.2  Positively selected genes make up a limited fraction of the experienced

repertoire but increase in frequency in late germinal centers

Next we asked if selection of V genes by the influenza infection differed between specific
compartments of the experienced repertoire (germinal center, memory and plasma cells).
Germinal center cells undergo affinity maturation via selection of mutations that improve
antigen binding [168], and some germinal center cells exit germinal centers and differentiate
into plasma cells, which actively secrete antibodies to help clear the infection, and mem-
ory cells, which can be reactivated upon future re-exposure. Because germinal center and
plasma cell populations typically peak soon after an infection [163] whereas the memory
compartment may reflect exposure to various previously encountered antigens, genes posi-
tively selected by influenza might be proportionally more common in the B cell receptors of
germinal center cells or plasma cells than in memory cells.

Our power analysis suggests there is limited power to detect V genes specifically selected
in individual compartments given the number of sequences in each compartment (Supple-
mentary Information, Fig 2.9). Thus, instead of identifying different sets of selected genes
specific for each compartment, we took the set of genes identified as positively selected at
the level of the entire experienced repertoire of either primary or secondary groups and cal-
culated the combined frequency of those same genes in each compartment, both in infected
mice (in which those genes were inferred to be under positive selection) and in controls.

We found that positively selected genes made up a small proportion of the experienced
repertoire of infected mice but appeared to increase in frequency in germinal centers late in

the response. Despite selected genes increasing in frequency consistently across infected mice
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Figure 2.2: Combined frequency of genes identified as positively selected based on their fre-
quencies in the entire experienced repertoire. The same genes are represented in each panel,
with their combined frequency in the naive repertoire shown in read and the experienced
repertoires in the compartment corresponding to each panel shown in black. Each point
represents a mouse. A horizontal bar with an asterisk indicates a significant difference (P
< 0.05).
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but not in controls, the combined frequencies of selected genes in the experienced repertoire
of infected mice was not significantly higher than the frequency of the same genes in controls
(median 19%, range 5-30% across all mice) (Fig 2.2). This result might be due to influenza
specific B cell receptors making up only a small proportion of the experienced repertoire of
infected mice, leading to a lack of power to detect differences in the combined frequency of
selected genes between infected mice and controls. The naive frequencies of selected genes
spanned three orders of magnitude (Supplementary Information, Fig. 2.10), and despite
increasing due to selection, the frequency of some selected genes in the experienced repertoire
remained small (e.g., between 10~3 and 1072, Supplementary Information, Fig. 2.11).
However, 56 days after the primary infection (24 days after the secondary infection), pos-
itively selected genes made up about 40% (95% CI 20-59%) of the germinal center repertoire
of mice infected twice, 1.2-3.6 times more than the combined frequency of the same genes
in the controls (Fig 2.2). The combined frequency of positively selected genes in germinal
centers was similar between controls and infected mice from earlier time points (Fig 2.2).
Although non-significant, a trend toward higher combined frequency of positively selected
genes in germinal centers was observed in the late primary response (24 days after primary
infection). It is possible that the effects of positive selection become more apparent over
time, with B cell lineages that use positively selected genes strongly outcompeting other lin-
eages in germinal centers late into the response. Germinal centers formed during the primary
response might have been re-stimulated by the secondary infection, providing more time for

fitness differences to result in a high frequency of positively selected genes.

2.3 Discussion

In how many ways can the immune system solve the problem of recognizing a particular
pathogen by recombining immunoglobulin genes? Our results suggest solutions using partic-
ular V genes are more successful than others in mice infected with influenza. Despite likely

epistatic interactions among V, D and J genes and between the heavy and light chains,
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some V genes seem more likely than others to recombine into receptors that recognize in-
fluenza well. B cells whose receptor uses those genes are more likely to enter the experienced
repertoire and subsequently expand into a clonal population, and those genes consequently
increase in frequency between the naive and experienced repertoire of different infected mice.
We used a simple mathematical framework to quantify this selection at the V-gene level dur-
ing the immune response. Although we do not know which B cell receptors in the data
bound influenza and which did not, the lack of evidence for selected genes in the uninfected
controls suggests selection in the infected mice was driven by influenza.

While positively selected genes are more likely than others to recognize influenza antigens,
the contribution of selected genes to the influenza response is unclear. B cells using non-
selected genes may have bound influenza antigens and subsequently divided, thus potentially
contributing to the response. Our analysis simply identified V genes that made B cells more
or less successful at entering the experienced repertoire of infected mice and subsequently
dividing than the average B cell. Power analysis suggests we may have missed genes under
weakly positive or weakly negative selection, including genes in the controls. The differential
abundance test we used is also not designed to detect selected genes present in only a few
individuals, as might be the case for alleles present in only one or a few mice (individual
mice had a median of one allele not shared with other mice, range 0-6).

Short-term selection at the level of V genes during the immune response might lead
to selection of germline V gene sequences in the long term to improve the recognition of
specific pathogens. For instance, it has been hypothesized that in addition to being selected
during the short-term evolution of B cell lineages, mutations that improve recognition of
common pathogens could be hard-coded into the germline sequences of immunoglobulin
genes particularly adept at recognizing those pathogens [28]. Because influenza viruses do
not naturally infect mice in the wild, our results suggest such variation in V genes’ ability
to recognize particular pathogens can arise by chance from the diversification of V genes in

vertebrates.
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Selection at the level of V genes during the immune response might also affect the pre-
dictability of the immune response. While the response to simple antigens is often dominated
by a single V gene [32, 6, 177], complex antigens such as influenza’s surface protein hemag-
glutinin (HA) can allow B cells using many different V genes to coexist in mouse germinal
centers [92], potentially reflecting different epitope specificities among B cell receptors using
different V genes. Different antigens and epitopes are often targeted in similar proportions
by antibodies made by different individuals [9]. This convergence in phenotype might cor-
respond to a convergence in V gene usage in the B cell repertoire due to the same genes
being positively selected with similar strengths in different individuals. However, whether
B cell receptors using a particular V gene consistently target the same antigen or epitope is
unclear. In humans, monoclonal antibodies (mAbs) targeting the HA stalk appear to use V
genes in different proportions from mAbs targeting the HA head [44]. One gene in particular,
IGHV1-69, is disproportionately more common in broadly-reactive antibodies targeting the
HA stalk [180, 103, 8], with a specific allele of IGHV1-69 leading to higher antibody titers
against the stalk in some people [125]. While the V gene usage of antibodies targeting the
stalk has been well characterized because the stalk is as a potential target for a universal
influenza vaccine [80], it is unclear if other epitopes or antigens are preferentially bound by
antibodies using particular V genes and if such patterns affect the breadth and potency of
the response.

Studies looking for selection of particular V genes in response to influenza at the repertoire
level without focusing on particular antigens or epitopes found limited similarity in V gene
usage among people [30, 156]. In contrast, we identified genes that consistently increased
in frequency between the naive and experienced repertoires of 72-100% of the infected mice.
In addition to differences in statistical approach and power between our study and these
previous studies, higher similarity in V gene usage across mice than across people might be
due to variation across people in the epitopes and antigens targeted in response to influenza.

For instance, differences in infection history might cause different people to target different
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antigens or epitopes.

We propose that characterizing the specificity of influenza antibodies using different V
genes and variation in V gene usage across cohorts might help guide efforts to induce anti-
bodies against specific epitopes by vaccination. Our results suggest that given an identical
infection history —or the lack of one— influenza infection will select similar V genes in different
individuals. If differences in V gene usage lead to functionally distinct responses, differences
in V gene usage associated with differences in infection history might help explain variation
in cohorts’ protection against influenza [27]. For instance, people with low pre-existing titers
to pandemic HIN1 viruses are more likely to produce HA stalk antibodies using IGHV1-69
following vaccination with a pandemic HIN1 virus than people with high pre-existing titers
8], suggesting infection history affects the use of this particular V gene and the ability to
develop broadly neutralizing antibodies. However, differences in V gene usage arising from
differences in infection history have yet to be characterized more broadly. This knowledge
might inform vaccine design efforts by identifying variation across people in their ability to

develop antibodies against desired epitopes.

2.4 Materials and Methods

2.4.1 Infection experiments

We infected 40 8-week-old female C57BL/6 mice weighing 20-22g (8 for each time point) in-
tranasally with 0.5 LD5g of a mouse-adapted pandemic HINT1 strain (A /Netherlands/602,/2009)
in a total of 30 uL. of PBS under full anesthesia. Two controls for each time point were
given PBS only. All mouse experiments were approved by The University of Chicago In-
stitutional Animal Care and Use Committee (IACUC protocol 71981). We sorted naive
(IgD+B220+), plasma (IgD-Sca-1hiCD138hi), memory (IgD-B220+CD95-CD38hi) and ger-
minal center (IgD-B220+CD95+ CD38loGL-7+) cells after excluding cells expressing CD4,
CD8a, TER-199 or F4/80 (to exclude T cells and dendritic cells). After spinning down
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cells and removing the PBS supernatant, we stored pellets at -20°C because we originally

intended to sequence genomic DNA and not cDNA.

2.4.2 B cell receptor sequencing

We generated immunoglobulin heavy chain (IGH) DNA libraries from complementary DNA
generated from 10-500 ng of total RNA using Superscript III (Invitrogen) reverse transcrip-
tase and random hexamer primers. For PCR amplifications, we used multiplexed primers
targeting the mouse framework region 1 (FR1) of IGHV in combination with isotype-specific
primers targeting constant region exon 1 of IgA, IgD, IgE, IgG, or IgM (Table 2.2). We per-
formed separate PCR reactions for each isotype to avoid formation of inter-isotype chimeric
products. We barcoded each sample with 8mer primer-encoded sequences on both ends of
the amplicons and performed PCR amplification in two steps. First, we generated amplicons
using primers with the partial Illumina adapter, the sample-specific barcode and the locus-
specific sequence. In the second step, we performed another PCR to complete the Illumina
adapter sequence and to ensure final products were not amplified to saturation. We purified
pooled products by agarose gel electrophoresis and extraction. We used a 600 cycle v3 kit

to sequence products using an Illumina MiSeq instrument.

2.4.8 Estimating amplification and sequencing error

We estimated the rate at which errors were introduced during amplification and sequencing
by comparing the sequenced reads with the reference sequence for the corresponding isotype.
Because the constant region does not undergo somatic hypermutation, we counted each
mismatch between the end of the J gene and the beginning of the conserved region primer as
an error introduced by sequencing and amplification. Based on 187,500 errors found out of
104,092,368 bases analyzed, we estimated the error rate to be 1.80 mutations per thousand
bases (95% binomial CI 1.79-1.81).

To remove sequence variation attributable to sequencing and amplification error, we built
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Table 2.2: Primers for mouse heavy chain B cell receptors.

Primer name Sequence

P7-VH1-MsFR1-A CCTGGGGCTTCAGTGA
P7-VH1-MsFR1-B GCCTGGGACTTCAGTGA
P7-VH1-MsFR1-C CCTGGGGCCTCAGTGA
P7-VH1-MsFR1-D GCCTGGGGCTTCAGTAA
P7-VH2-MsFR1 CCCTCACAGAGCCTGT
P7-VH3-MsFR1 CTTCAGGAGTCAGGACCT
P7-VH5-MsFR1-A  GTCCCTGAAACTCTCCTGTG
P7-VH5-MsFR1-B  GCCTGGAAGGTCCGT
P7-VH5-MsFR1-C GTCCCTGAAACTCTCCTG
P7-VH7-MsFR1 TTCTCTGAGACTCTCCTGTG
P7-VH9-MsFR1 TGGAGAGACAGTCAAGATCTCC
P7-VH10-MsFR1  GATTGGTGCAGCCTAAAGG
P7-VH11-MsFR1  GCTTGGTGCAACCTGG
P7-VH12-MsFR1  TGCTGTCATCAAGCCATCA
P7-VH14-MsFR1  AGTCAAGTTGTCCTGCA

Ms-Tim-IgM
Ms-Tim-IgD
Ms-Inner-IgG1
Ms-Inner-1gG2
Ms-Inner-IgG2b
Ms-Inner-I1gG3
Ms-Tim-IgA
Ms-Tim-IgEc

GGGAAGACATTTGGGAAGGAC
TGAGAGGAGGAACATGTCAG
GCTCAGGGAAATAGCCCTTGAC
GCTCAGGGAAATAACCCTTGAC
ACTCAGGGAAGTAGCCCTTGAC
GCTCAGGGAAGTAGCCTTTGAC
GTCAGTGGGTAGATGGTGG
CCAGGCAGCCCAGGGTCATGG
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Table 2.3: PCR conditions.

1st PCR 2nd PCR
usual initial mix
per rxn MM 10
10x buffer 3 uL Q mix 4
MgCl12 1.8 f primer 0.4
2mM dNTP 3 r primer 0.4
VvV primer 3 template 0.5
¢ primer 3 H20 4.7
template 4uL (200ng total)
Taq 0.3 2nd PCR cycle
H20 11.9 usual illumina cycling
total 30
95°C 15 min
1st PCR cycle 95°C 30s (x 12 cycles)
60°C 458
94°C 7 min 72°C 1.5 min
94°C 30s (x 35 cycles) 72°C 10 min
56°C 45s
72°C 1.5 min
72°C 10 min

separate phylogenetic trees for each cell type (naive, germinal center, memory, and plasma
cells) in each clonal lineage identified by partis. We calculated the nucleotide Hamming
distance between each pair of sister sequences in the tree and conservatively counted sister
sequences from the same cell type and tissue as a single unique sequence if they differed by

two nucleotides or fewer.

2.4.4 Details of the mathematical model

Let fZN =N,/ Zj N be the frequency of gene i in the naive repertoire and flE =F;/ Zj E;

the frequency of gene 7 in the experienced repertoire. The latter is is given by:

_ SiNjaB SN
> SiNjaB 358N

fF (2.2)
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and the ratio p; of the experienced and naive frequencies of gene i is therefore given by:

o ﬁ __SiNi 2.5 N

;= —
I )
Zisify A

(2.3)

where A = >° y Sif jN is the expected selection factor across genes in the naive repertoire.

From Eq. 2.2, notice that the ratio of the experienced frequencies of two genes ¢ and j
is (S;N;)/(SjN;). Thus, if neither 7 nor j are under selection (S; = S; = 1), the ratio of
experienced frequencies is simply N;/N. j, which is equal to the ratio of the naive frequencies
of ¢ and j. In contrast, if 7 is selected, the ratio between its experienced frequency and the
experienced frequency of each non-selected gene j is either greater or smaller than ratio of
naive frequencies, depending on the selection factor of gene i. The stability of frequency
ratios of non-selected genes between the naive and experienced repertoires can be used to
heuristically identify genes unlikely to be under selection, which can be used to test for
selection in the remaining genes [20].

The relationship between the selection factor of gene i, 5;, and the classical selection
coefficient expressed as a difference between per capita instantaneous growth rates depends
on the precise dynamics of B cell populations. We illustrate this relationship by considering
the simple case of B cell populations growing exponentially upon activation. Let r be the
instantaneous per capita growth rate of B cells using a non-selected gene (analogous to a
wild-type growth rate in classical evolutionary genetics), and let r; be the instantaneous per
capita growth rate of B cells using selected gene 7. Note that the size of the B cell population
at the beginning of the exponential growth is the number of activated B cells using gene 1,
given by the product N;aS{, where S* is the activation selection factor for gene i.

Combining the equation F;(t) = N;S;af with the equation for exponential growth,

Ei(t) = NiS?ae’"it, we have:
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2 (2.4)

By definition, £ is the factor by which an activated B cell population using a non-selected

gene j will have increased at time ¢:

Ej(t) = Njaf = Njae™ = p=¢" (2.5)
Therefore:
S; _ .
S_; _ elrimr)t _ st (2.6)
2

where s; is the selection coefficient of gene i. Taking the natural logarithm on both sides

and solving for s;:

1
s; = gln— (2.7)

Note that if the selected gene only increases the probability of a B cell becoming activated
but has no effect on the subsequent growth rate (S; = S§* and Siﬁ = 1), its selection coefficient
will be zero. Since S; = SZ‘?‘SZ-B , we can also express s; in terms of the expansion selection

factor SZ.B
si=—-In s7 (2.8)
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2.4.5 Differential abundance test and power analysis

We used R package dacomp to perform the differential abundance test proposed by Brill et al.
[20]. The test uses a heuristic method for identifying taxa genes (taxa) whose frequency ratios
are constant across samples from the groups being tested. Genes that are not differentially
abundant across groups should have similar frequency ratios across samples and can be used
as a reference set to test if the remaining genes are differentially abundant. For each pair of
genes (7, k), the following statistic is computed to summarize the variation in the ratio of j

and k frequencies:

Zii+1
Dij=sd¥, |1 . 2.

where ¢ indexes a sample, in our case an experienced or naive repertoire from a single mouse,
Z; j is the number of unique sequences using gene j in sample i, sdg\i 1 indicates the standard
deviation across samples and N is the total number of samples (across naive and experienced
repertoires). For each gene j, the median value of S Dj . across all other genes k, S, gives a
measure of how much the frequency of gene j varies relative to the frequency of other genes.
Genes with the lowest value of S; (below a critical value Sc,i) are chosen as the reference
set. We heuristically set Serit to the 15th percentile of the distribution of ;.

Given the set of reference genes, the test for each remaining gene j consists of testing if
the frequency of j relative to the combined frequency of j plus the set of reference genes is
different between naive and experienced repertoires. First, we find the smallest combined
count of j plus genes in the reference set across all samples, A;. For each naive repertoire i, a
random variable X; ; is sampled from a binomial distribution with A; trials and probability
of success equal to the frequency of 7 in sample ¢ relative to the combined frequency of 5 and
the reference set in sample . A random variable Y}, ; is similarly drawn for each experienced
repertoire k. If gene j is not under selection, the distributions of Xj ; and Yy, ; should be

identical, a null hypothesis that can be tested with a Wilcoxon rank sum test. We performed
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separate tests for uninfected controls, mice in the primary infection group, and mice in the
secondary infection group.

To estimate the power and false discovery rate of this test when applied to detect selected
V genes in mouse B cell receptor data, we generated synthetic experienced repertoires in
which 10 genes were randomly chosen to be under selection with the same selection factor
(0.1, 0.2, 0.25, 0.5, 1, 2, 4, 5, 10). Because the test is not designed to detect selection for
genes that are only present in one or a few mice, only genes shared by at least 5 mice could
be randomly chosen to be under selection. We generated 100 synthetic datasets for each
selection factor. We sampled each synthetic dataset by taking a multinomial draw for each
experienced repertoire compartment in each mouse. The size of the draw was equal to the
number of unique sequences in that compartment in the real data, and the probability of
sampling each V gene was proportional to the product of the V gene’s naive frequency and
its selection factor. We kept the number of mice in each group (controls, primary infection
and secondary infection) fixed in the synthetic datasets. For each synthetic dataset, we
calculated the test’s sensitivity (the proportion of selected genes that were detected) and the

false discovery rate (the proportion of detected genes that were not in fact under selection).
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Figure 2.3: ELISA titers for IgG anti-hemagglutinin antibodies in mice infected with the
mouse-adapted pandemic HINT strain A /Netherlands/602/2009.
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Figure 2.4: Rank-frequency plots of immunoglobulin heavy-chain V genes in the naive reper-
toire of C57BL/6 mice. Primary infection mice were infected with a mouse-adapted HIN1
influenza strain once and sacrificed 8, 16 or 24 days after the infection. Secondary infection
mice were infected again 32 days after the primary infection and sacrificed 40 or 56 days
after the initial infection.
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Figure 2.5: Rank-frequency plots of immunoglobulin heavy-chain V genes in the experienced
repertoire of C57BL/6 mice. Primary infection mice were infected with a mouse-adapted
HIN1 influenza strain once and sacrificed 8, 16 or 24 days after the infection. Secondary
infection mice were infected again 32 days after the primary infection and sacrificed 40 or 56
days after the initial infection. GC: germinal center cells. PC: plasma cells. mem: memory
cells.
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Figure 2.6: Correlation between naive and experienced V gene frequencies across mice in-
fected once (primary) or twice (secondary) with a mouse-adapted HIN1 strain. Points for
different mice in each group are shown together, while each line was fitted to the points of
an individual mice. GC: germinal center cells. PC: plasma cells. mem: memory cells.
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Figure 2.7: Sensitivity of the method developed by Brill et al. [20] applied to synthetic B cell
receptor sequence data under different factors. For each synthetic dataset, we randomly chose
ten genes to have the specified selection factor while setting all other genes to have a selection
factor of one. We sampled the number of sequences using each gene in the experienced
repertoire based on the genes’ naive frequencies and selection factors. We generated 100
synthetic datasets for each selection factor.
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Figure 2.8: False discovery rate of the method developed by Brill et al. [20] applied to
synthetic B cell receptor sequence data under different selection factors. For each synthetic
dataset, we randomly chose ten genes to have the specified selection factor while setting all
other genes to have a selection factor of one. We sampled the number of sequences using
each gene in the experienced repertoire based on the genes’ naive frequencies and selection
factors. We generated 100 synthetic datasets for each selection factor. The false discovery
rate is the proportion of genes identified by the test as differentially abundant between naive
and experienced repertoires that were not in fact under selection.
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Figure 2.9: Sensitivity of the method developed by Brill et al. [20] applied to synthetic B cell
receptor sequence data generated for different compartments of the experienced repertoire.
For each synthetic dataset, we randomly chose ten genes to have the specified selection factor
while setting all other genes to have a selection factor of one. Selected genes were the same
across germinal center (GC), memory (mem) and plasma cells (PC), but a separate test was
done for each compartment using each synthetic dataset. The number of sequences in each
compartment and the number of mice in each group were identical to those in the observed
data. We generated 100 synthetic datasets for each selection factor.
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Figure 2.10: Rank-frequency plots of immunoglobulin heavy-chain V genes in the naive
repertoire of C57BL/6 mice. Genes positively selected in mice infected with influenza are
highlighted in red. Primary infection mice were infected with a mouse-adapted HIN1 in-
fluenza strain once and sacrificed 8, 16 or 24 days after the infection. Secondary infection
mice were infected again 32 days after the primary infection and sacrificed 40 or 56 days
after the initial infection.
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Figure 2.11: Rank-frequency plots of immunoglobulin heavy-chain V genes in the experi-
enced repertoire of C57BL/6 mice. Genes positively selected in mice infected with influenza
are highlighted in red. Primary infection mice were infected with a mouse-adapted HIN1
influenza strain once and sacrificed 8, 16 or 24 days after the infection. Secondary infection
mice were infected again 32 days after the primary infection and sacrificed 40 or 56 days
after the initial infection. GC: germinal center cells. PC: plasma cells. mem: memory cells.
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CHAPTER 3
SELECTION AND NEUTRAL MUTATIONS DRIVE
PERVASIVE MUTABILITY LOSSES IN LONG-LIVED
ANTI-HIV B CELL LINEAGES

3.1 Introduction

High-affinity antibodies arise during the adaptive immune response from the very process
that gave vertebrates an adaptive immune system in the first place: adaptation by natural
selection. In response to infection or vaccination, mutagenic enzymes and error-prone poly-
merases cause somatic hypermutation of B cell receptors and thus create variation in their
ability to bind antigen [164]. B cells with high-affinity receptors are more likely to receive
survival and replication signals from helper T cells, and thus selection for improved antigen
binding drives the development of high-affinity B cell receptors that are later secreted as
antibodies [63, 109, 106, 168]. Understanding how the immune system evolved to facilitate
the rapid adaptation of B cell receptors during infection may provide general insights into
the evolution of adaptability.

Two features of B cell receptor genes suggest their long-term evolution has been shaped
by selection for adaptability during infection. First, the germline genes that recombine to
produce B cell receptors are enriched for nucleotide motifs that are targeted with high fre-
quency by the mutagenic enzymes involved in somatic hypermutation [138, 137, 176]. High
mutation rates provide the genetic variation required for B cell adaptation, and low B cell
mutation rates have been linked to immunodeficiency disorders [102, 18] and to the decline
in immune function with age [55]. Second, mutational “hotspots” occur where mutations
are most likely to be beneficial. Hotspots are concentrated in loops of the B cell recep-
tor protein that are directly involved in antigen recognition (complementarity determining

regions, CDRs) [122]. In contrast, structurally important regions of the B cell receptor
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(framework regions, FRs), which are usually less directly involved in antigen binding, are
enriched with motifs that have low mutability [122]. In addition, mutations in the CDRs
are more likely to be non-synonymous and involve amino acids with distinct biochemical
properties [175, 81, 140, 67]. The differential mutability of CDRs and FRs appears to focus
mutations to regions where they are likely to produce variation in antigen affinity without
destabilizing the protein. The frequency and distribution of mutational hotspots in B cell
receptor genes therefore seem to contribute to their adaptability during immune responses.

As B cells mutate during the immune response, however, changes in the frequency and
distribution of mutational hotspots might affect the subsequent adaptability of B cell recep-
tors. This change in adaptability may be especially important in B cell lineages that coevolve
with pathogens like HIV and influenza. Experimental removal of hotspots decreases both
the mutation rate of the altered site relative to others and the overall mutation rate of the
sequence [176, 73]. Loss of highly mutable motifs has been hypothesized to occur during
the immune response due to motifs’ propensity to mutate [68, 155], and decreased muta-
tion rates due to such “hotspot decay” might explain declines in the evolutionary rates of
B cell lineages over several years of HIV infection [181, 145]. In addition, changes in the
distribution of highly mutable motifs across FRs and CDRs might increase the frequency
of deleterious mutations in the former and decrease the frequency of beneficial mutations in
the latter.

Although hotspots have been shown to spontaneously decay through random mutations
[68], a full picture of the factors influencing the evolution of B cell receptor mutability is
missing. First, highly mutable motifs might be regained through mutation. Second, selection
for affinity and protein stability might favor non-synonymous mutations that incidentally
increase or decrease mutability. Finally, selection might act on somatic hypermutation rates
themselves. Although selection in theory can favor low mutation rates due to the reduced
frequency of deleterious mutations [83, 108], rapidly changing environments may indirectly

select for a higher mutation rate through its association with beneficial mutations [97, 160, 58,
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123]. Thus, although short-term differences in fitness among B cells arise from differences
in the affinity of their receptors, B cells with more mutable CDRs might have a higher
probability of producing high-affinity descendants able to keep up with evolving antigens
in the long term. Indirect selection for mutability might therefore retain or increase the
frequency of highly mutable motifs in CDRs, while mutability losses in FRs might be selected
due to the reduced frequency of destabilizing mutations.

Understanding changes in mutability may reveal constraints on B cell adaptation, but the
contributions of different mechanisms to changes in the frequency and distribution of muta-
tional hotspots during B cell responses are largely unknown. We investigated the evolution
of B cell receptor mutability by fitting phylogenetic models to sequences from long-lived
anti-HIV B cell lineages. In characterizing mutability, we considered two sequence-based
features that appear to have been strongly selected in the evolution of the adaptive immune
system: overall mutability (the density of mutagenic nucleotide motifs) and also changes
in the mutability of CDRs relative to FRs. First, we examined B cell mutability in the
unmutated common ancestors of anti-HIV antibodies. Next, we investigated the effects of
random mutations and positive selection for amino acid substitutions that increase affinity
for antigen. Finally, we tested for selection to increase, retain or decrease the frequency of

highly mutable motifs.

3.2 Results

3.2.1 Ancestral B cells have higher mutability in CDRs than FRs

To characterize changes in mutability during B cell evolution, we inferred the evolutionary
histories of previously reported B cell lineages from three HIV-1 patients. The CH103 and
VRC26 lineages comprise heavy and light chain B cell receptor sequences obtained from
high-throughput sequencing over 144 and 206 weeks of infection in two patients, respectively

[104, 39]. We also analyzed heavy chain sequences of three lineages from the VRCO1 dataset,
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which was sampled from a third patient over a 15-year period [181]. The lineages we analyzed
were originally investigated for having evolved the ability to neutralize diverse HIV strains.

To infer changes in mutability over time, we used Bayesian phylogenetic analyses (Mate-
rials and Methods) to obtain a sample of time-resolved trees from the posterior distribution
of each lineage’s genealogy for the heavy and light chains separately, and to estimate the
nucleotide sequences of all internal nodes. Mutabilities of the observed and the inferred
internal sequences were estimated using the S5F model. This model assigns relative muta-
tion rates to all five-nucleotide DNA motifs and is based on a large independent dataset of
antigen-experienced B cells [185]. The mutability of each sequence was defined as the geo-
metric mean of the S5F scores across all sites in the B cell receptor sequence. We estimated
the number, magnitude and distribution of mutability changes on all branches by computing
the difference in average log-SHF-score for all pairs of parent-descendant nodes. Fig. 3.1
illustrates mutability evolution in the heavy chain of lineage CH103.

To investigate the potential for mutability changes during the response, we first char-
acterized the mutability of each lineage’s ancestor. In the ancestors of all heavy and light
chains, sites in CDRs had higher average mutability than sites in FRs. On average across the
seven heavy and light chain ancestors, mutability was approximately 35% higher in CDRs
than in FRs (range: 26-54%; Supplementary Information, Fig. 3.6). Previous analyses of
germline V genes (which, together with D and J genes, recombine to produce mature B cell
receptors) showed that mutability is lower in FRs and higher in CDRs than expected based
on their amino acid sequences, suggesting selection to increase the frequency of highly mu-
table motifs in CDRs and decrease their frequency in FRs [122, 140]. Consistent with those
analyses, we found that the FRs of lineage ancestors had lower S5F mutability than expected
based on their amino acid sequences. On average across all heavy and light chains, the mean
FR mutability of ancestral B cell receptors was lower than 99% of sequences obtained by
randomizing their codons (according to usage frequencies in humans [119]) while keeping the

amino acid sequences constant (range: 96-100%; Fig. 3.6). However, while previous studies
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Figure 3.1: Evolution of S5F-mutability in the heavy-chain CH103 B cell lineage. a) Long-
term declines in mutability across the maximum clade-credibility tree. Nodes are colored
according to the geometric mean of the S5F mutability scores across the their sequences.
Branches measured in weeks are annotated to indicate gains (+) or losses (—) of mutability.
b) Mutability over time for a combined sample of 100 trees from the posterior distribution.
Blue points correspond to terminal nodes (observed sequences), and black points correspond
to inferred internal nodes. The red line represents an average of regression lines calculated
for each tree in a sample of 1000 trees. c) For each tree in the posterior distribution of trees
obtained for each lineage, we computed the magnitude of mutability changes on all branches,
producing one distribution per tree. The distributions for a sample of 100 trees are shown in
the main plot as overlaid densities. We also computed, for each tree, the fraction of changes
in that tree that were losses, producing one value per tree. A distribution of such values
for the full sample of 1000 trees is shown in the inset plot, with the 95% highest-posterior
density interval shown in gray. Red lines indicate the means of the distributions.

44



Whole sequence FRs CDRs

1.00—

»n

?

= ® © ¢ o o

g 050 === ———— gt - {#T —— b - 3= 9

(0]

o

S

L

0.00 -
r—1r 1T 1T 17T 1T 1 r—1 1T 1T 7T 1T 1 r— 1 1T 1T 17 1T 1
- Y = . T £ £ 24 &% =~ - T T T 4 % =~ - T T Z
T 2T 2T 5T s T ITZT TS5 2T T FE S
8 3 ¢ & 1 I 1 838 g & 13T T g3gg 21
I I £ £ 388 I g & 388 8 I I 2 & 3 38 8
o O > > o o o O O > > o o o o O > > o o o

> > > > > > > > >
Lineage

Figure 3.2: Frequency of losses relative to the total number of changes in mean log-S5F
mutability during the evolution of anti-HIV B cell lineages. Results are shown for the entire
analyzed region of the B cell receptor, and separately for framework regions (FRs) and
complementarity determining regions (CDRs). Each point denotes the fraction of changes in
mean log-S5F mutability that were losses, averaged across a sample of 1000 trees from the
posterior distribution. Vertical red lines indicate the 95% highest-posterior density interval.

found that the CDRs of V genes are typically more mutable than expected based on their
amino acid sequences [122, 140], we found the S5F mutability of CDRs in ancestral B cell
receptors to be, on average, greater than only 60% of randomized sequences with the same
amino acid sequence (range: 22-92%, Supplementary Information, Fig. 3.6). This difference
in the results for CDRs may be due to the different mutability metrics used in those stud-
ies. Both studies defined mutability as the propensity for non-synonymous mutations. In
contrast, we used the S5F model to quantify the propensity for all mutations. These results
suggest that loss of SH5F mutability in FRs is only possible if those regions undergo amino

acid changes.
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3.2.2  Mutability is more often lost than gained

Next we investigated long-term changes in mutability as B cell receptors evolved from their
ancestors. Consistent with previous analyses [145, 68], average mutability decreased with
time in four of the seven heavy and light chains (Fig. 3.1a,b; Supplementary Information, Fig-
ure 3.7). To investigate the factors contributing to those net long-term trends, we analyzed
the frequency of mutability gains and losses across branches. Mutability losses should arise
from hotspot decay, positive selection of the amino acid changes that incidentally decrease
mutability, selection for lower mutability due to the reduction in the frequency of deleterious
mutations, or a combination of those factors. Mutability gains should reflect spontaneous
hotspot gains through mutation, positive selection of amino acid changes that incidentally
increase mutability, indirect selection for higher mutation rates by association with benefi-
cial mutations, or a combination of those factors. To summarize the net contributions of
mutability-decreasing and mutability-increasing mechanisms, we computed the fraction of
branches with mutability losses out of all branches with mutability changes. By computing
the frequency of mutability losses for each tree in the posterior sample, we estimated the
posterior distribution (Fig. 3.1c).

Across the entire BCR sequence, mutability losses occurred more frequently than gains
in four of the seven heavy and light chains (Fig. 3.la,c, Fig. 3.2). On average across
the seven datasets, approximately 61% of changes in mutability were losses (range: 46-
72%). The four chains where mutability losses were significantly more frequent than gains
include three chains where mutability decreased in the long term (heavy and light chains of
CH103 and light chain of VRC26; Supplementary Information, Figure 3.7) and one chain
where mutability increased in the long term despite the high frequency of mutability losses
(VRCO01-13). This last result illustrates how mutability can increase in the long term despite
the propensity for mutability to be lost on any given branch, potentially reflecting the effects
of genetic drift, selection for mutations that incidentally increase mutability, or selection for
mutability itself.

46



The frequency of mutability losses was not significantly different from the frequency of
gains in the heavy chains of VRC26 (95% highest posterior interval 39-73%) and VRC01-19
(44-79%) and was slightly lower than the frequency of gains in lineage VRC01-01 (43-50%).

Mutability changes in FRs and CDRs were consistent with the changes observed across
the entire B cell receptor sequence. Long-term declines in mutability occurred in the FRs
of four of the seven heavy and light chains (Supplementary Information, Figure 3.8) and in
the CDRs of five of the seven heavy and light chains (Supplementary Information, Figure
3.9), and the difference between CDR and FR mutabilities changed little (Supplementary
Information, Fig. 3.10). Consistent with the net long-term trends, both CDRs and FRs had
similar frequencies of mutability losses (FR average 56%, range: 39-70%; CDR average 54%,
range: 42-63%; Fig. 3.2). Despite considerable amino acid divergence from the unmutated
ancestors in FRs (16-67% for different heavy and light chains), sequences from the last
sampling time in each dataset had lower FR mutability than 94% of randomizations with
the same amino acid sequence (range: 61-99.9%; Supplementary Information, Figure 3.11).
The lower mutability of ancestral FRs relative to their amino acid sequences was therefore
retained throughout the evolution of the B cell lineages. CDRs, however, became less mutable
relative to their amino acid sequences than the ancestors. On average across the seven
heavy and light chains, CDRs of sequences from the last sampling times were more mutable
than 35% of their corresponding randomizations (range: 7-64%; Supplementary Information,

Figure 3.11), down from 60% in ancestral CDRs.

3.2.8 Hotspot decay and selection for amino acid substitutions contribute

to mutability losses

Highly mutable motifs have been hypothesized to decay due to their propensity to mu-
tate [68, 155], but motifs should also be influenced by positive selection. The first case
is straightforward. For instance, the hypothetical sequence CAGCTT contains the highly

mutable cytosine at the center of the AGCTT motif [137, 185, 176], and a C—T mutation
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in the underlined position would decrease the mutability of the site approximately 5-fold
[185]. Positive selection on amino acid substitutions should influence motifs in two ways.
Mutational hotspots can be disrupted if selection favors amino acid sequences whose codons
happen to be, on average, less mutable than codons in the ancestral sequence. Selection can
also affect mutability in neighboring codons. For example, if selection led to the replacement
of CAG (glutamine) for CGG (arginine) in the sequence CAGCTT, the mutability of the
underlined C nucleotide (not involved in the substitution) would decrease approximately
13-fold [185].

To test if the observed losses of S5F mutability were consistent with the decay of highly
mutable motifs expected under the S5F model, we simulated B cell receptor evolution under a
model that allows for variation in mutation rates across motifs based on their S5F mutability
scores [185] (Materials and Methods). We compared changes in mutability simulated under
the S5F-based model to changes under models that do not allow for motif-driven mutation
rate variation. Instead, these models assume that the mutation rate is identical across
all sites (“uniform” model) or depends on the position within a codon (“codon-position”
model), with the relative rate for each position estimated from the data (Materials and
Methods). For each branch on the MCC tree of each lineage, we started from the inferred
nucleotide sequence of the branch’s parent node and simulated 100 replicates of a descendant
sequence. We constrained the simulations to produce the same number of synonymous and
non-synonymous changes as inferred from the data but allowed them to occur at different
positions. Thus, the overall amount of selection is expected to be the same in the data
and in the simulations, and the models differ in the locations of synonymous and non-
synonymous mutations. We then partitioned observed and simulated changes in mean log-
S5F mutability into changes caused by synonymous mutations and changes caused by non-
synonymous mutations.

Observed synonymous changes in mutability were consistent with the decay of mutational

hotspots simulated under the S5F model (Fig. 3.3a). In contrast, synonymous changes
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Figure 3.3: Changes in mean log-S5F mutability due to synonymous and non-synonymous
changes in anti-HIV B cell lineages. a) Changes in mutability due to synonymous changes,
averaged across all branches. Gray points indicate values inferred from the data, and colored
points indicate values obtained by simulation under different models. Red indicates an
S5F-based model where different nucleotide motifs mutate with different rates, dark blue
indicates a model with no mutation rate variation across sites, and light blue indicates a
model with different mutation rates for each position of a codon. Simulations were performed
independently for each branch on the MCC tree of different anti-HIV B cell lineages, starting
from the inferred sequence of the parent node. Each simulated sequence was constrained
to have the same number of non-synonymous and synonymous changes as observed in the
branch. Vertical bars indicate the 95% range obtained from 100 simulations per model.
b) Changes in mean log-S5F mutability due to synonymous and non-synonymous changes
summed across all branches of the B cell genealogies. ¢) Changes in mean-log S5F mutability
in the CDRs of 13 ancestor-descendant B cell receptor sequence pairs where binding affinity
to HIV-1 increased [104].
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simulated with constant mutation rates across motifs (uniform and codon-position models)
increased mutability in all lineages. Those results suggest that hotspot decay explains most
of the mutability loss caused by neutral mutations, and that the S5F model, in particular,
accurately describes neutral sequence evolution in B cell lineages.

However, the average non-synonymous loss simulated under the S5F model was greater
than the observed loss in 13 of 14 regions/lineages (except in the CDRs of light-chain VRC26;
Supplementary Information, Figure 3.12). While those differences are within the 95% range
of values simulated under the S5F model, the consistent overestimation of non-synonymous
mutability losses by the S5F model suggests the distribution of non-synonymous substitu-
tions is affected by mechanisms other than across-motif variation in mutation rates, such
as positive or purifying selection on specific amino acid mutations. Purifying selection may
counter mutability losses if it eliminates non-synonymous changes that happen to decrease
mutability. As previously reported by [145], we found that several non-synonymous changes
occurred with high probability under the S5F mutability model but were scarce in the MCC
trees inferred from the data (Supplementary Information, Figure 3.13), which might indicate
they were under purifying selection during the evolution of the B cell lineages. Mutability
losses caused by the ten most common transitions simulated under the S5F model were on
average 75% greater than the losses caused by the ten most common transitions observed
in the data (which in fact caused mutability gains on average in two datasets). Purifying
selection against some of the most likely amino acid transitions under the S5F model would
therefore contribute to smaller non-synonymous mutability losses than expected.

To evaluate the strength of positive selection in the B cell lineages, we used BASELINe
[184] to quantify deviations in the frequency of non-synonymous substitutions from its ex-
pected value in the absence of selection (and under the mutational biases captured by the S5F
model). In line with previous analyses of the same datasets [145] and of B cell lineages from
healthy donors [183], we detected an enrichment of non-synonymous changes in the CDRs of

four of the seven heavy and light chains (lineages CH103 and VRC26) and a lower frequency
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Figure 3.4: Selection in framework regions (FRs) and complementarity determining regions
(CDRs) of B cell receptors from anti-HIV B cell lineages. Selection strength is measured as
the log odds ratio between the observed ratio of non-synonymous to synonymous substitution
frequencies, 7/(1—m), and the ratio expected under the S5F mutability model in the absence
of selection, 7/(1 — &) [184]. Selection strength values greater than zero indicate positive
selection, and values smaller than zero indicate purifying selection.

of non-synonymous mutations than expected in the FRs of all heavy and light chains (Fig.
3.4). This result contrasts with whole-repertoire analyses showing predominantly purifying
selection across both types of regions [113], and suggests positive selection predominates in
the CDRs. However, interpretation of such dN/dS ratios as selection strengths is compli-
cated by the fact that most non-synonymous changes observed in the B cell sequences are
polymorphisms, not fixations.

The enrichment of non-synonymous mutations in CDRs suggests that positive selection is
concentrated in those regions. To estimate the potential contribution of positive selection to
the mutability loss in the CDRs, we summed non-synonymous changes in the mean log-S5F
mutability of CDRs across all branches of the MCC trees. Non-synonymous changes caused
a net loss of CDR mutability in the same four heavy and light chains where an enrichment
of non-synonymous changes was detected (Fig. 3.3b). Similarly, synonymous substitutions
caused a net loss of CDR mutability in the same lineages. On average across those four
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lineages, non-synonymous substitutions accounted for approximately 79% of the inferred
mutability loss in CDRs (range: 54-91%). On average, selection for amino acid substitutions
might therefore contribute to as much as 79% of the loss of mutability in the CDRs (in the
extreme case where all non-synonymous changes in the CDRs were under positive selection).

To investigate changes in mutability due to non-synonymous changes for which there is
evidence of positive selection, we analyzed 13 pairs of ancestor-descendant sequences exper-
imentally characterized by [104]. In all of those pairs, binding affinity increased to at least
one of the two tested HIV-1 envelope proteins. In ten of the pairs, the increase in affinity
was associated with 1-10 non-synonymous changes in the CDRs. At least some of those
non-synonymous changes were thus likely under positive selection for their effect on affinity.
Our analysis showed that, in 8 of the 10 pairs where CDRs underwent non-synonymous
changes, those non-synonymous changes caused CDR mutability to decrease (Fig. 3.3c).
Positive selection of amino acid mutations that incidentally disrupted highly mutable motifs

therefore likely contributed to the observed mutability loss in the CDRs.

3.2.4 No evidence of selection on mutability itself

Under persistent or recurrent selection, alleles that increase the mutation rate may increase in
frequency by hitchhiking with beneficial mutations, which themselves arise more frequently
due to the increased mutation rate [97, 160, 58, 123]. Such indirect selection for increased
mutation rates might therefore lead to the conservation of highly mutable motifs in CDRs,
where mutations that improve affinity are selected for during B cell evolution. In contrast,
selection to reduce the frequency of deleterious mutations [83, 108] might directly favor
mutability losses in FRs.

To test if mutability is subject to direct or indirect selection over the long term, we
compared the frequency of synonymous changes in mutability between terminal and internal
branches of the B cell trees. Terminal branches are expected to be enriched for deleterious

mutations [179, 86, 45, 98]. If mutability losses are deleterious in the long term, branches
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Figure 3.5: Frequency of losses relative to the total number of changes in mean log-S5F
mutability caused by synonymous substitutions during the evolution of anti-HIV B cell lin-
eages. Blue indicates changes on terminal branches, and black indicates changes on internal
branches. Results are shown separately for framework regions (FRs) and complementarity
determining regions (CDRs). Each point denotes the frequency of changes in mutability that
were losses, averaged across a sample of 1000 trees from the posterior distribution. Vertical
lines indicate the 95% highest-posterior density interval.
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where mutability losses occurred should be less likely to contribute descendants to the B cell
population, and would therefore be more likely terminal, rather than internal branches. In
contrast, mutability losses should be more frequent on internal branches if mutability losses
are beneficial. Because changes in mutability due to non-synonymous substitutions may be
driven by selection for B cell receptor affinity and stability, we first restricted the analysis
to mutability changes from synonymous substitutions.

We found no consistent evidence of selection to increase, retain, or decrease mutability
(Fig. 3.5). In one instance (the CDRs of light chain VRC26), mutability losses were more
frequent on terminal branches than on internal branches, possibly indicating selection against
mutability losses. In another instance (FRs of heavy chains VRC26), mutability losses
were more frequent on internal branches than on terminal branches, suggesting selection for
mutability losses. In the remaining cases, the frequencies of synonymous mutability losses
were similar in terminal and internal branches for both FRs and CDRs. No general trends
were seen when we compared terminal branches, internal branches that belong to the main
“backbone” of the tree, and other internal branches [98] (Supplementary Information, Figure
3.14), or when we included mutability changes due to non-synonymous substitutions (results

not shown).

3.2.5 Results are consistent for three of four mutability metrics

In addition to the S5F model [185], we repeated the analyses using three other mutability
metrics. The different mutability metrics were estimated from databases of somatic muta-
tions not subject to the effect of selection, such as synonymous mutations, mutations in non-
coding flanking regions of V genes, and mutations in unproductive B cell receptor genes that
are not expressed by B cells but still undergo somatic hypermutation. Two of the alternative
metrics are based on a discrete classification of DNA motifs into either hotspots or regular
motifs: the number of WRCH and DGYW hotspots [137] or the number of “overlapping”
(WGCW) hotspots [176], where W = {A/T}, R = {A/G}, H ={A/T/C}, D ={A/T/G}
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and Y = {C/T}. We also quantified mutability using the 7-mer model, which, similar to
the S5F model, assigns relative mutation rates to different motifs on a continuous scale, but
does so for seven- instead of five-nucleotide motifs [47].

Consistent with the results for S5F mutability, hotspots and overlapping hotspots de-
creased in number over time (Supplementary Information, Figs. 3.15 and 3.16) and were
lost more frequently than gained (Supplementary Information, Fig. 3.18). In contrast,
average 7-mer mutability increased over time in four of five lineages, and losses of 7-mer
mutability were approximately as frequent as gains across the entire B cell receptor sequence

(Supplementary Information, Figs. 3.17 and 3.18).

3.3 Discussion

We used phylogenetic methods to reconstruct changes in B cell receptor sequences and found
consistent loss of mutational hotspots over the course of the adaptive immune response. Our
analyses shed light on previous studies of long-term trends in mutability [145, 68] by quan-
tifying the contributions of different mechanisms to these losses. Selection for amino acid
substitutions appears to have contributed to the mutability loss in the CDRs —precisely the
regions where high mutation rates contribute the most to adaptation. However, mutability
changes caused by synonymous substitutions throughout the sequence demonstrate muta-
bility loss from the spontaneous decay of highly mutable motifs through neutral mutations.
Disruption of highly mutable motifs through selection and hotspot decay therefore seems to
be intrinsic to the evolution of B cells during affinity maturation. These factors counteract
the high mutation rate selected in the evolution of immunoglobulin genes, and they suggest
adaptability may inevitably become compromised in evolving B cell lineages.

Observed mutability losses due to non-synonymous changes were on average smaller than
expected under the S5F model. Purifying selection against amino acid changes that occur
with high probability under the S5F model may have contributed to this result. For instance,

we found tyrosine-to-cysteine to be one one of the most common amino acid mutations under
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the S5F model, and that mutation typically resulted in a loss of mutability in simulations
(Supplementary Information, Figure 3.13). Yet Y-C mutations occurred with much lower
frequency in the data, suggesting that purifying selection against Y-C mutations reduced
the non-synonymous mutability loss relative to the S5F expectation.

While mutability losses occurred both in FRs and CDRs, the higher mutability of CDRs
relative to FRs observed in ancestral receptors persisted over at least several years of B
cell evolution, suggesting that some degree of adaptability may still be maintained. This
observation may reflect survival bias: lineages in which mutability differences between CDRs
and FRs decrease over time may be less likely to persist in the long term.

Theoretical simulations [160] and experimental evolution of bacteria [58, 123] suggest
recurrent adaptation in asexual populations can select for increased mutation rates over the
long term, but we found no consistent evidence of selection to increase or retain mutability
during B cell evolution. Any long-term benefits of high mutation rates (in terms of increased
chance of producing beneficial mutations) appear insufficient to overcome the rapid decay of
highly mutable motifs through mutation and positive selection on amino acid substitutions.
We also did not detect selection for reduced mutability in FRs, despite the potential for
mutability losses to decrease the rate of destabilizing mutations. Because mutability is
already low in the FRs of V genes [122, 140] and ancestral B cell receptors (this study), it is
possible that the fitness effect of mutability losses in FRs is so small that such losses are nearly
neutral given the effective size of the B cell population. Under this “drift-barrier” hypothesis
[108], selection for decreased mutability would therefore not be able to fix mutability losses.

Losses of mutational hotspots in CDRs may reduce the adaptability of experienced B
cells since lower mutation rates reduce the supply of genetic variation available for selection.
Declines in mutation rates caused by hotspot losses may have contributed to reported declines
in the evolutionary rates of broadly neutralizing B cell lineages during chronic HIV infection
[145]. However, these losses may not be important for lineages that bind to conserved

sites. As B cell receptors evolve high affinity for conserved sites, beneficial substitutions
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become rare, and the corresponding transition from positive to purifying selection should
cause substitution rates to fall [145]. In line with the previous analysis by [145], we found
the oldest lineages to be under the strongest purifying selection in the CDRs. Those lineages
also had minimal cumulative changes in mutability over the sampling period, suggesting most
of the mutability loss occurred during early adaptation. However, as a result of hotspot loss,
these lineages might adapt poorly if formerly conserved antigenic sites suddenly acquire
mutations.

A direct link between motif-based mutability scores and rates of B cell evolution is still
lacking. Hotspot loss is associated with reduced substitution rates [181, 145], which are in-
fluenced not only by the underlying mutation rate but also by changes in selective pressures
and generation times [145]. Using robust counting [120] and a random local clock model [41],
we found no evidence for consistent declines in the synonymous or non-synonymous substitu-
tion rates of these lineages (Supplementary Information, Figs. 3.19-3.22). Simulation-based
power analysis (Supplementary Information) revealed that synonymous and non-synonymous
substitution rates had to decline at least 50% to be detected with this method (Figs. 3.23-
3.25). Observed long-term declines in S5F mutability were less than 50% (Supplementary
Information, Figure 3.7) and suggest their effects on substitution rates would not have been
detected, assuming a one-to-one relationship between the geometric mean of S5F scores and
the actual mutation rate. Additionally, inference of B cell genealogies may be affected by
non-equilibrium nucleotide frequencies, distorting inferences of absolute rates [68]. Standard
phylogenetic methods such as the ones used in this study further assume that sites evolve
independently, an assumption violated by the context-dependency of mutations in B cell
receptor sequences. More elaborate substitution models that account for the particularities
of B cell evolution [113, 68, 31] might overcome some of these limitations and help quantify
the relationships between mutability metrics and absolute mutation and substitution rates.

Our results suggest a trade-off between the short-term and long-term adaptability within

B cell lineages. Repeated infections by antigenically related pathogens, such as influenza
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viruses, often recall memory B cell populations [180, 103, 77, 8]. Preferential recruitment
of experienced, less mutable B cells at the expense of naive B cells may compromise the
long-term adaptability of the immune repertoire to these pathogens. Protection against
such pathogens may rely on a robust naive response that can complement preexisting B cell
lineages once they fail to adapt to new antigens. Weaker naive responses, for instance in
the elderly [55], may thus be problematic. Finally, some strategies for eliciting universal
responses against HIV and influenza attempt to recapitulate the evolution of long-lived,
highly mutated B cell lineages that were found to produce broadly neutralizing antibodies in
infected patients [65]. Our results suggest those approaches may be hindered by a decrease

in the adaptability of highly mutated antibodies.

3.4 DMaterials and Methods

3.4.1 Sequence data

We analyzed BCR sequences from three published studies of B cell lineages sampled lon-
gitudinally in individual HIV-1 patients not subject to antiretroviral therapy. The CH103
lineage comprises broadly neutralizing antibodies (bnAbs) isolated from individual B cells
and clonally related sequences bioinformatically isolated from high-throughput sequencing
over 144 weeks of HIV-1 infection in a single donor [104]. Likewise, the VRC26 lincage com-
prises both bnAbs isolated from individually sorted B cells and clonally related heavy-chain
sequences obtained from high-throughput sequencing over 206 weeks of HIV-1 infection in
a different patient [39]. In both cases, BCR sequences obtained from high-throughput se-
quencing were classified as clonally related to the isolated antibodies based on V and J gene
usage. A third lineage, VRCO01, was sampled longitudinally from a third HIV patient for 15
years starting from approximately five years after the date of infection. VRCO1 is a large
lineage that possibly consists of multiple independent B cell lineages [181, 145]. We therefore

used PARTIS, a recently developed hidden-markov-model-based method [130] to partition
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Table 3.1: BCR alignments analyzed. The number of sequences includes the V+J or V
germline sequences

Lineage (chain) V gene J gene N seqs N sites Sampling times (w.p.i) Segs. per point
CH103 (heavy) IGHV4-59*01 IGHJ4*01 460 321 14, 53, 92, 66, 136, 140, 144 2-232

CH103 (light) IGLV3-1*01 - 175 285 14, 53, 92, 136, 144 3-83

VRC26 (heavy) IGHV3-30*18 IGHJ3*01 681 489 38, 48, 59, 119, 176, 206 4-273

VRC26 (light) IGLV1-51%02 - 464 204 38, 48, 59, 119, 176, 206 6-212

VRCO01-13 (heavy) IGHV1-2*04 IGHJ1*01 157 351 2-43

240, 544, 580, 784, 808,

_ _ _1%* X,
VRCO01-01 (heavy) IGHV-ORF15-1%04 IGHJ4*03 124 372 832, 856, 884, 924,048

VRC01-19 (heavy) IGHV1-2*04 IGHJ1*01 110 438
w.p.i = weeks post-infection

0-35
1-28

the heavy-chain VRCO1 dataset into sets of sequences likely to have descended from the
same naive B cell, and to identify their most likely germline V and J genes. We analyzed the
three largest lineages identified in this way, hereafter VRC01-13, VRC01-01 and VRCO01-19.
We aligned each set of sequences in MACSE v1.01b [134] along with their concatenated V
and J genes (for the heavy chains) or along with their V genes only (light chains) (Table
3.1). Including the J genes in the light chain datasets produced bad alignments across the J

region.

3.4.2  Phylogenetic inference

Using BEAST v.1.8.2 [42], we fit Bayesian phylogenetic models to the BCR sequence data
in order to estimate time-resolved genealogies and internal node sequences for heavy and
light chains separately. We used a GTR nucleotide substitution model, assumed a random
local clock model to account for potential variation in substitution rates [41], and enabled
robust counting [120] to estimate the numbers of synonymous and non-synonymous changes
on each branch (Table 3.2). To reduce the number of parameters, we used empirical base
frequencies and assumed a shared nucleotide transition matrix across codon positions for
the robust counting inference. The inferred dynamics of mutability losses and gains were
qualitatively robust to the choice of demographic model (constant population size, logistic
or exponential growth) used to calculate coalescent prior probabilities. We set the V+J or

V germline sequence of each alignment as the outgroup and assigned them a sampling time
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of zero to represent the assumption that, at the start of the infection, the ancestral BCR
sequence was close to its corresponding germline genes (except for insertions and deletions
at the junctions). For each dataset, four independent MCMC chains were set to run for 500
million steps and sampled every 1,000 steps (for parameter values) and every 10,000 steps
(for trees). We downsampled the set of trees recovered by the MCMC chains to obtain 1,000
trees per chain, sampled at regular intervals between the end of the the burn-in and the end
of the entire chain.

Because of the long computation times for the larger datasets (lineages VRC26 and
CH103), their MCMC chains were interrupted before 500 million steps had been reached.
With the exception of heavy-chain VRC26, interrupted chains had ESSs close to or greater
than 200 for most parameters and for the likelihood, prior and posterior probabilities. Al-
though MCMC chains failed to converge for the heavy chain data of lineage VRC26, es-
timates of the parameters of interest (mean mutability changes and fraction of mutability
losses across the tree) were numerically close across replicate MCMC chains, and we therefore
present the results in the main text.

To investigate their ability to detect consistent changes in mutability, we repeated the
phylogenetic analyses on alignments simulated using different population genetic models
(Supplementary Methods). For alignments simulated under a model where all sites are
equally likely to mutate, mutability losses were estimated to be approximately as frequent
as gains. As expected, mutability losses were estimated to be more frequent than gains in
datasets simulated under an S5F-based model, where motifs with high S5F score have a high

probability of mutating.

3.4.8  Quantifying mutability

We quantified the mutability of different sites based on the S5F mutability model by [185],
which assigns relative mutation probabilities to each of the 1024 five-nucleotide DNA motifs.

Briefly, the scores were derived by counting the number of synonymous mutations associ-
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ated with each motif in a curated database of mutations from high-throughput sequencing
studies, followed by normalization of mutational counts based on the frequencies with which
the motifs occurred in the data and statistical estimation of the scores for absent or under-
represented motifs. The use of synonymous mutations presumably eliminates the influence

of selection and thus captures the intrinsic propensity of the different motifs to mutate.

3.4.4  Mutability of randomized sequences

To estimate the expected mutability of B cell receptors given their amino acid sequence
under random codon usage, we randomized each sequence by sampling, for each amino acid,
a codon from the set of codons encoding that same amino acid. The probability of sampling
each possible codon was equal to its relative usage frequency in humans [119]. We computed

the geometric mean of SHF mutability scores for 1000 randomizations of each sequence.

3.4.5  Simulations of sequence evolution on MCC trees

For each branch on an MCC tree, we compared the nucleotide sequences of the parent and
descendant nodes to identify the number of codon sites with non-synonymous and synony-
mous differences. Starting from the parent sequence, we simulated an alternative descendant
sequence constrained to have the same number of non-synonymous and synonymous differ-
ences from the ancestor. To introduce each mutation, we sampled a nucleotide site according
to different models for variation in mutation rates across sites (see below). We then mutated
the nucleotide at the sampled site, and either kept the mutation if the number of mutations
of the same type (synonymous or non-synonymous) was less than the corresponding number
inferred from the data, and otherwise rejected it.

To simulate sequence evolution under an S5F-based model, we sampled mutated sites with
sampling probabilities proportional to the S5F-scores of the five nucleotide motifs centered
at that each site, as in [185]. In addition to the S5F-based model, we performed simulations

under two models that assume mutation rates do not depend on the local nucleotide sequence
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around each site. First, we simulated sequence evolution under a uniform model where all
sites are equally likely to mutate. Second, we used a codon-position-based model, where
codon positions 1, 2 and 3 have different mutation rates. Estimates of the relative mutation
rates of each codon position were obtained from the robust counting inference performed in
BEAST and used to parameterize the simulations.

To model nucleotide transitions, we made use of the fact that, in addition to estimating
the relative mutation rate of different motifs, the S5F model includes the probability of
transitions between nucleotides, given the motif where a mutation occurs. All simulations
used the S5F-based nucleotide transition probabilities from [185], regardless of whether they

assumed variable or constant mutation rates across motifs.

3.4.6  Quantifying dN/dS

Because of variation in relative mutation rates across sites, standard dN/dS tests are un-
reliable when applied to B cell receptor sequence data. For example, an excess of non-
synonymous mutations relative to synonymous mutations may result from high mutability
in sites where mutations tend to be non-synonymous, leading to incorrect inference of pos-
itive selection. To estimate the strength of selection in B cell receptor sequences, we fol-
lowed [145] and used BASELINe [184] to compare the observed ratio of synonymous and
non-synonymous mutations to the ratio expected under motif-specific variation in mutation
rates. Briefly, selection strength is quantified as the log-odds ratio between w(1 — 7) and
7(1 — ), where m and 7 are the observed and expected frequencies of non-synonymous mu-
tations, respectively. The numbers of synonymous and non-synonymous mutations for each
sequence are obtained by comparing the sequence to a reference sequence, which, in our case,

was the ancestral sequence of the corresponding lineage.
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3.6 Supplementary Information

Simulation of B cell receptor alignments

To assess the power of a random local clock model [41] combined with robust counting
[120] to detect changes in synonymous and non-synonymous substitution rates during B
cell evolution, we analyzed B cell alignments simulated under different underlying mutation
rates. In each simulation, the mutation rate was either constant or variable over time, and
either constant or variable across sites. In simulations with variable mutation rates across
sites, site-specific rates either depended on the site’s S5F mutability [185] or on whether the
site was a WRCH/DGYW hotspot [137]. In simulations with variable mutation rates across
sites, mutation rates also changed over time as the S5F mutability of the sequences (or the
number of WRCH/DGYW hotspots in them) changed. Simulations are summarized below.

Scenario 1: Mutation rate constant across time and across sites.

Scenario 2: Mutation rate constant across sites but decreasing over time.

2a: 10% decrease in rate over simulation period.
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2b: 20% decrease in rate.
2¢c: 30% decrease in rate.
2d: 40% decrease in rate.
2e: 50% decrease in rate.
Scenario 3: Variable mutation rates over time and across sites.
3a: Site-specific mutation rates depend on S5F mutability.
3b: WRCH/DGYW hotspots are three times more likely to mutate.
3c: WRCH/DGYW hotspots are 30 times more likely to mutate.
For the simulations, we modified a simple forward-time Wright-Fisher model to impose
a fitness cost on non-synonymous mutations. The status of a mutation (synonymous or
non-synonymous) is defined relative to a fixed reference sequence. As a reference sequence,
we used the heavy chain sequence at the root node of lineage CH103, inferred under a
logistic growth prior (98-100% identical to sequences inferred in four replicate chains under
a constant population size prior). An initial population is generated consisting of a single
copy of the reference sequence. At each subsequent generation ¢, Ny sequences are produced
by replicating sequences from the previous generation with the possibility of mutation. We

assumed N grows logistically:

Ny
Ny = Np_1 +7rNy_q (1 — ;{1) (3.1)

Logistic growth assumes the B cell population initially expands exponentially with intrinsic
growth rate r and then saturates at the carrying capacity K.

At each generation t, we generate a number of new sequences equal to the nearest integer
to N¢. The probability that a newly generated sequence at generation ¢ descends from
sequence ¢ in generation t — 1 is equal to the fitness of sequence ¢, w;, normalized by the
sum of fitness values across the entire population at ¢t — 1. Any sequence ¢ whose amino

acid translation is the same as that of the reference sequence has fitness w; = 1. Each
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non-synonymous mutation relative to the reference sequence adds s to the value of w;, with
negative values of s representing a fitness cost (w; cannot go below 0). Newly generated

sequences undergo mutations at fixed or variable rates, depending on the scenario.

Modeling relative and absolute mutation rates

Different models have been proposed to describe variation in somatic hypermutation rates
across different nucleotide motifs [137, 185, 47]. For site i in sequence j, those models can be
used to assign a relative mutation rate m; ; to site 7, based on its local sequence context in
sequence j. However, the precise relationship between the relative mutability of a site and
the site’s absolute mutation rate is unclear. To model absolute mutation rates as a function
of the relative mutability of a sequence’s motifs, we assume that the average mutation rate
per site per generation for sequence j, fi;, is proportional to the sequence’s average relative
mutability, m;:

fj = k x mj (3.2)

Let mg be the average relative mutability of the reference sequence. We choose k so that the
reference sequence has an average mutation rate per site per generation, i, equal to 1/4L,
where L is the sequence length (in number of nucleotides):

1
k=

= 3.3
mo4L (33)

In preliminary simulations under default values for other parameters (see below), this choice
of fig = 1/4L produced alignments visually similar to those observed for real B cell lineages
in terms of overall nucleotide diversity. For any sequence j, the average mutation rate per

site per generation is then given by:

(3.4)
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Thus, a sequence with half the average relative mutability of the reference sequence has half
the average mutation rate per site per generation. Finally, site-specific mutation rates per
generation for sequence j are given by:

mi,j

3.5
mo4L (35)

Pij =M X k=

Note that scaling site-specific mutation rates to 1/4L does not change the relative mutability

of the sites. For example, for sites a and b in the same sequence j:

Haj _ ™Ma,j

Hoj — MMb,j

To models scenarios 1 and 2 (where mutation rates are independent of sequence context)
we let p1; j(t) = c(t) x 1/4L be the mutation rate per time per generation for all sites in all
sequences at generation ¢, where 0 < ¢(t) < 1. In scenario 1 we let ¢(t) = 1 for all ¢, whereas
in scenario 2 we choose decreasing values of ¢(t) for different time intervals

In the S5F-based parameterization (scenario 3a), we set m; ; to the relative mutability
scores from [185], based on a five-nucleotide window centered on site i. The first two sites
and the last two sites, for which S5F is indeterminate since the neighbors are unknown, are
assigned mutability zero. We used motif-specific transition probabilities between nucleotides
inferred by the S5F model along with motif-specific mutation rates.

In the “hotspot” parameterization (scenarios 3b-c), we let m; ; be either 1, if site 7 is
not at the central position of a hotspot, or h, if it is. Site ¢ is at the central position of a
hotspot if it is occupied by the underlined nucleotide in a WRCH or a DGY W motif, where
W ={A/T}, R={A/G}, H={A/T/C}, D={A/T/G} and Y = {C/T} [137]. A site is
assigned mutability 1 f it cannot be determined whether or not that site is at the center of
a WRCH or a DGYW motif (for example, the left neighbors of the first site in a sequence
and the right neighbors of the last site in a sequence are unknown). We assumed uniform
transition probabilities between nucleotides.
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We ran simulations for 2000 generations, sampling 25 sequences every 250 generations
starting at generation 500. We decreased c(t) by 0.2 every 250 generations starting at
generation t = 1000 for scenario 2a, by 0.4 every 250 generations starting at generation
t = 1000 for scenario 2b, by 0.5 every 250 generations starting at generation ¢ = 750 for
scenario 2c, by 0.8 every 250 generations starting at generation t = 1000 for scenario 2d,
and by 0.1 every 250 generations starting at generation ¢ = 1000 for scenario 2d.

We ran all simulations with s = —0.01, » = 0.7 and K = 1000. For scenario 2, we repeated
the simulations with s = —0.005, » = 0.01, K = 2000. Under the first set of parameters,
the simulated population reached the carrying capacity after approximately 20 generations,
before the start of sampling at generation 500. Under the second set of parameters, carrying
capacity was reached after approximately 1500 generations, well into the sampling period.

We analyzed the simulated alignments using BEAST v.1.8.2 to test if declines in syn-
onymous and non-synonymous substitution rates are correctly detected in scenarios 2 and

3.

Changes in substitution rates over time

For each tree in the posterior distributions inferred for observed and simulated alignments, we
computed the estimated synonymous and non-synonymous substitution rates for each branch
by dividing estimated counts of synonymous and non-synonymous substitutions (obtained
by robust counting) by the branch’s length measured in time. For each tree in the posterior
distributions of simulated alignments, we estimated pairwise linear regression coefficients
between branch times (predictor variable, measured at each branch’s parent node) and total,

synonymous and non-synonymous substitution rates (response variables).
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Supplementary figures and tables
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Figure 3.6: Mutability of the inferred ancestral sequences of long-lived B cell lineages (red
squares) compared with the distribution of mutability values obtained by randomizing the
ancestral codon sequence while keeping the amino acid sequence constant. Mutability was
measured as the geometric mean of the S5F scores across sites. Results are shown for the
whole sequences (WS) and separately for framework regions (FRs) and complementarity
determining regions (CDRs).
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Figure 3.7: Evolution of mutability in long-lived B cell lineages. Mutability was measured

the geometric mean of S5F scores across all sites in the sequence. Scatterplots show

mutability over time for nodes from a sample of 100 trees from the posterior distribution.
Blue points correspond to terminal nodes (observed sequences), and black points correspond

internal nodes whose sequences were inferred statistically. The solid red line represents

an average of regression lines calculated for each tree in a sample of 1000 trees, with the 95%
highest-posterior density interval for the slope of regression annotated on top of each panel.
The dashed line is the regression line obtained from observed sequences alone, excluding

internal nodes.
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Figure 3.8: Evolution of mutability in the framework regions (FRs) of long-lived B cell
lineages. Mutability was measured as the geometric mean of SHF scores across all sites in
FRs. Scatterplots show mutability over time for nodes from a sample of 100 trees from the
posterior distribution. Blue points correspond to terminal nodes (observed sequences), and
black points correspond to internal nodes whose sequences were inferred statistically. The
solid red line represents an average of regression lines calculated for each tree in a sample
of 1000 trees, with the 95% highest-posterior density interval for the slope of regression
annotated on top of each panel. The dashed line is the regression line obtained from observed
sequences alone, excluding internal nodes.
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Figure 3.9: Evolution of mutability in the complementarity determining regions (CDRs) of
long-lived B cell lineages. Mutability was measured as the geometric mean of S5F scores
across all sites in CDRs. Scatterplots show mutability over time for nodes from a sample of
100 trees from the posterior distribution. Blue points correspond to terminal nodes (observed
sequences), and black points correspond to internal nodes whose sequences were inferred
statistically. The solid red line represents an average of regression lines calculated for each
tree in a sample of 1000 trees, with the 95% highest-posterior density interval for the slope
of regression annotated on top of each panel. The dashed line is the regression line obtained
from observed sequences alone, excluding internal nodes.
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Figure 3.10: Evolution of the difference in mutability between complementarity determining
regions (CDRs) and framework regions (FRs) in long-lived B cell lineages. The relative
difference is calculated as the average log-S5F mutability of CDRs minus the average log-
S5F mutability of FRs. Each point corresponds to a node in the maximum-clade-credibility
tree of each lineage. Differences in CDR and FR mutability are plotted as a function of
genetic distance from the root of the tree, measured as the expected number of substitutions
per site since the root.
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Figure 3.11: Mutability of B cell receptor sequences from different B cell lineages relative
to the expected distribution of mutability values obtained by randomizing codon sequences
while keeping the amino sequences constant. Mutability was measured as the geometric
mean of SHF scores across sites. The distribution of mutability percentiles obtained for
sequences sampled at the last sampling time point in each dataset is shown in gray. The
mutability percentile of each lineage’s ancestor is shown in red. Results are shown separately
for framework regions (FR) and complementarity determining regions (CDRs).
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Figure 3.12: Changes in mean log-SHF mutability due to non-synonymous changes averaged
across all branches of different anti-HIV B cell lineages. Gray points indicate values inferred
from the data, and colored points indicate values obtained by simulation under different
models. Red indicates an S5F-based model where different nucleotide motifs mutate with
different rates, dark blue indicates a model with no mutation rate variation across sites,
and light blue indicates a model with different mutation rates for each position of a codon.
Simulations were performed independently for each branch on the MCC tree of different anti-
HIV B cell lineages, starting from the inferred sequence of the parent node. Each simulated
sequence was constrained to have the same number of non-synonymous and synonymous
changes as observed in the branch. Vertical bars indicate the 95% range obtained from 100
simulations per model.
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Figure 3.15: Evolution of the number of WRCH/DGYW hotspots in long-lived B cell lin-
eages. Scatterplots show the number of hotspots over time for nodes from a sample of 100
trees from the posterior distribution. Blue points correspond to terminal nodes (observed
sequences), and black points correspond to internal nodes whose sequences were inferred
statistically. The solid red line represents an average of regression lines calculated for each
tree in a sample of 1000 trees, with the 95% highest-posterior density interval for the slope
of regression annotated on top of each panel. The dashed line is the regression line obtained
from observed sequences alone, excluding internal nodes.
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Figure 3.18: Frequency of mutability losses relative to the total number of changes in mutabil-
ity during the evolution of anti-HIV B cell lineages. Rows correspond to different mutability
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100 trees from the posterior distribution inferred by BEAST. Terminal branches are shown
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Figure 3.21: Robust counting synonymous substitution rate as a function of time for the
observed lineages. Each plot shows the points corresponding to a sample of 100 trees from
the posterior distribution inferred by BEAST. Terminal branches are shown in blue, and
internal branches are shown in black.
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Figure 3.22: Robust counting non-synonymous substitution rate as a function of time for
the observed lineages. Each plot shows the points corresponding to a sample of 100 trees
from the posterior distribution inferred by BEAST. Terminal branches are shown in blue,
and internal branches are shown in black.
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Figure 3.23: Relationship between robust counting substitution rates and time for simula-
tions performed under different levels of decline in the overall mutation rate. Each black line
is the linear regression line between branch-specific rates and times for a single tree from
the posterior distribution inferred for a simulated alignment using BEAST. Each plot shows
a sample of 500 lines. The red lines are the “average” regression lines, with the average
intercept and the average slope calculated from a larger sample of 1000 trees from each dis-
tribution. Parameter values for the simulations were fitness cost s = —0.01, intrinsic growth
rate r = 0.7 and carrying-capacity K = 1000.
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Figure 3.24: Relationship between robust counting substitution rates and time for simu-
lations performed as in Figure 3.23, but using a different set of parameters (fitness cost
s = —0.01, intrinsic growth rate r = 0.7 and carrying-capacity K = 1000). Each black line
is the linear regression line between branch-specific rates and times for a single tree from
the posterior distribution inferred for a simulated alignment using BEAST. Each plot shows
a sample of 500 lines. The red lines are the “average” regression lines, with the average
intercept and the average slope calculated from a larger sample of 1000 trees from each
distribution.

86



S5F-based model

slope = -2.2e-08 [-8.32e-08, 4.2e-08] slope = —1.5e-08 [-4.47e-08, 1.13e-08] slope = -6.6e-09 [-5.72e-08, 3.96e-08]
Q
S 5,10%] £ 15x10" 2
° 2 ©
& ] 2
c |73
E 4 g
2 g 5
2 £ :
3 S z
° T T T 1 Ugf T T T 1 f T T T 1
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Time since MRCA (generations) Time since MRCA (generations) Time since MRCA (generations)

Hotspot-based model (3x)

slope = 2.4e-08 [-5.62e-08, 1.3e-07] slope = 1.2e-08 [-2.3e-08, 4.13e-08] slope = 1.3e-08 [-7.1e-08, 9.39e-08]
jo}
) ® 1.5x107 7 .
< 5 S 2 4x107 Z
o g = g »
s 2 1.25x107 8 35x1077
c 7 —
(s} k=] E -4
S > 2> 3x10
£ 2 1x10* g S
z g > 25x107 =
5 | - |
% 2 75x 10 S 2x107%-
3 g =
F 2x10™ T T T T (f>)‘ T T T 1 1.5x107 T T T 1
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Time since MRCA (generations) Time since MRCA (generations) Time since MRCA (generations)
Hotspot-based model (30x)
slope = 8e-10 [-3.98e-08, 4.17e-08] slope = -1e-08 [-3.11e-08, 1.19e-08] slope = 1.1e-08 [-1.57e-08, 4.34e-08]
jo} -~ -
@ § gx10 © 22
LT 5 e . =
% é 7%x10°° g 1.25x10
5 I}
c @ _5
2 3 6x10 S 10
=3 2] c
= (23 -5 2
k7 S 5x10 <
o 1<) > 5
a £ 5 P 7.5x10
@ 2 4x10 5
I}
5 2 - z
F 8x10° @ 8x10 5x10°°

T T T T T T T
500 1000 1500 2000 500 1000 1500 2000

T T T T
0 500 1000 1500 2000
Time since MRCA (generations) Time since MRCA (generations) Time since MRCA (generations)

Figure 3.25: Relationship between robust counting substitution rates and time for simu-
lations performed under models where the mutation rate at each site depends on its S5F
mutability or on whether that site is at the center of a WRCH/DGYW hotspot (in which
case it mutates either 3 or 30 times more frequently than non-hotspots sites). Each black
line is the linear regression line between branch-specific rates and times for a single tree from
the posterior distribution inferred for a simulated alignment using BEAST. Each plot shows
a sample of 500 lines. The red lines are the “average” regression lines, with the average
intercept and the average linear coefficient calculated from a larger sample of 1000 trees
from each distribution.

87



Table 3.2: BEAST priors. Priors are left at the default choices expect where specified below.

Parameter Description Prior Initial value
CP1l.mu Relative rate for codon position 1 T'[0.05, 10] 1
CP2.mu Relative rate for codon position 2 I' [0.05, 10] 1
CP3.mu Relative rate for codon position 3 TI' [0.05, 10] 1
clock.rate Substitution rate Uniform[0,10]  0.0001
logistic.popSize  Pop. size under logistic growth Default 100
logistic.growRate Logistic growth rate Default 0.5
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CHAPTER 4
ASYMMETRIC CROSS-LINEAGE PROTECTION SHAPES
THE DISTINCT AGE DISTRIBUTIONS OF INFLUENZA B
LINEAGES

4.1 Introduction

The incidence of pathogens that induce long-lasting immunity, such as measles or mumps,
typically peaks at a young age and subsequently decreases as older hosts are more likely
to have been infected [56, 7, 62]. However, many pathogens are able to infect the same
host multiple times as antigenically distinct strains. Changes in the prevalences of strains
over time can lead to different infection histories in hosts born at different times, and such
differences in infection history might lead to more complicated distributions of infection [64,
88, 89]. Influenza viruses, for instance, circulate as multiple antigenically distinct variants,
including the “types” A and B, “subtypes” of influenza A, “lineages” of influenza B, and
clades within them. Changes in variant prevalence over time [82, 139, 144] generate different
infection histories that are correlated across birth cohorts, but how differences in infection
history translate into protection and shape the age distribution of influenza infections is not
fully understood.

Early childhood infections with influenza A have long-lasting consequences for protection
against influenza A subtypes, a phenomenon termed “immune imprinting” [60, 61, 10]. Sub-
types are distinguished by their surface proteins, hemagglutinin (HA) and neuraminidase
(NA). Different subtypes of influenza A have circulated in the 20th century [82], and pro-
tection against severe infection and death is higher to subtypes whose HAs are genetically
similar to the HA of the subtype with which a person was likely first infected [60, 61, 10]. For
instance, early infection with HIN1 or H2N2 is associated with lifelong protection against

severe infections with H5N1 and HIN1, and early H3N2 infection protects against severe
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infection with H7N9 and H3N2 (the H3 and H7 HAs are more related to each other than
to the H1, H2, and H5 HAs). Subtypes HIN1 and H2N2 were the only subtypes circulating
between 1918 and 1968, and H3N2 has been more common than HIN1 since 1968. Thus,
the age distributions of clinical infections with HIN1 and H5N1 skew young, and the distri-
butions of H7TN9 and H3N2 infections skew old [60, 61, 10], because of the lasting impact of
childhood immunity to the first HA encountered.

Despite its durability, imprinting protection does not completely prevent re-infection
with the same subtype, and models based on imprinting protection alone cannot completely
recapitulate the age distribution of cases [61, 10]. Longitudinal analyses of antibody titers,
which reveal subclinical infections, suggest that protection after infection with influenza
type A decreases significantly within 3.5-7 years [90, 133]. Repeated clinical infections of
the same subtype have been observed in the same person [149, 54, 37, 70] and are likely
enabled by antigenic evolution of HA and NA, which experience strong positive selection
(24, 49, 150, 14]. Thus, protection against infection with a subtype appears to depend not
only on imprinting protection (early infection with that subtype or another) but also cross-
protection from recent infections with that subtype. This cross-protection can be sensitive
to the precise strains with which a person was infected, apparent as birth cohort effects
[105, 127].

Like the different subtypes of influenza A, the two lineages of influenza type B have
distinct age distributions of medically attended infections. B/Victoria and B/Yamagata di-
verged in the 1970s to early 1980s [139, 43| and circulated with varying frequencies since
(Fig. 4.1A), causing 25% of global influenza cases detected in 2000-2018 [25]. While the inci-
dence of medically attended infections is highest in children for both lineages, B/Yamagata
is less common than B/Victoria in teenagers and young adults but more common in the
middle-aged (Fig. 4.1B). This difference has been observed in the 2000s and 2010s in Ocea-
nia [171], East Asia [162, 182], Europe [153, 128] and North America [147] and globally in

sequence databases [172]. Changes in the expression of sialic acid receptors with age have
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Figure 4.1: Historical frequencies and age distributions of the influenza B lineages.
(A) Frequency of B/Yamagata estimated from sequences deposited on GISAID and the
NCBI Influenza Virus Database. Frequencies were estimated for New Zealand and Australia
combined, except when fewer than 10 isolates from those countries were available. Numbers
inside the circles show the total number of isolates for each season. Only seasons with at least
10 isolates, either in New Zealand and Australia combined or across all countries represented
in the data, are shown. (B) Distribution of medically attended influenza B cases in New
Zealand in 2001-2012 by birth year of the infected person [171]. The fraction of cases in
each birth year was calculated relative to all cases observed for each lineage (including birth
years before 1970, not shown in the figure).
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been proposed to explain the lower mean age of B/Victoria cases [171], but this explanation
does not account for the higher frequency of B/Yamagata cases in middle-aged people.

Alternatively or in addition to physiological changes, differences in cohorts’ susceptibility
to influenza B lineages might arise from differences in cohorts’ infection histories. It is unclear
if people have increased protection against their first infecting influenza B lineage. One
hypothesized mechanism for immune imprinting in influenza A is antibodies to conserved
epitopes [60, 61]. Since B/Victoria and B/Yamagata diverged from each other more recently
[139, 26, 43] and evolve antigenically much more slowly than the influenza A subtypes [14, 13,
171], conserved epitopes within a lineage might also be conserved between lineages, leading
to strong protection by antibodies targeting those epitopes, regardless of which lineage was
encountered first.

To investigate how protection might arise from infections with B/Victoria and B/Yamagata
and contribute to differences in their age distributions, we fitted a statistical model to medi-
cally attended influenza B cases in New Zealand and Australia. The model used the estimated
historical frequencies of the lineages to estimate the probabilities of different infection his-
tories and the strength of within- and cross-lineage protection from previous infections. We
found that differences in cohorts’ susceptibility to each lineage are consistent with strong
cross-protection between strains of the same lineage but asymmetric cross-protection be-
tween the lineages, with strong protection against B/Yamagata from B/Victoria but weak
protection against B/Victoria from B/Yamagata. Similar to the immune imprinting reported
for influenza A subtypes, we found additional protection against B/Yamagata in people first
infected with it, but the strength of a similar effect for B/Victoria could not be estimated
with confidence. The asymmetric cross-lineage protection is consistent with previous serolog-
ical observations and suggests the immune response to primary B/Victoria infections focuses
on epitopes shared between the lineages, whereas the response to primary infections with
B/Yamagata focuses on epitopes that are not shared by B/Victoria. Characterizing individ-

uals’ antibody specificity after influenza A and B infections, and understanding how such
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specificity arises from past exposure, could help explain variation in infection risk over time

and the unexpected age distributions of influenza A and B cases.

4.2 Results

4.2.1 Changes in the age distributions of B/Victoria and B/Yamagata

over time suggest cohort effects

To evaluate explanations for the distinct age distributions of B/Victoria and B/Yamagata,
we analyzed medically attended influenza B infections detected by influenza surveillance
from 2001 to 2012 in New Zealand and Australia. These data were previously analyzed by
Vijaykrishna et al. [171] (Materials and Methods: “Case data”; Fig. 4.1B, Figs. 4.4-4.5). We
focused on the New Zealand cases because they could be designated as coming from sentinel
general practitioners (sentinel data, representing mild cases) or from hospital samples mostly
from inpatients (non-sentinel data, representing more severe cases). Age distributions can
differ between inpatients and outpatients [153]. Although Australian cases came mostly
from hospital samples, the proportions coming from inpatients and from hospital clinic or
emergency room outpatients were unknown.

If the age distribution of cases is strongly shaped by cohort-specific factors, such as
childhood infections, the distribution of cases by birth year should change modestly over
time, as each cohort retains approximately a similar risk of infection [60]. We tested this
prediction using the case data from New Zealand and found that the mean birth year of cases
did not change noticeably over time (95% Cls for regression coefficient: -0.14-0.39 and -0.15-
0.38 for B/Victoria and B/Yamagata) (Fig. 4.6). Although some change in the mean birth
year of cases may have occurred due to deaths in the elderly, births, and infection of naive
children, the resulting change in the overall distribution of cases by birth year was too small
to detect. If birth year better predicts infection risk than age, the age distribution of cases
should be unstable over time [60], although complex multiannual dynamics can also cause
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short-term fluctuations in mean age. From 2001 to 2012, the mean age of cases increased by
0.88 year each year for both B/Victoria and B/Yamagata (95% CI 0.61-1.14 for B/Victoria,
0.62-1.15 for B/Yamagata) (Fig. 4.6), more than the average annual increase in the mean
age of the general population (0.16 year, Materials and Methods: “Demographic data”).
These results suggest susceptibility to medically attended influenza B infections depends on

cohort-related factors in addition to factors related to age itself.

4.2.2  Statistical model of influenza B infections by birth year

To test if differences in cohorts’ susceptibility arise from different infection histories via im-
mune imprinting and cross-protection within and across lineages, we fitted a statistical model
to the observed cases by maximum likelihood (Materials and Methods: “Statistical model of
influenza B susceptibility based on infection history”). To limit model complexity, we fitted
to cases from people born since 1952, i.e., to people 60 years old or younger at the time
the cases were observed. Including older people (Fig. 4.4) would have required additional
parameters to describe age-related changes in susceptibility, vaccination, healthcare-seeking
behavior, and contact rates, and potentially multiple ancestral strains. We found similar
parameter estimates when moving the birth year cutoff five years in each direction (1947
and 1957).

The model describes the probability that a case of a particular lineage in a particular
season occurs in a person born in a particular birth year, and it bases these probabilities on

the following factors:

1. Demography. The fraction of the population born in a particular birth year gives a

baseline probability that a case occurs in a person born in that year.

2. Age-specific effects on infection risk. Age can affect rates of contact with infectious
people and susceptibility to infection [117, 114]. We assumed that preschoolers (0-

5 years old), school-age children and teenagers (6-17) and people 18 and older had
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different baseline probabilities of infection.

. Age-specific effects on reporting. We assumed infections in children 0-4 years old had a
different probability of receiving medical attention and being reported than infections
in the rest of the population (estimates of protection were similar when we used an

alternative interval of 0-2 years old).

. Infection history. The probability of observing a case of a lineage in a birth cohort
could be modified by the average susceptibility of people in that cohort to that lineage,
based on the cohort’s infection history. Susceptibility is defined as the probability of
infection given exposure, relative to that of a naive person. We estimated the probabil-
ities of different infection histories for each cohort using a discrete-time model in which
the probability of becoming infected with either lineage depends on the lineages’ his-
torical frequencies (Materials and Methods: “Infection history probabilities”), which
we estimated using sequence databases (Materials and Methods: “Historical frequen-
cies of influenza B lineages”). Consistent with trends observed in other countries [144]
(Fig. 4.7), we found that B/Yamagata was the dominant lineage in New Zealand in
the 1990s. B/Victoria started circulating at high frequencies in the early 2000s, and

the two lineages have circulated with alternating frequencies since (Fig. 4.1A).

We examined three effects of past infection (Table 4.1):

(a) Within-lineage protection. Any previous infection with B/Victoria or B/Yamagata
decreases susceptibility to future infections with the same lineage by fractions xyy/

and xyy, respectively.

(b) Cross-lineage protection Cross-lineage protection against a lineage was estimated
as a fraction () of the corresponding within-lineage protection against that lin-
eage: Xxyy = Yy X Xyy and xyy = yyy X xyy, where xyy is the pro-
tection from B/Victoria against B/Yamagata and xyy is the protection from

B/Yamagata against B/Victoria. We assumed that once a person was infected
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with a lineage, within-lineage protection superseded protection from previous in-

fection with the other lineage.

(¢c) Lineage-specific imprinting. To represent increased protection against the lineage
of first infection, susceptibility to B/Victoria and B/Yamagata could be further

reduced by Ry or Ry if a person was first infected with the corresponding lineage.

(d) Infection with influenza B strains before 1988. Because sequence data were too
scarce before 1988 to reliably estimate the frequencies of B/Victoria and B/Yamagata,
we treated all infections before 1988 as infections with a separate “ancestral” lin-
eage A and estimated protection from those infections against B/Victoria (x 41/)
and B/Yamagata (y 4y ). Those infections encompass the ancestral influenza B
lineage before the split between B/Victoria and B/Yamagata and also strains
circulating between the split and 1988. An infection with A, if it occurred, was
necessarily a person’s first infection. We modeled those infections to capture the
middle part of the age distributions of cases, but because of the uncertain identity
and antigenic phenotype of strains circulating in that period, we interpreted the

associated parameters with caution.

We assumed that the protection conferred by an infection against future infections
depends on lineage but not on the time between infections. Consistent with this
assumption, average genetic divergence between lineages was greater than evolution
within each lineage over the study period (Fig. 4.8; Materials and Methods: “Sequence
divergence analysis”). By 2012, the last year in the case data, the amino acid divergence
of the lineages’ HAs was approximately 7% from their B/Victoria and B/Yamagata
founders in the late 1980s (Fig. 4.8), whereas divergence between the lineages in
2012 was approximately 14%. Assuming cross-protection from past exposures does
not decay appreciably over time allowed us to calculate infection history probabilities
exactly without the need for dynamical simulations (Materials and Methods: “Infection

history probabilities”).
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Table 4.1: Possible infection histories in terms of the lineage of first infection and lineages
encountered since.

1st infection Lineages encountered later Symbol Susceptibility to B/Vic Susceptibility to B/Yam

None None Py 1 1

% None Py (I =xvv)(1 - Ry) (1 -xvy)

1% Y Pyy (1 =xvv)(1 = Ry) (1—xvy)

Y None Py 1—xyv (I —=xyy)(l—Ry)
Y 4 Pyy 1= xyy (1 —=xyy)(l - Ry)
A None Papo 1—xav 1—xay

A 4 Pavo L—xvv 1 —max(xay, xvy)
A Y Payo 1 —max(xav, xyv) 1—xyy

A V and Y (any order) Pyivyy 1—xyv 1—xyy

V indicates B/Victoria, Y indicates B/Yamagata, and A indicates strains circulating before 1988.
Susceptibility to each lineage depends on within-lineage (xvv, Xxyy) and cross-lineage (xvy,
XYV, XAV, XAy ) cross-protection from prior infections regardless of their order and on additional
protection against the lineage first encountered (Ry and Ry). Only the strongest cross-lineage
protection term is assumed to affect susceptibility. Within-lineage protection is constrained to be
stronger than cross-lineage protection against the same lineage.

Influenza vaccine coverage was low in New Zealand during the study period, except in

the elderly (5% or lower for ages 0-49, 14 % for ages 50-64 and 64% for ages 65 and older in

2012 [107]), and we thus ignored protection by vaccination.

4.2.83  Infection probabilities estimated by the model are consistent with

estimates from independent serological data

To test if our model produced realistic estimates of infection risk, we compared estimates
from the model fitted to the New Zealand case data with estimates based on cross-sectional
serology from children in the Netherlands [17] (Materials and Methods: “Model validation
with independent serological data”). The annual probability of influenza B exposure (which,
for naive people, is equal to the probability of infection) for preschoolers was very similar
between our model (81 = 12%, 95% CI 9-15%, Table 4.2) and that inferred from Dutch
seroprevalence data (12%, 95% CI 10-14%). These estimates are also within the range of
infection probabilities estimated from longitudinal studies [116, 70, 66, 72]. However, the
estimated exposure probability for school-age children (6-17 years old) was significantly lower
in our model than in the serological study (82 = 14%, 95% CI 11-17% vs 22%, 95% CI 16-
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Table 4.2: Parameter estimates for the model fitted to the distribution of mild (sentinel)
and severe (non-sentinel) cases in New Zealand.

Parameter MLE (95% CI) Definition
51 0.12 (0.09-0.15) Annual exposure probability for preschoolers (0-5 years old)
55 0.14 (0.11-0.17) Annual exposure probability for people 6-17 years old
B3 0.16 (0.11-0.22) Annual exposure probability for people 18+ years old
XvVv 0.93 (0.91-0.97) Protection against B/Vic from any prior B/Vic infection
XYY 0.83 (0.64-0.92) Protection against B/Yam from any prior B/Yam infection
Wy 1.00 (0.83-1.00) Protection from B/Vic infection against B/Yam (as a fraction of yyy)f
Wwv 0.00 (0.00-0.19) Protection from B/Yam infection against B/Vic (as a fraction of xyy/)T
Ry 0.00 (0.00-0.95) Additional B/Vic protection if 1st infection was with B/Vic
Ry 1.00 (0.62-100) Additional B/Yam protection if 1st infection was with B/Yam
YAV 1.00 (0.97-1.00)  Protection against B/Vic from pre-1988 infections (as a fraction of xy)f
YAY 0.45 (0.00-1.00)  Protection against B/Yam from pre-1988 infections (as a fraction of ny)Jf
P 0.90 (0.69-1.18) Reporting factor for children 0-4

"In the model, cross-lineage protection does not apply when within-lineage protection is present.

27%), perhaps because only children up to 7 years old were represented in the serological
data. The fraction of children with detectable antibodies against B/Victoria was close to
the prediction from our model, but more children had detectable B/Yamagata antibodies
than predicted by the model (Fig. 4.9). This discrepancy is consistent with the presence of
antibodies from B/Victoria infections that cross-react with B/Yamagata but not vice-versa
[139, 100, 101, 148, 96].

The infection probabilities estimated from our model and from cross-sectional serology
represent an average probability across influenza seasons. Differences between estimates from
our model and those based on serology might reflect differences in the intensity of influenza
B circulation or in lineage frequencies between New Zealand and the Netherlands in the

periods represented in each dataset.

4.2.4  FEwvidence for asymmetric cross-lineage protection and immune
mprinting
We first fitted the model to the complete New Zealand data to estimate protection against

medically attended influenza B infections in general, including mild (general practice) and

more severe (hospital-associated) cases. The distributions of B/Victoria and B/Yamagata
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are most consistent with strong within-lineage protection, asymmetric cross-lineage pro-
tection, and imprinting protection against B/Yamagata (Table 4.2, Fig. 4.10). Any pre-
vious B/Victoria infection decreased the probability of medically attended infection with
B/Victoria by 93% (xyy = 93%, 95% CI 91-97%), and any previous B/Yamagata infec-
tion decreased the probability of future medically attended B/Yamagata infection by 83%
(xyy = 83%, 95% CI 64-92%). Protection against B/Yamagata after B/Victoria infections
appeared as strong as protection after B/Yamagata infection itself (yyy = 100%, 95% CI
83-100%), corresponding to an 83% reduction in susceptibility to B/Yamagata in people
infected only with B/Victoria (xyy = 83%, 95% CI 68-83%). However, B/Yamagata in-
fections provided little to no protection against medically attended B/Victoria infections
(vwy = 0, 95% CI 0-19%; xyy = 0, 95% CI 0-18%). People for whom B/Yamagata was
the lineage of first infection had an additional 62-100% reduction in susceptibility against
medically attended B/Yamagata infection compared with people infected with B/Yamagata
after a primary B/Victoria infection (Ry = 100%, 95% CI 62-100%). However, the strength
of imprinting for B/Victoria was effectively non-identifiable (Ry = 0%, 95% CI 0-95%).

While the data support both asymmetric cross-lineage protection and imprinting protec-
tion against B/Yamagata, imprinting has a modest impact on the shape of the age distri-
bution of B/Yamagata cases compared with the effect of asymmetric cross-lineage protec-
tion. Fitting the model while constraining B/Yamagata to be strongly protective against
B/Victoria (setting vy = 0.9), or constraining B/Victoria to give no protection against
B/Yamagata (yyy = 0), underestimated cases of B/Victoria and overestimated cases of
B/Yamagata in cohorts born around 1990 (Aarc = 105 and 20, respectively; Figs. 4.11 and
4.12). In contrast, fitted without imprinting protection against B/Yamagata (Ry = 0), the
model could still capture the low incidence of B/Yamagata in cohorts born around 1990,
albeit with a poorer fit (Axrc =9, Fig. 4.13).

The model therefore explains the lower incidence of B/Yamagata compared to B/Victoria

among people born in the late 1980s and early 1990s primarily via strong within-lineage
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Figure 4.2: Probabilities of different infection histories with influenza B in New Zealand for
people born between 1952 and 2007 and observed in 2007. Infection histories consist of the
lineage of first infection and lineages encountered later regardless of their order. (A,0,0): First
infection before 1988 and no subsequent infections with either B/Victoria or B/Yamagata.
(A,Y,0) and (A,V,0): First infection before 1988 followed by B/Yamagata but not B/Victoria
and by B/Victoria but not B/Yamagata, respectively. (A,{V,Y}): First infection before
1988 followed by infections with both B/Victoria and B/Yamagata in any order. (Y,V)
and (Y,0): First infection with B/Yamagata, with and without a subsequent B/Victoria
infection. (V,Y) and (V,0): First infection with B/Victoria, with and without a subsequent
B/Yamagata infection. (0): fully naive to influenza B.
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Figure 4.3: Observed and predicted distributions of mild and severe influenza B cases in
New Zealand by birth year. The model was simultaneously fitted to the age distributions
in each observation year from 2001 to 2012, accounting for uncertainty in the birth year of
each reported case given the patient’s age. For plotting, we pooled observed and predicted
numbers of cases across observation years for each birth year, assuming the earliest possible
birth year for each age (e.g., an age of 10 in 2000 was assumed to correspond to the birth
year 1989). Red lines and dots show the predicted distribution under the model. Vertical
bars are 95% bootstrap confidence intervals. In the bottom row, predicted and observed
fractions of cases were normalized by dividing by the fraction of the population born in that
birth year (i.e., the null expectation if all birth years were infected at the same rate). Cases
in people born in 2011 (with wide bootstrap CIs) were omitted from the bottom row to
improve visualization but are shown in Fig 4.14.

101



protection and asymmetric cross-protection between the lineages. By 2007 (the midpoint
of the surveillance period), 62% of people born between 1987 and 1993 had been infected
with B/Yamagata (of which 94% had B/Yamagata as their first influenza B infection, Fig.
4.2). Another 26% had never been infected with B/Yamagata but had been infected with
B/Victoria and therefore had cross-lineage protection against B/Yamagata. Thus, the model
estimates that 88% of people born in 1987-1993 were protected against medically attended
infection with B/Yamagata in 2007. In contrast, only the 51% of people who had been
previously infected with B/Victoria had any protection against B/Victoria, since people
infected only with B/Yamagata had little to no protection against B/Victoria. As a result,
average susceptibility to B/Victoria in cohorts born in 1987-1993 was three times higher
than susceptibility to B/Yamagata (53% versus 18% that of a naive person) (Fig. 4.3).

The model estimates that infections with strains circulating before 1988 provided strong
protection against medically attended B/Victoria infections in 2001-2012 (x4 = 93.3%,
95% CI 93.2-93.3%) and less protection against B/Yamagata (x 4y = 38%, 95% CI 0-67%)
(Table 4.2). This result suggests that the ancestral strains that preceded the lineage split
were antigenically more similar to B/Victoria than to B/Yamagata. However, because the
protection from the ancestral strains against B/Yamagata was weaker than the protection
from B/Victoria against B/Yamagata, ancestral strains also seem to have been antigenically
farther from B/Yamagata than is B/Victoria. Because we grouped infections before the
lineages split with infections that occurred between the split and 1988, it is possible that the
stronger protection estimated against B/Victoria derives from higher incidence of B/Victoria
during that period (which we are unable to detect).

Together, protection against B/Victoria from early strains, cross-lineage protection against
B/Yamagata from B/Victoria, and potentially stronger imprinting from B/Yamagata infec-
tions can explain why B/Yamagata cases in 2001-2012 were less common in people born
around 1990 than in older people. We estimated that susceptibility to B/Yamagata was

47% higher on average in people born before 1986 than in people born between 1987 and
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1993 (Fig. 4.3). Most people born before 1986 (78%) were first infected with strains cir-
culating before 1988 (Fig. 4.2). Although most (64%) of those people had been infected
with B/Yamagata by 2007, they lacked the imprinting protection of people born in the late
1980s and early 1990s. Most people born before 1986 also lacked the cross-protection from
B/Victoria infections against B/Yamagata, since infection with strains circulating before
1988 prevented B/Victoria infections in most (80%) of them.

These results were qualitatively robust to underestimation of sentinel cases in New
Zealand (Materials and Methods: “Estimating missing sentinel cases and cases with missing

lineage information”; Fig. 4.15).

4.2.5  Strong within-lineage protection dwarfs the effects of imprinting on

SEevere cases

We next fitted the model separately to general practice and hospital-associated cases to
investigate protection against cases likely to be relatively mild or severe, respectively. General
practice cases correspond to the sentinel branch of the New Zealand data, while hospital-
associated cases include the non-sentinel branch of the New Zealand data and cases from
Australia. Although the proportions of inpatients and outpatients in the Australian data are
unknown, the distribution of cases by birth year in Australia was more strongly correlated
with the birth year distribution of non-sentinel New Zealand cases, which came mostly from
hospital inpatients (B/Victoria: r = 0.76, 95% CI 0.65-0.84; B/Yamagata: r = 0.53, 95%
CI 0.36-0.66), than with the distribution of New Zealand sentinel cases, which were recorded
in general practice outpatients (B/Victoria: r = 0.36, 95% CI 0.14-0.54; B/Yamagata: r =
-0.18, 95% CI -0.4--0.06) (Fig. 4.16). This result suggests cases observed in Australia were
similar in severity to those observed in the New Zealand non-sentinel data.

When fitting the model to general practice cases alone, we found estimates of protection
against B/Victoria similar to those obtained for the complete New Zealand data, with strong

within-lineage protection and little to no protection from B/Yamagata (Figs. 4.17 and 4.18).
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The few B/Yamagata cases did not allow protection against B/Yamagata to be estimated
with confidence from general practice cases alone, but these data were still most consistent
with strong cross-lineage protection from B/Victoria against B/Yamagata (Fig. 4.17).

The estimated strength of within-lineage protection against hospital-associated B/Yamagata
cases was higher than when fitting to general practice and hospital-associated cases com-
bined. Infection with B/Yamagata reduced susceptibility to hospital-associated B/Yamagata
infections by 70-100% in New Zealand and by 89-100% in Australia (maximum-likelihood
estimates 89% and 94%, Figs. 4.19-4.22) compared to 64-92% protection estimated against
general practice and hospital-associated B/Yamagata cases together. The strong within-
lineage protection limited the potential for immune imprinting to reduce susceptibility to
B/Yamagata further, making the strength of imprinting protection unidentifiable (95% CI

for Ry = 0-100% for both New Zealand and Australia hospital-associated cases, Fig. 4.23).

4.2.6 FEvidence of protection from B/Yamagata against hospital-associated

B/Victoria cases

While most estimates of protection were similar when fitting the model to hospital-associated
cases from New Zealand and Australia, protection from B/Yamagata against B/Victoria
was stronger when estimated from Australia (xyy = 77%, 95% CI 67-82%) than from New
Zealand (xyy = 0%, 95% CI 0-36%). This difference was associated with a change in the
birth year distribution of hospital-associated B/Victoria cases over time in New Zealand that
was not evident in cases from Australia (Figs. 4.24 and 4.25). Hospital-associated B/Victoria
cases from New Zealand had a peak in people born around 1990 during the 2005 season
which decreased in subsequent seasons and was never as pronounced in Australia. Removing
hospital-associated B/Victoria cases observed in New Zealand in 2005 led to a higher estimate
of protection from B/Yamagata against B/Victoria (43%, 95% CI 1-67%), suggesting the
lack of protection from B/Yamagata against severe B/Victoria cases in New Zealand might

be due to the model’s inability to fit this change in the birth year distribution of hospital-
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associated B/Victoria cases. Thus, while B/Yamagata infections appear to provide weak
protection against medically attended B/Victoria infections overall, B/Yamagata infections
might reduce susceptibility to severe B/Victoria cases. However, estimates from cases in
Australia suggest protection from B/Yamagata against severe B/Victoria cases is still weaker
than protection from B/Victoria against B/Yamagata (67-82% versus 85-93%).

While we do not know why the 2005 season in New Zealand had proportionally more
hospital-associated B/Victoria cases in people born in the early 1990s than other seasons,
we estimate that 2005 had the most intense influenza B epidemic in New Zealand since
1995, almost 3 times as intense as the average season (we defined intensity as the product
of the incidence of medically attended influenza-like illness [ILI] and the fraction of ILI
cases positive for influenza B; Methods: “Intensity Scores”). In contrast, Australia had an
influenza B epidemic of approximately average intensity in 2005. B/Victoria cases attended
by New Zealand general practitioners typically peaked in those same cohorts born in the
early 1990s, suggesting that in 2005 some B/Victoria infections that in other seasons would
have been treated by general practitioners were treated at a hospital. The 2005 epidemic
was also the first major B/Victoria epidemic in New Zealand since B/Victoria acquired its
neuraminidase gene from B/Yamagata 2000-2001 [94] (a smaller epidemic occurred in 2002).
Because of this reassortment, children born in the late 1980s and early 1990s might have lost
some of the within-lineage protection they had against B/Victoria, leading to an increase in

severe cases in those cohorts in 2005.

4.2.7 Severe cases in young children can explain discrepancies from model

predictions in the most recent birth years

The main discrepancy between the data and the model predictions was an excess of B/Victoria
cases in the most recent birth years (2009-2012). This excess was driven by severe B/Victoria
cases in children 0-2 years old. The model generally underestimated the number of cases

in those children across observation years (Fig. 4.24), perhaps because we used a single
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parameter to describe the reporting probability for children 0-4 years-old relative to the rest
of the population (p = 0.90, 95% CI 0.69-1.18). Because 2011 had many B/Victoria cases,
the excess of cases in young children in that season led to an excess of cases in recent birth
years in the distribution combined across observation years. Using an alternative 2 year-old
cutoff for differential reporting led to significantly increased reporting in young children (p
= 2.25, 95% CI 1.92-2.77), similar estimates of protection and a better prediction of the

number of cases in people born in 2009-2012 (Figs. 4.26 and 4.27).

4.3 Discussion

Differences in the age distributions of the influenza B lineages are consistent with strong
within- and cross-lineage protection from previous infections. The data suggest that any
previous infection with B/Victoria or B/Yamagata strongly protects against future medically
attended infections with the same lineage. However, cross-protection between the lineages
is asymmetric: B/Victoria infections strongly protect against B/Yamagata, but protection
from B/Yamagata infections appears weaker and is potentially limited to severe cases. The
data are consistent with some imprinting protection against B/Yamagata but are agnostic
about the strength of imprinting for B/Victoria.

High protection within and across lineages is not unexpected. The major antigens HA
and NA evolve more slowly within the influenza B lineages than within influenza A subtypes
[14, 13, 171], and their amino acid sequence divergences are much lower between B/Victoria
and B/Yamagata (~14%, 2% and 7% for the HA head, the HA stalk, and NA, respectively)
than between HIN1 and H3N2 (x~66%, 50% and 60%, respectively) (Fig. 4.28). HA and
NA epitopes shared across lineages might provide the basis for cross-protection between
them, while epitopes conserved within the lineages but variable across them might be the
basis for imprinting protection against B/Yamagata and potentially B/Victoria, as has been
hypothesized for influenza A subtypes [61].

Our analysis is limited by the scarcity of data on the antigenic phenotype of influenza
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B strains circulating prior to the lineage split and on lineage frequencies shortly after. Our
results suggest influenza B strains prior to the lineage split were antigenically more similar to
B/Victoria than to B/Yamagata, although they appear to have been less protective against
B/Yamagata strains than were later B/Victoria strains. Consistent with this result, the
study that first identified the existence of two lineages in the late 1980s found that antibodies
induced by B/Victoria strains from that period were more cross-reactive than those induced
by B/Yamagata strains against an influenza B strain from the early 1980s [139]. However,
B/Victoria appears to have since undergone faster antigenic evolution than B/Yamagata
[14, 171], such that more recent B/Yamagata strains might be closer to the ancestor.

The asymmetric cross-lineage protection estimated between B/Victoria and B/Yamagata
is consistent with serological studies of strains from the late 1980s, 2000s and 2010s. In mice,
ferrets, sheep and children, primary exposure to B/Victoria induces antibodies that inhibit
hemagglutination by B/Yamagata strains, whereas exposure to B/Yamagata often induces
low or undetectable levels of antibodies cross-reactive to B/Victoria [139, 100, 101, 148, 96].
Together, these observations and our results suggest a model in which the immune response
to primary infections with each lineage is focused on different epitopes with different degrees
of conservation between the lineages. In response to a primary infection with B/Victoria,
antibodies might predominantly target epitopes that are relatively conserved between the lin-
eages, consistent with our estimate of strong protection from B/Victoria against B/Yamagata
and with the ability of B/Victoria-induced antibodies to bind B/Yamagata. If the primary
infection is with B/Yamagata, however, the response might focus on a different set of epi-
topes that are less conserved between the lineages, consistent with our estimate of weak
protection from B/Yamagata against B/Victoria and the poor binding of B/Victoria strains
by B/Yamagata-induced antibodies. This proposed model could be tested by identifying
which epitopes are preferentially targeted upon primary infection with each lineage, for in-
stance by measuring antibody binding to mutant viruses sharing a single epitope each with

the infecting strain [9)].
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While most studies of the antibody response to influenza focus on HA, our estimates
of within and cross-lineage protection may also reflect protection by antibodies targeting
NA. Serological evidence suggests immune responses targeting NA instead of HA are more
common against influenza B than against influenza A, especially in children [72]. In 2000-
2001, B/Victoria viruses acquired an NA gene by reassortment from a B/Yamagata clade
[94]. Although all B/Victoria cases in the data occurred after this reassortment, our results
suggest infections with B/Yamagata did not induce significant cross-lineage protection based
on the newly acquired NA. Another potential consequence of the reassortment might have
been to increase the cross-lineage protection from B/Victoria infections against B/Yamagata.
Since we did not include this effect in our model (due to the increased complexity of infection
histories and the difficulty of calculating their probabilities), our estimate of protection from
B/Victoria against B/Yamagata may represent an average of protection before and after the
acquisition of a B/Yamagata NA by B/Victoria strains.

Although our results are consistent with weaker protection from B/Yamagata infec-
tions against B/Victoria than vice-versa, protection against B/Victoria by trivalent sea-
sonal vaccines containing B/Yamagata has been reported. Meta-analyses suggest lineage-
mismatched trivalent seasonal vaccines were effective on average [166], but few studies report
lineage-specific estimates of vaccine effectiveness that could reveal asymmetric cross-lineage
protection. A test-negative design study estimated that inactivated vaccines containing
B/Yamagata had over 50% effectiveness against B/Victoria infections, and vice-versa, in
a population of mostly adults [146]. However, a meta-analysis of randomized controlled
trials of live attenuated vaccines in children estimated that the efficacy of vaccines contain-
ing B/Yamagata in seasons dominated by B/Victoria was low to nonexistent (B/Yamagata
seasons in which a B/Victoria vaccine was used were not available) [15].

It remains unclear precisely how differences in people’s antibody responses and past
infections shape their susceptibility to influenza. Antibody targeting of NA and of particular

HA epitopes changes with age [118, 129, 157], but few studies have linked antibody specificity
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to the infection history of particular cohorts and their susceptibility to particular variants
[105, 8, 127]. Characterizing antibody specificity after infection and vaccination might reveal
the origins of differences in the antigens and epitopes targeted by different people and cohorts.
This resolution could improve understanding of influenza epidemiology and the response to

influenza vaccination.

4.4 Materials and methods

4.4.1 Case data

Medically attended influenza B cases detected by influenza surveillance in New Zealand and
Australia were sent to the World Health Organization (WHO) Collaborating Centre for Ref-
erence and Research on Influenza in Melbourne, Australia, and were previously compiled
and analyzed by Vijaykrishna et al. [171]. New Zealand cases were identified from sam-
ples taken from patients with influenza-like illness attended by a network of sentinel general
practitioners and from non-sentinel hospital samples analyzed by regional diagnostic labora-
tories and by the WHO National Influenza Centre at the Institute for Environmental Science
and Research [3]. Cases from Australia were mostly identified from hospital samples and
may include both severe and mild infections, as the fees charged for some general practice

consultations may encourage patients to seek emergency care at a hospital [69].

4.4.2  Statistical model of influenza B susceptibility based on infection

history

For lineage V' (B/Victoria), we modeled the number of cases in people born in birth year b

observed in season y as a multinomial draw with probabilities given by:

Oy (b,y) = D(b,y)B(b,y) Zy (b,y)p(b,y) (4.1)
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with an analogous equation defining the multinomial distribution 6y (b,y) for lineage Y
(B/Yamagata). D(b,y) is the country-specific fraction of the population that was born in
year b as of observation season y. Z(b,y) is the susceptibility to lineage V' during season
y of a person born in year b relative to that of an unexposed person. ((b,y) is a baseline
probability of infection with influenza B that captures differences in transmission associated
with age (thus depending on b and y) and is equal to 1 if people born in year b are in
preschool during season y (0-5 years old), (s if they are school-age children or teenagers (6-
17 years old), or (3 if they are 18 or older. p(b,y) is an age-specific reporting rate equal to a
country-specific parameter p if people are less than 5 years old and 1 otherwise. While 3(b, y)
represents true differences in infection probabilities between preschoolers and post-preschool
individuals and thus affects the infection history probabilities in the calculation of Z(b,y),
p(b,y) represents differential reporting in children and does not affect those probabilities.
For each lineage and observation season, values of 6 from Eq. (4.1) are normalized by their
sum across birth years to make them proper multinomial probabilities.

We defined relative susceptibility to V', Zy(b,y), as an expectation over all possible
immune histories in terms of the lineage of first infection and subsequent infection with
the other lineage. We let susceptibility be 1 for a person never exposed to influenza B.
Cross-immunity from any previously encountered strain of V' or Y decreased susceptibility
to the corresponding lineage by xy 1 and xyy, respectively. Susceptibility was further
reduced by Ry or Ry if the lineage of first infection was V' or Y. In the absence of a
previous homologous infection, previous infection with Y decreased susceptibility to V' by
XyV, and previous infection to V' decreased susceptibility to Y by xyy. Protection due
to homologous infections superseded cross-lineage protection. Protection against V' from a
previous Y infection was constrained to be a fraction of the within-lineage protection to
V' (and vice-versa): xyy = Xvv - WV, XVY = Xyy - Wy, Where 0 < yyy,ypy < 1
Similarly, pre-1988 infections reduced susceptibility to V' by x a4y = xvv - 74y and to Y by

XAY = XvYy - Y4y Finally, Zy (b, y) was calculated as the sum of susceptibilities in Table
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1 weighted by the probabilities of the corresponding infection histories (below). Relative
susceptibility to Y, Zy (b, y) was defined analogously.

We estimated parameters by maximum likelihood using R (version 3.4.3) and package
optimParallel. We calculated the total likelihood as the product of the likelihood for each
lineage in each observation year, with the number of cases in each combination treated as an
independent multinomial draw. For plotting, we summed the observed and predicted cases
for each observation year.

Code implementing the analyses and figures is available at https://github. com/cobeylab/

influenza-B.

4.4.8  Infection history probabilities

To calculate the probabilities in Table 4.1, we assumed infections occur in discrete time mea-
sured in units of annual influenza seasons. We considered possible infections in each season
between birth and the last season before observation season y. For a person born in year b
and previously unexposed to influenza B, we let a;, ; be the probability of becoming infected
in season ¢. This probability was then modified by protection from previous infections as in
Table 4.1. Given that an infection occurred in season 7, we assumed that the probability it
was caused by A, V or Y was equal to their frequencies in that season, f4;, fy; and fy;,
with f4; = 1 for all ¢ before 1988, and fy; + fy; = 1 since. For simplicity, we assumed
that people could not be infected more than once in each season (including simultaneous
infections by the two lineages.)

Let <I>ZB - be the probability that no infections with influenza B occurred for a naive person

»J

born in b from seasons i to j (inclusive). It is given by:

J
B
;= H(l — ap,) (4.2)
k=i

where k indexes years (influenza seasons). Thus the first probability in Table (4.1), that of
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being fully naive to influenza B, is given by:
Po(b,y) = @, (4.3)

To shorten the expressions for the remaining probabilities, we let CDZ‘{J- (h), (I)Z}',/j (h) and @ij(h)
be the probability that no V' infections, no Y infections, and neither V nor Y infections
occurred between seasons ¢ and j (inclusive), respectively. Unlike ®B which applies to
naive people, @V, dY and ®VY depend on the person’s infection history, h. To calculate
the probability of an initial infection with A but no subsequent infections with V or Y,
P4.0,0(b,y), we integrated, across all seasons i of first infection, the joint probability that
the person’s first influenza B infection occurred in season ¢ with the ancestral lineage A and
that no subsequent infections with V or Y occurred from ¢ + 1 to y — 1:
y—1
Pa,0(by) = [‘I’fi_l cap - fa @0, 1(A) (4.4)
1=b
where the probability that the first infection to influenza B occurred in season ¢ with the
ancestor A is obtained by multiplying the probability of no previous infections ((I)fz'—1> by
the probability of an infection in season i (a; ;) and by the frequency of lineage A in season
i (f 4.;)- The probability of no infections with either V or Y after the initial infection with

A in season 1, @KE y_l(A) , depends on protection from the A infection against V' (x4y)

and Y (xay):
y—1
oY, 1A = T 1= applfvr—xav) + fra(l = xay)l} (4.5)

k=i+1

Similarly, the joint probability of first infection with the ancestor A and subsequent infection
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with V', but not with Y, is given by:

Payolby) =
y—1
> {q)bz 10bi A - Z QYN 1 (Dapjfv (L= xav)®) 1, 1(A V) (4.6)
1=b j=i+1

where we again integrated over all possible seasons ¢ when the first infection with influenza
B occurred. Given the first infection occurred in season i with the “ancestral” lineage A, we
calculated the probability of subsequent infection with V', but not with Y, by integrating
over all possible seasons 7 when the first infection with V may have occurred. Given the
initial infection with A in season 4, the joint probability that the first V' infection occurred
in j is given by the probability that neither V' nor Y infections occurred from ¢ 4+ 1 to
j—1, (IJZX e 1(A), times the probability of a V' infection in season j, given by ay ; fy ;(1

X4v)- The probability ®¥ (A, V) of no subsequent Y infections after season j given

J+1y—1

the previous A and V infections is then given by:

y—1
¥, 1 (AV) = ] {1 - appfrell — max(xay. xvy)]} (4.7)
k=j+1

where we assumed that only the strongest cross-protection (from the previous A and V'

infections) applies. By analogy, for P4 y(b,y) we have:

PA,Y,O(b’ y) =
y—1 y—1
B Y
> {®b7i_1ab,ifA,i' > @l (Dayjfy (1= xay)®) 1, 1(AY) (4.8)
i=b j=itl
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where
y—1
oY, 1 (AY) = T {1—appfvell — max(xav. xyv)]} (4.9)
k=j+1

To calculate PA7 {Vy}<b, y), we first computed the probabilities for the particular cases
where either V' or Y were the second infection, P4 y_,y(b,y) and Py y_,y(b,y), such that

Py vyy (b,y) is the sum of the two. The first is given by:

Pavoy(by) =

y—1
> [%Z Lapifa Z oYY (Aapjfrj(1—xa)1— @Yy (A V)] (4.10)
1=b j=i+1

and the second is given by:

Ppryv(by) =

y—1
Z [(Db i—19b, ifA g Z (I)z—l—l J— 1( )ab,ij,j(l - XAY)[l - q)y—kl,y—kl(Aa Y)] (4'11>
1=b J=t+1

Next we write down the probabilities of infection histories with either V or Y as first infec-

tions and no subsequent infections. For Py (b, y):

y—1
Pyo(b,y) = Z@bz L fvi @, (V) (4.12)
where
y—1
Oy (V)= [ [ —appfya(l—xvy) (4.13)
k=i+1

114



By analogy, for Py (b, y):

Py(by) = Z@bz L fyi @, (Y) (4.14)
where
y—1
ol 1, (V)= [ - apnfva(t —xyv)l (4.15)
k=i+1

Finally, Pyy (b,y) and Py y/ (b, y) are given by:

Pyy(b,y) Z(I)bz 1 Sy L= Zi—l,y 1(V)] (4.16)
1=b

Pyy(b,y) Zq)bz L fy 0= @y, 1 (V)] (4.17)
1=b

Because case data had information on age and not the exact birth year, we averaged each
exposure history probability across the two possible birth years given the age and the obser-
vation year (for instance, a 10-year-old in 2000 may have been born in either 1989 or 1990).
Because the probabilities of different infection histories become very similar for cohorts born
long before the lineages split, we used the probabilities calculated for the birth year 1970 for

all previous cohorts to decrease computation time.

4.4.4 Season-specific attack rates

Let P;u¢(b,i,t) be the probability that a previously unexposed person born in year b has

been infected with influenza B after experiencing fraction ¢ € [0, 1] of season i. Assuming a
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constant instantaneous attack rate ay, ; throughout the season, Pyy(b,i,) is given by:
Pinp(b,i,t) = 1 — e~ Wil (4.18)

We let the instantaneous attack rate a; be equal to an age-specific baseline multiplied by
an intensity score S; representing the strength of influenza B circulation in season ¢ relative

to other seasons:

Qps = — hl[l - B(b7 y)] ’ Si7 (419)

where (b, y) takes on value fy, if birth year b corresponds to an age of less than 5 in year
y, Ba, if the corresponding age is 6-17, and (3, for ages 18 and older. The probability of
infection for an unexposed person born in year b across the entire season, a;;, is obtained

by substituting oy ; in Eq. [4.18] and setting ¢t =1 :
apg =1 = e~ =1 [1— B(b,y)* (4.20)

The definition of oy ; in to Eq. (4.19) was chosen such that for a season with average influenza
intensity (S; = 1), the annual probability of infection for an unexposed person is equal to
B(b,y)-

For the season corresponding to the first year of life (i = b), people are only susceptible to
infections during a fraction of the season, depending on when they were born and how long
they were protected by maternal antibodies. In those cases, we defined a;; as the expected

probability of infection across all possible weeks of birth:

1 b
w
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where ¢;(b,w) is the fraction of cases in season i observed in or after week w of year b
and Wy is the number of weeks in year b. Because people are assumed to be completely
protected against infection by maternal antibodies for the first M weeks following birth,
¢; was computed for an effective birth week w + M. Based on the fraction of children
under the age of 1 with detectable antibodies to influenza B [17], we set M to 26 weeks
(approximately 6 months). Averaging ¢;(b, w + M) over all possible birth weeks w in year
b gives the expected fraction of season ¢ experienced by a person born in year b assuming
births are distributed uniformly in time. We estimated ¢;(b, w) by fitting the incomplete
beta function to the cumulative fraction of cases in the seasons for which we had case data,
using R package FlexParamCurve. Following Gostic et al. [60], we truncated season-specific
infection probabilities so that they never exceed 0.75 even in years of high estimated influenza

B intensity.

4.4.5 Intensity scores

We defined the intensity score S; in Eq. (4.19) as:

g % influenza B in ILI specimens x ILI incidence, for season i
7: p—

4.22
mean [% influenza B in ILI specimens x ILI incidence| across seasons (422)

where ILI stands for “influenza-like illness”. Annual influenza surveillance reports from New
Zealand’s Institute of Environmental Science and Research (ESR) available from 2003 to
2016 [3] give the “isolation” or “detection” rate (the number of influenza-positive swabs
divided by the number of swabs tested), the percentage of influenza A and B viruses among
all influenza-positive isolates (both sentinel and non-sentinel), and the estimated number of
ILI cases in New Zealand for each season. The reports do not directly give the fraction of ILI
specimens that were influenza B-positive. Instead, we calculated the fraction of ILI isolates
that were influenza B-positive in a season by multiplying the fraction of ILI isolates that were

influenza-positive by the fraction of influenza-positive specimens that were influenza B. For
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seasons without data on the fraction of influenza-positive specimens in ILI specimens (1988
to 2000), without data on the fraction of influenza B in influenza-positive specimens (1988-
89), or without estimates of the total number of ILI cases (1988-2001), we used the average
values of those quantities across the remaining seasons. Although reports are not available
for 1990-2002, the 2003 annual report lists the frequency of influenza B in influenza-positive
specimens for those seasons.

The World Health Organization’s FluNet has weekly data on the fraction of ILI specimens
that were influenza B-positive in Australia from 1997 to the present. However, in data
from before 2003, the number of influenza-positive specimens was usually the same as the
reported number of specimens processed for that week, suggesting strong case ascertainment
or reporting bias. We thus used data on the percent of influenza-positive ILI cases from
2003 on. Annual influenza reports from 1994 to 2010 are available from the Australian
government’s Department of Health website [1]. They report numbers of influenza A- and
B-positive isolates but not the total number of specimens tested. Thus, only the fraction
of influenza B in influenza isolates (but not in ILI isolates) can be estimated from those
reports. We therefore used data from the WHO to calculate the fraction of influenza B-
positive specimens in ILI specimens for 2003-2017. For 1994-2002, we multiplied the fraction
of influenza B in influenza-positive specimens for each season (from the Department of Health
reports) by the average annual fraction of influenza-positive specimens in ILI specimens
from 2003-2017 (from the WHO data) to arrive at the fraction of influenza B positive ILI
specimens. Finally, for seasons where data were missing altogether (1988-1993), we used the
average annual fraction of influenza B positive specimens in ILI specimens for subsequent
seasons (1994-2017).

To estimate ILI incidence in Australia, we used the maximum weekly number of ILI
cases per 1000 consultations for each season from Department of Health annual and weekly
reports (weekly reports are available for years since the last annual report in 2010). Different

ILI definitions were used from 1994-2003 and from 2004-2010, and starting in 2009 reported

118



weekly ILI rates were averaged from multiple branches of the Australian influenza surveillance
system. We thus normalized values by the average value within each of those periods (1994-
2003, 2004-2008 and 2009-18) to arrive at a normalized peak number of ILI cases per 1000

consultations in Australia.

4.4.6  Historical frequencies of influenza B lineages

To estimate historical frequencies of B/Victoria and B/Yamagata, we downloaded data on
lineage and date and country of isolation for all influenza B isolates on the Global Initiative
on Sharing All Influenza Data (GISAID) website collected until 09/30/2018. To comple-
ment these data, we searched the NCBI Influenza Virus Database for all protein-coding HA
sequences of influenza B viruses isolated from humans and excluding laboratory strains (in-
formation on passage history for GISAID entries was scarce and non-standardized and so we
did not filter out laboratory strains from the GISAID data). Because lineage information
was missing for virtually all sequences retrieved from NCBI, we used BLAST to assign each
sequence to either B/Victoria or B/Yamagata based on the highest bit score match with
reference sequences B/Victoria/2/87 and B/Yamagata/16/1988.

We combined data from both databases to estimate the frequency of B/Yamagata and
B/Victoria isolates in each season. Isolates collected in year y in Europe or North America
were assigned to season y—1/y, if collected before October, and to season y/y+1, if collected
in October-December. Because most European and North American isolates were collected
before October of the respective year (median across years = 83% for Gisaid and 82% for
NCBI), we assumed isolates with missing month of collection in those regions were collected
before October and thus in season y — 1/y.

Isolates with the same name but reported for different countries or seasons were consid-
ered separately. We condensed multiple occurrences of the same isolate in the same country
and season (within or across datasets) into one, disregarding isolates for which different lin-

eages were assigned in different countries/seasons. Using isolates present in both databases,
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we found that our BLAST lineage assignment matched the lineage reported on GISAID in
98% (3,159/3,217) of cases. We disregarded isolates for which our BLAST assignment and
the reported GISAID assignment disagreed. The final dataset consisted of 35,158 isolates,
23 of which (0.07%) were represented more than once (in different countries or seasons).
We estimated the frequency of a lineage as the number of isolates belonging to that lineage
divided by the total number of influenza B isolates collected in a season.

Because the numbers of isolates collected in New Zealand were low for many years, we
estimated pooled estimates from New Zealand and Australia to estimate lineage frequencies.
For seasons with fewer than 10 isolates reported in Australia and New Zealand combined,
we used frequencies estimated from isolates collected in all countries represented in the
data. Frequencies estimated from all other countries combined were strongly correlated with
estimates based on isolates from Australia and New Zealand only (Pearson’s correlation coef-
ficient = 0.91, 95% CI 0.81-0.96; Fig. 4.29). We also considered using frequencies estimated
from isolates collected in the United States, which were also correlated with frequencies in
Australia and New Zealand (Figs. 4.7 and 4.29), but the correlation was weaker (0.73, 95%
CI 0.48-0.88). We hoped to use the sequence databases to get more reliable estimates of lin-
eage frequencies in the 1980s than those provided by early antigenic characterization [139],
but fewer than 10 isolates were available for each year before 1988. To accommodate uncer-
tainty, we grouped infections with B/Victoria and B/Yamagata before 1988 with infections
by the ancestral influenza B strains circulating before the lineages split.

We compared our estimates of lineage frequencies based on sequence data to estimates
based on antigenic characterization of circulating strains from epidemiological surveillance
reports (Fig. 4.7). Surveillance reports from Australia are available from the Australian
Government’s Department of Health website [1]. Surveillance reports from New Zealand are
available from the website of New Zealand’s Institute of Environmental Science and Research
(ESR) [3]. Although reports from New Zealand are only available from 2003 on, Fig. 27 of

the 2012 report shows B/Victoria and B/Yamagata frequencies from 1990 to 2002 (without
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reporting the number of isolates used to estimate those frequencies). Annual summaries of
influenza surveillance in the United States are published by the Centers for Disease Control

and Prevention (e.g., [57]).

4.4.7 Model validation with independent serological data

We compared the fraction of children predicted by our model to have been previously in-
fected with B/Victoria, B/Yamagata or either lineage with the fraction of children that had
detectable antibodies against the corresponding lineage (or any influenza B strain) in the
Netherlands [17]. Sera from children 0-7 years old collected between February 2006 and June
2007 were tested using the hemagglutination inhibition assay against a panel of reference
B/Victoria and B/Yamagata strains as well of strains isolated in the Netherlands during
the study period. Sera were considered positive if their hemagglutination inhibition titer
was > 10 against at least one strain from the corresponding set (all influenza B strains,
B/Victoria strains, and B/Yamagata strains). We compared these data with predictions
under the maximum likelihood-parameter estimates of our model fitted to the complete New
Zealand data.

We also used the seroprevalence data to independently estimate the annual probability
of infection for preschoolers and school-age children, equivalent to the 51 and [ parameters
in our model. Assuming a constant instantaneous attack rate «, an individual of age A years

is still naive (and therefore seronegative) to influenza B with probability Py (A) given by:

Py(A) = e 4 (4.23)

The probability of observing X seronegative individuals in a sample of n individuals of age
A can be calculated assuming X ~ Binomial[n, Py (A)], and « thus can be estimated by
maximum likelihood. The annual attack rate can then be calculated from the instantaneous

attack rate o as ONetherlands = 1 — €~ -
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We make two modifications to Eq. (4.23) to account for the presence of maternal an-
tibodies early in life and for uncertainty in the age of individuals when their serum was
collected. First, we assume individuals spend a time m (in units of years) fully protected
against influenza B due to the presence of maternal antibodies. Consistent with the fraction
of children under the age of 1 with detectable antibodies to influenza B [17], we assumed
m = 0.5 year. Second, because ages were reported at the resolution of one year (e.g. an in-
dividual 2.6 years old is reported as being 2 years old), we assume individuals with recorded
age A were sampled at a randomly distributed time 7" € [0,1) during the interval between

the ages of A and A + 1. Thus, we let Py (A) be given by the expectation over 7"

1
Py(A) = Ble~A+T—m)] — / e~ AF=m) ¢ (1) gt (4.24)
0

where f(t) is the probability density function of 7. Assuming 7" is uniformly distributed

between 0 and 1 (i.e., f(t) = 1), we have:

—a(A—m) (1 — €_a> (425)

valid for A > m and a > 0. Letting a; and a9 be the instantaneous attack rates for

preschoolers and school-age children:

e—o1(A-m) (=c 1) if A< A
Py (A) = ! (4.26)
e (As=m)—02(A-A) 1= 2) -y 4 5

where Ag is the age at which children start going to school (4 years old in the Netherlands
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[4]). Note that for school-age children (the equation for A > Ag on the bottom) the correction
term for uncertainty in sampling is not necessary for the time spent in preschool (assumed

to be exactly Ag years), only for the time after preschool (A — Ag).

4.4.8 Estimating missing sentinel cases and cases with missing lineage

information

Estimating missing sentinel cases

Because a maximum of three samples from ILI patients were sent for testing by sentinel
general practices each week, the relative proportions of sentinel and non-sentinel cases in
the New Zealand are different from the true proportions of cases leading to general practice
visits and hospitalizations in New Zealand, and milder cases are thus likely underrepresented
compared to more severe cases.

We estimated the number of influenza B cases attended by general practitioners missing
from the data by multiplying the total number of general practice visits due to ILI in New
Zealand estimated by surveillance reports[3] by the fraction of influenza-like illness specimens
that tested positive for influenza B (Materials and Methods: “Intensity scores”). For each
season, we calculated a correction factor by dividing the estimated total number of general
practice visits due to influenza B by the number of cases present in the data for that season
(for 2001, we used the average of correction factors for other reasons because the estimated
total number of ILI cases in New Zealand was missing). We then generated an adjusted
dataset by multiplying the number of cases observed in each birth year by the correction
factor for the corresponding seasons, and we fitted the model to this adjusted dataset. We
assumed the correction factor was constant across birth years because we could not estimate
the total number of general practice visits due to influenza B by individual birth years or

age groups.
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Handling cases with missing lineage information

We assumed cases with missing lineage information in 2002 (11 sentinel and 51 non-sentinel)
and 2011 (90 sentinel and 222 non-sentinel) belonged to B/Victoria, since 99% of identified
cases in those seasons were B/Victoria (86/87 cases in 2002, 276/280 cases in 2011) as
were 94% and 92% of isolates from sequence databases (for Australia and New Zealand
combined). Unidentified cases were reported in 2005 and 2012, but those seasons were not
clearly dominated by a single lineage and we thus disregarded unidentified cases in those

seasons. Removing unidentified cases altogether led to similar parameter estimates.

4.4.9 Sequence divergence analysis

To estimate the amount of evolution within and between lineages, we analyzed all complete
HA and NA sequences from human influenza B isolates available on GISAID in July 2019.
The set of isolates used in this analysis differs from the set used to estimate lineage frequencies
because we required isolates to have complete sequences (although not all sequences listed
as complete on GISAID were in fact complete). Two isolates collected in 2000 (B/Hong
Kong/548/2000 and B/Victoria/504/2000) were deposited as B/Victoria but our BLAST
assignment indicated they were in fact B/Yamagata (their low divergence from B/Yamagata
strains was a clear outlier). NA sequences from isolates B/Kanagawa/73 and B/Ann Ar-
bor/1994 were only small fragments (99 and 100 amino acids long) poorly aligned with other
sequences and were thus excluded. We also excluded NA sequences from B/Yamagata iso-
lates B/Catalonia/NSVH100773835/2018 and B/Catalonia/NSVH100750997/2018 because
they were extremely diverged (60% and 38%) from the reference strain B/Yamagata/16/88
and aligned poorly with other sequences.

To compare sequence diversity within and between lineages over time, we aligned se-
quences using MAFFT v. 7.310 [79] and calculated percent amino acid differences in pairs
of sequences from the same lineage and in pairs with one sequence from each. For each

year, we sampled 100 sequences from each lineage (or used all sequences if 100 or fewer were
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available) to limit the number of pairwise calculations. To estimate how much B/Yamagata
and B/Victoria evolved since the late 1980s, we calculated percent amino acid differences
between each B/Yamagata and B/Victoria sequence and the corresponding HA and NA se-
quences of reference strains B/Yamagata,/16/88 and B/Victoria/2/87. Unlike in the analysis
of pairwise divergence within each time point, we used all sequences from each lineage in
each year. We excluded sites in which one or both sequences had gaps or ambiguous amino
acids.

To compare HA and NA divergence between influenza B lineages with divergence between
influenza A subtypes, we downloaded complete HA and NA sequences from H3N2 and HIN1
isolated since 1977 and available on GISAID in August 2019. Homologous sites in the
HA of H3N2 and HIN1 are difficult to identify by conventional sequence alignment, and
instead we used the algorithm by Burke & Smith [21] implemented on the Influenza Research
Database website [2]. Both H3N2 and HIN1 sequences were aligned with the reference H3N2
sequence A /Aichi/2/68. We verified that this method matched sites on the stalk and head
of the HIN1 HA with sites on the stalk and head of H3N2 HA by comparing the resulting
alignment with the alignment in Fig. S2 of Kirkpatrick et al. [84]. To limit the total
number of influenza A sequences analyzed we randomly selected 100 H3N2 and 100 HIN1
sequences for years in which more than 100 sequences were available and used all available
sequences for the remaining years. Isolates A /Canterbury/58/2000, A /Canterbury/87/2000
and A /Canterbury/55/2000 were excluded because both HIN1-like and H3N2-like sequences

were available under the same isolate name on GISAID.

4.4.10  Demographic data

We obtained annual age distributions for the general population in New Zealand from Stat-
sNZ [5]. When calculating changes in the mean age of the population over time, we excluded

people over 90 years old, who were pooled together in New Zealand’s demographic tables.
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4.6 Supplementary Information
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Figure 4.4: Distribution of medically attended influenza B cases in Australia (2002-2013)
and New Zealand (2001-2012) by birth year of the infected person. The fraction of cases in
each birth year was calculated relative to all cases observed for each lineage (separately by
type of surveillance in New Zealand).
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Figure 4.5: Distribution of medically attended influenza B cases in New Zealand by sea-
son, lineage and type of surveillance. Sentinel influenza B cases were identified by testing
swabs taken from influenza-like illness pacients attended by general practices partitipating in
New Zealand’s sentinel surveillance system. Non-sentinel cases com primarily from hospital
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Figure 4.6: Changes in age and birth year distributions of influenza B cases over time. Age
(top panels) and birth year (bottom panels) of people with medically attended influenza B
infections in New Zealand in 2001-2013 as a function of the year when the infection occurred.
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Figure 4.7: Comparison of lineage frequency estimates based on sequence data and surveil-
lance reports. Frequencies are shown by annual influenza seasons, which span multiple
calendar years in the United States but are contained in a single calendar year in Australia
and New Zealand (e.g., 2006 refers to the 2006/2007 influenza season in the United States
and to the 2006 season in Australia and New Zealand). Numbers indicate the number of
isolates collected in that season and deposited on GISAID or the NCBI Influenza Virus
Database (blue) or tested by surveillance (orange; the total number of isolates tested was
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and New Zealand were grouped together to estimate lineage frequencies.
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Figure 4.9: Predicted and observed frequency of past influenza B infections in children. The
fraction of children previously infected with influenza B in the Netherlands in 2006-2007 was
estimated by Bodewes et al. [17] as the fraction having serum antibodies against at least
one influenza B strain from a panel of viruses (left panel), at least one B/Victoria strain
(center panel) or at least one B/Yamagata strain (right panel). Bars show 95% binomial
confidence intervals. Fractions for Australia and New Zealand were generated independently
from the seroprevalence data by fitting a statistical model to medically attended influenza
B infections. For the model predictions, binomial confidence intervals assume a sample size
equal to the number of children with the corresponding age in the seroprelavence data.
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Figure 4.10: Likelihood profiles for protection parameters estimated from the complete New
Zealand data, including general practice (sentinel) and hospital-associated (non-sentinel)
cases. The 95% confidence interval based on a likelihood ratio test with one degree of
freedom is indicated by the vertical dashed lines.
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Figure 4.11: Predicted distributions of medically attended influenza B cases in New Zealand
under strong protection against B/Victoria from B/Yamagata. Cases include general practice
(sentinel) and hospital-associated (non-sentinel) cases. Red shows the predicted distribution
under the maximum likelihood parameter estimates, whereas blue shows the best fit obtained
while constraining protection against B/Victoria from B/Yamagata to 90% of B/Victoria’s
within-lineage protection (vyy1 = 0.9). Vertical bars are 95% bootstrap confidence intervals.
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Figure 4.12: Predicted distributions of medically attended influenza B cases in New Zealand
under no protection against B/Yamagata from B/Victoria. Cases include general practice
(sentinel) and hospital-associated (non-sentinel) cases. Red shows the predicted distribution
under the maximum likelihood parameter estimates, whereas blue shows the best fit obtained
while constraining B/Victoria infections to give no protection against B/Yamagata (yyy =
0). Vertical bars are 95% bootstrap confidence intervals.
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Figure 4.13: Predicted distributions of medically attended influenza B cases in New Zealand
under no imprinting protection against B/Yamagata. Cases include general practice (sen-
tinel) and hospital-associated (non-sentinel) cases. Red shows the predicted distribution
under the maximum likelihood parameter estimates, whereas blue shows the best fit ob-
tained while constraining the model to assign no additional protection against B/Yamagata
in people for whom B/Yamagata was the lineages of first infection (Ry = 0). Vertical bars
are 95% bootstrap confidence intervals.
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Figure 4.14: Observed and predicted distributions of medically attended influenza B cases in
New Zealand by birth year normalized by demographic expectation. Cases include general
practice (sentinel) and hospital-associated (non-sentinel) cases. Red lines and dots show the
predicted distribution under the model. Vertical bars are 95% bootstrap confidence intervals.
Predicted and observed fractions of cases were divided by the fraction of the population born
in that birth year (i.e., the null expectation if all birth years were infected at the same rate).
Cases in people born in 2011 (with wide bootstrap CIs) were omitted in Fig. 4.3 in the main
text to improve visualization.
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Figure 4.15: Likelihood profiles for protection parameters estimated from medically attended
influenza B cases in New Zealand after including the estimated number of mild cases not
caught by sentinel surveillance. The 95% confidence interval based on a likelihood ratio test
with one degree of freedom is indicated by the vertical dashed lines.
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Figure 4.16: Correlations between the birth year distribution of influenza B cases in Australia
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year was calculated relative to all cases observed for each lineage in each country.
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Figure 4.17: Likelihood profiles for protection parameters estimated from influenza B cases
attended by general practitioners (sentinel cases) in New Zealand. The 95% confidence
interval based on a likelihood ratio test with one degree of freedom is indicated by the
vertical dashed lines.
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Figure 4.18: Observed and predicted birth year distributions of influenza B cases attended
by general practitioners (sentinel cases) in New Zealand by observation year. Red lines and
dots show the predicted distribution under the model. Vertical bars are 95% bootstrap
confidence intervals.
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Figure 4.19: Likelihood profiles for protection parameters estimated from hospital-associated
(non-sentinel) influenza B cases in New Zealand. The 95% confidence interval based on a
likelihood ratio test with one degree of freedom is indicated by the vertical dashed lines.
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Figure 4.20: Observed and predicted distributions of hospital-associated (non-sentinel) in-
fluenza B cases in New Zealand by birth year. Red lines and dots show the predicted
distribution under the model. Vertical bars are 95% bootstrap confidence intervals.
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Figure 4.21: Likelihood profiles for protection parameters estimated from cases in Australia.
The 95% confidence interval based on a likelihood ratio test with one degree of freedom is
indicated by the vertical dashed lines.
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Figure 4.22: Observed and predicted distributions of influenza B cases in Australia by birth
year. Red lines and dots show the predicted distribution under the model. Vertical bars are
95% bootstrap confidence intervals.
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Figure 4.23: Bivariate likelihood profiles for within-lineage lineage protection against
B/Yamagata and additional protection in people first infected with it (imprinting). The
maximum-likelihood estimate is highlighted by the red circle, and the curve shows the 95%
confidence region based on a likelihood-ratio test with 2 degrees of freedom under a LOESS
fit.
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Figure 4.26: Likelihood profiles for protection parameters estimated from the complete New
Zealand data assuming an alternative age cutoff for differential reporting in children (0-2
years old instead of 0-4). The 95% confidence interval based on a likelihood ratio test with
one degree of freedom is indicated by the vertical dashed lines.
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Figure 4.27: Model predictions for the complete New Zealand data assuming an alternative
age cutoff for differential reporting in children (0-2 years old instead of 0-4). Predicted
and observed fractions of cases were divided by the fraction of the population born in the
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Figure 4.28: Amino acid divergence in the hemagglutinin and neuraminidase surface protein
between influenza A subtypes and between influenza B lineages. Divergence in hemagglutinin
is shown separately for the antigenically variable head region (left) and the more conserved
stalk region (center). Each point represents a pair of strains isolated in the same year and
deposited on GISAID. When more than 100 isolates from a subtype or lineage were isolated
in a single year, we used a random sample of 100 isolates, resulting in up to 4,950 pairs of
each kind in each year. Up to 500 randomly chosen pairs are shown for each year. Average
divergence values reported in the main text are based on the full set of pairs given the
randomly sampled sequences.

150



1.0
8 «
g S
23°° 2%
<£ <<
cQ c
— € — €
8o 8o
g o06 [
@ 2 2z
%f_ﬁ gf_ﬁ
8 £g
aNpg aN
53 52
c>>‘Z c>>‘Z
c T c T
[ o <
2%02 2°
a a
- -
2002 2011
2010
0.04 1987 198689
0.0 0.2 0.4 0.6 0.8 1.0

Frequency of B/Yamagata in all
countries in dataset except Australia and New Zealand

1.0

o
©

o
o

N
S

o
N

0.0

20009941998
2013004
2014

2011

2002
2010

1988 1989

0.0 0.2 0.4 0.6 0.8 1.0
Frequency of B/Yamagata
in the United States
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States (right). Because the former was a better proxy, we calculated frequencies using
isolates from all countries represented in the data (including Australia and New Zealand)
for seasons with fewer than 10 isolates in Australia and New Zealand.
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CHAPTER 5
CONCLUSIONS

Faced with the problem of recognizing thousands of potential antigens, the evolution of
jawed vertebrates produced not a fixed set of solutions but a system that uses recombination,
mutation and selection to find solutions adaptively. The adaptability of B cell receptors in
the short term is a direct result of selection acting on germline immunoglobulin genes in the
long term. This dissertation investigated factors contributing to this short-term adaptability
and how they change over the course of B cell evolution.

The results from Chapter 2 suggest that although the diversity of germline genes allows
for many potential solutions to the problem of recognizing a particular pathogen, solutions
based on some V genes are more successful than solutions based on others. Selection of
V genes by specific pathogens during the immune response might help explain some of the
phenotypic similarities observed in individual antibody responses. For instance, antibodies
produced by different individuals often target the pathogen’s antigens or the epitopes of a
particular antigen in similar proportions. However, whether each V gene selected by a par-
ticular pathogen consistently targets a specific antigen or epitope is still unclear. Our results
also suggest selected genes do not generally dominate the repertoire of experienced B cells
in infected individuals, perhaps because the experienced repertoire encompasses responses
against many antigens other than the ones in the infecting pathogen.

Chapter 3 found that the mutability of germline genes, selected over hundreds of millions
of years to facilitate the short-term adaptation of B cell receptors, changes during the course
of the immune response as neutral mutations and selection for affinity disrupt highly mutable
“hotspot” motifs. While hotspots might maintain or increase their frequency by hitchhiking
with beneficial mutations, which are more likely to appear in sequences containing many
hotspots, we found no evidence of such indirect selection to maintain or increase mutability
despite the sustained selective pressure imposed by a rapidly evolving HIV population. Since

the experimental removal of hotspots has been shown to effectively decrease the mutation
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rate [176, 73], the loss of mutational hotspots during the response might compromise the
adaptability of B cell populations. While the decline in mutation rates due to the disruption
of mutational hotspots might not impact the response to acute infections that lead to ster-
ilizing immunity in a few weeks, loss of mutability might compromise the adaptability of B
cell lineages evolving in response to chronic infections such as HIV. Loss of mutability might
also compromise the adaptability of memory cells reentering germinal centers, for instance
upon infection with a new influenza strain, although the extent to which memory cell reenter
germinal centers is unclear [38, 115]. The ability to recruit new B cell lineages from the naive
repertoire contributes to maintain the adaptability of B cell responses, since new lineages
would have the initial distribution of mutational hotspots present in the germline genes.
However, memory B cells can interfere with the generation of de novo responses [187, 188|.

Chapter 4 found that protection against the two lineages of influenza type B arises from
strong protection within lineages but asymmetric cross-protection between them. Differ-
ences in the memory from previous infections across human cohorts arose from historical
changes in lineage frequencies. The resulting differences in cohorts’ protection against each
lineage can explain the differences in the age distributions of medically attended infections
with B/Victoria and B/Yamagata. To explain the asymmetry in cross-lineage protection be-
tween B/Victoria and B/Yamagata, we proposed a model in which the response to primary
infections with each lineage targets different epitopes with different degrees of conservation
between the lineages. These differences in epitope targeting might be associated with selec-
tion of different V genes in people with different histories of infection with influenza B, a

hypothesis that remains to be tested.

Implications and future directions

Based on our findings and previous work, we hypothesize that immunoglobulin genes might
in the long term under potentially conflicting selective pressures favoring diversity and adapt-

ability, on the one hand, and specialization for common pathogens, on the other. To rec-
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ognize the vast number of antigens most species encounter, selection seems to favor the
evolution of new immunoglobulin genes by gene duplication and their molecular diversifi-
cation [110, 50, 34, 51]. To facilitate short-term evolution of higher affinity, selection in
the long term also seems to favor mutations to germline genes that make antigen binding
regions more mutable and structurally sensitive regions less mutable during short-term B
cell evolution [122, 175, 81, 67, 140]. However, in addition to this selection for diversity
and adaptability, selection might favor mutations that improve recognition of commonly
encountered pathogens by specific immunoglobulin genes [28]. Instead of being repeatedly
acquired by somatic mutation during the short-term evolution of B cell receptors, muta-
tions that improve recognition of common pathogens would thus become hard-coded in the
immunoglobulin genes themselves. This hard-coded protection would be similar to the one
provided by innate immunity but might be easier to evolve, since functional constraints on
germline immunoglobulin genes are likely weaker than those on innate receptors that do not
arise from recombination and instead have specific structures and functions.

Specialization of particular genes for a specific pathogen requires variation in germline
genes’ propensity to recombine into receptors able to recognize the pathogen’s antigens.
Consistent with this hypothesis, we found V genes particularly good at binding influenza
antigens in mice. Influenza does not appear to naturally infect mice in the wild and the two
therefore have little shared evolutionary history, suggesting the variation in the ability to
recognize specific pathogens can arise by chance as a byproduct of immunoglobulin genes’
long-term diversification.

Specialization of germline genes to recognize common pathogens might come at the cost
of reduced diversity and adaptability. For instance, selection to increase the number of copies
of an immunoglobulin gene that recognizes a common pathogen might increase its frequency
among B cell receptors and thus decrease repertoire diversity. Different immunoglobulin
genes might independently evolve similar mutations that improve binding to a common

antigen, decreasing their molecular diversity. Selection might also favor fewer mutational
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hotspots in immunoglobulin genes that recognize common pathogens to prevent this bind-
ing from being disrupted by somatic mutations during short-term B cell evolution. Fewer
mutational hotspots might then decrease adaptability in response to other pathogens.

We hypothesize that life-history differences could lead to stronger selection for diversity
and adaptability in some species and stronger selection to recognize common pathogens in
others. Lifespan differences, in particular, affect how species experience the “pathogenic
environment” around them, defined as the set of pathogens individuals can potentially en-
counter during their lifespan, the relative frequencies of those pathogens and their virulence
[111, 112]. Mathematical models suggest that minimizing the cost imposed by the pathogenic
environment requires many receptors able to recognize common pathogens but also, coun-
terintuitively, more receptors able to recognize rare pathogens than expected based on their
frequency [111]. Absent from those models, however, is how life-history parameters affect
the relative burden of rare pathogens. For instance, short-lived organisms might have limited
opportunity to encounter rare pathogens and might thus be expected to allocate proportion-
ally more receptors to common enemies than to rare ones. Long-lived species, in contrast,
have more opportunity to encounter rare pathogens, and because long-lived species are also
typically larger and thus have more B cells, they can afford to have more receptors targeting
rare pathogens [28]. Thus, if the burden of rare pathogens is stronger in long-lived species,
immunoglobulin genes from long-lived species should experience stronger selection for di-
versity and adaptability, while short-lived organisms should experience stronger selection
for hard-coded recognition of common pathogens. Long-lived species should also have more
opportunity to accumulate memory at the population level, leading to stronger selection for
pathogens to escape existing antibodies. Faster antigenic evolution of pathogens would then
further increase the benefit of highly adaptable germline genes in long-lived species. Broadly
consistent with these hypotheses, mouse immunoglobulin genes undergo fewer nucleotide
insertions and deletions when recombining to produce B cell receptors compared to human

genes [29]. As a result, receptor specificities seem to be more strongly determined by the
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germline sequences of immunoglobulin genes in mice than in humans [29, 28].

The pervasive mutability losses we found to be inherent to the evolution of B cell lineages
might impact short- and long-lived vertebrates differently. Loss of adaptability due to a
decline in the mutation rate might be more important in long-lived species than in short-
lived ones because long-lived organisms can have longer chronic infections and have more
opportunity to be reinfected with antigenically novel strains of the same pathogen. Long-
term selection might therefore favor higher mutability in the germline immunoglobulin genes
of long-lived species compared with short-lived ones, so that the B cell receptors of long-lived
species could withstand extensive loss of mutability while maintaining some adaptability.
This difference might be attenuated by the ability to recruit new B cell lineages from the
naive repertoire.

In addition to traits that affect organisms’ perception of their pathogenic environment,
such as lifespan, the pathogenic environment itself can vary in time and space due to biotic
and abiotic factors. Selection might favor increased immunoglobulin gene diversity in regions
of higher pathogen diversity, and specialization for different pathogens common in different
parts of species’ geographic ranges might lead to sustained polymorphisms in immunoglobulin
genes.

These hypotheses could be formalized using mathematical models and tested with com-
parative analyses of immunoglobulin genes across vertebrates. Incorporating lifespan and
body size into models linking repertoire structure to the pathogenic environment [111] could
generate predictions for how those parameters affect the number of receptors targeting rare
and common pathogens in an optimal repertoire. We expect that long-lived species will
be predicted to allocate proportionally more receptors targeting rare pathogens than will
short-lived species. Those models can also be extended to capture the effect of longevity on
the population-level strength of immune memory and thus the rate of antigenic evolution by
pathogens.

Because the somatic hypermutation rate partly determines the the adaptability of B cell
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receptors, stronger selection for adaptability in long-lived species might lead to more muta-
tional hotspots in the germline genes of long-lived species than in those of short-lived ones.
This prediction could be tested by constructing empirical models that quantify the mutabil-
ity of immunoglobulin genes based on their sequence [185, 47]. By comparing the observed
number of mutational hotspots with the expected number under null models that randomize
codon usage, it is possible to quantify how much selection has optimized immunoglobulin
gene sequences to increase mutability in antigen binding regions and reduce it in structurally
important ones [122, 175, 81, 67, 140]. High mutability in antigen binding regions relative
to the null expectation should increase with species’ longevity. Because mutational hotspots
can differ between species [31], different mutability models could be constructed for different
species using receptor sequence datasets containing synonymous mutations or unproductive
sequences which undergo mutations but not selection. One limitation to this approach is
that knowledge of the germline immunoglobulin genes is scarce for many groups, which limits
the power of comparative analyses of those genes [33]. However, mutability might still be
estimated using certain motifs found to be highly mutable across different vertebrate groups
(e.g., AGCT in humans [185], mice [31], horses [158] and fish [186]).

This dissertation contributed to this research program by investigating the short-term
evolution of B cell receptors. We have shown there is significant variation in immunoglobulin
genes’ propensity to recognize specific pathogens, a necessary though not sufficient condition
for the specialization of immunoglobulin genes via long-term selection on their germline
sequences. Our results also shed light on the loss of mutability in B cell receptors during
the immune response, which potentially leads to a short-term loss of adaptability that might
affect species differently depending on their lifespan. Understanding the selective pressures
for adaptability and specialization of immunoglobulin genes in light of these short-term
evolutionary dynamics will help us understand the long-term evolution of adaptive immunity

in vertebrates.
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