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Abstract 

Despite high vaccination rates and effective adaptive immune responses from the part of 

infected individuals, influenza A viruses cause significant morbidity and mortality 

annually. This is due to influenza’s rapid antigenic evolution, whereby continual 

mutations occurring in epitope regions of the virus’s hemagglutinin protein result in the 

diminishment of long-term antibody recognition, in a process that has been termed 

‘antigenic drift’. Although it is clear that antigenic drift enables previously infected 

individuals to become reinfected, the mechanism that is responsible for influenza’s 

antigenic drift is still under debate. As recently as 2009, a new hypothesis of antigenic 

drift was put forward that argues that binding avidity changes in the viral 

hemagglutinin result in antigenic drift as a side effect. This hypothesis stands in contrast 

to the traditionally accepted hypothesis that mutations in epitope regions are positively 

selected for their ability to evade immune recognition. This thesis focuses on the use of 

epidemiological models and empirical data analysis to explore different hypotheses of 

antigenic drift.  

 

In the first chapter, I am asking what effects on antigenic drift rate would be produced 

under the new hypothesis. I mathematically formulate the hypothesis that antigenic drift 

is simply a side effect of cellular receptor binding avidity changes that occur as the virus 
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is transmitted between individuals of different immune status levels. I then use this 

formulation to explore how influenza’s rate of antigenic drift depends on different 

epidemiological factors, including host contact rate, host lifespan, and the duration of 

infection. Finally, I use the model to assess alternative vaccination strategies by the 

impact they have on rates of antigenic drift and therewith rates of disease incidence/ 

 

In the second chapter, I critically evaluate the binding avidity hypothesis by comparing 

predictions of the hypothesis against empirical data. I first use a ‘phylodynamic’ 

extension of the model presented in the first chapter to determine whether the 

hypothesis is consistent with the ladderlike phylogeny of influenza’s hemagglutinin 

protein. I then use viral sequence data and metadata to determine whether older aged 

individuals (with a higher number of previous infections) harbor viruses with higher 

binding avidity than younger aged individuals (with a lower number of previous 

infections), a prediction made by the binding avidity hypothesis. Finally, I perform a 

phylogenetic analysis to determine how rapidly binding avidity changes occur. From 

these analyses, I conclude that the binding avidity hypothesis is not well supported by 

empirical data. 

 

In the third chapter, I develop an integrated viral life cycle model, in which viral 

replication depends on three viral phenotypes: receptor binding avidity, neuraminidase 
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activity, and antigenicity. This integrated model recognizes that receptor binding avidity 

changes will influence viral replication, but also allows for antigenic evolution to be 

brought about directly by epitope changes. I first use this model to show how the 

evolutionary dynamics of these phenotypes are dependent on one another and how 

antigenic drift can be interpreted within this framework. I then return to some of the 

questions addressed in the first chapter to ask how different epidemiological factors 

impact influenza’s rate of antigenic drift. 

 

Together, these three chapters highlight the importance of viral phenotypes other than 

antigenicity in contributing to influenza’s antigenic evolution, and, more generally, the 

importance of computational and mathematical research in understanding constraints 

on viral adaptation. 
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1. The evolutionary dynamics of receptor binding av idity 
in influenza A: a mathematical model for a new 
antigenic drift hypothesis 

The most salient feature of influenza evolution in humans is the virus’s antigenic 

drift. This process is characterized by structural changes in the virus’s B-cell epitopes 

and ultimately results in the ability of the virus to evade immune recognition and 

thereby reinfect previously infected hosts. Until recently, amino acid substitutions in 

epitope regions of the viral hemagglutinin (HA) glycoprotein were thought to be 

positively selected for their ability to reduce antibody binding and therefore were 

thought to be responsible for driving antigenic drift. However, a recent hypothesis 

posits that cellular receptor binding avidity is the dominant phenotype under selection, 

with antigenic drift being a side-effect of these binding avidity changes. Here, I present a 

mathematical formulation of this new antigenic drift model and use it to show how rates 

of antigenic drift depend on epidemiological parameters. I further use the model to 

evaluate how two different vaccination strategies can impact antigenic drift rates and 

ultimately disease incidence levels. Finally, I discuss the assumptions present in the 

model formulation, predictions of the model, and future work that needs to be done to 

determine the consistency of this hypothesis with known patterns of influenza’s genetic 

and antigenic evolution. 
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1.1 Introduction 

Human influenza viruses have long been known to evolve by antigenic drift, the 

process by which the gradual accumulation of mutations in the viruses’ hemagglutinin 

surface glycoprotein results in evasion of host immunity [1]. Epidemiological models 

have therefore focused on understanding how this process affects influenza’s ecological 

and evolutionary dynamics. The earliest models simply incorporated antigenic drift 

phenomenologically, through the consideration of susceptible-infected-recovered-

(re)susceptible (SIRS) dynamics [2]. In recent analyses, these SIRS-type models have 

provided valuable insight into the drivers of influenza seasonality and the sources of 

influenza’s interannual variability [3-5]. A more mechanistic approach for incorporating 

antigenic drift into epidemiological flu models has been through the formulation of 

multi-strain models [6-13]. Although a subset of these models have looked at the 

consequences of antigenic drift on influenza’s ecological dynamics, most of them have 

instead addressed how limited genetic and antigenic diversity can be maintained in the 

presence of high mutation rates. Whether phenomenological or mechanistic in structure, 

however, mathematical models of influenza, reflecting current understanding of flu 

evolution, have commonly assumed that antigenic drift is a consequence of immune 

selection: viral strains harboring mutations that reduce the ability of circulating 

antibodies to bind to the viral hemagglutinin (HA) have higher fitness than strains 

without these mutations, leading to continual viral turnover [14].  
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In light of an increasing body of experimental studies [15-17], Hensley and 

coauthors have recently questioned this model of antigenic drift, noting that viral escape 

from polyclonal antibodies by this mechanism would be exceptionally difficult [18]. This 

is because escape mutants, having all the necessary epitope changes to allow for 

polyclonal immune escape, are extremely unlikely to arise within single hosts given 

current mutation rate estimates. In place of this model, they suggest that the 

evolutionary dynamics of influenza’s HA are predominantly driven by cellular receptor 

binding avidity changes and that antigenic drift is a side effect of these mutational 

changes. Evolution can act on receptor binding avidity because this phenotype affects 

the rate at which viruses enter host cells, and thereby their ability to escape 

neutralization by circulating polyclonal antibodies. The authors support this new model 

of antigenic drift with passage experiments in mice: when passaged through immune 

mice, influenza A strains accumulate HA mutations that increase receptor binding 

avidity, with a subset of these mutations located in previously-identified HA epitopes; 

when passaged through naïve mice, influenza A strains instead accumulate HA 

mutations that decrease receptor binding avidity, with a subset of these mutations again 

lying in known HA epitopes. Being appreciably different from the current model of 

antigenic drift, this new model may change our understanding of influenza’s ecological 

and evolutionary dynamics. It may also affect the design of control strategies that aim to 

reduce disease incidence.  
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Although some of the dynamical consequences of this new antigenic drift model 

could presumably be intuited, others may be more difficult to predict. This is because 

the model, as verbally described, has nonlinear feedbacks between viral changes in 

receptor binding avidity, rates of antigenic drift, and host immunity at the population 

level. Furthermore, it would be difficult for the verbal model to lead to quantitative 

predictions; this is particularly limiting when it comes to choosing between alternative 

disease control strategies. Here, I therefore develop a mathematical model for the 

receptor binding avidity hypothesis outlined by Hensley and coauthors, with the 

assumption that selection acts solely on cellular receptor binding avidity. Through 

numerical simulation of the model, I show how epidemiological parameters, such as 

contact rates and host lifespans, affect receptor binding avidity levels and rates of 

antigenic drift. Finally, I use the model to quantitatively explore the consequences of 

alternative vaccination strategies on the rates of antigenic drift and ultimately on rates of 

disease incidence.  
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1.2 A mathematical formulation for the new model of antigenic 
drift 

I formulate Hensley and coauthors’ new model of antigenic drift mathematically 

by specifying an SIRS model, with hosts classified into discrete classes of susceptible 

hosts (S), infected hosts (I), and recently recovered and therefore temporarily immune 

hosts (R). I further subdivide each of these classes of hosts according to the cumulative 

number of times a host has been infected (including any current infections). The 

epidemiological dynamics are given by: 

0
00 ),0( SI

N

S
VN

dt

dS
tot µβµ −−= ,  

and, for 1≥i , 

( ) itot
ii II
N

S
Vi

dt

dI µγβ +−−= −1),1(       ( 1.1 ) 

ii
i RI

dt

dR
)( µωγ +−=   

itot
i

i
i SI

N

S
ViR

dt

dS µβω −−= ),( ,  

where µ is the birth/death rate, β is the transmission rate, γ is the recovery rate, ω is the 

rate of waning immunity, N is the total population size, and totI  is the total number of 

infected hosts, given by ∑
∞

=1i
iI . The transmission rate β(k,V) between an infected 
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individual and a susceptible host depends on the number of times the susceptible host 

has previously been infected (k) as well as on the binding avidity of the virus (V) with 

which the susceptible host is being challenged. I let the transmission rate depend on the 

susceptible host’s k because I use k as a proxy for immune status: individuals with a 

higher number of previous infections are assumed to have higher levels of circulating 

antibodies with which to neutralize a challenging infection, and thereby lower 

susceptibility to infection. A schematic of this model is shown in Figure 1-1.  
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Figure 1-1. A schematic of the epidemiological model given by equation (1.1). 

Individuals are born into the susceptible class with no previous infection history, S0. 

Mortality occurs at an equal rate from all classes (for figure clarity, arrows are not 

shown). Susceptible individuals become infected through exposure to infected 

individuals, and infected individuals recover at a constant rate γγγγ. Recovered, 

temporarily immune individuals become resusceptible at a rate ωωωω. I interpret ωωωω as the 

rate of antigenic drift. 
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The model of antigenic drift described by Hensley and coauthors considers the 

evolutionary dynamics of two components of viral phenotype: the cellular receptor 

binding avidity of the HA protein and, as a side-effect, viral antigenicity. Here, I first 

describe how I mathematically model receptor binding avidity dynamics given the SIRS 

model shown in equation (1.1). I then describe how I include antigenic drift within this 

framework and analyze the resulting evolutionary dynamics of this full model. 

1.2.1 Modeling the dynamics of cellular receptor bi nding avidity 

Instead of modeling changes in receptor binding avidity within each infected 

individual, I consider how the mean receptor binding avidity changes at the population 

level using a quantitative genetics approach [19, 20], an approach which assumes that 

the trait under selection has a unimodal distribution with narrow variance in the 

population. Further assuming that receptor binding avidity is the sole phenotype under 

selection, I can write that the rate of change of V, the mean receptor binding avidity, is 

proportional to its fitness gradient:
dV

fitnessd

dt

dV )(∝ . Fitness in ecological scenarios is 

commonly defined as the per capita growth rate [21], such that viral fitness in this case is 

simply given by the per capita growth rate of infected individuals, tottot IdtdI /)/( . The 

rate of change of the mean receptor binding avidity is therefore given by:  

dV

IdtdId
k

dt

dV tottot
V

)/)/((
= ,       ( 1.2 ) 
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where the constant Vk  quantifies the amount of genetic variance in receptor binding 

avidity. To simplify this expression, I first write out the total growth rate of infected 

individuals as the sum of the growth rates of all the infected classes: 

( ) tot
i

tot
i

i
itot II

N

S
VidtdIdtdI µγβ +−







 −== ∑∑
∞

=

−
∞

= 1

1

1

),1(// .   ( 1.3 ) 

The per capita infected growth rate is then: 

( )µγβ +−






=∑
∞

=0

),(/)/(
k

k
tottot N

S
VkIdtdI ,      ( 1.4 ) 

where the subscript index has been changed to simplify notation. Taking the derivative 

with respect to V and substituting into equation (1.2) yields:  

∑
∞

=







=
0

),(

k

k
V N

S

dV

Vkd
k

dt

dV β
.        ( 1.5 ) 

To describe the evolutionary dynamics of mean binding avidity V, I therefore need an 

expression for how the transmission rate β changes with V for any given number of 

previous infections k a challenged susceptible host has experienced. 

To derive this expression, I return to the passage studies performed by Hensley 

and coauthors, which indicate that increased binding avidity has benefits as well as 

costs. The benefit to increased binding avidity arises from an increased probability that 

circulating polyclonal antibodies in a host will fail to neutralize the virus. I therefore 

assume that, for a given individual having been exposed k previous times, the higher the 

binding avidity V of the virus, the higher the probability that the virus evades immune 
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recognition. I also assume that, for a given binding avidity V, viruses will be less capable 

of evading immune recognition in individuals with a higher number of previous 

exposures k. This assumption reflects the observation that secondary immune responses 

result in more rapid and higher levels of antibody responses. Consistent with these 

patterns, Figure 1-2a shows the probability that a virus evades neutralization by 

antibodies as a function of its own binding avidity and the number of previous 

infections the challenged host has experienced, f(k, V).  

The cost to increased binding avidity arises from a reduction in the ability of a 

virus to effectively replicate in a host (perhaps due its slower release from infected host 

cells) and does not depend on the number of times a challenged susceptible host has 

previously been infected. I let the probability that a virus effectively replicates in a host 

be given by g(V) (Figure 1-2b). 

Together, the product )(),( VgVkf yields the probability that a susceptible 

individual, having been infected k previous times, will become infected, given contact. 

The overall transmission rate from an infected individual to a susceptible host with k 

previous infections is therefore [ ])(),(),( VgVkfcVk =β , where c is a positive constant 

parameterizing the contact rate per unit time (Figure 1-2c). 
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Figure 1-2. The effect of receptor binding avidity and previous exposure 

history on the transmission rate and its components. (a) The modeled relationship 

between binding avidity V and the probability that an infecting virus escapes 

neutralization by host antibodies, f(k,V). Curves show f(k,V), with k ranging from 0 

(dark blue line) to 20 (red line). I let f(k,V) be given by rkVpe ]1[ )1( +−− , with positive 

constants r and p, where r controls the degree to which previous exposures reduce the 

probability of immune escape and p controls the degree to which binding avidity 

changes affect this escape probability. Here, r = 1 and p = 2. (b) The modeled 

relationship between binding avidity and the probability that a virus sufficiently 

replicates to cause a productive infection, g(V). The function g(V) is given by 
baVeVg −=)( , with positive constants a and b, where a controls the rate at which this 

probability decreases with binding avidity and b controls the shape of this 

probability decrease. Here, a = 0.7 and b = 3. (c) The transmission rate ββββ(k,V), given by 

the product cf(k,V) g(V). Curves are color-coded as in (a). Contact rate c = 0.5 per day. 

(d) The derivative of the transmission rate with respect to binding avidity, dββββ(k,V)/dV. 

Curves are color-coded as in (a).  
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Given this formulation, the basic reproduction number, defined as the expected 

number of secondary infections a single infected individual will generate in a 

population of entirely susceptible, naïve hosts, is given by 
µγ

β
+

= ),0(
0

V
R . Assuming that 

an infecting virus’s mean binding avidity can quickly adapt to its optimal value in the 

susceptible host population,
µγ

β
+

== )0,0(
0

V
R . This is because, as formulated, V = 0 is the 

optimal binding avidity for a virus infecting a naïve host.   

The assumptions present in how the transmission rate and its components 

change with receptor binding avidity can be considered in light of the experiments 

described by Hensley and coauthors. In particular, viral mutants with higher receptor 

binding avidities have a greater ability to escape from polyclonal antibodies, as assessed 

by HAI titer levels. This is consistent with the formulation of f(k,V), shown in Figure 1-2: 

for a given level of circulating polyclonal antibodies (i.e., for a given number of previous 

exposures k), higher receptor binding avidity corresponds to a higher probability of 

immune escape.  Additional experiments by Hensley and coauthors showed that viruses 

adapted to naïve hosts would, when passaged through immune mice, increase in their 

binding avidity. In contrast, viruses adapted to immune hosts would, when passaged 

through naïve mice, decrease in their binding avidity. Consistent with these patterns, 

Figure 1-2c shows that viruses adapted to naïve (low k) hosts would increase their fitness 
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in immune hosts by increasing their binding avidities, thereby allowing for more 

effective escape from polyclonal antibodies. This figure also shows that viruses adapted 

to immune (high k) hosts would increase their fitness in naïve hosts by evolving lower 

binding avidities (to increase their replication probabilities; Figure 1-2b), thereby  

lowering their ability to escape from polyclonal antibodies (Figure 1-2a). 

I can now calculate the derivative of the transmission rate with respect to binding 

avidity V using the expression for ),( Vkβ shown in Figure 1-2c. I substitute this 

derivative,  
dV

Vkd ),(β
, shown in Figure 1-2d, into equation (1.5).  

The dynamics of the model including the evolutionary dynamics of mean 

binding avidity are therefore specified by equation (1.1) for the epidemiological 

dynamics, together with equation (1.5) for the mean binding avidity dynamics.  

1.2.2 Modeling the dynamics of antigenic drift 

Until this point, I have considered only the evolutionary dynamics of influenza’s 

cellular receptor binding avidity. Here, I further incorporate the evolutionary dynamics 

of viral antigenicity into the mathematical model. To do so, I turn to Hensley and 

coauthors’ verbal model and the schematic of antigenic drift provided in their 

supplemental figure 7 [18]. According to these, the rate of antigenic drift (given by the 

rate at which escape from polyclonal antibodies occurs) should increase with an increase 
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in the transmission frequency between naïve and immune individuals and should be 

higher the larger the change in binding avidity within an infected individual. 

Transmission frequency plays a role because the more transmissions occur per unit time, 

the more frequently the virus finds itself in a new host environment in which its binding 

avidity is suboptimal and in which it therefore evolves towards higher fitness by 

changing its cellular receptor binding avidity. 

Because the epidemiological model I consider here does not only consider naïve 

(k = 0) and immune (high k) individuals, but a spectrum between them, I provide in 

Figure 1-3 a modified version of Hensley and coauthors’ supplemental schematic. The 

modification includes transmission of the virus between individuals with various 

previous exposure histories while retaining the salient features of the original schematic. 

Figure 1-3a shows how the receptor binding avidity of a virus transmitted from infected 

hosts to susceptible hosts may change over consecutive transmissions. A subset of the 

mutations contributing to changes in binding avidity also lead to changes in viral 

antigenicity (Figure 1-3b). To incorporate these changes in viral antigenicity into the 

epidemiological model (equation (1.1)), I interpret the rate of antigenic drift in terms of 

the parameter ω, the rate at which recovered (and immune) hosts become resusceptible: 

higher rates of antigenic drift correspond to higher rates of immunity loss. Consistent 

with Hensley and coauthors’ schematic, the rate of immunity loss is no longer an 

independent parameter, but depends on the virus’s epidemiological and evolutionary 
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dynamics. In particular, it depends on the frequency of transmission events and the 

amount of antigenic change that occurs within infected hosts (as a side effect of 

evolutionary changes in binding avidity) (Figure 1-3). 

 

Figure 1-3. A modified schematic for Hensley and coauthors’ new model of 

antigenic drift. (a) Changes in binding avidity during a series of disease transmission 

events.  The vertical dotted lines represent transmission times. The numbers between 

the lines denote the number of previous infections k the infected host has 

experienced prior to the current infection. The dashed horizontal lines are the optimal 

binding avidities for the infected individuals, defined as the binding avidity that 

maximizes the probability of infection, given by the product f(k,V)g(V). (b) The 

accumulation of changes in viral antigenicity.  The rate of antigenic drift ω is defined 

as the average slope of these cumulative changes. 
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More formally, the rate of immunity loss can be written as AF ˆ=ω .where 

∑
∞

=

=
0

),(
k

k

N

S
VkF β

 

is the frequency of transmission events (equivalent to ( )µγ +  at 

endemic equilibrium) and Â is the average amount of antigenic change that occurs 

within an infected individual. Â
 

can be further written as ∑
∞

=

=
0

ˆˆ
l

ll AA α where 
lα  is the 

proportion of transmission events that result in the infection of an individual who has 

previously been infected l times and lÂ  is the average amount of antigenic change that 

occurs within an infected individual who has previously been infected l times. 
lα is 

given by F
N

S
Vl l),(β . Substituting into AF ˆ=ω  yields: 

∑
∞

=















=
0

ˆ),(
l

l
l A

N

S
Vlβω .       ( 1.6 ) 

 With a fraction of receptor binding avidity mutations lying in HA epitopes, I let 

the average amount of antigenic change that accrues within an individual having 

previously been infected l times be proportional to the change in binding avidity within 

the individual: 

lsl vkA ∆=ˆ           ( 1.7 ) 

where lv∆  is the average change in receptor binding avidity that occurs in this class of 

infected individuals and sk  is a proportionality constant I use to map how changes in 
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cellular receptor binding avidity alter viral antigenicity. lv∆ can in turn be written as

)0()( lll vTvv −=∆ where )(tvl  
is the receptor binding avidity at time t of the infection 

and FT 1=  is the average amount of time an individual remains infected before 

transmitting the infection. On average, Vvl =)0( for all l. )(Tvl can be written as 

dt
dt

dv
vTv

T

t

l
ll ∫

=

+=
0

)0()( . As before, I take a quantitative genetics approach, letting 
dt

dvl be 

proportional to the receptor binding avidity fitness gradient within the host. In this case, 

a reasonable form for the fitness gradient is  
l

ll

dv

vgvlfd )](),([
where )](),([ ll vgvlf  is the 

probability that a virus with binding avidity lv , residing in an infected individual who 

has been infected l previous times, yields a productive infection.  Substituting, the 

change in binding avidity lv∆ becomes 
 

dt
dv

vgvlfd
kv

T

t l

ll
cl ∫

=

=∆
0

)](),([
       ( 1.8 ) 

where the constant kc quantifies the amount of genetic variance in receptor binding 

avidity within a single host. With Vvl =)0( , I numerically solve for all classes of 

infected individuals l. I then use these values to first calculate the average amount of 

antigenic change in a given class of infected individuals  lÂ (equation (1.7)) and then the 

rate of antigenic drift ω (equation (1.6)). 

lv∆
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The full verbal model outlined by Hensley and coauthors can therefore be 

mathematically described by equation (1.1), where ω is given by equation (1.6), along 

with equation (1.5) describing the evolutionary dynamics of receptor binding avidity.  
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1.3 The effect of epidemiological parameters on the rate of 
antigenic drift 

To better understand the dynamics of the mathematical model developed above, 

I here determine, through numerical simulation, how some of the parameters of the 

epidemiological component of the model (equation (1.1)) affect the rate of antigenic drift. 

I specifically focus on the effects of three parameters: host lifespan (1/µ), the contact rate 

c, and the duration of infection (1/γ). I chose these parameters because they are the ones 

that are most likely to vary between species or can be affected by control policies such as 

quarantine measures and other non-pharmaceutical public health interventions. For 

each of these three sets of simulations, I keep constant all of the epidemiological 

parameters except for the one whose effect I explore. Along with showing how these 

parameters affect the rate of antigenic drift, Figure 1-4 plots the equilibrium distribution 

of susceptible classes NSk / and the equilibrium mean binding avidity V over the 

parameter ranges considered. I plot these two quantities because they are the main 

contributors to the rate of antigenic drift, interpreted as the rate of immunity loss ω 

(equation (1.6)).  
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Figure 1-4. The effect of epidemiological parameters on the rate of antigenic 

drift. (a) The effect of host lifespan (1/µµµµ), on the equilibrium distribution of 

susceptible hosts, Sk/N. (b) The effect of host lifespan on the equilibrium mean 

receptor binding avidity V. (c) The effect of host lifespan on the rate of antigenic drift 

ωωωω. (d) The effect of host contact rate on Sk/N.... (e) The effect of host contact rate on 

binding avidity. (f) The effect of host contact rate on the rate of antigenic drift. (g) The 

effect of the duration of infection (1/γγγγ) on Sk/N.... (h) The effect of the duration of 

infection on binding avidity. (i) The effect of the duration of infection on the rate of 

antigenic drift. Epidemiological parameters are: total population size N = 100 

thousand, host lifespan 1/µµµµ = 70 yrs (except in subplots a-c, where it is varied), host 

contact rate c = 0.5 contacts/day (except in subplots d-f, where it is varied), and 

duration of infection 1/γγγγ = 5 days (except in subplots g-i, where it is varied). 

Parameters p, r, a, and b, used to parameterize the transmission rate ββββ are as in Figure 

1-2. This parameterization leads to a basic reproduction number R0 of 2.5. Parameters 

used in determining the amount of antigenic change occurring within infected 

individuals are kc = 0.09 and ks = 0.0769. The value of kc was chosen such that viral 
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binding avidity within infected hosts changed appreciably over the duration of 

infection, yet such that the optimal binding avidity within a host would not be 

reached. Given this value of kc, the value of ks was chosen such that the rate of 

antigenic drift ωωωω became ½ yrs-1 when lifespan 1/µµµµ = 70 yrs, the duration of infection 

1/γγγγ = 5 days, and the contact rate c = 0.5 per day, corresponding to an R0 of 2.5. The drift 

rate of ½ yrs-1 is a reasonable value for influenza A/H3N2. The parameter Vk = 0.3, but 

the equilibrium results do not depend on the value of this parameter. Horizontal lines 

with years marked in subplots (c), (f), and (i) correspond to 1/ωωωω, the average duration 

of immunity. 

Figure 1-4a–c show the effect that host lifespan has on the equilibrium 

distribution of susceptible hosts Sk/N, on the equilibrium mean binding avidity V, and 

on the rate of antigenic drift ω, respectively. With longer host life spans (and lower 

birth/death rates), the proportion of susceptible individuals in low-k classes decreases 

(Figure 1-4a). This is because longer-living individuals are able to accrue a higher 

number of previous infections. With the proportion of susceptible individuals in higher-

k classes increasing with increasing host lifespans, the fitness of strains with higher 

receptor binding avidities increases. This in turn leads to higher mean binding avidities 

(equation (1.5), Figure 1-4b). Figure 1-4c shows that the rate of antigenic drift ω increases 

(or, equivalently, that the duration of immunity decreases) with longer host lifespans. 

This can be interpreted in terms of the results shown in Figure 1-4a and Figure 1-4b. 

Specifically, with short host lifespans, the Sk/N distribution is clustered around low-k 

classes and the mean binding avidity V is low. The average change in viral antigenicity 

within an infected individual is therefore small: most individuals becoming infected will 

have had only a small number of previous infections and V has adapted to this situation. 
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By equation (1.6), the rate of antigenic drift ω is therefore slow. In contrast, with long 

host lifespans, the Sk/N distribution is broader (Figure 1-4a). Although V has also 

adapted to the average number of previous infections being higher, this broadening of 

the Sk/N distribution results in large amounts of antigenic change occurring in very low-

k and very high-k infected individuals. This leads to higher rates of antigenic drift 

(Figure 1-4c). Although differences in the rates of antigenic drift will feed back to affect 

the Sk/N distribution (equation (1.1)), this feedback has negligible consequences on the 

equilibrium mean binding avidity (Figure 1-5). It is interesting to note here that this 

model therefore predicts that hosts with shorter lifespans would circulate viruses with 

lower rates of antigenic drift, all else being equal. Although there are arguably many 

more differences between swine hosts and human hosts than just their lifespans, this 

model would predict that immunity lasts longer in swine hosts (with lifespans of up to 5 

years) than human hosts (with lifespans of approximately 80 years) if these other 

differences were ignored. This prediction is supported by recent work analyzing the 

antigenic and genetic evolution of swine influenza A (H3N2) viruses: while the rates of 

genetic evolution in human and swine H3N2 viruses were similar, the rate of antigenic 

evolution in swine viruses was approximately six times slower than the rate in human 

viruses [22].  
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Figure 1-5. The effect of epidemiological parameters on the equilibrium Sk/N 

distribution and on the equilibrium mean binding avidity when the rate of antigenic 

drift ωωωω is held constant at ½ yrs-1. (a) The effect of host lifespan (1/µµµµ), on the 

equilibrium distribution of susceptible hosts, Sk/N. (b) The effect of host lifespan on 

the equilibrium mean receptor binding avidity V. (c) The effect of host contact rate on 

Sk/N .... (d) The effect of host contact rate on binding avidity. (e) The effect of the 

duration of infection (1/γγγγ) on Sk/N .... (f) The effect of the duration of infection on 

binding avidity. Parameters other than ωωωω are as in Figure 1-4. 

Figure 1-4d–f show the effect that host contact rates have on the Sk/N
 
distribution, 

on the mean binding avidity, and on the rate of antigenic drift. Similar to the effect of 

longer host lifespans, the distribution of Sk/N changes from being clustered in low-k 

classes to being more evenly spread through these classes at higher host contact rates. 

This is because at higher host contact rates, susceptible individuals will become infected 

more rapidly, leading to a smaller proportion of susceptible hosts in low-k classes 

(Figure 1-4d). This again results in higher mean binding avidities at higher host contact 
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rates (Figure 1-4e). For the same reasons as above, the rate of antigenic drift is therefore 

higher at higher contact rates (Figure 1-4f). As before, although differences in the rate of 

antigenic drift (Figure 1-4f) will feed back to affect the Sk/N distribution (equation (1.1)), 

this feedback has negligible consequences on equilibrium mean binding avidities 

(Figure 1-5). Interestingly, the results shown in Figure 1-4d-f have implications for the 

control of influenza: public health measures that reduce contact rates (e.g., quarantine 

and improved hygiene measures) would not only reduce the number of infected 

individuals directly, but would have the indirect effect of slowing the rate of antigenic 

drift, thereby further reducing rates of disease incidence and extending the effectiveness 

of vaccines.   

Finally, Figure 1-4g-i show the effect that the duration of infection has on the 

Sk/N
 
distribution, on the mean binding avidity, and on the rate of antigenic drift. Unlike 

in the previous cases, a longer duration of infection 1/γ leads first to higher and then 

lower mean binding avidities (Figure 1-4h). The increase in binding avidity at short 

durations of infection is because the basic reproduction number R0 increases with an 

increase in 1/γ  (I assume the transmission rate remains constant). This R0 increase leads 

to an increase in the number of infected hosts, and therefore an increase in the force of 

infection. This leads to a shift in the Sk/N
 
distribution to higher k classes (Figure 1-4g), 

with an increase in the average number of times susceptible hosts have previously been 

infected, and therefore selection for higher mean binding avidity (Figure 1-4h). As the 
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duration of infection continues to increase, though, the proportion of susceptible hosts 

that belong to low-k classes starts to increase again (Figure 1-6). This non-intuitive effect 

is a result of two factors. First, it is because rates of antigenic drift slow down 

dramatically with longer infectious periods (Figure 1-4i), such that non-infected hosts 

who have previously been infected linger in the recovered classes, rather than in the 

high-k susceptible classes.  Second, it is due to infected individuals getting ‘stuck’ in the 

infectious class for longer period of time. The return of predominantly low-k susceptible 

hosts results in selection for lower mean binding avidity. The importance of these two 

distinct factors can be seen by considering how mean binding avidity changes with the 

duration of infection when the rate of antigenic drift is kept constant (Figure 1-5e-f); in 

this case, there is still a non-monotonic relationship between the duration of infection 

and mean binding avidity, although much longer durations of infection are needed to 

select for decreases in mean binding avidity. This is because only the second factor is at 

play in this case, resulting in a return in the predominance of low-k susceptible hosts 

only at very long infectious periods (Figure 1-7).  
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Figure 1-6. The effect of the duration of infection on Sk/ Stot, where ∑
∞

=

=
0j

jtot SS . 

Parameters are as in Figure 1-4g-i. 

 

Figure 1-7. The effect of the duration of infection on totk SS / , where 

∑
∞

=

=
0j

jtot SS  when the rate of antigenic drift ωωωω is held constant at ½ yrs-1. Parameters 

are as in Figure 1-5e-f.  
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Finally, to understand why rates of antigenic drift decrease at longer infectious 

periods (Figure 1-4i), it is easiest to return to the expression for the rate of antigenic drift 

given by AF ˆ=ω . This expression shows that the rate of antigenic drift depends on the 

frequency of transmission events as well as on the average amount of antigenic change 

occurring within infected individuals. At equilibrium, the frequency of transmission 

events F is given by (µ + γ). Longer durations of infection (1/γ) therefore lead to lower 

transmission frequencies. Assuming that the amount of antigenic change within an 

infected host does not increase considerably in the extra amount of time the host is 

infected, I would therefore expect the rate of antigenic drift to be slower with longer 

infectious periods.  The analysis of the duration of infection on the rate of antigenic drift 

illustrates the importance of formulating Hensley and coauthors’ model of antigenic 

drift mathematically: without these simulations, it would have been difficult to predict 

that longer infectious periods would result in slower rates of antigenic drift. This 

prediction is also particularly interesting as it differs from the one arrived at under the 

commonly assumed model of antigenic drift in which several mutations in epitope 

regions of the viral HA have to occur to evade recognition by circulating polyclonal 

antibodies. In particular, this traditional model of antigenic drift would predict that the 

drift rate would be higher with longer infectious periods because individuals have to be 

infected for a long period of time for the virus to have the chance to generate an immune 

escape mutant.  This juxtaposition in direction of drift rate changes between the binding 
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avidity model for antigenic drift and the traditional model of antigenic drift hints at an 

intriguing possibility: might there be some threshold for infectious duration, below 

which selection occurs on binding avidity changes and above which selection occurs 

directly on antigenic phenotypes? Although this might be the case, I note that a cellular 

receptor binding avidity model that did not have a cost associated with increased 

binding avidity, or one that allowed this cost to be overcome with compensatory 

evolution (perhaps occurring more frequently in individuals who were infected for 

longer periods of time), might also predict higher rates of antigenic drift with longer 

durations of infection. 
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1.4 An application of the model to evaluate alternative 
vaccination policies 

In the above section, I have shown that epidemiological factors will affect rates of 

antigenic drift. One of these factors, the host contact rate, was a particularly interesting 

parameter to consider because there is some, albeit limited, evidence showing that non-

pharmaceutical disease control strategies for influenza are able to affect this parameter 

[23, 24]. I now consider instead the effect that vaccination – a pharmaceutical 

intervention- would have on rates of antigenic drift and ultimately disease incidence. In 

particular, I evaluate the effectiveness of two alternative vaccination strategies: a 

strategy that preferentially vaccinates children and a strategy that vaccinates individuals 

at random. I chose these two strategies in order to address a prediction made by Hensley 

and coauthors [18], namely that pediatric influenza virus vaccination would decrease 

the size of the naïve population and thereby slow rates of antigenic drift. As a 

consequence, the effectiveness of vaccines would be temporally extended [18]. 

To determine the dynamical consequences of these two control strategies on the 

rate of antigenic drift and disease incidence, I extend the epidemiological model 

(equation (1.1)) to incorporate vaccination: 

00
00 )(),0( SpI

N

S
VN

dt

dS
tot +−−= µβµ   

and, for 1≥i , 
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where ip is the rate of vaccinating individuals with i previous infections. This 

formulation assumes that vaccination of susceptible individuals acts similarly to a 

natural infection: it results in temporary immunity and contributes an additional 

exposure. The formulation further assumes that vaccination of currently immune 

individuals also acts to contribute an additional exposure. Finally, it assumes that 

vaccination of currently infected individuals results in immediate recovery and an 

additional exposure. (This latter assumption greatly simplifies the fair comparison of 

vaccination strategies, as described below. Because there are few infected individuals at 

any point in time and because the parameters in these simulations are set such that 

)( µγ +<<kp  for all k, the results of these simulations, presented below, are not 

sensitive to this last assumption.)  

I first consider the pediatric vaccination strategy. Being younger, children are 

likely to have only had a few previous infections. I therefore parameterize this 

vaccination strategy by setting vaccination rates pk higher for lower k (Figure 1-8 
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legend), such that overall, vaccination occurs at an annual rate of approximately 4%. As 

anticipated by Hensley and coauthors, simulations of this model result in lower rates of 

antigenic drift compared to simulations without vaccination (Figure 1-8a). Furthermore, 

this vaccination strategy results in an appreciable reduction in influenza’s annual attack 

rate (Figure 1-8b). The reason for the observed decrease in the rate of antigenic drift can 

be understood by considering the equilibrium Sk/N
 
distribution (Figure 1-8c) along with 

the equilibrium mean binding avidity V (Figure 1-8d). As a consequence of the 

preferential vaccination of low-k individuals, the Sk/N
 
distribution becomes narrower 

(Figure 1-8c), while the mean binding avidity does not change appreciably (Figure 1-8d; 

although it does increase, as expected, at higher vaccination rates (Figure 1-9). The 

significantly lower rate of antigenic drift that results from the pediatric vaccination 

strategy (Figure 1-8a) is therefore due to the decrease in the number of low-k infections, 

which are the ones that contribute large antigenic changes.  
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Figure 1-8. The effect of vaccination strategies on the rate of antigenic drift and 

disease incidence. (a) The equilibrium rate of antigenic drift under no vaccination, 

pediatric vaccination, and random vaccination strategies. Horizontal lines with years 

marked correspond to 1/ωωωω, the average duration of immunity. (b) The annual attack 

rate for influenza under these three strategies. The gray bar shows the annual attack 

rate under the pediatric vaccination strategy when the rate of antigenic drift ωωωω is fixed 

at ½ yrs-1. (c) The equilibrium NSk / distribution under these three strategies. The 

solid bold line shows the distribution in the absence of a vaccination policy, the gray 

line shows the distribution under the pediatric vaccination policy, and the line with 

circle marks shows the distribution under the random vaccination policy. (d) The 

equilibrium mean binding avidity under these three strategies. Parameter values used 

are as in Figure 1-4. Vaccination rates, in units of yrs-1, under the pediatric vaccination 

strategy are given by ssmp k
k )1( −= , with m = 2 and s = 0.8, resulting in vaccination 

rates that decrease with an increase in the number of previous exposures k. The 

vaccination rate, also in units of yrs-1, under the random vaccination strategy is p = 

0.037. These vaccination rates lead to the same total number of vaccinations delivered 
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per unit time, with approximately 4% of the population vaccinated annually. The total 

number of vaccinations delivered was kept constant across the two vaccination 

strategies by first calculating the total number of individuals vaccinated per unit time 

for the pediatric vaccination strategy. This is given by ∑
∞

=

+++
1

00 )(
i

iiii SRIpSp . In 

the random vaccination scenario, the total number of individuals vaccinated per unit 

time is pN, where p is the vaccination rate that is independent of the number of 

previous exposures. In our simulations, we therefore chose p by dividing the total 

number of individuals vaccinated per unit time in the pediatric vaccination scenario 

by the population size N. 

I can now compare this pediatric vaccination strategy to one that vaccinates 

individuals at random. A random vaccination strategy has a vaccination rate that is 

independent of the number of times an individual has been previously infected, such 

that kp is the same for all k. To fairly compare this vaccination strategy to the one that 

preferentially vaccinates children, I control for the total number of vaccines delivered. 

Simulations of this random vaccination scenario do not give rise to lower rates of 

antigenic drift (Figure 1-8a). This is because neither the equilibrium Sk/N
 
distribution 

(Figure 1-8c) nor the equilibrium mean binding avidity (Figure 1-8d) changes 

appreciably with this strategy. However, vaccinating at random does still decrease 

disease incidence moderately (Figure 1-8b), although not to the same extent as the 

pediatric vaccination strategy. This is because vaccination still has the direct effect of 

protecting individuals from infection as well as the indirect effect of generating herd 

immunity.  
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Figure 1-9. The effect of vaccination strategies on the rate of antigenic drift and 

disease incidence when vaccination rates are high. (a) The antigenic drift rate under 

no vaccination, pediatric vaccination, and random vaccination strategies. (b) The 

annual attack rate for influenza under these three strategies. As in Figure 1-8, the gray 

bar shows the annual attack rate under the pediatric vaccination strategy when the 

rate of antigenic drift ωωωω    is fixed at ½ years-1. (c) The equilibrium Sk/N distribution 

under these three scenarios. The solid bold line shows the distribution in the absence 

of a vaccination policy, the dotted line shows the distribution under the pediatric 

vaccination policy, and the line with circle marks shows the distribution under the 

random vaccination policy. (d) The equilibrium mean binding avidity under these 

three scenarios. Parameter values, except for vaccination rates, are as in Figure 1-8. 

Vaccination rates, in units of yrs-1, under the pediatric vaccination strategy are given 

by ssmp k
k )1( −= , with m = 10 and s = 0.5. The vaccination rate, also in units of yrs-1, 

under the random vaccination strategy is p = 0.365. These vaccination rates lead to the 

same total number of vaccinations delivered per unit time, with approximately 40% of 

the population vaccinated annually. 
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The results of these simulations support Hensley and coauthors’ predictions: 

vaccinating children would lead to lower rates of antigenic drift (Figure 1-8a). Lower 

rates of antigenic drift bring two benefits. First, a lower rate of antigenic drift would 

temporally extend the effectiveness of vaccines [18]. Second, a lower rate of antigenic 

drift would reduce the annual attack rate, as it would take a longer amount of time for 

recovered individuals to become susceptible again, a prerequisite for becoming 

infectious. Indeed, Figure 1-8b shows that the annual attack rate is appreciably smaller in 

the case of pediatric vaccination compared to the case of random vaccination. However, 

it could be argued that the difference in annual attack rates between these vaccination 

strategies arises from the most susceptible individuals (children) being vaccinated in the 

first scenario, while vaccinations are ‘wasted’ on individuals who are less susceptible in 

the second scenario. That is, vaccinating a low-k susceptible individual should be more 

effective from a public health perspective than vaccinating a high-k susceptible 

individual because low-k susceptible individuals are always more susceptible than high-

k ones (Figure 1-2c). However, when I simulated the model under the pediatric 

vaccination strategy but did not allow the rate of antigenic drift to differ from the case 

without vaccination, the resulting annual attack rates were indistinguishable from those 

of the random vaccination strategy (Figure 1-8b). This shows that it is the lower rate of 

antigenic drift under the pediatric vaccination policy, compared to the random 

vaccination strategy, that is responsible for the greater reduction in disease incidence. 
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It is interesting to compare these influenza vaccination strategies to those 

recommended by the CDC's Advisory Committee on Immunization Practices. In 2006, this 

committee recommended annual vaccination of children between the ages of 6 months 

to 5 years and persons over 50 years of age  [25]. These recommendations were set to 

reduce the chance that individuals in these high risk age groups get infected and 

develop serious flu-related complications. In 2010, the committee modified its 

recommendation, urging all persons older than 6 months to be vaccinated annually [26]. 

If vaccinations were limited in number, the model presented here would argue that the 

vaccination policy recommended in 2006 might, if followed, lead to better health 

outcomes than the current policy because it would lower rates of antigenic drift and 

thereby result in a larger decrease in influenza incidence. However, if vaccinations are 

not limiting, the current policy would, if followed, increase the total number of 

vaccinations given annually and thereby increase herd immunity. This in turn would 

lower influenza incidence, perhaps below the level attainable by the previous policy. 
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1.5 Discussion 

Here, I developed a mathematical model for the antigenic drift hypothesis 

recently presented by Hensley and coauthors [18]. Supported by passage studies in 

mice, this hypothesis argues that the antigenic drift of influenza A is predominantly a 

side effect of cellular receptor binding avidity changes. These changes are thought to 

accrue as the virus passes between individuals of differing immunity levels. I showed 

with this mathematical model that rates of antigenic drift are expected to be higher in 

populations with longer host lifespans, in populations with higher contact rates, and in 

populations with shorter durations of infection. I have further used the model to 

evaluate the effects of two different influenza vaccination strategies: a strategy that 

focuses on vaccinating children and a strategy that vaccinates individuals at random. In 

support of Hensley and coauthors’ prediction, the pediatric vaccination strategy led to a 

lower rate of antigenic drift, whereas the random vaccination strategy did not 

appreciably affect the drift rate. These results stand in contrast to those made by 

previous influenza antigenic drift models [27], which predict that vaccination would 

increase the rate of antigenic drift. Correctly understanding the mechanism(s) driving 

antigenic drift will therefore have important consequences for accurately predicting the 

indirect effects brought about by control policies. 

The mathematical model I have presented here contains several assumptions that 

still need to be more fully evaluated. One assumption is that increased cellular receptor 
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binding avidity exacts a cost. Although passage experiments through naïve mice have 

shown that high avidity mutants evolve to lower avidity [18], thereby supporting the 

presence of a fitness cost, the mechanistic basis for such a cost is at this time unclear. 

One possibility is that the progeny of viruses with higher receptor binding avidities are 

not easily released from infected host cells, thereby resulting in low virion yields [28]. 

Efficient cleavage from the sialic acid receptor could, however, occur in adsorptive (high 

avidity) mutants that also had higher neuraminidase (NA) activity [29]. This opens up 

the possibility of compensatory NA mutations that could restore viral fitness of high 

avidity mutants. It also opens up questions about how this new antigenic drift 

hypothesis relates to the observation that a functional match between the HA and NA 

proteins needs to exist for a productive viral infection to occur [30, 31]. Determining 

whether there is a cost to high binding avidity and whether/how it can be overcome is 

therefore important to understand in the context of this drift hypothesis. 

A second assumption in this model is that host susceptibility depends on the 

number of times an individual has previously been infected. This assumption stands in 

contrast to the implicit assumption in SIRS models for influenza. By having only one 

susceptible class, these models implicitly assume that the number of times an individual 

has been infected has no bearing on the individual’s susceptibility. This assumption also 

differs from assumptions commonly made in multi-strain models for influenza. These 

often assume that the susceptibility of a host depends on the antigenic similarity 
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between the challenging virus and the repertoire of previous strains the host has been 

infected with [6-8, 10]. Finally, this assumption neglects the notions of original antigenic 

sin and antigenic seniority, which posit that a host’s susceptibility depends on the 

antigenic differences between a challenging virus and the first virus, or first few viruses, 

the individual was ever exposed to [32, 33]. I chose the model formulation presented 

here  specifically to be able to accurately accommodate the hypothesis put forward by 

Hensley and coauthors; because their hypothesis posits that antigenic drift is 

predominantly a side effect of binding avidity changes, I wanted, in a first model, to 

ignore the effects of antigenic strain variation altogether. However, as discussed below, 

considering the interaction between antigenic variation and binding avidity 

heterogeneity in the viral population might be important to understand the evolutionary 

dynamics of influenza A in humans and other hosts that exert immune pressure on the 

virus. I leave this possibility for future work. 

A third assumption present in the model presented here is that the amount of 

antigenic change occurring within a host is proportional to the amount of cellular 

receptor binding avidity changes within the host. Since the globular domain of the HA 

protein contains amino acid sites that affect cellular receptor binding as well as B-cell 

epitopes, with some overlap, this assumption is the simplest one to initially incorporate 

into a model. However, there is evidence that antibody binding is affected by certain 

amino acid residues located in the B-cell epitopes more than others [34]. Variation in the 
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contribution of different amino acid residues to cellular receptor binding avidity is also 

likely. As of yet, the exact functional regions for antigenic sites and binding avidity sites, 

and their overlap, still need to be better identified to more fully understand the 

relationship between receptor binding avidity changes and antigenic changes. Statistical 

approaches that identify positively selected residues, such as the one recently developed 

by Tusche and coauthors [35], will be key to identifying which sites are likely to be 

relevant and may thereby provide good candidates for further study. 

The mathematical formulation of Hensley and coauthors’ antigenic drift model 

that I developed here can be used to make predictions that can be tested using publicly 

publically available influenza sequence data. For example, human hosts are generally 

long-lived compared to other influenza host species, and the duration of a typical 

influenza infection in humans is generally shorter or comparable to that of other host 

species. Given the results shown in Figure 1-4, I would therefore anticipate that the 

cellular receptor binding avidities of influenza viruses circulating in humans should be 

higher than those circulating in other hosts. Following a pandemic emergence from 

either avian hosts or swine hosts, I therefore expect viral receptor binding avidities to 

increase over time in the human population. Indeed, Arinaminpathy and Grenfell 

recently performed a retrospective analysis of influenza sequences, looking at how 

glycoprotein charge, which affects cellular receptor binding avidity in the case of the HA 

protein, changes over time for several influenza A subtypes [36]. In support of the above 
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prediction, they show that the total charge of influenza A H3N2’s HA increases from the 

time of its introduction in 1968 until 1986, when the total charge plateaus. However, this 

pattern is not present in influenza A subtypes H1N1 or H2N2. Furthermore, there are 

two confounders in interpreting this increase in H3N2 receptor binding avidity in 

humans according to the model presented here and a transition of the virus from a 

short-lived host to a long-lived host. First, the increase in H3N2 binding avidity in 

humans could be due to evolution of receptor specificity. Second, increases in receptor 

binding avidity in H3N2 may have evolved to compensate for the accumulation of 

glycosylation sites on the viral HA (which decrease receptor binding avidity) [36, 37], 

rather than as a result of their stand-alone fitness advantage. 

A second prediction made by the model, and the original hypothesis, is that 

currently infected hosts who have been infected more numerous times should, on 

average, harbor flu viruses with higher binding avidities compared to currently infected 

individuals with fewer previous infections. This is because the model assumes that 

antigenic drift, occurring rather rapidly, is a side effect of frequent within-host changes 

in binding avidity (Figure 1-3), with higher binding avidity selected for in higher k 

individuals and lower binding avidity selected for in lower k individuals. Because an 

individual’s age has been used as a proxy for the number of previous infections k, I 

therefore predict that the binding avidities of viruses isolated from patients (at least at 

the end of their infectious periods) should be an increasing function of patient age. This 
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prediction is testable using age information available in the Influenza Virus Resource 

Database [38] and computational methods to predict binding avidity from viral 

sequence data. Here, I simply note that the prediction is one put forward by Hensley 

and coauthors’ hypothesis, and that the mathematical formulation of their model 

presented here could perhaps be used to quantitatively predict the relationship between 

age and binding avidity, or, alternatively, that the observed relationship between age 

and binding avidity could be used to parameterize the mathematical model presented 

here. 

Finally, the model presented here is similar in structure to influenza models of 

the SIRS variety discussed in the introduction, albeit more complicated. In its current 

structure, it could therefore not address whether the new antigenic drift hypothesis is 

consistent with the ladderlike phylogeny of influenza’s HA [39] and the emergence-

replacement dynamics of influenza’s antigenic clusters [40]. To determine whether this 

new antigenic drift model can reproduce these genetic and antigenic evolutionary 

dynamics, another formulation of the model would need to be developed. This 

formulation would be similar in structure to existing multi-strain influenza models [6-8, 

10-13], with the key difference being that strains would differ in their binding avidities 

along with their antigenic characteristics. For now, the new antigenic drift hypothesis 

presents an interesting and starkly different alternative to previous hypotheses of 
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antigenic drift. A demonstration of its consistency with the evolutionary dynamics of 

influenza will surely make my commitment to it more ‘binding’. 
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2. Do binding avidity changes drive influenza’s ant igenic 
drift? A critical evaluation  

 

In Chapter 1, I presented a mathematical formulation of a new antigenic drift 

hypothesis in humans and used this formulation to quantitatively evaluate how 

epidemiological parameters and scenarios such as vaccination would alter 

hemagglutinin (HA) binding avidity and influenza’s rate of antigenic drift at the 

population level. As described in this chapter, the drift hypothesis put forward by 

Hensley and coauthors [18] posits a fundamentally different mechanism for the process 

of antigenic drift: that binding avidity changes, accruing between transmission events, 

result in antigenic drift as a side effect. Here, I evaluate this hypothesis using empirical 

data and model simulations. My results indicate that support for the binding avidity 

hypothesis is weak, as the predictions made by this hypothesis are not supported 

significantly by empirical data. 
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2.1 Introduction 

Over the last 40 years, virologists have thought that antigenic drift results from 

positive selection of epitope changes that directly lead to immune escape from antibody 

recognition. Recently, however, Hensley and coauthors [18] posited that antigenic drift 

is instead a side effect of binding avidity changes occurring rapidly between 

transmission events. The existence of this starkly different hypothesis affects not only 

how we think about influenza evolution mechanistically, but also requires us to 

reevaluate the characteristics of a population that might be critical for driving antigenic 

drift. For example, under the binding avidity hypothesis, the rate of antigenic drift 

depends primarily on the variation of immunity levels across individuals in a 

population. In contrast, under the epitope hypothesis, the rate of antigenic drift depends 

on the overall amount of herd immunity in the population, with higher levels of 

immunity increasing selection pressures on the virus to evolve antigenically, thereby 

accelerating the overall rate of antigenic drift.   

The evidence brought to bear in support of the binding avidity hypothesis comes 

from serial passage experiments in mice [16, 18]. Specifically, influenza viruses passaged 

through vaccinated mice showed increases in binding avidity, whereas influenza viruses 

passaged through unvaccinated mice showed decreases in binding avidity [18]. 

Presumably, natural and consecutively occurring ‘passages’ between naïve and immune 

hosts would therefore result in continuous changes in binding avidity, leading to 
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antigenic drift as a side effect. However, natural transmission of the virus occurs in a 

manner which differs considerably from the way in which transmission of the virus 

occurs in these experimental studies. In particular, in these studies viruses generated in 

Madin-Darby Canine Kidney (MDCK) cells are transmitted between animals through 

nasal secretions. To ensure successful transmission, infectious viral doses are generally 

required to be large. In contrast, natural transmission of influenza rarely occurs through 

nasal secretions. Instead, the virus is usually airborne, resulting in a lower infectious 

dose. This difference in viral inoculum sizes could affect the evolutionary dynamics of 

the virus, and therefore the strategy it uses to escape immunity. One way of evaluating 

the binding avidity hypothesis as a plausible explanation for antigenic drift in natural 

populations is therefore to perform transmission experiments that more realistically 

mimic natural transmission pathways. For example, transmission studies have been 

performed with caged ferrets, in which airborne H5N1 viral particles need to pass 

through cages for transmission to occur [41]. These caged animal studies could 

presumably be modified to evaluate the plausibility of the binding avidity hypothesis in 

natural populations of hosts. 

Here, instead of considering further experimental studies, I evaluate the 

plausibility of this hypothesis through a combination of model simulations and 

empirical data analysis. In section 2.2, I first evaluate the binding avidity hypothesis 

through a stochastic, partially individual-based, simulation of the mathematical model 
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presented in chapter 1. In addition to being a stochastic simulation, it is a 

‘phylodynamic’ [42] simulation, in which transmission events are tracked. This tracking 

allows for the construction of an infection tree, which can be interpreted as a viral 

phylogeny under the assumption of a narrow transmission bottleneck. A qualitative 

comparison between the shape of this simulated viral phylogeny and the shape of 

influenza’s HA phylogeny in humans will be used to assess whether the binding avidity 

hypothesis leads to phylogenetic predictions that are supported by empirical sequence 

data. In section 2.3, I then look at whether viral binding avidity increases with the age of 

infected hosts. According to the binding avidity hypothesis, viruses with mutations that 

increase binding avidity will be selected for in immune individuals and viruses with 

mutations that decrease binding avidity will be selected for in naïve individuals. 

Therefore, in a population that is heterogeneous with respect to immune status, I expect 

higher binding avidity viruses to be isolated from immune individuals at the end of 

their infection and lower binding avidity viruses to be isolated from more naïve 

individuals at the end of their infection. Using age as a proxy for immune status, I assess 

whether this prediction is met using empirical viral sequence data and metadata on the 

age of the hosts from which these viruses were isolated. Finally, in section 2.4, I infer 

phylogenies from viral sequences and map netcharge calculations (which are used as a 

proxy for binding avidity) onto the tips of these phylogenies. I then assess the binding 
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avidity hypothesis by looking at how netcharge is distributed across the clades of the 

phylogeny. 
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2.2 Phylodynamic simulations 

The phylogeny of influenza A/H3N2’s HA protein famously exhibits ‘ladderlike’ 

dynamics (Figure 2-1), with rapid turnover of viral lineages and limited viral diversity 

present at any point in time. It has been repeatedly argued that this ladderlike shape is 

due to continuous and strong immune selection for new antigenic variants that evade 

herd immunity [7, 10, 42, 43]. However, it is now more generally appreciated that other 

processes, such as spatial dynamics, can also result in ladderlike viral phylogenies[44], 

as in the case of rabies virus expansion[45]. Here, we therefore use phylodynamic 

simulations to determine whether the binding avidity hypothesis is consistent with the 

known ladderlike phylogeny of influenza’s HA. 

 

Figure 2-1. A phylogeny reconstructed from the HA gene segment of influenza 

A/H3N2 viruses sampled over the time period 1980-2008. 
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2.2.1 Methods 

I extended the model described in detail in Chapter 1 into a phylodynamic model 

that also simulates viral phylogenies. This phylodynamic model consists of two distinct, 

but interacting, components. The first component is an epidemiological SIRS model, 

with schematic already shown in Figure 1-1. This model is simulated stochastically as a 

compartmental model, with hosts transitioning between susceptible classes (Si), 

infectious classes (Ii), and temporally recovered classes (Ri). Table 2-1 lists the simulation 

events, the changes in states that occur with each of these events, and the rates at which 

these events occur.  
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Table 2-1. Events present in the stochastic epidemiological model. Also shown 

are the change of states that occur with these events and the event rates. The rates, 

where applicable, agree with those from Chapter 1. Parameters are: birth/death rate µ = 

1/70 yrs-1, contact rate c = 0.5 days-1, recovery rate γ = 1/5 days-1, rate of immunity loss ω = 

0.5 yrs-1, and initial population size N = 106 individuals. I is the total number of infected 

individuals across all i classes. Parameters used to compute the transmission 

probabilities ρ in the virus life cycle model are: r = 1, p = 2, a = 0.7 and b = 3, which are 

same as in Figure 1-2. The constant kc that affects the rate of within-host binding avidity 

change is 0.18 squared of binding avidity V. 

 
 

The second component is the virus life cycle model. This model is individual-

based, with each virus an entity that holds information on its own binding avidity and 

the identity of its viral parent. This second component replaces the evolutionary 
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component of the model presented in Chapter 1, which modeled the virus population’s 

mean receptor binding avidity. Furthermore, in Chapter 1, the rate of antigenic drift was 

determined by changes in binding avidity, while here I instead assume a constant rate of 

antigenic drift. This assumption not only simplifies the model simulations, but allows 

me to focus exclusively on the question of whether the binding avidity hypothesis 

predicts a viral phylogeny that is consistent with the known ladderlike phylogeny of 

influenza’s HA. 

The virus life cycle model keeps track of every virus from its birth to its death. 

Birth of a virus occurs when an infected host successfully infects a susceptible host with 

a given number of previous infections. At birth, the current binding avidity of the virus 

present in the infecting host is transferred to the virus in the new host. This is the newly 

born virus’s initial binding avidity v0. With a successful transmission, the newly infected 

host transitions from being susceptible and having been infected i-1 previous times (Si-1) 

to being infected and having i previous (and current) infections (Ii). 

While this host is infected, the binding avidity of its resident virus evolves and 

transmissions can occur from this infected individual to susceptible hosts. Evolution of 

the virus’s binding avidity occurs at a rate that is proportional to the selection gradient 

within its host. This selection gradient depends on i  as well as the virus’s current 

binding avidity, vi. Mathematically, it is given by: ii dvvid ),(ρ , where ρ is the 

probability of transmission (see chapter 1). A virus’s binding avidity is thus able to 
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evolve over time towards either higher or lower binding avidity, depending on the host 

that it infects. 

Transmission of the virus occurs via a two-step process. First, contact from an 

infected host occurs at a rate c (Table 2-1). When a contact occurs, if the receiving host is 

infected or temporarily immune, the contact does not result in transmission of the 

infection. If, on the other hand, the receiving host is susceptible, the probability of a 

successful transmission is calculated. This probability is given by the product of two 

probabilities, as described in Chapter 1: the probability that the virus escapes immune 

recognition in the receiving host (Figure 1-2a) and the probability that the virus 

replicates successfully in this host (Figure 1-2b). As can be seen in Figure 1-2a, the former 

probability depends on the number of times the receiving host has previously been 

infected and the binding avidity of the infecting virus. As can be seen in Figure 1-2b, the 

latter probability depends only on the binding avidity of the infecting virus. This 

probability is then used to determine whether the infection is successful. If it is, the 

current binding avidity of the infecting virus is transferred to the newly born virus as its 

v0.  

Finally, at recovery, the infected individual becomes temporarily immune 

(moving into class Ri), and, with the clearance of the infection, the virus dies. 

As part of this viral life cycle model, I store several pieces of relevant information 

for each virus: birth time, death time, parent (i.e., the source virus), the number of 
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previous infections i its host has experienced, initial binding avidity (v0), and current 

binding avidity (vi). 

To simulate the phylodynamic model, I use Gillespie’s stochastic τ -leap 

algorithm [46, 47] with a time interval τ of 0.25 days. With this algorithm, the number of 

times a specific event occurs is Poisson distributed. As detailed above, whenever an 

infection event successfully occurs, a new virus entity will also be created in the virus 

life cycle model. Binding avidities of viruses within infected hosts are also updated 

when necessary, with the change in binding avidity given by the product of the selection 

gradient ( ii dvvid ),(ρ ), a constant kc that represents genetic variance, and the time 

interval since the last update. Simulations of the phylodynamic model were run for 29 

years. 

At the end of a simulation, the information retained from the virus life cycle 

model is used to construct an infection tree. Constructing an infection tree simply 

involves random sampling of infected individuals over time, and tracing back the 

genealogies of the viruses they harbor until common ancestry. 

2.2.2 Results 

Figure 2-2 shows a representative model simulation starting with initial 

conditions that are away from equilibrium values. Over time, the fraction of the 

population susceptible to infection, given by the sum of susceptible hosts across all i 

classes, divided by the population size, stabilizes (Figure 2-2a). The distribution of 
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susceptible hosts across these i classes also stabilizes to equilibrium values (Figure 2-2b). 

Finally, the average binding avidity of viruses residing in currently infected individuals 

stabilizes (Figure 2-2c), as does their binding avidity distribution (Figure 2-2d). 

 

 

Figure 2-2. A representative model simulation. (a) The fraction of the 

population susceptible to infection over time. (b) A histogram of the fraction of 

susceptible individuals in each class i, sampled at time t = 28 yrs of the simulation. (c) 

Binding avidity averaged across all viruses residing in current infections. (d) A 

histogram of binding avidity from all infected individuals, sampled at time t = 28 yrs 

of the simulation. 
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Figure 2-3 shows the simulated viral infection tree. Multiple lineages coexist in 

the infection tree, indicating a large amount of genetic diversity in the circulating virus 

population. Furthermore, turnover of viral lineages does not occur rapidly. In 

comparison to the ladderlike influenza HA phylogeny shown in Figure 2-1, the infection 

tree simulated under the binding avidity hypothesis shows a higher degree of balance. 

This balance indicates the absence of large fitness differences between coexisting clades: 

if fitness differences across clades differed considerably from one another, certain clades 

would outcompete the others, resulting in a more ladderlike phylogeny with lineage 

turnover and lower levels of genetic diversity. 
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Figure 2-3. A simulated viral infection tree. Each tip corresponds to a virus 

sampled from an infected individual. To construct this tree, infected individuals were 

sampled over a time span of 29 years, to correspond with the time period over which 

viral sequences were isolated for the influenza HA phylogeny shown in Figure 2-1. 
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2.3 Viral binding avidity across host ages 

As a second approach to test the binding avidity hypothesis for influenza’s 

antigenic drift, I determined whether binding avidity of viral sequences changed as a 

function of host age. The binding avidity hypothesis argues that viruses rapidly increase 

their binding avidity in immune hosts, and rapidly decrease their binding avidity in 

naïve hosts, leading to ongoing genetic changes in the viral HA. These ongoing changes 

would result in antigenic drift as a side effect. Because immune status is difficult to 

ascertain for hosts, here I take the age of hosts as a proxy for their immune status (or, the 

previous number of times they have been infected). Although age is not a perfect proxy 

for immune status, it is known that newborns are highly susceptible to infection because 

they do not have high affinity antibodies to specific strains. During each subsequent 

infection, a number of B-cell clones proliferate and yield a polyclonal antibody response. 

Therefore, it is likely that older individuals have a greater chance of being exposed to 

more viral strains than younger individuals. A prior exposure to previously circulating 

strains would lead to cross-reactivity to newly circulating strains that descend from 

related antigenic strains [25]. An increase in seropravelence by age against individual 

viral strains that may be contacted has also been observed [48], supporting the use of 

host age as a proxy for immune status.  

A further complication of this analysis is that viral data on cellular receptor 

binding avidity are not readily available. Here, I therefore use two distinct approaches to 
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approximate viral binding avidity: netcharge of the viral HA1 domain and a binding 

score based on a computational algorithm for calculating binding activity between the 

viral HA and its cellular receptor.  

2.3.1 Methods 

Sequence data 

A total of 834 full length HA sequences of human influenza A/H3N2 isolated 

across New York State from 1993 to 2005 were downloaded from the Influenza Virus 

Resource Database [38]. Metadata, including the age of the infected individual and the 

exact day of isolation, were also extracted from this dataset. 

Netcharge calculations 

Previous research has argued that the net charge of a viral HA is a good proxy 

for its binding avidity to cellular receptors [36, 37, 49]. This is because the sialic acid 

receptor on host cells carries with it a negative net charge. A positive net charge on the 

viral HA will therefore presumably increase the electrostatic force between the viral HA 

and the sialic acid receptors [49]. Net charge is easily calculated from HA sequence data. 

Using sequence data from amino acid positions 17 through 345, which define the 

globular head domain (HA1) for influenza A/H3N2 [39], netcharge is calculated by 

subtracting the total number of negatively charged amino acid residues from the total 

number of positively charged amino acid residues.  The three amino acids with positive 
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charge are Arginine (R), Histidine (H), and Lysine (K). The two amino acids with 

negative charge are Aspartic Acid (D) and Glutamic Acid (E). 

 

Binding avidity calculations using a predictive algorithm 

In addition to using netcharge as a proxy for cellular receptor binding avidity, I 

calculate binding avidity using a computational approach described by Cao and 

coauthors [50]. All full-length HA sequences were first aligned to a template RNA 

sequence for influenza A/H3N2 using the alignment software ClustalW [51]. The 

template sequence used was A/duck/Ukraine/63, an avian progenitor of the 1968 Hong 

Kong influenza A/H3N2 subtype. The protein structure of every viral isolate was then 

reconstructed by adding amino acid side chains to the protein backbone template of 

A/duck/Ukraine/63, which contains only protein conformations without side chains. 

This protein structure prediction was done  using SCWRL4 [52], a software program to 

predict the conformation of side chains based on a rotamer library that contains 

conformational information on all 22 amino acid residues. The program determines side 

chain conformations by identifying which rotamers on the backbone minimize the 

protein’s free energy. The protein backbone template used by SCWRL4 in this case 

(A/duck/Ukraine/63) was provided by HARBP, a tool for estimating binding avidity of 

influenza virus hemagglutinin to human and avian receptors [50]. The predicted protein 

structures of the New York viral isolates were stored in pdb (protein data bank) format. 

These structures were then used to calculate the binding score to human cellular 
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receptors using HARBP. HARBP refines side-chain conformations and calculates the 

effects of binding as a result of both electrostatic interactions and shape 

complementarity between the viral HA and the cellular receptor. The free energy of the 

electrostatic interaction is calculated by considering interactions between each HA atom 

and receptor atom. Shape complementarity describes the geometric match between the 

HA and the receptor at their binding interface. The resulting binding score was taken to 

quantify the HA binding strength to its cellular receptor, and therefore reflect its binding 

avidity. 

 

Calculation of glycosylation sites 

In the analysis below, I control for the number of viral N-linked glycosylation 

sites (NGS). This is because amino acid substitutions that change viral netcharge are 

known to occur following glycosylation, in an attempt to compensate the shielding effect 

of glycosylation [29, 37]. The number of glycosylation sites is calculated by counting the 

number of distinct occurrences of the consecutive amino acid motif NXS/T in the HA1 

region of the viral HA [53]. The motif consists of the amino acid Asparagine (N), 

followed by any amino acid (X) except Proline, followed by either the amino acid Serine 

(S) or the amino acid Threonine (T). This motif forms the potential N-linked 

glycosylation site (NGS). 

  



 

62 

 

Statistical analysis 

My null hypothesis is that the slope between host age (the explanatory variable) 

and either netcharge or binding score (the dependent variables) does not differ from 

zero. My alternative hypothesis is that this slope is positive. I used simple linear 

regression to estimate the slope of the relationship between host age and either 

netcharge or binding score, while controlling for NGS, as well as the standard error of 

this slope. I then calculated the model’s t-statistic, and used this t-statistic in a one-tailed 

t-test to determine whether I can reject the null hypothesis. Finally, I calculated the R2 

statistic to measure the regression’s goodness of fit. Regression is performed within 

single influenza seasons and for dominant viral isolates, defined as those having more 

than 12 samples during the analyzed season. 
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2.3.2 Results  

The relationship between host age and viral netcharge 

Figure 2-4 shows the scatter plots of netcharge of influenza A/H3N2 viruses 

against the age of the host from which these viruses were isolated, with each subplot 

corresponding to a single influenza season. Viral isolates with same number of N-linked 

glycosylation sites (NGS) are colored similarly. In most seasons, circulating viral strains 

have either the same number of NGSs or belong to one of two groups that differ by one 

NGS. Variation in viral netcharge within a single flu season is primarily due to variation 

between viral groups having a different number of NGS, for example in seasons 97/98, 

98/99 and 03/04.  

 

Figure 2-4. The scatter plots of viral netcharge vs host age. Viral isolates with 

same number of NGS are grouped by the same color. 

Figure 2-5 shows the netcharge of influenza A/H3N2 viruses as a function of the 

age of the host from which these viruses were isolated. Multiple parallel regression lines 
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of netcharge of influenza A/H3N2 viruses on age of the host are plotted with different 

intercepts corresponding to the effects of different number of NGS.  

 

Figure 2-5. The relationship between host age and viral netcharge. Viral 

isolates with same number of NGS are grouped by the same color. 

A significant positive correlation between netcharge and age is shown in Table 2-2, 

which supports the predictions made by the binding avidity hypothesis. However, the 

slope is small in magnitude. 

Table 2-2. Linear regression results for the data shown in Figure 2-5.  
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The relationship between host age and viral binding score 

As in Figure 2-4, the scatter plots of viral binding score of influenza A/H3N2 

viruses against the age of the host from which these viruses were isolated are shown in 

Figure 2-8, with each subplot corresponding to a single influenza season. Variation in 

binding score within a single flu season is primarily due to variation between viral 

groups having a different number of NGS. 

 

Figure 2-6. The relationship between host age and predicted viral binding 

score. Viral isolates with the same number of NGSs are grouped by the same color, as 

in Figure 2-4. 

Multiple parallel regression lines of viral binding score of influenza A/H3N2 

viruses on age of the host are plotted in Figure 2-9 with different intercepts 

corresponding to the effects of NGS.  
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Figure 2-7. The relationship between host age and predicted viral binding 

score. Viral isolates with the same number of NGSs are grouped by the same color, as 

in Figure 2-4. 

A significantly positive slope relating host age and binding score (p-value = 

0.00009) is shown in Table 2-3. The R2 value for this regression line is 0.425. The results 

support the predictions made by the binding avidity hypothesis. 

Table 2-3. Linear regression results for the data shown in Figure 2-7. 
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Correlations between predicted viral binding score and netcharge calculations 

Above, I used two distinct metrics for evaluating the binding avidity of isolated 

viral sequences. A statistically significant relationship between host age (or immune 

status) and binding avidity is found. Because these two metrics (netcharge and binding 

score) differ from one another considerably in their means of being calculated, with 

netcharge being faster to compute but binding score perhaps being more accurate, I here 

assess whether, and to what extent, these metrics tend to be positively related to one 

another. Figure 2-8 shows scatterplots of viral netcharge against the isolates’ predicted 

binding avidity scores, controlling for the number of NGSs and aggregating viral 

isolates across seasons. 

A positive correlation clearly exists between netcharge values and predicted 

binding scores across all four NGS groups of viral isolates. The estimated slopes are all 

significantly positive and the R2 values range between 0.36 and 0.49 (Table 2-4). 

Although not as strongly correlated as one may hope, these positive correlations show 

that easily calculable netcharge values might be a good proxy for binding avidity, under 

the assumption that predicted binding scores faithfully reflect the true values of binding 

avidity.  
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Figure 2-8. Scatterplots of predicted binding scores of viral isolates by their 

netcharge values. Viral isolated are grouped by the number of NGSs and are 

aggregated across the years 1993 through 2005. 

 

Table 2-4. Linear regression results for the data shown in Figure 2-8. P-values 

were computed using one-tailed t-test.  
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2.4 Phylogenetic clustering of viral NGS numbers and netcharge 
values 

To evaluate whether netcharge substitutions occur rapidly between individuals 

with different immune status as Hensley and coauthor proposed in their model [18], 

viral phylogenetic tree is reconstructed and annotated with netcharge and #NGS.  Since 

glycosylation could have strong effects on the cellular binding avidity by shielding the 

surface of HA, in order to compare binding avidity changes by netcharge during 

transmission events, viruses that are considered should have the same sugar chains 

added to reduce the effects from glycosylation. In the previous section, netcharge are 

compared among viruses within same number of #NGS. However, even with same 

#NGS, binding sites alteration could lead to different effects in antigenicity [54, 55]. If the 

viruses within same #NGS locate from different clades, then glycosylation binding site 

may have been changed. If the viruses within same #NGS locate from the same clades, 

then glycosylation site mutation would be same as their parental strains. 

  

2.4.1 Methods 

Using the same sets of 834 full length HA sequences of human influenza A/H3N2 

from 1993 to 2005 as in the previous section, phylogenetic trees were inferred using the 

software program BEAST [56]. I used a general time reversible (GTR) model with 

gamma distributed rate variation and a proportion of invariant sites, and a constant size 

coalescent model. 107 MCMC steps were performed to reach a high effective sample size.  
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2.4.2 Results 

Phylogenetic patterns of NGS numbers 

Figure 2-9 shows the maximum clade credibility tree for the NY virus isolates. 

Two distinct viral clades, with differing numbers of NGSs, co-circulate in seasons 

1996/97, 98/99, and 03/04, consistent with Figure 2-4. In other seasons, only one NGS 

group dominates. The phylogeny shows that viral clades consistently have the same 

number of NGSs, even in seasons where multiple NGS co-circulate. Together with the 

results from Figure 2-4, this pattern indicates that netcharge changes that are brought 

about by compensatory mutations following the addition of NGSs do not occur 

frequently between individuals with different immune status levels. Rather, these 

netcharge changes occur infrequently within single clades, in which many different 

transmission events will have occurred. Moreover, because most viruses with the same 

#NGS are isolated from the same clades, the chance of glycosylation site switching is 

low. 
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Figure 2-9. Phylogenetic tree of influenza A/H3N2 viral isolates. The number 

of NGSs for each clade is shown by the differently colored boxes. 

Phylogenetic patterns of viral netcharge 

Figure 2-10 shows a viral phylogenetic tree spanning the years 2003-2005. Only a 

subset of the phylogeny is depicted here, for clarity, although inspection of the 

remainder of the phylogeny leads to similar conclusions. Clades in this phylogeny are 

generally comprised of viral strains having the same netcharge, although occasionally 

there is a netcharge change that occurs and persists temporarily. If viruses frequently 

alter netcharge (representing binding avidity) as they are transmitted between naïve and 

more immune hosts, then I would expect a large variation of netcharge in each clade. 
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These results therefore do not support significantly the binding avidity hypothesis for 

driving influenza’s antigenic drift.  

 

Figure 2-10. A phylogeny of influenza A/H3N2, from viral isolates spanning 

years 2003 through 2005. Netcharge values are indicated by the numbers 

accompanying similarly colored lineages. Boxes specify the number of NGSs, as in 

Figure 2-9. 
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2.5 Discussion 

In this chapter, I tested predictions arising from the binding avidity hypothesis 

against empirical data in an effort to determine whether this hypothesis is empirically 

supported. My results indicate that changes in binding avidity alone do not reproduce 

the ladderlike phylogeny of influenza A/H3N2’s HA protein (section 2.2). The regression 

analysis shows a significant positive relationship between host age and receptor binding 

avidity, estimated by netcharge and predicted binding score (section 2.3). However, 

changes in binding avidity do not appear to occur rapidly: older aged individuals do not 

harbor viruses that have noticeable higher netcharge in HA than those of younger aged 

individuals as the slope of regression is small (section 2.3), and the phylogenetic analysis 

presented in section 2.4 indicates that netcharge does not change frequently within viral 

clades. Unlike serial passaging viruses on mice, individuals who have broader immunity 

would be protected from getting infection naturally, therefore, lowering the chance of 

frequent alteration of binding avidity. These results together weaken the plausibility of 

the binding avidity hypothesis put forward by Hensley and coauthors, which argues 

that frequent binding avidity changes between naive and immune individuals result 

inantigenic drift.   

Although significant positive associations between netcharge (or predicted 

binding score) in virues and hosts age are found, a small R2 indicates that proportion of 

unexplained variance is large. A variety of netcharge are observed for viral isolates 
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within and between each season. Several possible reasons could explain this 

observation. There might be other mutations alter the binding avidity without changing 

the charge. The second reason could be other genetic factors limit the rapid changes in 

binding avidity by fitness costs through epistatic interaction.  

The above conclusions show a discrepancy to Hensley’s model. In serial passages 

study, immune mice are infected by nasal injection, however most immune individual 

are protected by antibodies to prevent infection.  Instead of frequent changes while 

viruses are passaging between naive and immune individual, viral evolution in binding 

avidity should be considered in changes in highly immune and naive populations. 

Furthermore, epitope mutations can lead the viruses escape from immunity producing a 

naive population.  A model having both binding avidity and epitope changes is required 

to understand to what extent, antigenic drift is driven by binding avidity, or epitope 

changes.  
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3. Influenza evolution from an integrated viral lif e cycle 
perspective: assessing the effects of molecular 
interactions on antigenic drift 

In Chapter 1, I presented a mathematical model of Hensley and coauthors’ 

binding avidity hypothesis. Using an extension of this model, and further data analysis, 

I aimed to determine whether this hypothesis was empirically supported. I concluded 

that the binding avidity hypothesis was not well supported and that antigenic drift was 

therefore likely to be driven by epitope changes (lacking any other plausible 

mechanism). However, the study by Hensley and coauthors highlights the importance 

of other viral phenotypes besides viral antigenicity in yielding a productive infection. In 

this chapter, I therefore focus on the development of a model that integrates multiple 

viral phenotypes. I use this model to look at the process of influenza’s antigenic drift in 

the context of these interacting phenotypes. 
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3.1 Introduction 

Infection with influenza causes both a cellular and a humoral immune response 

in humans. While the cellular immune response can targets a highly conserved cross-

reactive T-cell epitopes across the viruses [57, 58], the humoral arm of the immune 

response results in the production of antibodies that are highly specific to the infecting 

strain of influenza [36, 37, 49]. In particular, antibodies are produced that target a limited 

number of epitope regions on the virus’s hemagglutinin (HA) protein, and these regions 

vary tremendously between different influenza subtypes and change rapidly within a 

specific subtype over time. These changes within an influenza subtype result in a 

process called antigenic drift, defined as the continual substitution of amino acids in 

epitope regions that enable the virus to reinfect previously infected hosts. This 

reinfection is possible because the viral population changes antigenically over time such 

that antibody repertoires from a previous infection are no longer effective at neutralizing 

circulating viral strains. In influenza A subtype H3N2, antigenic drift results in 

immunity to reinfection waning within 2-6 years of a previous infection.  

Virological studies over the last 30 years have isolated the dominant HA epitope 

regions and the specific amino acid sites that belong to these regions [15, 59-61]. Studies, 

primarily using monoclonal antibodies, have shown that amino acid changes at these 

sites reduce antibody binding [59]. Theoretical studies have followed, illustrating that 

selection acting directly on these sites, via their antigenic phenotypes, can reproduce the 
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known ladderlike phylogeny of influenza’s HA under certain epidemiological and 

molecular scenarios [8, 10, 42, 43]. 

Although it is clear that viral immune escape through epitope changes can occur, 

recent work has highlighted the effect of another phenotype, namely cellular receptor 

binding avidity, on immune escape [18]. Using serial passages of the virus through 

vaccinated mice, this study demonstrated that influenza can evade neutralization by 

antibodies by increasing its binding avidity to cellular sialic acid receptors, rather than 

evading immune responses through amino acid changes that weaken antibody affinity. 

According to their hypothesis, amino acid changes in epitope sites occur, and ultimately 

lead to antigenic drift, but these changes are not a result of selection. Rather, due to the 

overlap between epitope sites and receptor binding sites, these changes, the authors 

hypothesize, are a side-effect of amino acid changes at receptor binding sites, which are 

the direct result of selection. 

The Hensley and coauthors’ study [18] highlights yet a third important viral 

phenotype that may undergo evolution: the enzymatic activity of the neuraminidase 

(NA) protein. In their study, mutant viruses with increased binding avidity, when 

passaged through naïve mice, decrease in their binding avidity. Loss of adsorption (high 

avidity) mutants in naïve mice suggests a fitness cost of increasing binding avidity for 

viral replication. This fitness cost is likely due to the reduced ability of high-avidity 

mutants to exit host cells successfully. This reduced ability is most probably due to a 
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functional mismatch between the HA protein’s avidity and the NA protein’s activity, 

with many studies having shown that an imbalance of HA and NA would lead to a 

defect in viral replication but when a functional balance of HA and NA activities is 

restored, viral growth is also restored [31, 62-64]. Therefore, viral HA and NA proteins 

are likely to be co-adapted to realize optimum growth in the context of host immunity 

[65].   

The above studies, taken together, provide evidence for evolution of three 

influenza viral phenotypes: viral antigenicity (which modulates antibody binding 

affinity), viral receptor binding avidity, and neuraminidase activity. The aims of this 

chapter are two-fold. The first aim is to understand the replication dynamics of 

influenza as a function of all three of these phenotypes together, using an integrated 

framework that can incorporate these phenotypes’ interactions and dependencies. This 

work is described in section 3.2. The second aim is to describe the evolutionary 

dynamics of these three phenotypes, in the context of their molecular interactions, and 

ultimately rates of antigenic drift given this integrated viral life cycle perspective. This 

work is described in section 3.3. Finally, in section 3.4 I address how rates of antigenic 

drift are affected by different epidemiological parameters, such as host contact rate and 

host lifespan, thereby revisiting the questions first asked in Chapter 1.  
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3.2 An integrated model for influenza replication  

Here, I aim to construct a model for the replication of an influenza virus within a 

host that depends on all three phenotypes that are known to play a role in affecting 

replication ability: the virus’s antigenic characteristics, its receptor binding avidity, and 

its neuraminidase activity.  Instead of modeling the population dynamics of viral 

particles within a host, I reduce the model to one in which I determine the probability 

that a given viral particle, faced with a given antibody (Ab) response, successfully 

replicates. Successful replication requires entry into a host target cell, prior to Ab 

neutralization, as well as successful release from this cell. This probability can be used as 

a proxy of fitness: a higher probability of successful viral replication corresponds to 

higher viral fitness. The evolutionary dynamics of the viral phenotypes, described in 

section 3.3, will therefore rely on this probability as a fitness measure. 

Figure 3-1 schematically shows the process that a virus must undergo to replicate 

and the obstacles in its path to replication. In brief, a free virus particle has three possible 

fates at the point of viral entry: 1) it could bind to the sialic acid receptor of a host cell 

and successfully enter the host cell through endocytosis; 2) it could bind to the sialic acid 

receptor of a host cell but have its sialic acid cleaved by neuraminidase prior to 

endocytosis, resulting in unsuccessful entry; 3) it could be bound by circulating 

antibodies and be neutralized prior to binding to the host cell’s sialic acid receptor. If 

viral entry is successful, the viral particle has two possible fates at the point of viral 
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release: 1) it could form a complex with the sialic acid receptors and then be successfully 

released from the host cell through cleavage of this complex by neuraminidase; 2) it 

could form a complex with these receptors but then be degraded prior to NA cleavage. 

Section 3.2.1 mathematically describes the viral entry component of viral replication, 

whereas section 3.2.2 mathematically describes the viral release component. Section 3.2.3 

puts these two sections together to formulate the final probability that an entering virus 

successfully replicates in a host. 

 

Figure 3-1. A schematic of the replication cycle of influenza and obstacles in its 

path to successful replication. The kinetics of the depicted processes are determined 

by chemical reactions, indicated by arrows and with rates specified in Table 3-1. 

Single arrows depict forward reactions. Double arrows depict reactions with both 

forward and reverse components, characterized by net reactions rates. 
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Table 3-1. Reaction rate constants and their descriptions. 

 

 

3.2.1 Viral entry 

The kinetics of viral entry can be described by a set of differential equations that 

govern the rates of change of free virus and of bound virus. The rate of change of the 

concentration of free virus, [V], is given by: 

����
�� � ��	�
���� � ���
��� � ��	�
�� � ����
�    ( 3.1 ) 

where K1 is the rate at which free virus binds to the sialic acid receptors of the host cell, 

[S] is the concentration of sialic acid receptors on host cells, K2 is the rate at which host 
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antibodies bind to free virus, [B] is the concentration of circulating antibodies, K-1 is the 

rate at which the virus-sialic acid receptor complex disassociates, [VS] is the 

concentration of this complex, K-2 is the rate at which the virus-antibody complex 

disassociates, and [VB] is the concentration of this complex. The rate of change of the 

concentration of the virus-sialic acid receptor complex, [VS], is given by:  

��
���� � �	�
���� � ��	�
�� � ���
����� � ����
��� � ���
�� 
where Kn is the rate at which neuraminidase, [N], attaches to this complex, K-n is the rate 

at which the neuraminidase bound to [VS] disassociates, and Kα is the rate at which [VS] 

enters host cells (Table 3-1). The rate of change of the concentration of virus that has 

successfully entered the host cell, [Vin], is given by: 

��
����� � ���
�� 
The rate of change of the concentration of virus-antibody complex, [VB], is given 

by: 

��
��� � ���
��� � ����
� � ���
� 
where Kβ is the rate at which the antibody-bound virus is neutralized (Table 3-1). The 

rate of change of the concentration of neutralized virus, [Vneu], is given by: 

��
������ � ���
� 
The rate of change of the concentration of virus-sialic acid receptor complex 

bound by NA, [VSN], is given by: 
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��
����� � ���
����� � ����
��� � ���
��� 
where Kγ is the rate of cleavage of the virus-sialic receptor complex by NA. The rate of 

change of the concentration of cleaved virus, [Vcl], is given by: 

��
����� � ���
��� 
In the equations above, we assume that [S], [B], and [N] are constants, and that 

the infecting virus enters the host as free virus, [V]. In this model, [Vin], [Vcl], and [Vneu] 

are absorbing states, with only the first outcome, [Vin], resulting in successful viral entry. 

While it is well known that circulating antibodies limit viral entry through 

neutralization, the above equations also assume that NA activity impacts viral entry. 

This assumption complements research that has focused on the role of NA in viral 

release instead of viral entry [66, 67], and is based on early NA research conducted by 

Hirst[68]. In this study, when influenza viruses mixed with chicken red blood cells and 

incubated at 4 degrees C, cells became agglutinated because of viral HA. When the 

mixtures were incubated at 27 or 37 degrees C, the agglutinated cells dispersed and 

became unagglutinated, because the change in temperature presumably allowed NA to 

become more active to cleave the HA –receptor complex fomed at the surface of 

agglutinated cells. This work demonstrates the role of NA as an enzyme that destroys 

receptors while viruses are attached.  

Using the above differential equations, we can compute the probability that a 

free virus successfully enters a host cell. To do so, we first assume fast dynamics of 
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[VSN], the virus-sialic acid receptor-neuraminidase complex. Under this assumption, the 

[VSN] quasi-stationary state will be reached, with ��
��� ��⁄ ≈ 0. This leads to: 

�� !� � "#�!�"$#%"& �� �          ( 3.2a )  

      

We then further assume fast dynamics of [VS], the virus-sialic acid receptor 

complex, such that 	��
�� ��⁄ ≈ 0. This leads to: 

�
�� � ( )*�+�
)$*%),�-��.$,.,�/�.$,0.1 %)23 �
�      ( 3.2b ) 

Finally, we assume fast dynamics of [VB], the virus-antibody complex, such that 

��
� ��⁄ ≈ 0. This leads to: 

�
� � )4�5�)$4%)6 �
�        ( 3.2c ) 

Given these assumptions, the rates into all three absorbing states [Vin], [Vcl], and 

[Vneu] only depend on [V]. The probability that a virus successfully enters a host cell can 

then be written as 
789:,;7<789:,;7< %7�9,=>�7< %7�9?@�7<

, which can be rewritten as 
	

	%7�9,=>�/7<789:,;/7< %789?@;/7<789:,;/7<
.   

Substituting the fast dynamic results into 
���,=>�/�����:,�/�� 	yields: 

���,=>�/�����:,�/�� � )6)2
�5�
�+�

)B)C         ( 3.3a ) 

where the association binding constant of antibodies and virus is given by: 

"D � "E("$E%"G) ≈ "E"$E          ( 3.3b )  
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and the association binding constant of virus and their target cells is given by �+ �
)*

)$*%)2%),�-��.$,.,�/�.$,0.1
. With the assumption that �� ≪ ���, KS reduces to: 

�+ = )*
)$*%)2

≈ )*
)$*

        ( 3.3c )           

These association binding constants are shown in Figure 3-1 and also listed in 

Table 3-1. Substituting the fast dynamic results into 
���?@�/��
���:,�/�� yields: 

���?@�/��
���:,�/�� = �-�)/)1

)2
        ( 3.3d )   

with 

"! = J "#
"$#%"&

K ≈ L "#
"$#

M        ( 3.3e ) 

Substituting these expressions into the probability that a virus successfully enters 

a host cell yields: 

Probability of viral entry f = 	
	%.B

.C
�B�.6
�C�.2 %)1

�/�./
.2

    ( 3.4 ) 

From equation (3.4), we can easily see how mutations to influenza’s HA protein 

that alter sialic acid receptor binding avidity impact the probability of viral fusion: 

mutations that increase receptor binding avidity increase KS, and thereby increase the 

probability of successful viral entry (Figure 3-2a).  We can also see that mutations to 

influenza’s NA protein that increase its cleavage activity (Kγ) would decrease the 

probability of successful viral entry (Figure 3-2b), exacting a cost to high NA function. 

Finally, all else being equal, a host with circulating antibodies having a high affinity to 

the infecting virus would have a higher value of KB compared to a host with low-affinity 
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antibodies. In hosts with higher-affinity antibodies, the infecting virus will therefore 

have a lower probability of successful viral entry (Figure 3-2c). 

 

 

Figure 3-2. The effects of HA binding avidity, NA activity, and antibody 

affinity on the probability of successful viral entry. (a) Mutations to the HA that 

increase binding avidity act to increase KS and thereby increase the probability of 

successful viral entry. (b) Mutations to the NA that increase its activity act to decrease 

KN and thereby decrease the probability of successful viral entry. (c) Hosts with 

antibodies having a higher affinity to the infecting virus have a lower value of KB, 

thereby decreasing the probability of successful viral entry. In (a), Kγ γ γ γ = = = = 2-3 S-1 and KB = 

2-4 µM-1. In (b), KS = 2-5 µM-1 and KB = 2-4 µM-1. In (c), KS = 2-5 µM-1  and Kγ γ γ γ = = = = 2-3 S-1.  In(a-c), 

[S], [B], and [N] are 1µM, Kα = 10-2 S-1 ,  Kβ = 10-2 S-1, Kd = 0.002 S-1. 
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3.2.2 Viral release 

I now turn to the second component of viral replication: release of the virus from 

the host cell. Viral release is assumed to occur in a two-step process (Figure 3-1). The 

first step during budding is formation of an HA-SA complex through binding of the HA 

proteins of the viral progeny to the sialic acid receptors of the infected cell. The second 

step is the cleavage of this bound complex by the viral progeny’s NA proteins. Once the 

last sialic acid receptor has been cleaved, the virus is successfully released. Before this 

last receptor has been cleaved, however, the virus can be degraded by RNA degradation 

enzymes in the cell, such as Ribonuclease, or be cleared during cellular apoptosis, 

leading to unsuccessful viral replication.  

In the binding step, I use the Hill equation [69] to calculate the proportion of 

sialic acid receptors that are bound. This proportion depends on the viral progeny’s HA 

levels [H], as well as the cellular receptor binding avidity of the HA. Assuming that a 

virus’s HA proteins bind sialic acid receptors independently, the fraction of bound sialic 

acid receptors is: 

N = O
O%J"$O

"O K O
�P�

= O
O% O

�P�" 
        ( 3.5a )   

The total number of bound receptors is then given by �Q�R where [R] is the 

number of sialic acid receptors on the infected cell. 

Once a virus’s HA has bound to the sialic acid receptors of the infected host cell, 

each of the �Q�R bound receptors must be cleaved for successful release of the virus 
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progeny to occur. Assuming that the bound virus is degraded at a constant rate Kd, the 

probability of successful viral release is given by: 

STUV(WXTYZ	T[Z[Y\[) � ] Z(�)[�)7����̂_`      ( 3.5b )  

where Z(�) is the probability density function for the time it takes for all the bound 

receptors to be  cleaved. With each bound receptor cleaved at a rate of Kγ[N],	Z(�) is 

given by an Erlang distribution with rate parameter Kγ[N] and shape parameter �Q�R: 

Z(�) � a)1�-�b�c�d�(�c�d$*)�$.1�/�<
(�e�f�	)!        ( 3.5c )  

Substituting equation (3.5c) into equation (3.5b) and simplifying yields: 

Probability of viral release r = J "&�!�"&�!�%"hK
�i�N

.    ( 3.6 ) 

The probability of successful viral release therefore increases with increases in 

neuraminidase activity, given by Kγ (Figure 3-3a). It decreases, however, with increases 

in HA binding avidity, KS (Figure 3-3b). This is because an increase in HA binding 

avidity increases θ, the proportion of bound sialic acid receptors. 
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Figure 3-3. The effects of NA activity and HA binding avidity on the 

probability of viral release. (a) Mutations to the NA that increase its activity act to 

increase Kγ γ γ γ     and thereby increase the probability of successful viral release. (b) 

Mutations to the HA that increase its binding avidity, increasing KS, decrease the 

probability of successful viral release. In (a), KS = 2-5 µM-1. In (b),  Kγ γ γ γ = = = = 2-3 S-1. In (a,b), 

[N] = 1 µM, R=103 and Kd = 0.002 S-1. 
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3.2.3 Overall probability of successful viral repli cation 

Equation (3.4) provides the probability that an infecting virus successfully enters 

a target host cell, while equation (3.6) provides the probability that a virus is successfully 

released from the cell that it infects. The benefit of a high HA binding avidity resides in a 

high entry probability. Its cost resides in a low release probability. In contrast, the 

benefit of high NA activity resides in a high release probability. Its cost resides in a low 

entry probability. 

Given these costs and benefits, we can look at the overall probability of 

successful viral replication as a function of both HA binding avidity and NA activity. 

This probability of successful viral replication is simply the product of the probability of 

successful viral entry (equation (3.4)) and the probability of successful viral release 

(equation (3.6)),  
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Because the former probability depends on the immunity status of the host, 

given by its antibody binding rate KB, I show in Figure 3-4 two subplots, one for low host 

immunity and one for high host immunity. By comparing these two subplots, we can see 

that the probability of successful viral replication is lower under high immunity than 

under low immunity for any HA binding avidity and NA activity level. This result 

makes sense, in that higher KB must lower the probability of viral entry. Interestingly, 
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though, the optimal viral phenotype, defined by the HA avidity and NA activity that 

maximizes its successful replication, shifts between the two immunity scenarios. 

Specifically, when antibody binding rates are low, representing low host immunity, 

optimal levels of HA binding avidity and NA activity are lower than when antibody 

binding rates are high.  

 

 

Figure 3-4. The probability of successful viral replication, as a function of HA 

binding avidity and NA activity, under low (a) and high (b) host immunity levels. In 

(a), ln(KB) = -6.2383. In (b), ln(KB) = 0.6931. Going from a low immunity to a high 

immunity situation, the probability of successful viral replication decreases and the 

optimal combination of HA binding avidity and NA activity changes to higher avidity 

and activity levels.  [S], [B], and [N] are 1 µM, Kα = 10-2 S-1 ,  Kβ = 10-2 S-1, Kd = 0.002 S-1 

and R=103. 
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3.2.4 Probability of viral infection 

Given a contact between infected and susceptible individual, the probability of 

viral infection is determined by one minus the probability that disease goes extinct 

([70]): 

extP−= 1ρ , 

and 

vext R
P

0

1= . 

Therefore 

vnrf −⋅−= )(1ρ .          ( 3.8 ) 

where 0R is the basic reproductive number which can be obtained by multiplying the 

probability of viral entry f, the average number of RNA copies per each virion n, and 

probability of viral release r. v is the number of initial virions that are successfully 

transmitted to a susceptible individual.  

Given low initial virion number, which is analogous to natural infection, the probability 

of successful viral infection is plotted with hosts under low host immunity (Figure 3-5a) 

and high host immunity (Figure 3-5a). By comparing these two subplots, we can see that 

the probability of successful viral infection is lower under high immunity than under 

low immunity for any HA binding avidity and NA activity level. Similar to the 

probability of successful replication, when antibody binding affinities are low, optimal 
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levels of HA binding avidity and NA activity are lower than when antibody binding 

affinities are high.  When high initial virion number is used, which is analogous to 

transferring an infectious agent through serial passaging, the probability of viral 

infection is plotted with hosts under low host immunity (Figure 3-5c) and high host 

immunity (Figure 3-5d). We can see that the probability of viral infection is higher 

comparing to low virion number. The optimal probabilities reach close to one under 

both naive and high immunity hosts. The optimal levels of HA binding avidity and NA 

activity increase when antibody binding affinities are high. 
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Figure 3-5. The probability of viral infection, as a function of HA binding 

avidity and NA activity when the number of initially transmitted virions is low under 

low (a) and high (b) host immunity levels, and when the number of initially 

transmitted virions is high under low (c) and high (d) host immunity levels. In (a) and 

(c), v=1 and ln(KB) = -6.2383. In (b) and (d), v=4 and ln(KB) = -3.3657 . Going from a low 

immunity to a high immunity situation, the probability of successful viral infection 

decreases and the optimal combination of HA binding avidity and NA activity 

changes to higher avidity and activity levels.  [S], [B], and [N] are 1 µM, Kα = 10-2 S-1 ,  Kβ 

= 10-2 S-1, Kd = 0.002 S-1 and R=103. The average number of RNA copies per each virion n 

is 16. 
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Figure 3-6. Optimal HA binding avidity and optimal NA activity as a function 

of increasing antibody binding affinity, ln(KB). Other parameters are as in Figure 3-5. 

Figure 3-6 shows this pattern over a wide range of antibody binding rates, 

reproducing the functional balance between SK and γK that has been addressed in the 

virological literature [31, 62-64].  
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3.3 The evolutionary dynamics of viral phenotypes 

In the disease ecology literature, it is well known that viral transmission rates, 

generally referred to by the Greek letter β, are a product of the contact rate and the 

probability of infection given contact[71]. In the previous section, I formulated a viral life 

cycle model that could arrive at the probability of infection given contact. This 

probability was determined by three viral phenotypes: cellular receptor binding avidity 

(affecting KS), NA activity (affecting Kγ), and antibody binding affinity (affecting KB). 

This model can be used to find optimal HA avidity and NA activity levels under any 

given host immunity scenario by maximizing the probability of successful viral 

replication as a function of these two phenotypes, impacting KS and Kγ, respectively. 

Instead of simply calculating optimal phenotypes, here I am interested in developing a 

model to describe the evolutionary dynamics of KS and Kγ. Using the same type of 

model, I am also interested in formulating influenza’s rate of antigenic drift, given the 

integrated viral life cycle perspective shown in Figure 3-1. 

Below, I develop the mathematical framework for looking at the evolutionary 

dynamics of these three phenotypes, and study them in host populations under 

equilibrium assumptions.  

3.3.1 Mathematical formulation of viral HA avidity and NA activity 
evolution 

In section 3.2, HA binding avidity was quantified by the association binding 

constant KS, with the figures showing how the probability of viral entry or release 
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depends on the natural logarithm of this constant, ln(KS). In considering the 

evolutionary dynamics of HA binding avidity, here I look at evolution of this phenotype 

of this natural log scale, for the reason described below, based on changes in the Gibbs 

free energy, ∆G. 

It is well known that the Gibbs free energy of binding is related to the 

association, or equilibrium, constant of the considered reaction, Keq, by: 

∆G = -RTln(Keq)        ( 3.9 )   

where R is the Boltzmann constant (1.987×10-3 kcal/mol/K) and T is absolute temperature 

[72]. Because amino acid changes are usually quantified by how they change this free 

energy of binding, i.e., in their ∆∆G values, we model the evolutionary dynamics of 

HA’s binding avidity using the rate of change d∆G/dt: 

dt

Kd
RT

dt

KRTd

dt

Gd SSS )ln())ln(( −=−=∆
 

From this equation, it is clear that an increase in the binding constant KS results in 

a decrease in SG∆ . To avoid confusion about the signs, we define our evolving 

phenotype as ES, which is given by ln(KS) and is proportional to the negative of the SG∆

values: 
RT

G
KE S

SS

∆−== )ln( . Using a quantitative genetics approach, the rate of change 

of this phenotype is given by product of the genetic variance in the viral population (VS) 

and the fitness gradient, here defined the derivative of the probability of viral infection 
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with respect to the evolving phenotype ES. Using the Greek variable ρ for the probability 

of viral infection, the rate of change of ES is mathematically given by: 

S
S

G
S

S
S

S
S K

K
V

K
V

E
V

dt

dE ⋅
∂
∂⋅=

∂
∂⋅=

∂
∂⋅= ρρρ

)ln(
     ( 3.10a ) 

where the partial derivative 
SK∂

∂ρ  is calculated from the expression given by the product 

of equations (3.4) and (3.6).  

Similarly, I define another variable, Eγ, for considering the evolutionary 

dynamics of NA activity: )ln( γγ KE = . The rate of change of Eγ is given by: 

γ
γ

γ
γ

γ
γ ρρ

K
K

V
E

V
dt

dE
⋅

∂
∂⋅=

∂
∂⋅=        ( 3.10b ) 

     

3.3.2 Mathematical formulation of viral changes in antigenicity 

Similar to the way in which the evolutionary dynamics of HA binding avidity 

and NA activity were modeled in section 3.3.1, I first define another variable, EΒ, for 

considering the evolutionary dynamics of antibody affinity. To describe the evolutionary 

dynamics of EΒ, we can first consider the role of natural selection on this viral 

phenotype: 

B
B

B
B

B
B K

K
V

E
V

dt

dE ⋅
∂
∂⋅=

∂
∂⋅= ρρ        ( 3.10c ) 

The derivative of fitness with respect to KΒ, 
BK∂

∂ρ , is always negative: an increase 

in KΒ always decreases the probability of viral infection, ρ. Natural selection will always 
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therefore act on the virus to alter its Ab-binding epitope regions, leading to lower EΒ and 

higher ρ. 

We therefore need to consider a second force acting on antibody affinity, which 

acts as a restoration force. Because this restoration force is immunity that is generated 

from individuals who have become infected, the rate of disease incidence should 

therefore be an appropriate force acting to increase EΒ. The higher the rate of disease 

incidence, the larger the rate of change of EΒ. Adding in this second component, the 

evolutionary dynamics of EΒ are given by:  

( )
N

INS
VK

K
V

dt

dE
KB

B
B

B βρ ⋅+⋅
∂
∂⋅=           ( 3.10d ) 

where the term ( )INSβ is the disease incidence rate, with β being the transmission rate, 

S/N being the fraction of the population susceptible, and I being the number of infected 

individuals. Dividing this term by the population size N normalizes this incidence rate. 

Finally, the constant Vk is included to control the magnitude of antibody affinity 

increases. It can therefore be interpreted as a constant of antibody affinity maturation, in 

that it represents the amount of change in antibody affinity after exposure to the antigen. 

High values of Vk correspond to a robust antibody response to infection whereas small 

values of Vk correspond to a weak antibody response to infection.  

The second term of the equation can be rewritten by realizing that the 

transmission rate β is simply the product of the host contact rate c and the probability of 

infection given contact, and that the fraction of the population susceptible is one minus 
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the fraction of the population infected. (In this model there are no immune individuals; 

all non-infected individuals are equivalent, and these individuals are overall more 

immune if the probability of infection ρ is lower.) Substituting these expressions into 

equation (3.10d) yields: 

)1(
N

I

N

I
cVK

K
V

dt

dE
KB

B
B

B −⋅+⋅
∂
∂⋅= ρρ        ( 3.10e ) 

   

From this equation for the evolutionary dynamics of antibody affinity, we can 

now define the rate of influenza’s antigenic drift. Antigenic drift results from amino acid 

changes occurring in epitope regions of the virus, which reduce antibody affinity. The 

rate of antigenic drift, W, is therefore given by the negation of the first (necessarily 

negative) term in the above equation: 

B
B E

VW
∂
∂⋅−= ρ

 

3.3.3 Equilibrium considerations 

Equations (3.10 a), (3.10b), and (3.10e) together describe the evolutionary 

dynamics of influenza’s three viral phenotypes in a population of hosts. Given initial 

values of ES, Eγ, and EB, these equations can be simulated until viral phenotypes reach 

equilibrium values.  

By definition, the antibody binding affinity EB is constant at equilibrium, such 

that antibody affinity increases through new infections are exactly offset by antibody 
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affinity decreases through antigenic drift. Mathematically, this means that, at 

equilibrium: 

)1(
**

N

I

N

I
cV

E
VW K

B
B −⋅=

∂
∂⋅−= ρρ

 

where *I is the equilibrium number of infected individuals. *I can be calculated from the 

differential equation governing infection dynamics: 

II
N

I
c

dt

dI
)()1( µυρ +−−=

  

At equilibrium, 0=dtdI , such that: 

*

*

1
ρ

µυ
cN

I +−=  

At equilibrium, the rate of antigenic drift can therefore be written as: 

( )µυ
ρ

µυ +






 +−= *1
c

VW K          ( 3.11 ) 

Using this rate of antigenic drift, the average duration of immunity is given by 

Vk/W, which is the average amount of time it takes the viral population to drift to the 

antibody-affinity level that an individual had prior to an infection that elicited an 

immune response which increased his immunity to the then-circulating strain by an 

amount Vk. 
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3.4 Results 

The following results section shows how equilibrium values of ES, Eγ, and EB 

change as a function of two epidemiological parameters: the host contact rate c and the 

host lifespan 1/µ. I consider these two epidemiological parameters to revisit the analysis 

first presented in Chapter 1 under the binding avidity hypothesis of Hensley and 

coauthors [18]. 

Because the probability of infection ρ depends on the viral phenotypes, ES, Eγ, 

and EB, I also plot how this probability, at equilibrium, is affected by variation in these 

epidemiological parameters. 

Finally, I plot how the rate of antigenic drift, W, changes as a function of these 

epidemiological parameters, and compare these results to the ones arrived at under the 

hypothesis implemented in Chapter 1. 
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3.4.1 Viral phenotypes and drift rates under different host contact rates 

Figure 3-7 plots equilibrium values of the three viral phenotypes, of the 

probability of viral infection ρ*, and of the antigenic drift rate W under various host 

contact rates. The first subplot shows that the equilibrium level of HA binding avidity 

(ES), the equilibrium level of NA activity (Eγ), and the equilibrium antibody affinity (EB) 

all increase with increasing contact rates. This is because higher contact rates increase 

disease incidence (equation (3.10e)), thereby leading to larger EB equilibrium values. At 

larger EB values, the virus maximizes its probability of viral infection by increasing both 

its HA binding avidity and NA activity (Figure 3-6).  

The second subplot shows that the probability of viral infection decreases with 

increasing contact rate. This is a direct result of an increasing contact rate, which 

increases antibody affinity, and thereby lowers ρ. Viral evolution of HA binding avidity 

and NA activity can mitigate this effect of higher EB, but only to a limited extent; with 

higher EB, the probability of viral infection is always reduced. 
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Figure 3-7. The effect of host contact rate on the rate of antigenic drift. (a) The 

effect of host contact rate on the equilibrium values of the three viral phenotypes: 

binding avidity SE , neuraminidase activity γE and antibody affinity BE . (b) The 

effect of host contact rate on the probability of viral infection ρρρρ*. (c) The effect of host 

contact rate on the rate of antigenic drift W. Dashed lines labeled 1 year and 2 years 

show the average duration of immunity, defined as WVk / . Parameter values are:

2.0=BV (µM-2), 30=KV ( µM-1) and ν = 0.2 days-1. [S], [B], and [N] are 1 µM, Kα = 10-2 S-1 

, Kβ = 10-2 S-1, Kd = 0.002 S-1 and R=103. The number of initially transmitted virions v = 1, 

and the number of RNA copies per each virion n = 8. 
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Finally, Figure 3-7c shows how the rate of influenza’s antigenic drift, W, depends 

on the host contact rate: as contact rates increase, the rate of antigenic drift first increases 

abruptly, and then decreases. This pattern can be understood by looking at equation 

(3.11), which describes the rate of antigenic drift at equilibrium. Since Vk, υ , and µ are 

constants, the only factors that influence the rate of antigenic drift in Figure 3-7c are the 

contact rate (on the x-axis) and the equilibrium probability of viral infection ρ*, shown in 

Figure 3-7b. Figure 3-7c shows that an increase in contact rates when they are small 

results in higher rates of drift. This means that the increase in c, which acts directly to 

increase W, dominates over the effect that a decrease in ρ* (Figure 3-7b) has on 

decreasing W. At higher contact rates, however, the decrease in ρ* dominates over the 

increase in c, leading to an overall decreasing W with increasing contact rates. 

The effect of host contact rates on the rate of antigenic drift differs considerably 

between this integrated life cycle model and the binding avidity model for antigenic 

drift presented in Chapter 1. I discuss these differences in the Discussion section. 

3.4.2 Viral phenotypes and drift rates under different host lifespans 

Figure 3-8 plots equilibrium values of the three viral phenotypes, of the 

probability of viral infection ρ*, and of the antigenic drift rate W under various host 

lifespans. The first subplot shows that neither the equilibrium level of HA binding 

avidity (ES), nor the equilibrium level of NA activity (Eγ), nor the equilibrium antibody 
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affinity (EB) are substantially affected by host lifespan. This is because host lifespan (1/µ) 

does not contribute substantially to disease incidence, because the average duration of 

infection )1( υ  is much shorter than the average lifespan (1/µ) for influenza. Because the 

equilibrium values of these three phenotypes do not vary significantly with host 

lifespan, the probability of viral infection ρ* (Figure 3-8b) also is not affected by host 

lifespan. Finally, the rate of antigenic drift, W, is not impacted greatly by host lifespan 

(equation (3.11), Figure 3-8c) because the term ( ) υµυ ≈+  and υ , c, ρ*, and Vk are all 

constants. 
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Figure 3-8. The effect of host lifespan on the rate of antigenic drift. (a) The 

effect of host lifespan on the equilibrium values of the three viral phenotypes: 

binding avidity SE , neuraminidase activity γE and antibody affinity BE . (b) The 

effect of host lifespan on the probability of viral infection ρρρρ*. (c) The effect of host 

lifespan on the rate of antigenic drift W. Dashed lines labeled 1 year and 2 years show 

the average duration of immunity, defined as WVk / . Parameter values are: 2.0=BV

(µM-2), 30=KV (µM-1) and ν = 0.2 days-1 .  [S], [B], and [N] are 1 µM, Kα = 10-2 S-1,  Kβ = 10-

2 S-1, Kd = 0.02 S-1 and R=103. The number of initially transmitted virions v = 1, and the 

number of RNA copies per each virion n = 8. 
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The effect of host lifespan on the rate of antigenic drift differs considerably 

between this integrated life cycle model and the binding avidity model for antigenic 

drift presented in Chapter 1. I discuss these differences in the section below. 
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3.5 Discussion 

In this chapter, I presented an integrated life cycle model for influenza and used 

it to determine how the virus’s rate of antigenic drift is impacted by host contact rates 

and host lifespan. The integrated life cycle model allows three viral phenotypes to 

evolve to maximize the virus’s probability of successful replication, given contact with 

an uninfected host. The viral phenotypes considered include HA cellular receptor 

binding avidity, NA receptor cleavage activity and antibody binding affinity. The 

probability of viral infection, which quantifies viral fitness, is derived from a mechanistic 

model of viral cell entry, release and RNA synthesis. This model is based on findings 

from experimental studies of viral growth and is able to reproduce a functional balance 

between HA binding avidity and NA activity.  

With this model, I defined antigenic drift mathematically and looked at how it is 

affected by some of the epidemiological parameters considered in Chapter 1 under a 

different model of antigenic drift. The first parameter I considered was host contact rate. 

In the model presented in Chapter 1, higher host contact rates resulted in higher rates of 

antigenic drift (Figure 1-4f) In contrast, Figure 3-7 shows that the rate of antigenic drift 

first transiently increases and then decreases with increasing host contact rates. This 

difference arises from several factors. 

In the integrated life cycle model, the decrease in the rate of antigenic drift at 

higher contact rates results from higher contact rates increasing the mean antibody 
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affinity level in the host population (EB)( Figure 3-7a), which decreases the probability of 

viral infection ρ* (Figure 3-7b), leading to a decrease in the rate of antigenic drift (Figure 

3-7c), provided that the decrease in ρ* dominates over the effect of increased contact rate 

c in equation (3.9). In the binding avidity model presented in Chapter 1, an increase in 

contact rates increases the variation in the number of previous infections hosts have had 

(Figure 1-4d). This increased variation in the Sk/N distribution results in, on average, 

more binding avidity changes occurring within each infected host. Because antigenic 

drift in this model is a side effect of binding avidity changes, more binding avidity 

changes result in higher rates of antigenic drift. 

These two models therefore have two fundamentally different assumptions of 

the rates at which certain phenotypes can evolve. In the binding avidity model 

presented in Chapter 1, the assumption is that HA binding avidity can evolve extremely 

rapidly - at the scale of individual transmission events. In the integrated viral life cycle 

model, I instead assume that HA binding avidity evolves at a slower rate at individual 

level and consider only changes in mean HA binding avidity at optimum replication 

rate. Instead of tracking inter-individual immunity differences, only the mean level of 

population immunity, represented by EB, therefore needs to be considered, with higher 

levels of EB resulting in higher HA binding avidity (and higher NA activity)(Figure 3-6). 

The assumption of relatively slow binding avidity changes is supported by the analysis 

presented in Chapter 2: (older) hosts with higher immunity do not seem to harbor 
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higher binding avidity viruses compared to (younger) hosts with lower immunity 

(Figure 2-4 and 2-5), and binding avidity changes seem to occur between clades rather 

than within clades (Figure 2-10). 

The second fundamentally different assumption between the two models is the 

rate at which viruses can escape host immunity via changes in their HA epitope. In the 

binding avidity hypothesis, it was assumed that any changes in influenza’s epitope 

regions were simply a side effect of binding avidity changes. Because of polyclonal 

immune responses, the virus was unable to escape host immunity directly through HA 

epitope changes. In contrast, in the integrated viral life cycle model, the parameter VB, 

along with the selection gradient, given by the derivative of the probability of viral 

infection with respect to antibody affinity (
BE∂

∂ρ ) determined the rate at which viral 

epitope changes would occur as a direct result of selection. Under our parameterization, 

epitope changes could therefore occur as a direct effect, rather than a side-effect. This is 

supported by various studies that have shown that few amino acid changes could lead 

to immune escape [10, 40]. 

The second epidemiological parameter I considered was host lifespan. In the 

model presented in Chapter 1, higher host lifespan resulted in higher rates of antigenic 

drift (Figure 1-4c). This is because an increase in host lifespan increased the variation in 

the number of previous infections hosts have had (Figure 1-4a). This increased variation 

in the Sk/N distribution resulted in, on average, more binding avidity changes occurring 
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within each infected host. Again, because antigenic drift in this model is a side effect of 

binding avidity changes, more binding avidity changes result in higher rates of antigenic 

drift. In contrast, the integrated viral life cycle model predicts that the rate of antigenic 

drift would not be impacted by host lifespan (Figure 3-8). This is because lifespan does 

not appreciably affect disease incidence levels, and therefore does not appreciably affect 

any of the three viral phenotypes (Figure 3-8a). Because none of these phenotypes are 

affected, the probability of viral infection remains the same over various host lifespans 

(Figure 3-8b) and the rate of antigenic drift is therefore not affected (Figure 3-8c). Similar 

to the case of varying host contact rates, the different predictions made by these two 

models are a direct consequence of the assumption about how quickly binding avidity 

changes can occur. 

The integrated viral life cycle model does not assume that binding avidity 

changes cannot occur; rather it assumes that these changes occur over longer time scales. 

Instead of occurring between individual transmissions, these changes may occur over a 

time span of years. This model therefore predicts that average viral binding avidity will  

adapt to population level immunity. When population level immunity is low, EB by 

definition will be low, and HA binding avidity (along with NA activity) will evolve to 

lower levels. When population level immunity is high, EB will be high, and HA binding 

avidity (along with NA activity) will evolve to higher levels. In the future, long-term 
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trends in HA binding avidity should be studied to determine whether the integrated 

viral life cycle model is consistent with these observed trends. 

 

 

  



 

115 

 

References  

1. Nelson, M.I. and E.C. Holmes, The evolution of epidemic influenza. Nat Rev Genet, 

2007. 8(3): p. 196-205. 

2. Pease, C.M., An evolutionary epidemiological mechanism, with applications to type A 

influenza. Theor Popul Biol, 1987. 31(3): p. 422-52. 

3. Dushoff, J., et al., Dynamical resonance can account for seasonality of influenza 

epidemics. Proc Natl Acad Sci U S A, 2004. 101(48): p. 16915-6. 

4. Shaman, J., et al., Absolute Humidity and the Seasonal Onset of Influenza in the 

Continental US. PLoS Biol, 2010. 8: p. e1000316. 

5. Casagrandi, R., et al., The SIRC model and influenza A. Math Biosci, 2006. 200(2): p. 

152-69. 

6. Andreasen, V., J. Lin, and S.A. Levin, The dynamics of cocirculating influenza strains 

conferring partial cross-immunity. J Math Biol, 1997. 35(7): p. 825-42. 

7. Gog, J.R. and B.T. Grenfell, Dynamics and selection of many-strain pathogens. Proc 

Natl Acad Sci U S A, 2002. 99(26): p. 17209-14. 

8. Ferguson, N.M., A.P. Galvani, and R.M. Bush, Ecological and immunological 

determinants of influenza evolution. Nature, 2003. 422(6930): p. 428-33. 

9. Andreasen, V. and A. Sasaki, Shaping the phylogenetic tree of influenza by cross-

immunity. Theor Popul Biol, 2006. 70(2): p. 164-73. 

10. Koelle, K., et al., Epochal evolution shapes the phylodynamics of interpandemic 

influenza A (H3N2) in humans. Science, 2006. 314(5807): p. 1898-903. 

11. Gog, J.R., The impact of evolutionary constraints on influenza dynamics. Vaccine, 

2008. 26 Suppl 3: p. C15-24. 

12. Koelle, K., et al., A two-tiered model for simulating the ecological and evolutionary 

dynamics of rapidly evolving viruses, with an application to influenza. J R Soc 

Interface, 2010. 7(50): p. 1257-74. 

13. Bedford, T., A. Rambaut, and M. Pascual, Canalization of the evolutionary trajectory 

of the human influenza virus. BMC Biol, 2012. 10: p. 38. 



 

116 

14. Earn, D.J.D., J. Dushoff, and S.A. Levin, Ecology and evolution of the flu. Trends in 

Ecology and Evolution, 2002. 17(7): p. 7. 

15. Yewdell, J.W., R.G. Webster, and W.U. Gerhard, Antigenic variation in three 

distinct determinants of an influenza type A haemagglutinin molecule. Nature, 1979. 

279(5710): p. 246-8. 

16. Yewdell, J.W., A.J. Caton, and W. Gerhard, Selection of influenza A virus adsorptive 

mutants by growth in the presence of a mixture of monoclonal antihemagglutinin 

antibodies. J Virol, 1986. 57(2): p. 623-8. 

17. Wang, M.L., J.J. Skehel, and D.C. Wiley, Comparative analyses of the specificities of 

anti-influenza hemagglutinin antibodies in human sera. J Virol, 1986. 57(1): p. 124-8. 

18. Hensley, S.E., et al., Hemagglutinin receptor binding avidity drives influenza A virus 

antigenic drift. Science, 2009. 326(5953): p. 734-6. 

19. Lande, R., Natural Selection and Random Genetic Drift in Phenotypic Evolution. 

Evolution, 1976. 30(2): p. 31. 

20. Abrams, P., Modelling the adaptive dynamics of traits involved in inter- and 

intraspecific interactions: An assessment of three methods. Ecology Letters, 2001. 4(2): 

p. 10. 

21. Metz, J.A., R.M. Nisbet, and S.A. Geritz, How should we define 'fitness' for general 

ecological scenarios? Trends Ecol Evol, 1992. 7(6): p. 198-202. 

22. de Jong, J.C., et al., Antigenic and genetic evolution of swine influenza A (H3N2) 

viruses in Europe. J Virol, 2007. 81(8): p. 4315-22. 

23. Aledort, J.E., et al., Non-pharmaceutical public health interventions for pandemic 

influenza: an evaluation of the evidence base. BMC Public Health, 2007. 7: p. 208. 

24. Bootsma, M.C. and N.M. Ferguson, The effect of public health measures on the 1918 

influenza pandemic in U.S. cities. Proc Natl Acad Sci U S A, 2007. 104(18): p. 7588-

93. 

25. Bodewes, R., et al., Prevalence of antibodies against seasonal influenza A and B viruses 

in children in Netherlands. Clin Vaccine Immunol, 2011. 18(3): p. 469-76. 



 

117 

26. Fiore, A.E., et al., Prevention and control of influenza with vaccines: recommendations 

of the Advisory Committee on Immunization Practices (ACIP). MMWR Recomm Rep, 

2010. 59(RR-8): p. 1-62. 

27. Boni, M.F., Vaccination and antigenic drift in influenza. Vaccine, 2008. 26 Suppl 3: p. 

C8-14. 

28. Rudneva, I.A., et al., Phenotypic expression of HA-NA combinations in human-avian 

influenza A virus reassortants. Arch Virol, 1996. 141(6): p. 1091-9. 

29. Das, S.R., et al., Fitness costs limit influenza A virus hemagglutinin glycosylation as an 

immune evasion strategy. Proc Natl Acad Sci U S A, 2011. 108(51): p. E1417-22. 

30. Kaverin, N.V., et al., Postreassortment changes in influenza A virus hemagglutinin 

restoring HA-NA functional match. Virology, 1998. 244(2): p. 315-21. 

31. Wagner, R., M. Matrosovich, and H.D. Klenk, Functional balance between 

haemagglutinin and neuraminidase in influenza virus infections. Rev Med Virol, 2002. 

12(3): p. 159-66. 

32. Fazekas de St Groth, S. and R.G. Webster, Disquisitions of Original Antigenic Sin. I. 

Evidence in man. J Exp Med, 1966. 124(3): p. 331-45. 

33. Lessler, J., et al., Evidence for Antigenic Seniority in Influenza A (H3N2) Antibody 

Responses in Southern China. PLoS Pathog, 2012. 8(7): p. e1002802. 

34. Liu, Q., et al., Structural analysis of the hot spots in the binding between H1N1 HA and 

the 2D1 antibody: do mutations of H1N1 from 1918 to 2009 affect much on this 

binding? Bioinformatics, 2011. 27(18): p. 2529-36. 

35. Tusche, C., L. Steinbruck, and A.C. McHardy, Detecting Patches of Protein Sites of 

Influenza A Viruses under Positive Selection. Mol Biol Evol, 2008. 

36. Arinaminpathy, N. and B. Grenfell, Dynamics of glycoprotein charge in the 

evolutionary history of human influenza. PLoS One, 2010. 5(12): p. e15674. 

37. Kobayashi, Y. and Y. Suzuki, Compensatory evolution of net-charge in influenza A 

virus hemagglutinin. PLoS One, 2012. 7(7): p. e40422. 

38. Bao, Y., et al., The influenza virus resource at the National Center for Biotechnology 

Information. J Virol, 2008. 82(2): p. 596-601. 



 

118 

39. Fitch, W.M., et al., Long term trends in the evolution of H(3) HA1 human influenza 

type A. Proc Natl Acad Sci U S A, 1997. 94(15): p. 7712-8. 

40. Smith, D.J., et al., Mapping the antigenic and genetic evolution of influenza virus. 

Science, 2004. 305(5682): p. 371-6. 

41. Fouchier, R.A., S. Herfst, and A.D. Osterhaus, Public health and biosecurity. 

Restricted data on influenza H5N1 virus transmission. Science, 2012. 335(6069): p. 

662-3. 

42. Grenfell, B.T., et al., Unifying the epidemiological and evolutionary dynamics of 

pathogens. Science, 2004. 303(5656): p. 327-32. 

43. Bedford, T., S. Cobey, and M. Pascual, Strength and tempo of selection revealed in 

viral gene genealogies. BMC Evol Biol, 2011. 11: p. 220. 

44. Volz, E.M., K. Koelle, and T. Bedford, Viral phylodynamics. PLoS Computational 

Biology, In press 2013. 

45. Bourhy, H., et al., Ecology and evolution of rabies virus in Europe. J Gen Virol, 1999. 

80 ( Pt 10): p. 2545-57. 

46. Gillespie, D.T., Exact Stochastic Simulation of Coupled Chemical Reactions. The 

Journal of Physical Chemistry, 1977. 81(25): p. 22. 

47. Rathinam, M., et al., Stiffness in stochastic chemically reacting systems: The implicit 

tau-leaping method. Journal of Chemical Physics, 2003. 119(24): p. 11. 

48. Waalen, K., et al., Age-dependent prevalence of antibodies cross-reactive to the 

influenza A(H3N2) variant virus in sera collected in Norway in 2011. Euro Surveill, 

2012. 17(19). 

49. Gambaryan, A.S., et al., Differences in the biological phenotype of low-yielding (L) and 

high-yielding (H) variants of swine influenza virus A/NJ/11/76 are associated with their 

different receptor-binding activity. Virology, 1998. 247(2): p. 223-31. 

50. Cao, Y., et al., Rapid estimation of binding activity of influenza virus hemagglutinin to 

human and avian receptors. PLoS One, 2010. 6(4): p. e18664. 

51. Thompson, J.D., D.G. Higgins, and T.J. Gibson, CLUSTAL W: improving the 

sensitivity of progressive multiple sequence alignment through sequence weighting, 



 

119 

position-specific gap penalties and weight matrix choice. Nucleic Acids Res, 1994. 

22(22): p. 4673-80. 

52. Krivov, G.G., M.V. Shapovalov, and R.L. Dunbrack, Jr., Improved prediction of 

protein side-chain conformations with SCWRL4. Proteins, 2009. 77(4): p. 778-95. 

53. Kasturi, L., H. Chen, and S.H. Shakin-Eshleman, Regulation of N-linked core 

glycosylation: use of a site-directed mutagenesis approach to identify Asn-Xaa-Ser/Thr 

sequons that are poor oligosaccharide acceptors. Biochem J, 1997. 323 ( Pt 2): p. 415-9. 

54. Hause, B.M., et al., Migration of the swine influenza virus delta-cluster hemagglutinin 

N-linked glycosylation site from N142 to N144 results in loss of antibody cross-

reactivity. Clin Vaccine Immunol, 2012. 19(9): p. 1457-64. 

55. Sun, S., et al., Glycosylation site alteration in the evolution of influenza A (H1N1) 

viruses. PLoS One, 2011. 6(7): p. e22844. 

56. Drummond, A.J., et al., Bayesian phylogenetics with BEAUti and the BEAST 1.7. Mol 

Biol Evol, 2012. 29(8): p. 1969-73. 

57. Duvvuri, V.R., et al., Highly conserved cross-reactive CD4+ T-cell HA-epitopes of 

seasonal and the 2009 pandemic influenza viruses. Influenza Other Respi Viruses, 

2010. 4(5): p. 249-58. 

58. Frank, S.A., Specificity and Cross-Reactivity. Immunology and Evolution of 

Infectious Disease. 2002: Princeton (NJ): Princeton University Press. 

59. Underwood, P.A., Mapping of antigenic changes in the haemagglutinin of Hong Kong 

influenza (H3N2) strains using a large panel of monoclonal antibodies. J Gen Virol, 

1982. 62 (Pt 1): p. 153-69. 

60. Wiley, D.C., I.A. Wilson, and J.J. Skehel, Structural identification of the antibody-

binding sites of Hong Kong influenza haemagglutinin and their involvement in antigenic 

variation. Nature, 1981. 289(5796): p. 373-8. 

61. Lambkin, R., et al., Neutralization escape mutants of type A influenza virus are readily 

selected by antisera from mice immunized with whole virus: a possible mechanism for 

antigenic drift. J Gen Virol, 1994. 75 ( Pt 12): p. 3493-502. 

62. Mitnaul, L.J., et al., Balanced hemagglutinin and neuraminidase activities are critical 

for efficient replication of influenza A virus. J Virol, 2000. 74(13): p. 6015-20. 



 

120 

63. Lu, B., et al., Improvement of influenza A/Fujian/411/02 (H3N2) virus growth in 

embryonated chicken eggs by balancing the hemagglutinin and neuraminidase activities, 

using reverse genetics. J Virol, 2005. 79(11): p. 6763-71. 

64. Richard, M., et al., Rescue of a H3N2 influenza virus containing a deficient 

neuraminidase protein by a hemagglutinin with a low receptor-binding affinity. PLoS 

One, 2012. 7(5): p. e33880. 

65. Xu, R., et al., Functional balance of the hemagglutinin and neuraminidase activities 

accompanies the emergence of the 2009 H1N1 influenza pandemic. J Virol, 2012. 86(17): 

p. 9221-32. 

66. Rossman, J.S. and R.A. Lamb, Influenza virus assembly and budding. Virology, 2011. 

411(2): p. 229-36. 

67. Nayak, D.P., E.K. Hui, and S. Barman, Assembly and budding of influenza virus. 

Virus Res, 2004. 106(2): p. 147-65. 

68. Hirst, G.K., Adsorption of Influenza Hemagglutinins and Virus by Red Blood Cells. J 

Exp Med, 1942. 76(2): p. 195-209. 

69. Weiss, J.N., The Hill equation revisited: uses and misuses. FASEB J, 1997. 11(11): p. 

835-41. 

70. Keeling, M.J. and P. Rohani, Modeling Infectious Diseases in Humans and Animals. 

2008: Princeton University Press. 

71. Roberts, M. and H. Heesterbeek, Bluff your way in epidemic models. Trends 

Microbiol, 1993. 1(9): p. 343-8. 

72. Nelson, D.L. and M.M. Cox, Lehninger Principles of Biochemistry. 2005: W. H. 

Freeman Publishers. 

 

 

  



 

121 

Biography 

I was born on Mar 23, 1977 in Taipei, Taiwan, a beautiful island located in Pacific 

Ocean of the southeastern coast of Mainland China. In 1995, I entered into National 

Central University. Four years later I was graduated with major in Electrical 

Engineering. I received my Master degree in Biomedical Engineering from National 

Taiwan University in 2001. Later, I start to work in Academia Sinica. In 2006, I obtained 

my second Master degree in Microbiology in School of Medicine, National Taiwan 

University.  

   During the time in Academia Sinica and National Taiwan University, I 

published two research results, ‘FASTSNP: an always up-to-date and extendable service 

for SNP function analysis and prioritization’, and ‘A novel functional VKORC1 

promoter polymorphism is associated with inter-individual and inter-ethnic differences 

in warfarin sensitivity’. 

In 2007 I came to Duke with the supported by the Scholarship program from the 

Ministry of Education, Republic of China (Taiwan).  At Duke, I published my first result 

in ‘The evolutionary dynamics of receptor binding avidity in influenza A: a 

mathematical model for a new antigenic drift hypothesis’. 

 

 


