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ABSTRACT

A central goal of ecology is to explain the diversity of coexisting species. Analogously,
fundamental questions in epidemiology center around coexistence in pathogen commu-
nities. Classical models of strain competition predict variable coexistence dynamics de-
pending upon the strength of cross-immunity. However, heterogeneity among human
hosts, through variation in population structure and immune responses, can also pro-
foundly affect coexistence. This dissertation investigates the intersection of immune-
mediated competition and host heterogeneity to explain the dynamics of pathogen di-
versity in two viral communities: human papillomavirus (HPV) and influenza A viruses.
We test hypotheses about viral dynamics by fitting mechanistic models to longitudi-
nal data. We show that the prevalence and coexistence of over 200 genetically distinct
HPV types are maintained by recurring infection within individuals of type-specific high-
risk subpopulations. We then show that the dynamics of immune protection after in-
fluenza infection differ between children and adults, signaling substantial variability in

the population-level selective pressures that shape the diversity of influenza strains.
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CHAPTER 1
INTRODUCTION

A fundamental goal of ecology is to explain the observed diversity of species in ecologi-
cal communities. Analogously, pathogen diversity frames central questions in infectious
disease epidemiology: What are the mechanisms that support pathogen diversity? How
do interactions with the host immune system drive competition, selection, and variation
in pathogen traits? What do observed patterns of diversity imply about the dynamics of
host immunity across a population?

The population dynamics of coexisting species depend upon competition for shared
resources. One of the earliest ecological theories about the “struggle for existence” is that
competition between two species for limited resources in a perfectly overlapping environ-
ment will lead to competitive exclusion by the species with higher fitness [55]. Early coex-
istence theory suggests that species competing for shared, limited resources may coexist
by occupying unique ecological niches [78]. Contemporary theory suggests that long-
term coexistence is a balance between equalizing mechanisms that reduce differences in
relative fitness [162, 27] and stabilizing mechanisms that reduce niche overlap [73, 27].
Niche differences stabilize competitive dynamics by promoting intra-species competition
over inter-species competition, such that rarer species have higher per-capita population
growth rates, a process known as negative frequency-dependent selection (NFDS) [27].

Similarly, the abundance of many pathogens depends on the dynamics of competition
for susceptible hosts [102, 160, 28]. Pathogen community structure may arise by neutral
processes (such as stochastic infection events or neutral mutations) or by niche differentia-
tion that constrains the pathogens present in each host. We can consider individual hosts
as partially isolated patches or habitats that comprise a population-level immune envi-
ronment. Pathogen niches can therefore be described as the spectrum of processes that
alter host-pathogen interactions. Types within a pathogen species may differ by neutral

markers, by drug resistance determinants, by antigens that trigger immune responses,
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by infectiousness or persistence, and often by a combination of traits. One classic view
of pathogen diversity holds that strong diversifying selection from the host immune sys-
tem drives niche partitioning by antigenic variation between closely-related pathogens.
Many human pathogens can be categorized into distinct “strains”, each defined by a set
of polymorphic, non-overlapping antigens [68, 70, 7, 67]. Strains compete by inducing
adaptive immune responses that are specific to shared antigens, limiting the growth rates
of antigenically similar competitors [28]. The accumulation of specific immunity in the
host population promotes the spread of rarer antigenic variants by NFDS. Such immune-
mediated competition has been invoked to explain the antigenic and genetic diversity of
influenza, pneumococcus, rotavirus, norovirus, Neisseria meningitidis, malaria, hepatitis
C, HIV, trypanosomes, and other common pathogens [68, 107, 28, 102, 101, 160, 142].

Theoretical predictions about strain competition draw from ecological principles to
quantify the effects of competition and host environmental variability on coexistence.
Classical models of strain competition, which assume both NFDS and niche partition-
ing by antigenic variation, show that complex coexistence dynamics can arise depending
on the degree of cross-immunity [69]. Under intense competition, long-term diversity
is greatly restricted. Because immunity to a specific antigen phenotype dramatically re-
duces the future transmission success of strains possessing that variant, a single subset of
strains with non-overlapping phenotypes dominates in prevalence over time. At very low
levels of cross-immunity, strains can coexist at stable prevalence without discrete struc-
ture. Intermediate levels of competition can yield complex patterns of diversity, where
the relative proportions of different variant groups exhibit cyclical or chaotic fluctuations
over time.

While strain competition can lead to diversity under certain scenarios of cross-immunity,
pathogen diversity can also arise if the fitness of related types varies across individ-
ual hosts [144, 89, 131, 47]. Two forms of host heterogeneity have particularly impor-

tant implications for pathogen dynamics: variation in population structure and variation
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in immune responses. Multiple forms of population structure affect disease dynamics
and pathogen diversity. For example, community structure leads to spatial separation of
pathogen strains. Well-defined neighboring populations with low connectivity can stably
maintain diverse subsets of pathogen strains [20]. Age-assortative mixing leads to differ-
ent transmission rates for the same circulating pathogen among individuals of different
age groups [3]. Additionally, individuals” positions within social contact networks can
separately affect their risk. Local clustering of hosts in highly connected high-risk sub-
populations can impact epidemic dynamics and change the selection pressures acting on
traits such as virulence and duration of the infectious period [143, 44, 90]. Heterogeneity
in the host immune response to circulating pathogens also influences pathogen dynam-
ics. Individuals may vary extensively in their immune response to circulating pathogens
Extensions of strain theory demonstrate that diversity is maximized at narrow, strain-
specific host responses [30]. Increasing either the number of immunodominant epitopes
perceived by the immune system or the heterogeneity in the relative immunodominance
of epitopes among hosts lowers the threshold of cross-immunity between strains at which
chaotic strain dynamics, and hence competitive exclusion, can occur.

This dissertation investigates the intersection of host heterogeneity and immune-mediated
competition in the dynamics of pathogen diversity. I examine the mechanisms that un-
derlie coexistence in two viral communities with contrasting patterns of standing genetic
diversity: human papillomaviruses (HPV), a group of over 200 double-stranded DNA
virus types that exist at low, stable prevalence in humans but have questionable antigenic
distinctions [16, 106], and influenza A viruses, a group of single-stranded RNA viruses
that exhibit rapid replacement of antigenic variants within two major subtypes. Below,
I provide a broad overview of the general arms of the human immune system that me-
diate selective pressure in viral communities. I then provide an overview of the major

hypotheses and results for each chapter.



1.1 Overview of human immunity

The human immune system consists of innate and adaptive branches that act in coor-
dination to control infection. Because interactions with host immunity define pathogen
titness, different forms of immunity generate different selective pressures on pathogen
populations based on their function. The innate immune system involves pre-existing
host defenses such as barriers formed by skin and mucosa, complement, and phagocytes.
Innate immunity confers generally short-lived, non-specific protection. Adaptive immu-
nity is especially important for the control of viral infections. The adaptive arm of the
immune system consists of humoral, or B cell-mediated immunity, and cellular, or T cell-
mediated immunity. B cells and T cells interact with pathogens at antigenic sites called
epitopes. Epitopes that elicit the strongest immune responses after antigen priming are
called “dominant”, and epitopes that elicit weaker responses are “subdominant” [1]. B
cells produce antibodies that bind to epitopes on the pathogen surface. Antibodies can
both neutralize extracellular pathogens and recruit other immune defenses. T cells rec-
ognize antigens as peptides bound to self surface proteins of the major histocompatibility
complex (MHC), which are encoded by human leukocyte antigen (HLA) genes. There-
fore, T cell activation requires binding of antigenic peptides to MHC molecules. CD4+
T cells, or “helper T cells,” act on other cells of the immune system to promote various
aspects of the immune response, including B cell maturation and antibody production,
macrophage activation, and enhanced activity of natural killer cells and CD8+ T cells
[82]. The main function of virus-specific CD8+ T cells is that of cytotoxic T lymphocytes
[82]. Upon infection, these cells are activated in the lymphoid tissues and recruited to the

infection site to eliminate infected cells and prevent viral reproduction.



1.2 Overview of dissertation

1.2.1  Chapter 2. The dynamics of human papillomavirus diversity

The high prevalence of human papillomavirus (HPV), the most common sexually trans-
mitted infection, arises from the coexistence of over 200 genetically distinct types. How-
ever, little is known about fundamental aspects of HPV ecology, such as mechanisms of
type-specific host immunity and the strength of inter-type interactions in natural infec-
tion. Conceivably, type-specific or “homologous” immunity could drive type diversity
by NFDS. Additionally, heterogeneity in host risk among sub-populations defined by de-
mographic and behavioral traits could also support the transmission of multiple types. To
test for homologous immunity and to identify mechanisms determining HPV transmis-
sion, we fitted nonlinear mechanistic models to longitudinal data on genital infections in
unvaccinated men. Our results provide no evidence for homologous immunity, instead
showing that infection with one HPV type strongly increases the risk of infection with
that type for years afterwards. This increased risk occurs in both sexually active and celi-
bate men, suggesting that it arises from auto-inoculation, episodic reactivation of latent
virus, or both. Overall our results show that high HPV prevalence and diversity can be ex-
plained by a combination of a lack of homologous immunity, frequent reinfections, weak

competition between types, and variation in type fitness between host subpopulations

[142]1.

1.2.2  Chapter 3. Age-related variation in host immunity may restrict the

standing diversity of circulating influenza A viruses.

Two subtypes of influenza A viruses, “pandemic” HIN1 and H3N2, currently circulate

in humans. Despite high mutation rates and strong selection by host immunity on sur-

1. The results from Chapter 2 were published previously [142], and much of the chapter text appears as
written in the published manuscript.



face viral proteins, strains within each subtype exhibit low standing diversity. Because of
influenza’s rapid evolution, individuals may be infected with the same subtype multiple
times. Epidemiological and immunological evidence suggests that repeated exposures
over a lifetime alter the specificity of influenza antibody responses, such that individuals
may respond differently to the same circulating strain. Individual heterogeneity in the
response to circulating strains that arises as a result of age-related changes in immune
specificity could influence strain diversity. In this chapter, we quantified age-related dif-
ferences in the dynamics of influenza protection by fitting mechanistic models to longitu-
dinal serology in children and adults. Our results suggest that early immune responses
target highly mutable sites on the head of the hemagglutinin surface protein, but that
responses are focused over time towards other epitopes, which are generally more con-
served. Our results imply that the immune responses in children and adults generate

different selective pressures for influenza viruses.



CHAPTER 2
THE DYNAMICS OF HUMAN PAPILLOMAVIRUS DIVERSITY

2.1 Introduction

Human papillomavirus (HPV), a major cause of genital warts and anogenital and oropha-
ryngeal cancers [59], is the most common sexually transmitted infection [166]. While
the population prevalence of genital HPV is approximately 40% among women and 45%
among men in the USA, over 200 HPV types have been identified, and the prevalence
of individual types never exceeds 10% [71]. Understanding the factors that underlie the
high diversity of low-prevalence HPV types requires defining fundamental aspects of
HPV ecology, including mechanisms of host immunity, interactions between HPV types,
and the characteristics of high-risk subpopulations, which are poorly understood.

It is unclear how HPV interacts with the immune system during infection, but in prin-
ciple, distinctions between HPV types may arise due to acquired immunity from B cells
and T cells. HPV types are defined by a 10% threshold of dissimilarity in the L1 gene,
which codes for the major capsid protein [37]. The outer capsid modulates viral entry
into host cells at the epithelial basement membrane [19], and the humoral response to in-
fection is mainly type-specific anti-L1 antibodies [135]. Studies of HPV in T-cell-deficient
people show that cellular immunity is important to control infection [152], but it is un-
clear how cellular immunity achieves type-specific recognition, if at all. In individuals
with HPV16-related cancerous lesions, cytotoxic T lymphocytes specific to the E6 and E7
oncoproteins are correlated with reduced disease [121, 138]. The specificity of the T cell
repertoire to other genes or to the majority of HPV types, however, is not well established.

Efforts to understand the effects of immunity on HPV dynamics must begin with ho-
mologous immunity, or protection against repeat infection with the same HPV type. Ho-
mologous immunity would limit the prevalence of any type through negative frequency

dependence. The traditional assumption is that most HPV-infected individuals perma-
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nently clear infection after 1-2 years [156, 147, 117], suggesting protective homologous
immunity. In this scenario, the elevated cancer risk associated with particular HPV types
results from a small fraction of persistent infections [117]. Longitudinal studies, however,
have shown that hosts can be infected repeatedly [153]. Although type-specific antibodies
may provide modest protection against future infection in women [8], serum antibody is
not a marker of immune protection in men [132, 104]. Thus, the strength of homologous
immunity remains unclear.

Evidence for competition between HPV types is also conflicting. Immune-mediated
competition has been invoked to explain small increases in the prevalence of non-vaccine
HPV types following HPV vaccination [85], and to explain weak cross-protection from
the vaccine against related non-vaccine types [167]. Mathematical models show that type
competition is consistent with observed patterns of HPV prevalence [43, 119]. Neverthe-
less, there is little empirical evidence for inter-type competition [146], as shown in part by
elevated rates of multiple-type compared to single-type infections and frequent concur-
rent acquisition of HPV types [25].

Meanwhile, the risk of HPV infection depends on differences in demographic and
behavioral risk factors between host subpopulations. For example, a host’s number of
sexual partners strongly affects infection risk [56, 59, 117], and some evidence suggests
that oncogenic and non-oncogenic types are differently sensitive to the numbers of part-
ners among hosts [159]. However, detailed comparisons of risk factors for infection with
each HPV type have not been performed. Different risk factors would suggest differences
between types among host subpopulations that could explain type prevalence.

To investigate the factors determining HPV prevalence and diversity, we fitted mecha-
nistic models of HPV dynamics to an extensive longitudinal dataset. Mechanistic models
have long been used in infectious disease ecology to quantify the biological processes that
underly pathogen dynamics, but HPV has received comparatively little attention [147].

HPV models have generally focused on qualitative dynamics [113, 118, 130, 43] and on
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predictions for health policy [42, 17], relying on informal methods to estimate parame-
ters. Detailed longitudinal studies present an opportunity to use mechanistic models to
rigorously test hypotheses with robust statistical methods. Here we use such methods to
show that the prevalence and diversity of HPV types are best explained by the combined
effects of a lack of competition within and between types, high rates of reinfection or per-

sistence within individuals, and modest differences in high-risk subpopulations between

types.

2.2 Results

2.2.1 Low-prevalence HPV types coexist over time

We fitted models to data from the HPV in Men (HIM) study, which tracks genital HPV in-
fection and demographic and behavioral traits in unvaccinated men sampled at six month
intervals over five years [57]. In these data, the mean prevalence of all HPV is 65% but
no type has a mean prevalence greater than 10% (Fig. 2.1A), and the prevalence of indi-
vidual types is roughly constant over time (Fig. 2.1B), demonstrating coexistence. The
rank prevalence of HPV types is also constant among geographical locations, although
absolute prevalence is higher in Brazil than in the USA or Mexico (Fig. 2.2).

We analyzed the five HPV types with the highest mean prevalences: HPV62, HPV84,
HPV89, HPV16, and HPV51. We also analyzed HPV6, the ninth most prevalent type,
because it is included in the quadrivalent vaccine and is highly associated with genital
warts [59]. We accounted for previously identified risk factors for HPV infection in the
HIM dataset [57, 56]. The risk factors for any HPV type include markers of increased
exposure to infected sexual partners as well as non-sexual behaviors, such as tobacco
use, and demographic traits. Several factors, notably circumcision and sexual orientation,
differ in their effects among HPV types [2, 125]. Type-specific differences may reflect

meaningful ecological distinctions. We therefore modeled the effects of a diverse set of
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risk factors.

2.2.2  Past infection with HPV confers minimal protection against infection

with the same type

Our models test three hypotheses about HPV infection. Under the simplest, or “memory-

less” model, infection risk depends only on the effects of host- and HPV-type-specific risk
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factors (Eq. 2.1), with no consideration of immunity. Two more complex models account

for the effects of previous infection with the same type (see Methods for model details).
Our three models differ only in their assumptions about the instantaneous per-capita

infection risk, or “force of infection” [86], for host i with HPV type j at time ¢, given by

Ajjt:

(i) In the memoryless model, the force of infection depends only on host-specific risk

factors and the type-specific baseline force of infection, AOJ.:

%
Aije = Ao, f (@ Cit), (2.1)
The vector oc_; scales the effect of each of the M covariates on the force of infection, where

C;; is the covariate matrix:

f(“_;cit) — oAt 2 Coip+a3Caipt - MCir (2.2)

Each model included five continuous or ordinal covariates and six binary covariates (M
= 11 individual-level risk factors).
(ii) In the homologous immunity model, protective immunity reduces the probability of

reinfection (psypsequent) relative to the probability of an initial infection (pyy) with type
J:

) (2.3)

Psubsequent = pfilrs’c(1 - (1- d)eiw(t*tclr)),

Prirst = (Le4atl0f) = (1 —e

The strength of immunity d is constrained to fall between 0 and 1, so that d reduces the
probability of reinfection over time interval At. Note that for d = 1, the homologous
immunity model is identical to the memoryless model. After the previous infection clears

at time ¢4, immunity wanes at rate w.
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Figure 2.3: Dynamics for one individual host i and one HPV type j under the additional
risk model (Eq. 2.4). ”S” and ”I” denote susceptible and infected, respectively. The dura-
tion of each infection is drawn from a Gamma distribution with mean 1/ v}

(iii) In the additional risk model, the risk of an initial infection is determined as in the
memoryless model (Eq. 2.1), but the risk of reinfection is allowed to be higher. The force
of infection thus includes an additional risk factor, which is distinct from the host-specific
covariate effects (such as the number of recent sexual partners) and describes only the

effect of previous infection (Eq. 2.4, Fig. 2.3):
Aije = Ao f (7 Cit) + Iprevdjc,e” (t=tar), (2.4)

The additional risk dj;; depends on the infecting type j and on the sexual subclass c; of
host i. The variable Iprev indicates whether there was a previous infection with type j.
We included an observation model that determines the probability of the observed data
using the sensitivity and specificity of the HPV genotyping test.

We fitted our models to the data using a likelihood-based nonlinear fitting routine [80].
For model selection, we used the corrected Akaike Information Criterion (AICc), which
balances the better fit of more complex models against the parsimony of simpler models,
while including a correction for finite sample size [76]. The best model has the smallest
AICc value.

We first tested whether infection with an HPV type reduces the risk of subsequent
infection with the same type, allowing for variation in the degree and duration of protec-
tive homologous immunity (Eq. 2.3). Notably, the homologous immunity model reduced
to the memoryless model for each HPV type (d = 1, Eq. 2.3) at the point estimate of the
maximum likelihood. The likelihood of the homologous immunity model for each type

was thus effectively identical to that of memoryless model (SI Appendix, Table S1). Small
12



discrepancies in the likelihoods in the two models arise from the Monte Carlo error as-
sociated with the use of simulation-based estimation of the likelihood (SI Appendix 6).
The additional parameter in the homologous immunity model therefore increased model
complexity without meaningfully improving the likelihood, yielding higher AICc scores.
There is thus no evidence for homologous immunity against any of the HPV types that
we studied, suggesting that intra-type competition is weak or absent.

Because separate types are less closely related, competition between types should
be weaker still. Previous work has nevertheless speculated that there may be cross-
immunity between HPV types. In particular, virus-like particles of HPV16 can induce
a low level of neutralizing antibodies against HPV31, and clinical trial data suggest that
current vaccines, which immunize against HPV16, provide partial protection against HPV31
[39, 87]. We therefore tested for competition between HPV16 and HPV31 by fitting a
model in which previous infection with HPV31 affects the risk of infection with HPV16
(see Additional models). Our estimate of the additional risk of HPV16 infection given
previous HPV31 infection is centered around 1 (1.3, 95% C.I.: [0.5, 2.0]), suggesting that
the two types do not compete. This lack of an effect may be partly due to the low preva-
lence of HPV31 (Fig. 2.1) and correspondingly low statistical power, but the lack of even
a trend toward competition nevertheless suggests that there is no interaction. We there-
fore conclude that neither intra-type nor inter-type competition has strong effects on HPV

dynamics.

2.2.3  Past infection with HPV strongly increases the risk of future infection

with the same type

The additional risk model fits the data vastly better than the homologous immunity and
memoryless models for all 6 HPV types (Table 2.1).
To determine whether the additional risk was due to repeated exposure to the same

HPV type by infected sexual partners, we fitted the magnitude of the additional risk d sep-
13



Type Model (n parameters) AAICc
Memoryless (13)  389.6

HPV62 Homologous immunity (15)  396.3
Additional risk (17) 0

Memoryless (13)  117.9

HPV16 Homologous immunity (15)  123.1
Additional risk (17) 0

Memoryless (13)  137.4

HPV89 Homologous immunity (15)  141.2
Additional risk (17) 0

Memoryless (13) 63.9

HPV51 Homologous immunity (15) 67.3
Additional risk (17) 0

Memoryless (13)  270.3

HPV84 Homologous immunity (15)  276.3
Additional risk (17) 0

Memoryless (13)  121.7

HPV6  Homologous immunity (15) 126.8
Additional risk (17) 0

Table 2.1: Comparison of candidate Models. The AAICc gives the AICc score of each
candidate model relative to the best-fit model, such that the best-fit model has AAICc = 0.
arately for three sexual subclasses: celibate individuals, individuals reporting one recent
sexual partner, and individuals reporting multiple recent sexual partners. We included
only people who remained in the same sexual subclass for at least three consecutive years.
Celibate individuals were defined as reporting no recent receptive or insertional anal,
vaginal, or oral sex with male or female partners. Participants were asked separately
at each visit about insertional and receptive sexual practices and were asked separately
about all sexual practices with male or female partners. Vaginal sex was defined explic-
itly as “your penis in your partner’s vagina,” anal sex was defined explicitly as "your
penis in your partner’s anus or your partner’s penis in your anus, and oral sex was de-
fined explicitly as “your penis in your partner’s mouth or your partner’s penis in your
mouth.”

For all six types, previous infection significantly raises the risk of subsequent homolo-

gous infection in each sexual subclass (Fig. 2.4A). The high additional risk experienced by
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celibate individuals (defipate) Strongly suggests that serial infections are driven by factors
other than sexual transmission. Crucially, our estimate of the additional risk is uncor-
related with our estimate of baseline infection risk, A; (Fig. 2.5), showing that the high
estimated additional risk does not reflect statistical non-identifiability between additional
risk and baseline risk. Estimates of the additional risk between different sexual subclasses
have the same magnitude (Fig. 2.4A), demonstrating that variation in the additional risk

across sexual subclasses is minimal.

A oF T
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g o4 partner
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—
= ? ﬁ >1 partner
[@)]
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_j 2 - #
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HPV16 HPV62 HPV51 HPV89 HPV84 HPV6
Additional
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Number of unique infected individuals

Figure 2.4: A Log estimate of the additional risk d by sexual subclass for each HPV type
(MLE and 95% confidence interval). B Predicted number of unique individuals infected
with HPV16 during follow-up across 1,000 simulations under the additional risk model,
as compared to the memoryless model and the data.

To quantify the impact of previous infection, we calculated the effect of previous in-
fection on the total risk of a subsequent homologous infection at t = 0, 1, and 3 years after
clearing the previous infection. Even several years after the initial infection is cleared,
the additional risk due to previous infection accounts for more than 90% of the force of
infection. Moreover, immediately following infection, the one-year probability of reinfec-
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Figure 2.5: Bivariate likelihood profile for the additional risk d qjjpate and the baseline
infection risk Ag for HPV16.

tion with HPV16 (Eq. 2.7) is on average 20.4-fold higher than the probability of infection
in a naive individual. The average increase is 19.1-20.5-fold among HPV types. Even
three years after clearing an infection, the probability of reinfection with HPV16 in the
following year remains 13.5-fold higher (7.4-20.5-fold among types).

The strong additional risk independent of sexual subclass is consistent with two ma-
jor biological explanations: repeat infections, presumably due to autoinoculation between
anatomical sites, or episodic reactivation of latent infection. Because our models account
for 11 different risk factors besides previous infection, it is unlikely that the increased risk
is due to confounding by unmeasured individual-level risk factors. Completely ruling out
unmeasured covariates is impossible without controlled experiments. As an initial test,
however, we repeated our estimation of the additional risk d using a model that includes
additional measured covariates (17 in total). In this more complex model, the additional
risk d still accounts for more than 90% of the force of infection following the initial in-
fection, and the model with more covariates did not provide a better fit to the data than
the best-fit model with 11 covariates (see Additional models). This result suggests that
the increased risk is not due simply to unmeasured individual-level risk factors, while
emphasizing the inability of traditional risk factors to explain the vast majority of HPV

infections.
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2.2.4 Modest differences in host-specific risk factors suggest ecological

differences between HPV types and highlight high-risk subpopulations

Although the additional risk conferred by past infection is substantial, a model without
host-specific risk factors fits the data far worse than the full additional-risk model (Eq.
2.4) for all types (see Additional models). Moreover, the effects of the host-specific risk
factors vary among HPV types. To understand this variation, we inserted our estimates of
the baseline force of infection and the covariate effects for each HPV type into the best-fit
model to calculate the distribution of infection risk in individuals who have never been
infected. The expected time to infection (1/Aj¢), a measure of risk, is generally low but
varies by orders of magnitude among individuals in the naive population (Fig. 2.6).

Thus, the risk of initial infection with any type is concentrated in a few high-risk in-
dividuals. This feature captures a major pattern in the data. Under the additional risk
model, the population prevalence of an HPV type arises from repeated infections in rel-
atively few individuals. In the memoryless model, by contrast, the initial infection risk
is higher, previous infection has no effect on subsequent risk, and prevalence arises from
fewer infections in more individuals.

Simulations from the maximum likelihood estimates of the two models demonstrate
that both reproduce the population-level prevalence in the data across visits (Fig. 2.7).
However, only the additional risk model accurately predicts the fraction of individuals
that ever experience infection, which the memoryless model overestimates (Fig. 2.4B).

To assess the ability of the best-fit model to capture the observed dynamics, we sim-
ulated infection data for the n = 1,099 individuals that we included when making infer-
ences, preserving the visit dates and covariate data for each individual. We compared
the results of 1,000 simulations from both the memoryless model and the additional risk
model (the best-fit model) to the data. Both the memoryless model and the additional risk
model captured the observed prevalence over patient followup (Fig. 2.7), but the addi-

tional risk model accurately predicted the total number of unique individuals that were
17
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Figure 2.6: Distribution of the (log) baseline expected time to infection (fexpected = 1/A))
in uninfected individuals assuming no prior infection, such that A;; = )\0]. f (oc_;Cio) . For
each individual, A;; was calculated using the maximum likelihood estimate for each ele-

ment in @ and the individual-specific covariates C;0, which were reported at the baseline
visit (t = 0). The y axis reports frequency, while the vertical dashed line in each panel
marks an expected time to infection of 10 years. Thus, only the portion of the distribu-
tion to the left of the dashed line in each panel represents individuals for whom the the
expected infection time falls within the next ten years.

infected at any point during the study. The memoryless model, in contrast, overestimated
the number of unique infected individuals (main text Fig. 2.4B). The best-fit model thus
captures important qualitative aspects of the dynamics, supporting the results of model
selection. The success of the additional-risk model provides strong support for our use
of a Bernoulli likelihood function (Eq. 2.7). An implicit assumption of the Bernoulli like-
lihood function is that the error in the model’s predictions is due only to measurement
error rather than to systematic bias in the model’s predictions. The ability of the best
model to reproduce both the prevalence data, and the number of unique individuals in-

fected, strongly suggests that any such systematic bias is reasonably weak.
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Figure 2.7: Comparison of the dynamics under candidate models with the observed
HPV16 infection data. Fraction of infected individuals at various time-points during
followup. The shaded areas are bounded by the 2.5% and 97.5% quantiles from 1,000
simulations of each model. The solid line gives the observed fraction infected among the
individuals used to simulate the data.

The success of the additional-risk model provides strong support for our use of a
Bernoulli likelihood function (Eq. 2.7). An implicit assumption of the Bernoulli likeli-
hood function is that the error in the model’s predictions is due only to measurement er-
ror rather than to systematic bias in the model’s predictions. The ability of the best model
to reproduce both the prevalence data, and the number of unique individuals infected,
strongly suggests that any such systematic bias is reasonably weak.

Unmeasured assortative mixing [99] and simultaneous exposure to multiple HPV
types through sexual partnerships [109] can confound associations between HPV inci-
dence and past exposures. Residual confounding may be a problem because the initial
infection risk is low and sensitive to host-specific risk factors. However, such confound-
ing would be minimized in celibate individuals. We therefore re-estimated the magni-
tude of the additional risk d.ejjpate by fitting the additional risk model (Eq 2.4) to data
from celibate individuals only. In the celibates-only analysis, the risk conferred by pre-
vious infection was still high (see Additional models) and consistent with our previous
estimates. The high additional risk inferred for the celibate individuals and the consis-
tency of the additional risk for all three sexual subclasses suggest that the additional risk

reflects autoinoculation or reactivation rather than confounding from unmeasured sexual
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activity.
The effects of each covariate also show interesting similarities and differences between

types (Fig. 2.8).
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Figure 2.8: Inferred effect of host-specific covariates (maximum likelihood parameter es-
timate and the 95% confidence interval) Colored cells denote statistically significant pos-
itive(blue) and negative (red) effects.

Having more recent female partners strongly increases risk for all HPV types, em-
phasizing the importance of heterosexual transmission. The addition of a single female
sexual partner raises instantaneous infection risk by 80% to 120% among types compared
to the risk in individuals with no recent female partners. The number of male partners,
however, has divergent effects. The addition of a single male sexual partner reduces in-
stantaneous risk with HPV16 by 50%, but increases the risk of infection with types HPV84
and HPV89 by 20% and 70%, respectively. Most other covariates were significant for only
some types, indicating subtle differences between types.

Our estimates of the effects of type-specific risk factors are generally consistent with

previous studies, but there are some exceptions. First, a previous analysis of the HIM
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data showed no difference in HPV16 incidence between men who have sex with men and
men who have sex with women [125], but our results instead show that risk of HPV16
infection declines with an increase in the number of male sex partners, suggesting that
HPV16 infection depends largely on heterosexual transmission. Meanwhile, our results
show that the risk of infection with HPV51, HPV89, HPV6, and HPV84 increases with the
number of male or female partners, consistent with previous work, although the effect
was statistically significant only for HPV89. Finally, the previous analysis concluded that
circumcision increases the risk of HPV51 [2], but our results suggest that circumcision in-
stead reduces the risk of HPV51. Our modeling approach, however, may provide greater
statistical power than previous analyses. First, our models account for variation in risk
per unit time, and they describe the dynamics in a way that is unconstrained and unbi-
ased by the frequency of observations. Second, we infer the contribution of host-specific
risk factors to infection risk separately from the dynamics of previous infection. We there-
fore have reason to believe that our results are robust and that differences with previous

analyses arise from differences in model structure.

2.2.5 Estimated parameters for the best-fit model

The values of the maximum likelihood estimate for the best-fit model parameters are

given in Table 2.2.

2.2.6 Additional models

1. Testing for homologous immunity by excluding individuals with prevalent infection
Including individuals infected with HPV at baseline could have enriched the data
for individuals with less immunity to HPV, causing the additional risk model to
be favored over the homologous immunity model. Therefore, to help validate the

results of the model selection, we fitted each of the three candidate models (the
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Parameter MLE Confidence interval Type

A -4.6  [-5.2,-4] HPV62
-4.6 [-5.2,-4.3] HPV84
4.3 [-4.7,-3.6] HPV89
-4.2 [-5.1,-3.5] HPV1e6
-43  [-5,-3.8] HPV51
-5.1 [-5.7,-4.5] HPV6
Pinitia] (logit scale) -2.6  [-2.8,-2.5] HPV62
2.6 [-2.7,-2.5] HPV84
2.8 [-3.1,-2.6] HPVE&9
2.9 [-3.2,-2.8] HPV16
29  [3.1,2.8] HPV51
32  [-34,-2.8] HPV6
dcelibate 2.7 [2.2,3.3] HPV62
1.0 [0.1,1.6] HPV84
52 [4.3,6.2] HPVE&9
4.0 [3.5,4.9] HPV16
3.9 [2.4,4.2] HPV51
21 [1.329] HPV6
d partner 3.3 [2.9,3.7] HPV62
1.5  [-0.3,3] HPV84
4.2 [3.5,4.8] HPVE&9
3.8 [3.2,4.7] HPV16
3.6 [2.5,4.1] HPV51
28  [2.2,3.3] HPV6
d>q partner 3.1 [2.7,3.6] HPV62
0.7  [0.3,3.4] HPV84
39  [3.145] HPV89
44 [3852] HPV16
3 [2.7,3.9] HPV51
2.3 [1.7,2.9] HPVe6
w 03 [05-01] HPV62
0.5 [-0.8,-0.3] HPV84
0 [-0.3,0.2] HPVE&9
0.3 [0.1,0.5] HPV16
13 [-1.6,-0.8] HPV51
0 [-0.2,0.3] HPV6

Table 2.2: Values of the estimated parameters. Estimates are on a log scale unless other-
wise indicated.

memoryless model, main text Eq. 1, the homologous immunity model, main text

Eq. 3, and the additional risk model, main text Eq. 4) to the subset of individuals
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that were uninfected for at least two visits at baseline. We found strong support
for the additional risk model in this subpopulation (Table 2.3, consistent with our
major findings. For each type, the homologous immunity model again reduced to
the memoryless model (the maximum likelihood was achieved at d =1 for all types),

affirming the lack of homologous immunity in any type.

Type Model (n parameters) AAICc
Memoryless (13) 52.5

HPV62 Homologous immunity (15) 55.3
Additional risk (17) 0

Memoryless (13) 17.8

HPV16 Homologous immunity (15) 21.5
Additional risk (17) 0

Memoryless (13) 22.0

HPV89 Homologous immunity (15) 25.3
Additional risk (17) 0

Memoryless (13) 33.1

HPV51 Homologous immunity (15) 38.4
Additional risk (17) 0

Memoryless (13) 47.9

HPV84 Homologous immunity (15) 51.1
Additional risk (17) 0

Memoryless (13) 30.6

HPV6  Homologous immunity (15) 34.1
Additional risk (17) 0

Table 2.3: Comparison of the candidate models fit to the subset of the study of population
without prevalent infection at baseline. The AAICc gives the AICc score of each candidate
model relative to the best-fit model, such that the best-fit model has AAICc = 0.

2. Additional risk model fit to celibate individuals only
We fitted the additional risk model to data from the celibate individuals (1 = 237).
Celibate individuals were those who reported no receptive or insertional vaginal,
anal, or oral sex between visits. For all analyses, we included only individuals that
remained celibate for a minimum of three years, and we estimated the magnitude
of the additional risk dcelibate only during the period of celibacy. Consistent with

our main findings, when fitting the model to only celibate individuals, we recover
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the strong effect of previous infection with each HPV type on the risk of subsequent
infection with the same type (Table 2.4). The effect of previous infection on the total
risk of subsequent infection in the celibate population accounts on average for over

96% of the infection risk across types, even at three years after infection clearance.

Type deelibate (MLE) ~ 95% Confidence Interval

HPV62 1.6 [0.1,34]
HPV84 15 [0.4,9.8]
HPVS9 5.8 [1.1,10.1]
HPV16 3.4 [1.3,5.4]
HPV51 3.0 [0.9,6.8]
HPV6 25 [0.8,5.2]

Table 2.4: Maximum likelihood estimate of the additional risk dg[jpate inferred using data
from only celibate individuals. All values are reported on a log scale.

3. Additional risk only model
In this model, the force of infection A;j; for individual i with type j at time ¢ was
determined only by the baseline infection risk for type j and by the effect of previous
infection, so that the behavioral and demographic risk factors had no effect. The

force of infection is then:
Aijt = Ao, + Tprevdje,e 1 "ol (2.5)

For each HPV type, this model out-performed the memoryless model but it per-
formed much worse than the model that also took into account the covariates (Table

2.5).

4. HPV16/HPV 31 interaction model
To test whether infection with HPV31 affects the risk of infection with HPV16, we
titted a model in which the force of infection of HPV16 depends on whether an
individual has ever been infected with HPV31. In this model, we included a covari-

ate variable Ifypy31, updated at each visit, that indicated whether individual i was
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Type AAICc

HPV16 50.6
HPV51 11.7
HPVeé6 8.3

HPV62  66.8
HPV84 37.3
HPV89 225

Table 2.5: Performance of the additional risk only model for each HPV type relative to
the full additional risk model. The AAICc gives the AICc score of each candidate model
relative to the best-fit model, such that the best-fit model has AAICc = 0.

currently or previously infected with HPV31. The force of infection A;;; was thus:
— —w;(t—t
Aijt = Ao, f (] Cit)arpya1Inpyat + Iprevdjce” (t=tar), (2.6)

where aypy3; gives the effect of previous or current infection with HPV31 on the
risk of infection with HPV16. Our goal was to estimate the direction and strength of
interaction between HPV16 and HPV31. Our estimate of the interaction parameter

was centered around 1 (MLE 1.3, CI[0.5,2.0]), indicating no significant interaction.

5. A model with additional covariates
To estimate the contribution of the additional risk to the force of infection when
allowing for a large number of host risk factors, we added additional covariates
to the additional risk model for HPV16, using the full set of 17 original candidate
covariates (Fig. 2.10). We used the maximum likelihood estimates of the model pa-
rameters to estimate the fraction of the force of infection made up by the additional
risk d among individuals. This model involved inference for n=1019 individuals
that had complete covariate information at baseline for the full set of covariates. To
compare this model to the best-fit additional risk model (with 11 covariates), we
titted the original additional risk model for the same 7=1019 individuals and again

calculated the maximum likelihood. The additional risk 4 still accounts on average
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tfor over 90% of the risk for several years after infection clearance (Fig. 2.9).

0.20¢ 1
0.15¢ :
0.10¢ :
0.05¢ |
0.00L 1
0.15F

sieak 0

0.10¢

Jeah |

0.05¢

Frequency

0.00E

0.075

0.050 f

0.025 X ||
- ,,,-_.Il!ll!ll

0.000 b : :
0.90 0.93 0.96 0.99 1.00
Fraction of the force of infection due to additional risk (dcij/Njo)

sieak ¢

Figure 2.9: Contribution of the effect of previous infection to the overall infection risk
among individuals for HPV16, using a model with 17 covariates. Histograms show the
distribution of the fraction of the overall force of infection A;;; made up by the additional
risk d in the population at various times post-clearance of the precedent infection. The
mean value for each distribution is given by the vertical dotted line.

The maximum likelihood and AICc for the model with additional covariates were
-1468.4 (SE .63) and 2983.9, respectively, whereas the maximum log likelihood and
AICc for the model without additional covariates, fitted to the data from the same
individuals, were -1472.8 (SE .86) and 2979.6, respectively. Thus, the AAICc for the
additional covariates model is 4.3, showing that the improvement in the likelihood
from the additional complexity of the additional covariates does not provide a better

explanation of the data than the additional risk model.
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2.3 Discussion

Understanding the dynamics of HPV transmission is crucial to explain the coexistence
of over 200 low-prevalence HPV types. Our results show little evidence of competi-
tion within and between HPV types, and instead they show high rates of reinfection or
persistence by the same type. The inferred lack of both homologous and heterologous
immunity implies that HPV type diversity cannot be explained by negative frequency-
dependent selection, which promotes the coexistence of other immunologically distinct
pathogen strains. Our results instead suggest that high HPV prevalence results from con-
tinuous or repeated infection with multiple, apparently independent virus types. Types
differ slightly in their risk factors, suggesting that ecological niche partitioning could fur-
ther promote coexistence.

Our conclusion that there is no homologous immunity in men supports the hypoth-
esis that genital infection differs between men and women. Although the durations and
distributions of types in genital HPV infection are similar in men and women [71, 59],
the prevalence of genital HPV is higher in men [71]. Acquired immunity has been pro-
posed to explain declining cervical HPV prevalence by age in women in some countries
[15, 149], whereas HPV prevalence does not change with age in men [57, 71]. Further-
more, the seroprevalence of some types is higher in women than in men from the same
source population [111], although homologous protection in women is still likely to be
weak [8].

The high risk of recurring infection is consistent with either autoinoculation across
anatomic sites or with episodic reactivation of latent infection. Studies showing type-
concordant HPV infection across anatomic sites support the importance of autoinocula-
tion. First, HPV DNA has been detected on the fingers of patients with genital warts
[154], suggesting transmission between the hands and the genitals. Second, an analy-
sis of a subcohort of the HIM study demonstrated a 1.5 to 15-fold increase in the risk of

anal HPV infection after genital infection [125], and a similar analysis of women found a
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20-fold increase in the risk of recurrent anal HPV infection given infection at the cervix
[60]. Moreover, 63% of the cases of recurrent anal HPV occurred without a self-reported
history of anal sex [60]. Significantly, the magnitude of the effect in these studies is con-
sistent with our estimate that previous infection yields a 20-fold increase in the risk of
subsequent infection.

Apparent reinfection could instead be due to the reactivation of latent virus. Whether
HPV persists latently remains unknown [147, 64], but an animal model of cottontail oral
papillomavirus provides evidence of a latent reservoir [108]. Furthermore, sexually in-
active HIV-positive women have a higher risk of recurrent HPV infection compared to
HIV-negative controls [161], and among HIV-positive females, higher CD4+ T cell counts
are negatively correlated with recurrent infection risk [157]. The latter two studies have
been interpreted as evidence of reactivation of latent infection [64], but either effect may
instead result from increases in susceptibility to autoinoculation. Furthermore, the stud-
ies in HIV-positive women suggest that reactivation requires immune suppression, and
may therefore be rare in healthy individuals.

Vaccine efficacy trials suggest that reinfection is more common than reactivation. Women
with previous HPV-related disease who received the quadrivalent vaccine were protected
against HPV-related lesions [84]. Similarly, one study showed 100% efficacy of the HPV
vaccine against HPV-related disease in individuals with serological evidence of past HPV
6, 11, 16, or 18 infection [129]. HPV vaccines prevent infection by inducing antibodies
that block viral entry, and such antibodies would likely not prevent reactivation. If in-
deed vaccines do not affect the disease course of reactivated infections, then these trials
suggest that the vaccine diminishes the incidence of HPV lesions by blocking true rein-
fection. Vaccinating children before sexual debut clearly reduces infection rates [110], but
if vaccination prevents autoinoculation, then vaccinating previously infected individuals
may also reduce HPV prevalence.

The type-specific effects of demographic and behavioral risk factors that we inferred
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suggest that modest differences exist in the host subpopulations supporting each HPV
type. These differences highlight functional ecological distinctions between types that
may further contribute to type coexistence For all types, the major determinant of in-
fection risk is the number of recent female sex partners, suggesting a central role for
heterosexual transmission. Additionally, current smoking increases risk in most types,
consistent with other studies [56, 58, 71, 134]. Smoking can suppress mucosal and cellu-
lar immunity [98], but its effects may be confounded with other potentially unobserved,
high-risk behaviors. Although shared risk factors account for most of the initial infection
risk for each type, there are important distinctions too. For instance, the effect of circum-
cision on the risk of HPV infection is type-specific. Several randomized, controlled trials
of male circumcision have demonstrated that circumcision protects against any HPV in-
fection [6, 65], whereas observational studies have instead documented either no effect
or increased risk [71, 105]. These conflicting results may have arisen from confounding
by differences between types. Foreskin consists of unkeratinized mucosal epithelium,
whereas the exposed tissue in circumcised men is made up of stratified squamous epithe-
lium [65]. Our finding that circumcision increases the risk of infection with some HPV
types (e.g. HPV84) and decreases the risk with others (e.g. HPV51) could reflect the
adaptation of HPV types to different epithelia in the male genital tract.

Our modeling approach has several limitations, notably that we cannot distinguish
between reactivation and autoinoculation, and that unmeasured covariates could have
affected our results. While we identified celibate individuals based on detailed self-
reporting on anal, vaginal, and oral sex, celibacy did not account for all forms of non-
penetrative sexual contact, such as kissing and masturbation. Furthermore, the construc-
tion of covariates from risk-factor data may have led to bias. While we based our selection
and specification of the covariates on previous analyses, we cannot ignore the possibility
of residual bias. For example, for recent male sex partners, if any sexual activity with

male partners significantly affected risk, but the distinction between two and three recent
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partners was negligible, then we could have underestimated the effect of male sexual
partnership activity by inferring a linear coefficient. Furthermore, we inferred a linear
coefficient to estimate the general effect of increasing educational level on HPV risk, but
changes between discrete educational levels may correspond imperfectly to proportional
changes in risk, which may have limited our power to detect a true effect. Dichotomizing
condom use into more or less than 50%, a necessary measure given the small fraction of
individuals that reported 100% condom use, could have introduced bias. Particularly, we
may underestimate the protective effect of condoms if they are only strongly effective at
100% usage. However, at least one previous study identified a significant reduction in
the risk of HPV infection with condom use when condom use was measured as use more
than 50% of the time [172]. We cannot completely rule out the possibility that unobserved
properties of the sexual contact network affected our results. In addition, our model of
homologous immunity assumes that protection arises immediately after infection, but

protection may be lagged [118].

2.4 Methods

2.4.1 Data

The HPV in Men (HIM) study is a multinational cohort study of HPV infection in un-
vaccinated men aged 18-70 years. The study enrolled 4,123 participants between 2005
and 2009 and tracked men longitudinally over five years. Men were recruited from three
cities: Tampa, Florida, USA; Cuernavaca, Mexico; and Sao Paulo, Brazil. Detailed study
methods are described elsewhere [57]. The human subjects committees of the University
of South Florida (Tampa, FL, USA), Centro de Referencia e Treinamento em Doenabas
Sexualmente Transmisseveis e AIDS (Sao Paulo, Brazil), and Instituto Nacional de Salud
Publica de Mexico (Cuernavaca, Mexico) approved all HIM study procedures. All partic-

ipants provided written informed consent. The data for each individual consist of binary
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time series of infection status with each HPV type for up to 10 clinic visits (median = 10
visits).

We excluded individuals that failed to meet the full eligibility criteria described by the
HIM study [57], which included no prior diagnosis of genital cancer, warts, HIV, or other
STIs. We identified 3,656 eligible participants from the 4,123 men enrolled in the HIM
study as of October 2014. Of the eligible participants, we excluded n = 575 participants
that had missing data at the time of enrollment for the 11 covariates that we included
in our three candidate models. We then divided the remaining 3,081 participants into
three sexual subclasses based on the number of recent sex partners. For all covariates,
“recent” activity indicates activity in the past six months, or since the last clinic visit if
the last clinic visit was more than six months prior, as reported at each clinic visit. The
three sexual subclasses were celibate individuals, individuals with one recent sex partner,
and individuals with two or more recent sex partners. To account for the effects of sexual
subclass on the infection risk, we restricted our analysis to include only the n = 1,099
individuals who remained in the same subclass for at least three years over the course of

their participation in the study.

2.4.2 Covariate variables

Covariates, including those used to determine sexual subclass were derived from a risk
factor questionnaire that was administered at each visit, which was described and vali-
dated previously [57, 126]. The survey was conducted via computer-assisted self- inter-
viewing (CASI) to preserve patient anonymity during the response process. Questions
covered sociodemographic characteristics, sexual behaviors, sex partnerships, and con-
dom use. Participants were asked to recall their recent behavior, such as recent number
of male or female sexual partners, where “recent” referred to behavior over the past six
months. Participants had the option of refusing to answer any question, and refusals
were treated as missing values as in Giuliano et al. [57], such that a missing covari-
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ate was assigned its value at the closest visit. Covariates were selected for inclusion
in the model based on known risk factors identified in the literature for HPV in men
[57, 56, 59, 125, 71, 2]. We also included country of residence as a covariate. The full
set of candidate covariates (Fig. 2.10) included race (black/African American or other),
ethnicity (Hispanic or other), age, age at sexual debut, lifetime numbers of male and fe-
male sexual partners, numbers of recent male and female sexual partners, numbers of
new male and female sexual partners, presence of a steady sexual partner, marital sta-
tus, level of education, circumcision status (confirmed by a clinician at the baseline visit),
whether or not the participant was a current smoker, whether or not the participant used
condoms for the majority of recent sexual encounters, Brazilian nationality, and Mexican
nationality, with US nationality used as the baseline.

To decrease statistical non-identifiability and to increase computational feasibility, we
reduced the full candidate set of covariates to a subset based on observed correlations
(Fig. 2.10). Among highly correlated pairs of similar covariates, we heuristically selected
one representative. For example, we chose to include recent numbers of sexual partners
instead of lifetime numbers of sexual partners and the presence of a steady sexual part-
ner instead of marital status. The variables describing race and ethnicity were strongly
correlated with country of origin, so we excluded them. Table 2.6 gives the final subset of
covariates included in the model.

Through this selection process, we identified five continuous covariates that we in-
cluded as linear predictors (Table 2.6). The continuous and ordinal covariates that we
modeled as linear predictors were age, educational level, age at sexual debut, number of
recent female sex partners, and number of recent male sex partners.

Following previous analyses from the HIM study group [125, 56], we specified these
covariates according to a previous study [126] that evaluated the test-retest reliability of
the risk factor questionnaire across the three study sites and languages. Nyitray et al.

identified the covariate specifications that maximized the calculated reliability coefficient
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Figure 2.10: Correlations between the full candidate set of self-reported covariates at the
baseline visit. Pearson product-moment correlations were calculated between continuous
variables, polyserial correlations (inferred latent correlations between continuous and cat-
egorical variables) were calculated between numeric and binary variables, and polychoric
correlations (inferred latent correlations between categorical variables) were calculated
between binary variables. All correlations shown were significant at the & = .05 signifi-
cance level based on tests for bivariate normality.

of the response between geographical sites. For recent sexual partnerships, for example,
they found that across-site and across-time reliability was maximized when recent sexual
partnerships were grouped as 0, 1, 2, and > 3 sexual partners of either gender over the
previous six months. We preserved this variable grouping and found that less than 4% of
the individuals in our data reported >3 recent sexual partnerships at any visit. Binning

of > 3 sexual partnerships thus likely did not affect the estimated covariate effect. For
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educational level, the HIM study group identified a binned ordinal set of educational
levels (0-4) that were similar across cultures. Nyitray et al. found that covariate responses
had substantial reliability regardless of participant age, and the previous analyses of the
HIM dataset found no association of age with HPV incidence across different binnings
of age. Furthermore, previous analyses identified a simple positive relationship between
HPV incidence and younger age at sexual debut [56]. We therefore used age and age at
sexual debut as continuous predictors without binning.

To model the effect of the covariates on the instantaneous risk of infection A;j;, we
used a log-linear model (Eq. 2.4), such that each covariate effect « is directly interpretable
as a multiplicative effect on A;j;. Time-varying covariates (age, recent numbers of male
and female sex partners, the presence of a steady sex partner, smoking status, educational

level, and condom use) were updated at each visit.

Name Structure Notes
1 Age Continuous
2 Educational Level Ordinal
3  Age at sexual debut Continuous
4 Recent female sexual partners  Continuous 0,1,2, > 3
5 Recent male sexual partners Continuous 0,1,2, > 3
6 Circumcision status Binary
7 Smoking status Binary Current smoker
8  Steady sex partner Binary Presence of a steady sexual partner
9 Consistent condom use Binary >50% condom use
10  Brazil Binary Country of residence
11 Mexico Binary Country of residence

Table 2.6: Covariates included in the analyses.

2.4.3 Model of HPV dynamics

Our models are two-state discrete time partially observed Markov processes (POMPs), in

which an individual is either infected (1) or uninfected (0) at any time with an HPV type.

Infection of individual i with HPV type j occurs at rate A;j;, such that the probability of
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infection over At is:
p(Lpyar0r) = 1 — e Mithh, (2.7)

Because we cannot directly observe infection events, the measurement model relates each

observation Yj;; to the latent state X;j:
Yijt ~ Bernoulli(X;j; (1 — Prp) + (1 — X;j) Pen), (2.8)

where Ppp and Pgyj are the rates of false positives and false negatives, respectively. The
duration of infection was drawn from a gamma distribution, where the shape (k;) and
scale (9]-) were fixed to match the empirical distribution of infection durations in the data

for type j (Table 2.8 and Fig. 2.11).

2.4.4  Model parameters

1. Estimated parameters

A description of the estimated parameters is given in Table 2.7.

2. Fixed parameters
The false positive and false negative rates of HPV detection were set equal to the
high sensitivity (96%) and specificity (99%) of the Roche Linear Array HPV geno-
typing test reported by the manufacturer (Roche Diagnostics), which has been con-
firmed by other analyses [63]. The duration of each simulated infection with each
HPV type j was drawn from a F(k]-, Gj) distribution, where k; and 6; were fixed ac-
cording to the empirical distribution of infection durations in the data for type j (Fig.

2.1, Table 2.8).

Following Giuliano et al. [57], we required two consecutive negative visits follow-
ing a positive visit for any HPV type to constitute an observed clearance. Of the
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Parameter group Name Type

Baseline infection risk A Estimated
Infection duration Gamma shape (kj) Fixed

Infection duration Gamma scale (9]-) Fixed

Covariate effects («) Age Estimated
Covariate effects («) Educational status Estimated
Covariate effects («) Age at sexual debut Estimated
Covariate effects («) Circumcision status Estimated
Covariate effects («) No. recent female sex partners Estimated
Covariate effects () No. recent male sexual partners Estimated
Covariate effects («) Steady sexual partner Estimated
Covariate effects («) Consistent condom use Estimated
Covariate effects («) Current smoking status Estimated
Covariate effects («) Mexican nationality (apx) Estimated
Covariate effects («) Brazilian nationality (xp7) Estimated
Initial conditions Probability of initial infection (Pinitialj) Estimated
Initial conditions Remaining (Fremaining) Nuisance
Initial conditions Previous infection probability (ppast) Nuisance
Measurement model False positive rate (Prp) Fixed

Measurement model False negative rate (Prpy) Fixed

Homologous immunity =~ Magnitude of scaled risk (d) Estimated
Homologous immunity = Rate of waning of immunity (w) Estimated
Additional risk (d) dcelibate Estimated
Additional risk (d) A1partner Estimated
Additional risk (d) Amultiple Estimated

Table 2.7: Description of model parameters

Type kj 0;

HPVé62 120 0.81
HPV84 1.67 0.59
HPV89 137 0.70
HPV1e 171 0.52
HPV51 133 0.75
HPVé6 1.71  0.51

Table 2.8: Values of the parameters describing infection durations, as estimated from ob-
served infection and clearance events in the data.

consecutive negative tests, the first was assumed to be the first true negative obser-

vation. Thus, we treated 1-0-1 transitions as false negatives, thereby adjusting data
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Figure 2.11: Empirical distribution of infection durations for each HPV type (grey his-
togram) with an overlying gamma distribution having the same mean and coefficient of
variation as in the data (red).
a priori based on the assumption that infection in such cases was actually continu-
ous. Our justification was two-fold: first, this approach allowed us to account for
false negatives in HPV sampling beyond the laboratory specifications of the HPV
test that were included in the observation model. Second, the approach ensured
that the high rates of reinfection estimated by the best-fit model were not the re-

sult of failing to account for false clearances, ensuring in turn that our estimates of

reinfection rates would be conservative.

3. Nuisance parameters
Two nuisance parameters were used to generate the initial conditions for model
simulations but were not estimated from the data. For individuals that were initially
infected during any simulation, the fraction of an infection duration that they had

experienced prior to time ¢t = 0 was given by the nuisance parameter Fremainingr
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which was drawn from a uniform (0,1) distribution for each model realization. For
individuals that were initially uninfected during any simulation, the probability that
the individual had previously been infected at some point in time was given by

Ppast, which was drawn from a uniform (0,1) distribution for each model realization.

2.4.5 Likelihood-based inference

Inference by maximum likelihood was carried out using multiple iterated filtering (MIF)
[80]. Briefly, iterated filtering is an algorithm that uses sequential Monte Carlo (SMC)
to approximate maximum likelihood estimates of parameters from POMP models. SMC
uses a population of particles drawn from the parameters of a given model to gener-
ate Monte Carlo samples of the latent dynamic variables and evaluate the likelihood of
observed time series [38]. Iterated filtering successively filters the particle population,
perturbing the parameters between iterations. The perturbations decrease in amplitude
over time, allowing convergence at the maximum likelihood estimate.

The extension of SMC and iterated filtering to longitudinal panel data has been previ-
ously described [145], and we extended longitudinal POMP methods to binary data. The
data for each HPV type is a set of binary time series, or panel units, describing the ob-
served infection trajectory for each individual. The panel POMP contains a POMP model
for each individual, and individuals share parameters. To evaluate the likelihood of a
shared parameter set, SMC is carried out over the time series for each individual to gen-
erate a log-likelihood for the corresponding panel unit. The log likelihood of the panel
POMP object is the sum of the individuals’ log likelihoods. All optimization routines
were carried out using 20,000 particles to overcome high Monte Carlo error.

For each model, we initialized the iterated filtering with 100 random parameter com-
binations. Optimization involved series of successive MIF searches, with the output of
each search serving as the initial conditions for the subsequent search. The likelihood of
the output for each search was calculated by averaging the likelihood from ten passes
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through the particle filter, each using 50,000 particles. The optimization was repeated
until additional operations did not arrive at a higher maximum likelihood.

For model selection, we used the corrected Akaike Information Criterion (AICc) [76].
We obtained maximum likelihood estimates for each parameter and associated 95% confi-
dence intervals by constructing likelihood profiles. We used Monte Carlo Adjusted Profile
methods [79] to obtain a smoothed estimate of the profile that accounts for the increased
Monte Carlo error associated with longitudinal data. The lower and upper limits of the
95% confidence interval were the points that lay 1.92 log-likelihood units below the max-
imum likelihood estimate on the smoothed profile curve. These points correspond to

one-half the 95% critical value for a x? distribution with one degree of freedom.

2.4.6  Monte Carlo error in inference from binary panel data

Advances in simulation-based Monte Carlo methods have made it possible to fit complex
models to large datasets. We took advantage of extensions of multiple iterated filtering
(MIF) [80] to the case of panel data. Iterated filtering uses sequential Monte Carlo, also
known as particle filtering, to estimate the likelihood of partially observed Markov pro-
cess (POMP) models. Sequential Monte Carlo uses stochastic simulations of dynamical
models to produce successive populations of weighted particles. Each particle represents
a Monte Carlo sample from the probability density of the latent process, conditional on
the parameters and the previous observations. As the particle population is propagated
along the time series, the particles are weighted and resampled at each data point, and
the likelihood of each observation is estimated as the weighted average of the particles.
Large data sets and complex models can result in non-negligible Monte Carlo error
in estimated likelihoods. The structure of panel data, a collection of time series that are
dynamically independent apart from shared model parameters, yields high Monte Carlo
error that often makes it infeasible to calculate the likelihood with an error of less than
one log likelihood unit [79]. This is important because a standard approach to calculating
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95% confidence intervals relies on the observation that parameter values with log likeli-
hood scores that are within 1.92 units of the maximum log likelihood fall within the 95%
confidence interval [13]. Because high levels of Monte Carlo error can make it difficult
to accurately estimate likelihoods, high Monte Carlo error rates also make it difficult to
estimate 95% confidence intervals. Ionides et al. [79] show that one solution to this prob-
lem is to approximate the likelihood in the region of the maximum likelihood by fitting
a quadratic to to likelihood scores from a large sample of parameter values, which can
in turn be used to directly estimate the confidence bounds. Ionides et al. validated this
approach with panel data [79], and here we apply it to the case of binary panel data.

Before carrying out the model fitting, we tested our approach by quantifying the effect
of particle size on the likelihood for a given set of parameters. As is often the case in
simulation-based approaches, the Monte Carlo error in our simulations is high enough
that most particles have very low likelihoods. As a result, our likelihood estimates at first
improve rapidly with increases in the number of particles (Fig. 2.12).

For particle numbers above about 5000, however, further increases in particle numbers
have at most weak effects. We therefore used 20,000 particles for the iterated filtering and
50,000 particles for evaluations of the likelihood by particle filtering. We also accounted
for Monte Carlo error in maximum likelihood estimation by initiating a large number of
independent MIF searches (1 = 100) at random parameter values for any given model. To
identify the MLE for a given model, we required that three searches independently arrive

within two log likelihood units of the maximum likelihood value.
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Figure 2.12: Likelihood of the maximum likelihood parameter set for HPV16 calculated at
increasing particle sizes. Point estimates and error bars represent the mean and standard
error, respectively, of 10 particle filter replicates.
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CHAPTER 3
AGE-RELATED DIFFERENCES IN INFLUENZA IMMUNE
DYNAMICS

3.1 Introduction

Circulating influenza viruses evolve rapidly in response to strong selective pressure by
antibodies to the viral surface proteins hemagglutinin (HA) and neuraminidase (NA)
[170, 23]. Two subtypes of influenza A viruses currently circulate in human popula-
tions, defined by antigenic differences in HA and NA. One consequence of influenza’s
rapid evolution is that individuals are infected multiple times over a lifetime, such that
the cumulative factors that shape individuals” immune responses to circulating strains
are seldom observed directly. The dynamics of protection after influenza infection are
incompletely understood. The extent to which infection with one subtype reduces the
risk of infection with the same or a different subtype is still unclear. It is also unclear
how changes in individuals” immune responses with exposure history affect the dynam-
ics of protection after infection. Understanding the dynamics of protection, both among
individuals and within individuals over time, is important for understanding influenza
evolution and population dynamics, and for vaccination strategy.

Individuals can mount different humoral and cellular immune responses to the same
circulating strains. The specificity of the immune response evolves over time with re-
peated exposures, leading to age-related differences in protection. Infection can trigger
pre-existing immune responses [51, 83] by the reactivation of B cells targeting previously
encountered sites [49, 4, 88]. Furthermore, concentrations of stalk-directed antibodies in-
crease with age [114, 120], suggesting that the immune response evolves to target more
conserved regions.

The specificity of antibody repertoires may also be determined by factors indepen-

dent of infection history, such as the immunogenicity of viral epitopes and even chance
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[31]. Heterogeneity in T cell-mediated protection can arise from genetic factors. Cell-
mediated immune responses directed against conserved proteins of influenza A viruses
are believed to play an important role in both homosubtypic and heterosubtypic pro-
tection [155, 171, 14, 124, 140, 12], mainly by decreasing viral shedding rather than by
preventing infection [66]. Polymorphisms human leukocyte antigen (HLA) genes corre-
late with differences in vaccine-induced humoral immunity [97] and in clinical outcomes
after natural infection [72].

The notion that individuals vary in their immune response to circulating strains is fur-
ther supported by evidence that an individual’s earliest influenza infection significantly
affects susceptibility to later infections. The "HA imprinting” hypothesis [61] suggests
that primary infection with virus of one HA group reduces the rate of severe infection
with virus of the same HA group later in life. Imprinting results in epidemiological sig-
natures of subtype-level susceptibility by birth year, a proxy for early exposures.

Understanding the dynamics of influenza immunity requires observations of single
individuals over time. While population-level influenza-like-illness (ILI) and subtype
frequency data reveal important patterns of flu activity, they obscure the individual-level
processes that give rise to such population trends. Infections often leave signature rises
in subtype-specific antibodies that are reflected in sera. Therefore, longitudinal serol-
ogy provides a basis to infer the history of individuals” infections, some of which are
sub-acute [22]. The haemagglutination inhibition (HI) assay, which measures antibody
against HA head, is the traditional method to measure titers against influenza, and HI
titers correlate with protection [123, 74]. Serological surveillance relies on threshold val-
ues of cross-sectional titers and fold-increases in titers to indicate susceptibility and infec-
tion [141]. However, multiple studies document individual- and subtype-level variability
in the titer response to influenza infections [141, 24, 49, 177], suggesting that non-specific
thresholds are inappropriate in some individuals. To accurately infer the dynamics of

protection from longitudinal data, it is important to understand variation in immune cor-
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relates among individuals.

Mechanistic models can be used to estimate the strength and duration of homosub-
typic and heterosubtypic protection. Previous models have not explicitly estimated the
duration of protection after influenza infection at an individual level. Population-level
transmission models coupling influenza-like-illness (ILI) time series with antigenic changes
in seasonal viruses [10, 40] demonstrate the importance of waning immunity due to anti-
genic evolution for inter-annual epidemic dynamics. One model estimated that individu-
als lose immunity to circulating viruses over 2-10 years predominantly by antigenic drift
[10]. Another [40] suggested that protection against a single H3N2 strain could last as
long as 30 years, but that evolutionary changes every 1-2 years, predicted either by virus
genotype or by antigenic cluster transitions, drive the loss of protection.

Several models of HI titer dynamics have quantified the the antibody response to in-
fluenza infection over multiple timescales, though they did not estimate the strength and
duration of antibody-mediated protection. A mechanistic model fitted to cross-sectional
serology suggested that the antibody response to H3N2 infection involves quickly de-
caying cross-reactivity against related strains, such that strains circulating 2.4 years apart
were only 50% cross-reactive [95]. By reconstructing probable patterns of infection for
individuals, the same model predicted that H3N2 infections occur at a median interval of
5 years. This analysis could not examine immune mechanisms acting at different (short-
term and long-term) timescales within individuals. However, a complementary model
incorporating longitudinal data [93] suggests that a strong, short-lived cross-reactive anti-
body response decays over time to a long-lived response against a narrower set of strains.

Previous models fitted to HI titers suggest that protection may differ between chil-
dren and adults. Statistical analyses of paired pre- and post- epidemic sera suggest that
children have a larger antibody boost than adults immediately after infection [141, 175],
and that a given antibody titer is more protective in children than in adults [141]. Fur-

thermore, there is evidence that individuals mount higher antibody titers against strains
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encountered early in life than they do to subsequent infections, suggesting that adults
and children may respond differently to the same circulating strain [100].

Existing models of HI titer dynamics make limiting assumptions about the immune
dynamics of influenza infection. No previous models simultaneously account for the ef-
fects of pre-existing immunity, for individual heterogeneity in the infection response, and
for forms of protection that are uncorrelated with HI titer. Statistical models fitted to
paired pre- and post-epidemic titers [177, 141, 52, 175] or to titers over several months
during multiple epidemic waves [176] focus on the period from acute infection to conva-
lescent titer, ignoring the dynamics over longer time periods or multiple infections. These
models account for heterogeneity in the infection response by age [175] or by individual-
level effects [176, 52, 141, 177]. However, most ignore the effects of potential pre-existing
immunity on the titer dynamics or include vague metrics of pre-existing immunity (such
as propensity for high titers [141] or a binary variable for high pre-existing titer [52]) as
covariates. All previous statistical and mechanistic models consider HI titer as the only
determinant of protection. Furthermore, all previous models are limited by the timescale
of the serological observations, ignoring the possibility of unobserved infections between
data points.

To quantify the dynamics of protection after influenza infection, we fit mechanistic
models of influenza dynamics to longitudinal serology. We test hypotheses about the
dynamics of influenza immunity in children and adults by comparing the contributions
of HI-mediated and non-HI-mediated immunity to homosubtypic protection. We intro-
duce a new approach that tracks the dynamics of individuals over time, taking advan-
tage of simulation-based inference methods for individual based models. Our models ac-
count for pre-existing immunity and for individual-level heterogeneity in the infection re-
sponse. We find that different factors contribute to protection in children and adults, sug-
gesting that immune repertoires change with age and repeated exposures to target more

conserved viral epitopes. Homosubtypic protection wanes with a half-life of 2-4 years
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across age-groups and subtypes, consistent with the findings of multiple population-level
studies [10, 95]. We also quantify the short-term antibody response after PCR-confirmed
infection, finding variability in the post-infection titer boost among subtypes, age-groups,
and individuals. Simulations of the individual-level immune processes yield signatures
of homosubtypic protection in the emergent population-level dynamics, and the simu-

lated attack rates are consistent with population-level estimates [163].

3.2 Data

We fit models to longitudinal serology from the Kiddivax study, a household cohort study
conducted in Hong Kong between 2008 and 2014. The details of the study have been de-
scribed in detail elsewhere [34, 33]. Briefly, one child in each of 796 households was ran-
domized to receive the 2009-2010 seasonal trivalent inactivated influenza vaccine (TIV) or
placebo between August 2009 and February 2010. The study followed households over
five years post-enrollment, collecting serology approximately every six months and res-
piratory specimens during reported illnesses. We use two overlapping subsets of data
from the Hong Kong Kiddivax study for two separate analyses. The first analysis quan-
tifies the short-term titer response after PCR-confirmed infection. The second, our main
analysis, quantifies the dynamics of homosubtypic or heterosubtypic protection, and for
a separate analysis.

For our main analysis, we fit models to HI titers from the n = 706 individuals (includ-
ing 114 children <15 y old) from the study that were not vaccinated as part of the study
and reported no vaccination at any season during followup. We classify adults as indi-
viduals >15 yo. Individuals had a median of 12 clinic visits spaced at a median of 6.4
months over a median 4.1 years of followup.

We fit a separate sub-model of the short-term post-infection HI titer dynamics to data
from individuals with PCR-confirmed infection. We estimate the magnitude and vari-

ability of the titer boost following infection and the dependence of the titer boost on the
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pre-infection titer. We fit sub-models to data from n = 50 individuals (including n = 29
children <15y old) with PCR-confirmed H3N2 infection and n = 78 individuals (includ-
ing n = 42 children <15y old) with PCR-confirmed pH1NT1 infection. For H3N2, the me-
dian time between the pre-infection titer measurement and the PCR-positive swab was 5.3
months, and the median time between the PCR-positive swab and the post-infection titer
measurement was 2.6 months. For pHIN1, the median time between the pre-infection
titer measurement and the PCR-positive swab was 2.4 months, and the median time be-
tween the PCR-positive swab and the post-infection titer measurement was 6.6 months.
Using the raw data, we performed a linear regression of the post-infection titer on the
pre-infection titer, and we excluded one individual with At > 1y between the pre- and

post-infection titer measurements.

3.3 Modeling approach

Our models of influenza immune dynamics track individuals” HI titers and susceptibil-

ity to infection over time (Fig. 3.1, Model Overview). We assume that, after infection at

X
i,s’

time ¢, the titer h; () undergoes an acute boost, which wanes over one year, potentially
leaving a long-term boost that does not wane. We assume that protection after infection
may be HI-mediated (such that susceptibility is a function of the HI titer), non-HI medi-
ated (such that protection wanes at a constant rate after infection), or a combination of the
two.

We first infer the short term-titer dynamics after infection (Fig. 3.1, Step 1a) using a
sub-model fitted to the pre- and post- infection sera from individuals with PCR-confirmed
infection. We then fit models to the full longitudinal data to test hypotheses about the
dynamics of protection (Fig. 3.1, Step 1b), fixing the parameters that govern the short-
term titer dynamics. The “Complete model description” details the full model.

From the maximum likelihood parameter estimates for the best-fit models, we simu-

late individuals’ latent infections, titers, and susceptibility (Fig. 3.1, Step 2). We estimate
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population-level patterns of infection and protection that arise from the individual dy-
namics over the study period (3.1, Step 2a). We also evaluate the ability of our models to

reproduce empirical patterns in the longitudinal titers (Fig. 3.1, Step 2b).

Model Overview Step 1: Model fitting Step 2: Simulations
Model of titer dynamics 1a. Fit sub- del of short-te titer i 2a. Simulate individuals’ latent infections
T pH1N1: n =72 (42 children)
B Pgak antibody H3N2: n = 50 (29 children)
Infection 1™ ! .~
e response i Populati idence and
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Figure 3.1: Schematic of modeling approach. Model Overview: Schematic of HI titer for
individual i against subtype s after infection at time tffs (top) and schematic of suscepti-
bility g; 4(t) after infection under non-HI-mediated and HI-mediated protection (bottom).
The solid and dashed lines in the bottom figure show the dynamics of susceptibility under
each form of protection in isolation. The black trajectory shows the dynamics under both
forms in combination, where the susceptibility at any time is the minimum value pre-
dicted by either form. Step 1: (1a) Inference approach for the sub-model of the short-term
post-infection titer dynamics. The data for each individual are the time of PCR-confirmed
infection and the closest pre- and post-infection titer measurements. (1b) Inference ap-
proach for the full model of the immune dynamics, fitted to the full longitudinal serology.
Step 2: (2a) Simulated population-level dynamics. From the latent infections and suscep-
tibility for each individual, we track the loss of protection after infection in the population.
We also estimate the incidence and the odds ratios (OR) of protection between epidemics.
(2b) Model validation. We compare the simulated and observed distributions of n-fold
titer rises among individuals.
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3.4 Results

3.4.1 Homosubtypic protection arises from a combination of HI-mediated
immunity and non-HI-mediated immunity in adults, while protection is

dominated by HI-mediated immunity in children.

Homosubtypic protection may arise due to mechanisms undetectable by HI, such as cel-
lular immunity, anti-HA antibodies directed at sites away from the receptor binding do-
main, or anti-NA antibodies [114, 120, 26], and the importance of these unobserved mech-
anisms may change with repeated exposures or age. We therefore evaluate three hy-
potheses about the factors that underlie homosubtypic protection in children and adults,

reflected in individuals’ latent susceptibiliy g; ;(t):

1. Protection consists of a combination of HI-mediated and non-HI-mediated factors

7i(t) = min {q1, (), 92, (1)}, @3.1)

with g1, () and g5, (t) given by Eqgs. 3.7 and 3.8, respectively. Here, the suscepti-
bility at any time is the minimum predicted by either form of protection (Fig. 3.1,

Model Overview).

2. Protection arises only from non-HI-mediated factors

qis(t) = g, () (3-2)

such that the degree of protection depends on the rate Wnonspecific, | of immune
waning (Fig. 3.1 Step 1b).
3. Protection arises only from HI-mediated factors

qis(t) = q1,,(¢) (3.3)
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such that the degree of protection depends on the 50% protective titer TPsq, _ (Fig.
3.1, Step 1b).

For both subtypes, the best-fit model in children includes only HI-mediated protection
(Table 3.1). In adults, there is strong support for both models that include a contribution
of non-HI-mediated protection. This result suggests that early in life, protection against
influenza infection is dominated by immune responses that correlate well with HI titer,
namely anti-HA-head-directed antibodies. However, over time, other processes become
important, such that HI titer alone is not the best predictor. This conceptual model is
consistent with the observation that children in this study have higher baseline titers than
adults for both subtypes (Fig. 3.8), where baseline titers are approximated by the lowest
observed titer over follow-up. Children have both a larger fraction of detectable baseline
titers and a higher mean baseline titer for both subtypes, signaling greater pre-existing

HI-mediated immunity.

Subtype Model (n parameters) Log likelihood (se) AAICc
H3N2 Adults Combined (4) -5217.9 (0.7) 0
Non-HI-mediated (3) -5218.3 (0.8) 1.2
HI-mediated (3) -5242.2 (0.4) 46.6
Children Combined (4) -1511.8 (0.6) 2.5
Non-HI-mediated (3) -1524.0 (0.5) 24.8
HI-mediated (3) -1511.6 (0.9) 0
pHIN1  Adults Combined (4) -4492.1 (0.7) 0
Non-HI-mediated (3) -4493.4 (0.9) 0.6
HI-mediated (3) -4520.7 (0.2) 55.1
Children Combined (4) -1370.0 (0.5) 2.0
Non-HI-mediated (3) -1381.8 (0.8) 23.8
HI-mediated (3) -1370.1 (0.4) 0

Table 3.1: Model comparisons for the complete model. Under the “combined” model,
protection arises from a combination of HI-mediated and non-HI-mediated mechanisms.
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3.4.2 Natural infection generates age-specific homosubtypic protection that

declines within several years.

Using the best-fit models for each subtype in adults (Table 3.2), we quantified the dynam-

ics of homosubtypic protection. Infection in adults results in non-HI-mediated immunity

Subtype Parameter MLE [95% CI]
H3N2 Long-term boost
Cadults,s 010, 0.001]
Ckids,s 0.02 [0, 0.04]
50% protective titer
TP50,45 6 1:60 [1:42, 1:122]
TP50, 41666 1:330 [1:110, 1:5120]
Half-life
non-HI-mediated  from Wnonspecificqys s 2.1y [1.3,3.3]
immunity wnonspeciﬁckids,s N/A
pHIN1 Long-term boost
gadults,s 0.01 [0, 0.03]
Ckids,s 0.2[0.1,0.4]
50% protective titer
TP5, duliss 1:540 [1:90, 1:5120]
TP50, 45 ¢ 1:30 [1:10, 1:45]
Half-life
non-HIl-mediated  from Wnonspecific,quis 34y[26,47]
immunity wnonspeciﬁckidslS N/A

Table 3.2: Maximum likelihood estimates and associated uncertainty.

that wanes with a half-life of 3.4 y [2.6, 4.7] for pH1IN1 and 2.1 y [1.3, 3.3] for H3N2. HI-
mediated immunity makes only a weak contribution to protection against both pH1N1
and H3N2, indicated by the high TP5q_, . for both subtypes. Notably, the TP5y_, . for
the best-fit models in adults is not identifiable from the rate of non-specific immune wan-
ing (Fig. 3.5). When we force the models to exclude non-HI-mediated immunity, we
estimate a lower TP5y_, .. for both pHIN1 (TP5q_, . ~=1:15[1:9, 1:25], Fig. 3.7) and H3N2
(TPs0_ e = 1:45 [1:37,1:120], Fig. 3.7). Infection in adults does not result in a long-term

titer boost in either pHIN1 or H3N2 (the 95% confidence interval for {, 4,45 s includes 0
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for both subtypes).

Given our estimates of the parameters that govern the individual-level dynamics, we
simulated the models to estimate the duration of protection among adults. Using 1,000
simulations from the MLEs of the best-fit models for H3N2 and pH1N1, we track the la-
tent susceptibility in adults following an initial infection over followup (Fig. 3.2). For

both subtypes, the waning rate wnnspeciic of non-HI-mediated immunity (Eq. 3.8)

adults,s
determines the loss of protection such that the population regains 50% susceptibility in
roughly 3.5 y and 2 y for pHIN1 and H3N2, respectively. Therefore, the individual tra-
jectories in Fig. 3.2 are constrained from above by the curve describing non-HI-mediated

protection (Fig. 3.1, Step 1b).

1.00f == Median across H1N1 1.00 H3N2
1,000 simulations
= |ndividual trajectories
0.75 0.75
= =
5 5
B 050 2 050
8 8
(2] [%2]
3 3
@ @a
0.25 0.25
0.00 0.00
0 1 2 3 4 0 1 2 3 4
Time since infection (y) Time since infection (y)

Figure 3.2: Susceptibility in adults following simulated infection (at time ¢ = 0) with
pHINT and H3N2. The black lines represent individual trajectories from one simulation,
and the red line represents the median among individuals over 1,000 simulations.
Compared to adults, children have a more variable duration of protection. Because
susceptibility in children depends only on HI titer, the dynamics of protection are sensi-
tive to variability in the post-infection titer boost. For both pHIN1 and H3N2, we esti-
mate substantial variation in the short-term titer dynamics after PCR-confirmed infection
(section 3.8.1.1). The variability arises both from stochastic variation in the magnitude
of short-term titer boost and from the antibody ceiling effect (Table 3.8), in which higher

pre-infection titers diminish the realized boost. Therefore, while the median susceptibil-
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ity among children reaches 50% approximately 4 years after infection with pHIN1 and
over roughly 2 years for H3N2 (Fig. 3.3), the individual trajectories differ according to
variation in the pre-infection titers and in the extent of short-term boosting. The shape of
the individual trajectories reflects the logistic relationship between titer and susceptibil-
ity under HI-mediated protection (Eq. 3.7 and Fig. 3.1, Step 1b). Infection with pH1IN1
generates a long-term boost in titer that is 20% the value of the acute boost ({yjqs s = 0.2
[0.1, 0.4], Table 3.2), such that individuals gain long-term protection as their baseline titer
is boosted above the TPs5( through repeated exposures. In H3N2, by contrast, we estimate

only a small long-term boost ({y;qs s = 0.01 [0, 0.03], Table 3.2).

1.00} == Median across HIN1 1.00
1,000 simulations
= |ndividual trajectories
0.75 0.75
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Time since infection (y) Time since infection (y)

Figure 3.3: Susceptibility in children following simulated infection (at time t = 0) with
pHIN1 and H3N2. The black lines represent individual trajectories from one simulation,
and the red line represents the median among individuals over 1,000 simulations.

3.4.3 The models reproduce population-level patterns of infection and

homosubtypic protection

Our models recover population-level patterns of infection during the study period for
both subtypes. From the simulated latent infections for H3N2 and pH1N1, we infer the
monthly incidence in children and adults (Fig. 3.4) and the cumulative incidence over the
epidemics that occurred during the study period (Table 3.5). Our models predict slightly

higher incidence in children than adults for both subtypes, and incidence closely tracks
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Figure 3.4: Simulated monthly incidence for pHINT1 (left) and H3N2 (right) in children
and adults, averaged over 1,000 simulations. The shaded areas are bounded by the 2.5%
and 97.5% quantiles from the simulations. The black dashed line represents the monthly
community intensity of H3N2. Horizontal black bars denote inter-epidemic periods for
odds ratios (OR).

the monthly subtype-specific intensity of influenza illness estimated by a Hong Kong sen-
tinel surveillance network. The range of inferred cumulative incidences over the observed
pHIN1 epidemics is 4-8% in adults and 6-17% in children. For H3N2, the epidemic in-
cidences range from 5-17% in adults and from 5-24% in children. Our estimates are also
within range of multiple estimates of seasonal influenza incidence in the United States
[158, 163]. Note that in our models, the community influenza intensity drives infection
risk (Eq. 3.6) and thus affects the timing but not the absolute magnitude of the latent epi-
demics. The incidence itself is an emergent property of the dynamics, dependent on the
inferred subtype-specific scaled transmission rate Bs(t) and on the inferred dynamics of
protection.

The simulated infections reproduce signatures of homosubtypic protection. We es-

54



timate the odds ratios of protection between epidemics (Table 3.3). We find evidence
of inter-epidemic homosubtypic protection for children with pH1IN1 between 2009 and
2011, consistent with a previous analysis of this trial [33]. There is also homosubtypic
pHINT1 protection in adults for two inter-epidemic periods, between 2009 and 2011 and
between 2011 and 2013. We find homosubtypic H3N2 protection for both children and
adults during two inter-epidemic periods, between 2010 and 2012 and between 2012 and
2013.

Subtype OR [95% CI] Estimate from [33]
pHIN1  Adults OR;, 0.4[0.3,0.5]
ORy3 0.6[0.5,0.7]
OR;3 0.8[0.7,1.0]

Children OR;, 0.6[0.5,0.8] 0.27[0.10,0.76]

ORy3 0.8[0.7,1.1]

OR;3 0.9]038,1.2]

H3N2 Adults OR;, 0.5[04,0.6]

ORp3 0.6[0.4,0.6]

]

]

]

OR;3 0.7[0.7,1.0
Children OR;, 0.8[0.7,0.8
ORy3 0.7[0.7,0.9
ORy3 0.9[09,1.1]

0.39 [0.18, 0.83]

Table 3.3: Inter-epidemic odds ratios of infection, predicted from 1,000 simulations of the
models for pHIN1 and H3N2 at the MLEs.

3.4.4 Neither group-level HA imprinting nor heterosubtypic immunity reduce

subtype-level susceptibility.

The dynamics of protection against circulating influenza viruses may vary among indi-
viduals based on differences in primary influenza exposures and on previous infection
with heterologous subtypes. We therefore estimate the effects of group-level HA imprint-
ing and heterosubtypic infection on susceptibility.

We estimate the effect ajpp, of primary infection with a subtype of one HA group (or
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group-level HA imprinting) on the risk of infection with subtype s by

/\impils (t) = Aig (t) (“imps)(pimpi,s) + )‘i,s(t) (1- pimpils)- (3.4)

We calculate the probability Pimp; that an individual’s first influenza exposure was to
subtype s based on the individual’s birthdate, the current date, and historical incidence
data (Fig. 3.10A). Birth-year effects are confounded by age-specific differences in risk.
However, data from individuals of similar age but different imprinting subtypes contain
information about imprinting effects. We therefore fit the imprinting models for pHIN1
and H3N2 to data from middle-aged adults (35-50 yo), where we observe a transition be-
tween Group 1 (H2N2) and Group 2 (H3N2) imprinting viruses (Fig. 3.10B). A previous
analysis [54] We estimate the effect of homosubtypic imprinting for H3N2 and we esti-
mate the group-level effect for pHIN1 using H2N2 as the imprinting subtype (Table 3.7).
The likelihood profiles for the imprinting effect (Fig. 3.10C) are centered around one (no
effect) for both subtypes.

To estimate the duration of heterosubtypic protection, we fit a two-strain model of the
pHIN1 and H3N2 dynamics. We fix the model parameters that govern homosubtypic
immunity for each subtype according to the MLEs of the best-fit single strain models
(Table 3.2). Let Thomosubtypic; ; denote the susceptibility to subtype s determined only by
homosubtypic protection. Heterosubtypic protection following infection with subtype m

contributes to the susceptibility against subtype s such that

Qs (t) = min {CI heterosubtypic; ¢ (t), Ihomosubtypic; (t) } . (3.5)

We estimate the rate of waning of heterosubtypic protection, Wnonspecific, (Eq. 3.15), as-
i

suming that the rate is symmetric between subtypes. The likelihood profile for @nonspecific,

supports an extremely high rate of heterosubtypic immune waning (Fig. 3.11), such that
our estimate of the half life of heterosubtypic protection includes zero (MLE 0.006y, 95%
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CI [0.0,0.01]).

3.5 Model validation and sensitivity analysis

Simulations from our models at the maximum likelihood parameter estimates reproduce
the observed distribution of fold titer rises in the data (section 3.8.2.1, Figs. 3.16, 3.15). Our
inference results are robust to assumptions about the initial conditions and to alternate
scaling of the community flu intensity during the 2009 pH1N1 pandemic (section 3.8.2.3).
Furthermore, our assumptions about the measurement error are consistent with the error

from estimated from replicate titer measurements in the data (section 3.8.2.4).

3.6 Discussion

Host immunity partially regulates the diversity of influenza viruses [46, 91]. However,
the dynamics of protection and the contribution of individual variability in the immune
response are poorly understood. Here we quantify the age-specific dynamics of homo-
subtypic protection. We find that HI-mediated immunity alone correlates with protection
in children, while non-HI-mediated immunity correlates with protection in adults. Our
results therefore suggest that circulating influenza strains face different selective pres-
sures in children and adults. Broadly, our results underscore the need for a more precise
understanding of the factors that determine the variable response to infection among in-
dividuals, and for better correlates of immune protection in adults.

We find that different immune factors correlate with homosubtypic protection in chil-
dren and adults. HI-mediated immunity alone best explains the dynamics in children,
suggesting that protective responses in childhood are directed against epitopes on the HA
head. Non-HI-mediated immunity correlates with the dynamics of protection in adults,
suggesting that the antibody repertoire evolves with age and / or repeated exposures to fo-

cus on more conserved epitopes. This model is consistent with epidemiological evidence
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that levels of stalk-directed antibodies correlate positively with age [133]. Protection in
both adults and children may also arise from responses not specific to HA, such as an-
tibody and T cell responses to NA, and T cells to conserved internal proteins [45, 92].
However, our model suggests that mechanisms that are uncorrelated with responses di-
rected against HA play a minor role in protection for children. Our work supports age-
and subtype- level differences in the protective HI titer (TPs5q), consistent with previous
literature [175, 9]. In children, our estimates of the TP5y for both subtypes are in line
with the 1:20 to 1:80 range identified previously (Table 3.2) [175, 123, 74]. In adults, by
contrast, we cannot estimate the TP5y . independently of the rate of non-specific im-

mune wWaning wnonspecific (Table 3.2, Fig. 3.5). We estimate a lower TP5( in adults for

adults
both subtypes when we force the model to exclude non-HI-mediated protection (Fig. 3.7).
However, model selection indicates that non-HI-mediated immunity is important for the
dynamics of protection (Table 3.1). The finding that different factors determine homo-
subtypic protection in children and adults results implies that the antigenic phenotype of
any given strain varies among individuals. Our results therefore imply that infection in
children and adults generates different population-level selective pressures for influenza
strains.

We estimate that homosubtypic protection in both children and adults for both sub-
types wanes with an average half life of 2-4 years. Notably, this timescale is consistent
with the 2.4 y half-life of cross-reactive immunity that was previously estimated for H3N2
[95], and with the estimated decay of immunity over 2-10 years due to antigenic evolution
[10]. While protection wanes consistently in adults, the duration of protection varies sub-
stantially among children (Figs. 3.3, 3.2). If individuals respond differently to the same
virus, then correlates of protection might also vary among individuals, making corre-
lates challenging to identify. Variable mechanisms of host protection against a circulating

pathogen imply that some induced immune responses have no perceivable effect on the

pathogen growth rate within certain individuals [30]. This could explain the fact that,
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while anti-HA head antibody responses best explain protection in children, including
long-lived immunity in children to pH1N1, the same responses cannot explain protection
in adults.

We can connect the individual dynamics to population trends. Consistent with evi-
dence that individuals” antibody repertoires are shaped by early exposures to particular
HA variants [48, 100], our results suggest that protection against circulating strains in
younger individuals correlates with antibodies against the HA head. However, antigenic
evolution may diminish the protection afforded by responses that target earlier strains
over time. Population-level transmission models suggest that this process partly drives
epidemic dynamics [40]. Given the loss of protection from HA head-directed antibody re-
sponses targeting earlier strains, protective immune responses in older individuals may
target epitopes away from the HA head.

We estimate substantial individual variation in the short-term titer boost after infec-
tion for both pHIN1 and H3N2, explained partially by differing pre-infection levels of
HA head antibodies. The antibody ceiling effect that we detect in children and adults for
both subtypes (Tables 3.6, 3.8) has been previously described both for antibodies against
the HA head following vaccination [137] and, recently, for antibodies against the HA stalk
following viral challenge [133]. Both the ceiling effect and the nonspecific variability in
the magnitude of the short-term boost (Table 3.6) suggest that threshold correlates of in-
fection (indicated by fold-increases in titer) may not be predictive for all individuals.

We find no evidence that HA imprinting or heterosubtypic immunity mediate suscep-
tibility to circulating subtypes. Two epidemiological studies support birth-year effects
consistent with HA imprinting [61, 54]. Previous analyses of HA group-level imprint-
ing have suggested that imprinting reduces the rate of severe infection, though it may
not prevent infection altogether [61]. As serological testing in this study did not require
symptomatic infection, our data may not be able to detect such an effect. As with imprint-

ing, heterosubtypic immunity may act to reduce the severity of illness but not to prevent
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infection, consistent with hypotheses that cross-reactive T cells decrease viral shedding
[66, 92]. Coupling data on disease severity, viral shedding, and serology could elucidate
the existence of both imprinting and heterosubtypic immunity. Additionally, the discor-
dance of pH1IN1 and H3N2 epidemic peaks (Fig. 3.4, 3.19) over the study period may
prevent us from estimating within-season effects of heterosubtypic protection.

This work has multiple limitations. First, though our models support substantial
variability in the short-term titer boost following infection, our data lack multiple PCR-
confirmed infections in single individuals. Therefore, we cannot distinguish the non-
specific variability at each infection (03, s) from consistent differences between individu-
als. Second, our models assume a well-mixed population with age-specific contact rates,
ignoring age-assortative mixing that might alter the exposure risk among individuals.
Third, though our results provide insight into differences between children and adults,
we cannot model the evolving response in individuals over a lifetime, including in in-
fants and in the elderly. Therefore, we cannot estimate how age-related phenomena such

as maternal antibody protection and immunosenescence affect the response to infection.

3.7 Methods

3.7.1 Complete model description

1. Exposure to infection
Individuals’ risk of exposure is based on current subtype-specific influenza activ-
ity and age-specific contact rates [50, 175]. For individual i, the risk of infection
with subtype s, A; ;(t), depends on the community-level risk and the individual’s
susceptibility,

)‘i,s(t) = qi,s(t)ﬁcaiﬁscaleds Ls(t) (3-6)
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where g, (t) is the subtype- and individual-specific susceptibility (or per-infectious-
contact probability of infection), Be,, is the contact rate for age class a;, and Ls(t)
is a proxy for the flu activity for subtype s. The parameter B ,1eq, Scales the flu
intensity to determine the per-infectious-contact transmission rate at time t. We
estimate fg,1eq, for each subtype by fitting the model to the combined data for
children and adults, and we then fix Bgc4)eq, to fit models of the protective dynamics
separately in children adults. We calculate Ls(f) from weekly GP data as (ILI/total

GP consultations)(% positive). We impose a minimum threshold Ls_. (t) = 107°.

. Susceptibility to infection based on HI titer to the infecting strain, non-HI-mediated protec-

tion, or both

We model susceptibility to infection with subtype s as two separate processes, one
that depends on the HI titer against the infected strain (the HI-mediated compo-
nent), and another that accounts for protection by other unobserved processes (the

non-HI-mediated-component).

The HI-mediated component of susceptibility 1, (t) is a logistic function of the HI
titer [32, 41], demonstrated in Fig. 3.1, Step 1b. Because previous studies suggest
that the dependence of susceptibility on titer is age specific [9], we estimate the
relationship separately for children and adults. The susceptibility of individual i to

subtype s at time t , g1 _(t), is given by the logistic function

1

. t — 1 — 7
71, (1) P08 (1) —Tog TP, )

(3.7)

where h; ;(t) is the latent titer and ¢,;, and TP5(_ . are age-dependent scaling con-
7! 17

stants.

The non-HI-mediated component of susceptibility g5, (#) assumes complete protec-
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tion that wanes at a constant rate after infection

_ o t—X
qzi,s (t) _1_p wnonspeaﬁcai,s( 1,5) (38)
where wﬂO“SPECiﬁCai,s is the rate of waning protection, fitted separately for children

and adults. Figure 3.1, Step 1b shows the

The susceptibility g; ;(t) can then be modeled by either component or by a combi-

nation of the two.

. Boost and waning following infection
When individual i is infected with subtype s, antibody titers begin increasing from

the time of infection t}s and eventually peak. The acute boost occurs occurs accord-

ing to frise

Fise 5 (8),£5,8) = (855, () (1= 0)), - 39)

7 1/5/

where tz?,(s and h; (tf-l(s) give the time and titer, respectively, at the most recent infec-
tion, r gives the rate of titer rise following infection, d; (tz)',(s) is the magnitude of the
short-term boost. The age- and subtype-specific parameter kg, governs the depen-
dence of the titer boost on the pre-infection titer, allowing for an antibody ceiling
effect [81] whereby individuals with high pre-infection titers experience diminished

short-term boosting.

We estimate the parameters k,zl.,s, d,zl.,s, and 0y, s that describe the short-term titer
dynamics following infection separately from a sub-model fit to data from individ-
uals with PCR-confirmed infection (Section 3.8.1.2). We then fix the values of these
parameters in the main model. Multiple studies demonstrate heterogeneity in the

short-term titer rise following infection [52, 49]. Therefore, we allow for variability
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in the magnitude of the short-term boost for each infection such that
Zog(di,s(ti),(s)) ~ N (da,s,0a;,5) (3.10)

where dg,; ; and 0y, s give the age- and subtype-specific log mean and standard devi-

ation, respectively of the boost magnitude.

After antibodies peak at time tfs, the titer wanes exponentially at rate w to an in-
dividual’s subtype-specific baseline titer ,ageline, , (). Therefore, the titer after the

peak short-term response is given by
—w(t—t!
fwane (hi,s (t{)s)/ t{)s/ t) = (hi,s (tgs) - hbaselineilS (t)) e wlt=t,) . (3.11)

Infection may cause a long-term boost dlongtermi,s (ti)fs) that does not wane, where

dlongtermi,s (ti(s) is defined as a fraction (j, s of the acute boost

dlong’cermi/s (ti>,(s) = Clli,sdi,s (ti)fs) )- (3.12)

The long-term boost updates the baseline titer following each infection at time tixs

such that
Bpaseline. . () = Mpaseline. . (£%) + d (£X). (3.13)
baseline; ¢ baseline; s \*i,s longterm; , \"i,s
Let Teax denote the (fixed) length of time between infection and peak titer level.

The complete expression for ; ¢(t) is then

hi,s(t) = hi,s(tffs) + frise(hi,s(ti(s)r ti>,(sr t), fort— ti>,<s < Tpeakr (3.14)

hi,s(t) = hi,s(ti)fs) + fwane(hi,s(tiIfs)z tins’ t)/ fort — tj>,(s > Tpeak'

4. Heterosubtypic immunity
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Heterosubtypic immunity acts as a non-specific form of protection against subtype

s following infection with subtype m at time ti(m and wanes at rate wnonspeciﬁcui,m

— Wnonspecific t_t)'(
Theteroy, (1) = 1 — ¢~ “nonspeciio, = Fi), (3.15)

3.7.2 Initial conditions

We assign each individual’s initial latent subtype-specific baseline titer, hp,seline; . (0) based
on the lowest observed titer, /iy,s . . Because an observed HI titer represents the lower
1,8
bound of a two-fold dilution, we draw hy ea)ine, . (0) for each realization of the model
1,S

according to

hbaseline,',s (0) ~ u(hobsminisfzhobsmini )- (3.16)

S

The values of the initial latent titer /; ;(0) and the initial susceptibility gq; ;(0) depend on
the time of most recent infection, which may have occurred before entry in the study.
To initialize the latent states for each individual, we draw the time of the most recent
infection from the density of subtype-specific flu intensity Ls(#) in the seven years before
the first observation. In this way, we account for known epidemic activity in Hong Kong
before the beginning of the study (Fig. 3.6). For children less than 7 y old, the distribution
is truncated at birth, and the density includes the probability that the child is naive to

influenza infection.

Measurement model and likelihood function

The measurement model accounts for error in the titer measurements as well as the
effect of discretization of titer data into fold-dilutions. The observed titer values are

fold-dilutions in the range [<1:10, 1:10, 1:20 ... , 1:5120]. Consistent with other models
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[176, 175, 95], we define a log titer (logH) for any observed titer (H),

LAWY (3.17)

logH = logz(m

such that the observed titers take on discrete values in the range [1,11]. We transform
both the observed and latent titers as in Eq. 3.17. We assume that the observed log
titer logHobsi,s(t) against subtype s is normally distributed around the latent log titer
logH; 5(t):

logHgpsj s(t) ~ N (logH; 4(t),0) (3.18)

where ¢ gives the standard deviation of the measurement error. Following other anal-
yses that quantified the measurement error associated with different titer values [24, 49],
we assign a lower value of the measurement error (¢ = 0.74 log titer units, Table 3.4) for
undetectable (<1:10) titers. The observed titer is censored at integer cutoffs, such that the

likelihood of observing logHpg; 5(t) = k given latent titer logH; (t) is given by

,
f(logH; 4(t) < k), k=1
L(k | 6,logH;s(t)) = { f(k < logH; 4(t) <k+1), 2<k<10 (3.19)
f(logH; 4(t) > k), k=11
\

where 6 gives the parameter vector and f is specified as in Eq. 3.18.

Table 3.4 summarizes the estimated model parameters and latent states.

3.7.3  Likelihood-based inference

The titer dynamics for each individual are a partially observed Markov process (POMP).
The model for each influenza subtype is a “panel POMP” object, or a collection of the
individual POMPs with shared subtype-specific parameters. We use multiple iterated
filtering, MIF [80] for simulation-based maximum likelihood inference. Iterated filtering
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uses sequential Monte Carlo (SMC) to estimate the likelihood of observed time series. In
SMC, a population of particles is drawn from the parameters of a given model to gener-
ate Monte Carlo samples of the latent dynamic variables. To evaluate the likelihood of a
shared parameter set, SMC is carried out over the time series for each individual to gen-
erate a log-likelihood for the corresponding panel unit. The log likelihood of the panel
POMP object is the sum of the individuals’ log likelihoods. Iterated filtering successively
filters the particle population, perturbing the parameters between iterations. The pertur-
bations decrease in amplitude over time, such that the algorithm converges over time to
the maximum likelihood estimate. For each model, we initialize the iterated filtering with
100 random parameter combinations. We perform series of successive MIF searches, with
the output of each search serving as the initial conditions for the subsequent search. We
use 10,000 particles for each optimization routine. The likelihood of the output for each
search is calculated by averaging the likelihood from ten passes through the particle fil-
ter, each using 20,000 particles. We repeat the optimization until additional operations
fail to arrive at a higher maximum likelihood. A typical MIF search from one starting
parameter set requires about 36 cpu-hours of computing resources. For model selection,
we used the corrected Akaike Information Criterion (AICc) [76]. We obtained maximum
likelihood estimates for each parameter and associated 95% confidence intervals by con-

structing likelihood profiles.

3.7.4 Calculating imprinting probabilities

We calculate the probability that an individual’s first influenza A virus was with a par-

ticular subtype (HIN1, H3N2, or H2N2) or that the individual was naive to infection at

each year of observation. We assume that the first infection occurred between the ages of

6 months and 12 years old, as infants are protected by maternal antibodies for the first six

months of life [11] and over 95% of children have been infected by influenza A before the

age of 12 [151, 150]. Following the original imprinting model by Gostic and colleagues
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[61], we estimate the probability that an individual with birth year i has his or her first

IAV infection in calendar year j

(1= a)j_la
61'/]' = Z;iiz(l — a)j_la. (3.20)

Here, a is the constant annual attack rate in seronegative children as estimated by Gostic
and colleagues (a = 0.28, [61]). Given observation year y, the probability that individual

was first infected in year j is:

(

. . >i+12
Nijy /=
€ijly = (3.21)
i—1
a(Ih_,(1—a))
\ Nijy

y<i+12

where Ny isa normalizing factor that enforces the assumption that all individuals have
their first infection by age 12 and ensures that all probabilities sum to one for individ-
uals that are > 12 years old at the observation date. The normalization factor does not
apply to individuals that are < 12 years old, who have some probability of being naive
to infection. We combine the probabilities of the age of first infection with historical in-
fluenza A subtype frequency data from Hong Kong (or from the Southeast Asia region
for years in which data from Hong Kong is unavailable) to determine the probability that

an individual with birth year i had his or her first exposure to subtype S in year j:

_ vV
Pimpg i, = Z‘j:if5|]'€i/]'|y' (3:22)

Here, fg j gives the fraction of positive specimens of subtype S out of all positive commu-
nity surveillance samples that are positive for influenza A [168]. For individuals younger

than 12 years old during the year of observation, the probability that an individual was
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naive in observtaion year y is:

pnaiveﬂy =1- Z}v:iei,ﬂy- (3.23)
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3.8 Additional Information

Notation Type
Parameter
Magnitude of Estimated
short-term boost diids,s (sub-model)
dadults,s
Variability of Estimated
short-term boost Okids,s (sub-model)
Uadults,s
Antibody ceiling effect Estimated
kxids,s (sub-model)
kadults,s
Magnitude of Estimated
long-term boost Ckids,s
gadults,s
50% protective titer (TP5) Estimated
TPSOkids,s
TP50adults,s
Waning rate of non- Estimated
HI-mediated immunity Wnonspecificygs s
wnonspeciﬁcadultw
Waning rate heterosubtypic Wnonspecific,, Estimated
Scaled transmission rate Bs Estimated
Age-specific contact rate Bea, Fixed
Infection duration T'(¢, 04ur) Fixed
Rate of short-term titer rise r Fixed
Duration: infection to peak titer ~ Tpeax Fixed
Rate of short-term titer waning ~w Fixed
Measurement error o Fixed
Tundetectable
Latent state
Titer hi s(t) Simulated
Baseline titer Npaseline; , (0) Fixed with error
Susceptibility q;s(t) Simulated
Time of infection tX Simulated

is

Table 3.4: Model parameters and latent states.
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Subtype Epidemic Simulated incidence Observed incidence by titers

pHIN1  Adults 1 0.04 [0.02, 0.05] 0.05
2 0.08 [0.07, 0.11] 0.12

3 0.04 [0.03, 0.05] 0.06

Children 1 0.08 [0.03, 0.13] 0.10

2 0.17[0.10, 0.21] 0.19

3 0.06 [0.02, 0.10] 0.06

H3N2 Adults 1 0.17 [0.14, 0.19] 0.16
2 0.19[0.16, 0.22] 0.15

3 0.05 [0.03, 0.06] 0.03

Children 1 0.2410.17, 0.30] 0.21

2 0.24[0.17, 0.32] 0.24

3 0.05[0.02, 0.10] 0.03

Table 3.5: Cumulative incidence over observed epidemics. The simulated incidence was
estimated from the latent simulated infections. The main and bracketed values give the
median and 95% quantiles, respectively, from 1,000 simulations of the models at the max-
imum likelihood estimate parameter values. The observed incidence was estimated by
4-fold titer consecutive titer rises in the observed data.

Subtype Parameter MLE [95% CI]
H3N2  Adults  d,_ 46[3.1,71]
Oa; 1.4[0.9,2.3]
ka, 1.0[0.6,2.5]
Children dy, 5.1[3.9,7.2]
0g; . 1.5[1.0,2.2]
ka, 0.5[0.3,1.0]
pHIN1  Adults da, 2.6 [2.4,5.2]
0g, . 1.9[1.4,2.6]
ka, 0.3[0.1, 1.8]
Children dy, 45[3.5,5.5]
0g; . 0.91[0.7,1.3]
ka,. 0.8[0.6,1.2]

Table 3.6: Maximum likelihood estimates of the parameters that govern the short-term
titer dynamics, with associated uncertainty.

Infecting Subtype Imprinting Group Population subset MLE [95% CI]
pHIN1 Group 1 Ages 35 - 50 1.0 [0.6, 1.8]
H3N2 Group 2 Ages 35 - 50 0.8[04,1.2]

Table 3.7: Maximum likelihood estimate of the group-level imprinting effects (lximpGroupl

and djmp GroupZ) among subsets of the study population.
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Figure 3.5: Bivariate likelihood profile of the log TP5y and the log rate of non-specific
immune waning in adults for pH1IN1.
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Figure 3.6: Subtype-specific flu intensity (ILI x % positive) in Hong Kong prior to the
start of the study. The black vertical dashed line denotes the earliest observation date.

3.8.1 Short-term titer dynamics after PCR-confirmed infection

3.8.1.1 Infection generates a variable short-term homosubtypic antibody boost that declines

with increasing pre-infection titer.

We find substantial variability in antibody titer responses after PCR-confirmed infection

with H3N2 and pHINI, respectively, for both children and adults (Table 3.6), which is

71



pH1N1 H3N2

0 s .- 0
777777777777 L e eNgm e m e e e e e mmmmeoo .
; ey el .
& ‘&‘ ”””””’."’. ”””” .(l ”””””””””””
O T i . (R S
B 20 . . * . U
< ’ ® o0 -2
I v -20) / . o
= ’e .
g o'
< l’
-40 _
sof )/
i
A
.
/
. é
L] _40 L]
0 110 1:50 1:400 770 1:50 T:400 1:2980
TP pH1NA1 TP H3N2

S0aduits S0aduits

Figure 3.7: Likelihood profile of the TP5q for pHIN1 and H3N2. The red dotted line gives
the threshold of 95% significance based on the spline (black dotted line).
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Figure 3.8: Distribution of the minimum observed (baseline) titers in children and adults
for pHIN1 and H3N2. The vertical dashed line gives the geometric mean baseline titer.

consistent with other analyses [52, 49]. The inferred standard deviation of the lognormal
titer boost distribution (Eq. 3.12) ranges from 0.9 to 1.9 log titer units among children
and adults for pHIN1 and H3N2 (Table 3.6). The mean magnitude of the boost is higher
for H3N2 than for HINI in both age groups. The variability in the acute infection re-

sponse and the difference in the response between subtypes and age groups suggest that
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Figure 3.9: Observed vs. simulated distribution of titer boosts from the sub-model in
individuals with PCR-confirmed infections, represented as the change in log titer between
the pre- and post-infection observations. Error bars give the 95% CI among simulations.

threshold titer values used in sero-surveillance may not reliably predict infection in all
individuals [74, 32].

Consistent with evidence from multiple studies of post-vaccination titer dynamics [81,
128], our models support an antibody ceiling effect for both subtypes in children and
adults (Table 3.8), such that higher pre-infection titer diminishes the realized boost. The
raw data for both subtypes exhibit a linear decline in the difference between pre- and
post-infection log titers with increasing pre-infection titer (Fig. 3.14). In the models of
the short-term titer dynamics, we tested for the presence of an antibody ceiling effect via
the parameter k;. s (Eq. 3.9). For both subtypes, models that include the antibody ceiling
effect ("with k”) models that do not ("without k”) in children and adults (AAICc > 2,
Table 3.8). Therefore, part of the individual variation in the acute infection response can
be explained by differences in pre-existing titers. Simulations from the MLEs of the best

fit models of the short-term dynamics reproduce the shape of the observed distribution of
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a 95% level.

titer boosts in children and adults following PCR-confirmed infection for both subtypes

(Fig. 3.9).

Log Group 1 imprinting effect

74

Log Group 2 imprinting effect

[ pH1N1
[ H3N2
[ H2N2
[ Naive

S[enpIAIpUI JO Jaquinu UBsy



A Log likelihood

,,,,,,,,,,,,,,,,,,,,,,,,,,,

3.4

0.3 0.02

Half-life of heterosubtypic protection (y)

0.0

Figure 3.11: Likelihood profile for the rate of waning of heterosubtypic protection.

Subtype Model Log likelihood (SE) AAICc
H3N2 Adults  withk -45.5 (0.04) 0
without k  -48.6 (0.03) 3.6
Children with k -77.8 (0.07) 0
without k  -88.0 (0.05) 13.0
pHIN1  Adults with k -79.5 (0.06) 0
without k -81.7 (0.03) 2.1
Children with k -91.8 (0.01) 0
without k  -95.9 (0.04) 5.6

Table 3.8: Model comparisons for sub-model of short-term boosting.

3.8.1.2  Model of short-term antibody boost following PCR-confirmed infection

To estimate the mean magnitude d, is and variability 0y, s of the short-term titer boost and
the dependence k. s of the boost on the pre-infection titer, we fit models to the observed
titers preceding and immediately following a subtype-specific positive swab in individu-
als with PCR-confirmed infection (Fig. 3.12).

We fix the pre-infection latent titer /; 4(0) to the observed pre-swab titer hOBSlz-,sf al-
lowing for two-fold uncertainty in the measured titer as in Eq. 3.16. We fix the latent time
of infection tP;IF based on the date of the positive swab, assuming that the swab occurred
during an infected period that we draw from a gamma distribution with fixed parameters
(Table 3.4). We model the dynamics of the short-term titer rise as in Eq. 3.9, with the rate
of rise  and time Tp,eq between infection and peak titer fixed as in Table 3.4. Following
the peak titer response, we assume that the titer wanes at rate w (fixed as in Table 3.4)

until the time of the second observed value hiopsp, -
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Figure 3.12: Schematic of the acute HI titer dynamics for individual i against subtype s,
given PCR-confirmed infection at time tP;IF

3.8.1.3 Observed titer boosts secondary to symptomatic vs. non-symptomatic infections and

primary vs. secondary infections

Our model of the short-term titer dynamics does not distinguish between symptomatic
infections and non-symptomatic infections that may have been detected incidentally given
illness in another household member. We define symptomatic infection as the presence
of symptoms consistent with acute respiratory illness (ARI) during the two weeks prior
to a PCR-confirmed infection. Based on data from household symtpom diaries, approxi-

mately 70% of infections in both children and adults for both subtypes were symptomatic

(Table 3.9).
Subtype % Symptomatic infections % Primary infections
H3N2 Adults  76.2% 38.1%
Children 69.0% 75.8%
pHIN1  Adults  69.4% 38.9%
Children 64.3% 54.8%

Table 3.9: Fraction of children and adults with symptomatic infections (defined by an ARI
in the two weeks prior to PCR-confirmed infection) and primary infections (defined by
the absence of infection with or without ARI symptoms in other household members in
the two weeks prior to PCR-confirmed infection) for pH1N1 and H3N2.

Children were more likely than adults for both subtypes to have a primary, or index
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case infection, meaning that no other household members had a PCR-confirmed infection
or symptoms of an ARI in the two weeks prior to confirmed infection. We compare the
distributions of titer changes (the difference between the pre- and post-infection log titers
normalized by the time between the pre- and post-infection sample dates) between symp-
tomatic and non-symptomatic infections and between primary and secondary infections

(Fig. 3.13).

Symptomatic vs. non-symptomatic infections Primary vs. secondary infections
H1 H1i H1 H1

Adult Child Adult Child

20 - —
20 Wilcoxon, p = 0.094 Wilcoxon, p = 0.42 Wilcoxon, p =03 Wilcoxon, p = 0.4

b B+

H3 H3

Adult Child
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Figure 3.13: Distribution of normalized titer boosts after PCR-confirmed infections based
on whether infections were symptomatic or non-symptomatic (Left) and on whether in-
fections were primary or secondary (Right). Normalized titer boosts are calculated as the
difference in the log titer between pre- and post- infection sera divided by the length of
time in years between the pre- and post-infection samples. Box plots give the median and
interquartile range of the normalized titer boosts, and the individual data points are over-
lain with horizontal jitter. Differences in the mean of the distributions are determined by
non-parametric Wilcoxon tests at a 0.05 significance level.

We find no statistically significant difference in the mean normalized titer boost be-
tween symptomatic and non-symptomatic infections for either subtype in children or
adults. Similarly, we find no statistically-significant differences when comparing primary
and secondary infections. Therefore, the raw data suggest that such differences in the

nature of the PCR-confirmed infections do not meaningfully affect our inference of the

short-term dynamics.
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3.8.1.4 Evidence of the antibody ceiling effect in the raw data

The raw data for both subtypes exhibit a linear decline in the difference between pre- and

post-infection log titers with increasing pre-infection titer (Fig. 3.14). The linear decline
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Figure 3.14: Difference in the log pre- and post-infection titer as a function of the log pre-
infection titer for individuals with PCR-confirmed infection with pH1N1 (left) and H3N2
(right). The top panel for each subtype gives the relationship for the aggregate data in
children and adults. Note that log titers are defined as in Eq. 3.17.

is statistically significant with p <0.02 for both pHIN1 and H3N2. When we stratify the
analysis in children and adults for each subtype, the relationship is statistically significant
with p <0.01 for children with both subtypes and for adults with H3N2 (p = 0.06 for adults
with pHINT).

3.8.2  Model validation and sensitivity analysis
3.8.2.1 The model reproduces the observed distribution of titer rises among individuals.

We compared the observed number of 2-,4-, and 8-fold increases in consecutive titer mea-
surements for H3N2 and pHINT1 to the distribution obtained from 1,000 simulations of
the model at the maximum likelihood parameter estimates (Figs. 3.15, 3.16). The model

accurately reproduces the observed distributions in children and adults for both subtypes.
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Figure 3.15: Observed vs. simulated distribution of consecutive 2-fold, 4-fold, and 8-fold
titer rises per individual in the H3N2 data. The dashed blue lines give the median number
of individuals with n = 0,1,... 2- or 4-fold titer rises from 1,000 simulations of the model,
and the shaded blue areas are bounded by the 2.5% and 97.5% quantiles.

3.8.2.2  The maximum likelihood parameter estimates are robust to assumptions about the initial

conditions.

For the main analysis, we draw each individual’s time of most recent pre-observation
infection from the density of the subtype-specific influenza intensity in the seven years
prior to the first observation. For comparison, we fitted the best-fit model for each sub-
type in children and adults using two alternative assumptions about the initial conditions.
First, we drew the time of most recent infection from the density of the subtype-specific
influenza intensity over the five years prior to the first observation (“Five years”, Figs.
3.17,3.18). Second, we drew the time of most recent infection uniformly over the seven
years prior to the first observation rather than using Ls; (“Uniform draw”, Figs. 3.17,
3.18). The maximum likelihood estimates for the alternative models fall within the 95%

CI of the parameter estimates from the main analysis .
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Figure 3.17: Likelihood profiles for the estimated parameters of the best-fit models in
adults for pHIN1 and H3N2. The dashed horizontal line gives the threshold for statis-
tical significance at a 95% level. The vertical lines denote the MLEs from models under
alternative initial conditions.

3.8.2.3  The inference results are robust to rescaling of the community intensity of pHIN1

during the 2009 pandemic.

During the first wave of pandemic influenza HIN1 in 2009, the sentinel surveillance

system was affected by increased reportinggates and by changes in health-care seeking
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Figure 3.18: Likelihood profiles for the estimated parameters of the best-fit models in
children for pHIN1 and H3N2. The dashed horizontal line gives the threshold for statis-
tical significance at a 95% level. The vertical lines denote the MLEs from models under
alternative initial conditions.

behaviors due to increased media and government attention to influenza [33, 112]. We
re-fitted our models of pH1IN1 after scaling the community flu intensity to reflect these
differences. A previous study estimated separate scaling factors for the relationship be-
tween the pH1INT1 intensity proxy and the risk of infection before and after a November
2009 change point during the 2009 pandemic in children and adults [164]. We rescaled our
estimate L () of the 2009 pandemic pHINT1 intensity by multiplying the intensity before
the change point by the ratio p of the estimated post- and pre- change point scaling factors
in children (o = 0.25) and adults (o = 0.29). Fig. 3.19 shows the rescaled intensity. Notably,
our observations begin at the end of the 2009 pandemic. Fewer than 6% of observations
in children and fewer than 5% of observations in adults occurred before the November
2009 change point. Fewer than 1% of observations in children and adults occurred before

October 2009. The models recovered the same maximum likelihood parameter estimates

given the rescaled pandemic intensity (Fig. 3.20).
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3.8.2.4 The measurement error estimated from replicate titer measurements is consistent with

literature estimates.

The sera from three visit dates were measured twice. In our models, we used the first titer

measurement for each serum sample (the measurement recorded closest to the sampling

82



date). To approximate the measurement error, we calculated the difference in measured
titer between the second and first replicates (Fig. 3.21). For detectable titer levels (>
1:10), the standard deviation of the error distribution (sd = 1.2 log titer units) matches the
measurement error that we fixed in the model according to estimates from the literature
(Table 3.4). The negative central tendency of the difference between the second and first
replicates among detectable titers (median = -0.98 log titer units log titer units) indicates
that measured titer generally declines with time since sampling. Furthermore, in line
with previous analyses [24], we find that the error distribution is zero-inflated for unde-
tectable titers <1:10 (Fig. 3.21), justifying our use of a separate measurement error for
undetectable titers. A previous study estimated the probability of 2-fold measurement er-
ror for undetectable titers [24]. We therefore calculated the corresponding error (o = 0.74)
in our normally distributed observation model that would yield the same probability of
2-fold measurement error for undetectable titer values. The observation model is non-
invertible (Eq. 3.18). Therefore, while we use the measurement error to draw simulated
observations from a normal distribution centered around the latent log titers, we cannot
back-calculate the value of the latent titers from observed data. This is why we assign the
initial baseline titer hbaselineils(O) from a possible two-fold range surrounding the lowest

observed titer higps . (Eq. 3.16).
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CHAPTER 4
CONCLUSION

In his “Homage to Santa Rosalia,” Hutchinson [77] asked “Why are there so many types
of animals?” This simple question underscores a century’s worth of ecological theory
about the dynamics of coexistence among competing species. Pathogen diversity poses
an exquisitely intricate extension of theoretical questions about species coexistence in a
variable environment. Pathogen competition occurs on a playing field marked by im-
mense variation among human hosts. Host heterogeneity in population structure can
alter the spatial and temporal scales of pathogen transmission [169]. Host heterogeneity
in the immune response complicates the “pathogen-centric” predictions of most multi-
strain models, which assume that individuals are invariant in their response to the same
antigenic variant [30]. This dissertation provides coarse predictions about how the inter-
play between immune-mediated competition and host heterogeneity might explain the
observed diversity of two viral communities: HPV and influenza A viruses. Both anal-
yses highlight the importance of host heterogeneity as a driver of disease dynamics and
pathogen diversity.

Chapter 2 investigated the factors that explain the diversity of over 200 low-prevalence
HPV types. We tested for homologous immunity in HPV infection that might drive type
coexistence by NFDS and promote antigenic niche partitioning. We found that, rather
than inducing protective immunity, HPV infection strongly increases the risk of future
infection by the same type. The infection risk for any type in a susceptible population is,
on average, low and concentrated in high-risk individuals defined by demographic and
behavioral risk factors. Thus, our results suggest that high HPV prevalence results from
frequent reinfection or persistent infections within individuals.

Chapter 3 tested hypotheses about age-related differences in the dynamics of protec-
tion after infection with influenza A viruses. Because protection wanes by 50% over 2-5

years for both subtypes, multiple infections with the same subtype might change the
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specificity of an individual’s antibody response over time, yielding individual variation
in the response to circulating influenza strains. We found that HI-mediated immunity
alone best explains the dynamics in children, suggesting that protective homosubtypic
antibody responses early in life are directed against highly mutable epitopes on the HA
head. Non-HI-mediated immunity correlates with protection in adults, suggesting that
the antibody repertoire evolves with age, which might be explained by repeated expo-
sures focusing antibodies to more conserved epitopes. Broadly, our findings suggest that
circulating influenza strains face different selective pressures in children and adults.

Our current understanding of host-pathogen interactions only scrapes the surface of
the interplay between pathogens and the myriad aspects that define their human host en-
vironment. This dissertation used simplified mathematical abstractions to demonstrate
the importance of different forms of host heterogeneity for pathogen dynamics and di-
versity. However, current limitations of biological insight offer exciting directions for
future research. To conclude, I summarize the implications of the results of each chapter

for future research and for vaccination and public health management.

4.1 Future directions and implications

Progress towards understanding HPV diversity will depend on better resolution of the
ways in which HPV types establish niches within and among human hosts. Perhaps the
biggest open question is how the dynamics of HPV infection might differ in women. For
every HPV type, the most significant host-specific risk factor was the number of recent fe-
male sex partners, indicating that the factors that promote HPV type diversity in women
are essential to understand diversity in men. The finding of higher seroprevalence [111]
and lower prevalence of HPV types in women than men despite similar type-specific in-
fection durations and distributions [59, 71] suggest that women generate some degree of
homotypic immunity. However, serum antibodies in women appear to offer only weak

protection against future infection [8] and episodic infection is common in women within
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and across anatomic sites [60, 153], suggesting that immunity may be too weak to gener-
ate significant selective pressure, especially given frequent transmission to male partners
[21]. However, the ecological niches of HPV types are certainly defined by properties of
the epithelia of the female genitals and reproductive tract. One interesting question is
whether HPV types are limited to the same epithelial environment in women and men,
and how such overlap in tissue specificity might define the high-risk subpopulations for
each type. For example, are HPV types that are more adapted to the highly keratinized
surface of the circumcised penis in men also more adapted to the keratinized external
genitalia of women? Likewise, are HPV types that are highly adapted to the cervical
mucosa also preferentially transmitted at the anal mucosa among MSM males?

In addition to the fact that our analysis was limited to men, we identified differ-
ences between high-risk subpopulations among HPV types based on a limited set of
host-specific risk factors, assuming a well-mixed population. Therefore, we provided
a low-dimensional approximation of the complicated spectrum of factors that define high
risk subpopulations. Consistent with many other studies [147], we identified variation
in host susceptibility primarily through the effects of sexual partnerships. A promising
direction for mechanistic models of HPV dynamics is to quantify the how finer-scale bio-
logical factors such as obesity [53], genetic variability in HLA genes [36], the composition
of genital microbiomes [18], sex hormones [103], and the dynamics of epithelial turnover
[148] may define type niches.

We found that HPV types rely on repeated or continuous infection within individuals
to maintain their prevalence. However, future work must distinguish the possibility of
viral latency and reactivation from auto-inoculation across infected sites. This pursuit will
likely require higher-resolution molecular data about viral load and viral gene expression
during infections within a large number of individuals over time. With such fine-scale
data, epidemiological models could make more detailed predictions about the within-

host dynamics of infection that allow HPV types to persist in certain individuals.
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It appears that the the stable, ordered prevalence of HPV types in men cannot be ex-
plained by stabilizing competition through cross-immunity. Rather, it is possible that
HPV diversity depends on multi-level meta-population dynamics, where dispersal is lim-
ited both within hosts by isolated, patchy infections across anatomical sites, and between
hosts by sustained transmission within high-risk subpopulations. Initial HPV infections
rely on opportune micro-lesions in basal epithelial cells, such that viral colonization of a
within-host patch at any given exposure is relatively rare and infection events are partly
stochastic [148]. Given that our results support evidence of slight type-specific differences
in tissue tropism [106, 16], the prevalence of any type might depend on the frequency of
its exposure by sexual transmission to the right epithelial environment. This reasoning
is in line with the results, here and in many other studies [57, 56, 116, 117, 59], that sex-
ual partnerships are the largest driving factors of HPV transmission. Once an infection is
established, auto-inoculation might then sustain the type within individual hosts. While
types may differ in fitness based on their ability to colonize or persist in host tissue [16],
isolation to different types of hosts and different patches of epithelium within hosts might
prevent competition and maintain the lowest-prevalence types at a population level.

The results of Chapter 2 suggest that the benefits of HPV vaccination might be stronger
than previously expected. Because sterilizing immunity reduces infection rates, models
that assume that infection induces protective immunity in men [42, 130, 165, 17] likely
underestimates vaccine effectiveness. Furthermore, the effects of recurrent infection on
subsequent risk suggest that vaccination may alter overall infection rates in ways that are
not predicted from standard models of HPV dynamics [130, 42, 139]. Primarily, our results
suggest that the best way to reduce HPV prevalence is to prevent the initial infection by
vaccinating young boys. However, if indeed recurring HPV infection is driven mainly by
auto-infection, then vaccinating previously infected individuals may also dramatically
reduce HPV prevalence [142].

Understanding the dynamics of influenza diversity will require determining the spe-

88



cific factors that determine individual heterogeneity in immunity and shape the selective
pressures acting on circulating strains. Our results suggest that influenza infection gener-
ates a highly variable short-term antibody response. We showed that stochastic variation
in the magnitude of the short-term titer boost at each infection was important for the dy-
namics. However, several lines of evidence suggest that boosting should be consistent
within individuals. Several models suggest that infection reactivates previous B cell re-
sponses in a reliable way based on exposure history [49, 100, 95]. Therefore, particular
individuals might be predisposed to boost to new circulating epitopes. Predictable vari-
ation in boosting may also arise from genetic predisposition. For example, variation in
MHC class II alleles determine the specificity of CD4+ helper T cells, which aid in B cell se-
lection. Therefore, variation by HLA genotype could predispose hosts to have character-
istic antibody responses [35]. A more mechanistic understanding of the factors that shape
the diverse short-term immune response among individuals would allow for models with
more precise functional forms for the boosting variability. Longer individual-level time
series of serological observations and PCR-confirmed infections could also allow us to
observe and quantify consistent differences between individuals.

Our results suggest that immunity in adults and children might generate different
selective pressures on circulating strains. We showed that general forms of non-HI-
mediated immunity are important for the dynamics of protection in adults, indicating
that the response in adults does not targeting epitopes on the HA head. Instead, protec-
tion in adults might be driven by NA-mediated immunity [115], by stalk-directed anti-HA
antibodies [133, 5], or by cellular immunity [96, 174, 62, 122]. The outcomes of age-related
differences in the forms of protection for strain diversity will depend on the breadth and
strength of these responses. One possibility is that the dynamics of influenza infection
in adults are neutral with respect to antigenic HA variants if adults target completely
conserved sites. Under this scenario, the immune response in adults could reduce fitness

differences between competing strains, promoting strain diversity among older individu-

89



als and suggesting that selection by immunity in children limits diversity. This effect that
has been demonstrated with gradually developing nonspecific immunity to pneumococ-
coal serotypes [29]. However, this prediction may not hold for flu, where age-specific
differences in attack rates between seasons indicate that adults may indeed vary in their
susceptibility to circulating variants [173].

Future work must identify new correlates of protection that encompass variation in
immune responses. Sero-surveillance should rely on viral assays that capture responses
to epitopes on the HA stalk and on NA to identify individuals that target more con-
served sites. Furthermore, as cellular immunity may influence homosubtypic or het-
erosubtypic protection, genetic variation in susceptibility determined by polymorphisms
in HLA genes may be another important predictor of individual variability [136]. Fu-
ture models could integrate host genetic information with more comprehensive serology
and clinical data to weight the contributions of heterogeneity in humoral and cellular
responses in the dynamics of protection.

Patterns of social contacts drive community-level influenza transmission rates [94],
and they may have important consequences for influenza diversity given our predictions
about host heterogeneity in immune specificity. Therefore, future work should incorpo-
rate the dynamics of individual-level variation in immune responses within the context
of population structure. For example, if different immune mechanisms drive protection
in children and adults, then age-assortative mixing could concentrate the transmission of
different strains within subpopulations of individuals that respond similarly to infection.
Influenza strains could evolve on short timescales to escape immunity within subpopu-
lations, contributing to broader patterns of antigenic evolution over time. As future work
generates more insight into the specificity of individual immune responses, transmission
models can synthesize more informed estimates about population immunity with social
contact rates to explain and predict evolution.

The heterogeneity in immune specificity is important for influenza vaccine design.
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The goal of vaccines is to permanently reduce incidence, but this goal is seldom real-
ized due to immune escape. An ideal influenza vaccine would limit the diversity of the
immunophenoytpe of a circulating strain, eliminating variability among hosts with re-
spect to vaccine-induced immunity and thereby preventing escape [28]. Subpopulations
of varying immune specificity may require targeted vaccines to achieve uniform vaccine-
induced immunity at the population level. If homosubtypic and heterosubtypic compe-
tition act via cellular or innate immunity, then vaccines that mimic natural infection by
inducing both humoral and cellular responses (e.g. live attenuated vaccines) could be

effective against multiple subtypes.

4.2 Concluding anecdote

This thesis developed a unified perspective to understand the complex epidemiological
patterns underying the diversity of two vastly different pathogen systems. HPV and
influenza A viruses differ in their genetic diversity, in their interactions with host immu-
nity, and in the subpopulations that they target. My work on these systems has led me to
a somewhat paradoxical observation about the challenges in public health management
for each system. Vaccines against HPV are highly effective [84] and our estimates about
HPV dynamics suggest that vaccination may be even more beneficial than previously ex-
pected, especially among men. However, the benefits of HPV vaccines are limited by
low vaccination rates driven in part by significant social stigma around sexually trans-
mitted infections [75]. In influenza, by contrast, vaccination rates are relatively high in
the USA and in other parts of the world [127], but the potential benefits of vaccination are
limited by gaps in biological knowledge about influenza immunity that impede vaccine
design. In many ways, this problem underscores the importance of coordination of scien-
tists, public health officials, and health-care providers to both develop effective protection
against disease and to ensure vaccination of high-risk individuals. I am enthusiastic to

build my career working at the intersection of these fields.
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