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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, 
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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).  
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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 10-5 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-
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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 H1N1 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 
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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 H1N1 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 
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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, 
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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, 
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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 
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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 
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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 (Nb) of influenza virus from viral sequence 
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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 (Sacristán, Díaz, Fraile, & García-Arenal, 2011; Sacristán, Malpica, Fraile, & 

García-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 Nb = 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, & García-Arenal, 

2008; Fabre et al., 2014; Hall, French, Hein, Morris, & Stenger, 2001; Moury, Fabre, & 

Senoussi, 2007; Sacristán et al., 2003; Zwart, Daròs, & 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/H1N1 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 (Nb), 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. 

 
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 Nb. 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 Nb 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 Nb 

at site i given by the following expression:  

L !! ! = [Pr(!!,!|!,!! − !)  Pr ! = ! ]
!!

!!!
 

(

(2.1) 

where υR is the variant frequency in the recipient, Pr(!!,!|!,!! − !)is given by he beta 

probability density function and Pr(X = k) is given by the binomial distribution. If the 

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

expression:  

L !! ! = [Pr (!!,! < !|!,!! − !)  Pr ! = ! ]
!!

!!!
 (2.2) 

where T is the variant calling threshold and Pr(υR,i < T | k, Nb – 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, Rvar,i and Rtot,i, respectively. The likelihood expression for the bottleneck size at site i 

becomes: 

L !! ! = [Pr !!"#,! !!"!,! , !,!! Pr ! = ! ]
!!

!!!
 (2.3) 

where !!"#,! !!"!,! , !,!!  is given by the beta-binomial probability distribution  function 

Pr !!"#,! !!"!,! , !,!! = !"#$!%& !!"#,! ,!!"!,! , !,!! − ! . If 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 !! ! = [Pr !!"#,! < [!"!"!,!] !,!! Pr ! = ! ]
!!

!!!
 (2.4) 
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where, in this case, Pr !!"#,! < [!"!"!,!] !,!!  is given by the beta-binomial cumulative 

distribution function. 

We expect that MLE of Nb inferred with either the full or approximate SEG 

method will not differ when the coverage is high, Rtot > 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 vi, 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 (Sacristán et 

al., 2011, 2003). Given a variant i present at frequency vi 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 − !! !! (Sacristán et al., 2011, 2003). Correspondingly, the 

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

given by 1 −  1 − !! !!. From these expressions, the likelihood of the founding 

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

probabilities of the observed outcomes across the variant sites: 

L !! = 1 − !!
!!!!"#$%&

!!! 1 − 1 − !! !!!!"#$#%&
!!!   (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:  

L !! ! = [Pr !!"#,! !!"!,! ,
!
!!

Pr ! = ! ]
!!

!!!
 (2.6) 

where Pr !!"#,! !!"!,! , !!!  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 Nb. For variants called as absent in the recipient host, the likelihood of the 

transmission bottleneck size is given by the following expression:  

L !! ! = [Pr !!"#,! < [!"!"!,!]
!
!!

Pr ! = ! ]
!!

!!!
 (2.7) 

where [!"!"!,!] is the ‘floor’ under !"!"!,!, given by the greatest integer less than or equal to 

!"!"!,! and Pr !!"#,! < [!"!"!,!] !
!!

 is 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 

Nb 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 Nb. That 

methods based on binomial sampling are expected to yield lower-bound estimates of Nb 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 Nb. 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 Nb.   

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 Nb - 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, ℒ !"# = −1973 at Nb = 55, was higher than the maximum 

likelihood obtained using the binomial sampling method, ℒ !"# = −1982 at Nb = 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 νR = 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 Nb, 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 νdonor = νrecipient. Gray lines show the variant calling threshold of 3%. (B) Stochastic 
exponential growth (SEG) method’s log-likelihood curve over a range of Nb 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 Nb values. MLE = 19 virions (95% CI = 16-22 virions). (D) 
Binomial sampling method’s log-likelihood curve over a range of Nb 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 Nb = 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 υR = 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 Nb 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 Nb 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).    

 
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) Nb 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. Nb maximum likelihood estimates 
and 95% confidence intervals are shown, in purple for the SEG method and in pink for 
the approximate SEG method. 



 

 

33 

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 

H1N1p 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 r = 5 and p = 0.035. The mean transmission bottleneck size of H1N1p, 

according to this distribution, was Nb = 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 H1N1p, 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 H1N1p, the Nb sizes inferred by the approximate SEG 

method were not significantly different from the Nb estimates inferred by the full SEG 

method for any of the transmission pairs. We again assumed that the Nb 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 Nb = 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) H1N1p, (B) H3N2. Nb estimates for the SEG method (purple), and the 
approximate SEG method (pink). Poon et al. estimate (labeled ‘Neff’) for H1N1p 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 H1N1p and H3N2 bottleneck size 

Given the overlap between the H1N1p 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 H1N1p 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 H1N1p 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 H1N1p 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 Nb 

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 Nb 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 H1N1p 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 H1N1 (green) transmission pairs are shown within 
the distribution as a function of Nb, where the mean value Nb = 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 H1N1p 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 H1N1p 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 H1N1p 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 Nb 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 H1N1 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 H1N1 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 Nb 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 Nb estimate is that the ‘competitive mixture’ 

method they used to calculate the Nb 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 
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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 λ and a constant death rate !, the probability mass function for the 

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

! !! = ! !, !, ! = (1 − !)!!!! (2.8) 

where t is the time of sampling, ! = ! !!"#$!!
!!!"#$!!

, and the mean population size is given by 

!!"#$ = !!!! !.  

Assuming independence between virions that establish, the population sizes 

stemming from each of the Nb 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 (Nb-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, Nb-k). Remarkably, this fraction does not depend on the 

within-host viral birth rate l, the death rate m, or the time of sampling t. To get the 

overall likelihood of population bottleneck size Nb, we simply, as above, have to 

consider all possible scenarios of how many virions out of the total Nb virions 
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transferred carried the reference allele, again given by the binomial distribution. Thus, 

the overall likelihood of population bottleneck size Nb for variant i is given by: 

L !! ! = Pr !!,! !,!! − ! Pr ! = !
!!

!!!
 (2.9) 

where νR,i 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 Nb for a variant detected in 

the recipient of infection by the approximate SEG method. The term Pr ν!,! !,!! − !  is 

given by the beta probability distribution function and the term Pr ! = !  is given by 

the binomial distribution Pr ! = ! = !!
! ν!,!

! 1 − ν!,!
!!!!, where νD,i is the 

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

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: 

L !! ! = [Pr !!"#,! !!"!,! , !,!! Pr ! = ! ]
!!

!!!
 (2.10) 

where the number of reads of the variant allele Rvar given the total number of reads at 

that locus Rtot. This expression is the same as eq. 2.3, used to calculate the likelihood of 

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

2.3, the term Pr !!"#,! !!"!,! , !,!! = !"#$!%& !!"#,! ,!!"!,! , !,!! − ! .     
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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 i 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:  

L !! ! = Pr(!|!,!! − !)  Pr ! = ! ]
!!

!!!
 (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 Nb 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:  

L !! ! = [Pr !!"#,! < [!"!"!,!] !,!! Pr ! = ! ]
!!

!!!
 (2.11) 

where, in this case, Pr !!"#,! < [!"!"!,!] !,!!  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 Nb 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 vi, 

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: 1 −!!
!!!

!"#$(!, !,!! − !) Pr ! = ! , where !"#$ !, !,!! − !  is 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 Nb 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 Nb can therefore be calculated as follows:  

L !! ! = [Pr !!"#,! !!"!,! ,
!
!!

Pr ! = ! ]
!!

!!!
 (2.12) 

wherePr !!"#,! !!"!,! , !! = !!"!,!
!!"#,!

!
!!

!!"#,! 1 − !
!!

!!"!,!!!!"#,!
. This expression is the 

same as eq. 2.6, used to calculate the likelihood of bottleneck size Nb at site i with the 

binomial sampling method. The overall likelihood of transmission bottleneck size Nb 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 

Pr !!"#,! !!"!,! , !!! ≈ 0 in cases where  !!"!,!!!"!,!
≠ !

!!
. This will result in dramatic differences 

in likelihood values between small values of Nb, 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, 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 !! ! = !! 0 !!", and, similarly, the dynamics of the 

viral population that carries the reference allele is given by !! ! = !! 0 !!". At the time 

of the transmission event (t = 0), the fraction of the viral population that carries the 

variant allele is given by ! !!. At time t, the fraction of the viral population that carries 

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

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: 

L !! ! = [Pr !!"#,! < [!"!"!,!]
!
!!

Pr ! = ! ]
!!

!!!
 (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 Nb 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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Pr !!"#,! < [!"!"!,!]
!
!!

= !!"!,!
!

[!"!"!,!]

!!!

!
!!

!
1 − !

!!

!!"!,!!!
 (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 νi 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: [1 !
!!
!! , 0 !

!!
!! ]Pr ! = ! ]!!

!!! . 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 
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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) à 689_V2(2), 720_V1(0) à 720_V2(1), 734_V1(0) à 

734_V3(2), 739_V1(0) à 739_V2(2), 739_V1(0) à 739_V2(3), 747_V1(0) à 747_V2(2), and 

763_V1(0) à 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 H1N1p 

were 681_V1(0) à 681_V3(2), 684_V1(0) à 684_V2(3), 712_V1(0) à 712_V1(4), 742_V1(0) 

à 742_V3(3), 751_V1(0) à 751_V3(1), 751_V1(0) à 751_V2(3), 751_V1(0) à 751_V2(4), 

779_V1(0) à 779_V2(1), 779_V1(0) à 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 Nb for a single transmission 

pair i is given by the following expression: 

L !!|!, ! ! = L !! = ! !

!

!!!

!!"

!"!!
NB !, !, !  (2.15) 

where L !! = ! ! is the likelihood that Nb = 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: !! =

 !!"# !!!!"#
!!"#

 . 
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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, Günthard, 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 



 

 

55 

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), H1N1 (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 IAVs.  

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 enrollment 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 naïve to the 

challenge virus. These subjects were each intranasally inoculated with the challenge virus 

at doses ranging from 3.08 to 6.41 log10(TCID50/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 

log10(TCID50/ml) Sample day 
Quantity of virus in sample 

log10(TCID50/ml) 
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 
 



 

 

60 

 

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 

Experimental infection

Reference strain

Viral stock

Time

Intrahost virus
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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 L2 distance. The Euclidean 

distance between viral populations x and y at site i is given by 

!! = !!,!,! − !!,!,!
!

!!!,!,!,! , where !!,!,! denotes the frequency of nucleotide j at site 

i in viral population x, and, similarly, !!,!,! denotes the frequency of nucleotide j at site i 

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 !!,!,! = 0  for three of the four nucleotides and let !!,!,! = 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 !!,!,! ≥ 0 for each of the 

four nucleotides in each population x considered. When calculating Di 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 Di across the segment. 

3.2.7 Genetic diversity calculations 

Nucleotide diversity (π) 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 

!!"
!!!! /!!!! , 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 π. 

As in (Moncla et al., 2016; Wilker et al., 2013), we calculate both synonymous 

nucleotide diversity (πS) and nonsynonymous nucleotide diversity (πN), 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.  

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 IAV 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 (πN) and synonymous nucleotide diversity (πS) in the viral stock (Figure 3.4A). 

The ratio of πN/πs is a commonly used metric for evaluating selection, where πN/πS>1 is an 

indicator of positive selection and πN/πS<1 is an indicator of purifying selection (Yang & 

Bielawski, 2000). We found a ratio of πN/πS = 143 for the HA gene segment, suggesting 

that at least one of HA’s nonsynonymous SNPs was under strong positive selection 
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during generation of the viral stock. Due to their high frequencies in the viral stock, their 

known phenotypes, and the fact that SNP D8N does not contribute to the calculation of 

πN, it is therefore likely that either H156Q, G404D, or both rose to high frequency in the 

viral stock through the process of positive selection in the in ovo or the in vitro 

environments, respectively. This conclusion would be consistent with studies that have 

found that passage of virus in eggs and tissue culture can select for certain amino acids 

in the HA that are generally not commonly observed in natural influenza isolates from 

humans (Nakowitsch et al., 2011; Skowronski, Janjua, Serres, Sabaiduc, & Eshaghi, 2014). 

In contrast to the HA, we found ratios of πN/πS <1 for both the PA and NP gene segments 

(πN/πS = 5.15x10-4 and 7.44x10-2, respectively), signaling purifying selection in these two 

gene segments.  
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Figure 3.3: Mean pairwise genetic distance plots between viral populations by gene 
segment. Ref refers to the reference strain (A/Wisconsin/67/2005 (H3N2)). Genetic 
distances are shown on the log scale (legend), with lighter colors corresponding to larger 
mean pairwise genetic distances. Calculation of pairwise distances used sites that had 
variants called at a 1% cutoff in at least one sample 

 

 

Figure 3.4: Nucleotide diversity levels and genetic distances. (A) Levels of 
nonsynonymous and synonymous nucleotide diversity in the viral stock and in the 
subjects’ first nasal wash samples. For subjects, mean diversity levels are shown, with 
error bar showing SD. In the HA and NP gene segments, πN is significantly lower in the 
subjects’ first nasal wash samples than in the viral stock (*p < 0.05 using a one-sample z-
test). (B) HA genetic distances between the subjects’ first nasal wash samples, the 
reference strain, and the viral stock, excluding nucleotide site 70. Nasal wash samples 
are colored by subject (legend). The dashed x = y line shows where the distance to the 
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viral stock is equal to the distance to the reference strain. 

3.3.3 Experimental inoculation was governed by a selective 
bottleneck 

We next aimed to determine the size and type of transmission bottleneck that 

occurred following experimental inoculation of the subjects. To this end, we calculated 

levels of nonsynonymous and synonymous nucleotide diversity in each of the subjects’ 

first nasal wash samples and compared these levels to those of the viral stock. Figure 

3.4A shows πN and πS diversity levels for the PA, HA, and NP gene segments, as these 

were the only gene segments with variants present in the viral stock (Table 3.2). In both 

the HA and NP gene segments, the level of nonsynonymous nucleotide diversity was 

significantly lower in the nasal wash samples than in the viral stock. In contrast, the 

level of synonymous nucleotide diversity was not significantly different between the 

viral stock and the nasal wash samples in any of the three gene segments. These latter 

results indicate, first, that the founder viral population size in the subjects was large, as 

would be expected with direct intranasal inoculation in an experimental infection. The 

significant reductions in nonsynonymous diversity further indicate that the transmission 

bottleneck was a selective one, acting to reduce nonsynonymous genetic diversity in the 

HA and NP gene segments. These reductions can be easily understood in the context of 

observed variant frequencies in the subjects (Figure 3.5). The significant reduction in 

HA’s πN is due to large decreases in the frequencies of variants H156N and G404R by the 
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time of the subjects’ first sequenced nasal wash samples (Figure 3.5B). The decreases in 

these variant frequencies is consistent with these variants both conferring a fitness cost 

in human infections, either via a trade-off that facilitates adaptation to a different host 

environment (H156N, G404R) or by impairment of protein stability (G404R). The 

significant reduction in NP’s πN is due to observed decreases in the frequency of variant 

D290N by the time of the subjects’ first nasal wash samples (Figure 3.5C). It is less clear 

why NP D290N should confer a fitness cost in human infections as, generally, virulence 

factors are thought to be associated with increases in viral replication within the host. 

However, other replication-independent virulence factors have been described for 

influenza that increase virulence while incurring a cost to viral replication (e.g. PA-X 

(Hayashi, MacDonald, & Takimoto, 2015; Jagger et al., 2012)). Thus, it is conceivable 

that the D290N variant similarly incurs a fitness cost while increasing disease severity. 

The presence of a selective bottleneck following inoculation is further confirmed 

through an analysis of genetic distances between the subjects’ first nasal wash samples, 

the viral stock, and the reference strain, based on the HA gene segment (Figure 3.4B). In 

these calculations, we excluded nucleotide position 70 because the variant at this 

position (G70A/D8N) went to fixation in the viral stock (Table 3.2). With the exception of 

subject S8, all subjects’ first nasal wash samples were genetically closer to the viral 

reference sequence than to the viral stock, indicating that much of the HA genetic 

variation that originated during generation of the viral stock was purged in the subjects 
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prior to their first successfully sequenced nasal wash sample. This rapid purging of 

mostly nonsynonymous genetic variation is consistent with a selective bottleneck. 

 

 

Table 3.2: Variants identified in the viral stock. Shaded rows show variants present at 
frequencies exceeding 10%. Boxed inoculum frequencies correspond to identified variants.  

Segment Position 
Reference 

Nucleotide 
Inoculum 
Coverage 

Frequency in inoculum 
(%) 

Amino acid 
change 

(ref à var) 
Residue 

A T G C - 
PA 1680 T 240 0 43 0 57 0 None 560 
PA 2106 C 112 0 9 0 91 0 None 702 
HA 70 G 1106 100 0 0 0 0 Asp à Asn 8* 
HA 516 C 177 61 0 0 39 0 His à Gln 156* 
HA 1258 G 646 49 0 51 0 0 Gly à Arg 404* 
NP 327 C 1174 0 70 0 30 0 None 109 
NP 717 G 15541 1 0 99 0 0 None 239 
NP 868 G 1888 6 0 94 0 0 Asp à Asn 290 

* denotes H3 system numbering (Burke & Smith, 2014). All other positions are 
numbered according to the coding sequence. 
 

3.3.4 Intrahost evolution continues over the course of infection and is 
dominated by purifying selection 

To characterize intrahost viral evolution, we first return to Figure 3.5, which 

shows how the frequencies of stock-identified variants change over time in each of the 7 

subjects listed in Table 3.1. A wide range of intrahost frequencies was observed for 

synonymous variant T1680C on the PA (Figure 3.5A). On the HA, the frequencies of 

variants C516A and G1258A, which were dramatically lower in the subjects’ first nasal 

wash samples than in the viral stock, tended to decrease further over the course of 
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infection in the four subjects with more than one sequenced nasal wash sample (Figure 

5B). Nonsynonymous HA variant G70A, which went to fixation in the viral stock, 

remained fixed in all subjects over the course of infection. On the NP, a wide range of 

intrahost frequencies was observed for synonymous variant C327T, with no consistent 

directional pattern that was apparent (Figure 3.5C). Similar to the dynamics of 

nonsynonymous variants on the HA, the frequency of nonsynonymous variant G868A 

on the NP, which was lower in the subjects’ first nasal wash samples than in the viral 

stock, tended to decrease further over the course of infection in the four subjects with 

more than one sequenced nasal wash sample (Figure 3.5C). Overall, the variant 

frequency dynamics shown in Figure 3.5 point towards continued purifying selection 

acting on the variants that appear to be responsible for the selective bottleneck. To 

further support the conclusion of continued purifying selection on the HA, Figure 3.6 

shows how genetic distances between the viral reference strain, the viral stock, and the 

nasal wash samples change over time, using data from the four subjects having more 

than one sequenced nasal wash sample. With the exception of subject S12, nasal wash 

samples progressively become genetically closer to the reference strain over time. Note 

that nasal wash sample S12:D3 has exceptionally low coverage for the HA gene segment 

(Figure 3.2), limiting our interpretation of the dynamics in this subject. In addition, as 

noted above, all subjects were treated with oseltamivir on day 5 post-challenge and, 
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therefore, we cannot exclude the possibility that this treatment affected the nucleotide 

diversity and variant composition in nasal wash sample S12:D6. 

 

Figure 3.5: Changes in variant frequencies over time in each of the 7 subjects listed in 
Table 3.1. Rows correspond to different gene segments (PA, HA, and NP). Columns 
correspond to different subjects. Only the dynamics of stock-identified variants are 
shown. Figure legends list the identities of the plotted variants. *denotes H3 system 
numbering. 
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Figure 3.6: HA genetic distances between nasal wash samples, the viral stock, and the 
viral reference strain, shown for nasal wash samples of the four subjects with more 
than one sequenced sample. Arrows between the nasal wash samples show time 
directionality. As in Figure 3.4B, nucleotide site 70 was excluded from the analysis. 

In addition to frequency changes of variants transferred during experimental 

infection, intrahost viral evolution may also proceed through the emergence of de novo 

mutations. To examine the importance of de novo mutations in contributing to intrahost 

viral genetic diversity in the challenged subjects, we identified variants in the subjects’ 

nasal wash samples that were not present in the viral stock. Note that these variants may 

have originated in the viral stock and been transferred to the subjects, rather than being 

bona fide de novo mutations. Unfortunately, with the coverage obtained in this study, it 

is not possible to distinguish between the case of de novo mutation and the case of 

inoculation with a very low frequency variant. More accurate, ultra-sensitive sequencing 

methods, such as those described in (Acevedo & Andino, 2014), would need to be used 

to truly distinguish de novo variants from low-frequency minority variants present at the 

onset of infection (Beerenwinkel & Zagordi, 2011).  The observation that 97% of the 
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putative de novo variants were identified in a single nasal wash sample favors the 

possibility that at least some of these variants likely evolved de novo in the subjects.  

20 of the 44 identified variants were nonsynonymous variants; the remaining 24 

were synonymous variants. None of these variants has previously been characterized in 

the literature. The frequencies of identified nonsynonymous variants did not differ 

significantly from the frequencies of identified synonymous variants (Figure 3.7A). The 

level of nonsynonymous nucleotide diversity contributed by these putative de novo 

variants, however, was significantly lower than the level of synonymous nucleotide 

diversity (Figure 3.7B). These findings indicate that purifying selection is a major factor 

limiting the observation of nonsynonymous genetic variation. Occurring at similar 

frequencies as synonymous variants, the observed nonsynonymous variants were likely 

either neutral or nearly neutral. Calculations of overall nucleotide diversity, plotted by 

day post-inoculation, indicate that IAV genetic diversity increases only slightly over 

time, with the increase not being statistically significant (Figure 3.7C). Thus, while it 

appears that de novo variants can evolve during acute infection of otherwise healthy 

human hosts, they do not lead to rapid intrahost genetic diversification and their 

dynamics are overshadowed in this study by the dynamics of the genetic variants that 

arose during generation of the viral stock. 
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Figure 3.7: Putative de novo variants identified in challenge study subjects. (A) 
Nonsynonymous and synonymous variant frequencies. (B) Nonsynonymous and 
synonymous nucleotide diversity, calculated from the subjects' nasal wash samples 
using only de novo variant SNP sites. πN was significantly less than πS (* p < 0.01, using 
paired t-test). (C) Total nucleotide diversity (π) as a function of time since inoculation. 
Error bars showing SD for time points that included >1 sample. Only de novo variant 
SNP sites were included in the analysis. 
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(Table 3.2) and on levels of non-synonymous (relative to synonymous) nucleotide 

diversity present in the stock (Figure 3.4A), it appears that the virus stock was at least in 

part adapted to the egg and/or tissue environments that it experienced during its 

preparation. The significant reductions in nonsynonymous nucleotide diversity (πN) on 

the HA and NP gene segments, in the absence of significant reductions in synonymous 

nucleotide diversity (πS) on any gene segment, is consistent with a selective transmission 

bottleneck following inoculation (Figure 3.4A). This conclusion was strengthened by the 

finding that subjects’ first sequenced nasal wash samples were genetically more similar 

to the reference strain than to the viral stock (Figure 3.4B). Over the course of infection, 

the intrahost viral population continued to undergo purifying selection (Figure 3.5), 

with a tendency to become genetically even closer to the reference strain (Figure 3.6). 

Although a large number of non-stock variants were identified in the nasal wash 

samples (Figure 3.7A), these putative de novo variants did not appear to be subject to 

strong positive selection and their appearance did not result in rapid intrahost genetic 

diversification (Figure 3.7C). 

Our observation of apparent adaption during the preparation of the viral stock is 

consistent with previous studies showing that certain nucleotide substitutions lead to 

improved replication in ovo (Barman et al., 2015; Chen, Zhou, & Jin, 2010; Lu, Zhou, 

Chan, Kemble, & Jin, 2006; Widjaja, Ilyushina, Webster, & Webby, 2006) or in vitro 

(Nakowitsch et al., 2011, 2014). While these variants can be beneficial in some 
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circumstances, as in the production of vaccines by increasing the yield of virus (Barman 

et al., 2015; Lu et al., 2006), they may also have unforeseen effects on viral antigenicity 

and immunogenicity, and thus, vaccine efficacy (Katz & Webster, 1989; Robertson, 1993). 

In fact, the H156Q variant that was enriched in the viral stock of this experiment affects a 

major antigenic site (Jin et al., 2005), and was demonstrated to have contributed to the 

decreased vaccine efficacy during the 2012-2013 influenza season (Skowronski et al., 

2014).  

Our finding of a strong selective bottleneck acting on the HA and NP gene 

segments is consistent with gain-of-function experimental studies that have 

characterized the transmission bottleneck of avian-adapted- IAV between index and 

contact ferrets (Wilker et al., 2013; Zaraket et al., 2015). The selective bottleneck observed 

in these transmissions led to a sharp reduction of nonsynonymous genetic diversity on 

the HA gene segment, while genetic diversity on the other gene segments remained 

intact. In our study, selective forces appeared to act not only on the HA gene segment, 

but also on the nonsynonymous genetic variation present on the NP gene segment.  

Our study further found that intrahost evolution was dominated by persistent 

purifying selection, with only limited genetic diversification arising via putative de novo 

mutation. This stands in contrast to the experimental gain-of-function studies (Moncla et 

al., 2016; Wilker et al., 2013), in which rapid genetic diversification of the IAV population 

occurred following transmission of only a small number of haplotypes. Our study is 
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more consistent in this manner with intrahost evolutionary dynamics observed in 

studies where the virus is already well-adapted to its host (Hoelzer et al., 2010; Pablo R. 

Murcia et al., 2010; Pablo R Murcia et al., 2012). Yet, in contrast with our current 

findings, these studies found transmission bottlenecks to be loose and non-selective.  

To reconcile the differences between the findings of our study and those from 

these previous studies, in which the virus is either poorly or well-adapted to its host, we 

can consider an idealized fitness landscape occupied by a viral population (Figure 3.8).  

In the case of a virus that is poorly adapted to its host, such as in the case of an avian 

IAV in a ferret, the initial viral population occupies an area around a fitness valley 

(Figure 3.8A), with some virions having higher fitness than others in the host 

environment. Seeding of this viral population into a contact animal results in a selective 

bottleneck, with a small number of virions having a major selective advantage over 

other virions. Once this small number of virions has established, the viral population has 

many further mutational routes available to it to further increase fitness. This leads to 

rapid intrahost genetic diversification. In contrast, for a well-adapted virus, the initial 

viral population already occupies a fitness peak (Figure 3.8B). Because there is very little 

difference in the fitness of virions within the population, transmission is characterized 

by a loose, non-selective bottleneck. Within newly infected hosts, the virus already 

occupies a fitness plateau, such that most mutations are either deleterious or neutral. As 

a result, little intrahost viral genetic diversification occurs, and evolution will be 
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dominated by purifying selection. In our study, the virus is generally well-adapted to 

humans, but contains variants that have been selected for during stock generation. 

While these variants likely had a fitness advantage during virus propagation, these 

variants likely carried a fitness cost in human hosts. As a result, the initial viral 

population can be thought of as occupying a region of the fitness landscape that spans 

the peak, as well as several nearby gulches (Figure 3.8C). Because of the fitness 

differential present in the viral population, this fitness landscape occupancy leads to a 

selective transmission bottleneck and continuing intrahost purifying selection. Little 

intrahost genetic diversification is apparent, because most mutations are deleterious, or 

at best, neutral.  
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Figure 3.8: Occupation of an idealized fitness landscape by (A) a virus poorly adapted 
to its host, (B) a virus well-adapted to its host, and (C) the viral stock described in this 
study within a human host. 

While a selective bottleneck and limited viral genetic diversification may - in 

hindsight - not be surprising, a notable result is the speed at which intrahost viral 

adaptation can occur. By the first successfully sequenced nasal wash sample, the 

nonsynonymous variants that were enriched (but not fixed) in ovo or in vitro had either 

markedly decreased in frequency or were absent entirely from the sample. This suggests 

that selection pressures can be strong in healthy and effectively naïve human hosts, and 

that high levels of genetic diversity at the onset of infection enables the occurrence of 

rapid intrahost evolution.   
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One major limitation of this study was the short read lengths of the viral 

sequences, which curtailed our ability to distinguish those sites under direct selection 

from those loci whose allele frequency changes could have been driven by linkage to 

other alleles. Given that homologous recombination does not readily occur in influenza 

viruses (Boni et al., 2008), the contribution of linkage must be considered when 

interpreting the frequency changes of variants on the same gene segment. Given that 

only one high-frequency nonsynonymous variant was identified on the NP in the viral 

stock, however, it is likely that the reduction in nonsynonymous genetic diversity on the 

NP gene segment following subject inoculation was a consequence of selection directly 

acting against this G868A variant. On the HA gene segment, it is less clear whether 

selection acts against C516A or G1258A, or against both. Longer reads would prove 

invaluable in determining which HA sites were under selection and which variants 

changed in frequency simply as a result of genetic hitchhiking. Longer reads would also 

allow us to identify epistatic interactions between sites, similar to what was done in 

recent work based on IAV deep sequencing data from an H5N1 host adaptation study 

(Christopher J R Illingworth, 2015). 

Despite this limitation, we have shown that an IAV population partially adapted 

to the environments in which it was generated can rapidly evolve in healthy, and 

effectively naïve, human hosts. This rapid evolution occurs via a selective transmission 

bottleneck and continuing purifying selection acting on the founding viral population. 
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While a large and phenotypically heterogeneous founding population size may be 

unique to this experimental study, recent estimates of transmission bottleneck sizes in 

natural human-to-human infections are much larger than anticipated by many – on the 

order of 100-250 virions (Poon et al., 2016). This indicates that fitness differences within a 

viral population, rather than initial levels of genetic diversity, may be the primary factor 

setting the speed limit of IAV adaptation. Clearly, further analyses are critical for 

improving our nascent understanding of the dynamics of IAV adaptive evolution 

between transmission events and within single infections. This work, however, provides 

support to existing studies documenting the remarkable capacity for this virus to rapidly 

evolve, this time in human hosts. 
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4. 4. The effective rate of influenza reassortment is 
limited during human infection.  

4.1 Introduction 

Genome sequencing has provided multiple insights into the evolution of the 

influenza virus. At the global level, sequences collected from circulating strains of the 

virus have enabled the identification of loci in the virus evolving under positive 

selection (Fitch, Bush, Bender, & Cox, 1997; Wolf, Viboud, Holmes, Koonin, & Lipman, 

2006), and demonstrated the importance of interactions between selected alleles 

(Illingworth & Mustonen, 2012; Strelkowa, Lassig, Lässig, & Lassig, 2012; Koelle & 

Rasmussen, 2015). Collected sequence data have been used to understand the global 

migration dynamics of different seasonal strains (Bedford et al., 2015; Bedford, Cobey, 

Beerli, & Pascual, 2010; M. I. Nelson, Simonsen, Viboud, Miller, & Holmes, 2007), and to 

make predictions for the future evolution of the virus (Bush, Bender, Subbarao, Cox, & 

Fitch, 1999; Łuksza, Lässig, Luksza, & Lässig, 2014; Neher, Russell, & Shraiman, 2014). 

Considering viral dynamics at the level of a single host, sequencing technology has been 

used to explore the evolution of the influenza virus over the course of a single infection 

and during the process of viral transmission (Pablo R. Murcia et al., 2010; Varble et al., 

2014). Studies of this form have highlighted both the potential for rapid changes in 

sequence composition within a series of transmission events, as well as diversity in the 

antigenic properties of a viral population within a single host (Dinis et al., 2016; Pablo R 
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Murcia et al., 2012; Sobel Leonard et al., 2016). Experiments conducted in ferrets have 

considered the within-host evolution and transmission of novel viral strains (Herfst et 

al., 2012; Imai et al., 2012; Moncla et al., 2016). 

While some phenotypic properties of the influenza virus can be understood in 

terms of genetic changes occurring within a single gene (Koel et al., 2014), interactions 

between genes have increasingly been identified as of importance for viral evolution. 

For example, evidence for epistasis in influenza has been found between variants both 

within single influenza genes (Gong & Bloom, 2014; Kryazhimskiy, Dushoff, Bazykin, & 

Plotkin, 2011) and across different gene segments (Kaverin et al., 1998; Mitnaul et al., 

2000; Xu et al., 2012), including the occurrence of permissive mutations, which facilitate 

protein evolution and immune escape. A key multi-gene effect in influenza dynamics is 

the process of reassortment, whereby distinct influenza viruses within a single cell 

produce viruses with novel gene combinations, potentially leading to the emergence of 

new, beneficial strains (Zeldovich et al., 2015); evidence for frequent reassortment has 

been identified in global viral populations (Holmes et al., 2005). While precise rates of 

reassortment are hard to quantify, both in vitro and in vivo experiments have suggested 

that reassortment between compatible strains of influenza occurs readily (Ince et al., 

2013; Marshall et al., 2013). Although the extent of reassortment in experimentally 

induced infections can depend upon the number of viruses received by a host (Tao et al., 

2014), viral transmission gives a sufficient dose for within-host reassortment to be 
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observed (Tao, Li, White, Steel, & Lowen, 2015), suggesting that reassortment plays an 

important role in within-host viral dynamics. 

Quantitative modeling of within-host influenza infection has a long history 

(Murillo, Murillo, & Perelson, 2013), but it is only recently that sequencing studies have 

provided the necessary information to evolutionary models to data. Standard techniques 

for detecting selection, such as dN/dS, are not appropriate for such populations, in 

which the time-scale for evolution is extremely short (Kryazhimskiy & Plotkin, 2008; 

Mugal, Wolf, & Kaj, 2014). Homologous recombination is rare (Boni et al., 2008; Han & 

Worobey, 2011; Lam et al., 2013), or potentially non-existent, such that via linkage 

disequilibrium, selection acting upon one variant may cause changes in allele frequency 

across the gene. Given time-resolved sequence data, approaches which account for the 

haplotype structure of the viral population have been applied in order to model such 

effects (Christopher J R Illingworth, 2015; Christopher J R Illingworth, Fischer, & 

Mustonen, 2014). However, even in these inferences, the potential role of reassortment 

has not been considered. Given anything other than a rapid rate of reassortment, linkage 

disequilibrium between alleles in different genes may have an effect on viral dynamics. 

Studies of within-host influenza growth and transmission have been conducted 

in a variety of animals, including birds, dogs, ferrets, pigs, horses and small mammals 

(Hoelzer et al., 2010; Iqbal et al., 2012; P. R. Murcia et al., 2013; Varble et al., 2014). Such 

studies are of great inherent importance, and have long been acknowledged as 
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contributing to our understanding of human infections (Easterday, 1980). However, 

from the specific perspective of human health, while ferrets in particular provide a 

valuable model for understanding influenza infection (Belser, Katz, & Tumpey, 2011; 

Buhnerkempe et al., 2015), studies conducted in human hosts remain the ultimate 

reference point. 

 We here describe results from one of the first studies to examine 

influenza evolution in humans from the perspective of time-resolved viral sequence 

data, which describes in detail the process of viral evolution as it occurs. Using 

longitudinal viral sequence data collected from subjects in two related influenza 

challenge studies (described in previous publications (Huang et al., 2011; Moody et al., 

2011; Sobel Leonard et al., 2016; Wilkinson et al., 2012; Woods et al., 2013; Zaas et al., 

2009, 2013), we evaluate how fitness effects shape within-host viral evolution. Using a 

maximum likelihood approach, we infer the location and magnitude of the selective 

forces underlying observed changes in the genotypic structure of the viral population. In 

an advance on previous studies, we consider not only the potential for linkage 

disequilibrium between alleles in a single gene, but also the potential effects of 

reassortment upon the population.  

On the basis of the collected data, we infer that selection acting upon variants in 

the HA, NP, and PA viral genes is responsible for driving within-host evolution in the 

subjects from which data were collected. Further, we find strong evidence to suggest 
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that the effective rate of reassortment between variants found on different gene 

segments is limited, such that linkage disequilibrium between alleles on different genes 

is maintained throughout the course of an infection. The inferences derived via our 

model are consistent with previous findings that the extent of within-host recombination 

is linked to the dose of virus received by a patient. Our results are reconcilable with 

reports of high reassortment rates in in vitro and small animal studies given a scenario 

in which the absolute rate of reassortment is high, but the within-host influenza 

population is spatially distributed, forming a metapopulation within a patient. We 

conclude that interactions between variants on different viral segments may 

substantially affect within-host viral evolution.  

4.2 Result 

A succession of models were applied to viral sequence data collected from subjects in 

two challenge studies. Subjects were divided into two cohorts, a `standard treatment' 

cohort receiving oseltamivir on the evening of the 5th day post-challenge, and an `early 

treatment' cohort receiving the same drug from the evening of the day of the challenge 

(Table 4.1).  

Table 4.1: Challenge study subjects 

Subject Experiment Cohort Inoculum Symptomatic Seroconversion 
P1001 1 Standard 6.41 Y Y 
P1006 1 Standard 5.25 Y Y 
P1012 1 Standard 4.41 Y Y 
P1013 1 Standard 3.8 N Y 
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P5001 2 Early 5.5 Y Y 
P5002 2 Early 5.5 Y Y 
P5004 2 Standard 5.5 Y Y 
P5006 2 Early 5.5 Y N 
P5007 2 Early 5.5 N Y 
P5018 2 Early 5.5 Y Y 
P5019 2 Early 5.5 Y Y 
P5020 2 Standard 5.5 Y Y 
P5021 2 Standard 5.5 N Y 

 

4.2.1 Single locus model  

Considering data from all time-points and all individuals, polymorphisms were 

identified at a total of 110 loci across the influenza genome. At each locus, potentially 

non-neutral alleles were identified using a single-locus model of allele frequency change 

(c.f. (Foll et al., 2014)). Of the 110 polymorphisms detected, we identified a total of 16 loci 

distributed across six of the eight influenza genes using this model (Figure 4.1). The non-

observation of polymorphism in either the NA or NS genes implies the absence of strong 

positive selection in each. In NA the emergence of drug resistance mutations, notably 

the amino acid substitution H274T arising from the nucleotide variant C820T, has 

previously been reported following prolonged oseltamivir treatment in an 

immunocompromised host (Ghedin et al., 2012). However, no such event was observed 

here, in either the standard or the early-treatment populations. 
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Figure 4.1: Single-locus scan for alleles potentially under selection. Bayesian 
Information Criterion (BIC) differences between the best selected model and the neutral 
model at each locus in the genome. Differences are reported for loci at which 
polymorphism was detected. A positive BIC difference indicates a weight of evidence in 
favour of selection, calculated using a single-locus model, applied to data from a single 
individual. Loci with a positive BIC difference are highlighted with vertical red dotted 
lines. Solid red vertical lines show loci at which selection was later identified using a 
multi-locus model with data from all individuals. Circles denote results from 
individuals receiving standard treatment; squares denote results from individuals 
receiving early treatment. 
 

4.2.2 Single-gene, multi-locus model  

Potentially selected loci identified by the single-locus model were further 

evaluated under a single-gene, multi-locus model (SGML) (Christopher J R Illingworth, 

2015), which accounts for correlations between allele frequencies arising due to a lack of 

homologous recombination in individual genes of influenza. Short-read data was used 

to reconstruct potential multi-locus haplotypes; these haplotypes were used under a 

model of mutation and selection to construct the most parsimonious model of selection 

acting within each gene. Under the assumption of a consistent model of selection acting 

●●●◆◆◆◆●●●◆◆◆●●●●●
◆

◆◆◆●●●◆ ◆◆◆
●●●●●◆◆◆● ●

◆

◆◆◆◆◆●●●● ●●●●●◆ ◆◆◆◆◆● ● ●●●●●◆◆◆◆◆●●●●●◆◆ ◆ ◆◆◆◆◆●● ● ●●●●●◆ ◆ ◆◆◆◆◆●
●

● ●●●●●◆◆◆◆◆● ● ●●●●●◆◆◆◆◆● ●●●●● ● ●●●●● ●●◆
◆
◆◆◆◆ ◆◆●●

●

●●●● ●●

◆

◆◆◆◆ ◆◆●●●●●

●

●●●●● ●●◆◆◆◆◆◆
◆◆◆◆◆◆◆ ◆◆●●●●

●

●●●● ●●
◆
◆◆◆◆◆ ◆◆◆◆◆ ◆◆◆◆
●
●●●●
●

●
●
●●●●●● ●●

◆ ◆◆◆◆◆ ◆ ◆◆● ●●●●●

●

●●◆◆◆◆◆◆◆ ◆ ◆◆◆◆◆ ◆◆●●●●●●

●

●●●●● ●●
●

●

●

◆

◆

●

●

●

●

◆

◆ ◆● ●

◆

◆

◆

◆

●

● ●

◆

◆

◆

◆

●

●
●

◆
◆

◆

●

●

●

◆◆

◆

◆◆

◆

●

●

●

● ●◆ ◆
◆●

●

● ●●●●●

◆

◆

●

●
●●●◆ ◆

◆
◆◆◆

●

●
●●●●●●◆

◆
◆

●
●

◆
◆ ◆

◆
◆● ● ●
●●◆ ◆ ◆◆◆

●

● ●
●●●●● ●●◆◆ ●●●● ● ●●◆◆◆◆ ◆ ◆◆●●●●● ●●◆◆◆◆ ◆◆●●●●●●●●●●● ●●◆◆◆◆ ◆◆●●●●●●●●●● ● ●●◆◆◆◆◆◆ ◆ ◆◆●●●●●●●●●●● ● ●●◆◆◆◆◆◆◆

◆

◆◆●●●●● ●●◆◆◆◆◆◆ ◆◆●●●●●●●●●●● ●●● ●◆ ◆◆●●◆◆◆◆ ◆ ◆◆ ◆◆◆◆●● ◆◆◆◆◆◆
◆◆● ●● ● ◆◆

●●●●●●●●●●●●●●●■■■■■■ ■■■●●●■ ■■■■■■■■■■■■ ■
●

●●●●●●●●● ●●●●●● ●●●●●● ● ●●●●●●●●●●■■■■■■■ ■ ■■■■■●● ● ●●●●●■ ■ ■■■■■■
■■ ■■■■■■■■■■■ ■ ■■■■■●●●●●● ●●●●●● ●●●●● ●●●

●
●●●● ●●●●

●

●●●● ●●

●

●●●● ●●■■■■■
■
■■■■■ ■■■■■■■■ ■■■■■■■ ■■●●●●

●

●●●● ●●
■
■■■■■ ■■■■■ ■■■■■■■■■
■

■ ■■■■■■■■■■ ■■■■■ ■■■■ ■■■■■

■

■■●●●●●●● ● ●●●●● ●●●●●●●●

●

●●●●● ●●●
●

●
●

●
●

●
●

●

●

● ●■ ■

■

■
■

■

●

● ●

■

■

■

■

■

■ ■

■
■

■

■

■

■

●●
●

●●

●

●

●

●

● ●● ●
●●

●
● ●●●●●

●

●

■

■
■■■■ ■ ■ ■■■

●

● ●●●●●●■ ■ ■
■ ■
■■ ■■ ■■ ■ ■ ■■● ● ●●●

●

● ●
●●●●● ●●●● ●●●●● ●●●●●●● ●●●●●●● ●●●●●● ●●■■■■■■■■■■■ ■■■■■■ ■■●●●●●●●●●● ● ●●■■■■■■■ ■■■■■■■■■■■■■■ ■■■■■■■■■

■
■■■■■■■ ■■●●●●●● ●●●●●●●●●●●●● ●●● ●● ●●●●●●●● ● ●● ●●●●■■ ■■■■■■■■● ●● ● ■■■■

PB2 PB1 PA HA NP NA MP NS

0 2000 4000 6000 8000 10000 12000
0

50

100

150

200

250

Genome position

ΔBI
C

P1001
P1006
P1012
P1013
P5001
P5002
P5004
P5006
P5007
P5018
P5019
P5020
P5021

∆ 
BI
C

Genome position



 

 

92 

across all individuals, we identified potential evidence for selection at 9 loci, found in 

the HA, NP, PA, and PB2 genes (Table 4.2). An epistatic interaction between two 

variants in the HA gene was also inferred. This reduction in the number of potentially 

selected sites confirms the importance of linkage disequilibrium in influenza dynamics; 

changes in allele frequencies were often better explained via hitchhiking and clonal 

interference than under a model of independent selection. 
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Table 4.2: Inferred fitness coefficients for the single-gene, multi-locus model across all individuals. Best fitting models are shown 
for each number of parameters; the best fitting model for data from each gene is highlighted in bold text. χ denotes an epistatic 
interaction between alleles 

Model ℒ BIC Constant selection coefficients 
   PB2 PB1 PA HA NP MP 
   G865T G1862A T1680C G2018T C516A G603A C891T G1258T !516,1258 A219G C1035T G868A C1035T A395C 

Neutral -22.8 45.5               
S1 -16.1 41.2 0.4              

Neutral -63.9 127.8               
S1 -60.6 130.4  0.2             

Neutral -965.5 1931.0               
S1 -932.8 1875.9   -0.1            
S2 -931.9 1884.4   0.1 0.1           

Neutral -1682.0 3364.0               
S1 -732.8 1476.1        -1.0       
S2 -700.4 1421.7     -0.4   -0.8       

S2E -675.0 1381.5     -0.4   -0.6 -25.6      
S3E -666.6 1375.0     -0.4  0.4 -0.6 -25.4      
S4E -659.6 1371.6     -0.4 0.4 0.3 -0.7 -26.4      

Neutral -1821.7 3643.5               
S1 -1739.0 3490.0            0.5   
S2 -1682.0 3388.1            1.0 1.1  
S3 -1651.0 3338.3          -0.1  0.9 1.2  
S4 -1647.9 3344.2          0.2 -0.1 0.9 1.2  

Neutral -147.3 294.5               
S1 -147.3 305.6              -0.0 
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Table 4.3: Inferred fitness coefficients for the multi-gene, multi-locus model across all individuals given a zero rate of 
reassortment. Best fitting models are shown for each number of parameters; the best fitting model is highlighted in bold text.  
The parameter ! denotes epistatic interaction between alleles. 

 

Table 4.4 Inferred parameters and likelihoods for all subjects, and for subjects split by treatment, given a zero rate of 
reassortment. 

Model Likeli- 
hood 

BIC Constant selection coefficients 

   HA NP PA PB2       
   C516A G1258A C327T T1680C G865T !!"#,!"#$!"  !!"#,!"#$!",!"  !!"#,!"#!",!"  !!"#$,!"#!",!"  !!"#$,!"#$!",!"  !!"#,!"#$!",!"  

All -1434.4 2960.2 -1.0 -0.9 -0.9 -1.2    -0.4  -19.0 1.6 
Early -520.4  -0.5 -0.4 -1.0 -1.2   -1.5  -21.6  2.1 

Normal -890.1  -0.8 -1.0 -0.5 -0.6 0.8 -1.2     -1.2 
Total 

Split models 
-1410.5 3003.8            

Model Likelihood BIC Constant selection coefficients 
   HA NP PA PB2     
   C516A G1258A C327T T1680C G865T !!"#,!"#$!"  !!"#,!"#!",!"  !!"#$,!"#$!",!"  !!"#,!"#$!",!"  
Neutral -2965.1 5390.1          
S1 -1798.0 3609.1  -1.1        
S2 -1693.7 3413.4 -0.6 -1.0        
S3 -1612.4 3282.0 -0.8 -1.1 -0.4       
S4 -1505.2 3062.6 -1.0 -1.0 -0.6 -0.7      
S4E -1466.1 2997.4 -0.9 -1.3 -0.9 -0.6     1.5 
S4E2 -1443.2 2964.7 -1.0 -0.9 -0.9 -1.1    -7.8 1.6 
S4E3 -1434.4 2960.2 -1.0 -0.9 -0.9 -1.2   -0.4 -19.0 1.6 
S4E4 -1433.7 2971.8 -1.0 -0.9 -0.9 -1.2  -0.2 -0.4 -19.0 1.6 
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4.2.3 Multi-gene, multi-locus model  

4.2.3.1 Inference of selection 

Data were further evaluated using a multi-gene, multi-locus (MGML) model, 

which allows for the modeling of linkage disequilibrium between loci on different genes. 

Multi-gene haplotypes spanning each of the four genes identified in the SGML model 

were constructed. As in the SGML approach, a model of mutation and selection was 

used to fit the data, this time accounting for the potential effects of reassortment in the 

model. As detailed in the Methods section, our model assumes that reassortment occurs 

as it would in a well-mixed viral population, such that any two viruses in the population 

have an equal probability of exchanging genetic material. As such, we refer throughout 

to an “effective reassortment rate”, potentially distinct from the absolute rate of viral 

reassortment, and akin to the effective population size frequently used in population 

genetic models (S. Wright, 1990). 

Under an initial application of the MGML model, in which the effective rate of 

reassortment between genes was set to zero, selection was inferred to act at a total of 

four loci across the genome (Table 4.3). Fitting a consistent fitness landscape to data 

from all 13 individuals, evidence for selection was inferred in the HA gene against the 

variants C516A and G1258A, in the NP gene, against the C327T variant, and in the PA 

gene against the T1680C variant. Evidence for epistatic effects between variants on 

different segments was found, with the best fitting model inferring epistasis between 
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pairs of alleles on the HA, PA, and NP segments. However the signal suggesting 

epistasis between variants within HA was lost. Thus, including interference effects 

across genes into the model led to a reduction in the number of loci at which selection 

was inferred. 

Of the four variants for which evidence of selection was found, two, in the HA 

gene, are associated with non-synonymous substitutions. These substitutions have been 

documented in a previous analysis of these sequence data that focused exclusively on 

subjects from the first challenge study (Sobel Leonard et al., 2016). The variant at locus 

516, H156Q on the HA1 peptide, has previously been linked with adaptation to the in 

ovo environment (Skowronski et al., 2014; Stevens et al., 2010), while the variant at locus 

1258, G404D or the 75th residue of the HA2 peptide, was identified as impairing viral 

stability in a ferret host (Nakowitsch et al., 2011). As such, within-host evolution in HA 

appears to be driven by the reversion of egg adaptation, and a gain in viral stability 

The variants C327T in NP and T1680C in PA are both synonymous in nature. 

Both variants were called as polymorphisms in all subjects, though the explanation for 

how these variants could affect viral fitness is less clear. One possible explanation would 

be that the variants interfere with a packaging signal within the vRNA. Packaging 

signals are a necessary component in the selective packaging model for the influenza 

virus, which asserts that there is some specific element within the primary sequence of 

the viral RNA ensuring that each gene segment is incorporated to new virions (Fujii, 
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Goto, Watanabe, Yoshida, & Kawaoka, 2003). While the packaging signals so far 

identified have tended to be within the UTRs rather than the coding regions of the gene 

segments, a few exceptions to this rule exist (Hutchinson, von Kirchbach, Gog, & 

Digard, 2010; Marsh et al., 2008). However, none of the packaging sequences identified 

within the coding regions for NP or PA coincide with the loci described here. 

Another possible explanation for selection occurring on the synonymous 

mutations is that these variants interfere with the secondary structure of the viral RNA 

(Gultyaev, Fouchier, & Olsthoorn, 2010), structure being potentially related to viral 

fitness due to the need for the RNA to have a specific thermal stability (Brower-Sinning 

et al., 2009). For example, the synonymous variant C327T in NP identified by this 

analysis as under selection is located within a region of highly conserved secondary 

structure (Soszynska-Jozwiak, Michalak, Moss, Kierzek, & Kierzek, 2015). This region, 

spanning nucleotides 1031-1250 (numbers indicating the (+) RNA), has been 

characterized as having high stability. As such, this variant (at position 1193 of the (+) 

RNA), may be neutral or beneficial within the in ovo environment, but confer a fitness 

disadvantage in the human challenge subjects. While secondary structural elements 

have been identified within the PA gene segment (Moss, Priore, & Turner, 2011), the 

regions described have not included the locus 1680, noted here. 

Dividing subjects by the treatment they received, inferences of selection were 

conducted across subjects receiving either the standard or early treatment regime. 
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Similar results were obtained in each case, with selection being inferred on the four 

alleles mentioned above in each case. Within individuals under the standard treatment 

regimen, selection was also inferred to act in favour of the G865T variant in PB2; this 

variant was detected as being polymorphic in a single subject, in whom it increased in 

frequency over time. Differences in the inferred epistatic parameters were also evident 

for each model. However, a comparison of separately- and jointly-inferred models of 

fitness, calculated using the Bayesian Information Criterion, favoured a model of 

consistent selection acting across all individuals (Table 4.4); this model is represented in 

Figure 4.2. As may be observed from the figure, the inferred landscape has a single peak, 

representing the consensus sequence of the virus before egg passaging, with variants 

that increased in frequency during egg passaging incurring a fitness cost when the virus 

is returned to a human host. In general, as further mutations away from the consensus 

sequence are accumulated, viral fitness decreases, with the exception of the variants in 

NP and PA, between which positive epistasis was inferred. 
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Figure 4.2: Inference of reassortment rate. Inferred haplotype fitnesses. Reported 

haplotypes show the composition of the viral sequence at the nucleotide positions HA 

516, HA 1258, NP 327 and PA 1680, respectively. Lines indicate haplotypes accessible via 

a single mutation. 

4.2.3.2 Inference of effective reassortment rate 

Repeating the inference of selection at non-zero effective reassortment rates led 

to different rate-specific inferred fitness landscapes. However, after the optimization of 

selection parameters, more rapid reassortment rates gave substantially worse fits to the 

data such that the best overall fit was obtained at a effective reassortment rate of zero 

(Figure 4.3) and with the fitness landscape described above. Considering the dataset as a 
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whole, this model gave a improvement, measured via the Bayesian Information 

Criterion (BIC), of more than 50 units over a model with reassortment rate of 1 × 10-3 gen-

1. This indicates very strong support for a low rate of effective reassortment (Kass & 

Raftery, 1995a). Our model implies that linkage between sites on different genes had an 

important role in the observed dynamics of the system. 

Examination of allele frequencies within different genes provided a qualitative 

understanding of the low inferred rate of reassortment (Figure 4.4); in some subjects 

allele frequencies within different genes changed in a non-monotonic and apparently 

correlated manner. A lack of reassortment would directly explain both of these 

observations. Firstly, alleles which are in linkage disequilibrium change frequency in a 

correlated manner. Secondly, while alleles evolving under constant selection are 

expected to change frequency in a consistent direction, linkage disequilibrium between 

alleles can produce non-monotonic change via clonal interference and hitchhiking 

effects. 

Subject-specific likelihoods were recovered from the data. Under the assumption 

that a consistent fitness landscape applied to the virus across all subjects, non-zero rates 

of reassortment were sometimes inferred. For example, in the subject P5020, the 

maximum likelihood effective rate of reassortment was calculated to be 0.005 gen-1 

(Figure 4.5A). In many cases the magnitude of reassortment could not be determined 

with high precision. 
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Figure 4.3: Inferred reassortment rate across all individuals. BIC values from the 

MGML model, relative to the optimal value, for the early-treatment, standard-treatment, 

and combined datasets. Horizontal dashed lines indicate the relative BIC value given 

rapid reassortment between segments. For each dataset, a reassortment rate of zero was 

inferred, a higher BIC indicating a worse fit to the data. For scale we note that a 

difference of 10 BIC units indicates strong support in favour of a model. 

 

We note that, in general, high rates of reassortment may be difficult to infer given 

sequence data of the form considered here, in which each read describes alleles only 

from a single gene, with no multi-locus, multi-gene data. Specifically, a model of limited 

reassortment can produce a good fit to the behaviour of a system with very rapid 

reassortment, by fixing the linkage disequilibrium between cross-gene loci to be close to 
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between alleles and slow reassortment will produce a likelihood curve in which a slow 

reassortment rate can clearly be identified. However, a system with rapid reassortment 

will produce a much flatter likelihood curve, in which the optimal reassortment rate is 

more ambiguous. Inferred frequencies for the data from subject P1001, in whom the 

uncertainty in the inferred reassortment rate was greatest, show that both low and high 

reassortment rates produce similar model fits (Supporting Figure 4.6). A further 

illustration of this effect, based upon simulated data, is shown in Supporting Figure 4.7. 

Developing this logic, we find evidence consistent with previous studies that 

have reported a link between the size of the inoculum dose used in experimental 

influenza infections, and the extent of reassortment between genes (Tao et al., 2014). We 

consider as a proxy for the extent of recombination the magnitude of change in the 

subject likelihood function between the optimal value and that obtained for a model of 

rapid reassortment. While this ‘flatness’ of the likelihood function is determined both by 

the initial extent of linkage disequilibrium between alleles and the reassortment rate, all 

subjects were inoculated from the same viral stock, such that the former parameter is 

likely to be consistent between infections. As noted in Figure 4.5B, an increased 

inoculum dose was associated with a decreased likelihood difference between models 

(p=0.028), suggestive of a positive relationship between reassortment rate and inoculum 

dose; the greater the input dose, the greater the extent of effective reassortment. 
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Figure 4.4: Optimal inferred frequencies at high and low reassortment rates. Viral 

allele frequencies are shown for two example subjects as black dots. The optimized fit to 

the data, based on the assumption of a consistent fitness landscape across all subjects, is 

shown as a red dotted line, for the case of rapid reassortment between genes, and as a 

blue dotted line for the case of no reassortment between genes. Limiting reassortment 

between genes allows for the possibility of linkage disequilibrium between alleles on 

different genes, fitting observed correlations in allele frequencies. Data are shown for all 

polymorphic alleles at loci included in the model. 
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Figure 4.5: Individual-specific reassortment rates. (A) Optimal reassortment rates 

inferred for individual subjects. Error bars, shown as horizontal lines, correspond to 

confidence intervals obtained via a likelihood ratio test. (B) Correlation between the 

extent of evidence for a limited reassortment rate, normalized by the extent of available 

data, and the size of the inoculum dose. The black line shows a linear regression model 

fitted to the data. 

4.3 Discussion 

We have applied a novel multi-gene model of within-host evolution to data from 

infections in multiple individuals during two influenza challenge studies. Our approach 

for inferring selection is conservative with regard to the quantity of information 

contained within next-generation sequencing data, and in preferring simpler 

explanations of variant frequency change. Using our approach, we infer the key 

evolutionary effects influencing the adaptation of the within-host population in the 

human subjects under study. 
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populations (Foll et al., 2014; Christopher J R Illingworth, 2015; Christopher J R 
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occurring in a single locus, or single gene, but across the entire influenza genome. As 

4.0 4.5 5.0 5.5 6.0
0.0000

0.0005

0.0010

0.0015

0.0020

Innoculum dose

N
or
m
al
is
ed

ΔL

A B

0. 0.01 0.02 0.03 0.04 0.05 0.06 0.21 0.22

P1001
P1006
P1012
P1013
P5001
P5002
P5004
P5006
P5007
P5018
P5019
P5020
P5021

Reassortment rate

Su
bj
ec
t

L

Inoculum dose



 

105 

inferences were conducted across greater numbers of loci, in the SGML and MGML 

models, a decrease was observed in the number of loci at which selection was inferred. 

While the single locus test identifies potential non-neutrality at 16 loci over 6 gene 

segments, under the MGML model, selection was inferred to apply at only four of these 

positions within three gene segments. Two reasons likely underlie this reduction in the 

apparent complexity of the selective model. Firstly, due to linkage disequilibrium, 

selection acting at one locus can cause changes in the frequency of alleles at multiple 

other loci; cross-gene interactions may cause changes in the frequencies of alleles not 

directly under selection. Accounting for linkage disequilibrium between alleles reduces 

false positive inferences of selection caused in this manner. Secondly, as more data are 

brought into the model, the model penalty for adding another parameter for selection 

increases. Where a polymorphism is observed in only a single individual, evidence of 

genuine selection may not be sufficient to be detected by our model, leading to false 

negative calls of selection. As such, our inferences describe the core set of fitness effects 

shaping the evolution of the virus, rather than a comprehensive fitness landscape. 

Across all subjects, we infer the key driver of evolution to be the reversion of 

mutations in HA acquired 7 during egg adaptation before inoculation into individual 

patients. However, selection was further inferred for variants in the NP and PA genes. 

The time of administration of oseltamivir to patients did not have a statistically 

significant effect upon the inferred fitness landscape. Although the emergence of 
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oseltamivir resistance has been documented as having arisen during a single infection 

(Kiso et al., 2004), in this case no evidence of drug resistance was observed; with regard 

to the genetic composition of the virus, drug therapy had no apparent impact. While 

early oseltamivir treatment led to reductions in the severity of symptoms and the length 

of infection (McClain et al., 2016), it did not have a distinct evolutionary effect on the 

viral genome. 

In addition to inferring selection for specific variants, we also infer the presence 

of epistatic effects acting between alleles in different genes of influenza. The assignment 

of function to such interactions is difficult without further experimental investigation. 

Epistasis is an important factor in our model due to the potential for linkage 

disequilibrium to be maintained between alleles on separate genes via epistatic effects. 

Our model separates maintenance of linkage disequilibrium caused by epistasis from 

that arising from a lack of reassortment. 

The restricted extent of effective reassortment between genes inferred during the 

course of infection is perhaps the most surprising result of our study, with a model of 

zero reassortment granting the best fit to the data. This result was supported by 

extremely strong model evidence, with a model of low reassortment providing a far 

better explanation of the data than a model with rapid reassortment. Our model is 

limited in so far as it requires the polymorphisms in a gene to be observed at significant 

allele frequencies; as such, our estimates of reassortment were made across a subset of 
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the segments in the influenza genome. Our result should also be understood in proper 

context; a lower implied within-host rate does not contradict observations of 

reassortment events in global influenza populations. 

Our study matches earlier findings in suggesting that the rate of reassortment 

within a host is linked to the dose received by a single patient, yet contrasts with these 

studies in the extent of reassortment observed; while we identify low reassortment rates, 

an earlier study noted 86% of viruses reassorting during the course of a single infection 

in a case where a guinea pig was infected with 106 PFU of virus (Marshall et al., 2013). 

We suggest that these results may be reconciled under the assumption of a 

metapopulation model of infection (c.f. (Frost, Dumaurier, Wain-Hobson, & Brown, 

2001; Lythgoe, Blanquart, Pellis, & Fraser, 2016)) in which interactions between viruses 

are limited by spatial diversity within the host. Such a model is well-supported by 

existing knowledge of influenza virus; viruses in cell culture form distinct plaques (Baer 

& Kehn-Hall, 2014), while genetically distinct influenza populations have been observed 

at different locations within a single ferret (Lakdawala et al., 2015), implying that viruses 

are not uniformly distributed throughout a host. Under such a model, reassortment, as a 

local process occurring in single cells, will tend to occur between viruses that are 

genetically more self-similar than viruses drawn randomly from the population; the 

effective rate of reassortment, as we define it, will be lower than the absolute rate at 

which genes are swapped between viruses. Assuming a constant absolute rate of 
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recombination throughout the host, the rate of effective reassortment will be a function 

of the local genetic diversity of the population, which itself will depend upon the 

number of distinct viruses founding an infection in any given region of the host 

respiratory system. As the total number of viruses founding infection in a host increases, 

more, and therefore statistically more diverse viruses, found each local infection, such 

that the observed extent of reassortment also increases. This understanding suggests 

that in a larger host, where the respiratory system occupies a larger physical space, more 

viruses would be required to create the same local genetic diversity, and hence the same 

observed rate of reassortment; given the same infectious dose, the observed rate of 

reassortment will be lower. 

Our study does not oppose the vital role played by animal experiments in 

understanding influenza infection. However with specific regard to reassortment, 

experiments conducted in vitro or in small animal experiments may over-estimate the 

effective rate that might be expected in a human infection. Multi-gene effects may have a 

substantial and previously under-appreciated role in the evolutionary dynamics of 

within-host influenza. 

4.4 Methods 

4.4.1 Data Summary 

The data used for this study were next-generation sequencing samples generated 

from two human challenge studies with influenza A/Wisconsin/67/2005(H3N2) virus 
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(Zaas et al., 2009). Briefly, individuals enrolled in these studies were inoculated 

intranasally with an influenza H3N2 viral inoculum and monitored throughout maximal 

symptom development, a total of 7 days. The two studies differed in the treatment given 

to individuals. In the first study, individuals received standard treatment, with 

oseltamivir being administered on the evening of the 5th day post-challenge. In the 

second study, individuals received either standard treatment or early treatment, defined 

as the administration of oseltamivir on the evening of the 1st day post-challenge. The 

viral inoculum used for both studies consisted of a genetically heterogeneous population 

of virus generated from egg passaged viral reference strain A/Wisconsin/67/2005(H3N2). 

Subjects were challenged with doses of the viral inoculum ranging from 3.08-6.41 

log10(TCID50/ml) (Moody et al., 2011). Previous analysis of this experiment showed 

there was no association between the inoculum dose and whether the challenge subject 

became infected (Huang et al., 2011). For those subjects who were infected, there was no 

association between the inoculum dose and the degree of disease symptoms or the 

magnitude/duration of viral shedding (Huang et al., 2011). 

Nasal wash samples were collected daily and tested for the presence of virus 

using culture or quantitative PCR. Those samples containing virus (a total of 60 samples 

out of 266 samples obtained) and the viral inoculum, were sequenced at the JCVI, as 

described in (Zhou et al., 2009; Zhou & Wentworth, 2012). The next generation 

sequencing pipeline at the JCVI uses both the Illumina HiSeq 2000 and Ion Torrent 
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platforms to compensate for platform specific errors (Lakdawala et al., 2015). The 

sequences from both platforms were used in this analysis. Sequences were obtained for 

42 of the nasal wash samples from 17 subjects. As this analysis infers selection based 

upon on the trajectory of variant frequencies over the course of infection, we excluded 

samples from 4 individuals (P1008, P1010, P1015 and P5017) who were only sequenced 

at one time-point. The remaining dataset consisted of 38 samples from 13 individuals 

(six of whom received early treatment and seven of whom received standard treatment), 

with between two and five samples per subject. 

4.4.2 Sequence processing 

The SAMFIRE package (C. J. R. Illingworth, 2016) was used to call time-resolved 

multi-locus sequence variants from the data. High quality short reads were identified 

using the criteria of a median PHRED quality score of at least 30, trimming sequences 

where necessary to obtain this. Single nucleotide polymorphisms (SNPs) were then 

identified from reported nucleotides with PHRED score at least 30, for which at least 10 

reads, and at least 2% of the reads in a sample, reported the variant. To account for 

possible PCR bias, variant alleles were only considered if they were identified in at least 

two samples from the dataset. SNP trajectories, describing the frequency of each SNP 

over time, were calculated. 

In order to quantify the influence of selection, a conservative estimate was made of 

the extent of noise in the reported sequence data. Under the assumption that changes in 
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allele frequency over time resulted purely from noise, the extent of noise was 

characterized within the framework of a Dirichlet multinomial model. Where in a given 

individual !, !!! !  is the number of copies of a variant allele observed at the 

polymorphic locus a at time t, and !!! !  is the total number of alleles observed in this 

individual at this locus at time t, we calculated the mean allele frequency across all reads 

!!! =
!!! !!
!!! !!

 (4.1) 

for each allele. Assuming that observed changes in allele frequency occur only through 

noise, we then optimized the parameter C to maximize the likelihood 

ℒ = ℒ! !, !!! ! , !!!
!,!,!

 (4.2) 

where ℒD is the Dirichlet multinomial distribution with parameters !! = !!!! . This 

approach produces a conservative estimate of the extent of noise in the system, 

characterised by C. 

4.4.3 Single-locus (SL) model 

Given an estimate of the extent of noise in the sequenced data, a likelihood 

model was used to identify potentially non-neutral alleles across the influenza genome 

using a single-locus model of selection similar to those applied in earlier studies of viral 

evolution (Foll et al., 2014). Here, for data from allele a within individual i, we generate a 

set of model allele frequencies !!! ! , calculating the model likelihood as 



 

112 

ℒ = ℒ! !, !!! ! , !!!
!

 (4.3) 

and comparing models using the Bayesian Information Criterion (BIC) for model 

selection (Schwarz, 1978); under this comparison, a difference of 10 in BIC values 

indicates strong evidence for the more complex model (Kass & Raftery, 1995b). In fitting 

a model to data, our model assumes a “generation time", representing a round of 

intracellular reproduction, as occurring in 12 hours (Baccam et al., 2006). Fitted models 

describe the deterministic evolution of an allele frequency under either a neutral model, 

or a model of selection for the allele in question. In order to account for potential 

hitchhiking effects, we also examine a time-dependent model of selection, in which a 

different magnitude of selection was used to model selection between each pair of 

samples within an individual. 

Neutral model: 

!! ! = !∀! (4.4) 

Constant selection: 

!! ! = !! 0 exp !"
1 − !! 0 + !! 0 exp !!

 (4.5) 

 Time-dependent selection:  

!! ! = !! ! − 1 exp !"
1 − !! ! − 1 + !! ! − 1 exp !"  (4.6) 

At the single-locus level, time-dependent selection was considered so as to 

identify s ignif icant non- monotonic changes in allele frequency, as might occur via 
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linkage disequilibrium between alleles; in further models where linkage 

disequilibrium b e t w e e n  alleles was explicit to the  model, only models of constant 

selection were considered. 

4.4.4 Single-gene multi-locus (SGML) model 

Where m o r e  than o n e  variant occurs within a  single gene, selection at  a   

single  locus  may  result  in changes  in the  genetic  composition  of the  virus  

across multiple  loci [77]; under  such conditions,  single- locus measures  of 

selection can produce misleading results  [78]. A multi-locus model was used to 

account for such effects.   Data w i t h i n  e a c h  gene were compiled to  call 

multilocus v a r i a n t s  across potentially non-neutral loci.   These variants being 

used to construct potential viral haplotypes, again using the SAMFIRE p a c k a g e .   

An evolutionary model describing mutation and selection was then fitted to 

these data.  Mutation was modeled as occurring at constant rate between 

haplotypes: 

!: !! ! + 1 = !! ! + ! !! ! − !! !
!

 (4.7) 

where qa(t) is the frequency of the haplotype a in the population at time t, and the 

sum is conducted  over haplotypes differing from a by a single nucleotide.  The 

mutation rate was assumed to be µ = 10−5 per site per replication cycle [79]. 
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Selection was modeled to occur deterministically, changing the frequencies of 

different viral haplotypes according to their fitness. 

!: !! ! + 1 = !! ! exp !!
!!! ! exp !!

 (4.8) 

where the sum is conducted  over all haplotypes b, and the fitness of haplotype a is 

determined by exp !! , where 

!! = !!
!

+ !!,!
!,!

+ !!,!,! +⋯
!,!,!

 (4.9) 

is a sum  of single- and  multi-locus (i.e. epistatic) terms, over variant nucleotides  

i, j, k, . . .  contained within  the haplotype a.  Hierarchical models of fitness were 

considered, gradually increasing the number of component terms in the fitness 

model, and using BIC to select the model giving the best explanation of the 

observed changes in viral genetic composition  [39, 40]. 

4.4.5 Multi-gene multi-locus (MGML) model 

While reassortment between influenza genes is potentially a rapid 

process  [30], associations h a v e  been observed to exist between alleles on 

different genes [80]. Further to previous modeling approaches, an inference was 

made of the effect of reassortment upon the viral dynamics, v i a  the use of a 

multi-gene, multi-locus model.  Sites in each gene at which potential non-

neutrality was inferred in the multi-locus model were combined, forming 

haplotypes spanning a l l  genes at which selection had been inferred.   As above, 
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selection and mutation were evaluated across haplotypes, the fitness of any given 

viral genotype being calculated a t  the multi-gene h a p l o t y p e  level.  However, in 

addition, reassortment was evaluated between genes, being modeled to occur 

between haplotypes with probability r: 

!: !! ! + 1 = 1 − ! !! ! + ! !!,!
!

!  (4.10) 

where qa  now denotes a  multi-gene  haplotype, and qa,g(t) is the  total  frequency  at  

time t of the set of multi-gene haplotypes having the same alleles as a for all 

variants in the gene g. Given a Poisson model, we note that an equivalent 

reassortment rate  ! can be calculated as: 

! = −log 1 − !  (4.11) 

In order to reduce the computational cost of the calculation, the multi-gene 

model was evaluated only across sites within each individual at which 

p olymorphism was identified; as such, selection for a genetic variant was only 

considered to affect the evolution within a host if the variant under selection was 

observed in that host.  Polymorphic loci in an individual f o r m  a subset of the 

total se t  of loci; individual-specific multi-gene haplotypes were constructed as a 

projection of the complete set of multi-gene haplotypes onto these loci, evaluating 

the effect of a consistent model of selection on the dynamics of each system. 



 

116 

Calculations involving reassortment rate were conducted across a range of 

values of r. Subject-specific estimates of reassortment were derived from the 

component of the likelihood function corresponding to the data f r o m  that subject.   

A further m e a s u r e  quantifying the extent of evidence for limited reassortment 

in an individual s u b j e c t  w a s  calculated a s  the normalized d i f f e r e n c e  between 

the maximum l i k e l i h o o d  reassortment model at any value of r, and under a 

model of rapid reassortment. 

max ℒ! ! − ℒ !!!

!  (4.12) 

where N  was the total  number  of data points collected from that individual. 

4.6 Ethics statement 

The details of this human challenge study have been previously described in 

(Huang et al., 2011; Moody et al., 2011; Sobel Leonard et al., 2016; Wilkinson et al., 

2012; Woods et al., 2013; Zaas et al., 2009). The procedures performed under this 

study were in accordance with the Declaration of Helsinki. The protocols followed 

for this study were approved by the institutional review boards (IRBs) of Duke 

University Medical Center (Durham, NC), the Space and Naval Warfare Systems 

Center San Diego (SSD-SD) of the US Department of Defense (Washington, DC), 

the East London and City Research Ethics Committee 1 (London, UK), and the 

Independent Western I n s t i t u t i o n a l  Review Board (Olympia, W A ). All 
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participants enrolled in this challenge study provided written consent, as in 

accordance with standard IRB protocol. 

4.7 Supporting text 

4.7.1 Simulated data 

Simulations were conducted to illustrate the ability of a model with low 

reassortment to capture the behaviour of a population with high reassortment, but the 

failure of a model with high reassortment to capture the behaviour of a population with 

low reassortment. Simulations described a two-locus two-allele population evolving 

under deterministic selection (i.e. ignoring the effects of mutation and genetic drift), and 

were conducted using the Mathematica software package. At each of 10 time points tk, 

sequencing with a depth of Ns  = 500 was simulated by taking a multinomial sample 

!!! !! , !!" !! , !!" !! , !!! !!  from the simulated two-locus, two-allele frequencies, 

!!! !! , !!" !! , !!" !! , !!! !! . Simulations were performed both for the case of zero 

reassortment (equivalently in this case, recombination), and for the case of rapid 

reassortment. 

Given each set of simulated data, inferences were performed, again using 

Mathematica, to infer parameters for a model so as to best replicate the behaviour of the 

simulated system, the fit between the model and the data being calculated using the 

multinomial likelihood 
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! = log !!!
!!" !! !!,!∈ !,!

!!" !!
!!" !!

!,!!
 

Inferences were generated using models with either zero, or rapid reassortment, 

and fitted to data with either zero, or rapid reassortment (Supporting Figure 4.7). Given 

data with a high reassortment rate, a small difference between the model likelihoods 

was observed. The real data has linkage disequilibrium between the two loci of zero, 

due to rapid reassortment, which is replicated by the model of rapid reassortment. The 

model with zero reassortment includes some linkage disequilibrium due to the action of 

selection on the system, but can fit a model in which this amount is very small. 

Given data with a low reassortment rate, by contrast, a significant differences 

between the model likelihoods was observed. While the model with zero reassortment 

was able to replicate the behaviour of the simulated system, the model with rapid 

reassortment could not achieve this. Within a model of rapid reassortment, linkage 

disequilibrium between loci may instantaneously be non-zero, but it is subsequently 

destroyed by the reassortment process. 
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Figure 4.6: Optimal inferred frequencies at high and low reassortment rates. Viral 

allele frequencies are shown for subject P1001 as black dots. The optimized fit to the 

data, based on the assumption of a consistent fitness landscape across all subjects, is 

shown as a red dotted line, for the case of rapid reassortment between genes, and as a 

blue dotted line for the case of no reassortment between genes. 

 

0.0 0.5 1.0 1.5 2.0
0.0
0.2
0.4
0.6
0.8
1.0

Day

A
lle
le
fre
qu
en
cy

P1001 HA 516A

0.0 0.5 1.0 1.5 2.0
0.0
0.2
0.4
0.6
0.8
1.0

Day

A
lle
le
fre
qu
en
cy

P1001 HA 1258G

0.0 0.5 1.0 1.5 2.0
0.0
0.2
0.4
0.6
0.8
1.0

Day

A
lle
le
fre
qu
en
cy

P1001 NP 327T

0.0 0.5 1.0 1.5 2.0
0.0
0.2
0.4
0.6
0.8
1.0

Day

A
lle
le
fre
qu
en
cy

P1001 NP 868G

0.0 0.5 1.0 1.5 2.0
0.0
0.2
0.4
0.6
0.8
1.0

Day

A
lle
le
fre
qu
en
cy

P1001 PA 1680C



 

120 

 
Figure 4.7: Inferences with high and low model reassortment rates for data generated 
with high and low reassortment rates. Simulated data (dots) and inferences (lines) are 

shown describing the two-focus frequencies q11 (blue), q10 (green), q01 (yellow), q00 
(orange), and linage disequilibrium (black). (a,b) Simulation with rapid reassortment, 

inferences with zero reassortment. (c,d) Simulation with rapid reassortment, inferences 

with rapid reassortment. (e,f) Simulation with zero reassortment, inferences with zero 
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reassortment. (g,h) Simulation with zero reassortment, inferences with rapid 

reassortment.  

5. Intrahost model of human influenza infection shows 
the importance of viral dynamics in guiding the 
presentation of disease.   

5.1 Introduction 

Mechanistic models of infectious diseases are useful tool to describe the spread 

of such diseases across a host population. These models describe the interaction between 

different components of a disease, including both the pathogen and the hosts, and 

through these interactions, simulate how the system changes over time. Initially, these 

models focused on disease transmission at the population level, partitioning the hosts 

into different classes, susceptible (S), infectious (I), or recovered (R), based on their 

relationship with the disease-causing agent (Keeling & Rohani, 2008). Such model 

applied to the population level have been used to characterize the transmission patterns 

of emerging pathogens, such as the role of super-spreaders in the 2003 SARS pandemic 

(Lloyd-Smith, Schreiber, Kopp, & Getz, 2005). These types of models have also been 

used to evaluate the utility of potential intervention strategies, such as the relative 

efficacy of different vaccination strategies in controlling the epidemic of foot-and-mouth 

disease in livestock (Keeling, Woolhouse, May, Davies, & Grenfell, 2003).   

More recently, mechanistic models have also been applied to infectious diseases 

at the intrahost level, such as influenza virus, with varying degrees of complexity. One 
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of the simplest mathematical models of IAV infection, such as that proposed by (Baccam 

et al., 2006), considers only the dynamics of virus and host cells. While these models can 

replicate the viral load dynamics observed during infection, they do so only via target-

cell limitation, where infection ultimately resolves due to depletion of the target cell 

population. Yet, other studies of intrahost influenza infection have shown that a large 

fraction of the target cell population remains uninfected by the time that an 

uncomplicated influenza infection has resolved (Saenz et al., 2010). Furthermore, clinical 

and pathological examination of recovered humans, whose infection was uncomplicated 

by other factors, has shown limited damage to the respiratory epithelium (Guarner et al., 

2006). Therefore, while simple models may be able to replicate the viral load dynamics 

observed during infection, the findings appear inconsistent with the underlying biology. 

More complicated models of intrahost infection consider additional components 

of the immune system such as cytokines (Canini & Carrat, 2011; Pawelek et al., 2012; 

Saenz et al., 2010), T cells (Hancioglu, Swigon, & Clermont, 2007; Miao et al., 2010a), 

antibodies (Bocharov & Romanyukha, 1994; Hancioglu et al., 2007; A Handel, Longini, & 

Antia, 2009; Miao et al., 2010a), and monocytes (Pawelek, Dor, Salmeron, & Handel, 

2016). Within these models, the additional immune elements contribute to resolving 

infection in a manner not wholly dependent on depletion of the target cell population. 

Saenz et al., for example, fit an intrahost model of influenza infection with a dataset of 

time-course viral load and cytokine measurements collected from a study of 
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experimental infection of horses with equine influenza (Saenz et al., 2010). They show 

that incorporating cytokine activity into their model, under the assumption that 

cytokines act to create a population of cells resistant to infection, allowed the model to 

replicate the observed influenza viral dynamics independent from the infection, and 

subsequently the loss, of the entire target population of cells.  However, the assumed 

cytokine activity, acting to create another resistant cell class, meant that Saenz and 

colleague’s model was still inherently target cell limited. However, extension of this 

model by Pawelek et al., using the same dataset, was able to separate the resolution of 

infection from loss of the target cell population through the inclusion of natural killer 

(NK) cell activity (Pawelek et al., 2012).  

While experimental infection studies in model organisms serve as a useful 

system for studying the role of the host response during influenza infection, human 

infection is the best reference point. Yet, because it can be difficult to serially measure 

many components of the host immune response in clinical setting, there are few existing 

datasets of human influenza infections that include experimental measurements of the 

host immune response. One method to bypass the limitation imposed by the lack of 

immune data is to simply infer the dynamics of the immune response, as in the study 

described by Canini and Carrat (Canini & Carrat, 2011). In their study, Canini and 

Carrat simultaneously fit the viral and symptom dynamics of subjects experimentally 

challenged with the H1N1 strain of influenza A virus. Though their model included 
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cytokines and natural killer (NK) cells, experimental measurements of these components 

were not contained in the dataset they used to fit their model. Thus, while their model 

was able to link the dynamics of the viral replication with the symptoms of disease 

through the host immune response, they were unable to validate their assumptions 

regarding the role and activity of the host immune response.  

Given the morbidity and mortality caused by influenza virus, it is essential to 

understand the interplay of viral replication with the host response in the development 

of symptomatic disease in human infection. Due to the paucity of datasets of human 

influenza infection that include measurements of the host response, previous studies 

were unable to fit mechanistic models to data of the host response. Herein, we fit a 

model of intrahost infection using a unique dataset generated during a human challenge 

study. In this study, 17 subjects were exposed to influenza A/Wisconsin/27/2005(H3N2) 

and monitored for 7 days following viral exposure to record the symptoms of disease 

and collect time-coursed samples to measure the subjects’ viral load and peripheral 

blood transcriptome- the changes in gene expression in the peripheral blood leukocytes 

(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). The transcriptomics data offers unique insight 

into host immune activation as they contain information from multiple immune 

pathways, thus allowing for the integration of multiple host response pathways, each 

based on experimental measurements (Huang et al., 2011; Woods et al., 2013; Zaas et al., 
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2009). Using these data, we simultaneously fit the challenge subjects’ viral titers, 

patterns of gene expression, and their reported symptoms of disease. We then consider a 

series of more complex models, each introducing a random effect into one of the model’s 

free parameters. The inclusion of random effects enables the model to recover the 

interindividual variability of infection dynamics observed in the study subjects. Through 

model selection, we identify those model parameters that best explain between the 

subjects’ infection dynamics.     

5.2 Methods 

5.2.1 Data summary 

The dataset we analyze in this study was obtained from a human challenge 

study with influenza H3N2/A virus, as previously described in (Mcclain et al., 2015; 

Moody et al., 2011; Wilkinson et al., 2012; Woods et al., 2013; Zaas et al., 2009, 2013). In 

this study, 17 individuals were challenged with influenza A/Wisconsin/62/2005 in doses 

ranging from 3.08-6.41 log10(TCID50/ml) (Moody et al., 2011). Previous analyses of this 

dataset did not find any relationship between the inoculum dose and the probability of 

infection, for those patients who became infected, the magnitude or duration of viral 

shedding (Zaas et al., 2013). All challenge study subjects were treated with oseltamivir 

on the 5th day post-challenge. The original goal of this challenge study was to identify a 

set of changes in the host gene expression, termed the ‘acute respiratory viral signature’, 
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that could be used to detect viral infection in an individual before he exhibited the peak 

level of disease-associated symptoms (Zaas et al., 2009).  

The study subjects were monitored for 1 week following the challenge. Nasal 

wash samples were obtained daily to measure the patient’s viral titer using quantitative 

culture. Plasma samples were collected 3 times daily to evaluate the host gene 

expression from peripheral blood mononuclear cells (PBMCs) using whole blood arrays 

(Zaas et al., 2009). The gene expression profiles were used to calculate the influenza 

factor score, a metric describing the changes in gene expression statistically associated 

with the development of symptomatic disease, with many of the identified genes 

belonging to the antiviral or inflammatory pathways (Woods et al., 2013). For a more 

complete description of the influenza gene factor, see (Woods et al., 2013). The 

symptoms were quantified using the modified Jackson score (Jackson, Dowling, 

Spiesman, & Boand, 1958), where a subject reported the presence and severity for a set of 

symptoms. The individual symptoms were scaled from 0-3, where 0 indicates an 

absence of the symptom and 3 indicates the symptom was present with severity. The 

scores from each symptom are then summed at each time point to give an overall score. 

The total symptom score for each individual is obtained by summing scores for the 

symptoms of: runny nose, stuffy nose, sneezing, sore throat, earache, malaise, cough, 

shortness of breath (SOB), headache, earache, and muscle pain (myalgia), leading to a 
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theoretical maximum score of 30. Subjects were classified as symptomatic if they 

reported a symptom score of ≥ 2 on at least 3 time-points. Only the 9 subjects who shed 

virus and were classified as symptomatic were used to fit the intrahost infection 

dynamics model. The viral titer, influenza gene score, and symptom score for these 9 

subjects are shown in Figure 5.1.  
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Figure 5.1: Experimental data collected from human challenge study. (A) Viral titer, (B) 

normalized gene score, (C) total symptom score. Data colored by subject. Limit of 

detection for viral titer assay 1.25 TCID50/ml (black line). 
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5.2.2 Model description 

We use the following series of equations to describe the intrahost dynamics of 

influenza infection: 
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where T is the number of uninfected cells, I is the number of infected cells, V is the free 

virus, G is the normalized gene score, and S is the symptom score. A schematic 

describing this model is shown in Figure 5.2. We have developed this model based on 

previous models of intrahost influenza infection that describe the relationship between 

viral and immune dynamics through cytokine activity (Pawelek et al., 2012), and the 

relationship between cytokines and the symptoms of disease (Canini & Carrat, 2011). 

Because we do not have measurements of local cytokine activity, we use the influenza 

factor score, which describes changes in host gene expression in response to influenza 

infection (Huang et al., 2011; Woods et al., 2013; Zaas et al., 2009), as a proxy.   
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Figure 5.2: Model schematic. Uninfected cells are infected by free virus at rate β. 

Infected cells die succumb to infection at rate δ and are cleared though immune activity 

at rate κ. Free virus is produced from infected cells at rate p and cleared at rate c. 

Immune activity is induced by infected cells at rate q and degrades at rate d. Symptoms 

are induced by induced by immune activity at rate γ and resolve at rate h.  

We assume that that the free virus is produced from infected cells and cleared 

much more quickly than the infected cells themselves, that the viral dynamics are faster 

than the dynamics of the other state variable described by this model. Assuming fast 

viral dynamics, that 
!"
!" ≈ 0, allows us to estimate the amount of virus from the quantity 

of infected cells without modeling the virus itself as ! = !
! !. Because of this 

simplification, the p and c parameters are no longer identifiable and, therefore, we 

instead fit the parameter a, where ! = !
!. After applying the fast viral dynamics 

assumption, these equations become:  
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!"
!" = −!"#$ 

(

(5.6) 

!"
!" = !"#$ − !" − !"# 

(

(5.7) 

!"
!" = !" − !" 

(

(5.8) 

!"
!" = !" − ℎ! 

5

(5.9) 

The level of virus in the challenge subjects is defined in terms of the TCID50, the 

viral titer that infects 50% of a cell population (WHO, 2011). We estimate the viral load 

as a function of the infected cell population with the following expression: 

! ! = log!" ! ! + 1 + log!" !  (5.10) 

where the viral load, the concentration of free virus, is proportional to log10(I). It was 

necessary to convert the viral load dynamics simulated by this model to titers for more 

direct comparison with the viral titers measurements from the challenge study subjects. 

This was accomplished by treating the conversion of viral load to viral titer as an 

observation process controlled by the k parameter, such that the viral titer (VT) is 

described as: !" ! = ! ! + !.  

The model described above by eqs. 5.6-5.10 contains a total 11 parameters and 4 

initial conditions (Table 5.1). Given the large number of parameters and initial 
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conditions, we were forced to fixed a subset of the parameters (a, δ, q, and h) and initial 

conditions (T0, G0, and S0) to maintain model identifiability. The values of the set 

parameters were, when possible, determined from the literature, with one exception for 

q, the rate at which infected cells induced changes in gene expression. Because there 

were no previous estimates for q in the literature, we arbitrarily set the value as q =5×10-8 

fold change in gene expression·day-1. The initial condition for the number of uninfected 

cells T0 was also set based on literature estimates for the number of epithelial cells in the 

human respiratory tract (Baccam et al., 2006; Canini & Carrat, 2011). The initial value for 

the normalized gene score was calculated from the baseline values measured in the 

challenge study subjects (Woods et al., 2013). The initial symptom score was set to 0, as 

all subjects were asymptomatic at the time of the viral challenge. 

 

 

 

 

 

 



 

133 

 

Table 5.1: Parameter description for intrahost infection dynamics model 

P Description Units Value Reference 

T0 Initial uninfected cells Cells 4×108 
(Baccam et al., 2006; Canini 

& Carrat, 2011) 

I0 Initial infected cells Cells Inferred  

G0 Initial gene score 
Fold change in gene 

transcription 
0.12 (Woods et al., 2013) 

S0 Initial symptom score Symptom score points 0  

β Viral infectivity RNA copies ml-1day-1 Inferred  

a 
Ratio of viral 

production to clearance 
RNA copies ml-1cell-1 4×10-4 (Pawelek et al., 2012) 

δ 
Death rate of infected 

cells 
day-1 2 

(A Handel et al., 2009; 

Pawelek et al., 2012; Saenz 

et al., 2010) 

κ 
Rate of immune- 

mediated clearance of 

infected cells 

Fold change in gene 

transcription-1day-1 
Inferred  

q 
Induction rate of 

immune activity 

Fold change in gene 

transcriptionŊcell-1Ŋday-1 
1×10-8  

d 
Decay rate of immune 

activity 
day-1 Inferred  

γ 
Induction rate of 

symptoms 

Symptom score point Ŋ 
day-1 

Inferred  

h 
Resolution rate of 

symptoms 
day-1 6.1 (Canini & Carrat, 2011) 

k 
Observation parameter 

for relating viral load to 

viral titer 

TCID50/ml Inferred  

σvt 
Standard error of viral 

titer measurements 
 Inferred  

σg 
Standard error of gene 

score measurements 
 Inferred  
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5.2.3 Fitting intrahost model of influenza infection to challenge data 

We simultaneously fit the intrahost IAV dynamics model to 3 sources of clinical 

data: viral titer, normalized gene score, and total symptom score using the with the 

following likelihood model: 

ℒ !, !,!|!,!!" ,!! = !!! !!|!!"#$",!! ,!!"#$",!!! × !! !!|!! + !,!!"! !!!! !!
!

!!!

× Φ! 1.25|!! + !,!!"! !! !!
!

!!!
× !! !!|!! ,!!!

!!
!

!!!
× !! !!|!!

!!
!

!!!
 

(

(5.11) 

In this expression, φv is the probability distribution function for the patient’s measured 

viral titer at time h given the predicted viral titer at that time and the standard error of 

the simulated viral titer, assuming a normal distribution. The term Φv is the cumulative 

distribution function for the viral titer being at or below the limit of detection, in this 

experiment 1.25, given the viral titer predicted by the model at time h and the standard 

error of the simulated viral titer. This function also assumes a normal distribution. The 

term φs is the probability density function for the patient’s reported symptom score at 

time i given the predicted symptom score at that time and the standard error of the 

symptom score, assuming a Poisson distribution. The term φg is the probability density 

function for the patient’s normalized gene score at time i, given by the predicted gene 
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score at this time and the standard error of the normalized gene score, assuming a 

normal distribution. The likelihood terms for the viral titer, gene score and symptom 

score were weighted by the term λ,, as described in (Agostinelli & Greco, 2013; X. Wang, 

2010), to ensure that each component contributed equally to the likelihood of a given 

parameter set. As the symptom score and gene score had the same number of 

observations, Nsxs = Ngene = 135, they were weighted equally, λs = λg = 1. There were fewer 

viral titer observations, NVT = 72, and as such, λv = 135/72 = 1.875. The prior on the initial 

number infected cells I0 is incorporated via the φI0 term, which represents the 

probability density function for the inferred value I0, given the defined mean and 

standard normal distribution. 

5.2.4 Incorporation of interindividual variation 

 We incorporated interindividual variation into the model using the method 

developed by Ben-Schahar et al., which fits the distribution of the variable parameter 

rather than forcing the parameter to take on a single value (Ben-shachar et al., in press). 

In each model considered, one parameter p, is assumed to vary between individuals, 

being defined as a distribution with mean !p, and standard deviation !p. These models are 

referred to by the variable parameter as Var(p). The likelihood for a given set of 

parameters that assumes variability in p is given by the following expression:   
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ℒ !, !,!|!,!!" ,!! = ℒ!  !"
!

!!!
 

(

(5.12) 

where a and b are the 1st and 99th percentiles of N(!p , !β), and ℒp is the likelihood of the 

parameter set, as described in eq. 5.11, when p = j. The integral was discretized into 100 

sections, evenly spaced with respect to the value of the variable parameter. We assumed 

that all parameters except for k were greater than zero. Thus, for all models except 

Var(k), the likelihood at any point j < 0 was set to 0. The optimal value of p for each 

individual can be determined as the value of p, which gives the maximum value of the 

ℒpɸp(p|!p , !p), where ɸp is the probability density function for p, assuming a normal 

distribution.   

5.2.5 Model selection 

 In this analysis, we are interested in determining which parameters best explain 

the interindividual variability observed among the challenge study subjects. We, 

therefore, compare each of the variable models with the population-level model, where 

all parameters are held constant across individuals. The models are compared using the 

Bayesian Information Criterion (BIC), a metric that compares the goodness of fit of 

different models while penalizing for the number of free parameters (Kass & Raftery, 

1995b). The BIC is calculated according to the expression:  BIC =  −2ln ℒ + ln ! !!, 

where ! is the maximum likelihood of model, No is the number of inferred parameters, and 

N is the total number of observations. In this study, there are N = 342 observations and the 
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number of inferred parameters is either Np = 8 for the population model or Np = 9 for each 

of the variable models. The strength of support for one model over another depends on the 

difference in the BICs of each model, where ΔBIC = 2-6 indicates support, ΔBIC = 6-10 

indicates strong support, and ΔBIC > 10 indicates very strong support for a difference in 

model fit (Kass & Raftery, 1995b). For model selection in this study, we compare each of the 

variable models to the population model. For variable models that are either strongly or 

very strongly supported over the population-level model, there is evidence that some of the 

interindividual variability observed infection dynamics can be attributed to the variable 

parameter. At this time, we do not consider models that incorporate random effects into 

more than one parameter.  

5.3 Results 

5.3.1 Population model 

We initially fit the intrahost infection dynamics model to the viral titer, gene 

score, and symptom score for all subjects, holding the parameter values constant across 

individuals. The MCMC algorithm used to fit the model was run for 3×10! iterations 

with a burn-in period of 1×10! iterations. Convergence was assessed both visually from 

the MCMC traces (Figure 5.10), and formally using the Rubin-Gelman convergence 

diagnostic ! (Gelman & Rubin, 1992). To estimate !, we initialized 5 replicate chains 

using over-dispersed starting conditions, where the initial value of each parameter p was 

randomly selected to be between 0.1p – 10p. For each of the parameters, ! < 1.1, 

indicating that the model had converged. The distribution for each of the accepted 
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parameter values was normally distributed (Figure 5.11). No correlations between 

accepted parameters values were observed (Figure 5.12). 

By holding the models’ parameters constant across the challenge study subjects, 

the model effectively fit the average infection dynamics considering all of the included 

study subjects. The dynamics simulated for the parameter set with the highest posterior 

probability (Table 5.2) and for other parameter sets drawn from the 95% confidence 

interval of the posterior probability are shown in Figure 5.3. The dynamics captured the 

general trends observed in the subjects’ empirical data, with the viral titer peaking 

between days 1-2 post challenge, followed shortly thereafter by a peak in gene score and 

symptom score between days 2-3 post challenge. It is worth mentioning that dynamics 

simulated by our model were target cell limited as the uninfected class of cells was 

completely exhausted. Thus, while the population model can recover the dynamics 

exhibited by the empirical data, the predictions of the model are biologically implausible 

(Guarner et al., 2006). The peak in gene score and symptom score occurred nearly in 

conjunction with one another, which was to be expected given the high value set for h. 

In earlier analyses in which the parameter h had not been set, however, the parameter 

assumed a high value (data not shown) and strong correlation with γ. Thus, in this 

dataset, it appears that the rates of symptom induction and decay are fast in comparison 

with the other state variable. However, we note fast symptom dynamics may not 

necessarily be observed in other datasets.   



 

139 

Table 5.2: Inferred parameter values for population model 

Parameter MLE 95% CI 

β 6.08×10!! 5.66×10!! − 6.39×10!! 

k -0.490 -(1.02 – 0.0263) 

σVT 2.10 1.71 – 2.56 

γ 45.6 41.6 – 51.9 

κ 11.9 10.3 – 13.4  

d 0.359 0.316 – 0.414 

σg 0.215 0.193 – 0.239 

I0 267 101 – 527  

 

 
Figure 5.3: Simulated infection dynamics for population-level model. The parameter 

set with the highest posterior probability (black line) and parameter sets drawn from the 

95% CI of the model’s posterior (grey lines) were used to simulate the dynamics of (A) 

Uninfected cells, (B) Infected cells, (C) Viral titer, (D) Gene score, and (E) Symptom 

score. 
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5.3.2 Models allowing individual variation 

 To determine the source of the interindividual variability observed in the 

infection dynamics of the challenge study subjects, we considered more complex 

models. Each of these models incorporated a random effect into one of the model 

parameters, inferring that parameter as a distribution rather than as a single value. The 

range of the variable parameter was inferred for all study subjects as the mean and 

standard deviation of that parameter, assuming a normal distribution. The optimal 

parameter value (pi) for each of the study subjects could then be determined by the 

product of the likelihood of the parameter set containing pi and the probability density 

of pi given the inferred distribution N(pµ, pσ). As expected, introducing a random effect 

onto any of the parameters increased the model flexibility and thus, improved model fit. 

However, the level of improvement varied among the more complex models considered, 

with Var(β), Var(γ), Var(κ), and Var(d) yielding the biggest improvement in this order. 

5.3.2.1 Model allowing interindividual variation in β  

 The Var(β) model introduced the random effect into the viral infectivity 

parameter, allowing the model to recover variability in both the magnitude and timing 

of the viral load dynamics. The variable parameter values inferred for the Var(β) model 

are shown in Table 5.3, with the optimal value of β for the subjects ranging from 

! = 4.52 ×10!! RNA copies ml!!day!! for subject Flu015 to ! = 7.96 ×10!!  RNA  

copies ml!!day!! for subject Flu006. Because the viral load dynamics has multiple 
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sources of feedback into the model, variation in this parameter was also able to affect the 

downstream dynamics of the gene score and symptom score. Thus, allowing 

heterogeneity in this parameter led to a striking improvement in model fit, most notably 

for subjects Flu006 and Flu015 (Figure 5.4). The subject-specific values of β enabled the 

time-course of the simulated viral titer and gene score dynamics to shift, peaking earlier 

for Flu006 and later for Flu015, as compared to the population-level model. However, 

allowing variation in β was not sufficient to accommodate the observed variation in the 

timing of these subjects’ symptom score dynamics. This limitation was particularly true 

for subject Flu006, whose reported symptom scores peaked later than the simulated 

symptom scores predicted by the Var(β) model.  
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Figure 5.4: Simulated dynamics for the Var(β) model. The parameter set with the 

highest posterior probability for the Var(β) model was used to simulate the dynamics of 

(A) Viral titer (experimental LOD, dashed), (B) Gene Score and (C) Symptom score. The 

dynamics simulated at βµ (black) is shown alongside the dynamics simulated for the 

Flu006 and Flu015 (line) and these subjects’ the experimental data (circles).  
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5.3.2.2 Model allowing interindividual variation in γ  

Like the viral titer measurements, the subjects’ reported symptom scores showed 

high levels of heterogeneity. Therefore, it was expected that the introduction of a 

random effect into the γ parameter, which describes the rate of symptom induction, 

would also significantly improve model fit. The variable parameter values inferred for 

the Var(γ) model are shown in Table 5.3, with the optimal values of γ inferred for the 

subjects ranging from γ = 11.2 symptom score point ∙ day!! for subject Flu015 to γ = 86.5  

symptom score point ∙ day!! for subject Flu005. The dynamics simulated with the subject-

specific value of γ improved the fit of these subjects’ symptom scores (Figure 5.5). 

However, because the symptoms of disease provide no feedback into the other portions 

of the model, variation in the γ parameter could only change the magnitude of the 

induced symptoms. Allowing variation in γ could not affect the time-course of the 

disease symptoms, nor could it change magnitude or time-course of the viral titer or 

gene score dynamics.  
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Figure 5.5: Simulated dynamics for the Var(!) model. The parameter set with the 

highest posterior probability for the Var(γ) model was used to simulate the dynamics of 

(A) Viral titer (experimental LOD, dashed), (B) Gene Score and (C) Symptom score. The 

dynamics simulated at γµ (black) is shown alongside the dynamics simulated for the 

Flu005 and Flu015 (line) and these subjects’ the experimental data (circles).  
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5.3.2.3 Model allowing interindividual variation in κ 

The Var(κ) model introduced a random effect into the κ parameter, which 

describes the increased rate of infected cell clearance induced by changes in gene 

expression. The κ parameter affects the interface of the viral and gene expression 

dynamics and, therefore, allowing heterogeneity in this parameter had the potential to 

significantly improve model fit. The variable parameter values inferred for the Var(κ) 

model are shown in Table 5.3, with the optimal values of κ inferred for the subjects 

ranging from κ  = 8.43 fold change in gene transcription-1day-1 for subject Flu005 to κ = 

28.9 fold change in gene transcription-1day-1 for subject Flu015. While the dynamics 

simulated with the subject-specific value of κ did improve the model fit, the 

improvements were mainly observed for the magnitude of the subjects’ gene expression 

and symptom score dynamics (Figure 5.6). Introduction of the random effect into κ was 

sufficient to shift the timing of the peak viral titer.  As a result of shifting the viral titer 

dynamics, the peak viral titer for Flu005 occurred earlier and the peak viral titer for 

Flu015 occurring later, as compared to the peak viral titer simulated with κµ. The timing 

shifts, however, were only minor. 
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Figure 5.6: Simulated dynamics for the Var(κ) model. The parameter set with the 

highest posterior probability for the Var(κ) model was used to simulate the dynamics of 

(A) Viral titer (experimental LOD, dashed), (B) Gene Score and (C) Symptom score. The 

dynamics simulated at κµ (black) is shown alongside the dynamics simulated for the 

Flu005 and Flu015 (line) and these subjects’ the experimental data (circles).  
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5.3.2.4 Model allowing interindividual variation in d 

The model Var(d) introduces the random effect into d, the parameter describing 

the rate at which changes in gene expression decay. As previously mentioned, this 

model treats gene expression as a proxy for immune activity, thus, the d parameter, in 

essence, describes the rate at which immune activation subsides. The variable 

parameters inferred for the Var(d) model are shown in Table 5.3, which the subject-

specific d optima ranging from d = 0.306 day-1 for subject Flu006 to d = 0.926 day-1 for 

subject Flu015.  The dynamics simulated with the subject-specific values of d was better 

able to match the subjects’ empirical data, as compared to the dynamics simulated using 

dµ (Figure 5.7). The improvement, however, was rather minor and though the simulated 

values of viral titer, gene score, and symptom score measurements were closer to the 

empirical values, the shape and timing of the simulated dynamical curves were 

incongruous with the empirical data.  
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Figure 5.7: Simulated dynamics for the Var(d) model. The parameter set with the 

highest posterior probability for the Var(d) model was used to simulate the dynamics of 

(A) Viral titer (experimental LOD, dashed), (B) Gene Score and (C) Symptom score. The 

dynamics simulated at dµ (black) is shown alongside the dynamics simulated for the 

Flu006 and Flu015 (line) and these subjects’ the experimental data (circles).  
 

Table 5.3: Inferred variable parameter values 

Model Parameter MLE 95% CI 

Var(β) 
βµ 

6.3×10!! 5.43×10!! − 7.31×10!! 

βσ 1.54×10!! 0.700×10!! − 2.38×10!! 

Var(γ) 
γµ 43.8 30.0 – 70.8 

γσ 
26.6 18.0 – 52.7 

Var(κ) 
κµ 15.4 10.3 – 24.3 

κσ 6.28 4.02 – 17.2 

Var(d) 
dµ 0.566 0.384 – 0.812 

dσ 
0.215 0.103 – 0.487 
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5.3.3 Model selection 

We considered a total of 5 models to describe the intrahost influenza infection 

dynamics following experimental challenge. In the population model, 8 model 

parameters were inferred as a single value held constant across all 9 of the challenge 

study subjects. In the 4 variable models, one of the model parameters, either β, γ, κ, or d, 

was inferred as a normal distribution defined as N(pµ, pσ). Though this modification only 

increased the number of parameters by 1, it increased the model flexibility and allowed 

the model to recover a portion of the interindividual variation observed in the subjects’ 

viral titers, normalized gene scores, and symptom scores (Figure 5.5). These Var models 

were compared with one another and the population models using BIC.  

All of the Var models lead to a marked decrease in BIC and, thus, were strongly 

preferred over the Pop model (Table 5.4). The Var(β) model was the most strongly 

supported, even in comparison to the other Var models. Comparison of the Var(β) 

model with the Var(γ) model, the next most strongly supported model, lead to a ΔBIC = 

36. One reason why the Var(β) model was so strongly preferred over the other models 

considered was it was the only model that reflected the differences in time-course of the 

subjects’ infections (Figure 5.8). This difference was most striking for subjects Flu006 and 

Flu015, who differed in the timing of both viral titer and gene score measurements. 

Unlike the other models considered, Flu006’s optimal β shifted the simulated viral titer 
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and gene score peaked earlier and Flu015’s optimal β shifted the dynamics so that the 

simulated viral titer and gene score peaked later. 

 

Table 5.4: Model comparison 
Model Median 

Log-likelihood 

BIC ΔBIC* Number of 

Parameters 

Pop -493 1026  8 

Var(β) -420 892 133 9 
Var(γ) -445 934 92 9 

Var(!) -461 965 61  

Var(d) -485 1015 11 9 

*ΔBIC = BIC(Pop) – BIC (Var(p)); Bold indicates variable model 

decisively better than population model. 
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Figure 5.8: Comparison of model fits. The parameter set with the highest posterior 

probability was simulated for the Pop model (black) and each of the Var models (colored 

as according to legend). The simulated dynamics for the left (viral titer), middle 

(normalized gene score), and total symptom score (right) are shown for each subject, 

organized by row as according to the y-axis label. For the models that incorporate a 

random effect, the variable parameter was set to the optimal value for that subject. The 

model fits are shown relative to the empirical data (black dots). 
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5.4 Discussion 

Here, we have developed a series of mathematical model to describe intrahost 

infection dynamics observed in a human challenge study with influenza 

A/Wisconsin/2005/67 (H3N2). These models build on intrahost models of IAV infection 

previously proposed in (Canini & Carrat, 2011) and in (Pawelek et al., 2012). But, unlike 

the datasets used to fit these previous models of intrahost IAV infection, our dataset 

contains experimental data describing the dynamics of viral replication, the host 

immune response, and the development of symptoms (Figure 5.1). The simplest model 

we considered simultaneously fit all three of these data sources, inferring single values 

for each parameter that were held constant across all study subjects. Though this 

population level model was able to recover the general trends of infection, it was 

structurally unable to accommodate the marked interindividual variability in the 

subjects’ response to infection (Figure 5.3). Therefore, we considered more complex 

models by introducing a random effect into one of the model parameters by inferring a 

parameter range instead of a single value (Table 5.3). Model selection using BIC showed 

that nearly all of the variable models were very strongly supported over the population 

model (Table 5.4). However, the Var(β) model was the most strongly supported by far 

because it allowed for the model to reflect the differences in the time course of the study 

subjects’ infections (Figure 5.4). 
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 The observations of this study were generally consistent with the findings of 

previous studies. Like the model proposed by Canini and Carrat, we found that the 

incorporating interindividual variability to nearly all model parameter significantly 

improved the model fit (Canini & Carrat, 2011). However, unlike this previous study, 

we did not consider models that incorporated variability into multiple parameters. 

Therefore, we were unable to determine if the simultaneous incorporation of random 

effects into multiple parameters would lead to an even more strongly supported model, 

as suggested by their study.  

 Though our dataset does not include direct measurements of cytokine activity, it 

does include detailed measurements of host gene expression following infection. We use 

the host gene expression, quantified as the normalization of the subjects’ influenza factor 

score, as described in (Woods et al., 2013), as a proxy for cytokine activity. We feel that 

this is a valid assumption given that many of those genes contributing to the factor score 

are involved antiviral and inflammatory pathways. Thus, it is also informative to 

compare the findings of our model with those of other models that fit data describing 

the host immune response. Like the previous models proposed in (Pawelek et al., 2012) 

and (Pawelek et al., 2016), our model is not target cell limited, meaning that infection is 

resolved by the host immune response rather than the depletion of the target cell class, 

as in (Baccam et al., 2006; Saenz et al., 2010). In comparison with those previous models 

that our not target-cell limited, our model of IAV infection is much simpler. In our 
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model, the only way that the immune system limits viral replication is by increasing the 

rate of infected cell clearance. In contrast, the study described in (Pawelek et al., 2012) 

allows the host immune response to limit viral replication in multiple ways, by creating 

a class of resistant cells and by increasing the clearance rate of infected cells. The second 

prior model of within-host influenza infection, described in (Pawelek et al., 2016), also 

assumes that the viral replication is limited only by a single mechanism, immune-

mediated clearance of free virus. However, this model also includes macrophages, 

which serve as an additional class of susceptible cells and, indirectly, as the source of the 

immune response.  

 Though the relative simplicity of the within-host for influenza infection 

presented here is favorable for the reduction of complexity, this simplicity also prevents 

our model from fully explaining some unique features of the IAV challenge dataset, 

These features include the secondary viral titer peak and the bimodal gene expression 

peak, each observed in a subset of the challenge study subjects (Figure 5.8). Other 

models of intrahost influenza infection also found that inclusion of additional immune 

components, generally reflecting both innate and adaptive immunity, were necessary to 

explain the observed infection dynamics (Andreas Handel, Longini, & Antia, 2007; Miao 

et al., 2010b).  Thus, including additional components of the host immune response may 

enable our model to recover these more complex features of the dataset. Unfortunately, 

we do not have any additional immune data from the challenge study to incorporate 
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into the model. However, it is possible to decompose the aggregate gene score into 

separate immune pathways and then more accurately incorporate the activities of the 

distinct pathways into the model. 

In the current tmodel, the influenza gene score represents a weighted average of 

the changes in expression levels of coordinately regulated genes following influenza 

exposure. Many of the key genes comprising the influenza factor score are involved in 

the antiviral and inflammatory pathways, yet the current formulation of the factor score 

does not distinguish genes based on their function or the pathway in which their gene 

products act. Currently, this lack of specificity constitutes a major limitation to this 

study. As the factor score simply reflects a statistical representation of changes in gene 

expression following infection without any mechanistic details. However, Huang et al.’s 

additional analyses of this gene expression dataset further categorized the changes in 

gene expression using clinically informed pathway analysis (Huang et al., 2011). This 

analysis led to the identification of multiple self-organizing maps (SOM) clusters, each 

reflecting a set of co-regulated genes that map to canonical immune response pathways. 

By decomposing the current gene score into components by SOM cluster, it will be 

possible to distinguish the different activities comprising the host immune response and  

better explain the differences in symptom severity among the challenge study subjects. 

Though the incorporation of additional immune components may improve 

model fit, it will also increase model complexity. As with most complex models, the risk 
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of over-parameterization remains an important limiting factor for many proposed 

models of intrahost IAV infection (Beauchemin & Handel, 2011). We have tried to 

control for over-parameterization by using BIC for model selection, however, we will 

remain cognizant of this limitation in the consideration of more complex models 

generated through decomposition of the gene score data.  

 In this study, we have proposed a model for intrahost influenza in humans fit 

simultaneously to data describing viral replication, the host immune response and the 

symptoms of disease. To the best of our knowledge, this is the first such study to 

incorporate data from each of these processes. We have demonstrated that much of the 

interindividual variability among the study subjects in response to infection could be 

explained by the inclusion of a random effect on the viral infectivity parameter β. This 

observation suggests that differences in outcome of infection are driven by differences in 

viral load dynamics. Other studies that have used data collected from the challenge 

study analyzed here have identified fitness differences among the intrahost viral 

populations (Sobel Leonard et al., n.d., 2016). Moreover, these studies have also shown 

that composition of the intrahost viral population varied between the study subjects. 

Thus, it is possible that differences in the fitness of the infecting viral populations among 

the study subjects could explain the variation observed in the optimal value of β inferred 

for each subject. We hope to more directly explore the integration of intrahost viral 

genetics with mathematical models of infection in future studies. 
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5.5 Supplementary information 

 

Figure 5.9: MCMC traces for population level model. The traces for the posterior 

probability and each of the model parameters, as indicated by the subfigure title, for the 

!×!"! iterations following the burn-in of !×!"! iterations.  
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Figure 5.10: Distribution of accepted parameter proposals for population intrahost 
infection dynamics model. The distribution of the posterior probability and the 

accepted parameter values are shown for !×!"! iterations of the MCMC algorithm 

following the burn-in period. The mean (solid) and 95% confidence interval (dashed) are 

shown for each of the distributions. 
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Figure 5.11: Correlations of accepted parameter values from the population model fit.  
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6. Conclusions 

Influenza infection remains a major source of morbidity throughout the world, 

and it is therefore imperative to develop a deeper understanding of the infection 

dynamics and evolution of this virus, both within a population and within an 

individual. While influenza viral evolution and its effect on disease transmission have 

been well characterized at the population level, these processes are far less well defined 

at the intrahost level. I hope the research presented in this dissertation has contributed to 

filling the remaining knowledge gaps through analysis of the forces shaping intrahost 

evolution of influenza virus and examination of the interplay between viral replication 

and the host immune response.  

6.1 Review of main findings 

The second chapter of my dissertation focused on methods to estimate the 

transmission bottleneck size (Nb) from NGS samples of IAV isolated from transmission 

pairs. In this study, I have critically evaluated two existing methods for bottleneck size 

estimation, showing that these methods can be biased by the criteria used to call variants 

and under the assumption of no demographic stochasticity. To address these limitations, 

we developed a novel method of bottleneck size inference, that both minimized the 

potential bias introduced by variant calling thresholds and accommodated demographic 

stochasticity during the early viral growth phase. Comparison of our method of 

bottleneck size inference with existing methods on a simulated dataset revealed ours to 
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be the most accurate for viral infections in which early viral growth exhibits 

stochasticity. Application of all three methods to a dataset of natural influenza A 

infections, originally described in (Poon et al., 2016), showed that the new method 

produced the most biologically reasonable estimates for the transmission bottleneck size 

of IAV, Nb = 169 (95% CI 43-435).  

In the third chapter of this dissertation, I characterized intrahost evolution of IAV 

following experimental infection. I showed that the viral inoculum used for the infection 

study had adapted to the conditions of its preparation in ovo and in vitro. While I was 

unable to quantify the bottleneck size due to the presence of strong selection acting on 

the founding viral population, comparison of viral genetic diversity between the viral 

stock and viral isolates from the study subjects revealed that transmission was governed 

by a selective bottleneck. Analysis of viral genetic diversity present in the subjects over 

the course of infection showed that intrahost viral evolution was rapid and dominated 

by purifying selection. As a result of purifying selection, the intrahost viral population 

reverted towards the consensus sequence of the A/Wisconsin/2005/67 clinical isolate 

used to generate the viral stock.  

In chapter 4, I further characterized the intrahost evolution of influenza virus 

during the experimental challenge study, focusing on the extent of within host viral 

reassortment. I used the trajectory of viral genetic variants to infer the fitness landscape 

for IAV in the study subjects. The results of this analysis showed that selection was 
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targeted towards variants on the PA, HA and NP gene segments and that these variants 

conferred a fitness cost to the containing virions, in support of the previous chapter’s 

conclusions of positive selection. I next reconstructed haplotypes from these variants to 

evaluate different models of selection, i.e. whether selection was acting at the single-

locus (SL) level, the single-gene multi-locus (SGML) level, or the multi-gene multi-locus 

(MGML) level. This latter MGML model also enabled estimation of the effective 

reassortment rate of IAV. Previous studies of influenza infection have shown that viral 

recombination is rare (Boni et al., 2008; Han & Worobey, 2011; Lam et al., 2013), but that 

recombination occurs rapidly (Ince et al., 2013; Marshall et al., 2013), thereby favoring 

the SGML model of selection. Our analysis instead favored the MGML model, indicative 

of an overall low effective reassortment rate. We note, however, that the effective 

reassortment rate inferred for each subject varied with inoculum dose used for the 

corresponding subject, with higher effective reassortment rates inferred for higher 

inoculum doses. This observation suggests that spatial heterogeneity in viral infection 

may account for the low effective reassortment rate inferred in this study. The 

inconsistency between the effective reassortment rates estimated in this study with those 

rates estimated in previous studies indicates a potential limitation in the applicability of 

small mammal models of infection to IAV infections in humans. 

 In chapter 5, I used clinical data collected from same experimental infection 

study analyzed in chapters 3 and 4 to model intrahost influenza infection dynamics. 
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These data included measurements of the subjects’ viral titers’, changes in host gene 

expression, and the reported symptoms of disease. I showed that the version of this 

model that inferred a single value of each parameter across all subjects recovered the 

general trends observed in the experimental data. However, this model was structurally 

unable to recover the interindividual differences of infection dynamics apparent in the 

data. I next evaluated more complex versions of the model that introduced a random 

effect into one of the eight model parameters by inferring the mean and standard 

devaluation of the target parameter’s distribution, rather than inferring a single point 

value for that parameter. These more complex models were, thus, able to recover the 

observed interindividual variability, albeit to different degrees. Nearly all of the more 

complex models were selected over the population model using AIC, though the best 

fitting model was the one where the random effect was introduced into the viral 

infectivity parameter. The selection of this model indicated that much of the variability 

observed in the study subjects could be attributed to differences in viral replication 

rather than differences in the host response. The findings of this study demonstrate the 

importance of viral dynamics in determining the progression of disease.   

6.1.2 Next steps 

 Though the research presented in this dissertation has addressed some of the 

uncertainties surrounding influenza infection at the intrahost level, many aspects of 

intrahost influenza infection remain uncharacterized or incompletely understood. There 
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are many areas that can be further explored using the experimental influenza challenge 

dataset, particularly with respect to the dynamics of intrahost infection discussed in 

chapter 5.   

The next extension of this research is to integrate the results of intrahost viral 

genetic analyses with the intrahost infection dynamics model. One of the key findings 

from the fifth chapter of my thesis was the importance of viral load dynamics in 

determining the progression of disease. Allowing for interindividual variation in the 

viral infectivity parameter significantly improved model fit, indicating that differences 

between the infecting viral populations between different subjects may be responsible 

for much of the observed heterogeneity. The viral genetic analyses described in chapters 

2 and 3 did, in fact, reveal differences in the composition of the infecting viral 

populations between subjects and, moreover, showed they were associated with 

variability in the composite fitness of the intrahost viral population. Therefore, it is 

possible the difference in the strain composition between the study subjects at the onset 

of infection could underlie the differences in the optimal value of viral infectivity 

inferred for the challenge study subjects.  

 The next step of my analysis will be to quantitatively relate the differences 

between the subjects’ viral strain composition to the variability in the challenge subjects’ 

infection dynamics. I propose to incorporate the viral haplotypes, and their proportion 

in each of the study subjects, into the infection dynamics analysis by implementing a 
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multi-strain model. Each of the viral haplotypes would be considered a separate viral 

strain, each assumed to have its own value of viral infectivity. The viral titer data for 

each subject at each time point will also be broken down by haplotype using the 

measurements of population structure inferred in chapter 4. Thus, instead of attributing 

the interindividual variation in viral infectivity to a random, subject-specific effect, I 

hypothesize that the observed variability of infection dynamics can be best explained by 

observed differences in the intrahost viral population structure the study subjects. If this 

hypothesis is correct, the multi-strain infection dynamics model would have a lower 

AIC than the best fitting model identified in chapter 4, that which incorporated a 

random effect on the viral infectivity parameter. In addition, I expect that the inferred 

values of viral infectivity for each of the viral haplotypes would be correlated with the 

corresponding haplotype’s fitness, such that the haplotype with the highest value of β 

viral infectivity would also have the highest fitness.   

6.1.3 Summary 

 In this dissertation, I have characterized influenza A virus infection at the 

intrahost level. I have developed methods to quantify the transmission bottleneck size 

governing natural influenza infection from viral sequence data. By applying these 

methods to a dataset from a cohort study of influenza A infection, the bottleneck size of 

influenza virus in this cohort was expected to be between approximately 100-400 virions. 

I have shown that with sufficient starting viral genetic diversity, as may be expected 
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following a loose transmission bottleneck, rapid intrahost viral evolution is possible. 

However, further analysis of intrahost viral reassortment, a major source of viral genetic 

diversity at the population level, has shown that effective reassortment in humans may 

be limited by spatial heterogeneity. Moreover, I have developed within-host mechanistic 

models of infection dynamics that show much of the heterogeneity observed in the 

host’s response to infection may be attributed to differences in viral load dynamics and, 

thus, the virus itself. Together, these findings suggest that viral genetic diversity and 

subsequent intrahost evolution may influenza in symptom severity. The link between 

viral genetics and the outcome of infection, thus, merits further investigation. The 

implications of link, if substantiated, are that interventions seeking to reduce the 

transmission bottleneck size or impede intrahost evolution may prove beneficial in the 

treatment of influenza infection, in addition to limiting viral transmission. 

 



 

167 

7.  References   

Acevedo, A., & Andino, R. (2014). Library preparation for highly accurate population 

sequencing of RNA viruses. Nature Protocols, 9(7), 1760–1769. 

Agostinelli, C., & Greco, L. (2013). A weighted strategy to handle likelihood uncertainty 

in Bayesian inference. Computational Statistics, 28(1), 319–339. 

http://doi.org/10.1007/s00180-011-0301-1 

Baccam, P., Beauchemin, C., Macken, C. a, Hayden, F. G., & Perelson, A. S. (2006). 

Kinetics of influenza A virus infection in humans. Journal of Virology, 80(15), 7590–9. 

http://doi.org/10.1128/JVI.01623-05 

Baer, A., & Kehn-Hall, K. (2014). Viral Concentration Determination Through Plaque 

Assays: Using Traditional and Novel Overlay Systems. Journal of Visualized 
Experiments, (93), e52065. http://doi.org/10.3791/52065 

Barman, S., Franks, J., Turner, J. C., Yoon, S.-W., Webster, R. G., & Webby, R. J. (2015). 

Egg-adaptive mutations in H3N2v vaccine virus enhance egg-based production 

without loss of antigenicity or immunogenicity. Vaccine, 33(28), 3186–3192. 

http://doi.org/10.1016/j.vaccine.2015.05.011 

Beauchemin, C. A., & Handel, A. (2011). A review of mathematical models of influenza 

A infections within a host or cell culture: lessons learned and challenges ahead. 

BMC Public Health, 11(Suppl 1), S7. 

Bedford, T., Cobey, S., Beerli, P., & Pascual, M. (2010). Global migration dynamics 

underlie evolution and persistence of human influenza a (H3N2). PLoS Pathogens, 

6(5). http://doi.org/10.1371/journal.ppat.1000918 

Bedford, T., Riley, S., Barr, I. G., Broor, S., Chadha, M., Cox, N. J., … Russell, C. a. (2015). 

Global circulation patterns of seasonal influenza viruses vary with antigenic drift. 

Nature, 523(7559), 217–20. http://doi.org/10.1038/nature14460 

Beerenwinkel, N., Günthard, H. F., Roth, V., & Metzner, K. J. (2012). Challenges and 

opportunities in estimating viral genetic diversity from next-generation sequencing 

data. Frontiers in Microbiology, 3(September), 1–16. 

http://doi.org/10.3389/fmicb.2012.00329 

Beerenwinkel, N., & Zagordi, O. (2011). Ultra-deep sequencing for the analysis of viral 



 

168 

populations. Current Opinion in Virology, 1(5), 413–418. 

http://doi.org/10.1016/j.coviro.2011.07.008 

Belser, J. A., Katz, J. M., & Tumpey, T. M. (2011). The ferret as a model organism to study 

influenza A virus infection. Disease Models & Mechanisms, 4(5), 575–9. 

http://doi.org/10.1242/dmm.007823 

Ben-shachar, R., Schmidler, S. C., & Koelle, K. (n.d.). PLOS Computational Biology 

Drivers of inter-individual variation in dengue viral load dynamics. PLoS Comput 
Biol. http://doi.org/10.1098/rsif.2014.0094. 

Betancourt, M., Fereres, A., Fraile, A., & García-Arenal, F. (2008). Estimation of the 

effective number of founders that initiate an infection after aphid transmission of a 

multipartite plant virus. Journal of Virology, 82(24), 12416–12421. 

http://doi.org/10.1128/JVI.01542-08 

Bocharov, G. A., & Romanyukha, A. A. (1994). Mathematical model of antiviral immune 

response III. Influenza A virus infection. Journal of Theoretical Biology, 167(4), 323–

360. Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/7516024 

Boni, M. F., Zhou, Y., Taubenberger, J. K., & Holmes, E. C. (2008). Homologous 

Recombination Is Very Rare or Absent in Human Influenza A Virus. Journal of 
Virology, 82(10), 4807–4811. http://doi.org/10.1128/JVI.02683-07 

Brooke, C. B., Ince, W. L., Wrammert, J., Ahmed, R., Wilson, P. C., Bennink, J. R., & 

Yewdell, J. W. (2013). Most influenza a virions fail to express at least one essential 

viral protein. J Virol, 87(6), 3155–3162. http://doi.org/10.1128/JVI.02284-12 

Brower-Sinning, R., Carter, D. M., Crevar, C. J., Ghedin, E., Ross, T. M., & Benos, P. V. 

(2009). The role of RNA folding free energy in the evolution of the polymerase 

genes of the influenza A virus. Genome Biology, 10(2), R18. http://doi.org/10.1186/gb-

2009-10-2-r18 

Buhnerkempe, M. G., Gostic, K., Park, M., Ahsan, P., Belser, J. A., & Lloyd-Smith, J. O. 

(2015). Mapping influenza transmission in the ferret model to transmission in 

humans. eLife, 4. http://doi.org/10.7554/eLife.07969 

Bull, R. A., Luciani, F., McElroy, K., Gaudieri, S., Pham, S. T., Chopra, A., … Lloyd, A. R. 

(2011). Sequential Bottlenecks Drive Viral Evolution in Early Acute Hepatitis C 

Virus Infection. PLoS Pathogens, 7(9), e1002243. 

http://doi.org/10.1371/journal.ppat.1002243 



 

169 

Burke, D. F., & Smith, D. J. (2014). A recommended numbering scheme for influenza a 

ha subtypes |. PLoS ONE, 9(11). http://doi.org/10.1371/journal.pone 

Bush, R. M. R. M., Bender, C. C. a., Subbarao, K., Cox, N. N. J., & Fitch, W. W. M. (1999). 

Predicting the evolution of human influenza A. Science, 286(5446), 1921–1925. 

http://doi.org/10.1126/science.286.5446.1921 

Canini, L., & Carrat, F. (2011). Population modeling of influenza A/H1N1 virus kinetics 

and symptom dynamics. Journal of Virology, 85(6), 2764–2770. 

http://doi.org/10.1128/JVI.01318-10 

Carrat, F., Vergu, E., Ferguson, N. M., Lemaitre, M., Cauchemez, S., Leach, S., & 

Valleron, A. J. (2008). Time lines of infection and disease in human influenza: A 

review of volunteer challenge studies. American Journal of Epidemiology, 167(7), 775–

785. http://doi.org/10.1093/aje/kwm375 

Chen, Z., Zhou, H., & Jin, H. (2010). The impact of key amino acid substitutions in the 

hemagglutinin of influenza A (H3N2) viruses on vaccine production and antibody 

response. Vaccine, 28(24), 4079–4085. http://doi.org/10.1016/j.vaccine.2010.03.078 

Cordey, S., Junier, T., Gerlach, D., Gobbini, F., Farinelli, L., Zdobnov, E. M., … Kaiser, L. 

(2010). Rhinovirus Genome Evolution during Experimental Human Infection. PLoS 
ONE, 5(5), e10588. http://doi.org/10.1371/journal.pone.0010588 

Davlin, S. L., Blanton, L., Kniss, K., Mustaquim, D., Smith, S., Kramer, N., … Brammer, 

L. (2016). Influenza Activity - United States, 2015-16 Season and Composition of the 

2016-17 Influenza Vaccine. MMWR. Morbidity and Mortality Weekly Report, 65(22), 

567–75. http://doi.org/10.15585/mmwr.mm6522a3 

De Jong, J. C., Rimmelzwaan, G. F., Fouchier, R. A. M., & Osterhaus, A. D. M. E. (2000). 

Influenza virus: A master of metamorphosis. Journal of Infection, 40(3), 218–228. 

http://doi.org/10.1053/jinf.2000.0652 

De Maio, N., Wu, C.-H., & Wilson, D. J. (2016). SCOTTI: Efficient Reconstruction of 

Transmission within Outbreaks with the Structured Coalescent. Retrieved from 

http://arxiv.org/abs/1603.01994 

Dinis, J. M., Florek, N. W., Fatola, O. O., Moncla, L. H., Mutschler, J. P., Charlier, O. K., 

… Friedrich, T. C. (2016). Deep sequencing reveals potential antigenic variants at 

low frequency in influenza A-infected humans. Journal of Virology, 2013(January), 

JVI.03248-15. http://doi.org/10.1128/JVI.03248-15 



 

170 

Dohm, J. C., Lottaz, C., Borodina, T., & Himmelbauer, H. (2008). Substantial biases in 

ultra-short read data sets from high-throughput DNA sequencing. Nucleic Acids 
Research, 36(16). http://doi.org/10.1093/nar/gkn425 

Easterday, B. C. (1980). Animals in the Influenza World. Philosophical Transactions of the 
Royal Society B: Biological Sciences, 288(1029), 433–437. 

http://doi.org/10.1098/rstb.1980.0020 

Emmett, K. J., Lee, A., Khiabanian, H., & Rabadan, R. (2015). High-resolution Genomic 

Surveillance of 2014 Ebolavirus Using Shared Subclonal Variants. PLoS Currents, 

7(OUTBREAKS), 1–17. 

http://doi.org/10.1371/currents.outbreaks.c7fd7946ba606c982668a96bcba43c90 

Fabre, F., Moury, B., Johansen, E. I., Simon, V., Jacquemond, M., & Senoussi, R. (2014). 

Narrow Bottlenecks Affect Pea Seedborne Mosaic Virus Populations during 

Vertical Seed Transmission but not during Leaf Colonization. PLoS Pathog, 10(1), 

e1003833. http://doi.org/10.1371/journal.ppat.1003833 

Fitch, W. M., Bush, R. M., Bender, C. A., & Cox, N. J. (1997). Long term trends in the 

evolution of H(3) HA1 human influenza type A. Proceedings of the National Academy 
of Sciences, 94(15), 7712–7718. Retrieved from 

http://www.pnas.org/content/94/15/7712 

Foll, M., Poh, Y. P., Renzette, N., Ferrer-Admetlla, A., Bank, C., Shim, H., … Jensen, J. D. 

(2014). Influenza Virus Drug Resistance: A Time-Sampled Population Genetics 

Perspective. PLoS Genetics, 10(2). http://doi.org/10.1371/journal.pgen.1004185 

Fonville, J. M. (2015). The expected effect of deleterious mutations on within-host 

adaptation of pathogens. Journal of Virology, JVI.00832-15. 

http://doi.org/10.1128/JVI.00832-15 

Forrester, N. L., Guerbois, M., Seymour, R. L., Spratt, H., & Weaver, S. C. (2012). Vector-

Borne Transmission Imposes a Severe Bottleneck on an RNA Virus Population. 

PLoS Pathog, 8(9), e1002897. http://doi.org/10.1371/journal.ppat.1002897 

Frise, R., Bradley, K., van Doremalen, N., Galiano, M., Elderfield, R. A., Stilwell, P., … 

Barclay, W. S. (2016). Contact transmission of influenza virus between ferrets 

imposes a looser bottleneck than respiratory droplet transmission allowing 

propagation of antiviral resistance. Scientific Reports, 6(February), 29793. 

http://doi.org/10.1038/srep29793 



 

171 

Frost, S. D., Dumaurier, M. J., Wain-Hobson, S., & Brown,  a J. (2001). Genetic drift and 

within-host metapopulation dynamics of HIV-1 infection. Proceedings of the National 
Academy of Sciences of the United States of America, 98(12), 6975–6980. 

http://doi.org/10.1073/pnas.131056998 

Fujii, Y., Goto, H., Watanabe, T., Yoshida, T., & Kawaoka, Y. (2003). Selective segments 

of incorporation into virions influenza virus. Proceedings of the National Academy of 
Sciences of the United States of America, 100(4), 2002–2007. 

http://doi.org/10.1073/pnas.0437772100 

Gelman, A., & Rubin, D. B. (1992). Inference from Iterative Simulation Using Multiple 

Sequences. Statistical Science, 7(4), 457–472. 

Geoghegan, J. L., Senior, A. M., & Holmes, E. C. (2016). Pathogen population bottlenecks 

and adaptive landscapes: overcoming the barriers to disease emergence. Proceedings 
of the Royal Society B: Biological Sciences, 283(1837), 20160727. 

http://doi.org/10.1098/rspb.2016.0727 

Ghedin, E., Holmes, E. C., DePasse, J. V., Pinilla, L. T., Fitch, A., Hamelin, M.-E., … 

Boivin, G. (2012). Presence of Oseltamivir-Resistant Pandemic A/H1N1 Minor 

Variants Before Drug Therapy With Subsequent Selection and Transmission. The 
Journal of Infectious Diseases, 206(10), 1504–1511. http://doi.org/10.1093/infdis/jis571 

Gill, P. W., & Murphy, A. M. (1977). Naturally acquired immunity to influenza type A: a 

further prospective study. The Medical Journal of Australia, 2(23), 761–5. Retrieved 

from http://www.ncbi.nlm.nih.gov/pubmed/611373 

Gong, L. I., & Bloom, J. D. (2014). Epistatically Interacting Substitutions Are Enriched 

during Adaptive Protein Evolution. PLoS Genetics, 10(5), e1004328. 

http://doi.org/10.1371/journal.pgen.1004328 

Grad, Y. H., Newman, R., Zody, M., Yang, X., Murphy, R., Qu, J., … DeVincenzo, J. 

(2014). Within-Host Whole-Genome Deep Sequencing and Diversity Analysis of 

Human Respiratory Syncytial Virus Infection Reveals Dynamics of Genomic 

Diversity in the Absence and Presence of Immune Pressure. Journal of Virology, 

88(13), 7286–7293. http://doi.org/10.1128/JVI.00038-14 

Grenfell, B. T., Pybus, O. G., Gog, J. R., Wood, J. L. N., Daly, J. M., Mumford, J. A., & 

Holmes, E. C. (2004). Unifying the epidemiological and evolutionary dynamics of 

pathogens. Science, 303(5656), 327–332. Retrieved from 

http://www.ncbi.nlm.nih.gov/pubmed/14726583 



 

172 

Guarner, J., Paddock, C. D., Shieh, W. J., Packard, M. M., Patel, M., Montague, J. L., … 

Zaki, S. R. (2006). Histopathologic and immunohistochemical features of fatal 

influenza virus infection in children during the 2003-2004 season. Clin Infect Dis, 

43(2), 132–140. http://doi.org/10.1086/505122 

Gultyaev, A. P., Fouchier, R. A. M., & Olsthoorn, R. C. L. (2010). Influenza Virus RNA 

Structure: Unique and Common Features. International Reviews of Immunology. 

Retrieved from http://www.tandfonline.com/doi/abs/10.3109/08830185.2010.507828 

Gutiérrez, S., Michalakis, Y., & Blanc, S. (2012). Virus population bottlenecks during 

within-host progression and host-to-host transmission. Current Opinion in Virology, 

2(5), 546–555. http://doi.org/10.1016/j.coviro.2012.08.001 

Hall, J. S., French, R., Hein, G. L., Morris, T. J., & Stenger, D. C. (2001). Three distinct 

mechanisms facilitate genetic isolation of sympatric wheat streak mosaic virus 

lineages. Virology, 282(2), 230–6. http://doi.org/10.1006/viro.2001.0841 

Han, G. Z., & Worobey, M. (2011). Homologous recombination in negative sense RNA 

viruses. Viruses, 3(8), 1358–1373. http://doi.org/10.3390/v3081358 

Hancioglu, B., Swigon, D., & Clermont, G. (2007). A dynamical model of human 

immune response to influenza A virus infection. Journal of Theoretical Biology, 246(1), 

70–86. http://doi.org/10.1016/j.jtbi.2006.12.015 

Handel, A., Longini, I. M., & Antia, R. (2009). Towards a quantitative understanding of 

the within-host dynamics of influenza A infections. J R Soc Interface, 7(42), 35–47. 

Handel, A., Longini, I. M. J., & Antia, R. (2007). Neuraminidase Inhibitor Resistance in 

Influenza: Assessing the Danger of Its Generation and Spread. PLoS Comput Biol, 
3(12), e240. http://doi.org/10.1371/journal.pcbi.0030240 

Hause, B., Collin, E., Liu, R., Huang, B., Sheng, Z., & Lu, W. (2014). Characterization of a 

novel influenza virus strain in cattle and swine: proposal for a new genus in the 

Orthomyxoviridae family. MBio, 5(2), 1–10. http://doi.org/10.1128/mBio.00031-14 

Hayashi, T., MacDonald, L. A., & Takimoto, T. (2015). Influenza A virus protein PA-X 

contributes to viral growth and suppression of the host antiviral and immune 

responses. Journal of Virology, 89(12), 6442–52. http://doi.org/10.1128/JVI.00319-15 

Herfst, S., Schrauwen, E. J. A., Linster, M., Chutinimitkul, S., Wit, E. de, Munster, V. J., … 

Fouchier, R. A. M. (2012). Airborne Transmission of Influenza A/H5N1 Virus 



 

173 

Between Ferrets. Science, 336(6088), 1534–1541. 

http://doi.org/10.1126/science.1213362 

Hoelzer, K., Murcia, P. R., Baillie, G. J., Wood, J. L. N., Metzger, S. M., Osterrieder, N., … 

Parrish, C. R. (2010). Intrahost Evolutionary Dynamics of Canine Influenza Virus in 

Naïve and Partially Immune Dogs. Journal of Virology, 84(10), 5329–5335. 

http://doi.org/10.1128/JVI.02469-09 

Holmes, E. C., Ghedin, E., Miller, N., Taylor, J., Bao, Y., St. George, K., … Taubenberger, 

J. K. (2005). Whole-genome analysis of human influenza A virus reveals multiple 

persistent lineages and reassortment among recent H3N2 viruses. PLoS Biology, 

3(9), 1579–1589. http://doi.org/10.1371/journal.pbio.0030300 

Huang, Y., Zaas, A. K., Rao, A., Dobigeon, N., Woolf, P. J., Veldman, T., … Hero, A. O. 

(2011). Temporal Dynamics of Host Molecular Responses Differentiate 

Symptomatic and Asymptomatic Influenza A Infection. PLoS Genetics, 7(8), 

e1002234. http://doi.org/10.1371/journal.pgen.1002234 

Hughes, J., Allen, R. C., Baguelin, M., Hampson, K., Baillie, G. J., Elton, D., … Murcia, P. 

R. (2012). Transmission of Equine Influenza Virus during an Outbreak Is 

Characterized by Frequent Mixed Infections and Loose Transmission Bottlenecks. 

PLoS Pathog, 8(12), e1003081. http://doi.org/10.1371/journal.ppat.1003081 

Hutchinson, E. C., von Kirchbach, J. C., Gog, J. R., & Digard, P. (2010). Genome 

packaging in influenza A virus. Journal of General Virology, 91(2), 313–328. 

http://doi.org/10.1099/vir.0.017608-0 

Illingworth, C. J. R. (2015). Fitness inference from short-read data: Within-host evolution 

of a reassortant H5N1 influenza virus. Molecular Biology and Evolution, 32(11), 3012–

3026. http://doi.org/10.1093/molbev/msv171 

Illingworth, C. J. R. (2016). SAMFIRE: multi-locus variant calling for time-resolved 

sequence data. Bioinformatics, 32(April), btw205-. 

http://doi.org/10.1093/bioinformatics/btw205 

Illingworth, C. J. R., Fischer, A., & Mustonen, V. (2014). Identifying Selection in the 

Within-Host Evolution of Influenza Using Viral Sequence Data. PLoS Computational 
Biology, 10(7), 1–5. http://doi.org/10.1371/journal.pcbi.1003755 

Illingworth, C. J. R., & Mustonen, V. (2012). Components of selection in the evolution of 

the influenza virus: linkage effects beat inherent selection. PLoS Pathogens, 8(12), 



 

174 

e1003091. http://doi.org/10.1371/journal.ppat.1003091 

Imai, M., Watanabe, T., Hatta, M., Das, S. C., Ozawa, M., Shinya, K., … Kawaoka, Y. 

(2012). Experimental adaptation of an influenza H5 HA confers respiratory droplet 

transmission to a reassortant H5 HA/H1N1 virus in ferrets. Nature, 486(7403), 420–

428. http://doi.org/10.1038/nature10831 

Ince, W. L., Gueye-Mbaye, A., Bennink, J. R., & Yewdell, J. W. (2013). Reassortment 

Complements Spontaneous Mutation in Influenza A Virus NP and M1 Genes To 

Accelerate Adaptation to a New Host. Journal of Virology, 87(8), 4330–4338. 

http://doi.org/10.1128/JVI.02749-12 

Iqbal, M., Essen, S. C., Xiao, H., Brookes, S. M., Brown, I. H., & McCauley, J. W. (2012). 

Selection of variant viruses during replication and transmission of H7N1 viruses in 

chickens and turkeys. Virology, 433(2), 282–295. 

http://doi.org/10.1016/j.virol.2012.08.001 

Ison, M. G., Gubareva, L. V., Atmar, R. L., Treanor, J., & Hayden, F. G. (2006). Recovery 

of Drug-Resistant Influenza Virus from Immunocompromised Patients: A Case 

Series. Journal of Infectious Diseases, 193(6), 760–764. http://doi.org/10.1086/500465 

Jackson, G. G., Dowling, H. F., Spiesman, I. G., & Boand, A. V. (1958). Transmission of 

the common cold to volunteers under controlled conditions. I. The common cold as 

a clinical entity. A.M.A. Archives of Internal Medicine, 101(2), 267–78. Retrieved from 

http://www.ncbi.nlm.nih.gov/pubmed/13497324 

Jagger, B. W., Wise, H. M., Kash, J. C., Walters, K.-A. A., Wills, N. M., Xiao, Y.-L. L., … 

Digard, P. (2012). An overlapping protein-coding region in influenza A virus 

segment 3 modulates the host response. Science (New York, N.Y.), 337(6091), 199–

204. http://doi.org/10.1126/science.1222213 

Jin, H., Zhou, H., Liu, H., Chan, W., Adhikary, L., Mahmood, K., … Kemble, G. (2005). 

Two residues in the hemagglutinin of A/Fujian/411/02-like influenza viruses are 

responsible for antigenic drift from A/Panama/2007/99. Virology, 336(1), 113–119. 

http://doi.org/10.1016/j.virol.2005.03.010 

Kass, R. E., & Raftery, A. E. (1995a). Bayes Factors. Journal of the American Statistical 
Association, 90(430), 773. http://doi.org/10.2307/2291091 

Kass, R. E., & Raftery, A. E. (1995b). Bayes Factors. Journal of the American Statistical 
Association, 90(430), 773. http://doi.org/10.2307/2291091 



 

175 

Katz, J. M., & Webster, R. G. (1989). Efficacy of Inactivated Influenza A Virus (H3N2) 

Vaccines Grown in Mammalian Cells or Embryonated Eggs. The Journal of Infectious 
Diseases, 160(2), 191–198. Retrieved from http://www.jstor.org/stable/30122880 

Kaverin, N. V, Gambaryan,  a S., Bovin, N. V, Rudneva, I. a, Shilov,  a a, Khodova, O. M., 

… Kropotkina, E. a. (1998). Postreassortment changes in influenza A virus 

hemagglutinin restoring HA-NA functional match. Virology, 244(2), 315–321. 

http://doi.org/10.1006/viro.1998.9119 

Keeling, M. J., & Rohani, P. (2008). Modeling Infectious Disase in Humans and Animals. 

Princeton, NJ: Princeton University Press. 

Keeling, M. J., Woolhouse, M. E. J., May, R. M., Davies, G., & Grenfell, B. T. (2003). 

Modelling vaccination strategies against foot-and-mouth disease. Nature, 421(6919), 

136–142. http://doi.org/10.1038/nature01343 

Kendall, D. G. (1948). On the Generalized “Birth-and-Death” Process. The Annals of 
Mathematical Statistics, 19(1), 1–15. 

Kiso, M., Mitamura, K., Sakai-Tagawa, Y., Shiraishi, K., Kawakami, C., Kimura, K., … 

Kawaoka, Y. (2004). Resistant influenza A viruses in children treated with 

oseltamivir: descriptive study. Lancet, 364(9436), 759–65. 

http://doi.org/10.1016/S0140-6736(04)16934-1 

Koboldt, D. C., Chen, K., Wylie, T., Larson, D. E., McLellan, M. D., Mardis, E. R., … 

Ding, L. (2009). VarScan: variant detection in massively parallel sequencing of 

individual and pooled samples. Bioinformatics (Oxford, England), 25(17), 2283–2285. 

http://doi.org/10.1093/bioinformatics/btp373 

Koboldt, D. C., Zhang, Q., Larson, D. E., Shen, D., McLellan, M. D., Lin, L., … Wilson, R. 

K. (2012). VarScan 2: Somatic mutation and copy number alteration discovery in 

cancer by exome sequencing. Genome Research, 22(3), 568–576. 

http://doi.org/10.1101/gr.129684.111 

Koel, B. F., van der Vliet, S., Burke, D. F., Bestebroer, T. M., Bharoto, E. E., Yasa, I. W. W., 

… Fouchier, R. A. M. (2014). Antigenic variation of clade 2.1 H5N1 virus is 

determined by a few amino acid substitutions immediately adjacent to the receptor 

binding site. mBio, 5(3), e01070-14. http://doi.org/10.1128/mBio.01070-14 

Koelle, K., Cobey, S., Grenfell, B., & Pascual, M. (2006). Epochal evolution shapes the 

phylodynamics of interpandemic influenza A (H3N2) in humans. Science, 314(5807), 



 

176 

1898–1903. 

Koelle, K., & Rasmussen, D. A. (2015). The effects of a deleterious mutation load on 

patterns of influenza A/H3N2’s antigenic evolution in humans. eLife, 4(September), 

1–31. http://doi.org/10.7554/eLife.07361 

Kryazhimskiy, S., Dushoff, J., Bazykin, G. A., & Plotkin, J. B. (2011). Prevalence of 

epistasis in the evolution of influenza A surface proteins. PLoS Genetics, 7(2), 

e1001301. http://doi.org/10.1371/journal.pgen.1001301 

Kryazhimskiy, S., & Plotkin, J. B. (2008). The Population Genetics of dN/dS. PLoS 
Genetics, 4(12), e1000304. http://doi.org/10.1371/journal.pgen.1000304 

Lakdawala, S. S., Jayaraman, A., Halpin, R. A., Lamirande, E. W., Shih, A. R., Stockwell, 

T. B., … Subbarao, K. (2015). The soft palate is an important site of adaptation for 

transmissible influenza viruses. Nature, 526(7571), 122–5. 

http://doi.org/10.1038/nature15379 

Lam, T. T. Y., Chong, Y. L., Shi, M., Hon, C. C., Li, J., Martin, D. P., … Leung, F. C. C. 

(2013). Systematic phylogenetic analysis of influenza A virus reveals many novel 

mosaic genome segments. Infection, Genetics and Evolution, 18, 367–378. 

http://doi.org/10.1016/j.meegid.2013.03.015 

Lau, L. L. H., Cowling, B. J., Fang, V. J., Chan, K.-H., Lau, E. H. Y., Lipsitch, M., … 

Leung, G. M. (2010). Viral shedding and clinical illness in naturally acquired 

influenza virus infections. The Journal of Infectious Diseases, 201(10), 1509–16. 

http://doi.org/10.1086/652241 

Lee, A. J., Das, S. R., Wang, W., Fitzgerald, T., Pickett, B. E., Aevermann, B. D., … 

Scheuermann, R. H. (2015). Diversifying Selection Analysis Predicts Antigenic 

Evolution of 2009 Pandemic H1N1 Influenza A Virus in Humans. Journal of 
Virology, 89(10), 5427–5440. http://doi.org/10.1128/JVI.03636-14 

Li, H., & Durbin, R. (2009). Fast and accurate short read alignment with Burrows-

Wheeler transform. Bioinformatics (Oxford, England), 25(14), 1754–1760. 

http://doi.org/10.1093/bioinformatics/btp324 

Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., … 1000 Genome 

Project Data Processing Subgroup. (2009). The Sequence Alignment/Map format 

and SAMtools. Bioinformatics (Oxford, England), 25(16), 2078–2079. 

http://doi.org/10.1093/bioinformatics/btp352 



 

177 

Lloyd-Smith, J. O., Schreiber, S. J., Kopp, P. E., & Getz, W. M. (2005). Superspreading 

and the effect of individual variation on disease emergence. Nature, 438(7066), 355–

359. 

Loeb, M., Singh, P. K., Fox, J., Russell, M. L., Pabbaraju, K., Zarra, D., … Fonseca, K. 

(2012). Longitudinal study of influenza molecular viral shedding in hutterite 

communities. Journal of Infectious Diseases, 206(7), 1078–1084. 

http://doi.org/10.1093/infdis/jis450 

Lu, B., Zhou, H., Chan, W., Kemble, G., & Jin, H. (2006). Single amino acid substitutions 

in the hemagglutinin of influenza A/Singapore/21/04 (H3N2) increase virus growth 

in embryonated chicken eggs. Vaccine, 24(44–46), 6691–6693. 

http://doi.org/10.1016/j.vaccine.2006.05.062 

Łuksza, M., Lässig, M., Luksza, M., & Lässig, M. (2014). A predictive fitness model for 

influenza. Nature, 507(7490), 57–61. http://doi.org/10.1038/nature13087 

Lythgoe, K. A., Blanquart, F., Pellis, L., & Fraser, C. (2016). Large Variations in HIV-1 

Viral Load Explained by Shifting-Mosaic Metapopulation Dynamics. PLOS Biology, 

14(10), e1002567. http://doi.org/10.1371/journal.pbio.1002567 

Marsh, G. A., Rabadán, R., Levine, A. J., Palese, P., Rabadan, R., Levine, A. J., & Palese, 

P. (2008). Highly conserved regions of influenza a virus polymerase gene segments 

are critical for efficient viral RNA packaging. Journal of Virology, 82(5), 2295–304. 

http://doi.org/10.1128/JVI.02267-07 

Marshall, N., Priyamvada, L., Ende, Z., Steel, J., & Lowen, A. C. (2013). Influenza Virus 

Reassortment Occurs with High Frequency in the Absence of Segment Mismatch. 

PLoS Pathogens, 9(6), 1–11. http://doi.org/10.1371/journal.ppat.1003421 

McCaw, J. M., Arinaminpathy, N., Hurt, A. C., McVernon, J., & McLean, A. R. (2011). A 

Mathematical Framework for Estimating Pathogen Transmission Fitness and 

Inoculum Size Using Data from a Competitive Mixtures Animal Model. PLoS 
Computational Biology, 7(4). http://doi.org/10.1371/journal.pcbi.1002026 

Mcclain, M. T., Henao, R., Williams, J., Nicholson, B., Veldman, T., Hudson, L., … 

Woods, C. W. (2015). Differential evolution of peripheral cytokine levels in 

symptomatic and asymptomatic responses to experimental influenza virus 

challenge. Clinical and Experimental Immunology, 183(3), 441–451. 

http://doi.org/10.1111/cei.12736 



 

178 

McClain, M. T., Nicholson, B. P., Park, L. P., Liu, T.-Y., Hero, A. O., Tsalik, E., … Woods, 

C. W. (2016). A genomic signature of influenza infection shows potential for 

presymptomatic detection, guiding early therapy, and monitoring clinical 

responses. Open Forum Infectious Diseases, 3(1), 1–4. 

http://doi.org/10.1093/ofid/ofw007 

McCrone, J. T., & Lauring, A. S. (2016). Measurements of intrahost viral diversity are 

extremely sensitive to systematic errors in variant calling. Journal of Virology, (May), 

JVI.00667-16. http://doi.org/10.1128/JVI.00667-16 

McElroy, K., Thomas, T., & Luciani, F. (2014). Deep sequencing of evolving pathogen 

populations: applications, errors, and bioinformatic solutions. Microbial Informatics 
and Experimentation, 4(1), 1. http://doi.org/10.1186/2042-5783-4-1 

Meyer, A. G., & Wilke, C. O. (2015). Geometric Constraints Dominate the Antigenic 

Evolution of Influenza H3N2 Hemagglutinin. PLoS Pathogens, 11(5), e1004940. 

http://doi.org/10.1371/journal.ppat.1004940 

Miao, H., Hollenbaugh, J. A., Zand, M. S., Holden-Wiltse, J., Mosmann, T. R., Perelson, 

A. S., … Topham, D. J. (2010a). Quantifying the Early Immune Response and 

Adaptive Immune Response Kinetics in Mice Infected with Influenza A Virus. 

Journal of Virology, 84(13), 6687–6698. http://doi.org/10.1128/JVI.00266-10 

Miao, H., Hollenbaugh, J. a, Zand, M. S., Holden-Wiltse, J., Mosmann, T. R., Perelson, A. 

S., … Topham, D. J. (2010b). Quantifying the early immune response and adaptive 

immune response kinetics in mice infected with influenza A virus. Journal of 
Virology, 84(13), 6687–6698. http://doi.org/10.1128/JVI.00266-10 

Mitnaul, L. J., Matrosovich, M. N., Castrucci, M. R., Tuzikov, A. B., Bovin, N. V, Kobasa, 

D., & Kawaoka, Y. (2000). Balanced hemagglutinin and neuraminidase activities are 

critical for efficient replication of influenza A virus. Journal of Virology, 74(13), 6015–

20. http://doi.org/10.1128/JVI.74.13.6015-6020.2000 

Molinari, N.-A. M., Ortega-Sanchez, I. R., Messonnier, M. L., Thompson, W. W., 

Wortley, P. M., Weintraub, E., & Bridges, C. B. (2007). The annual impact of 

seasonal influenza in the US: Measuring disease burden and costs. Vaccine, 25(27), 

5086–5096. http://doi.org/10.1016/j.vaccine.2007.03.046 

Moncla, L. H., Zhong, G., Nelson, C. W., Dinis, J. M., Mutschler, J., Hughes, A. L., … 

Friedrich, T. C. (2016). Selective Bottlenecks Shape Evolutionary Pathways Taken 

during Mammalian Adaptation of a 1918-like Avian Influenza Virus. Cell Host and 



 

179 

Microbe, 19(2), 169–180. http://doi.org/10.1016/j.chom.2016.01.011 

Moody, M. A., Zhang, R., Walter, E. B., Woods, C. W., Ginsburg, G. S., McClain, M. T., 

… Haynes, B. F. (2011). H3N2 Influenza Infection Elicits More Cross-Reactive and 

Less Clonally Expanded Anti-Hemagglutinin Antibodies Than Influenza 

Vaccination. PLoS ONE, 6(10), e25797. http://doi.org/10.1371/journal.pone.0025797 

Moss, W. N., Priore, S. F., & Turner, D. H. (2011). Identification of potential conserved 

RNA secondary structure throughout influenza A coding regions. RNA (New York, 
N.Y.), 17(6), 991–1011. http://doi.org/10.1261/rna.2619511 

Moury, B., Fabre, F., & Senoussi, R. (2007). Estimation of the number of virus particles 

transmitted by an insect vector. Proceedings of the National Academy of Sciences of the 
United States of America, 104(45), 17891–6. http://doi.org/10.1073/pnas.0702739104 

Mugal, C. F., Wolf, J. B. W., & Kaj, I. (2014). Why time matters: Codon evolution and the 

temporal dynamics of dN/dS. Molecular Biology and Evolution, 31(1), 212–231. 

http://doi.org/10.1093/molbev/mst192 

Murcia, P. R., Baillie, G. J., Daly, J., Elton, D., Jervis, C., Mumford, J. A., … Whitwham, 

A. (2010). Intra- and Interhost Evolutionary Dynamics of Equine Influenza Virus. 

Journal of Virology, 84(14), 6943–6954. http://doi.org/10.1128/JVI.00112-10 

Murcia, P. R., Baillie, G. J., Stack, J. C., Jervis, C., Elton, D., Mumford, J. A., … Wood, J. L. 

N. (2013). Evolution of Equine Influenza Virus in Vaccinated Horses. Journal of 
Virology, 87(8), 4768–4771. http://doi.org/10.1128/JVI.03379-12 

Murcia, P. R., Hughes, J., Battista, P., Lloyd, L., Baillie, G. J., Ramirez-Gonzalez, R. H., … 

Wood, J. L. N. (2012). Evolution of an Eurasian Avian-like Influenza Virus in Naïve 

and Vaccinated Pigs. PLoS Pathogens, 8(5), e1002730. Retrieved from http://www-

ncbi-nlm-nih-

gov.proxy.lib.duke.edu/pmc/articles/PMC3364949/?tool=pmcentrez&report=abstrac

t 

Murillo, L. N., Murillo, M. S., & Perelson, A. S. (2013). Towards multiscale modeling of 

influenza infection. Journal of Theoretical Biology, 332, 267–290. 

http://doi.org/10.1016/j.jtbi.2013.03.024 

Nakowitsch, S., Waltenberger, A. M., Wressnigg, N., Ferstl, N., Triendl, A., Kiefmann, B., 

… Romanova, J. R. (2014). Egg- or cell culture-derived hemagglutinin mutations 

impair virus stability and antigen content of inactivated influenza vaccines. 



 

180 

Biotechnology Journal, 9(3), 405–414. http://doi.org/10.1002/biot.201300225 

Nakowitsch, S., Wolschek, M., Morokutti, A., Ruthsatz, T., Krenn, B. M., Ferko, B., … 

Romanova, J. (2011). Mutations affecting the stability of the haemagglutinin 

molecule impair the immunogenicity of live attenuated H3N2 intranasal influenza 

vaccine candidates lacking NS1. Vaccine, 29(19), 3517–3524. 

http://doi.org/10.1016/j.vaccine.2011.02.100 

Neher, R. A., Russell, C. A., & Shraiman, B. I. (2014). Predicting evolution from the shape 

of genealogical trees. eLife, 3, e03568. http://doi.org/10.7554/eLife.03568 

Nei, M., & Gojobori, T. (1986). Simple methods for estimating the numbers of 

synonymous and nonsynonymous nucleotide substitutions. Molecular Biology and 
Evolution, 3(5), 418–426. Retrieved from 

http://mbe.oxfordjournals.org.proxy.lib.duke.edu/content/3/5/418.abstract 

Nelson, C. W., & Hughes, A. L. (2015). Within-host nucleotide diversity of virus 

populations: Insights from next-generation sequencing. Infection, Genetics and 
Evolution, 30, 1–7. http://doi.org/10.1016/j.meegid.2014.11.026 

Nelson, M. I., Simonsen, L., Viboud, C., Miller, M. A., & Holmes, E. C. (2007). 

Phylogenetic analysis reveals the global migration of seasonal influenza A viruses. 

PLoS Pathogens, 3(9), 1220–1228. http://doi.org/10.1371/journal.ppat.0030131 

Olson, N. D., Lund, S. P., Colman, R. E., Foster, J. T., Sahl, J. W., Schupp, J. M., … Zook, J. 

M. (2015). Best practices for evaluating single nucleotide variant calling methods for 

microbial genomics. Frontiers in Genetics, 6, 235. 

http://doi.org/10.3389/fgene.2015.00235 

Pawelek, K. A., Dor, D., Salmeron, C., & Handel, A. (2016). Within-Host Models of High 

and Low Pathogenic Influenza Virus Infections : The Role of Macrophages, 1–16. 

http://doi.org/10.1371/journal.pone.0150568 

Pawelek, K. A., Huynh, G. T., Quinlivan, M., Cullinane, A., Rong, L., & Perelson, A. S. 

(2012). Modeling Within-Host Dynamics of Influenza Virus Infection Including 

Immune Responses. PLoS Comput Biol, 8(6), e1002588. 

http://doi.org/10.1371/journal.pcbi.1002588 

Poon, L. L. M., Song, T., Rosenfeld, R., Lin, X., Rogers, M. B., Zhou, B., … Ghedin, E. 

(2016). Quantifying influenza virus diversity and transmission in humans. Nature 
Genetics, 1(August 2015), 1–6. http://doi.org/10.1038/ng.3479 



 

181 

Quail, M. A., Smith, M., Coupland, P., Otto, T. D., Harris, S. R., Connor, T. R., … Gu, Y. 

(2012). A tale of three next generation sequencing platforms: comparison of Ion 

Torrent, Pacific Biosciences and Illumina MiSeq sequencers. BMC Genomics, 13(1), 

341. http://doi.org/10.1186/1471-2164-13-341 

Robertson, J. S. (1993). Clinical influenza virus and the embryonated Hen’s egg. Reviews 
in Medical Virology, 3(2), 97–106. http://doi.org/10.1002/rmv.1980030206 

Sacristán, S., Díaz, M., Fraile, A., & García-Arenal, F. (2011). Contact transmission of 

Tobacco mosaic virus: a quantitative analysis of parameters relevant for virus 

evolution. Journal of Virology, 85(10), 4974–4981. http://doi.org/10.1128/JVI.00057-11 

Sacristán, S., Malpica, J. M., Fraile, A., & García-Arenal, F. (2003). Estimation of 

Population Bottlenecks during Systemic Movement of Tobacco Mosaic Virus in 

Tobacco Plants. Journal of Virology, 77(18), 9906–9911. 

http://doi.org/10.1128/JVI.77.18.9906-9911.2003 

Saenz, R. A., Quinlivan, M., Elton, D., MacRae, S., Blunden, A. S., Mumford, J. A., … 

Gog, J. R. (2010). Dynamics of Influenza Virus Infection and Pathology. Journal of 
Virology, 84(8), 3974–3983. http://doi.org/10.1128/JVI.02078-09 

Schwarz, G. (1978). Estimating the dimension of a model. The Annals of Statistics, 6(2), 

461–464. http://doi.org/10.1214/aos/1176344136 

Shih, A. C.-C., Hsiao, T.-C., Ho, M.-S., & Li, W.-H. (2007). Simultaneous amino acid 

substitutions at antigenic sites drive influenza A hemagglutinin evolution. 

Proceedings of the National Academy of Sciences of the United States of America, 104(15), 

6283–6288. http://doi.org/10.1073/pnas.0701396104 

Skowronski, D. M., Janjua, N. Z., Serres, G. De, Sabaiduc, S., & Eshaghi, A. (2014). Low 

2012 – 13 Influenza Vaccine Effectiveness Associated with Mutation in the Egg-

Adapted H3N2 Vaccine Strain Not Antigenic Drift in Circulating Viruses, 9(3), 1–

15. http://doi.org/10.1371/journal.pone.0092153 

Skums, P., Bunimovich, L., & Khudyakov, Y. (2015). Antigenic cooperation among 

intrahost HCV variants organized into a complex network of cross-

immunoreactivity. Proceedings of the National Academy of Sciences of the United States 
of America, 112(21), 6653–8. http://doi.org/10.1073/pnas.1422942112 

Smith, A. M., & Perelson, A. S. (2010). Influenza A virus infection kinetics: quantitative 

data and models. Wiley Interdisciplinary Reviews: Systems Biology and Medicine, 3(4), 



 

182 

429–445. http://doi.org/10.1002/wsbm.129 

Smith, D. J., Lapedes, A. S., de Jong, J. C., Bestebroer, T. M., Rimmelzwaan, G. F., 

Osterhaus, A. D. M. E., & Fouchier, R. a M. (2004). Mapping the antigenic and 

genetic evolution of influenza virus. Science (New York, N.Y.), 305(5682), 371–376. 

http://doi.org/10.1126/science.1097211 

Smith, D. R., Adams, A. P., Kenney, J. L., Wang, E., & Weaver, S. C. (2008). Venezuelan 

equine encephalitis virus in the mosquito vector Aedes taeniorhynchus: Infection 

initiated by a small number of susceptible epithelial cells and a population 

bottleneck. Virology, 372(1), 176–186. http://doi.org/10.1016/j.virol.2007.10.011 

Smith, G. J. D., Vijaykrishna, D., Bahl, J., Lycett, S. J., Worobey, M., Pybus, O. G., … 

Rambaut, A. (2009). Origins and evolutionary genomics of the 2009 swine-origin 

H1N1 influenza A epidemic. Nature, 459(7250), 1122–1125. 

http://doi.org/10.1038/nature08182 

Sobel Leonard, A., Mcclain, M. K., Smith, G. J. D., Wentworth, D., Rebecca, A., Lin, X., … 

Christopher, J. R. (n.d.). The effective rate of influenza reassortment is limited 

during human infection, 1–20. 

Sobel Leonard, A., McClain, M. T., Smith, G. J. D., Wentworth, D. E., Halpin, R. A., Lin, 

X., … Koelle, K. (2016). Deep Sequencing of Influenza A Virus from a Human 

Challenge Study Reveals a Large Founder Population Size and Rapid Intrahost 

Viral Evolution. Journal of Virology. 

Sonoguchi, T., Naito, H., Hara, M., Takeuchi, Y., & Fukumi, H. (1985). Cross-subtype 

protection in humans during sequential, overlapping, and/or concurrent epidemics 

caused by H3N2 and H1N1 influenza viruses. The Journal of Infectious Diseases, 

151(1), 81–88. Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/3965596 

Soszynska-Jozwiak, M., Michalak, P., Moss, W. N., Kierzek, R., & Kierzek, E. (2015). A 

Conserved Secondary Structural Element in the Coding Region of the Influenza A 

Virus Nucleoprotein (NP) mRNA Is Important for the Regulation of Viral 

Proliferation. PloS One, 10(10), e0141132. 

http://doi.org/10.1371/journal.pone.0141132 

Stack, J. C., Murcia, P. R., Grenfell, B. T., Wood, J. L. N., & Holmes, E. C. (2012). Inferring 

the inter-host transmission of influenza A virus using patterns of intra-host genetic 

variation. Proceedings of the Royal Society B: Biological Sciences, 280(1750), 20122173–

20122173. http://doi.org/10.1098/rspb.2012.2173 



 

183 

Stevens, J., Chen, L.-M., Carney, P. J., Garten, R., Foust, A., Le, J., … Donis, R. O. (2010). 

Receptor Specificity of Influenza A H3N2 Viruses Isolated in Mammalian Cells and 

Embryonated Chicken Eggs. Journal of Virology, 84(16), 8287–8299. 

http://doi.org/10.1128/JVI.00058-10 

Strelkowa, N., Lassig, M., Lässig, M., & Lassig, M. (2012). Clonal Interference in the 

Evolution of Influenza. Genetics, 192(2), 671–682. 

http://doi.org/10.1534/genetics.112.143396 

Tao, H., Li, L., White, M. C., Steel, J., & Lowen, A. C. (2015). Influenza A Virus 

Coinfection through Transmission Can Support High Levels of Reassortment. 

Journal of Virology, 89(16), 8453–8461. http://doi.org/10.1128/JVI.01162-15 

Tao, H., Steel, J., & Lowen, A. C. (2014). Intrahost dynamics of influenza virus 

reassortment. Journal of Virology, 88(13), 7485–92. http://doi.org/10.1128/JVI.00715-14 

Tapparel, C., Cordey, S., Junier, T., Farinelli, L., Van Belle, S., Soccal, P. M., … Kaiser, L. 

(2011). Rhinovirus Genome Variation during Chronic Upper and Lower 

Respiratory Tract Infections. PLoS ONE, 6(6), e21163. 

http://doi.org/10.1371/journal.pone.0021163 

Van den Hoecke, S., Verhelst, J., Vuylsteke, M., & Saelens, X. (2015). Analysis of the 

genetic diversity of influenza A viruses using next-generation DNA sequencing. 

BMC Genomics, 16(1). http://doi.org/10.1186/s12864-015-1284-z 

van der Sluijs, K. F., van der Poll, T., Lutter, R., Juffermans, N. P., & Schultz, M. J. (2010). 

Bench-to-bedside review: bacterial pneumonia with influenza - pathogenesis and 

clinical implications. Critical Care (London, England), 14(2), 219. 

http://doi.org/10.1186/cc8893 

van der Werf, W., Hemerik, L., Vlak, J. M., & Zwart, M. P. (2011). Heterogeneous host 

susceptibility enhances prevalence of Mixed-Genotype Micro-Parasite infections. 

PLoS Computational Biology, 7(6). http://doi.org/10.1371/journal.pcbi.1002097 

Varble, A., Albrecht, R. A. a, Backes, S., Crumiller, M., Bouvier, N. M. M., Sachs, D., … 

TenOever, B. R. R. (2014). Influenza A virus transmission bottlenecks are defined by 

infection route and recipient host. Cell Host & Microbe, 16(5), 691–700. 

http://doi.org/10.1016/j.chom.2014.09.020 

Wang, C., Mitsuya, Y., Gharizadeh, B., Ronaghi, M., & Shafer, R. W. (2007). 

Characterization of mutation spectra with ultra-deep pyrosequencing: Application 



 

184 

to HIV-1 drug resistance. Genome Research, 17(8), 1195–1201. 

http://doi.org/10.1101/gr.6468307 

Wang, X. (2010). Approximating Bayesian likelihood by weighted. Canadian Journal of 
Statistics, 34(2), 279–298. http://doi.org/10.1002/cjs.5550340206 

Watanabe, T., Zhong, G., Russell, C. A., Nakajima, N., Hatta, M., Hanson, A., … 

Kawaoka, Y. (2014). Circulating avian influenza viruses closely related to the 1918 

virus have pandemic potential. Cell Host and Microbe, 15(6), 692–705. 

http://doi.org/10.1016/j.chom.2014.05.006 

Webster, R. G., Bean, W. J., Gorman, O. T., & Chambers, T. M. (1992). Evolution and 

Ecology of Influenza A Viruses. Microbiological Reviews, 56(1), 152–179. 

Welkers, M. R. A., Jonges, M., Jeeninga, R. E., Koopmans, M. P. G., & de Jong, M. D. 

(2015). Improved detection of artifactual viral minority variants in high-throughput 

sequencing data. Frontiers in Microbiology, 5, 804. 

http://doi.org/10.3389/fmicb.2014.00804 

WHO. (2011). Manual for the laboratory diagnosis and virological surveillance of influenza. 

World Health Organization 2011. 

Widjaja, L., Ilyushina, N., Webster, R. G., & Webby, R. J. (2006). Molecular changes 

associated with adaptation of human influenza A virus in embryonated chicken 

eggs. Virology, 350, 137–145. http://doi.org/10.1016/j.virol.2006.02.020 

Wilker, P. R., Dinis, J. M., Starrett, G., Imai, M., Hatta, M., Nelson, W., … Friedrich, T. C. 

(2013). Selection on hemagglutinin imposes a bottleneck during mammalian 

transmission of reassortant H5N1 influenza viruses. Nature Communications, 4. 

http://doi.org/10.1038/ncomms3636.Selection 

Wilkinson, T. M. a., Li, C. K. . F., Chui, C. S. C. C., Huang, A. K. Y. Y., Perkins, M., 

Liebner, J. C., … Xu, X.-N. (2012). Preexisting influenza-specific CD4+ T cells 

correlate with disease protection against influenza challenge in humans. Nature 
Medicine, 18(2), 274–280. http://doi.org/10.1038/nm.2612 

Wilm, A., Aw, P. P. K., Bertrand, D., Yeo, G. H. T., Ong, S. H., Wong, C. H., … 

Nagarajan, N. (2012). LoFreq: A sequence-quality aware, ultra-sensitive variant 

caller for uncovering cell-population heterogeneity from high-throughput 

sequencing datasets. Nucleic Acids Research, 40(22), 11189–11201. 

http://doi.org/10.1093/nar/gks918 



 

185 

Wolf, Y. I., Viboud, C., Holmes, E. C., Koonin, E. V, & Lipman, D. J. (2006). Long 

intervals of stasis punctuated by bursts of positive selection in the seasonal 

evolution of influenza A virus. Biology Direct, 1(1), 34. http://doi.org/10.1186/1745-

6150-1-34 

Woods, C. W., McClain, M. T., Chen, M., Zaas, A. K., Nicholson, B. P., Varkey, J., … 

Ginsburg, G. S. (2013). A Host Transcriptional Signature for Presymptomatic 

Detection of Infection in Humans Exposed to Influenza H1N1 or H3N2. PLoS ONE, 

8(1), e52198. http://doi.org/10.1371/journal.pone.0052198 

Worby, C. J., Lipsitch, M., & Hanage, W. P. (2014). Within-Host Bacterial Diversity 

Hinders Accurate Reconstruction of Transmission Networks from Genomic 

Distance Data. PLoS Computational Biology, 10(3). 

http://doi.org/10.1371/journal.pcbi.1003549 

Wright, C. F., Morelli, M. J., Thebaud, G., Knowles, N. J., Herzyk, P., Paton, D. J., … 

King, D. P. (2011). Beyond the Consensus: Dissecting Within-Host Viral Population 

Diversity of Foot-and-Mouth Disease Virus by Using Next-Generation Genome 

Sequencing. Journal of Virology, 85(5), 2266–2275. http://doi.org/10.1128/JVI.01396-10 

Wright, S. (1990). Evolution in mendelian populations. Bulletin of Mathematical Biology, 

52(1–2), 241–295. http://doi.org/10.1007/BF02459575 

Xu, R., Zhu, X., McBride, R., Nycholat, C. M., Yu, W., Paulson, J. C., & Wilson, I. A. 

(2012). Functional balance of the hemagglutinin and neuraminidase activities 

accompanies the emergence of the 2009 H1N1 influenza pandemic. Journal of 
Virology, 86(17), 9221–32. http://doi.org/10.1128/JVI.00697-12 

Xue, K. S., Hooper, K. A., Ollodart, A. R., Dingens, A. S., & Bloom, J. D. (2016). 

Cooperation between distinct viral variants promotes growth of h3n2 influenza in 

cell culture. eLife, 5(MARCH2016), 1–15. http://doi.org/10.7554/eLife.13974 

Yang, Z., & Bielawski, J. R. (2000). Statistical methods for detecting molecular 

adaptation. Trends in Ecology and Evolution, 15(12), 496–503. 

http://doi.org/10.1016/S0169-5347(00)01994-7 

Zaas, A. K., Burke, T., Chen, M., McClain, M., Nicholson, B., Veldman, T., … Ginsburg, 

G. S. (2013). A Host-Based RT-PCR Gene Expression Signature to Identify Acute 

Respiratory Viral Infection. Science Translational Medicine, 5(203), 203ra126-203ra126. 

http://doi.org/10.1126/scitranslmed.3006280 



 

186 

Zaas, A. K., Chen, M., Varkey, J., Veldman, T., Hero III, A. O., Lucas, J., … Ginsburg, G. 

S. (2009). Gene Expression Signatures Diagnose Influenza and Other Symptomatic 

Respiratory Viral Infections in Humans. Cell Host & Microbe, 6(3), 207–217. 

http://doi.org/10.1016/j.chom.2009.07.006 

Zaraket, H., Baranovich, T., Kaplan, B. S., Carter, R., Song, M.-S., Paulson, J. C., … 

Webby, R. J. (2015). Mammalian adaptation of influenza A(H7N9) virus is limited 

by a narrow genetic bottleneck. Nature Communications, 6, 6553. 

http://doi.org/10.1038/ncomms7553 

Zeldovich, K. B., Liu, P., Renzette, N., Foll, M., Pham, S. T., Venev, S. V., … Finberg, R. 

W. (2015). Positive Selection Drives Preferred Segment Combinations during 

Influenza Virus Reassortment. Molecular Biology and Evolution, 32(6), 1519–1532. 

http://doi.org/10.1093/molbev/msv044 

Zhou, B., Donnelly, M. E., Scholes, D. T., St George, K., Hatta, M., Kawaoka, Y., & 

Wentworth, D. E. (2009). Single-reaction genomic amplification accelerates 

sequencing and vaccine production for classical and Swine origin human influenza 

a viruses. Journal of Virology, 83(19), 10309–13. http://doi.org/10.1128/JVI.01109-09 

Zhou, B., & Wentworth, D. E. (2012). Influenza A virus molecular virology techniques. 
Methods in molecular biology (Clifton, N.J.) (Vol. 865). http://doi.org/10.1007/978-1-

61779-621-0_11 

Zwart, M. P., Daròs, J. A., & Elena, S. F. (2011). One is enough: In vivo effective 

population size is dose-dependent for a plant RNA virus. PLoS Pathogens, 7(7). 

http://doi.org/10.1371/journal.ppat.1002122 

Zwart, M. P., Hemerik, L., Cory, J. S., de Visser, J. A. G. M., Bianchi, F. J. J. a, Van Oers, 

M. M., … Van der Werf, W. (2009). An experimental test of the independent action 

hypothesis in virus-insect pathosystems. Proceedings. Biological Sciences / The Royal 
Society, 276(1665), 2233–2242. http://doi.org/10.1098/rspb.2009.0064 

 



 

187 

8. Biography 

Ashley Sobel Leonard was born in Scottsdale, Arizona on May 2nd, 1986. She 

attended Duke University, graduating in May 2008 with a B.S. in Chemistry. After 

college, she worked for one year under Dr. Cindy Lee van Dover at the Duke Marine 

Lab, Beaufort, NC. She began a joint MD-PhD at Duke University in August 2009 before 

joining the Biology department to begin her PhD research in 2011. Ashley will remain 

working in the Koelle lab as a post-doctoral fellow until June 2016, when she will return 

to medical school.  

 


