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Abstract

Influenza A virus is a major source of morbidity and mortality, annually
resulting in over 9000 deaths in the United States alone. As a segmented, RNA virus,
influenza has a high mutation rate, facilitating its evolution to overcome cross protective
immunity through natural selection and adapt to new host species or sources of
evolutionary pressure through reassortment. The high viral mutation rate also means
that these processes affect not only evolution at the population level, but also at the
intrahost level. While these processes have been well characterized for population-level
viral evolution, viral evolution within a single host is far less well defined. In this
dissertation, I characterize influenza infection at the intrahost level with respect to viral
evolution and infection dynamics. In the second chapter, I critically evaluate methods
for estimating the transmission bottleneck size for influenza A virus from viral
sequencing data. The transmission bottleneck describes the infecting population size, a
determinant for the level of genetic diversity present at the onset of infection. I show
current methods may be biased, both by the criteria used to identify sequencing variants
and the presence of demographic stochasticity. In response to these biases, I introduce a
new method that (1) corrects for differences in variant calling criteria and (2)
accommodates demographic stochasticity. Chapters 3-5 are based on data collected from

an existing human challenge study with influenza A virus. In this challenge study,

iv



volunteers were experimentally infected with a heterogeneous viral inoculum that had
adapted to the conditions in which it had been generated. In chapter 3, I show that
transmission was governed by a selective bottleneck and that subsequent intrahost viral
evolution was dominated by purifying selection. In chapter 4, I further characterize the
observed intrahost viral evolution through the reconstruction of viral haplotypes to
evaluate different models of selection. These models differed by the level at which
selection was acting, whether selection is focused on individual loci, multiple loci within
a single gene segment, or across gene segments. Model selection favored the third
model, wherein selection acted across gene segments, thereby establishing that the
effective viral reassortment rate was limited in these subjects. In chapter 5, I develop a
mathematical model for within-host influenza infection linking viral replication and the
host immune response with the development of disease symptoms. I fit this model to
experimental data collected from the challenge study. Analysis of the model fits
indicated that much of the heterogeneity in the data between subjects could be explained
by interindividual variation in viral infectivity. This finding echoed the results of
chapters 3 and 4, that there were quantifiable differences in the infecting viral
populations between the study subjects. Taken together, these observations suggest that
intrahost viral genetics may underlie the differences between the subjects’ response to

infection.
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1. Introduction

1.1 Influenza virus biology

Influenza infections cause a significant amount of morbidity on an annual basis,
resulting in roughly 9000 deaths in the United States each year (Molinari et al., 2007).
While influenza infection is actually caused by multiple distinct genera of viruses,
influenza virus types A, B, C, and potentially D (Hause et al., 2014), the majority of
research tends to focus on influenza A virus (IAV) as it causes the bulk of human disease
(Davlin et al.,, 2016).. The disease burden is not evenly mixed, but rather tends to
disproportionately affect young children and the elderly. Most cases of infection are
acute and self-limited with, on average, a 2 day incubation period followed by an
average infectious period of roughly 5 days (Carrat et al, 2008). Symptom onset
generally begins 1 day after infection, peaks on day 3, and lasts for roughly a week.
Clinical illness is characterized by both respiratory symptoms, such as cough and runny
nose, and systemic symptoms, such as fever and myalgia, though recent studies have
shown that 10-15% of those infected are asymptomatic (Lau et al., 2010; Loeb et al.,
2012). A major contributing factor to influenza morbidity is secondary bacterial
infections that are, in part, facilitated by tissue damage and changes in host immune
activity, that occurred during the primary viral infection (van der Sluijs, van der Poll,

Lutter, Juffermans, & Schultz, 2010).



Given the impact of influenza infection on human health, it is unsurprising that
the structure and lifecycle of the virus has been fairly well characterized. Influenza virus
is an enveloped, segmented, single strand, RNA virus with each of the eight segment
encoding one or more proteins (Webster, Bean, Gorman, & Chambers, 1992). In humans
and other mammals, the virus infects respiratory epithelial cells through receptor-
mediated endocytosis, facilitated through the interaction of the viral surface protein
hemagglutinin (HA) with sialic acid, the host receptor. Unlike other RNA viruses,
influenza replicates in the host cell nucleus using its own RNA-dependent RNA
polymerase. IAV’s use of RNA as its genetic material leads to a high mutation rate, on
the order of 10° mutations per nucleotide per replicative cycle, because the viral RNA
polymerase lacks proofreading activity. As influenza virus replicates in the nucleus, it is
able to precisely coordinate the timing of its replication cycle and, also, to modulate host
cell gene expression. Following viral RNA replication and synthesis of the structural
viral proteins, the progeny virions are assembled at the host cell’s plasma membrane.
Mature virions bud off from the host cell, being released from the host cell membrane
through the enzymatic activity of viral neuraminidase (NA), also located on the viral
surface.

The exposure of the HA and NA proteins on the viral surface means that these
proteins are the main antigenic determinants, the targets of neutralizing antibodies that

confer protective immunity. Because these segments determine the efficacy of cross-



protective immunity, influenza A viruses are categorized into subtypes based on the
antigenicity of the HA and NA proteins. Infection with one subtype of influenza results
in partial cross-protection to other influenza subtypes (Sonoguchi, Naito, Hara,
Takeuchi, & Fukumi, 1985), and a prolonged period of protection against the reinfection
by viruses of the same subtype (Gill & Murphy, 1977). Reinfection by the same strain,
however, is eventually possible through the accumulation of mutations in the antigenic
regions of the HA and NA proteins, changing the viral structure enough to escape
recognition by neutralizing antibodies (De Jong, Rimmelzwaan, Fouchier, & Osterhaus,
2000).

Because the antigenicity of influenza surface proteins HA and NA determines
whether a previous infection will confer protective immunity to a potential host, these
gene segments are the most often analyzed in studies of influenza viral evolution.
Influenza viral evolution is generally described in terms of two processes, antigenic drift
and antigenic shifts. Seasonal influenza, caused by HIN1 and H3N2 strains endemic in
the human population, evolves through antigenic drift (D. J. Smith et al.,, 2004). As
alluded to above, antigenic drift involves the accumulation of nonsynonymous
mutations in key regions recognized by the adaptive immune system. The structural
changes caused by these mutations obfuscates recognition by the host’s immune system,
rendering that host susceptible to re-infection by the virus in a process termed immune

escape. Thus, those mutations facilitating immune escape confer a fitness advantage to



the containing virus, and as a result of natural selection, sweep through the population
(Koelle, Cobey, Grenfell, & Pascual, 2006).

The other evolutionary process, an antigenic shift, occurs when two or more
different subtypes of influenza virus infect the same host and undergo reassortment, the
swapping of gene segments, to generate a new strain with, potentially, novel phenotypic
properties such as an altered host range. Antigenic shift events have given rise to many
of the influenza pandemics in recent history including the recent 2009 influenza
pandemic. The 2009 HIN1 pandemic flu, for example, arose following a triple
reassortment of influenza virus in swine (G. J. D. Smith et al., 2009).

As influenza virus is able to rapidly evolve within populations, so too can the
virus evolve within a single host, even during the acute infectious period. Due to
influenza virus’ high mutation rate, the genetic makeup of the viruses within a host are
more accurately characterized as a population of closely related viruses, often referred to
as a quasispecies, rather than a single gene sequence. Because the intrahost viral
population can be quite heterogeneous, many of the processes thought to govern
influenza viral evolution at the population level also affect intrahost viral evolution.
These processes include population bottlenecks, selection, and reassortment. Though
these processes are fairly well characterized for influenza virus at the population level,
their roles in viral evolution at the within-host level are far less well-defined (Grenfell et

al., 2004). Moreover, as immune escape is a key source of selective pressure guiding the



evolution of seasonal influenza virus, it is likely that the host immune system influences
the intrahost evolution of influenza virus as well. Thus, an improved understanding of
the interaction of viral replication with the dynamics of the host immune response may
yield additional insights into intrahost viral evolution.

The transmission bottleneck restricts viral genetic diversity passing from the
infection donor to the recipient host, and thus, can influence the rate and tempo of viral
evolution within the new host. Loose bottlenecks allow much of the viral genetic
diversity to be transferred and, as such, there is a high likelihood that high fitness,
potentially low frequency, variants in the donor will also be passed to the recipient. In
contrast, narrow transmission bottlenecks restrict the transferred genetic diversity and,
thus, have a lower likelihood for transferring low frequency variants. Thus, narrow
transmission bottlenecks may limit the rate of viral adaptation (Geoghegan, Senior, &
Holmes, 2016; Gutiérrez, Michalakis, & Blanc, 2012). Though multiple studies have
evaluated the transmission bottleneck size, both experimentally, and from statistical
analyses of viral sequences, these studies have yielded a wide range of estimates,
revealing apparent disagreements between the small bottleneck size estimates obtained
from experimental analysis (Varble et al., 2014), and the looser estimates of bottleneck
size yielded by statistical inferences (Hoelzer et al., 2010; Hughes et al., 2012; Pablo R.
Murcia et al.,, 2010; Pablo R Murcia et al.,, 2012; Stack, Murcia, Grenfell, Wood, &

Holmes, 2012). As a result, the transmission bottleneck size of influenza virus in natural,



human infections remains unclear. Given the contribution of bottleneck stringency to the
rate of viral evolution and, thus, adaptation, a more accurate quantitative method for the
estimation of bottleneck size and a thorough understanding of those forces governing
the bottleneck, is necessary.

Like the transmission bottleneck size, the identity and relative importance of the
different types of selection governing the subsequent evolution of the transferred
viruses also remains unclear. Animal models of influenza infection have shown that the
mode of selection, whether purifying or diversifying, can vary with the viral fitness in
the host. For already well-adapted viruses, such as equine influenza infection in horses,
intrahost evolution is dominated by purifying selection (Hughes et al., 2012). In contrast,
as demonstrated by the contentious gain-of-function studies, wherein avian influenza
was adapted for efficient, mammalian transmission through serial passage in ferrets,
intrahost evolution was dominated by diversifying selection. Both diversifying and
purifying selection are known to affect influenza viral evolution at the population level,
though the dominant form of selection differs across the influenza viral genome (Lee et
al., 2015; Meyer & Wilke, 2015; Shih, Hsiao, Ho, & Li, 2007). Moreover, the observation
of antiviral resistance evolving during chronic infection in immunocompromised
patients, shows that such processes do occur at the intrahost level and may have
important implications for the outcome of infection (Ison, Gubareva, Atmar, Treanor, &

Hayden, 2006). However, the relative contribution of these forces to an uncomplicated,



acute, influenza infection and the speed at which those forces alter the viral population
structure remain unclear.

Influenza reassortment is more strongly associated with antigenic shift events,
and thus influenza pandemics, than it is with seasonal influenza virus. However, recent
studies have indicated that viral reassortment may be important even for infections
caused by only a single subtype of influenza virus, infections incapable of triggering an
antigenic shift. Brooke and colleagues have recently shown that the majority of influenza
A virions are only semi-infectious, in that these virions cannot express one or more of
the viral proteins necessary for productive infection (Brooke et al., 2013). Thus,
replication of these semi-infectious particles is complementation-dependent, requiring
the cell to be infected by more than one virion to allow for the production of new viral
particles.

One possible explanation for the preponderance of only semi-infectious particles
is to favor higher levels of genetic diversity via increased reassortment. Fonville et al.’s
analysis of in vitro influenza virus replication provided evidence for this hypothesis by
showing that the frequency of reassortment increased in the presence of semi-infectious
particles (Fonville, 2015). These findings, that the majority of influenza virions are semi-
infectious and that semi-infectious particles enhance reassortment, together suggest that
reassortment plays a role in intrahost evolution. Recent experimental studies of

influenza infection in vitro and in vivo in small mammalian models have shown that



influenza reassortment occurs rapidly for complementary strains (Marshall,
Priyamvada, Ende, Steel, & Lowen, 2013; Tao, Steel, & Lowen, 2014). Reassortment may
influence IAV evolution by helping to consolidate beneficial variants into a single virion
(Ince, Gueye-Mbaye, Bennink, & Yewdell, 2013), and/or purge deleterious mutations
(Koelle & Rasmussen, 2015). Given the potential effects of rapid reassortment on
influenza viral evolution and the observation of rapid reassortment in animal models of
infection, further characterization of influenza’s reassortment rate in human infections is
necessary.

Another way to characterize intrahost influenza infections if from the analysis of
influenza viral replication dynamics and how those dynamics interface with the host
immune response (A. M. Smith & Perelson, 2010). Such analyses generally use well-
established ordinary differential equation (ODE) frameworks to model to the intrahost
system. The simplest models of influenza infection, such as the one proposed by Baccam
et al., consider only virus and target cells, those cells infected by the virus (Baccam,
Beauchemin, Macken, Hayden, & Perelson, 2006). Though such models can recover the
viral load dynamics, they are target cell limited, meaning that infection resolves only
due to the complete loss of the target cell population, an outcome that is not observed
clinically (Guarner et al., 2006). More complex models do incorporate elements of the
host immune response to aid in resolving the infection (Pawelek et al., 2012; Saenz et al.,

2010), and one even describes the relationship of viral replication with the host immune



response in symptom development (Canini & Carrat, 2011). Yet few datasets exist that
include empirical time-course data describing the viral titer, host immune response, and
the symptoms of disease. Thus, to the best of my knowledge, no within-host model of
infection exists in the literature that was built using experimental data of viral kinetics,
immune dynamics and the symptoms of disease. Model development with a dataset that
allowed all three of these processes to be fit simultaneously would help to test the
predictions of previous models and help to consolidate understanding of intrahost

infection dynamics.

1.2 Thesis overview

My research, as described in this dissertation, has focused on characterizing
intrahost influenza infection in both clinical and experimental settings. The bulk of these
analyses have characterized the intrahost viral evolution from the time of transmission
to the resolution of infection. The final research chapter of my thesis, uses a
mathematical model of intrahost influenza infection to characterize the interplay of viral
replication and the host immune response. This work provides the foundation for future
analyses, to be completed during a post-doctoral fellowship, which will integrate the
findings of the intrahost viral evolution studies with the infection dynamics model to
evaluate the role that viral genetics play in the progression of disease.

Chapter 2 of this dissertation describes a study that focused on the methods for

quantifying the transmission bottleneck size (Nv) of influenza virus from viral sequence



data. We began by critically evaluating two existing methods for bottleneck size
estimation in transmission pairs. These methods infer bottleneck size based on donor
variant frequency and, for the first method, whether the variant is detected in the
recipient (Sacristan, Diaz, Fraile, & Garcia-Arenal, 2011; Sacristan, Malpica, Fraile, &
Garcia-Arenal, 2003), and, for the second method, the recipient variant frequency
(Emmett, Lee, Khiabanian, & Rabadan, 2015; Poon et al., 2016). We showed that these
methods can be biased by the criteria used to identify variants. We next introduced a
new method, which can account for differences in variant calling criteria and allows for
demographic stochasticity. We applied these three methods to simulated datasets and a
recently published dataset for influenza A virus, showing that our new method
provided the most biologically appropriate estimates for systems in which demographic
stochasticity occurs. The bottleneck size for influenza A transmission estimated by the
new method was Ny = 187 (95% CI = 43-435) virions. This work is in preparation for
submission to PLoS Pathogens and was completed in collaboration with Daniel
Weissman, Elodie Ghedin, Benjamin Greenbaum and Katia Koelle.

In the third chapter, I evaluated influenza virus transmission in the context of
experimental infection with the H3N2 strain of influenza A virus. This experimental
challenge study has been previously described in (Huang et al., 2011; McClain et al.,
2016; Moody et al., 2011; Wilkinson et al., 2012; Woods et al., 2013; Zaas et al., 2009,

2013). Using deep sequencing samples of viral isolates from this study, I showed that the
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viral inoculum had adapted to the in ovo and in vitro environments in which it had been
prepared. I next compared the viral genetic diversity present in the viral inoculum with
the diversity present in viral isolates sampled during early infection. Through this
comparison, I was able to show the presence of a transmission bottleneck that had
restricted the viral genetic diversity transferred to the subjects and, moreover, that the
decrease in diversity most prominently affected the nonsynonymous diversity on the
HA and NP gene segments. This observation suggested that the bottleneck was
governed by selective forces. I continued to track the evolution of the virus in these
subjects that had passed through the bottleneck. This analysis showed that intrahost
evolution of the influenza virus in these subjects, showing that viral evolution during
infection is dominated by purifying selection to revert the infecting virus towards the
consensus sequence of the viral stock. This work is currently in press at the Journal of
Virology and was completed in collaboration with Micah McClain, Gavin Smith, David
Wentworth, Rebecca Halpin, Xudon Lin, Amy Ransier, Timothy Stockwell, Suman Das,
Anthony Gilbert, Robert Lambkin-Williams, Geoffrey Ginsburg, Chris Woods and Katia
Koelle.

To further investigate the intrahost fitness landscape in the subjects of this
challenge study, we initiated collaboration with Christopher Illingworth, University of
Cambridge. The work resulting from this collaboration is described in the third chapter

of my thesis. Using a method developed by Christopher Illingworth (Christopher J R
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Illingworth, 2015), we inferred haplotypes for the intrahost influenza population. We
then used these haplotypes to reconstruct the fitness landscape within the study
subjects. We show that the haplotype occupying the peak of the fitness landscape
contained the reference allele for all of the variants enriched during preparation of the
viral stock. This finding was consistent with the previous analysis of this dataset (Sobel
Leonard et al., 2016). Thus, selection acted over the course of infection to revert those
variants enriched during preparation of the viral stock. We next used the reconstructed
haplotypes to infer the reassortment rate of the intrahost viral population, showing
evidence for limited reassortment in this study. Our observation of limited reassortment
contrasts with other studies, completed in both in vivo and in vitro environments, which
supported rapid reassortment for influenza viruses of compatible strains (Ince et al.,
2013; Marshall et al., 2013). However, our observation of limited reassortment rate was
supported to different degrees among the challenge study subjects. We demonstrate a
correlation between the strength of the evidence for limited reassortment with the
inoculum dose used for the corresponding study subjects, with infections initiated with
higher inoculum doses having less support for a limited viral reassortment rate. The
relationship between inoculum dose and observed rate of reassortment is consistent
with a previous study of influenza reassortment rates in guinea pigs (Tao et al., 2014).
This chapter is currently under review at PLoS Pathogens and was completed in

collaboration with Micah McClain, Gavin Smith, David Wentworth, Rebecca Halpin,
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Xudon Lin, Amy Ransier, Timothy Stockwell, Suman Das, Anthony Gilbert, Robert
Lambkin-Williams, Geoffrey Ginsburg, Christopher Woods, Katia Koelle and
Christopher Illingworth.

The fifth chapter of this dissertation also uses data from the human challenge
study that served as the basis for chapters two and three. However, the study described
in chapter 5 uses the clinical data collected in this study to develop a dynamical model
of intrahost influenza infection. I first adapt previously described dynamical models of
intrahost influenza infection (Canini & Carrat, 2011; Pawelek et al, 2012) to
accommodate the data collected from nine subjects of the H3N2 challenge study. The
collected data include the subjects’ viral titers, reported symptom scores and ‘Influenza
Factor” scores. The Influenza Factor score, fully described in (Woods et al., 2013), is a
quantification of changes in the transmission of co-expressed genes of peripheral blood
cells. The Influenza Factor represents a genetic signature describing conserved changes in
the whole blood transcriptome for individuals who pre-symptomatic individuals
infected with influenza H3N2. In this model, we treat the Influenza Factor as a proxy for
cytokine activity and, thus, assume that changes in the factor score are response for
inducing the symptoms of disease. We first fit the model to the challenge study subjects
using Bayesian inference from the Markov Chain Monte Carlo (MCMC) algorithm,
holding all parameter values constant across individuals. We show that the intrahost

influenza infection dynamics model can replicate the general dynamics trends in the
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viral titer, Influenza Factor scores, and symptoms observed in the data. We next
introduce interindividual variation into one or more of the model parameters by treating
the parameter of interest as a distribution rather than a single point value, as described
in (Ben-shachar, Schmidler, & Koelle, in press). The introduction of interindividual
variability, particularly in the viral infectivity parameter, significantly improves the
model fit to the data, suggesting that differences in the biological activity represented by
this parameter can explain the observed differences in the response to infection among
the challenge study subjects. This work is in preparation for submission to PLoS
Pathogens and is being completed in collaboration with Micah McClain, Christopher
Woods, and Katia Koelle.

These chapters extend our knowledge of intrahost influenza A virus infections,
focusing on viral genetic diversity and the relationship between the infecting virus and
host response in the development of disease. This research has characterized those
factors establishing viral genetic diversity at the onset of infection and, further, has
described how that diversity changes over the course of infection. It has also
demonstrated that much of the observed heterogeneity in response to infection can be
attributed to underlying differences in viral load dynamics. Taken together, these

chapters suggest a link between viral genetics and the outcome of infection.
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2. Methods for Estimating Transmission Bottleneck
Sizes from Pathogen Deep-Sequencing Data, with an
Application to Human Influenza A Virus

2.1 Introduction

Disease transmission relies on the transfer of a pathogenic organism from one
host to another. Regardless of the route of transmission, this transfer from donor to
recipient host is characterized by a transmission bottleneck - the size of the founding
pathogen population in the recipient host. Accurate quantification of transmission
bottleneck sizes for pathogenic organisms is critical for several reasons. First, bottleneck
sizes impact levels of genetic diversity in recipient hosts, and thereby impact the rate at
which pathogens can adapt to host populations, with smaller bottleneck sizes slowing
rates of adaptation (Geoghegan et al., 2016; Gutiérrez et al., 2012). Second, when
cooperative interactions occur within a pathogen population (e.g., (Skums, Bunimovich,
& Khudyakov, 2015; Xue, Hooper, Ollodart, Dingens, & Bloom, 2016)), or when viral
complementation and cellular coinfection are critical for producing viral progeny (e.g.,
(Brooke et al., 2013)), bottleneck sizes will necessarily impact pathogen replication rates,
with larger bottleneck sizes enabling the occurrence of these interactions and thus
facilitating within-host replication. Finally, transmission bottleneck sizes impact the

ability to accurately reconstruct who-infected-whom during an ongoing epidemic
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(Worby, Lipsitch, & Hanage, 2014), such that estimation of the transmission bottleneck
size can point to cases which may be problematic, and for which a certain class of
phylodynamic inference methods (such as (De Maio, Wu, & Wilson, 2016)) might be

particularly useful.

The transmission bottleneck size has been estimated for a number of pathogenic
organisms, including pathogens of plants (Betancourt, Fereres, Fraile, & Garcia-Arenal,
2008; Fabre et al., 2014; Hall, French, Hein, Morris, & Stenger, 2001; Moury, Fabre, &
Senoussi, 2007; Sacristan et al.,, 2003; Zwart, Daros, & Elena, 2011) and animals
(Forrester, Guerbois, Seymour, Spratt, & Weaver, 2012; Hoelzer et al., 2010; Hughes et
al., 2012; McCaw, Arinaminpathy, Hurt, McVernon, & McLean, 2011; Pablo R Murcia et
al., 2012; D. R. Smith, Adams, Kenney, Wang, & Weaver, 2008; Stack et al., 2012; van der
Werf, Hemerik, Vlak, & Zwart, 2011; Zwart et al., 2009). While these estimates have
relied on the distribution of pathogen types in the infection recipients, as determined by
molecular and phenotypic markers or Sanger sequencing of the pathogen population in
donor and recipient hosts, deep sequencing data have recently started to be used to
quantify transmission bottleneck sizes (Frise et al., 2016; Moncla et al., 2016; Pablo R.
Murcia et al., 2010; Poon et al., 2016; Varble et al., 2014; Wilker et al., 2013; Zaraket et al.,
2015). Some of these studies (most notably the ones examining viral adaptation to new
hosts (Moncla et al., 2016; Wilker et al., 2013; Zaraket et al., 2015)), have characterized

the general magnitude of transmission bottlenecks size, with results indicating that
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narrow, selective bottlenecks tend to govern the transmission dynamics of viral
pathogens that are ill-adapted to their recipient hosts (Moncla et al., 2016; Wilker et al.,
2013; Zaraket et al., 2015). Studies that have instead sought to gauge transmission
bottleneck sizes of well-adapted viral pathogens using deep sequencing data have, in
contrast, generally found that they tend to be loose, with many virions initiating
infection (Frise et al., 2016; Pablo R. Murcia et al., 2010; Poon et al., 2016). While many of
these studies focus on gaining a general idea of how “loose” or “narrow” a transmission
bottleneck size is, other studies have attempted to more quantitatively estimate the
transmission bottleneck sizes. One approach relied on barcoding influenza virus during
experimental transmission studies in small mammals (Varble et al., 2014), with results

indicating that the route of transmission greatly impacts the size of the bottleneck.

In contrast to experimental infections, it is not feasible to rely on barcoded or
otherwise marked pathogens in natural infections and, therefore, statistical approaches
have instead been used to quantify bottleneck sizes for naturally transmitted pathogens
(Emmett et al., 2015; Poon et al., 2016). Two studies have used the Kullback-Leibler
divergence index (developed in (Emmett et al., 2015)) to estimate the viral effective
population size initiating infection from deep sequencing data (Emmett et al., 2015; Poon
et al., 2016). One of these studies quantified the transmission effective population size of
ebola (Emmett et al.,, 2015), while the other characterized influenza A/HIN1 and

influenza A/H3N2 (Poon et al., 2016). How the effective population size relates to the
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transmission bottleneck size, however, requires more clarity. A second statistical
approach used by (Poon et al., 2016) makes use of a single-generation population genetic
Wright-Fisher model to estimate the effective viral population size initiating infection.
While this approach similarly showed that the effective population size following
influenza virus transmission in natural human-to-human infection is large, this model
yielded quantitatively different results from the Kullback-Leibler approach. Further, it
was again unclear how the effective population size relates to the transmission

bottleneck size.

Given the increasing use of viral next generation sequencing to estimate the
bottleneck sizes in natural transmission studies, it is necessary to rigorously evaluate the
statistical methods use to infer quantities from sequence data for potential biases.

Moreover, methods free from such biases must be developed.

Here, we introduce a new method for estimating the transmission bottleneck size
of viral pathogens, one that considers stochastic effects occurring during viral replication
in the recipient host. We refer to this method as the stochastic exponential growth (SEG)
method. We next compare our SEG method to existing methods of bottleneck size
inference from the literature: the presence/absence method and the binomial sampling
method. Specifically, we test these methods” ability to recover the bottleneck size of a

simulated dataset. This comparison shows that the SEG method recovers the correct
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bottleneck size, whereas the existing methods were biased by failing to account for
demographic stochasticity and/or variant calling thresholds. Finally, we apply the SEG
method to an existing dataset of natural influenza A virus (IAV) infections to estimate

the transmission bottleneck size of natural human-to-human transmission of influenza.

2.2 Models

Figure 2.1 provides a schematic of the data that are used for inferring
transmission bottleneck sizes in the approaches we consider in this study. Deep
sequencing data consist of short reads at various sites in the genome, obtained from both
the infected donor and the recipient at, generally, a single time point for each individual.
The short read data is used to identify viral variants in the donor and recipient hosts.
Comparison of these variants’ frequencies across donor-recipient transmission pairs
allows us to infer the transmission bottleneck size (Nv), the number of virions

comprising the founding viral population at the onset of infection in the recipient host.

Given the extent of sequencing error in deep-sequencing data, there can be a
high degree of noise in the short read data and, subsequently, in the identified variants.
To limit the effect of sequencing noise on the inferred bottleneck size, it is common
practice to use additional criteria, such as a variant calling threshold, to validate
identified variants (Olson et al., 2015). The variant calling threshold is the minimum

frequency at which a variant can be distinguished from background sequencing error.
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This threshold frequency may be chosen according to generally accepted error rates for a
specific sequencing platform, error rates informed by a control run, or error rates based
on the concordance of variant calls from replicate sequence runs. For the commonly
used Illumina sequencing platforms, variant thresholds tend to fall in the range of 0.5-
3% (Dinis et al., 2016; Ghedin et al., 2012; Lakdawala et al., 2015; Moncla et al., 2016;
Poon et al., 2016; Van den Hoecke, Verhelst, Vuylsteke, & Saelens, 2015; Wilker et al.,
2013; Zaraket et al., 2015). Conservative variant calling cutoffs are often used, as they
ensure that sequencing artifacts are excluded. However, conservative frequency cutoffs
may have unforeseen effects on downstream analyses due to variants that are present in
the recipient host, but cannot be validated. In this study, we refer to these variants as
‘false negatives’. Such ‘false negative’ in the recipient may skew the inferred

transmission bottleneck size towards lower values.

In this section, we present methods for inferring the transmission bottleneck size
from deep sequencing data, paying special attention to the effects of ‘false negative’
variant calls. We first introduce the SEG method that we have developed for bottleneck
size inference, which relies on the frequency of variants detected in the donor and
recipient hosts and incorporates demographic stochasticity. We then introduce two
existing methods of bottleneck size inference in the literature, the presence/absence
method and the binomial sampling method, for comparison. For each of these methods

considered we: (1) describe the methods, (2) describe how variant-calling thresholds
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impact transmission bottleneck estimates and, when possible, how these thresholds can
be statistically incorporated into the method to yield unbiased estimates of transmission
bottleneck size, and (3) qualitatively compare the bottleneck sizes inferred by the
literature methods with the bottleneck size inferred by our newly introduced method.
Of note, our method and the two methods considered from the literature assume that
the genetic diversity of the pathogen is entirely neutral, such that selection does not
impact variant frequencies. They further assume independence between variant sites.

We address the limitations of these assumptions in the Discussion section.
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Figure 2.1: Schematic showing virus transmission from donor to recipient host. The
number of virions that initiate infection in the recipient host is defined as the
transmission bottleneck size or founding population size Nv. The viral sampling process
is shown, with deep sequencing of the viral population resulting in reads that carry
polymorphisms at certain nucleotide sites. The nucleotide read-outs at any site can be
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used to estimate variant frequencies. Dashed horizontal lines in the variant frequency
plots denote the variant calling cutoff or threshold. The goal is to estimate N» given data
on variant frequencies in the donor, the total number of reads at each donor-identified
variant site, and the number of variant reads at each donor-identified variant site.

2.2.1 Bottleneck size inference assuming stochastic exponential
growth

The SEG method considers the frequencies of variants in both donor and
recipient host and assumes the early viral growth in the recipient is stochastic. Due to
the assumption of demographic stochasticity, this method considers that the ratio of
reference to variant allele in the founding virus population may change during the viral
growth phase. We consider two implementations for the SEG method: (1) an
approximate version that assumes infinite read depth, and (2) a version that
incorporates sampling noise arising from a limited number of reads. Further details

describing the derivation of the SEG method can be found in the Methods section.

In the approximate SEG method, the likelihood of a population bottleneck size N»

at site i given by the following expression:

Np

LN = ) [Pr(uplk, Ny = ) PrX = k)]
=0 (2.1)

where ur is the variant frequency in the recipient, Pr(vg;|!! ¥y ¥ !lis given by he beta
probability density function and Pr(X = k) is given by the binomial distribution. If the

donor variant at site 7 is not detected in the recipient, we instead consider the probability
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that the variant at site 7 falls below the variant calling threshold, given by the following
expression:

(1), 1! 2!!"!!!!” LN RINR P I RN RGO B (2.2)
1=0

where T is the variant calling threshold and Pr(vri < T | k, No — k) is given by the beta

cumulative distribution function.

In the full SEG method, we incorporate sequencing error by modifying the
equations (2.1) and (2.2) to consider the number of variant and total reads at variant site
i, Roari and Rui, respectively. The likelihood expression for the bottleneck size at site i
becomes:

Np

L) = ) [Pr(Ruar il Reoe K, Np) PrCX = K] 23)

k=0
where (R,qr.i|Reot.i k, Np) is given by the beta-binomial probability distribution function
V(0 gy [Ty VU E) 8 DS UB& (T ey ! Wy 110, 1 D) f the donor variant is at site i is
not identified in the recipient, we again consider the probability that the variant reads
fell below the variant calling threshold, as given by the following expression:

L}

1(1)), ! 2!!"(!!--#” LN RTRIE IR PR RIS I DT (2.4)
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where, in this case, !"(! 1 b !!"!--!”!|!! !!) is given by the beta-binomial cumulative

distribution function.

We expect that MLE of N» inferred with either the full or approximate SEG
method will not differ when the coverage is high, Rw: > 200. The benefit of using the
approximate version, when appropriate, is that the incorporation of read error into the
SEG method for bottleneck size inference is computationally intensive and the effects of

read error are expected to be very small when the read coverage is high.

Once transmission bottleneck sizes have been estimated using either
implementation the stochastic exponential growth method, the probability of true
variant presence/absence in the recipient host can again be determined for any given
donor variant frequency. Similarly, the probability that a variant is called present/absent
can be determined for any given donor frequency v;, under the assumption of a large

number of reads.

2.2.2 Existing methods of bottleneck size inference
2.2.2.1 Presence/absence method of bottleneck size inference

The simplest approach to estimate the transmission bottleneck size from
pathogen deep-sequencing data is to calculate variant frequencies in donor hosts and
then use information on the presence/absence of these variants in recipient hosts to
quantify bottleneck size. Studies that have adopted this approach include (Sacristan et

al., 2011, 2003). Given a variant i present at frequency v: in the donor, and a founding
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population size of Nb, the probability that the variant was not transferred to the recipient
is simply given by (1 1 1)) '+ (Sacristan et al., 2011, 2003). Correspondingly, the

probability that at least one virion in the founding population carried the variant allele is

population size Nb in a donor-recipient pair is simply calculated by multiplying the

probabilities of the observed outcomes across the variant sites:
) I ) Lyt 2.5)

where j indexes the viral variants that are absent in the recipient, k indexes the viral
variants that are present in the recipient, Vabsent is the total number of variants which are
called absent in the recipient, and Vpresent is the total number of variants that are called
present in the recipient. The total number of variants identified in the donor is given by
Vabsent + Vpresent. The confidence intervals surrounding the maximum likelihood estimate

of Nb can be determined using the likelihood ratio test.

The presence/absence method considers only the detection of donor-identified
variants in the recipient host and, therefore, is especially prone to the effects of ‘false
negative’ variants. Moreover, we were unable to statistically incorporate the variant
calling threshold, as in the previously introduced method, to ameliorate these effects.
Due to the ability of this method to account for ‘false negatives’, we expect that the

transmission bottleneck estimates inferred with the presence/absence method to be
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lower than the bottleneck size estimates inferred by either the SEG or binomial sampling

methods.

2.2.2.2 Binomial sampling method of bottleneck size inference
The second approach from the literature for inferring the transmission bottleneck size is

the binomial sampling method, which has been implement in multiple recent studies (Emmett et

al., 2015; Poon et al., 2016). This approach makes use of donor-identified variant frequencies

in both the donor and the recipient and uses a binomial distribution to identify the maximum
likelihood estimate for the transmission bottleneck size. The likelihood expression for the

bottleneck size at site i is given by the following expression:

1(1,), ! 2!!"(!!--#!!|!!--!,!!|;)!"(! 1 (2.6)

where 1" (! !--#”| ! !--”!!'L') is given by the binomial probability distribution function. The term

Pr(X = k) is again given by the binomial distribution for the number of variant containing virions
k in bottleneck size Np. For variants called as absent in the recipient host, the likelihood of the

transmission bottleneck size is given by the following expression:

'
1(1,), 1 2!!"(!!--#” ' !!"""”!|!_.>!"(! 1 (2.7)
r11 :
where 1" ! is the ‘floor’ under !"*,.y, given by the greatest integer less than or equal to
1"y and 17 (Fygy ¥ 107y t| 5) s given by the binomial cumulative distribution function.

Further detail on the derivation of the binomial sampling method can be found in the

Methods section.
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Unlike the stochastic exponential growth method, the binomial sampling method does not
incorporate demographic stochasticity. Therefore, we expect there to be smaller frequency
deviations between variants in the donor-recipient pairs, under a binomial sampling model as
compared to the model assuming stochastic exponential growth, for the same bottleneck size. To
explain a given pattern of donor-recipient frequency pairs, the maximum likelihood estimates of
Ny are thus expected to be significantly lower for the binomial sampling method than for the SEG
method. If stochastic growth of the viral population is dynamically important, application of the
binomial sampling method will therefore yield a conservative (lower-bound) estimate of Ny. That
methods based on binomial sampling are expected to yield lower-bound estimates of Ny, has been

previously remarked upon in (Emmett et al., 2015).

2.3 Results
2.3.1 Simulation studies

2.3.1.1 Comparison of methods to infer bottleneck size

The simulated dataset was generated under the assumption of stochastic
exponential growth of the viral population in the recipient host between the time of
infection to the time of sampling. This assumption matches the assumptions for the SEG
approach in estimating Nbv. In this dataset, 109 out of the 500 donor-identified simulated
variants were called absent in the recipient host (Figure 2.2A). Some of these variants
were present in the recipient host, but below our frequency cutoff of 3% and, therefore,
considered ‘false negatives’. The SEG method, as expected, recovers the simulated

bottleneck size of 50 virions, as shown by the simulated bottleneck size falling within the
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inferred 95% confidence interval (Figure 2.2B). Both of the methods for bottleneck size
inference existing in the literature underestimate the simulated bottleneck size, this
value falling outside of the 95% confidence intervals inferred by the presence/absence
method (Figure 2.2C) and binomial sampling method (Figure 2.2D). The underlying
cause for these methods’ inability to recover the simulated bottleneck size differed. For
the presence/absence method, this underestimation could be attributed to the ‘false
negative’ variant calls. For the binomial sampling method, we were able to correct for
the variant threshold calling effects and the underestimation of this method, therefore,
could be attributed to the method’s assumptions. The binomial sampling method
assumes deterministic viral growth, such that the observed differences between donor
and recipient frequencies need to arise from sampling the viral population of the donor
host. At smaller bottleneck sizes, more stochasticity is present. As such, the binomial
sampling methods underestimates the simulated bottleneck size in its attempt to
reproduce observed variation in variant frequencies by inappropriately constricting No.
The binomial sampling method can also be compared to the SEG method with
model selection. Both of these approaches each estimate one parameter - the
transmission bottleneck size N» - using information on donor variant frequencies,
variant read counts in the recipient host, and total number of read counts in the recipient
host. As such, we can directly compare the likelihoods of these distinct approaches to

determine which model is statistically preferred. The maximum likelihood obtained
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using the SEG method, '(1"'#) I 11"#$ at N» = 55, was higher than the maximum
likelihood obtained using the binomial sampling method, 1(1"'#) I I1"#$ at Ni = 32,
(Figure 2B,D; legend), indicating that the SEG method is the preferred model.

We can further take into consideration the smoothness/ruggedness of the
likelihood curves in our choice of model, with multi-modal and rugged likelihood
curves being undesirable outcomes. In Figure 2.2E, we plot the likelihood curve for one
variant, present in the recipient at vk = 16.9%, as inferred by the SEG and binomial
sampling methods. The rugged likelihood curve inferred by the binomial sampling
method is problematic because distinctly different bottleneck sizes yield similar
likelihoods, whereas highly similar bottleneck sizes yield significantly different
likelihoods. This rugged likelihood surface arises from the binomial sampling method
because of this method’s stringent assumption that variant frequencies remain fixed
between the time of infection and the time of sampling. In contrast, the SEG method
considers stochastic fluctuations in variant frequency during viral growth, relaxing the
assumption that the viral population at the time of sampling needs to perfectly reflect
the founding viral population. As a result, the likelihood curve for this variant produced
by the SEG methods does not show the large difference in likelihood values for small

differences in Np, further indicating that the SEG model is preferable.
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Figure 2.2: Estimated transmission bottleneck sizes for simulated NGS dataset. (A)
Scatterplot showing the frequencies of donor-identified variants against corresponding
frequencies of these variants in the recipient. Points in black are variants that are called present in
the recipient host. Points in grey are variants that are called absent in the recipient host. Black line
shows where Vionor = Viecipient- Gray lines show the variant calling threshold of 3%. (B) Stochastic
exponential growth (SEG) method’s log-likelihood curve over a range of N, values. MLE = 55
virions (95% CI = 47-64 virions). Likelihood at MLE = -1972.7. (C) Presence/absence method’s
log-likelihood curve over a range of N, values. MLE = 19 virions (95% CI = 16-22 virions). (D)
Binomial sampling method’s log-likelihood curve over a range of Ny, values. MLE = 32 virions
(95% CI = 28-36 virions). Likelihood at MLE = -1981.8. In (B)-(D), vertical black lines show
the founding population size of N, = 50. Vertical colored lines show the maximum likelihood
estimate (MLE), and shaded areas show the 95% confidence interval. (E) Likelihood surfaces
inferred for single variant by SEG and binomial sampling methods. The log-likelihood curves for
a variant present in the recipient at vg = 16.9%, as inferred by the SEG method (purple) and the
binomial sampling method (orange).
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2.3.1.2 Application of SEG method to simulated dataset

As we have shown that the SEG method can recover the simulated bottleneck size and is
the preferred model, we next consider the SEG method’s ability to match the observed probability

of variant transfer for the simulated data. In Figure 2.3A, we again plot the observed
probability of variant transfer from the simulated dataset, this time with analytical
predictions of true and observed probabilities of variant transfer using the SEG
method’s bottleneck size estimates. Again, we see that the true probabilities of variant
transfer exceed those that are observed, given variant calling thresholds. However, the
predictions of that a donor variant is called in the recipient, assuming Nbv estimates
provided by the SEG and under the assumption of stochastic viral growth, fall within
the 95% confidence intervals for the observed probabilities of variant transfer.

As described in the Models section, the first SEG method we developed accounts
for sampling noise. If we ignore sampling noise, we can estimate bottleneck sizes more
rapidly using the approximate SEG method. In Figure 2.3B we show bottleneck size
estimates over a range of different coverage levels for both the full and approximate SEG
methods. At high coverage levels (>200 reads), both implementations of the SEG method
yield similar bottleneck size estimates, recovering the simulated bottleneck size of 50
virions. For lower levels of coverage, however, this approximation starts to fail and will

lead to a considerable underestimation of Nb, indicating that the approximate SEG
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method is inappropriate for low coverage levels. We also note that even at high
coverage, a slight overestimation of the Nbv is apparent. The overestimation can be
attributed to the false positive identification of variants in the recipient; overestimation
no longer occurs when these methods are applied to datasets that are simulated in the

absence of sequence error (results not shown).
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Figure 2.3: Application of SEG method to the simulated dataset. (A) The probability of
a donor-identified variant being either transferred or identified (“called”) in a recipient
host, as a function of variant frequency in the donor. The probability of a donor-
identified variant being called in a recipient host, as calculated from the simulated data
using variant presence/absence over 3% frequency bins, is shown in black. Probabilities
of a donor-identified variant being truly present in a recipient host are shown in purple,
given bottleneck sizes estimated by the SEG method. Probabilities of a donor-identified
variant being called present in a recipient host, given bottleneck sizes estimated by the
SEG method are shown in gray. (B) Nv estimates for simulated datasets that differ in
coverage levels. At each coverage level, 5 datasets were generated under the assumption
of binomial sampling and stochastic viral growth. The SEG method and the approximate
version of this method, which uses the beta distribution (and thus ignores sampling
noise), were both used to estimate Nb for each dataset. No maximum likelihood estimates
and 95% confidence intervals are shown, in purple for the SEG method and in pink for
the approximate SEG method.
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2.3.2 Analysis of Transmission Bottleneck Size for Influenza A Virus
2.3.2.1 Bottleneck size estimation for influenza A virus in cohort study

The SEG method for inferring bottleneck size were next applied to the influenza
H1N1p and H3N2 infections in the IAV dataset described by Poon and Song et al. (Poon
et al., 2016). Poon and Song et al. estimated the mean effective population size for all
H1IN1p transmission pairs to be Ne = 192 (mean s.d. range 114-276). Their approach
considered the combined set of variants that were present at >= 3% from each of the 9
identified host-recipient pairs (a total of 236 variants). Our analysis, in contrast,
estimated transmission bottleneck sizes for each of the 9 transmission pairs separately,
again using a minimum variant frequency cutoff of 3% to call variants. This analysis
estimated the bottleneck sizes ranging from 49 to 276 virions, in transmission pairs 1 and
3, respectively (Figure 2.4A). The bottleneck sizes inferred by the approximate SEG
method were not significantly different from those inferred by full method for any of the
transmission pairs. Assuming that the bottleneck sizes for each of the transmission pairs
followed a negative binomial distribution, we inferred the MLE for the distribution’s
two parameters as ¥ = 5 and p = 0.035. The mean transmission bottleneck size of HIN1p,
according to this distribution, was Nv = 138 (95%CI 53-254) virions. Intriguingly, while
the overall bottleneck size estimates were consistent with the overall estimates from
Poon and Song et al., our analysis further shows that the transmission bottleneck sizes

varied considerably between transmission pairs.
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We next used the SEG method to infer the transmission bottleneck sizes for each
of the H3N2 transmission pairs in the IAV cohort dataset. Poon and Song et al. estimated
the mean effective population size for H3N2 to be Ne = 248 (mean s.d. range 45-457). As
with HIN1p, this analysis considered the combined set of variants identified in all of the
H3N2 transmission pairs (a total of 409 variants), whereas our analysis considered each
of the 7 transmission pairs separately. The bottleneck sizes inferred for the H3N2
transmission pairs ranged from 107 to 370 virions, in transmission pairs 2 and 4,
respectively (Figure 2.4B). As in HIN1p, the Ni sizes inferred by the approximate SEG
method were not significantly different from the N, estimates inferred by the full SEG
method for any of the transmission pairs. We again assumed that the N» for each
transmission pair followed a negative binomial distribution, inferring the MLE for this
distribution’s parameters as r = 8 and p = 0.0325. The mean transmission bottleneck size
of H3N2, according to this distribution, was N» = 238 (95% CI 117-394). We again
observed that the overall bottleneck size estimate for H3N2 was consistent with Poon et
al’s estimate, though the individual transmission pair estimates were quite

heterogeneous.
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Figure 2.4: Estimated transmission bottleneck sizes for influenza A virus transmission
pairs. (A) HIN1p, (B) H3N2. N, estimates for the SEG method (purple), and the
approximate SEG method (pink). Poon et al. estimate (labeled ‘N¢g’) for HIN1p with
mean 192 and mean s.d. range 114-276, and for H3N2 with mean 248 and mean s.d,
range 47-457 is shown in black.

2.3.2.2 Comparison of HIN1p and H3N2 bottleneck size

Given the overlap between the HIN1p and H3N2 bottleneck sizes inferred for
individual transmission pairs, we next sought to determine whether these influenza
virus subtypes statistically differed from one another in bottleneck sizes. We found that
the distribution of MLEs for bottleneck size estimates of HIN1p and H3N2 were not

significantly different from one another (p = 0.15 using the Kolmogorov-Smirnov test).
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We do, however, recognize the trend that the HIN1p estimates tend to be smaller than
the H3N2 estimates. Given our finding that the bottleneck estimates were not
significantly different, we combined the bottleneck size likelihoods from the
transmission pairs of both HIN1p and H3N2 into a single dataset. The combined
bottleneck estimates were used to estimate the mean bottleneck size for all transmission
pairs in this study under the assumption that these estimates followed a negative
binomial distribution. The maximum likelihood estimates for the parameters of the
corresponding negative binomial distribution were r = 4 and p = 0.02, leading to a mean
Nb = 196 (95% 66-392) virions. We show the probability density for the corresponding
negative binomial distribution, alongside the individual transmission pair estimates, in
Figure 2.5A. We further plot the expected probability of variant transfer for the mean N»
estimate along with the range of expected probabilities of variant transfer using the
estimates for the 95% confidence interval (Figure 2.5B). Finally, we plot the probability
of observed variant transfer under these Nv values, under the assumption of stochastic
viral growth. The agreement between the probability of observed variant transfer and
the empirical data indicate that variant calling thresholds again make it appear that
variant transfer from donor to recipient is much less likely than it is given bottleneck

size estimates based on variant frequencies.
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Figure 2.5: Inferred bottleneck sizes for H3N2 and HIN1p and variant transfer
probability. (A) The gamma probability density function, parameterized by fitting to the
mean bottleneck sizes inferred for each transmission pair. The mean bottleneck size
estimates for the H3N2 (orange) and HINT1 (green) transmission pairs are shown within
the distribution as a function of Ny, where the mean value Np = 187 virions (95%
confidence interval = 43 — 435 virions, dashed lines). (B) The probability of a donor-
identified variant either being transferred or identified (“called”) in the recipient host, as a
function of variant frequency in the donor. The probability of a donor-identified variant
being called in a recipient, as calculated from the combined HIN1p and H3N2 datasets
using variant presence/absence over 3% frequency bins, is shown in black. Probability of
a donor variant truly being present in a recipient host are shown in purple, given
bottleneck sizes estimated by the SEG method. Probability of a donor identified variant
being called present in a recipient host, given bottleneck sizes estimated by the SEG
method are, shown in black.
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2.4 Discussion

Here, we have analyzed methods for estimating the transmission bottleneck size
of influenza virus from next generation sequencing data, including: (1) the stochastic
exponential growth (SEG) method, (2) the presence/absence method, and (3) the
binomial sampling method. Using simulated datasets, we have first demonstrated that
both the presence/absence method and binomial sampling methods underestimate the
transmission bottleneck size and that the latter can lead to rugged and unrealistic
likelihood curves for some variants. In contrast, the SEG method recovered the
simulated bottleneck size and accurately predicted the probability that a donor variant
would be identified in the recipient host (Figure 2.2B, 2.3). Application of the SEG
method for the HIN1p and H3N2 dataset showed a high degree of heterogeneity
between the bottleneck size estimates between transmission pairs (Figure 2.4), though
the difference in bottleneck sizes by strain was not significantly different. A negative
binomial distribution with a mean of 192 virions and 95% CI of 66 — 382 virions
described the transmission bottleneck size estimates across the transmission pairs well
(Figure 2.5).

The bottleneck sizes that we estimated for the HIN1p and H3N2 transmission
pairs were slightly less than, though not drastically different from, the previous
estimates of the effective population size Ne for this dataset (Poon et al., 2016). Our

bottleneck size estimates were consistent with the more qualitative observations of loose
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transmission bottlenecks for transmission of IAV in horses (Hughes et al., 2012; Pablo R.
Murcia et al., 2010; Stack et al., 2012), pigs (Pablo R Murcia et al., 2012; Stack et al., 2012),
and dogs (Hoelzer et al., 2010). However, we find that our N» estimates are larger the
previous bottleneck sizes quantified for IAV by Varble et al. (Varble et al., 2014), Frise et
al. (Frise et al., 2016), and McCaw et al. (McCaw et al., 2011). Varble et al.’s experimental
study showed that the route of transmission affected the bottleneck size, with contact
transmission giving rise to larger bottlenecks. They found that, of the 71-100 distinct
viral tags, 7-24 of those tagged viruses were detected in the recipients following
infection via direct contact (Varble et al., 2014). The number of distinct viral tags,
however, represents only the lower limit of the bottleneck size because, it is possible that
more than one virion passing through the bottleneck would have the same tag. Frise et
al. reported a mean bottleneck size of 28.2 infectious genomes for contact transmission of
an efficiently transmitted HIN1 strain in ferrets, though they were unable to identify an
upper limit to the bottleneck size confidence interval (Frise et al., 2016). Both of these
previous estimates are much larger than the earlier estimate of 3.8 virions estimated by
McCaw et al. for contact transmission of HIN1 in ferrets (McCaw et al., 2011). While
there other studies that have evaluated the transmission bottleneck in the context of
viral adaptation to a new host species (Moncla et al., 2016; Wilker et al., 2013; Zaraket et

al., 2015), we feel comparisons with these studies are inappropriate because these
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bottlenecks are subject to strong selective forces, which considerably narrows
the transmission bottleneck size (Sobel Leonard et al., 2016).

The Nb estimates for influenza virus transmission in the dataset described here,
both by our study and Poon and Song et al.’s original analysis, are higher than the
previous quantitative estimates of IAV’s bottleneck size for contact transmission.
Notably, the previous estimations of Nv were inferred using data from ferret infections.
While ferrets provide a valuable model system for experimental analysis of influenza
infection for respiratory transmission, Buhnerkempe et al.’s recent analysis has shown
ferret infection to be less predictive of the transmissibility of influenza viral subtypes in
humans via direct contact (Buhnerkempe et al., 2015). The discrepancy in the predictive
power of ferret models may reflect differences in the bottleneck sizes for contact
transmission.

McCaw et al.’s bottleneck size estimate, in particular, was considerably lower
than out Nb» estimates for contact transmission of influenza virus (McCaw et al., 2011).
One possible explanation for the low Nbv estimate is that the ‘competitive mixture’
method they used to calculate the Nv considers only two viral populations, analogous to
the estimates derived from a single variant in the methods we considered. The
competitive mixture method is, thus, highly susceptible to stochastic fluctuations in
variant frequency. Yet, this method is also free of one of the necessary assumptions

made for each the methods that we considered, namely that the variants considered are

40



independent. The independence assumption is clearly violated in this data set given the
extensive genetic linkage within influenza gene segments (Boni, Zhou, Taubenberger, &
Holmes, 2008). We can, however, somewhat control for the effects of linkage by selecting
only one variant per gene segment. This alternative method still assumes independence
across gene segments that, while not ideal, may be supported by recent experimental
evidence showing high levels of reassortment in vitro (Ince et al.,, 2013). If intrahost
reassortment occurs at similar rates in vivo, then sampling only one variant per gene
segment should remove much of the bias due to linkage.

The methods we considered make other assumptions that may have also
impacted the transmission bottleneck size estimate. These assumptions include that: (1)
the variants did not evolve de novo, (2) the variants were biallelic, and (3) the variants
were neutral. Variants that identified in recipient that had evolve de novo, i.e. they had
not been transferred from the infection donor, would artificially increase the estimated
bottleneck size. Therefore, these analyses may not be appropriate for viruses with very
high mutation rates, such as HIV. However, we do not expect substantial de novo
evolution of variants to occur over the course of an acute influenza infection based on
recent findings (Sobel Leonard et al., 2016), and the observation that the vast majority of
recipient-identified variants were also present in the donor. Therefore, we do not expect
this assumption to have significantly influenced our bottleneck size estimates for

influenza virus.
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We also do not expect that the assumption of that the loci considered were
biallelic, that there was only a single variant allele per loci, to have biased or bottleneck
size estimates. While this assumption could be removed from our methods by
modifying the likelihood models to account for more than one variant per site. We feel,
however, that the corresponding increase in model complexity is unwarranted given
that no sites used for our bottleneck size calculations contained more than one variant
allele above our minimum variant frequency of 3%. As such, we do not expect this
assumption to have significantly affected estimates.

In contrast to the previous assumptions, the violation of the variant neutrality
assumption could greatly affect bottleneck size estimates. Natural selection, either for or
against a variant, would lead to larger differences in variant frequency between the
donor and recipient host than would be expected for neutral variants. Larger differences
in variant frequencies could bias the estimated transmission bottleneck sizes towards
smaller values. We expect that such bias would be more pronounced for the binomial
sampling method, which assumes the ratio of reference to variant alleles in the
transmission bottleneck remain fixed throughout infection, than for the SEG which
accounts for stochastic fluctuations in variant frequencies.

In this study, we have provided a thorough analysis of methods for estimating
the transmission bottleneck size governing viral transmission using next-generation

sequencing data. The SEG method we have developed can accurately recover the
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transmission bottleneck size for viral infections in transmission pairs, even in the
presence of stochastic fluctuations in variant frequency. In addition, this method is
robust to minor variations in variant calling criteria as they account for the probability of
sub-threshold donor variants in the bottleneck size likelihood expression. Given the
importance of the transmission bottleneck size in controlling the rate of pathogen
evolution, estimation of the transmission bottleneck size is a necessary component in the
analysis of emerging pathogens. Though methods such as viral tagging to estimate the
bottleneck size for experimental infections exist, these techniques are not applicable for
natural infections. We feel that this work provides a strong foundation for future
estimation of bottleneck sizes from viral sequence data that, importantly, can be applied

to clinical samples.

2.5 Materials and methods

2.5.1 Development of method to infer bottleneck size assuming
stochastic exponential growth

Here, we introduce a method of bottleneck size inference that relies on the
variant frequencies measured in donor and recipient hosts and considers demographic
stochasticity as occurring during viral growth phase in the recipient host. Specifically,
one might imagine that early on viral growth is a stochastic process in the recipient host,
resulting in a model of stochastic exponential growth until the time of sampling. This

assumption of stochastic exponential growth lends itself to analytical analysis, using
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results first presented in (Kendall, 1948). For a stochastic birth-death process with a
constant birth rate A and a constant death rate 4 the probability mass function for the

viral population size originating from a single virion is given by (Kendall, 1948):

P(Ny = klt, A, ) = (1 —mn*~* (2.8)

AWNmean—1)

where ¢ is the time of sampling, n = —— " and the mean population size is given by
mean™

Nmean = (e*7H)t.

Assuming independence between virions that establish, the population sizes
stemming from each of the N» founding virions are thus geometrically-distributed
random variables. As these population sizes are likely to be very large at the time of
sampling, we can approximate them as being exponentially-distributed random
variables. Under this approximation, the distribution of the fractions of the population
that descend from each of the founding virions is distributed as Dirichlet(1,1,...1), with
Nb 1's, one for each ancestor. A subset k of these founder virions carry the variant allele;
the remaining subset of these founder virions (Nv-k) carry the reference allele. Collapsing
the Dirichlet distribution yields that the fraction of the population carrying the variant
allele is distributed as Beta(k, Nv-k). Remarkably, this fraction does not depend on the
within-host viral birth rate I, the death rate m, or the time of sampling ¢. To get the
overall likelihood of population bottleneck size N», we simply, as above, have to

consider all possible scenarios of how many virions out of the total Nv virions
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transferred carried the reference allele, again given by the binomial distribution. Thus,
the overall likelihood of population bottleneck size Nv for variant i is given by:

LON,): = ) [Pr(velke, Ny = 1) 171 1 1)] (2.9)
Oy
where vz, is the frequency of variant i in the recipient. Of note, this expression the same
as eq. 2.1, used to calculate the likelihood of bottleneck size N» for a variant detected in

the recipient of infection by the approximate SEG method. The term 1"(1y, |11 1, ¥ 1)is

given by the beta probability distribution function and the term !"(! ¥ I) is given by

. . C e I, ! L1 .
the binomial distribution 1"(1 1 1)1 (l')(!”!) (! 1 !”!) , where vp: is the

frequency of variant i in the donor. The confidence intervals surrounding the MLE of Ny

can be determined using the likelihood ratio test.

Accommodating sampling noise arising from a finite number of reads is simple,
leading to minor modifications the above eq. 2.9, yielding;:
LY}
1(1,), 1 2!!"(! gy [ Ty 1 E ) 1T 0 1)) (2.10)
1l
where the number of reads of the variant allele Rer given the total number of reads at
that locus Ret. This expression is the same as eq. 2.3, used to calculate the likelihood of

bottleneck size N for a variant detected in the recipient by the full SEG method. As in eq.

2.3, the term 1"(¥yogy [Ty 110y ) 1 PSS TH&( Tyl Ty L 1L T, 1 1))
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As previously mentioned, we expect that variant calling thresholds will impact
the likelihood calculations used in the bottleneck size estimation. These thresholds will
force some variant alleles in the recipient viral population to be called absent when they
are actually present at frequencies below the value of the chosen threshold. Since true
absence of a variant allele in the recipient population can only come about if none of the
virions in the founder population carry the reference allele, which is more likely to
happen at smaller bottleneck sizes, conservative variant calling thresholds will bias Nb
estimates to lower values. Simply excluding variants that are called absent from the
analysis, however, will also bias bottleneck size estimates, this time towards higher
values. To get around this, we do not recommend simply lowering the variant calling
threshold because NGS sequencing error can give rise also to false positives, thereby
inappropriately inflating bottleneck size estimates. Instead, we recommend
accommodating below-threshold variants in the following way. For a donor-identified
variant 7 that is called absent in the recipient (whether truly absent or just called absent),
the likelihood of the transmission bottleneck size is given by the following expression:

1(1,), 1 2 IR RITE P RV G B I B! (M4)

where T is the variant calling threshold (e.g., of 3%). This expression is the same as eq.
2.2, used to calculate the likelihood of bottleneck size N» for variants called as absent in

the recipient host with the approximate SEG method. We can again incorporate the
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effects of sampling noise by considering the number of reads at the variant site with the
expression:
LY}
1(1,), ! 2!!"(! o B A IR PR G B B D] (2.11)
Y
where, in this case, !"(! g 11 g !| 1 !!) is given by the beta-binomial cumulative
distribution function. This expression is the same as eq. 2.4, used to calculate the

likelihood of bottleneck size N» for variants called as absent in the host with the full SEG

method.

Once the transmission bottleneck sizes have been estimated using the SEG
method, the probability of true variant presence/absence in the recipient host can be
determined for any given donor variant frequency. Similarly, the probability that a
variant is called present/absent can be determined for any given donor frequency v;
given a sufficiently high read count in the recipient host. Given a high read count, the
probability that a variant is called present in the recipient is given by: Z!!i![! !
PgIn e, v v, where 1"#$(1 111, 11 js the cumulative distribution
function for the beta distribution. The probability that a variant is called present in the

recipient host is simply 1 minus this quantity.
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2.5.2 Binomial sampling method of bottleneck size inference

The binomial sampling approach also makes use of donor identified variant
frequencies. The approach assumes that the infecting virus population is subject to
deterministic exponential growth between the time of infection and the time at which
the recipient virus is sampled and, thus, that the sampled pathogen population in the
recipient perfectly reflects the founding pathogen population. The founding pathogen
population is, in turn, assumed to be randomly sampled from the pathogen population
of the donor host. Under the common (and not particularly restrictive), assumption of
only two alleles observed at a given variant site, this corresponds to a binomial sampling
process. As such, with a founding population size of Nbv virions, the probability that k of
these virions carry the variant allele, Pr(X = k), is simply given by the binomial
distribution as described above. The site-specific likelihood of the transmission
bottleneck size N» can therefore be calculated as follows:

1(1y), ! 2!!"(!!--#”|!!--m!!;!)!"(! 1 (2.12)

1. Dy LTI R
where 1" ( 1y |1y 1) (-! !!!)(L) .#..(! | !') R This expression is the

S EIVALY m
same as eq. 2.6, used to calculate the likelihood of bottleneck size Ne at site i with the
binomial sampling method. The overall likelihood of transmission bottleneck size Nbv is

calculated by multiplying across all site-specific likelihoods. As in the previous methods,
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the likelihood ratio test can be used to determine confidence intervals around the

maximum likelihood estimate of Nb.

The above expression (and eq. 2.6 in the main body of the text) incorporate
sampling noise, which is important when only a small number of reads are available.
With an increasing number of reads, sampling noise necessarily goes down, making

LY

LA ( 1 !--#!_.| 1 !--”!!IL) ! 1in cases where —= ¥ -1 This will result in dramatic differences
LI} 1

Lyem LY}
in likelihood values between small values of Nv, and more generally, multi-modal
likelihood curves that are very sensitive to specific variant frequencies in the recipient
host. Incorporating the effect of sequencing error into the likelihood expressions for the
binomial sampling method would not be expected to significantly ameliorate this

problem.

One basic issue with this approach is therefore the assumption of where
differences in variant frequencies across donor-recipient pairs stem from. Under this
model, any observed differences are due to the presence of a transmission bottleneck
because it assumes that the sampled pathogen population in the recipient perfectly
reflects the founding pathogen population. This assumption is met under a scenario of
deterministic,c and neutral, viral population dynamics between the time of the
transmission event and the time of pathogen sampling from the recipient host. For

example, if we assume deterministic exponential growth from the time of the
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transmission event to the time of sampling, the dynamics of the viral population that
carries the variant allele is given by I,(!) ¥ I,(1)! " and, similarly, the dynamics of the
viral population that carries the reference allele is given by I,(!) ¥ I,(I)! " At the time
of the transmission event (t = 0), the fraction of the viral population that carries the
variant allele is given by 1/1,. At time f, the fraction of the viral population that carries

the variant allele is given by 1, (1)1 1,(1) I 1,(1)!, which simplifies to 1/1,.

The bottleneck size estimates inferred with the binomial sampling method are
again subject to the effects of ‘false negative’ variant calls. We can modify the binomial
sampling method to incorporate the variant call threshold in a way similar to how the
threshold frequency was incorporated into the stochastic exponential growth method.
For a donor-identified variant i that is called absent in the recipient (whether truly
absent or just called absent), the likelihood of the transmission bottleneck size is:

LY

1(1y), ! 2!!"(!!--#!! LIy, 'i)!"(! L] (2.13)

This expression is the same as eq. 2.7 in the main body of the text, used to calculate the
likelihood of bottleneck size N» when the variant at site i is called absent. The probability
that the number of variant reads falls below the level required for the variant to be called

present is given by the binomial cumulative distribution function:
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!"(!!--#” ' !!"!--!”!|!L!) ' 2 (","')(%) (! l%) (2.14)

As for the SEG method, once transmission bottleneck sizes have been estimated
using the binomial sampling method, the probability of true variant presence/absence in
the recipient host can be determined for any given donor variant frequency. Similarly,
the probability that a variant is called present/absent can be determined for any given
donor frequency vi, provided information on the total read count in the recipient. The
probability that a donor variant at frequency vi is called present/absent in the recipient
can be determined for any given donor frequency vi, provided information on the total
read count in the recipient. Specifically, in the case of a high number of reads, the
probability that a variant is called absent (whether it is absent of present in the recipient

host) is given by: Z!!E!!! 1, e (T D)L The probability that a variant is called

present in the recipient host is simply 1 minus this quantity.

2.5.3 Application to simulated deep-sequencing data

We applied the three methods for bottleneck size inference described in in the
Models section to the influenza A deep-sequencing data examined in (Poon et al., 2016).
In this study, Poon and colleagues identified donor-recipient transmission pairs based
on household information and the genetic similarities between the viral populations in

infected hosts. We base our analyses on these already-identified transmission pairs. In

51



some cases, there were several members of the household who became infected. In this
subset of cases, rather than considering all feasible pairwise combinations of who-
infected-whom, we assumed that the index case transmitted to multiple household
members. Under this assumption, the 7 identified transmission pairs for influenza A
subtype H3N2 were 689_V1(0) ¥ 689_V2(2), 720_V1(0) ¥ 720_V2(1), 734_V1(0) ¥
734_V3(2), 739_V1(0) ¥ 739_V2(2), 739_V1(0) ¥ 739_V2(3), 747_V1(0) ¥ 747_V2(2), and
763_V1(0) ¥ 763_V2(3), where X_VY(Z) refers to household number X, visit number Y,
subject Z, and the arrow demarcates transmission from donor to recipient. Again under
this assumption, the 9 identified transmission pairs for influenza A subtype HIN1p
were 681_V1(0) ¥ 681_V3(2), 684_V1(0) ¥ 684_V2(3), 712_V1(0) ¥ 712_V1(4), 742_V1(0)
¥ 742 V3(3), 751_V1(0) ¥ 751_V3(1), 751_V1(0) ¥ 751_V2(3), 751_V1(0) ¥ 751_V2(4),
779_V1(0) ¥ 779_V2(1), 779_V1(0) ¥ 779_V1(2). The deep-sequencing data are
publically available from (Poon et al., 2016). We called variants and determined variant
frequencies from these data using VarScan (D. C. Koboldt et al., 2012; Daniel C. Koboldt
et al., 2009), using a minimum allele frequency of 3%, mean quality score of 20, and a p-
value of 0.05. We provide variants and their frequencies as used in this study as a

supplementary data file.

2.5.4 Estimation of mean transmission bottleneck sizes for IAV

We estimate the mean transmission bottleneck size for a set of transmission pairs

using methods similar to those described in (Frise et al.,, 2016). We assume that the
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individual transmission pair estimates follow a negative binomial distribution defined
by parameters r and p. The likelihood for a bottleneck size N» for a single transmission
pair i is given by the following expression:
Nep oo
(1,1, HE!(N!=x)i!"(!!!!p) (2.15)
tp=1x=1
where L(N, = x), is the likelihood that Nv = x in transmission pair i and NB(x,r,p) is the
negative binomial probability density function. The total log-likelihood, considering
multiple transmission pairs, is obtained by summing over the log-likelihood values for

each of the transmission pairs contained in the average. The mean bottleneck size is then

the mean of the NB distribution, defined by the MLE estimates for r and p: ¥, ¥

Loep(T0lyy)
R
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3. Deep Sequencing of Influenza A Virus from a Human
Challenge Study Reveals a Selective Bottleneck and
Only Limited Intrahost Genetic Diversification

3.1 Introduction

Advances in sequencing technologies have allowed researchers to observe, in
unprecedented detail, the genetics of viral infections. In the case of infections caused by
rapidly evolving RNA viruses, genetic sequence data have shown that viral pathogen
populations within hosts frequently exist as complex populations of many genetically-
related virions (Beerenwinkel, Giinthard, Roth, & Metzner, 2012; McElroy, Thomas, &
Luciani, 2014). Studies based on the analysis of next-generation sequencing (NGS) data
have, in particular, shown that these populations can be highly diverse (Grad et al., 2014;
C. Wang, Mitsuya, Gharizadeh, Ronaghi, & Shafer, 2007; C. F. Wright et al., 2011) and
that they may evolve over the time course of a single infection (Bull et al., 2011; Cordey
et al., 2010; Grad et al., 2014; Tapparel et al.,, 2011). A number of studies have specifically
focused on characterizing the evolutionary dynamics of influenza A virus (IAV), an
important RNA virus with a broad host range and cross-species potential. These studies
include ones that characterize IAV evolution across transmission events in attempts to
determine the size and type of transmission bottleneck (Hoelzer et al., 2010; Hughes et
al., 2012; Moncla et al., 2016; P. R. Murcia et al., 2013; Pablo R. Murcia et al., 2010; Pablo
R Murcia et al., 2012; Poon et al., 2016; Stack et al., 2012; Varble et al., 2014; Wilker et al.,

2013; Zaraket et al., 2015). While some of these studies have focused on the evolutionary
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dynamics of well-adapted viruses already circulating in these or similar host
populations (Hoelzer et al., 2010; Hughes et al., 2012; P. R. Murcia et al., 2013; Pablo R.
Murcia et al., 2010; Pablo R Murcia et al., 2012; Poon et al., 2016; Stack et al., 2012; Varble
et al,, 2014), others have instead probed the evolutionary dynamics of maladapted
viruses in new host populations to determine the adaptive potential of IAV following
cross-species viral spillover (Moncla et al., 2016; Wilker et al., 2013; Zaraket et al., 2015).
The studies that have considered IAVs that are well-adapted to their hosts have
generally shown that viral populations in recipient hosts are genetically similar to the
ones in donor hosts and that they frequently harbor variants that were present at low
frequencies in donor hosts (Hughes et al., 2012; Pablo R Murcia et al., 2012; Poon et al.,
2016; Stack et al.,, 2012). These findings indicate that the between-host transmission
dynamics of well-adapted IAVs are characterized by loose bottlenecks. The exact size of
the bottleneck, however, depends on the route of transmission, as demonstrated in a
recent small mammal study using barcoded virus (Varble et al., 2014). Beyond viral
evolution during the transmission process, these studies have further indicated that IAV
genetic diversity can change over the course of acute infection either through genetic
drift or natural selection (Hoelzer et al.,, 2010; Pablo R. Murcia et al., 2010; Pablo R
Murcia et al., 2012). However, a general trend of intrahost viral diversification is not
apparent in these studies (Hoelzer et al., 2010; Pablo R. Murcia et al., 2010; Pablo R

Murcia et al., 2012)
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Distinct from these studies, other studies have specifically focused on
characterizing the evolutionary dynamics of viral populations during the process of host
adaptation, where the virus is to some degree maladapted to the target host. The most
well-known of these are the gain of function studies involving avian influenza virus
adaptation to mammalian hosts via experimental infection of ferrets with avian
influenza H5N1 (Herfst et al., 2012; Imai et al., 2012; Wilker et al., 2013), HIN1 (Moncla
et al., 2016, Watanabe et al., 2014) , or H7N9 (Zaraket et al., 2015). These studies have
generally shown that viral populations in recipient hosts differ from the ones in donor
hosts, although they again can contain variants that are present at low frequencies in
donor hosts (Wilker et al, 2013). This finding suggests that the between-host
transmission dynamics of less well-adapted IAVs are instead better characterized by
narrow, selective bottlenecks (Moncla et al., 2016; Wilker et al., 2013), although the size
and type of the bottleneck will be affected by the degree of viral maladaptation to the
host (Moncla et al.,, 2016). These selective bottlenecks appear to result mainly from
strong selection on the hemagglutinin (HA) gene segment of the virus (Wilker et al.,
2013; Zaraket et al., 2015). A subset of these studies have further shown that, following
the profound reduction in viral genetic diversity during the process of transmission,
intrahost IAV populations have the potential to diversify genetically over the course of
acute infection (Moncla et al., 2016; Wilker et al, 2013), although IAV genetic

diversification is not apparent in all studies (Zaraket et al., 2015).
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Here, we analyze a unique dataset generated from a human challenge study in
which subjects were experimentally inoculated with egg-passaged IAV. Both the viral
stock used to inoculate the subjects and serial nasal wash samples collected from the
subjects were deep sequenced. We first find that the viral stock had accumulated genetic
variation during the passaging process, with some variants reaching high frequencies,
presumably due to positive selection acting on these variants during the viral
preparation process. We further find that IAV populations experienced a narrow,
selective bottleneck following subject inoculation, similar to what was found in
experimental studies with IAVs that were not well-adapted to their target hosts (Wilker
et al., 2013; Zaraket et al., 2015). In our case, however, and in contrast to some of these
studies, we do not find evidence for extensive intrahost viral diversification following
infection. Instead, we find evidence for continued purifying selection and only limited
evolution via de novo mutation, more similar to what was found in studies with well-

adapted [AVs.

3.2 Materials and methods

3.2.1 Approvals from Institutional Review Boards

The human influenza challenge study was conducted in 2008, with detailed
descriptions of the study provided in (Huang et al., 2011; Moody et al., 2011; Wilkinson
et al., 2012; Woods et al., 2013; Zaas et al., 2009, 2013). The protocols used for the
influenza challenge study were approved by the following institutional review boards

(IRBs): the IRB of University Medical Center (Durham, NC), the SSC-SD IRB of the US
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Department of Defense (Washington DC), the East London and City Research Ethics
Committee 1 (London, UK), and the Independent Western Institutional Review Board
(Olympia, WA). As per standard IRB protocol, written informed consent was obtained
from each participant in this study. All procedures in this study were in accordance with

the Declaration of Helsinki.

3.2.2 Subject enroliment and challenge study protocol

The original purpose of this human challenge study was to develop an ‘acute
respiratory viral signature’, defined as a set of changes in early host gene expression
patterns occurring during the presymptomatic, post-inoculation phase of infection that
would be capable of identifying those individuals who would go on to later develop
symptomatic influenza infection (Woods et al., 2013). To maximize infection rates,
several subject exclusion criteria were set prior to participant enrollment. These exclusion
criteria were influenza-like illness during the 45 days preceding the study, positive HAI
titers to the challenge virus, and vaccination with a seasonal influenza vaccine within the
preceding 3 years. A total of 17 participants were enrolled in this study and, based on the
exclusion criteria, these participants were thus effectively immunologically naive to the
challenge virus. These subjects were each intranasally inoculated with the challenge virus
at doses ranging from 3.08 to 6.41 log;o(TCIDsy/ml) (Moody et al., 2011). Following
inoculation, subjects were each monitored for a period of 7 days. All subjects in the study
received oseltamivir treatment 5 days post-inoculation. Of note, no association between
the inoculum dose and the outcome of infection (presence/absence of infection, as

determined by detection of virus in samples; symptomatic/asymptomatic infection in the
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case of virus detection) was detected within this challenge cohort (Huang et al., 2011). In
the subjects who became infected (n=9), no association between inoculum dose and the

extent of viral shedding was found (Huang et al., 2011).

3.2.3 Production of challenge virus

The virus used for experimental challenge was produced under current good
manufacturing practices (cGMP) at Baxter Bioscience (Vienna). The original virus was
obtained from a human isolate of A/Wisconsin/67/2005 (H3N2) (GenBank accession
numbers CY114381-CY114388). We hereafter refer to this human isolate as the
‘reference strain’. This virus was passaged 3X in avian primary chicken kidney (CK)
cells, 4X in embryonated chicken eggs, and then 2X in GMP Vero cells to generate the
viral stock used to inoculate the challenge study subjects (Figure 3.1).

Table 3.1: Successfully sequenced nasal wash samples, by subject and sample day.
The subjects” inoculum doses and the quantity of virus in the samples are also provided.

Subject Inoculum dose Sample day Quantity of virus in sample
log1o(TCIDso/m1) log10(TCIDso/m1)
S1 6.41 1 4.25
2 4.25
S6 5.25 1 3.75
3 3.25
S8 5.25 2 4.75
S10 4.41 3 3.75
S12 4.41 2 5.01
3 5.01
6 2.75
S13 3.08 2 3.51
3 5.5
S15 3.08 4 3.75

59



e
\%
| 03-$u$(.$,1)1*i(

%
%%2; 20*+,1)/ .3

VS ™ OIS )V (

HZ;’

\/—Y\/

5()i*6/1), 7481

Figure 3.1: Schematic showing the relationship between the viral reference strain, the
viral stock, and the nasal wash samples analyzed in this study. The viral reference
strain A/Wisconsin/67/2005 (H3N2) was derived from a human clinical sample. This
virus was passaged in avian primary chicken kidney cells, embryonated chicken eggs,
and GMP Vero cells to generate the viral stock used to infect the challenge study
subjects. Nasal wash samples were taken daily from each of the 17 subjects for 7 days
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following inoculation. Viral stock and nasal wash samples were subjected to NGS and
analyzed.

3.2.4 Virus sample isolation and next-generation sequencing protocol

Nasal wash samples were obtained daily from each of the 17 subjects over the 7-
day period of post-inoculation monitoring. Each of these nasal wash samples was tested
for virus using quantitative culture. Samples containing virus (a total of 26 samples out of
the 119 samples obtained) were sequenced at the J. Craig Venter Institute (JCVI) using
an influenza NGS pipeline. Briefly, the NIH/NIAID-sponsored influenza NGS pipeline at
JCVI uses a multi-segment RT-PCR enrichment to amplify IAV’s eight gene segments
directly from the viral RNA extracted from the swab specimens (Zhou et al., 2009; Zhou
& Wentworth, 2012). Sequencing was performed using the Illumina HiSeq 2000
platform. In all, 12 of the 26 virus-containing nasal wash samples were successfully
sequenced. Table 3.1 lists the subjects and sampling times corresponding to these 12
samples. Of the 7 subjects with at least one sequenced sample, 3 had a single sequenced
sample, 3 had two sequenced samples, and 1 had three sequenced samples. Along with

these nasal wash samples, the viral stock was deep sequenced using the same pipeline.

3.2.5 Sequence processing and variant identification

Pre-mapping quality control of the viral sequences involved removal of
sequencing primers, followed by trimming both the 5’ and 3’ ends of the short reads to
remove regions where the probability of error was > 0.01 per nucleotide, using Geneious
Pro 8.0 (Biomatters Ltd., Auckland, New Zealand). Sequences <35 nucleotides in length

following trimming were removed. The remaining sequences were assembled to the
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reference strain using the Burrows-Wheeler Aligner (BWA) (Li & Durbin, 2009). Post-
mapping quality control of the sequences involved removal of PCR duplicates using
Samtools rmdup (Li et al., 2009), removal of short reads that contained insertions and
deletions (Welkers, Jonges, Jeeninga, Koopmans, & de Jong, 2015), and removal of short
reads that were automatically trimmed by the assembler (clipped ends) (Welkers et al.,
2015). Following post-mapping quality control, the assemblies were probabilistically
realigned to correct mapping errors and then analyzed to detect variants using LoFreq
(Wilm et al., 2012). Based on a recent study of IAV genetic diversity (McCrone &
Lauring, 2016), we selected the following criteria for calling single nucleotide
polymorphisms (SNPs): Phred score > 35, mapping quality > 30, and p-value < 0.01
(McCrone & Lauring, 2016). Based on the known error rate of the Illumina sequencing
platform (Dohm, Lottaz, Borodina, & Himmelbauer, 2008; Quail et al., 2012), and the
stringency of these variant call criteria, we used a minimum allele frequency cutoff of 1%
to identify variants. Each of the identified variants was visually inspected and excluded if
the variant was supported by <10 reads (Van den Hoecke et al., 2015) or if the average
read position of the variant occurred outside the middle 50% of the short read (McCrone
& Lauring, 2016). We made one exception to these variant processing protocols. In one
sample (subject S6 on day 3), the mean read position for T1680C on the PA gene
segment was 24%, which fell slightly outside of the middle 50% window. However,
because this variant was present at high frequency in this sample (41%) and was detected

in multiple other samples, we called it as a variant in this sample. Finally, nucleotide read
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numbers for each site at which a SNP was called were determined using samtools
mpileup (Li et al., 2009) and VarScan readcounts (D. C. Koboldt et al., 2012; Daniel C.
Koboldt et al., 2009).

Note that the minimum allele frequency cutoff value chosen affects which
variants are identified in a sample and, thus, could potentially affect the results of an
analysis. To ascertain the sensitivity of our results to our chosen frequency cutoff of 1%,
we repeated all analyses described below using a highly conservative frequency cutoff of
3%. There were neither qualitative differences nor quantitatively significant differences
in our results when using a 3% frequency cutoff from when we used a 1% frequency

cutoff. This shows that our results are robust to the exact frequency cutoff used.

3.2.6 Pairwise genetic distance calculations

Mean pairwise genetic distances between viral populations were calculated using
the basic Euclidean distance metric, otherwise known as the L? distance. The Euclidean

distance between viral populations X and y at site 1 is given by

Di = \/Z]! i (fx,i,j - fy'i'j)z, where !!m! denotes the frequency of HUCIGOtide at site

in viral population y. To limit the effects of background noise characterizing NGS data,
we assumed that non-SNP sites were genetically monomorphic. That is, at a non-SNP site
I, in population X, we let Y;;;; ¥ I for three of the four nucleotides and let Yy, ¥ 1 for

the remaining nucleotide. Sites that had an identified SNP in one or more of the samples
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(including the viral stock) were considered polymorphic, with I, ¥ ! for each of the
four nucleotides in each population X considered. When calculating D; between a viral
population and the reference strain, we set the frequency of the observed nucleotide in the
reference strain to 1 and the frequencies of the unobserved nucleotides in the reference
strain to 0. For a focal gene segment, the mean genetic distance between viral populations

X and y was calculated by averaging site-specific distances D; across the segment.

3.2.7 Genetic diversity calculations

Nucleotide diversity (1) was calculated as described in (C. W. Nelson & Hughes,
2015; Wilker et al., 2013) for the viral stock and the nasal wash samples. Briefly,
nucleotide diversity at a site is calculated as the mean number of nucleotide differences

between all pairs of sequences within a sample at the target site, mathematically given by

LAl . . ..
Z!!!m, where n is the sample’s coverage at the target site and i, j are reads

spanning the target site. This diversity is then averaged across a gene segment to obtain !.
As in (Moncla et al.,, 2016; Wilker et al., 2013), we calculate both synonymous
nucleotide diversity (!s) and nonsynonymous nucleotide diversity (!y), defined,
respectively, as the mean number of synonymous substitutions per synonymous site and
the mean number nonsynonymous substitutions per nonsynonymous sites across a focal
gene segment. The numbers of synonymous and nonsynonymous sites were estimated as
described in (Nei & Gojobori, 1986). As in the pairwise distance calculations, we
assumed that all non-SNP sites were genetically monomorphic and that only sites with

identified SNPs in one or more samples were polymorphic.
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3.3 Results
3.3.1 Quality and depth of NGS samples

The processed reads had an average length of 69.7 (+/- 6.3) nucleotides and an
average quality score of 34.4 (+/- 5.0). The average per-site, per-sample coverage was
1032 reads. Figure 3.2 shows mean read coverage levels by gene segment and sample,
including the viral stock. The nasal wash sample from subject 12 on day 3 had

particularly low coverage for all gene segments besides MP and NS.
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Figure 3.2: Mean read coverage for the viral stock and the 12 successfully sequenced
nasal wash samples, by gene segment. Nasal wash samples are labeled with SX:DY,
where X is the subject number and Y is the post-inoculation sampling day. Coverage
levels were calculated following pre- and post-mapping quality control.

3.3.2 Extensive viral evolution occurred in the human challenge study

As an initial assessment of the extent of AV evolution that occurred in our study,
Figure 3.3 shows pairwise genetic distances between sampled viral populations by gene
segment. These distance plots show that the viral populations differed genetically from
one another predominantly in 3 of the 8 gene segments: the PA gene segment (which

codes for one of the subunits of the RNA polymerase), the hemagglutinin gene segment
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(HA), and the nucleoprotein gene segment (NP). Three key observations can be made
from these plots: (1) The large genetic distance between the viral stock and the reference
strain (A/Wisconsin/67/2005(H3N2)), particularly in the PA, HA and NP gene segments,
indicates that viral evolution occurred during generation of the viral stock; (2) The
genetic distances between virus isolated from the subjects’ first nasal wash samples and
the viral stock can be appreciable, suggesting a narrow transmission bottleneck.
Moreover, virus isolated from subjects’ first nasal wash samples, particularly for the HA,
are often genetically more similar to one another than they are to the viral stock,
putatively indicating that the transmission bottleneck is a selective one; (3) The genetic
distances between virus isolated from a single subject at different time points are
sometimes substantial, e.g., distances between S12:D2, S12:D3, and S12:D6. This
indicates that intrahost viral evolution occurs throughout the course of infection, either
through de novo mutation or due to temporal changes in the frequencies of circulating
variants. Below, we structure our analyses according to these three observations.

To assess the possible role that selection played on generating observed levels of
nonsynonymous genetic variation, we calculated levels of nonsynonymous nucleotide
diversity (7v) and synonymous nucleotide diversity (7s) in the viral stock (Figure 3.4A).
The ratio of zn/m: is a commonly used metric for evaluating selection, where an/ms>1 is an
indicator of positive selection and zv/7s<1 is an indic