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ABSTRACT

A central goal in ecology and evolution is to explain the mechanisms that determine the

fitness of species. In the context of infectious disease epidemiology, understanding pathogen

fitness informs approaches to disease management, especially in the case of rapidly evolv-

ing pathogens such as seasonal influenza. This dissertation examines how human ecology

shapes the ecology and evolution of seasonal influenza, and thereby a↵ects the fitness of in-

fluenza viruses. We examine how human ecology shapes geographical patterns of influenza?s

evolution. We them examine how public health interventions through vaccination may af-

fect long term patterns of evolution. We find that vaccination can slow the evolution of

rapidly-evolving pathogens, which potentially reduces disease burden by more than is appre-

ciated using present models. However, we do not find consistent evidence for vaccine-driven

selection in presently available surveillance data.
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CHAPTER 1

INTRODUCTION

An important subject in ecology and evolution is to characterize fitness with the goal of

understanding why some individuals and populations succeed while others fail. In the context

of infectious diseases, two evolutionary concerns are often the focus of approaches to disease

management. Where do pathogens come from and why do they originate there? How do

pathogens adapt to interventions?

The evolutionary dynamics of obligate pathogen populations are rooted in competition

among pathogens for susceptible hosts as a resource. For some pathogens, interactions

with host immunity divide pathogen populations into groups based commonly referred to

as strains [46, 85, 84, 86]. The precise definition of a strain depends on the combination of

immunological interactions between host and pathogen. For some pathogens, such as the

measles virus, host immunity does not distinguish among members of the pathogen popu-

lation, and the evolutionary dynamics appear to be neutral with respect to host immunity

[82]. Other pathogens, such as the influenza virus, elicit immunity that has homologous and

heterologous components with respect to strains within the pathogen population. Heterolo-

gous immunity targets shared features of individual pathogens, which facilitates competition

for susceptible hosts, potentially causing competitive exclusion [77]. Homologous immunity,

which targets features that are specific to certain individual pathogens, facilitates selection

for immunologically distinct rare variants through negative frequency-dependent selection,

thus stabilizing coexistence [43].

The influenza virus has adopted a strategy of rapid mutation of antigenic sites to success-

fully persist in the human population. During and after infection, hosts develop immunity

specific to individual viruses, primarily through antibodies directed at the head region of

the hemagglutinin (HA) surface protein. In turn, mutations in antigenic sites allow the

virus to evade host immunity against existing strains. The epidemic processes that emerge

1



from interactions between influenza and human immunity select for novel mutants, some-

times causing replacement of older circulating viruses [82]. The HA antigen is considered

immunodominant because hosts preferentially develop antibodies that bind HA instead of

other targets. Because of HA’s immunodominance and the prevalence of anti-HA antibodies

that only bind specific groups of viruses, individual influenza viruses have been classified

into strains based on antibody reactivity against HA [69]. However, influenza viruses’ ap-

pearance to the host immune system (i.e. their immunological phenotype) is not determined

by specific antibodies against HA alone. The immune response against influenza also has

heterologous components, in the form of antibodies that bind conserved sites on stalk re-

gion of HA and CD8+ and CD4+ T cell immunity directed against conserved epitopes in

other viral proteins [188, 50, 161, 64, 178, 190]. How specific and generalized components

of immunity collectively shape influenza’s evolution remains largely unexplored, as much

study has focused on specific immunity. Accounting for the contributions of specific and

general immunity to a virus’ immunological phenotype by is necessary to predict ecological

and evolutionary dynamics resulting from host-pathogen interactions.

Pathogen fitness is also a↵ected by non-immune mechanisms. The range of hosts that

the pathogen is able to infect (i.e. host tropism) in part influences the relationship between

pathogen survival and host behavior [59]. For example, among pathogen species without

environmental reservoirs, survival depends on the host’s survival and transmissive potential,

which in turn depends on the modes of transmission. Seasonal influenza transmission appears

to be partly mediated through direct contact and airborne particles [144, 145], which implies

influenza transmission may be density-dependent, though indirect contact through fomites

[9] would suggest less density-dependent transmission. For pathogens that also elicit specific

immunity and have brief durations of infection, such as seasonal influenza, successful trans-

mission between hosts is even more critical to success. Population dynamics of hosts and

the generation of immunity potentially interact in complex ways to define the evolutionary

2



landscape of pathogen species.

This dissertation explores drivers of influenza’s evolutionary success from two perspec-

tives. I examine how human ecology influences the phylogeography of seasonal influenza

in theory, and subsequently how immunological interventions through vaccination a↵ects

influenza’s evolution in theory and in practice.

1.1 Overview of dissertation

1.1.1 Chapter 2. Explaining the geographical origins of seasonal influenza

(H3N2)

The geographic distributions of obligate pathogens is dependent on ecological properties of

host populations, such as population structure and demography. Most antigenically novel

and evolutionarily successful strains of seasonal influenza A (H3N2) originate in East, South,

and Southeast Asia. To understand this pattern, we simulated the ecological and evolution-

ary dynamics of influenza in a host metapopulation representing the temperate north, trop-

ics, and temperate south. Although seasonality and air tra�c are frequently used to explain

global migratory patterns of influenza, we find that other factors may have a comparable

or greater impact. Notably, a region’s basic reproductive number (R
0

) strongly a↵ects the

antigenic evolution of its viral population and the probability that its strains will spread

and fix globally: a 17-28% higher R
0

in one region can explain the observed patterns. Sea-

sonality, in contrast, increases the probability that a tropical (less seasonal) population will

export evolutionarily successful strains but alone does not predict that these strains will

be antigenically advanced. The relative sizes of di↵erent host populations, their birth and

death rates, and the region in which H3N2 first appears a↵ect influenza’s phylogeography in

di↵erent but relatively minor ways. These results suggest general principles that dictate the

spatial dynamics of antigenically evolving pathogens and o↵er predictions for how changes
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in human ecology might a↵ect influenza evolution.1

1.1.2 Chapter 3. Vaccination and the evolution of seasonal influenza

Host populations that support a diverse population of pathogen strains can have di↵eren-

tial strength and breadth of immunity among the resident strains, which causes selection

for strains that hosts have less immunity against. For pathogens that rapidly generate

strains with novel immunological phenotypes (i.e. antigenic strains), selection may accel-

erate the rate of phenotypic evolution. Such evolutionary e↵ects could change the benefits

that vaccines confer to vaccinated individuals and the host population (i.e. private and

social benefits). To investigate vaccination’s potential evolutionary impacts on a rapidly-

evolving pathogen, we simulated the dynamics of an influenza-like pathogen in an annually

vaccinated host population. On average, vaccination decreased the cumulative amount of

antigenic evolution of the viral population and the incidence of disease. Vaccine-driven ac-

celerated antigenic evolution only occurred in extremely rare cases (at low vaccination rates

when the breadth of vaccine-induced immunity was much narrower than naturally-acquired

immunity). To understand how the evolutionary e↵ects of vaccination might a↵ect its private

and social benefits over multiple seasons, we fit linear panel models to simulated infection and

vaccination histories. Including the evolutionary e↵ects of vaccination lowered the private

benefits but increased the social benefits compared to when evolutionary e↵ects were ignored.

Thus, in the long term, vaccines’ private benefits may be lower and social benefits may be

greater than predicted by current measurements of vaccine impact, which do not capture

long-term evolutionary e↵ects. These results suggest that conventional vaccines against sea-

sonal influenza could greatly reduce the burden of disease by slowing antigenic evolution like

universal vaccines. Furthermore, vaccination’s evolutionary e↵ects compound a collective

1. The results from chapter 2 were published previously [181]. Much of the chapter text appears as in

the published manuscript.
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action problem, highlighting the importance on social policies concerning vaccination.2

1.1.3 Chapter 4. Estimating vaccine-driven selection in seasonal influenza

Vaccination could be an evolutionary pressure on seasonal influenza if vaccines reduce the

transmission rates of some (“targeted”) strains more than others. In theory, more vaccinated

populations should have a lower prevalence of targeted strains compared to less vaccinated

populations. We tested for vaccine-induced selection in influenza by comparing strain fre-

quencies between more and less vaccinated human populations. We defined strains in three

ways: first as influenza types and subtypes, next as lineages of type B, and finally as clades of

influenza A/H3N2. We were unable to detect consistent spatial di↵erences in the frequencies

of subtypes and types or between the lineages of influenza B, suggesting that vaccines do

not select strongly among these phylogenetic groups at regional scales. We did detect a sig-

nificantly greater frequency of an H3N2 clade with known vaccine escape mutations in more

vaccinated countries during the 2014-2015 season, which is consistent with vaccine-driven

selection within the H3N2 subtype. Overall, we do not find consistent support for vaccine-

driven selection in influenza. Further examination of the influenza vaccine’s evolutionary

e↵ects will probably require improvements in epidemiological surveillance.

2. The results from chapter 3 were published previously [182]. Much of the chapter text appears as in

the published manuscript.
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CHAPTER 2

EXPLAINING THE GEOGRAPHICAL ORIGINS OF

SEASONAL INFLUENZA (H3N2)

2.1 Introduction

Antigenic variants of seasonal influenza continuously emerge and escape human immunity in

a process known as antigenic drift. These drifted strains are less easily recognized by host

immunity and therefore have a transmission advantage. More antigenically advanced strains

are also more likely to spread globally and successfully perpetuate the evolutionary lineage

of subsequent variants.

Asia has long been recognized as a major source of not only new influenza subtypes but

also new strains of seasonal influenza [147, 179, 53, 54]. Influenza A/H3N2, A/H1N1, and

two B lineages currently circulate in the human population, with the H3N2 subtype causing

the most disease [187]. Phylogeographic analyses show that East, South, and Southeast

Asia contribute disproportionately to the evolution of seasonal H3N2, exporting most of the

evolutionarily successful strains that eventually spread globally [140, 142, 6, 10, 12]. The

trunk of H3N2’s phylogeny traces the evolutionary path of the most successful lineage and

was estimated to be located in Asia 87% of the time from 2000 to 2010 [12]. Additionally,

strains of H3N2 isolated in E-SE Asia appear to be more antigenically advanced, with new

antigenic variants emerging earlier in E-SE Asia than in the rest of the world [142, 13].

These observations suggest that ecological di↵erences between regions, such as climate and

human demography, a↵ect the local antigenic evolution of H3N2, which in turn shapes its

global migratory patterns. Here we ask what ecological factors might cause disproportionate

contributions of particular host populations to the evolution of an influenza-like pathogen.

This information may be immediately useful for viral forecasting. Over the long term, it

could help predict changes in influenza’s phylogeography and identify source populations to
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improve global vaccination strategies.

The conspicuous role of Asia in H3N2’s evolution has been attributed to the seasonal

nature of influenza in temperate regions [179, 175, 140, 142, 10, 6]. Approximately 85%

of Asia’s population and 48% of the global population resides in a climatically tropical or

subtropical region [44] where semiconnected host populations support asynchronous epi-

demics that enable regional persistence year-round [175, 142, 42]. Uninterrupted transmis-

sion might increase both the e�ciency of selection and the probability of strain survival and

global spread. By contrast, transmission bottlenecks from late spring through autumn in

temperate populations necessarily limit local evolution and reduce opportunities for strain

emigration [2, 193]. Smaller contributions from other tropical and subtropical regions might

arise from the weaker connectivity of their host populations [10, 37, 106].

Although seasonality clearly a↵ects temporal patterns of viral migration [6], a robust

explanation for di↵erences in regions’ long-term contributions to the evolution of H3N2

would consider the e↵ects of seasonal variation in transmission in light of other potentially

influential di↵erences among host populations, including:

Host population size. E-S-SE Asia alone contains more than half of the global population

[171]. Larger host populations should sustain larger viral populations, and in the absence of

other e↵ects, they should contribute a proportionally larger fraction of strains that happen

to spread globally. Additionally, if rare mutations limit the generation of antigenic variants,

larger populations could contribute a disproportionate number of antigenically novel strains

with high fitness.

Host population turnover. Birth rates have historically been higher in E-S-SE Asia than

in most temperate populations [171]. Demographic rates influence the replenishment of sus-

ceptibles and loss of immune individuals, thereby modulating selection for antigenic change.

Faster replenishment of susceptibles increases prevalence, and thus viral abundance and di-

versity, but weakens the fitness advantage of antigenic variants. A more immune population
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imposes greater selection for antigenic change but supports a smaller, less diverse viral pop-

ulation. Thus, the rate of antigenic evolution may vary in a complex way with the rate of

host population turnover [82].

Initial conditions. H3N2 first emerged in or near Hong Kong in 1968. The region in

which a subtype emerges may e↵ectively give the viral population a head start on evolution.

The first epidemic will almost certainly occur in this region, and viruses here will be the first

to experience selective pressure for antigenic change. If host migration rates are low and the

founding viral population persists, this antigenic lead could be maintained or even grow in

time.

Transmission rates. Di↵erences in human behaviour can a↵ect transmission rates. The

transmission rate a↵ects a strain’s intrinsic reproductive number (R
0

), the expected number

of secondary cases caused by a single infection in an otherwise susceptible population. Dif-

ferences in regional R
0

could a↵ect evolution in at least two ways. Higher R
0

increases the

equilibrium prevalence, increasing the probability that rare beneficial mutations will appear.

In addition, the rate of antigenic drift increases with R

0

in models that include mutation

as a di↵usion-like process [111, 80, 101, 12]. A higher intrinsic reproductive number in one

population could thus accelerate the emergence of novel mutants in that area.

To understand the potential e↵ects of these five factors on the evolution of H3N2 in

space, we simulated an influenza-like pathogen in a simplified representation of the global

human metapopulation. The simulated metapopulation consisted of three connected host

populations, representing the temperate north, tropics, and temperate south. Conceptually,

the tropics in the model approximate Asia, where most of the population is tropical or sub-

tropical [44] and epidemics are asynchronous, and exclude other less connected tropical and

subtropical populations on other continents [10, 37, 106]. The two temperate populations

approximate northern and southern populations where influenza is strongly seasonal. The

model can also be generalized to represent three arbitrary populations by reducing season-
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ality.

We analysed the e↵ects of these factors on two key metrics of influenza’s spatial evolu-

tionary and antigenic dynamics. The first metric measures the proportion of the trunk of

the phylogeny present in the tropics (figure 2.1a). The phylogenetic trunk represents the

most evolutionarily successful lineage that goes on to seed all future outbreaks. The second

metric measures the degree to which tropical strains are antigenically advanced (figure 2.1b).

Phenotypically, antigenic dissimilarities can be quantified as distances in antigenic space us-

ing pairwise measures of cross reactivity [160, 13]. Our model uses an analogous measure of

antigenic distances, allowing us to determine the relative antigenic advancement of strains

from each region. We analysed these two metrics from simulations to test whether any of

the five ecological factors could create spatial evolutionary patterns of a similar magnitude

to the observed data.

2.2 Results

2.2.1 Influenza-like patterns

We simulated an individual-based model that included ecological and evolutionary dynamics

in a metapopulation with three demes [11]. By default, in one deme, transmission rates are

constant throughout the year, and in the two others, transmission rates vary sinusoidally

with opposing phases. Viral phenotypes occur as points in 2D Euclidean space, and mutation

displaces phenotypes in this 2D space according to a fixed kernel [11]. This space is analogous

to an antigenic map constructed from pairwise measurements of cross-reactivity between

influenza strains using a hemagglutination inhibition (HI) assay [160, 13]. Susceptibility to

infection is proportional to the distance in antigenic space between the challenging strain

and the nearest strain in the host’s infection history, giving distant or antigenically advanced

strains greater transmissive advantage.
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Figure 2.1: Representative output showing influenza-like behaviour from a sample simulation
using the default parameters (table 2.2). Statistics reported here are based on 53 replicate
simulations. (a) The phylogeny of the pathogen is reconstructed explicitly from the recorded
ancestry of simulated strains. Branches are colored by region indicated in panel d. The
trunk is determined by tracing the recorded ancestry of surviving strains at the end of the
simulation. Side branches show lineages that go extinct. (b) Viruses evolve antigenically
away from the founding strain in a canalized fashion. On average, the antigenic distance
from the founding strain follows the trajectory indicated by the black LOESS spline fitted to
viruses from all three regions. At any given point in time, strains above this line have drifted
farther from the founder compared to average, and are thus considered antigenically leading.
Conversely, strains below this line are considered antigenically lagging. Antigenic lead is
calculated as the distance to the spline in antigenic units. (c) Prevalence of infection over
time for each region. (d) Depiction of the totally connected model population, composed of
the temperate north, tropics, and temperate south.

The model reproduces the characteristic ecological and evolutionary features of H3N2,

except for the antigenic lead (table 2.1), under the default parameters (table 2.2). We re-

stricted our analyses to simulations where the virus remained endemic and where the time to

the most recent common ancestor (TMRCA) never exceeded 10 years during the 40 years of

simulation. We chose this cuto↵ because in some simulations, the viral population developed
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unrealistically deep branches. In excluding extinctions and excessive diversity (branching),

we assume that H3N2’s historical evolutionary patterns represent the virus’ likeliest evolu-

tionary dynamics. Of 100 replicate simulations, the viral population went extinct in 18 cases

and exceeded the TMRCA threshold 29 times, leaving 53 simulations for analysis. The model

tracks the ancestry of individual strains, allowing us to explicitly reconstruct the phylogeny

of the virus and the geographic location of lineages. The phylogeny has the characteristically

well-defined trunk with short branches of the H3N2 hemagglutinin (figure 2.1). This shape

arises due repeated selective sweeps of antigenic variants, which reduces standing diversity;

the average TMRCA across replicates was 3.72 years (SD = 0.26), comparable to empirical

estimates of 3.89 years [12]. The antigenic distance from the founder increased linearly with

time (figure 2.1), characteristic of H3N2’s canalized antigenic evolution [11, 160]. The mean

antigenic drift across replicate simulations was 0.97 antigenic units per year (SD = 0.11),

comparable to observed rates of 1.01 antigenic units per year [13]. The mean annual incidence

was 9.1% (SD = 0.8%). Reported annual incidence across all subtypes of seasonal influenza

range from 9-15% [184]. Since we only modeled one lineage (e.g., the H3N2 subtype), the

low estimate from the model is comparable to observed incidence.

Although all three host populations were the same size, the tropical strains were on

average more evolutionarily successful. The phylogenetic trunk traces the most evolutionarily

successful lineage and was located in the tropics 77% (SD = 13%) of the time, comparable

to the observed 87% of H3N2’s trunk in E-S-SE Asia between 2000-2010 [12]. However, the

default parametrization does not produce an antigenic lead in any population, despite the

observed antigenic lead of Asian strains (table 2.1). Antigenic cartography shows that while

H3N2 drifts on average at 1.01 antigenic units per year globally [13], Asian strains tend to

be farther drifted at any given time, and the region is thus considered to lead antigenically

[142, 13].
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Table 2.1: Properties of the default model

Statistic Model mean ± SD Observed (Ref)
Annual incidence 0.091±0.0077 0.09 - 0.15 [184]
Antigenic drift rate (a.u. yr�1) 0.97±0.11 1.01 [13]
TMRCA (years) 3.7±0.26 3.89 [12]
Frac. of trunk in the tropics 0.61±0.13 0.87 [12]
Tropics antigenic lead (a.u.) 0.0025±0.036 0.25 [142, 13]

Table 2.2: Default parameters

Parameter Value Reference
Intrinsic reproductive number (R

0

) 1.8 [94, 19]
Duration of infection ⌫ 5 days [30]
Population size N 45 million (see SI)
Birth/death (turnover) rate � 1/30 year�1 [171]
Mutation rate µ 10�4 day�1 (see SI)
Mean mutation step size �

mean

0.6 antigenic units (see SI)
SD mutation step size �

sd

0.3 antigenic units (see SI)
Infection risk conversion c 0.07 [11, 87, 135]
Migration rate m 10�3 day�1 (see SI)
Seasonal amplitude ✏ 0.10 [169]

2.2.2 Seasonality

We first varied the strength of seasonal forcing, holding other parameters at their default

values. Seasonality by itself in the two temperate populations could not cause the tropics to

produce more antigenically advanced strains; however, seasonality did cause the tropics to

contribute a greater fraction of evolutionarily successful strains (figure 2.2). By linear regres-

sion, we estimate that the trunk would spend 87% of its time in the tropics (the same fraction

that is observed in Asia [12]) with a seasonal transmission amplitude (✏) of 0.19 (95% CI:

0.18, 0.20). Reduced seasonal forcing in the temperate populations equalized the fraction of

the trunk in each population. In multivariate sensitivity analysis, the amplitude of seasonal

transmission accounted for 33% of the variation in the tropical fraction of the trunk (sup-

plementary information, figure 2.6, table 2.4). This result suggests that seasonal bottlenecks

in temperate populations discourage seasonal strains from fixing globally, in agreement with
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other models [2]. However, seasonality alone could not explain any variation in the tropic’s

antigenic lead (supplementary information, figure 2.6, table 2.5). We therefore hypothesized

that ecological factors besides seasonality must contribute to regional di↵erences in relative

antigenic fitness.

2.2.3 Transmission rate in the tropics

Increasing R

0

in the tropics relative to the temperate populations caused the tropics to

produce strains that led antigenically while also preserving the tropics’ contribution to the

trunk (figure 2.3). Linear regression implies that a 28% (95% CI: 25%, 30%) increase in R

0

in the tropics causes the tropics to produce strains that are, on average, 0.25 antigenic units

ahead of global mean, reproducing the observed antigenic lead in Asia [142, 13]. We also

estimate that a 17% increase in R

0

(95% CI: 15%, 19%) causes the phylogenetic trunk to be

located in the tropics 87% of the time, reproducing the observed fraction of the H3N2 trunk

in Asia [12].

The e↵ects of R
0

on antigenic lead were robust to changes in other ecological variables

and over a range of baseline values of global R
0

. When we varied the other parameters

(table 2.2), relative R

0

in the tropics accounted for 77% of the variance in antigenic lead,

making it the best predictor of antigenic lead in the tropics (supplementary information,

figure 2.6, table 2.5). The fraction of the trunk in the tropics also increased with the relative

R

0

, although R

0

explained less of the variation in trunk proportion (41%), due to the e↵ect

of seasonality (supplementary information, figure 2.6, table 2.4).

Notably increased R

0

in one deme was su�cient by itself to make strains more evolu-

tionarily successful and antigenically advanced. When we removed seasonality altogether to

model three climatically identical populations, the population with the highest R
0

produced

both the most antigenically leading and evolutionarily successful strains (figure 2.4). Thus,

higher R

0

alone in one region can cause it to attain an antigenic lead and fraction of the
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trunk as large as is observed in Asia.
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Figure 2.2: Seasonal amplitude ✏ in the temperate populations increases the tropics’ contribu-
tion to the most evolutionarily successful lineage but alone does not a↵ect regional di↵erences
in antigenic advancement. Transmission rates � in the temperate north and south oscillate
sinusoidally in opposite phase, with amplitude ✏. All other parameters remain at their de-
fault values (table 2.2). (a) E↵ects of seasonality on the fraction of the trunk in the tropics
(Pearson’s r = 0.85, p < 0.001; R2 = 0.72). Each point shows the fraction of time that
the phylogenetic trunk was located in the tropics during the course of one simulation. The
dashed line represents the null hypothesis where tropical strains comprise one third of the
phylogenetic trunk. (b) E↵ects on seasonality on the antigenic lead of the tropics (Pearson’s
r = �0.12, p = 0.20, R2 = 0.01). Each point shows the average antigenic lead of tropical
strains over time from one simulation. The dashed line represents the null hypothesis where
tropical strains are neither antigenically ahead or behind. Blue lines represent linear least
squares regression.

To better understand why increasing regional R
0

causes that region to produce more

antigenically advanced strains, we examined the e↵ect of R
0

on antigenic evolution in a

single deme. Simulations showed that increasing R

0

increases the rate of antigenic drift

(supplementary information, figure 2.7). To investigate further, we derived an analytic ex-

pression for the invasion fitness of a novel mutant in a population at the endemic equilibrium

(supplementary information, equation S1). When the resident and mutant strains have the

same intrinsic fitness (R
0

), the growth rate of an antigenically distinct, invading mutant

increases linearly with R

0

(supplementary information, figure 2.8). This linearity holds as

long as the conversion between antigenic distance and host susceptibility (equation 2.3) is

independent of R
0

. As R

0

increases, not only do mutants invade faster, but the invasion
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speed increases faster as a function of antigenic distance (supplementary information, figure

2.8).
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Figure 2.3: Increased R

0

in the tropics increases the tropics’ contribution to the most evo-
lutionarily successful lineage and the antigenic advancement of tropical strains. Relative R

0

is calculated as R
0

in the tropics divided by R

0

in the temperate regions. R
0

in the tropics
was varied while R

0

in the temperate regions was kept at its default. Other parameters were
also kept at their default values (table 2.2). (a) E↵ect of R

0

in the tropics on the fraction of
the trunk in the tropics (Pearson’s r = 0.88, p < 0.001; R2 = 0.78). Each point shows the
fraction of phylogenetic trunk located in the tropics during one simulation. The dashed line
represents the null hypothesis where tropical strains comprise one third of the phylogenetic
trunk. (b) E↵ect of R

0

in the tropics on the antigenic lead in the tropics (Pearson’s r = 0.93,
p < 0.001; R2 = 0.87). Each point shows the average antigenic lead of tropical strains over
time from one simulation. The dashed line represents the null hypothesis where tropical
strains are neither antigenically ahead or behind. Blue lines represent linear least squares
regression.

Although seasonality alone did not a↵ect antigenic lead, the e↵ects of R
0

on antigenic lead

could be influenced by seasonality (figure 2.4). Introducing seasonality in the temperate pop-

ulations reduced di↵erences in antigenic phenotype between regions. When tropical strains

were antigenically ahead of temperate strains (due to higher tropical R
0

), introducing sea-

sonality reduced the tropics’ antigenic lead. When tropical strains were antigenically behind

temperate strains (due to lower tropical R
0

), introducing seasonality reduced the antigenic

lag. Two factors explain the equalizing e↵ect of seasonality on antigenic phenotype. First,

higher contact rates during transmission peaks in the two temperate populations increase

the rate of strain immigration from the tropics. Second, seasonal troughs in prevalence allow
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tropical strains to invade more easily due to reduced competition with local strains.

2.2.4 Demographic rates, population size, and initial conditions

Other ecological factors a↵ected regional contributions to evolution but could not reproduce

the observed patterns as well as di↵erences in R

0

(supplementary information, figures 2.5,

2.6). Notably, strains were slightly more antigenically advanced in older populations (sup-

plementary information, figure 2.5). When the rate of population turnover in the tropics was

half that in the temperate regions, the tropics led by 0.04 antigenic units (SD = 0.03). Larger

populations generally contributed more to the trunk, although there was much variation that

population size alone did not explain (supplementary information, figures 2.5, 2.6 and table

2.4, 2.5). Initial conditions did not have a lasting e↵ect (supplementary information, figure

2.9).

2.2.5 Implications for other influenza subtypes

Influenza A/H1N1 and influenza B both evolve slowly compared to H3N2 and are suspected

to have lower R
0

[12, 13]. Specifically, H1N1 drifts at a rate of 0.62 antigenic units per year,

and the B/Victoria and Yamagata strains drift at 0.42 and 0.32 antigenic units per year

respectively [13]. H1N1 and B viruses are also less apt to have Asian origins than H3N2

[12]. When we simulate with lower baseline R

0

, we find that di↵erences in R

0

between

regions have a weaker influence on spatial patterns of evolution (supplementary information,

figure 2.12). Based on the relationship between mean R

0

and antigenic drift (supplementary

information, figure 2.7), we would expect seasonal H1N1, for example, to have an R

0

of 1.6.

For this R

0

, a 17% increase in R

0

causes the tropics to occupy only 79% (versus 87% for

H3N2-like R

0

of 1.8) of the trunk, and a 28% increase in R

0

causes the tropics to lead by

0.20 (versus 0.25 for H3N2) antigenic units.
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Figure 2.4: Seasonality in temperate populations has an equalizing e↵ect on antigenic di↵er-
ences. Relative R

0

is calculated as R
0

in the tropics divided by R

0

in the temperate regions.
(a) E↵ects of seasonality and R

0

on the fraction of the trunk in the tropics. Blue indicates
that the phylogenetic trunk is located in the tropics less than 1/3 of the time, and red in-
dicates that the trunk is the tropics more than 1/3 of the time. (b) E↵ects of seasonality
and R

0

on antigenic lead in the tropics. Blue indicates that tropical strains are on average
ahead antigenically relative to other global strains and red indicates that tropical strains are
behind antigenically. Each square averages 1 to 17 replicate simulations.

2.3 Discussion

In our model, we find that the simplest explanation for why a host population produces

more antigenically novel and evolutionarily successful strains than other populations is that

its strains have a higher intrinsic fitness, or R
0

. The strong e↵ect of regional R
0

on spatial

patterns of viral evolution is caused by the e↵ect of R
0

on antigenic drift. Higher regional R
0

facilitates invasion of antigenically novel strains, resulting in faster antigenic drift. Season-

ality reduces the rate at which temperate populations export strains that are evolutionarily

successful, but seasonality alone cannot explain regional di↵erences in the production of

strains that are antigenically novel. Size and age can influence global patterns too, but to a

lesser extent: larger populations export more strains that fix, and populations with slower

replenishment of susceptibles increase the rate of antigenic evolution. These last two e↵ects

are sensitive to changes in seasonality and R

0

. These results highlight the relationship be-
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tween human ecology and influenza’s phylogeography. Regions with high transmission rates

may be expected to contribute disproportionately to influenza’s evolution and may also be

ideal targets for vaccine campaigns. Accordingly, changes in human ecology can be expected

to alter influenza’s phylogeography. These generalizations assume that H3N2 will evolve

mostly as it has, with high strain turnover and limited genetic variation at any time, but

more complex dynamics may be possible.

To make general predictions, we used a simple model. Although our three-deme metapop-

ulation prevents us from replicating influenza’s phylogeographic dynamics precisely, the

model nonetheless reveals how ecological di↵erences in populations create spatial patterns

in the evolution of an influenza-like pathogen. Simulations with more complex metapopu-

lation models showed the same trends as the simple three-deme model (figures 2.13, 2.14),

suggesting that our results are robust to changes in metapopulation population structure.

These results immediately raise the question of whether there is evidence of regional

variation in R

0

. Low reporting rates and antigenic evolution make the R

0

of influenza

di�cult to measure with traditional methods, but we can conjecture from several lines of

evidence. Low absolute humidity favors transmission via aerosol in experimental settings

[144] and influences the timing of the influenza season in the United States [145]. Based on

absolute humidity and aerosol transmission alone, these results suggest that R
0

of tropical

and subtropical Asia would be lower than in temperate latitudes. However, in Vietnam

the onset of influenza-like illness is associated with periods of high humidity [166]. This

observation suggests that humidity is not the dominant driver of influenza transmission, at

least in this region.

Contact rates also influence transmission [177]. Multiple studies have detected a sig-

nificant e↵ect of school closure on influenza spread [31, 89, 38], although this trend is not

without exception [51]. Households also influence risk: after one household member is in-

fected, the average risk of secondary infection in a household contact is 10% [170]. Di↵erences
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in classroom and household sizes may thus influence local transmission, and both are higher

in, for instance, China and India than in Europe and the U.S. [172, 128]. Contact surveys

report higher contact rates in Guangdong, China, than in European communities, whereas

those in Vietnam are lower, although di↵erences may arise from di↵erences in survey design

[141, 126, 91]. These surveys notably miss non-social, casual contacts (e.g., shared cafeterias

and elevators) that might be important for influenza transmission.

Di↵erences in local transmission rates may not scale: high rates of local transmission

may be o↵set or attenuated by the structure of contact networks over larger areas. At the

regional level, commuter and air passenger flows a↵ect the spread of influenza epidemics,

suggesting that adults are important to the long-range dispersal of the virus [175, 106]. The

frequency of long-distance contacts di↵ers between communities [141]. Although sensitivity

of R
0

to network topology is well known theoretically [124, 3], there is a need to integrate the

features of local and regional empirical transmission networks to infer large-scale di↵erences

R

0

.

Empirical estimates of R
0

are in theory attainable from seroprevalence. Under a sim-

plistic, single-strain SIR model, which assumes random mixing and no maternal immunity,

di↵erences in R

0

should appear in di↵erences in seropositivity by age. For instance, if

R

0

=1.8, approximately 5.1% of 2 year-olds would be seropositive, whereas 7.4% would be

seropositive if R
0

were 20% higher. R
0

variation in this range could be detected by sampling

as few as 1500 2 year-olds in each population. Detailed surveys of H3N2 seropositivity by

age cohort exist for some European countries [22, 143] but show much faster increases in

seropositivity with age than expected under the SIR model: 100% of tested children are

seropositive to H3N2 by age 7 in the Netherlands and by age 12 in Germany. This discrep-

ancy between theory and data may be due to antigenic drift resulting in higher attack rates

[12]. The spatial di↵erence in seroprevalence may also reflect greater contact rates among

school-aged children [126] and highlights the possibility that di↵erences in exposure rates at
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young ages do not reflect mean di↵erences in the populations. Such e↵ects may be reduced

by examining seroprevalence at older ages, but these estimates must balance a tradeo↵ be-

tween minimizing age-related correlations in transmission rates and increasing sample sizes

required to detect asymptotically small di↵erences in seropositivity. Another potential ap-

proach to measuring R

0

is to refine estimates of annual incidence in di↵erent populations.

Estimates of R
0

based on annual incidence would have to incorporate the histories of recent

circulating strains, survey timing and titer dynamics, and vaccination in each population.

A greatly reduced birth rate confers a slight antigenic lead, but actual di↵erences in

birth rates between regions appear too small to explain Asia’s observed lead. Current birth

rates across most of Europe, China, and the United States are within 10% of each other

[171]. Birth rates are almost twice as high in some SE Asian countries, including Cambodia,

Laos, and the Philippines. The highest birth rates are found in Africa and the Middle East,

and are three to four times higher than birth rates in the United States and China. Our

model suggests that these regions should contribute relatively less to influenza’s antigenic

evolution, assuming the di↵erences in population structure are not associated with higher

R

0

, and ignoring other di↵erences. However, taking age-assortative mixing into account

may negate this expectation, with younger populations having increased R

0

[3, 60] thus

contributing more to antigenic evolution.

We expect these results to apply to other antigenically varying, fast-evolving pathogens,

including other types of influenza. Enterovirus-71 circulates globally, and its VP1 capsid

protein experiences continuous lineage replacement through time, similarly to H3N2 hemag-

glutinin [165]. Norovirus also demonstrates rapid antigenic evolution by amino acid replace-

ments in its capsid protein [113]. We might expect that areas with high transmission con-

tribute disproportionately to the antigenic evolution and global spread of these pathogens.

In addition, when we simulate with lower R
0

, we find that di↵erences in R

0

between regions

influence spatial patterns of antigenic variation less (supplementary information, figure 2.12).
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This may explain why influenza A H1N1 and influenza B, which are suspected to have lower

R

0

[12, 13], are less apt to have Asian origins than H3N2 [12].

2.4 Material and methods

We implemented an individual-based SIR compartmental model of an influenza-like pathogen,

originally described by Bedford et al. [11]. In this model, a global metapopulation is com-

posed of three connected populations, representing tropics and temperate north and south.

Individuals’ compartments are updated using a ⌧ -leaping algorithm. Within a region i, the

force of infection is given by

F

i

(t) = �

i

(t)
I

i

N

i

(2.1)

where I is the number of infected hosts. Between regions i and j, the force of infection is

given by

F

ij

(t) = m�

j

(t)
I

i

N

j

(2.2)

where region i is where the infection originates and region j is the destination. Here, m is a

scaling factor for interregional transmission, and �

j

is the transmission rate of the destination

region. Transmission rates in the seasonal north and south oscillate sinusoidally in opposite

phase with amplitude ✏. After recovery from infection, a host acquires complete immunity

to viruses with that specific antigenic phenotype. Hosts that clear infection accumulate an

infection history that defines their immunity. In a contact event, the distances between the

infecting viral phenotype and each phenotype in the susceptible host’s immune history are

calculated. The probability of infection after contact is proportional to the distance d to the

closest phenotype in the host’s immune history. An individual’s risk of infection by such a

strain is

Risk = min {1, cd} (2.3)
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where the proportionality constant for converting antigenic distance to a risk of infection

c = 0.07 [11]; in other words, one unit of antigenic distance corresponds to 7% reduction

in immunity. The linear relationship c between antigenic distance and susceptibility derives

from studies of vaccine e�cacy [11, 87, 135].

Antigenic phenotypes are represented by points in a two-dimensional Euclidean antigenic

space. One unit of antigenic distance in this space corresponds to a twofold dilution of

antiserum in an HI assay [160]. The model is initialized at the endemic equilibrium with

antigenically identical viruses. By default, all of the initial infections occur in the tropics.

Mutational events occur at a rate µ mutations per day. When a virus mutates, it moves in

a random radial direction with a gamma-distributed step size. This mutation rate, along

with the mutation size parameters (�
mean

, �

sd

) determine the accessibility of more distant

mutations in antigenic space. The radial direction of mutation is chosen from a uniform

distribution.

Additional methods are described in the supplementary information.

2.5 Data accessibility

Code implementing the model is available at https://github.com/cobeylab/antigen-

phylogeography.git. The complete code for reproducing these results is available at https:

//github.com/cobeylab/influenza_phylogeography_manuscript.git.
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2.6 Supplementary information

2.6.1 Extended methods

Selection of parameters

Parameter values were selected to be consistent with influenza’s biology and to reproduce its

major epidemiological and evolutionary patterns (table 1). The population sizeN was chosen

to minimize extinctions while also making e�cient use of computational resources. The

population birth/death rate � = 1/30 year�1 reflects the global crude birth rate estimates

of 34 births per 1000 [171].

The proportionality constant m for calculating the between-region contact rate was cal-

culated from the number of international air travel passengers reported by the International

Civil Aviation Organization divided by the global population [93].

We chose a baseline R

0

= 1.8. Estimates of R
0

from the first pandemic wave H3N2 in

1968 range from 1.06-2.06 [94], and estimates of R
0

for seasonal influenza range from 1.16

to 2.5, averaging approximately 1.8 [19].

The five-day duration of infection, 1/⌫, is based on estimates from viral shedding [30].

The transmission rate, �, is calculated using the definition of R
0

:

R

0

=
�

⌫ + �

(2.4)

We chose the seasonal amplitude to ensure consistent troughs during the o↵-season in tem-

perate populations while remaining within reasonable estimates of seasonal transmission

rates [169].

Mutational parameters were selected to maximize the number of simulations where evo-

lution was influenza-like (figure 2.10). Mutations occur at a rate of 10�4 mutations per day.

This phenotypic mutation rate corresponds to 10 antigenic sites mutating at 10�5 mutations
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per day [140, 11]. The distance of each mutation is sampled from a gamma distribution

with parameters chosen to yield a mean step size of 0.6 and a standard deviation of 0.3

antigenic units. These values correspond to a reduction in immunity of 4.2% for an average

mutation (SD = 2.1%). These mutation e↵ect parameters give the gamma distribution an

exponential-like shape, so that most mutations yield small di↵erences in antigenic fitness,

while occasionally mutations will yield greater di↵erences. We chose µ, �
mean

, and �

sd

so

that the simulations would exhibit influenza-like behaviour as consistently as possible (figure

2.10). Here, the criteria for influenza-like behavior included endemism, reduced genealogical

diversity (TMRCA < 10 years) [12], and a biologically plausible mean rate of antigenic drift

(1.01 antigenic units per year) [13] and incidence (9-15%) [184] (table 1, figure 2.10).

Calculation of antigenic lead and trunk proportion

We examined two metrics that describe influenza’s evolutionary dynamics. For computa-

tional tractability, these metrics were calculated using a subset of strains sampled over course

of the simulation. Strains were sampled proportionally to prevalence.

To calculate antigenic lead, we first calculated the antigenic distance of each sampled

strain from the founding strain (figure 1a). We then fit a LOESS spline to these distances

over time. The spline describes the expected antigenic drift of circulating lineages at any

point in time. Strains above the spline have drifted farther than average and are considered

antigenically leading. Strains below the spline have drifted less than average and are con-

sidered antigenically lagging. The antigenic lead in the tropics is calculated as the average

antigenic distance to this spline for all sampled tropical strains.

To calculate the fraction of the trunk in each population, we first identified strains that

comprise the trunk by tracing the lineage of strains that survive to the end of the simulation

(figure 1b). Because multiple lineages may coexist at the end of the simulation, we excluded

the last five years of strains from trunk calculations. The fraction of the trunk in the tropics
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is calculated as the fraction of the time the trunk was composed of tropical strains.

Univariate sensitivity analysis

In the univariate sensitivity analyses, we created regional di↵erences in host ecology by

varying each of the five ecological parameters individually (R
0

, population turnover rate,

seasonality, population size, and initial conditions) while keeping all other parameters at

their default values (table 2). To test the e↵ects of regional R
0

, we changed R

0

only in

the tropics. Similarly, we tested the e↵ects of the rate of population turnover by varying

it only in the tropics. To investigate seasonality, we varied the seasonal amplitude of the

transmission rate in the temperate populations. (The transmission rate in the tropics was

always constant over time.) To explore population size, we examined the ratio of tropical

to temperate population sizes, keeping the global population constant. We initialized all

simulations at the endemic equilibrium such that the total number of initial infecteds was

constant. We then scaled the number of initial infecteds in the tropics while keeping the

number in the two temperate demes the same. We ran twenty replicates for each unique

combination of parameter values and discarded any simulations in which the virus went

extinct or the TMRCA exceeded 10 years at any time in the 40-year simulation. The analyses

for antigenic lead and trunk proportion were performed on the remaining simulations (figure

2.5).

Multivariate sensitivity analysis

To test the robustness of the e↵ects of individual parameters on the antigenic lead and

the phylogenetic trunk, we simulated 500 points from a Latin hypercube with dimensions

representing relative R

0

, seasonality, relative population size, relative population turnover

rate, and the fraction of initial infecteds in the tropics (figure 2.6). The ranges for each

parameter (table 2.3) were chosen to remain within reasonable estimates. We simulated
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twenty replicates for each of the 500 unique parameter combination and discarded simulations

in which the virus went extinct or the TMRCA exceeded 10 years at any time in the 40-year

simulation. We performed an ANOVA on the remaining 4119 influenza-like simulations to

determine each parameter’s contribution to the variance in antigenic lead and the fraction

of the trunk in the tropics (table 2.4, 2.5).

2.6.2 Invasion analysis

We assume that the host population supports a resident strain at the endemic equilibrium.

We develop an expression for the fitness of an invading mutant strain to explain how the

selection coe�cient of the mutant changes with R

0

.

Here, S, I, and R represent the fraction of susceptible, infected, and recovered individu-

als. The birth rate � and the death rate are equal, so the population size is constant. All

individuals are born into the susceptible class. Transmission occurs at rate �, and recovery

occurs at rate ⌫.

dS

dt

= �(1� S)� �SI

dI

dt

= �SI � (⌫ + �)I

dR

dt

= ⌫I � �R

We solve for the endemic equilibrium values of S
eq

, I
eq

, R
eq

.

dI

dt

= 0 = �S

eq

I

eq

� (⌫ + �)I
eq

S

eq

=
⌫ + �

�

⌘ 1

R

0

R

0

, the basic reproductive number, is defined as the number of secondary infections from
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a single infected individual in a totally susceptible population. Continuing to solve for I

eq

and R

eq

, we have

dS

dt

= 0 = �(1� S

eq

)� �S

eq

I

eq

I

eq

=
�

�

(R
0

� 1)

dR

dt

= 0 = ⌫I

eq

� �R

eq

R

eq

=
⌫

�

(R
0

� 1)

To find the selection coe�cient, we develop an expression for the e↵ective reproductive

number R
e

for both the resident and mutant strains. R
e

is the expected number of secondary

infections from a single infected individual in a given population. We will use the relationship

R

e

= SR

0

The mutant strain is d antigenic units from the resident strain. The conversion factor

between antigenic units and infection risk is notated by c. Thus, the susceptibility to the

mutant is given by min{cd, 1}, and immunity to the mutant is max{1 � cd, 0}. For ease of

notation, we assume cd  1, and use k = 1� cd.

The fraction of the population immune to the invading strain is denoted by R

0. Note

that the population is at the endemic equilibrium of the resident strain, and not the mutant.

R

0 = (1� cd)R
eq

=
⌫

�

(R
0

� 1)k

We start by allowing coinfection. The fraction of susceptibles to the mutant strain is
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given by

S

0 = 1�R

0 � 1

N

= 1� ⌫k

�

(R
0

� 1)� 1

N

For large N , we have

S

0 = 1� ⌫k

�

(R
0

� 1)

As defined by our initial set of ODEs, the growth rates of the mutant and resident strains

are

dI

0

dt

= I

0[�S0 � (⌫ + �)]

dI

dt

= I

eq

[�S
eq

� (⌫ + �)]

To get the selection coe�cient, we take the di↵erence between the growth rates:

s = [�S0 � (⌫ + �)]� [�S
eq

� (⌫ + �)]

= � � �k(R
0

� 1)� �

R

0
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Recall that � = (⌫ + �)R
0

s = (⌫ + �)R
0

� ⌫k(R
0

� 1)� (⌫ + �)

Simplifying,

s = (⌫cd+ �)(R
0

� 1) (S1)

Now disallowing coinfection, we have

S

0 = 1�R

0 � I

eq

� I

0

= 1� ⌫

�

(R
0

� 1)k � �

�

(R
0

� 1)� 1

N

For large N ,

S

0 = 1� (R
0

� 1)[
⌫k + �

�

]

Using the same arithmetic as in the case with coinfection, it follows that

s = � � (⌫k + �)(R
0

� 1)� �

R

0

Simplifying,

s = (⌫cd)(R
0

� 1) (S2)

In summary, the selection coe�cient of an invading mutant strain increases linearly with
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the R
0

, which is shared by both strains. The slope of this relationship is proportional to the

distance d between the two strains in antigenic space (figure 2.8). Naturally, relationship

between the selection coe�cient on the distance d between strains depends on the functional

relationship between antigenic distance and immunity. However, the linear dependence of

the selection coe�cient on R

0

holds as long as the functional relationship between antigenic

distance and immunity is independent of R
0

.

2.6.3 Detecting di↵erences in R

0

In the SIR model, the force of infection is

F = �I

where � is the transmission rate and I is the fraction of infecteds. At the endemic

equilibrium, the cumulative fraction of seropositive individuals at a given age a is

f(a) = 1� exp(��I

eq

a)

= 1� exp(�R

0

(⌫ + �I

eq

a)

where ⌫ is the recovery rate and � is the birth/death rate. I
eq

, the fraction of infecteds

at the endemic equilibrium, is given by

I

eq

=
�

�

(R
0

� 1)

Figure 2.11 shows the fraction of seropositive individuals by age for the baseline R
0

= 1.8
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and a 20% higher R
0

= 2.16. The di↵erence in the percentage of seropositive two-year-olds

between the two groups is approximately 2.3%. The sample size in each group required to

detect a di↵erence f

2

(a)� f

1

(a) with ↵ confidence and 1� � power is

N =
f

1

(1� f

1

) + f

2

(1� f

2

)

(f
1

� f

2

)2
(�

↵/2

+ �
�

)2

For legibility, f

i

(a) is written as f

i

. To detect a 20% di↵erence in R

0

between two

populations with 0.05 significance and 0.80 power, we would require a sample of at least

1503 individuals in both groups.

2.7 Supplemental tables and figures

Table 2.3: Parameter ranges used in Latin hypercube sampling

Parameter Range
Relative R

0

0.8�1.2
Seasonal amplitude (✏) in temperate populations 0.0�0.15
Relative population size (N) 0.5�2.0
Relative turnover rate (�) 0.5�2.0
Fraction of initial infecteds (I

0

) in tropics 0.0�1.0

Table 2.4: ANOVA of the fraction of trunk in tropics from multivariate sensitivity analysis

Parameter Df Sum Sq Frac of var Mean Sq F value Pr(>F)
Relative N 1 5.04 0.017 5.04 316.48 <0.0001
Fraction I

0

in tropics 1 0.62 0.002 0.62 38.94 <0.0001
Relative R

0

1 114.49 0.406 114.49 7193.84 <0.0001
Relative turnover 1 2.37 0.008 2.37 148.97 <0.0001
Seasonal amplitude 1 94.04 0.334 94.04 5908.50 <0.0001
Residuals 4109 65.40 0.232 0.02
Total 4114 281.96 1.000
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Table 2.5: ANOVA of the tropics’ antigenic lead from multivariate sensitivity analysis

Parameter Df Sum Sq Frac of var Mean Sq F value Pr(>F)
Relative N 1 1.94 0.033 1.94 754.71 <0.0001
Fraction I

0

in tropics 1 0.02 <0.001 0.02 8.75 0.0031
Relative R

0

1 44.55 0.766 44.55 17344.41 <0.0001
Relative turnover 1 1.04 0.018 1.04 406.81 <0.0001
Seasonal amplitude 1 0.02 <0.001 0.02 9.53 0.0020
Residuals 4109 10.56 0.182 0.00
Total 4114 58.140 1.000
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Figure 2.5: Univariate sensitivity analysis showing e↵ects of individual parameters on (a) the
antigenic lead and (b) the fraction of the phylogenetic trunk in the tropics. In each column
of plots, only the parameter indicated on the x-axis is varying; all others are held constant
at the default value. Each point represents the mean value over a single simulation. Blue
lines indicate linear least squares regression. The dashed lines represent the null hypotheses
where (a) the trunk is distributed equally among the three regions or (b) tropical strains are
neither antigenically ahead or behind. (c) Number of simulations that went extinct (red),
exceeded the TMRCA limit (green), or were suitable for analysis (blue).
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Figure 2.6: Multivariate sensitivity analysis showing e↵ects of individual parameters on the
(a) antigenic lead and (b) the fraction of the phylogenetic trunk in the tropics. Horizontal
axes are projections of a Latin hypercube with dimensions corresponding to the five param-
eters indicated. Each point shows the mean value over a single simulation. The dashed lines
represent the null hypotheses where (a) the trunk is distributed equally among the three re-
gions or (b) tropical strains are neither antigenically ahead or behind. Pearson’s correlation
coe�cients and associated 95% confidence intervals are indicated.
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Figure 2.7: E↵ect of R
0

on antigenic drift in a single deme. Each point shows the mean
antigenic drift rate from a single simulation. The blue line represents linear least squares
regression, and the dashed line indicates the empirical estimate of the rate of antigenic drift
for H3N2 [13]. Pearson’s r = 0.94, p < 0.001; 95% CI: (0.88, 0.97).
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Figure 2.8: Relationship between R

0

and the selection coe�cient for an invading strain with
the resident at endemic equilibrium. The relationship for three di↵erent antigenic distances
d between the invading strain and the resident strain is shown: 0.6 (solid line), 1.0 (dashed
line), or 2.0 (dotted line) antigenic units.
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Figure 2.9: E↵ect of initial conditions on the antigenic lead and the fraction of the trunk in
the tropics early in the simulation. Each square represents the average value for n=5 to 11
replicate simulations.
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Figure 2.10: Sensitivity of influenza-like behaviour to changes in the mutational parameters,
the mutation rate µ, mean mutation size �

mean

, and standard deviation of the mutation size
�

sd

. Within each plot, each square represents ten replicate simulations. Each row of plots
shows results from simulations using di↵erent mutation rates µ. The number of simulations
where the virus went extinct is shown in the second column of plots, and the number of
simulations where the viral population exceeded a TMRCA of 10 years is shown in the third
column of plots. The remaining simulations are considered influenza-like and are shown
in the first column of plots. The reported mean antigenic drift rates and prevalences are
averaged over the influenza-like replicates. The color scales for mean antigenic drift and
incidence are centered (white) at the observed values for H3N2 (table 1).
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Figure 2.12: Lowering baseline R

0

decreases the e↵ect of relative R

0

on the fraction of
the trunk and antigenic lead in the tropics. (a) E↵ects of baseline and relative R

0

on the
fraction of the trunk in the tropics. Blue indicates that the phylogenetic trunk is located in
the tropics less than 1/3 of the time, and red indicates that the trunk is the tropics more
than 1/3 of the time. (b) E↵ects of baseline R

0

and relative R

0

on antigenic lead in the
tropics. Blue indicates that tropical strains are on average ahead antigenically relative to
other strains, and red indicates that tropical strains are behind antigenically. Each square
represents an average from 1 to 14 replicate simulations. Grey squares indicate parameter
combinations where all of twenty attempted simulations either went extinct or exceeded the
TMRCA threshold of 10 years.
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Figure 2.13: Univariate sensitivity analysis using a fully connected 5-deme model (a) showing
the e↵ects of individual parameters on (b) the antigenic lead and (c) the fraction of the
phylogenetic trunk in the tropics. By default, the tropics have a population size that is
twice as large as any single temperate deme. In each column of plots, only the parameter
indicated on the x-axis is varying; all others are held constant at the default value. Each
point represents the mean value over a single simulation. Blue lines indicate linear least
squares regression. The dashed lines represent the null hypotheses where (b) the trunk is
distributed proportionally to the default population size among the regions or (c) tropical
strains are neither antigenically ahead or behind. (d) Number of simulations that went
extinct (red), exceeded the TMRCA limit (green), or were suitable for analysis (blue).
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Figure 2.14: Univariate sensitivity analysis using a fully connected 6-deme model (a) showing
the e↵ects of individual parameters on (b) the antigenic lead and (c) the fraction of the
phylogenetic trunk in each of the two tropical demes. By default, all demes have the same
population size. In each column of plots, only the parameter indicated on the x-axis is
varying; all others are held constant at the default value. Each point represents the mean
value over a single simulation. Black points show results from one tropical deme and red
points from the other. Blue lines indicate linear least squares regression to the combined
data from both tropical demes. The dashed lines represent the null hypotheses where (b) the
trunk is distributed proportionally to the default population size among the regions or (c)
tropical strains are neither antigenically ahead or behind. (d) Number of simulations that
went extinct (red), exceeded the TMRCA limit (green), or were suitable for analysis (blue).
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CHAPTER 3

VACCINATION AND THE EVOLUTION OF SEASONAL

INFLUENZA

3.1 Introduction

As seasonal influenza evolves from year to year, antigenic di↵erences between previously

and currently circulating strains contribute to low vaccine e�cacy [87, 26, 15, 192] and high

incidence of influenza illness [29, 26]. The influenza A/H3N2 subtype evolves faster than

influenza A/H1N1 and B [13], and the vaccine is least e↵ective against A/H3N2 on average

compared to other circulating subtypes [16]. While vaccines regularly undergo reformulation

to accommodate antigenic evolution, it is also theoretically possible for vaccines to a↵ect

antigenic evolution [100]. Traditional estimates of the public health benefits of influenza

vaccines tend to focus on the benefits of vaccination in the current season and assume

viral evolution is unchanged by the vaccine [7, 183, 123, 146]. Accounting for the potential

evolutionary impact of vaccines, however, may alter assessments of their long-term value.

In theory, seasonal influenza vaccines might be able to slow antigenic evolution [80, 101, 5].

Universal vaccines, which confer immunity against all antigenic variants, are predicted to

slow antigenic evolution by uniformly decreasing the fitness of all strains [5]. Conventional

vaccines against seasonal influenza, which protect against some strains more than others

and thereby confer narrower immunity, might have similar e↵ects. First, by reducing the

prevalence of infection, they reduce viral population size and thus the probability that anti-

genic escape mutants will arise. Second, although vaccination increases the growth rate of

antigenically distant mutants relative to less distant mutants (which can lead to strain re-

placement in other pathogens [28, 114, 132, 105, 65, 117, 1, 138, 66, 73, 78]), it also increases

the amount of immunity in the population. This increased immunity reduces the growth rate

or invasion fitness of escape mutants, slowing the rate of strain replacement (SI 3.9.1, Eq.
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3.25, Fig. 3.5). Finally, smaller viral population sizes increase the rate at which di↵erent

strains go stochastically extinct, weakening selection for more antigenically diverged strains.

However, vaccination might accelerate antigenic evolution if the vaccine is ine↵ective against

some strains that compete with vaccine-targeted strains, leading to strain replacement or

vaccine escape [23, 162].

Vaccination’s potential evolutionary e↵ects may change the private and social benefits of

vaccination. Vaccination confers a private benefit to vaccinated individuals by directly reduc-

ing their risk of infection: the vaccine reduces the within-season rate of clinical laboratory-

confirmed influenza infections in healthy adult recipients by 41% (95% CI 36-47%) [58].

Vaccination also confers a social benefit to the host population by reducing the burden of

disease, although these e↵ects are infrequently measured. Vaccinating children reduces the

risk of influenza infection in unvaccinated household contacts by 30-40% [92, 139], in the

local community by up to 5-82% [116], and in a metropolitan county by up to 59% [136].

The valuation of private and social benefits changes according to how much vaccination

decreases the burden of disease. If vaccines slow antigenic evolution and thereby further

decrease incidence, then the social benefit increases. However, the private benefit may fall

as the lower infection risk reduces vaccines’ marginal protective benefit. As the private ben-

efit falls, additional incentives might be necessary to compensate for less frequent voluntary

vaccination [25, 39]. A reduction in antigenic evolution from vaccination could also reduce

the need to update vaccines as frequently.

Empirical estimates of the benefits of vaccination have so far been unable to measure the

potential long-term evolutionary e↵ects of vaccination. Most studies estimating the value of

vaccination occur in temperate populations such as North America, Europe, and Oceania,

which have high vaccine coverage but do not consistently contribute to influenza’s long-term

evolution [134, 10, 12, 131, 16]. By contrast, source populations that contribute more to

influenza’s evolution (e.g., China and India) have almost zero vaccination [134, 10, 12], and
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few studies of vaccination occur there [164].

We consider here the consequences of an idealized vaccination strategy, where vaccination

occurs in populations that shape influenza’s long-term evolution. To assess the potential

e↵ects of vaccines on antigenic evolution, we simulated the evolutionary and epidemiological

dynamics of an influenza-like pathogen. We evaluated how di↵erent rates of vaccination may

slow antigenic evolution and in turn decrease the total burden of disease. We then quantified

how the evolutionary e↵ects change the relative magnitude of the private and social benefits

of vaccination in the short and long term.

3.2 Results

3.2.1 Modeling approach and choice of parameters

We adapted a model to simulate the transmission and evolution of an influenza-like pathogen

over 20 years in a well-mixed population (Methods) [11]. Individuals infected with a strain

of the virus can transmit their infection to susceptible individuals upon contact. The risk

of infection given contact depends on the antigenic identities (phenotypes) of previous in-

fections and the challenging strain. After recovering from infection, individuals acquire im-

munity against the infecting strain, whose antigenic phenotype is represented by a point in

two-dimensional Euclidean space (Fig. 3.1A). Geometrically distributed mutations displace

strains in this space (Table 3.1, Fig. 3.1D). This space is analogous to the main components

after multidimensional scaling of pairwise measurements of cross-reactivity in hemagglutina-

tion inhibition (HI) assays, where one antigenic unit of distance represents a twofold dilution

of antiserum [160, 13]. Each antigenic unit di↵erence in distance between strains increases

susceptibility by 7% (Fig. 3.1C) [135, 87, 11].

The model reproduces characteristic epidemiological and evolutionary patterns of the

A/H3N2 subtype in the absence of vaccination (Fig. 3.1A,B). Unvaccinated populations
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are best for model validation because they contribute most to the evolution of seasonal

influenza in reality [134, 12]. We chose transmission and mutation parameters (Table 3.1)

such that simulated epidemiological and evolutionary patterns most resembled qualitative

patterns observed for H3N2 [181]. H3N2 has remained endemic in the human population

since its emergence in 1968 and also has low standing genetic and antigenic diversity. Due

to the stochastic nature of the simulations, the viral population goes extinct 18% of the time

and becomes too diverse 29% of the time across replicate simulations. A viral population is

considered too diverse when the time separating two co-circulating lineages (time to most

recent common ancestor, or TMRCA) exceeds 10 years, since recent H3N2 HA lineages have

coexisted for no more than 7 years. The remaining 53% of simulations that show qualitatively

influenza-like dynamics reproduce epidemiological and evolutionary statistics of H3N2. The

viral population has low genealogical diversity with an average TMRCA across replicates of

3.80 years (SD = 0.52), comparable to empirical estimates of 3.84 years [12]. The path of

evolution in antigenic space is mostly constrained to one dimension (Fig. 3.1A), characteristic

of H3N2’s antigenic evolution [160, 13]. Antigenic evolution occurs at an average rate of 1.09

antigenic units per year (SD = 0.14), comparable to an observed rate of 1.01 antigenic units

per year [13]. The mean annual incidence is 9.0% (SD = 1.0%). Annual incidence across all

types of seasonal influenza ranges from 9-15% [184]. To confirm the accuracy of the model’s

transmission dynamics, we compared model outputs against analytic expectations without

evolution (since analytic solutions for a model with evolution are intractable) (Figs. 3.6, 3.7,

3.8, and 3.9).
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Figure 3.1: Properties of the model. (A) Antigenic phenotypes are represented as points in
two-dimensional space (AG1 is antigenic dimension 1 and AG2 is antigenic dimension 2).
Over time, new strains appear as old strains can no longer transmit to immune hosts. Viral
evolution is mostly linear in antigenic space. The amount of evolution is calculated as the
distance between the founding strain and the average phenotype of strains circulating at
the end of the simulation. Vaccine strains (triangles) are chosen at the beginning of each
year by averaging the antigenic phenotype of all circulating strains. Strains are colored
according time. (B) Incidence per 10 days is shown. Cumulative incidence (not shown) is
calculated as the sum of cases over the duration of the simulation. Vaccines are distributed
beginning 300 days after strain selection for 120 days. Strain selection for the following
year occurs during the distribution of the current vaccine (inset). (C) Upon contact, the
risk of infection increases linearly with the distance between the infecting strain and the
strain in the host’s infection or vaccination history that minimizes the risk of infection (Eq.
3.3) (D) The sizes of antigenic mutations are chosen from a gamma distribution with mean
and standard deviation �

mean

and �

sd

. The radial directions (not pictured) of mutations
are chosen from a random uniform distribution. In this example, vaccines confer half the
breadth of immunity as natural immunity (b = 0.5).

To assess the potential e↵ects of vaccination on antigenic evolution and disease burden,

we introduced vaccination to the host population. At the beginning of each year, a vaccine
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strain is selected with the average antigenic phenotype of circulating strains. In the United

States, the seasonal influenza vaccine is typically distributed from September through Febru-

ary. Distribution usually peaks in October or November, 8-9 months after strain selection

[32]. In the model, the vaccine is distributed 300 days after strain selection and for a pe-

riod of 120 days. During distribution, individuals are randomly vaccinated at a constant

daily rate (Eq. 3.2). Since individuals are randomly vaccinated each year, the fraction of

vaccinated individuals over time. At a 5% annual vaccination rate, approximately 4.9% of

individuals in the population are vaccinated every year (due to sampling with replacement in

the model) and 48.4% of the population has been vaccinated at least once by the twentieth

year (Fig. 3.10A). At this rate, vaccination e↵ectively renders 26.0% of individuals immune

when vaccination is in equilibrium with antigenic evolution (Fig. 3.10B). We also tested the

e↵ects of the breadth of cross-immunity conferred by vaccination. The vaccine’s breadth b is

defined as the ratio of the vaccine-induced immunity to that of infection-induced (or “natu-

ral”) immunity (Fig. 3.1). Vaccines with b = 1 have breadth identical to natural immunity,

whereas vaccines with b < 1 (b > 1) have respectively smaller (larger) breadth compared to

natural immunity.

We initially used two metrics to quantify the e↵ects of vaccination on the evolution and

epidemiology of the virus. First, because antigenic phenotypes evolve roughly linearly in

two dimensions [160, 11, 13], we measured the cumulative amount of antigenic evolution

by calculating the antigenic distance between the founding strain’s antigenic phenotype and

the average antigenic phenotype of strains circulating at the end of the simulation (Fig.

3.1). Second, we measured the burden of disease by calculating the cumulative incidence,

or the total number of cases over the duration of the simulation divided by the population

size (Fig. 3.1). In calculating the amount of antigenic evolution and incidence, we included

simulations where the viral population remained endemic or went extinct. However, we

excluded simulations where the viral population became too diverse (TMRCA > 10 years)
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because our measure of cumulative antigenic evolution is inadequate for branching viral

populations.

Because vaccination may qualitatively alter evolutionary patterns of H3N2, we used an

additional metric to asses evolutionary e↵ects, namely the probability that viral populations

would become too diverse (TMRCA > 10 years) under di↵erent vaccination regimes. Viral

populations that are too diverse have the potential to cause high morbidity because hosts

are unlikely to have immunity against many antigenic variants. Influenza subtypes H1N1

and B evolve antigenically slower than H3N2 but have greater genetic diversity at any time

[40, 52, 13, 12] Thus, we also examine whether vaccination, by a↵ecting antigenic evolution,

could also impact diversification.

To estimate the contribution of evolution to vaccination’s epidemiological impact, we

compared simulations in which vaccination could a↵ect antigenic evolution to simulations

where it could not. We generated the latter by first running simulations without vaccination

and recording strain phenotypes and relative abundances at every time step to use as a

reference. Then, in each time step of the simulations with vaccination, we replaced all

infections with randomly selected contemporaneous strains from an unvaccinated reference

simulation, matching the reference frequencies. In this way, temporal changes in strain

frequencies were una↵ected by vaccination.
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3.2.2 Vaccination reduces the average amount of antigenic evolution and

disease burden
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Figure 3.2: High vaccination rates decrease the average amount of (A) cumulative antigenic
evolution and (B) cumulative incidence. The solid white lines show LOESS curves fit to
cumulative antigenic evolution and incidence across all simulations. The dotted white lines
show fits for simulations where the viral population survived until the end of the simulation.
The dashed white lines show fits for simulations where the viral population went extinct.
Shaded areas show 95% confidence intervals. Densities reflect 500 total simulations for each
vaccination rate with excessively diverse simulations (TMRCA > 10 years) excluded, leaving
⇠ 300� 400 simulations.

Vaccination reduces the average amount of antigenic evolution (Spearman’s ⇢ = �0.75,

p < 0.001) and incidence (Spearman’s ⇢ = �0.86, p < 0.001, Fig. 3.2) when the breadth

of vaccine-induced immunity is the same as that of infection. Without vaccination, the

viral population evolves on average 21.5 (SD = 3.3) antigenic units and causes an average

of 1.8 (SD = 0.2) cases per person over the 20-year simulation. By reducing susceptibility

in the host population, vaccination decreases the number of cases and the average size of

surviving mutations, thus slowing the rate of antigenic evolution. In turn, slower antigenic

evolution further reduces the force of infection, often driving the virus extinct. Once extinct,

the viral population can no longer evolve or cause new infections. Above a 10% annual

vaccination rate, implying a 28% cumulative vaccination rate over 4 years, extinction occurs

rapidly, typically within 2.3 years (SD = 0.6, Fig. 3.11). Eliminating the time interval
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between strain selection and vaccine distribution reduces the amount of antigenic evolution

(Wilcoxon rank-sum test, p < 0.001) and incidence (Wilcoxon rank-sum test, p < 0.001)

even more (Fig. 3.12).

Increasing the vaccination rate also decreases the probability that the viral population

becomes too diverse (TMRCA > 10 years on average, Fig. 3.13). Thus, vaccination is

unlikely to increase morbidity from diversifying viral populations.

We next examined how much these reductions could be attributed solely to the “ecolog-

ical” e↵ects of vaccination—the reduction in prevalence and increased extinction risk from

enhanced herd immunity—versus the combined ecological and evolutionary impacts. Rela-

tive to the case where the evolutionary e↵ects of vaccination are blocked, vaccination with

evolutionary e↵ects decreases both the rate of antigenic evolution and the burden of disease

(Wilcoxon rank-sum test, p < 0.001), (Fig. 3.3). Also relative to the same baseline, eradi-

cation is achieved at a lower vaccination rate. At an 8.5% annual vaccination rate (⇠ 20%

cumulative vaccine coverage within 5 years), vaccination eradicates the virus 100% of the

time (within 3.3 years on average) when vaccines can a↵ect evolution but only does so 68%

of the time (within 5.6 years on average) when vaccines cannot a↵ect evolution.
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Figure 3.3: Vaccination further decreases incidence when vaccines can a↵ect antigenic evolu-
tion compared to when they cannot. Purple lines represent simulations where vaccination can
a↵ect antigenic evolution. Yellow lines represent simulations where vaccination cannot a↵ect
antigenic evolution. The solid lines show LOESS fits to cumulative (A) antigenic evolution
and (B) incidence across all simulations. The dotted lines show LOESS fits for simulations
where the viral population does not go extinct. Shaded areas show 95% confidence inter-
vals. Lines reflect 500 total simulations for each vaccination rate and evolutionary condition
with excessively diverse simulations (TMRCA > 10 years) excluded, leaving ⇠ 300 � 400
simulations.

The breadth of vaccine-induced immunity and the delay between vaccine strain selection

and distribution change the impact of vaccination. With narrower vaccines, higher vac-

cination rates are needed to achieve the same average reductions in cumulative antigenic

evolution and incidence using broader vaccines (Fig. 3.14). Regardless of breadth, dis-

tributing vaccines immediately after strain selection helps vaccines achieve the same average

reductions in evolution and incidence at lower vaccination rates (Fig. 3.16).

3.2.3 Vaccine-driven excessive evolution is rare

We developed a test to determine whether vaccination causes excess evolution. We defined

excess evolution as more than 21 antigenic units (the average amount of evolution without

vaccination) over the duration of the simulation, or when the TMRCA exceeded 10 years.

We counted the number of “excessively evolved” simulations for each vaccination rate and
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breadth. If vaccination does not a↵ect the rate of evolution, the frequency of excessively

evolved simulations should be the same as in vaccine-free case (Fig. 3.18). In contrast, if

vaccination increases the rate of evolution, the frequency of excessively evolved simulations

should be greater than without vaccination.

Although viral populations that survive are associated with more evolution (Figs. 3.2,

3.3, 3.14), this apparent excess evolution is generally not caused by vaccination. Instead,

these viral populations evolved just as much in the absence of vaccination, and only survive

vaccination because they evolved unusually quickly. In these cases, more vaccination does not

increase the rate of antigenic evolution, but instead drives slowly evolving viral populations

extinct while occasionally allowing persistence of quickly evolving populations (Fig. 3.18).

Thus, apparent increases in the amount of antigenic evolution among survivors generally

reflect selection among simulations (not among viruses within a simulation) for fast-evolving

populations, and these populations would appear at the same rate without vaccination.

We found that vaccine-driven excess evolution was only possible at low-intermediate

immune breadth (b = 0.2 or 0.3) and at low vaccination rates (Fig. 3.17). Even when

we detected statistically significant excess evolution, these outcomes were only 10% more

common with vaccination relative to without. Based on this analysis, we conclude that

vaccine-driven excessive evolution is rare for the influenza-like parameters considered.
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3.2.4 Ignoring the evolutionary e↵ects of vaccination overestimates the

private benefit and underestimates the social benefit of vaccination

Figure 3.4: Comparison of the private and social benefits of vaccination when vaccination
can or cannot a↵ect antigenic evolution. Risk ratios are calculating using coe�cients from
a linear panel model fitted to the last 17 years of simulated hosts’ infection and vaccination
histories. Mean estimates and 95% confidence intervals are shown. Red lines represent
simulations where vaccination can a↵ect antigenic evolution (dynamic). Blue lines represent
simulations where vaccination cannot a↵ect antigenic evolution (static). The relative risk
for a population with a 10% annual vaccination rate could not be calculated because all
simulations were driven extinct within the first 3 years.

To quantify the private and social benefits of vaccination, we collected panel data consisting

of individual hosts’ vaccination and infection histories from simulations where vaccination

could a↵ect antigenic evolution and simulations where vaccination could not a↵ect antigenic

evolution. We then fit linear panel models to these data (Eq. 3.4). We measured the private

benefit of vaccination as vaccine e�cacy, or one minus the risk of infection having been

vaccinated relative to the risk of infection having not been vaccinated (Eq. 3.5). To measure

the social benefit, we used an analogous risk ratio. The social benefit is one minus the risk

of infection in a population vaccinated at a given rate relative to the risk of infection in an

unvaccinated population (Eq. 3.6). The social benefit reflects a reduction in the force of

infection due to vaccination.
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The social benefit of vaccination rises when vaccines can slow antigenic evolution com-

pared to when evolutionary e↵ects are omitted. The average risk of infection over the course

of a season without vaccination is ⇠10% (Table 3.3). When 5% of the host population is

vaccinated annually, the average host is 60.5% less likely to become infected compared to a

host in an unvaccinated population (Fig. 3.4, Table 3.3). However, when vaccination cannot

a↵ect antigenic evolution, the average host is only 27.7% less likely to become infected (Fig.

3.4, Table 3.3) at the same vaccination rate relative to a host in an unvaccinated population.

The social benefits accounting for evolution at 10% vaccination rate could not be calculated

because the virus was always eradicated quickly.

Since the evolutionary e↵ects of vaccination further reduce the overall risk of infection

in the population, individuals personally benefit less from getting vaccinated when vaccines

a↵ect antigenic evolution than when vaccines do not. The reduction in the private benefit

due to evolutionary e↵ects is a natural consequence of lower incidence: when the overall

risk of infection is low, the marginal benefit of vaccination is lower than when incidence is

high (Eq. 3.5). Individuals receiving the current vaccine are 36.0% less likely to become

infected in the same season compared to unvaccinated individuals when vaccines can a↵ect

evolution (Fig. 3.4, Table 3.3). However, when vaccines cannot a↵ect antigenic evolution,

vaccinated individuals are 49.5% less likely to become infected (Fig. 3.4, Table 3.3). We

observed similar patterns when the breadth of vaccine-induced immunity was half that of

natural immunity (Table 3.4).

By slowing antigenic evolution, vaccination prolongs its own e↵ectiveness. When vaccina-

tion cannot a↵ect antigenic evolution, the private benefit decreases by 9.0% per passing year

compared to only 5.6% per passing year when vaccines can a↵ect evolution (Fig. 3.4, Table

3.3). Thus, evolutionary e↵ects cause the private benefits of vaccination to decay slower

with time. Consequently, ignoring the evolutionary e↵ects of vaccines also undervalues the

long-term private benefits relative to the short-term private benefits.
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3.3 Discussion

We found that vaccination against seasonal influenza could hypothetically slow antigenic

evolution and thereby reduce the disease burden beyond its immediate impact on transmis-

sion. Indeed, annual vaccination rates as low as 10%, which imply a 28% cumulative vaccine

coverage after 4 years, can reliably eradicate the virus in simulation. This is a previously

unrecognized potential benefit of widespread vaccination. At a 5% annual vaccination rate

(16% cumulative coverage after 4 years), evolution increases the social benefits of vaccina-

tion by 30.4%, which in turn decreases the private benefits by 13.5% compared to when

evolutionary e↵ects are omitted. Thus, while the evolutionary e↵ects of vaccination yield

a large social benefit by reducing incidence, they reduce the private benefit to vaccinated

individuals.

Though our simulations suggest that a 10% annual vaccination rate could eradicate in-

fluenza, this prediction may not appear realistic since up to 8% of the global population is

vaccinated each year [134]. However, vaccination is almost exclusively concentrated in sea-

sonal populations rather than in the populations that contribute most to influenza’s evolution

[134, 10, 12]. For instance, from the 2008-2009 season to the 2014-2015 season, seasonal vac-

cine coverage averaged 43.4% in the United States and 13.5% across European countries, but

was <1% in China and India [133, 134]. Moreover, the same people tend to get vaccinated

repeatedly, which lessens the accumulation of vaccine-induced immunity in the population

over time. In the United States, up to 68.4% of vaccine recipients get vaccinated every year

[72, 173]. Consecutive vaccinations may also reduce vaccine e↵ectiveness by interacting with

prior immune responses, although these e↵ects are not well understood [129, 121, 149, 108].

Thus, the e↵ective amount of vaccine-induced immunity in a population is potentially lower

than vaccine coverage estimates would suggest, implying higher vaccination rates might be

necessary for eradication.

The seasonal influenza vaccine is unlikely to cause excessive evolution, assuming that
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the breadth of vaccine-induced immunity is similar to that of natural immunity. In sim-

ulations, vaccine-driven accelerated antigenic evolution only occurs when the breadth of

vaccine-induced immunity is narrower than that of natural infection and then only at low

vaccination rates. The relative breadths of vaccine-induced and and natural immunity are

unclear. One di↵erence is that although natural infection elicits antibodies that bind both

the hemagglutinin and the neuraminidase (NA) antigens, inactivated vaccines may induce

fewer antibodies to NA [41], suggesting that the breadth of vaccine-induced immunity could

be narrower than that of natural immunity. Host immune history also a↵ects the generation

of immune responses [49, 194, 112, 55, 56], and by extension the breadths of vaccine-induced

and natural immunity, in ways that are largely unexplored.

Although our simulations show vaccines typically slow evolution (and drive extinction)

in a single, closed population (i.e., a global population), other models predict faster evo-

lution or higher incidence under particular assumptions. Vaccination accelerates antigenic

evolution when stochastic extinctions in small viral populations are ignored [23]. In contrast,

stochastic extinctions in our agent based model weaken selection in small viral populations.

Vaccines can also accelerate antigenic evolution locally when antigenically diverged strains

can immigrate re-seed seasonal epidemics [162]. Our model simulates a closed global popula-

tion where immigration is not a source of novel strains and extinct viral populations cannot

be re-seeded. Finally, assuming that new strains do not appear by mutation, vaccination tar-

geting a single strain potentially increases incidence when two competing strains co-circulate

[191]. In our model, strains emerge dynamically by mutation, so the novel strains are less

likely to appear when prevalence is low.

Improved understanding of the fine-scale evolutionary and immunological dynamics might

shift predictions. For instance, the rate of vaccine-driven evolution is sensitive to transmis-

sion rates and the distribution of mutation sizes. We chose transmission and mutation

parameters such that the simulated epidemiological and evolutionary dynamics match those

56



of H3N2 [11, 181]. However, in this model, increasing the mutation rate, skewing the distri-

bution of mutation sizes toward large mutations, or increasing the transmission rate increases

the rate of antigenic evolution and the tendency for viral populations to diversify [11, 181].

Such changes would also increase the probability that viral populations survive to evolve

further or diversify especially under small amounts of vaccination (or vaccines with narrow

breadth). Our model assumes that an individual’s immune responses against multiple in-

fections or vaccinations are independent, but immunity from prior infection or vaccination

a↵ects subsequent immune responses [159]. Consistent with this hypothesis, there is evidence

that vaccination history [129, 121, 149] and recipient age (potentially a proxy for infection

history) [122] a↵ect vaccine e�cacy.

Our results suggest that conventional seasonal influenza vaccines, already have the po-

tential to slow antigenic evolution and eradicate seasonal influenza. In theory, universal

vaccines that immunize against all strains necessarily slow antigenic evolution by not dis-

criminating between antigenic variants [5]. Increasing seasonal vaccine coverage, especially

in populations that contribute substantially to influenza’s evolution, would help realize sim-

ilar evolutionary benefits. However, as vaccination further reduces disease burden, people

may require more incentives to get vaccinated [25, 39, 76].

3.4 Methods

3.4.1 Model overview

We adapted an individual-based model of influenza’s epidemiological and evolutionary dy-

namics [11] to include vaccination. In each time step of a tau-leaping algorithm, individuals

can be born, can die, can become infected after contacting other hosts, can recover from in-

fection, or can be vaccinated. Transmission occurs by mass action, with the force of infection

given by
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�(t) = �

I(t)

N

, (3.1)

where I is the number of infected hosts. For computational e�ciency, individuals cannot be

coinfected.

Antigenic phenotypes are represented as points in 2-dimensional Euclidean space, anal-

ogous to antigenic maps produced using pairwise measurements of serum cross-reactivity

[160, 13]. One antigenic unit corresponds to a two-fold antiserum dilution in a hemagglu-

tination inhibition (HI) assay. At the beginning of the simulation, a single founding strain

is introduced at the endemic equilibrium in the host population. When hosts recover from

infection, they acquire lifelong immunity to the infecting strain. Upon contact with an in-

fected host, the probability that the susceptible host becomes infected is proportional to

the distance d

n

between the infecting strain and the nearest strain in the susceptible host’s

infection history, with one unit of antigenic distance conferring a 7% absolute increase in

risk (Eq. 3.3) [11, 87, 135].

Each infection mutates to a new antigenic phenotype at a rate µ mutations per day. The

mutation’s radial direction is drawn from a uniform distribution, and the size (distance) is

drawn from a gamma distribution with mean �

mean

and standard deviation �

sd

.

Vaccination occurs at rate r, breadth b (relative to natural immunity), and lag ✓ (relative

to the timing of strain selection). The vaccine strain is selected on the first day of each

year. By default, the vaccine is distributed for 120 days. During the period of vaccine

distribution, individuals are randomly vaccinated at a constant daily rate according to the

specified annual vaccination rate.

r

day

= r

annual

⇥ 1 year

365 days
(3.2)

By default, the breadth of vaccine-induced and natural immunity are equal. Thus, a
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host’s probability of infection upon contact is given by

Risk = P (infection|contact) = min{1, cd
n

,

cd

v

b

} (3.3)

where d

n

is the distance between the infecting strain and the nearest strain in the host’s

infection history, and d

v

is the distance between the infecting strain and the nearest strain

in the host’s vaccination history (if the host is vaccinated) and c = 0.07 is a constant for

converting antigenic distance to a risk of infection [11, 87, 135].

3.4.2 Simulation of vaccine-independent evolution

We created a simulation where vaccination could not a↵ect antigenic evolution, the “static”

simulation. We first ran 500 simulations of the model without vaccination. For each simu-

lation, we recorded the circulating strains and their relative abundances at each time step

to use as reference viral populations. The evolution of these reference viral populations is

una↵ected by vaccination since they were obtained from simulations without vaccination.

To run the static simulation where vaccination could not a↵ect antigenic evolution, we

first randomly selected one of the reference viral populations. In each time step of the static

simulation, the composition of the viral population was replaced with that of the reference

viral population at the matched time step, scaled for prevalence. In this way, vaccination

could still alter the overall viral abundance, but the rate of antigenic evolution was already

previously set by the dynamics of the simulation without vaccination. Thus, vaccination was

separated from the evolutionary process.

3.4.3 Estimating the private and social benefits of vaccination

To generate panel data, we ran simulations at four annual vaccination rates r (0%, 1%, 5%,

and 10%) and recorded individual hosts’ dates of infection and vaccination. We randomly
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sampled 0.005% of individuals from the host population at the end of the simulation for

analysis. We fit a linear panel model (equation 3.4) to the simulated longitudinal vaccination

data from multiple simulations j. Observations are at host i level in each time period ⌧ (see

Table 3.2 for hypothetical example). The dependent variable indicator variable I

ij⌧

= 1

if a host is infected in the current season ⌧ , and 0 otherwise. The indicator V

ij⌧

= 1 if

a host is vaccinated in the current season. Analogously lags V

ij⌧�k

measure vaccination

in period ⌧ � k. If the annual vaccination rate in the host population is, e.g., 5%, then

r

5ij

= 1. The regression is estimated as a linear probability model (with random e↵ects)

in order to simplify interpretation of reported coe�cients. Standard errors are clustered at

the simulation-level to account for correlation in outcomes across hosts in a simulation. The

equation estimated is as follows.

I

ij⌧

= �

0

+ �

1

V

ij⌧

+ �

2

V

ij⌧�1

+ ...+ �

5

V

ij⌧�4

+

�

6

r

1ij

+ �

7

r

5ij

+ �

8

r

10ij

+ ✏

i

+ u

j⌧

(3.4)

The fitted coe�cients estimate the change in probability of infection given an individ-

ual’s vaccination status (direct e↵ects) and the host population’s vaccination rate (indirect

e↵ects). For example, the coe�cient �

1

estimates the absolute change in the probability

of becoming infected in the current season for a host who has also been vaccinated in the

current season. Likewise, �
2

, �

3

, �

4

, and �

5

estimate the respective changes in the risk of

becoming infected in the current season given vaccination one, two, three, and four seasons

ago. Collectively, �
1

, · · · , �
5

represent the direct benefits of vaccination. More formally,
P

5

k=1

�

k

is the impulse response to vaccination over 5 years and measures the total direct

protective benefit of vaccination over time.

The coe�cients �
6

, �

7

, and �

8

estimate the change in an individual’s risk of infection in

the current season when the population vaccination rate is 1%, 5%, or 10%, respectively.
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Thus, �
6

, �

7

, and �

8

represent the indirect benefits of vaccination under di↵erent vaccination

policies.

To estimate the private benefit (equivalent to vaccine e�cacy), the absolute reduction in

risk can be expressed in terms of a relative risk.

Private =


1� P (I = 1|V = 1)

P (I = 1|V = 0)

�
⇥ 100% (3.5)

To estimate the social benefit (or a social vaccine e�cacy) for a specific vaccination rate R,

we calculate an analogous relative risk:

Social =


1� P (I = 1|r = R)

P (I = 1|r = 0)

�
⇥ 100% (3.6)

3.5 Data and code availability

The source code of the model can be found at https://github.com/cobeylab/antigen-

vaccine. All data and code used to generate the results in this manuscript are available at

https://github.com/cobeylab/vaccine-manuscript.
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3.9 Supplementary Information

3.9.1 Vaccination and the invasion fitness of mutants

We use invasion analysis to understand how vaccination a↵ects the invasion fitness of anti-

genically diverged strains by e↵ectively reducing susceptibility. We develop an expression

for the fitness of an invading mutant strain to explain how the antigenic selection gradient

with vaccination.

Here, S, I, and R represent the fraction of susceptible, infected, and recovered individ-

uals. The birth rate ⌫ and the death rate are equal, so the population size is constant. All

individuals are born into the susceptible class. Transmission occurs at rate �, and recovery

occurs at rate �. We vaccinate some fraction p of newborns. In practice, this approximates

vaccination of young children, who are primarily responsible for influenza transmission. Vac-

cinated individuals move into the recovered class.

dS

dt

= ⌫(1� p)� �SI � ⌫S (3.7)

dI

dt

= �SI � �I � ⌫I (3.8)

dR

dt

= �I � ⌫R + ⌫p (3.9)

The endemic equilibrium of S
eq

, I
eq

, and R

eq

is

S

eq

=
� + ⌫

�

⌘ 1

R

0

(3.10)

I

eq

=
⌫(R

0

(1� p)� 1)

�

(3.11)

R

eq

= 1� 1

R

0

� ⌫(R
0

(1� p)� 1)

�

(3.12)
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where R
0

, the basic reproductive number, is the number of secondary infections from a single

infected individual in a totally susceptible population.

The disease-free equilibrium (when p > 1� 1

R0
) is

S

[I = 0]

= 1� p (3.13)

I

[I = 0]

= 0 (3.14)

R

[I = 0]

= p (3.15)

We introduce a single invading mutant I 0 = 1

N

. To find the growth rate of the mutant,

we develop an expression for the amount of immunity against the mutant strain. The single

mutant has an antigenic phenotype d antigenic units away from the resident. The conversion

factor between antigenic units and infection risk is notated by c. Thus, the susceptibility

to the mutant is given by min{cd, 1}, and immunity to the mutant is max{1 � cd, 0}. For

convenience, we assume cd  1.

We can decompose R

eq

into immunity conferred by recovery natural infection R

n

and

immunity conferred by vaccination R

v

:

R

n

= 1� 1

R

0

� ⌫(R
0

� 1)

�

(3.16)

R

v

=
⌫R

0

p

�

(3.17)

R

eq

= R

n

+R

v

(3.18)

The fraction of the population immune to the invading strain from previous infection

is denoted R

0. Assuming that vaccines confer a breadth of immunity relative to natural

immunity b,
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R

0 = (1� cd)R
n

+ (1� cd

b

)R
v

(3.19)

Note that when the mutant and resident are identical (d = 0), the immunity to the invading

strain is identical to the immunity against R0 = R

eq

. Allowing for coinfection, the fraction

susceptible to the invading strain is

S

0 = 1�R

0 � 1

N

(3.20)

= 1�R

0 (3.21)

for large N . When the vaccination rate exceeds 1 � 1

R0
, the resident is eradicated and S

0

and R

0 are calculated using the disease-free equilibrium.

The invasion fitness s of the mutant relative to the endemic strain is the di↵erence between

the per-capita growth rates. Note that since the resident is in equilibrium, dI/dt = 0.

s =
1

I

0
dI

0

dt

� 1

I

dI

dt

= [�S0 � (� + ⌫)]� 0 (3.22)

= �S

0 � (� + ⌫) (3.23)

The value of s increases with greater distance between the mutant and resident, but decreases

as more hosts become vaccinated (Fig. 3.5A). The expected s can be used to determine the

e↵ect of vaccine coverage on the expected invasion fitness of the mutant @E(s)

@p

. E(s) is

a function of the expected distance of a mutant E(d). In our model, we assume gamma

distributed mutation sizes with a mean �

mean

of 0.3 antigenic units and standard deviation

�

sd

of 0.6 antigenic units (Fig. 3.5C).
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Figure 3.5: (A) High vaccination rates decrease the invasion fitness of mutant strains. For
a given vaccination rate, the invasion fitness of a mutant increases with antigenic distance.
However, the invasion fitness of a mutant at a given distance decreases as vaccine coverage
increases. An example profile of invasion fitnesses is shown for d = 0.2 (the red line) in
(B). Above the invasion threshold for the resident (⇢ > 1 � 1/R

0

), the mutant must be
increasingly more distant to invade. The white curve shows the invasion threshold, where
the invasion fitness for the mutant strain is zero. Mutants above the above the curve can
invade, while mutants below the curve cannot. (C) Density of gamma distributed mutations
with a �

mean

= 0.3 and �

sd

= 0.6.

We decompose @E(s)

@p

to understand how vaccines a↵ect susceptibility and resistance to

change the invasion fitness of the mutant.

@E(s)

@p

=

✓
@E(s)

@S

0

◆✓
@S

0

@R

0

◆✓
@R

0

@R

v

◆✓
@R

v

@p

◆
(3.24)

= (�)(�1)(1� cE(d)

b

)(
⌫R

0

�

) (3.25)

Since 1� cE(d)

b

� 0 (i.e. one cannot be more than 100% immune to infection), vaccination

must decrease the expected invasion fitness of the mutant @E(s)

@p

 0 , slowing evolution. This

decrease is attributed to vaccination reducing susceptibility to the mutant by increasing

immunity ( @S
0

@R

0  0 and @R

0
@p

> 0) against any mutant. Larger breadth of vaccine-induced

immunity (b) also decreases the expected invasion fitness.
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3.9.2 Model validation without antigenic evolution

In the main text, we show general agreement between our simulations and observations of

influenza’s epidemiology and evolution using our parameterization. We further validate the

epidemiological processes of our agent-based model by removing evolution and comparing

output against analytic solutions to a model using deterministic ordinary di↵erential equa-

tions. A simple analytic solution to a model with antigenic evolution is intractable.

Classical SIR models include vaccination of newborns only. In a newborn-only vacci-

nation model, the threshold eradication rate p

t

= 1 � 1/R
0

⌘ �+⌫

�

. Here, we derive an

eradication threshold vaccination rate for a model where all hosts are vaccinated at the same

rate.

dS

dt

= ⌫ � ⌫S � �SI � pS (3.26)

dI

dt

= �SI � �I � ⌫I � pI (3.27)

dR

dt

= �I � ⌫R� pR (3.28)

dV

dt

= p� ⌫V � pV (3.29)

At equilibrium:

dI

dt

= 0 = �S

⇤
I

⇤ � �I

⇤ � ⌫I

⇤ � pI

⇤ (3.30)

S

⇤ =
� + ⌫ + p

�

⌘ 1

R

0

(3.31)

We find agreement between the simulated equilibrium fraction susceptible and the theo-

retical S⇤ for a range of influenza-like values of R
0

(1.2-3.0) 3.6.
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Figure 3.6: Simulated susceptible fraction at the end of 20 years without vaccination. The
theoretical equilibrium fraction susceptible is given by S

⇤ = 1

R0

We derive a general expression for the eradication threshold first by calculating I

⇤:

dS

dt

= 0 = ⌫ � ⌫S

⇤ � �S

⇤
I

⇤ � pS

⇤ (3.32)

0 = ⌫ � S

⇤(⌫ + �I

⇤ + p) (3.33)

⌫

�

� + ⌫ + p

= ⌫ + p+ �I

⇤ (3.34)

⌫

�

� + ⌫ + p

� ⌫ � p = �I

⇤ (3.35)

I

⇤ =
⌫

�

(R
v

� 1)� p

�

(3.36)

The condition for the existence of a disease-free equilibrium is I

⇤
> 0. We derive an

eradication threshold p

t

for which I

⇤ = 0:
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I

⇤ =
⌫

�

(R
v

� 1)� p

t

�

= 0 (3.37)

⌫

�

(R
v

� 1)� p

t

�

= 0 (3.38)

⌫(R
v

� 1) = p

t

(3.39)

⌫�

⌫ + � + p

� ⌫ = p (3.40)

⌫� � ⌫(⌫ + � + p) = p

2 + (� + ⌫)p (3.41)

⌫� � ⌫(⌫ + �) = p

2 + (� + 2⌫)p (3.42)

0 = p

2 + (� + 2⌫)p� ⌫� + ⌫(⌫ + �) (3.43)

Since p � 0, we take the nonnegative root.

p =
�(� + 2⌫)

2
+

p
(� + 2⌫)2 � 4(⌫(⌫ + �)� ⌫�)

2
(3.44)

=
�(� + 2⌫)

2
+

p
�

2 + 4⌫� + 4⌫2 � 4⌫2 � 4⌫� + 4⌫�)

2
(3.45)

=
�(� + 2⌫)

2
+

p
�

2 + 4⌫�

2
(3.46)

Again, we find agreement between the simulated and theoretical eradication threshold

vaccination rates over a range of influenza-like values of R
0

(Figs. 3.7, 3.8). Because we

initialize the simulations at the endemic equilibrium without vaccination, some damped

oscillation is to be expected, which may cause eradication at slightly lower vaccination rates

than expected by theory (Fig. 3.9). For instance, at R
0

= 1.8, theory predicts eradication at

p = 0.0267 day�1, while simulation achieves extinction in 20/20 simulations within 20 years

at p = 0.024 (Fig. 3.9).

69



0.02

0.04

0.06

1.5 2.0 2.5 3.0
R0

Th
re

sh
ol

d 
an

nu
al

 v
ac

ci
na

tio
n 

ra
te

Threshold
simulated
theory

Figure 3.7: With vaccination, the simulated eradication thresholds agree with analytic pre-
dictions. The simulated threshold is the minimum vaccination rate where 40/40 simulations
go extinct within 20 years. Error bars show the sampling resolution (Fig. 3.8). Simulations
were initialized at the analytically derived equilibrium S, I, and R with vaccination (equation
3.46).

R0 = 2.2 R0 = 2.4 R0 = 2.6 R0 = 2.8 R0 = 3

R0 = 1.2 R0 = 1.4 R0 = 1.6 R0 = 1.8 R0 = 2

0.035 0.040 0.040 0.045 0.050 0.050 0.055 0.055 0.060 0.060 0.065 0.070

0.005 0.010 0.010 0.015 0.015 0.020 0.025 0.030 0.030 0.035
0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

Annual vaccination rate

Fr
ac

tio
n 

ex
tin

ct

Threshold
simulated
theory

Figure 3.8: Estimation of simulated eradication thresholds without evolution, starting at the
equilibrium S, I, and R with vaccination. To generate response curves, we ran 40 replicate
simulations for each combination of R

0

and vaccination rate and calculated the fraction of
extinct simulations. The simulated eradication threshold is the minimum vaccination rate
that causes 40/40 simulations to go extinct within 20 years. When the analytic equilibrium
I was nonnegative, we initialized the simulation with a single infection.

70



Figure 3.9: Simulated timeseries without evolution, starting at the endemic equilibrium
without vaccination (i.e., S

0

= 1/R
0

⌘ �+µ+p

�

, as in the manuscript, but in contrast to Ap-

pendix figures 2 and 3). Because the population starts away from the vaccinated equilibrium,
the system experiences damped oscillations, which increase the probability of stochastic ex-
tinction. Thus, we observe extinction even when the vaccination rate is slightly below the
expected eradication threshold. Vaccination remains pulsed in 9-month periods, as in the
model. Frequencies of susceptible (S), infected (I), recovered (R), and vaccinated (V ) in-
dividuals are shown for 20 replicate simulations. The left y-axis shows the frequencies of S
(blue), R (green), and V (purple). The right y-axis shows the number of infections (red).
The dashed lines shows the expected equilibrium frequencies for each class.
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3.10 Supplementary tables and figures

Table 3.1: Parameters

Parameter Value Reference

Intrinsic reproductive number (R
0

) 1.8 [94, 19]

Duration of infection 1/� 5 days [30]

Population size N 50 million (see text)

Birth/death (turnover) rate ⌫ 1/30 year�1 [171]

Mutation rate µ 10�4 day�1 (see text)

Mean mutation step size �

mean

0.6 antigenic units (see text)

SD mutation step size �

sd

0.3 antigenic units (see text)

Infection risk conversion c 0.07 [11, 87, 135]

Duration of simulation 20 years

Annual vaccination rate r 0.0-0.2 year�1

Breadth of vaccine-induced immunity b 100%

Temporal lag between vaccine strain selection and distribution ✓ 300 days
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Table 3.2: Sample panel data

Identifier Data Interpretation

⌧ i j I

ij⌧

V

ij⌧�1

V

ij⌧�2

V

ij⌧�3

V

ij⌧�4

r

1ij

r

5ij

r

10ij

1 1 1 1 0 1 0 0 0 1 0 The host was in-

fected this sea-

son (1) and only

vaccinated 2 sea-

sons ago. The

population vac-

cination rate is

5%

1 2 1 0 1 0 0 1 0 1 0 Host not in-

fected this

season (1). Host

vaccinated this

season and 4

seasons ago.

Population vac-

cination rate is

5%

...

10 1 2 1 0 0 0 1 0 0 1 Host infected

this season (10).

Host vaccinated

4 seasons ago.

Population vac-

cination rate is

10%
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Figure 3.10: (A) Vaccine coverage and (B) e↵ective vaccine-induced immunity over time
calculated from simulations. (A) The fraction of individuals who have been vaccinated at
least once accumulated over time and saturates at 50%. (B) The e↵ective amount of vaccine-
induced immunity in the population is calculated using the mean antigenic distance between
circulating strains and the vaccinated hosts’ vaccine strains. At any given time, the e↵ective

vaccine immunity is 1

N

P
Np

i

min {0, 1� cd

xv

i

}, where N is the host population size, p is
the fraction of vaccinated, v

i

is the vaccine strain received by individual i, x is the average
circulating strain, d is the antigenic distance between the strains, and c is a constant that
converts between antigenic distance and risk. The horizontal line indicates the theoretical
eradication threshold in an antigenically homogenous population 1� 1/R
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Figure 3.11: High vaccination rates increase the probability of extinction and shorten the
average time to extinction. (A) Points show the fraction of simulations where the viral
population went extinct before 20 years. (B) Density of times to extinction. The solid white
line shows the average time to extinction across these simulations. Lines reflect 500 total
simulations for each vaccination rate with excessively diverse simulations (TMRCA > 10
years) excluded, leaving ⇠ 300� 400 simulations.
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Figure 3.12: With no temporal lag between vaccine strain selection and distribution, increas-
ing the vaccination rate quickly decreases the average amount of (A) cumulative antigenic
evolution (A) and (B) incidence. The solid white line shows a LOESS fit to cumulative anti-
genic evolution and incidence across all simulations. The dotted white line shows a LOESS
fit to cumulative antigenic evolution and incidence for simulations where the viral population
did not go extinct. Shaded areas show 95% confidence intervals.

Figure 3.13: Increasing the vaccination rate increases the probability that the viral popula-
tion will go extinct (B) and decreases the probability of exhibiting influenza-like dynamics
(A) or excessive diversification (TMRCA > 10 years) (C). Lines are colored according to the
breadth of the vaccine. Data are collected from 500 replicate simulations per unique combi-
nation of vaccination rate and vaccine immune breadth with excessively diverse simulations
(TMRCA > 10 years) excluded, leaving ⇠ 300�400 simulations per parameter combination.
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Figure 3.14: Across all simulations (A&B), vaccination decreases the average (A) cumula-
tive antigenic evolution and (B) incidence regardless of breadth. In the subset of simulations
where the viral population does not go extinct (C&D), vaccines with narrow breadth are as-
sociated with greater average antigenic evolution (C) and incidence (D), but these increases
are not necessarily caused by vaccination (see Fig. 3.17. Lines are colored according to the
breadth of vaccine-induced immunity. The grey dashed lines indicate the average amount of
antigenic evolution (A,C) or incidence (B,D) without vaccination. Points indicate significant
decrease (below the dashed line) or increase (above the dashed line) compared to no vacci-
nation according to a Wilcoxon rank-sum test (p < 0.05) performed on at least 5 replicate
simulations. Complete data are shown in figures/chapter3 3.15 and 3.18 Data are collected
from 500 replicate simulations per unique combination of vaccination rate and vaccine im-
mune breadth with excessively diverse simulations (TMRCA > 10 years) excluded, leaving
⇠ 300� 400 simulations per parameter combination.
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Figure 3.15: Density plots of complete simulation data corresponding to Figure 3.14. The
solid white lines show a LOESS fit to cumulative antigenic evolution or incidence across all
simulations. The dotted white lines show a LOESS fit to cumulative antigenic evolution or
incidence for simulations where the viral population did not go extinct. Shaded areas show
95% confidence intervals Data are collected from 500 replicate simulations per unique combi-
nation of vaccination rate and vaccine immune breadth with excessively diverse simulations
(TMRCA > 10 years) excluded, leaving ⇠ 300�400 simulations per parameter combination.
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Figure 3.16: With no temporal lag between vaccine strain selection and distribution, lower
vaccination rates are needed to achieve the same reductions in (A) cumulative antigenic
evolution and (B) cumulative incidence compared to when vaccines are distributed 300 days
after strain selection (Fig. 3.14). The solid lines show averages across all simulations,
while dotted lines show averages over simulations where the viral population did not go
extinct. Lines are colored according to the breadth of vaccine-induced immunity. Data
are collected from 500 replicate simulations per unique combination of vaccination rate and
vaccine immune breadth with excessively diverse simulations (TMRCA > 10 years) excluded,
leaving ⇠ 300� 400 simulations per parameter combination.
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Figure 3.17: Vaccination almost always reduces the rate of antigenic evolution. The subplots
show the number of simulations (out of 1000 replicates for each unique combination of param-
eters) that demonstrate excessive evolution for each vaccination rate and breadth b. Here,
excessive evolution is defined by either more than 21 antigenic units of cumulative evolution
or a TMRCA > 10 years. Black lines show the number of simulations that evolve excessively
without vaccination (the null expectation if vaccines do not drive faster evolution). Red bars
show significantly more counts of excessive evolution compared to unvaccinated simulations
(p < 0.05, Pearson’s �2 test).
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Figure 3.18: The distributions of cumulative antigenic evolution are profiles along each
vaccination rate shown in figure 3.15. Data are collected from 500 replicate simulations per
unique combination of vaccination rate and vaccine immune breadth with excessively diverse
simulations (TMRCA > 10 years) excluded, leaving ⇠ 300� 400 simulations per parameter
combination.
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Table 3.3: Private and social benefits of vaccination. In the static model, vaccination cannot
a↵ect antigenic evolution. In the dynamic model, vaccination can a↵ect antigenic evolution.
Statistics are computed using a linear panel model on longitudinal panel data of simulated
hosts’ infection and vaccination histories. Robust standard errors shown in brackets are
clustered by simulation.

Probability of infection in the current season (⌧)

Static (⇥10�2) Dynamic (⇥10�2)

Constant 9.91*** 9.94***
[0.35] [0.23]

Vaccinated in current season (⌧) -4.65*** -3.34***
[0.20] [0.32]

Vaccinated 1 season ago (⌧ -1) -3.62*** -2.78***
[0.18] [0.33]

Vaccinated 2 seasons ago (⌧ -2) -2.65*** -2.05***
[0.13] [0.24]

Vaccinated 3 seasons ago (⌧ -3) -1.47*** -1.74***
[0.19] [0.22]

Vaccinated 3 seasons ago (⌧ -4) -1.28*** -1.08***
[0.20] [0.16]

Vaccination rate = 1% -0.95** -0.93**
[0.46] [0.47]

Vaccination rate = 5% -2.75*** -5.75***
[0.50] [0.65]

Vaccination rate = 10% -2.42***
[0.35]

Observations 1,627,500 987,500
Number of hosts 140,000 87,500
Vaccine e�cacy (%) 46.95 33.58
Vaccine e�cacy (%, social r = 1%) 9.28 9.36
Vaccine e�cacy (%, social r = 5%) 27.4 57.8
Vaccine e�cacy (%, social r = 10%) 24.1 –
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Table 3.4: Private and social benefits of vaccination for a vaccine that provides half the
immune breadth of natural immunity (b = 0.5). In the static model, vaccination cannot
a↵ect antigenic evolution. In the dynamic model, vaccination can a↵ect antigenic evolution.
Statistics are computed using a linear panel model on longitudinal panel data of simulated
hosts’ infection and vaccination histories. Robust standard errors shown in brackets are
clustered by simulation.

Probability of infection in the current season (⌧)

Static (⇥10�2) Dynamic (⇥10�2)

Constant 9.63*** 9.84***
[0.25 ] [0.44]

Vaccinated this season (⌧) -3.48*** -3.22***
[0.19 ] [0.22]

Vaccinated 1 seasons ago (⌧ -1) -2.00*** -1.72***
[0.16 ] [0.22]

Vaccinated 2 seasons ago (⌧ -2) -0.88*** -0.82***
[0.14 ] [0.19]

Vaccinated 3 seasons ago (⌧ -3) -0.08 0.26
[0.15 ] [0.19]

Vaccinated 4 seasons ago (⌧ -4) 0.19 0.27
[0.19 ] [0.20]

Vaccination rate = 1% 0.68 -0.20
[0.44 ] [0.53]

Vaccination rate = 5% -1.50*** -0.34
[0.41 ] [0.50]

Vaccination rate = 10% -0.91 -4.85***
[0.88] [1.11]

Observations 1,727,500 927,500
Number of hosts 155,000 82,500
Vaccine e�cacy (%, private) 36.10 32.68
Vaccine e�cacy (%, social r = 1%) -9.24 2.03
Vaccine e�cacy (%, social r = 5%) 1.34 3.05
Vaccine e�cacy (%, social r = 10%) 7.27 49.3
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CHAPTER 4

DETECTING VACCINE-DRIVEN STRAIN REPLACEMENT

OF SEASONAL INFLUENZA

4.1 Introduction

Vaccination against seasonal influenza is intended to reduce the incidence of disease. Vaccines

that protect at least a little against all circulating influenza viruses should reduce prevalence

directly by preventing infection in vaccine recipients and indirectly by preventing infection in

potential contacts. In randomized controlled trials (RCTs), the trivalent inactivated vaccine

directly reduced the risk of clinical infection by 22% (95% CI: 11%-41%) in healthy children

[98] and 41% (95% CI: 36%-47%) in healthy adults [58]. In households and communities,

vaccinating children indirectly reduced the risk of influenza infection in unvaccinated indi-

viduals by 5%-82% [92, 139, 116, 136]. Since annual vaccination coverage in the United

States is nearly 76.3% in children aged 6-23 months and 43.3% in adults [33], the e↵ective

vaccination coverage (after taking e�cacy against clinical infections into account) may be

approximately 17% for both age groups. If we assume the vaccine is equally e↵ective against

all strains and that protection against clinical infection also protects against transmission,

then current vaccination could be expected to reduce prevalence by 38% (equation 4.9). An

obvious place to look for an e↵ect of the seasonal vaccine is thus in prevalence, but the preva-

lence of influenza is not precisely estimated anywhere [98, 58]. Because the e↵ectiveness of

the influenza vaccine does appear to di↵er between types, subtypes, and clades of influenza,

the indirect epidemiological e↵ects of vaccines might be more detectable as changes in the

relative abundances of influenza “strains.”

Di↵erences in vaccine e↵ectiveness (VE) against circulating strains could lead to selection.

In theory, vaccines that reduce the transmission of some strains more than others should

increase the prevalence of the non-targeted strains relative to the targeted strains [118, 120,
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115, 114]. Such vaccine-driven selection has been observed in several pathogens [138, 66,

114, 180, 28, 1, 78], including H5N2 in chickens [105], but it has not yet been reported

for seasonal influenza in humans. Studies suggest that seasonal influenza vaccines prevent

clinical infection against some strains more than others. RCTs in adults from 2005-2006 to

2008-2009 suggested lower average e�cacy over time against H3N2 compared to H1N1, but

similar e�cacy against H3N2 and B (Tables 4.4, 4.5) [8, 17, 119, 125, 168]. More recent

estimates based on test-negative design (TND) from 2009-2010 to 2016-2017 show lower

VE against H3N2 compared to both H1N1 and B on average over time (Fig. 4.6, 4.7)

[67, 163, 107, 150, 151, 158, 156, 157, 152, 153, 97, 174, 96, 192, 122, 129, 14, 167, 75, 70].

For example, TND studies in Canada report average VE of 33.5% (95% CI: 21.2%-44.0%)

against H3N2, compared to 73.0% (95% CI: 61.9%-80.4%) against H1N1 and 57.6% (95%

CI: 49.5%-64.3%) against B (equations 4.13 - 4.18) [150, 151, 158, 156, 157, 152, 153, 97].

In summary, the older RCT studies imply that vaccination should increase the prevalence of

H3N2 relative to H1N1, but not necessarily relative to B (Table 4.1). It is unclear whether

these conclusions should apply to recent seasons. More recent evidence from studies based

on TND suggest that vaccination should increase the prevalence of H3N2 relative to both

H1N1 and B (Table 4.1). Vaccines might also distinguish between strains defined on other

phylogenetic scales, such as influenza B lineages (Table 4.2) and clades of H3N2 (Tables 4.3)

[36, 71, 151].

Higher vaccine coverage should strengthen vaccine-driven selection. Seasonal vaccine

coverage has di↵ered consistently between countries over time (Fig. 4.8). For example, in

the United States, seasonal vaccine coverage averaged 43.4% and ranged from 32.6% to 46.1%

from the 2008-2009 to the 2014-2015 seasons [33]. In contrast, seasonal vaccine coverage in

European countries averaged 13.5% (ranging from 10.1% to 18.1% over time) during the

same time period [63]. Reported vaccine coverage for any individual European country

has not exceeded 30%. Moreover, most European countries do not recommend vaccinating
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children, in contrast to the United States (Fig. 4.9) [63, 35]. Thus, we expect signatures of

vaccine-driven selection to be more apparent in the United States compared to Europe. In

these temperate populations, annual epidemics are seeded from an external source and go

extinct at the end of the season [6, 10, 142]. Therefore, vaccine-driven selection most likely

occurs within individual seasons and on a local scale.

Here, we define expectations for vaccine-driven selection in seasonal influenza based on

immunological and epidemiological evidence and test whether these expectations can be de-

tected in available surveillance data. On average, we expect that compared to less vaccinated

populations (e.g., European countries [63]), more vaccinated populations (e.g., the United

States [33]) will have a lower prevalence of the strains that are better targeted by the vaccine.

Since seasonality and incomplete mixing lead to regional variation in which strains dominate

in each season [68], we compare type and subtype frequencies cumulatively over multiple sea-

sons. We examine selection on three phylogenetic scales: among types or subtypes (H3N2,

H1N1, and B), influenza B lineages (B/Victoria and B/Yamagata), and H3N2 clades.

4.2 Results

4.2.1 Spatial di↵erences in influenza subtype and type frequencies are not

always consistent with vaccine-driven selection caused by di↵erential

vaccine e↵ectiveness.

We test for vaccine-driven selection among influenza types and subtypes (hereafter referred

to generally as subtypes) by comparing subtype frequencies from confirmed influenza cases

between the United States and Europe from 2009-2010 to 2016-2017. We examine this range

of seasons because other seasons lack the surveillance data required for the analysis. TND

studies in Canada [150, 151, 158, 156, 157, 152, 153, 97] and the United States [96, 192,

122, 129, 14, 167, 75, 70] over this time period show significantly lower average e↵ectiveness
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against H3N2 compared to either H1N1 or B (Fig. 4.6, 4.7, equations 4.13 - 4.18). VE is

also lowest against H3N2 in Europe [174] and Australia [67, 163, 107], although the local

di↵erences in VE by type and subtype are not always statistically significant. From 2008-

2009 to 2014-2015, seasonal influenza vaccine coverage in European countries averaged 13.5%

[63] compared to 43.4% in the United States [33]. Thus, if vaccines select for subtypes against

which the vaccine is less e↵ective, we expect the United States to have a greater proportion

of H3N2 relative to H1N1 and relative to B in this period.

We computed influenza subtype frequencies using the number of influenza viruses de-

tected by subtype in the WHO FluNet [187] database. The data are contributed by National

Influenza Centers (NICs), which collect patients’ respiratory samples and test for influenza

positivity, type, and subtype. To account for temporal fluctuations in influenza’s incidence

(which is presently not directly measured by surveillance programs), we calculate a weighted

average of seasonal subtype and type frequencies (equation 4.4). Frequencies are weighted

using an estimated influenza intensity, which is the product of influenza-like illness (ILI) or

acute respiratory illness (ARI) incidence and the fraction of influenza-positive respiratory

samples (equation 4.1, Figs. 4.12, 4.13, 4.14) [81].

On average, from the 2009-2010 season to the 2016-2017 season, H3N2 was less abundant

than B and more abundant than H1N1 in the United States compared to Europe (Fig.

4.1). Compared to influenza B, we estimate that H3N2 was 1.06 (95% CI: 1.06-1.07) times

more abundant in the United States and 1.23 (95% CI: 1.22-1.25) times more abundant in

Europe. This di↵erence is in the opposite direction expected based on TND studies from the

study period. Compared to influenza H1N1, H3N2 was 1.34 (95% CI: 1.33-1.35) times as

abundant in the United States and 0.97 (95% CI: 0.95-0.98) times as abundant in Europe.

This di↵erence is consistent with expectations, since vaccines are more e↵ective in general

against H1N1 than H3N2 on average during the study period.
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Figure 4.1: Comparing the ratios of (A) H3N2 to B and (B) H3N2 to H1N1 between the
United States and Europe from the 2009-2010 season to the 2016-2017 season. Subtype
frequencies from the WHO FluNet database are calculated seasonally. Ratios are calculated
by first averaging seasonal subtype frequencies weighted according to influenza intensity in
the same season (equation 4.4). Error bars show 95% confidence intervals estimated using
multinomial distributions of seasonal subtype frequencies. Unweighted seasonal frequencies
are shown in Figure 4.16 and seasonal influenza intensities are shown in Figure 4.17.

We also tested for selection at a national level by testing for a correlation between national

vaccine coverage and subtype ratios. We expect the ratios of H3N2 to H1N1 to increase

monotonically with vaccine coverage, since VE is lowest against H3N2 on average according

to TND studies over the study period. We also expect the ratios of H3N2 to B to increase

monotonically with vaccine coverage based on VE measured in TNDs (though to a lesser

degree than H3N2 to H1N1). We found a significant correlation between average seasonal

vaccine coverage and the ratio of H3N2 to H1N1 (Pearson’s r = 0.51, p = 0.03) but no

significant correlation between coverage and the ratio of H3N2 to B (Pearson’s r = 0.24, p =

0.34) (Fig. 4.2). Results were similar when adjusting vaccine coverage for VE (Fig. 4.10),

using Canadian VE [150, 151, 158, 156, 157, 152, 153, 97] for the Northern Hemisphere and

Australian VE [67, 163, 107] for the Southern Hemisphere.
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Figure 4.2: Di↵erences in countries’ subtype ratios are partially consistent with vaccine-
driven selection. (A) The ratio of H3N2 to B among countries does not significantly correlate
with the average seasonal vaccine coverage (Pearson’s r = 0.24, p = 0.33). (B) The ratio
of H3N2 to H1N1 among countries significantly correlates with the average seasonal vaccine
coverage (Pearson’s r = 0.50, p = 0.03). Subtype ratios are adjusted for seasonal influenza
intensity (equation 4.4). Error bars show 95% confidence intervals estimated using multi-
nomial distributions of seasonal subtype frequencies. Red lines show expectations based on
equation 4.27, estimated using VE measured in Canada. Vaccine coverages are reported by
national agencies (Fig. 4.8) [33, 63, 61, 27, 79]. Vaccine coverage in China is estimated
using doses distributed as reported by the IFPMA IVS task force [133, 134]. The number of
seasons contributing to each data point is shown in Figure 4.11.

4.2.2 Influenza B lineage frequencies do not di↵er significantly between

more and less-vaccinated populations during seasons where only one

lineage was included in the vaccine.

Multiple lines of evidence o↵er conflicting expectations for how the trivalent inactivated

vaccine should select for influenza B lineages (Tables 4.2). A quadrivalent vaccine con-

taining viruses from both the B/Yamagata and the B/Victoria lineages was introduced in

the 2013-2014 season and currently accounts for ⇠80% of all influenza vaccinations in the
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United States [34]. In clinical trials, the quadrivalent vaccine elicited significantly greater

hemagglutination inhibition (HI) titers against both lineages than did the trivalent vaccine

against the heterologous lineage [21, 20], suggesting that vaccine-induced immunity is partly

lineage-specific. Mouse models and studies in children using the live attenuated vaccine

(LAIV) suggest that vaccination with a Victoria strain (B/Brisbane/60/2008-like) induces

antibodies responses against Victoria and Yamagata strains by HI, but vaccination with a

Yamagata strain (B/Florida/4/2006-like) only elicits antibody responses against Yamagata

[155, 154]. Despite these immunological di↵erences measured by HI, the e↵ectiveness of the

trivalent vaccine against clinical infection has been comparable against both lineages in the

three seasons for which dual estimates exist [129, 122, 96]. Moreover, trivalent vaccines are

e↵ective against influenza B even in seasons dominated by a lineage that mismatches the

vaccine [97, 158]. Thus, based on TND studies, which measure vaccine-induced protection

against clinical influenza infection (albeit with some bias [109]), we expect no di↵erence in the

ratios of vaccine-unmatched to matched influenza B lineages between the more vaccinated

United States and less vaccinated Europe.

We computed influenza B lineage frequencies using sequence data from the GISAID

database (Fig. 4.18) [148]. We use sequences instead of virological data from the FluNet

database because B lineage typing was not performed on respiratory samples in most coun-

tries until after the quadrivalent vaccine was introduced. We examine data from the 2009-

2010 to the 2012-2013 seasons (before the introduction of the quadrivalent vaccine), where

there are su�cient sequences to detect a medium-sized di↵erence in B lineage frequencies

(Cohen’s h > 0.5) with 80% power at 0.05 significance. As in the type- and subtype-level

analysis, we attempted to minimize the e↵ects of natural spatiotemporal variation in in-

fluenza’s incidence by weighting each season by an estimated influenza intensity.

We detected no significant di↵erence in the ratios of vaccine-unmatched (non-targeted)

to vaccine-matched (targeted) influenza B lineages between the United States and Europe
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Figure 4.3: The ratios of vaccine-matched to unmatched B lineages do not di↵er between the
United States and Europe on average from the 2009-2010 season to the 2012-2013 season.
Lineage frequencies are calculated using sequences from GISAID [148]. Ratios are calculated
by first averaging seasonal subtype frequencies weighted by influenza intensity in the same
season (equation 4.4). Error bars indicate 95% binomial confidence intervals. Unweighted
seasonal lineage frequencies are shown in Figure 4.18.

over this period (Fig. 4.3). We estimated that the vaccine-matched lineage was 0.47 (95%

CI: 0.39-0.53) times as abundant as the vaccine-matched lineage in the United States and

0.34 (95% CI: 0.30-0.39) times as abundant in Europe relative to the vaccine-unmatched

lineage.

4.2.3 In the 2014-2015 season, 3C.2a H3N2 clades are more prevalent in

the United States than Europe, but antigenic distances from the

vaccine strain are indistinguishable.

We analyzed H3N2 strain frequencies from the 2014-15 season, where immunological and

epidemiological evidence suggests large di↵erences in VE among circulating clades (Table

4.3). During this season, circulating viruses belonging to the 3C.2a clade acquired a new

glycosylation site and several other amino acid substitutions in the antigenic site B of HA

[36]. The trivalent inactivated vaccine, which contained an A/Texas/50/2012-like H3N2

component, was ine↵ective against 3C.2a strains (VE: -13%, 95% CI, -51% to 15%), yet

moderately e↵ective against 3C.3b strains that were not glycosylated at this site (VE: 52%,
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95% CI, -17% to 80%) [151, 71]. Based on these observations, we would expect a greater

frequency of 3C.2a viruses in more vaccinated populations. In other seasons, di↵erences in

VE by clade are unknown.

Strains of the 3C.2a clade were significantly more frequent in North America compared

to Europe (p < 0.001, Pearson �

2 test). Strains of the 3C.3b clade were also significantly

less frequent in North America compared to Europe (p < 0.001, Pearson �

2 test) (Fig. 4.4).

These patterns are consistent with expectations based on clade-specific VEs. The 3C.3a

clade also acquired mutations that may have caused low VE (-48%; 95% CI: -169 to 19)

[185, 71], although low incidence of this clade limited the power to measure VE. However,

the frequencies of 3C.3a were not significantly di↵erent between North America and Europe.
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Figure 4.4: Frequencies of H3N2 clades circulating during the 2014-2015 season, stratified
by region. Error bars indicate 95% multinomial confidence intervals. Notably, 3C.2a strains
are significantly more frequent in North America compared to Europe, and 3C.3b strains are
significantly less frequent in North America compared to Europe.

To test for vaccine-induced selection at a finer scale, we estimated the antigenic distances

between the vaccine strain and H3N2 strains circulating in the 2014-2015 season. If vacci-

nation selected for mutant H3N2 strains during the 2014-2015 season, then we would expect

circulating strains in more vaccinated populations to be more antigenically distant from the

vaccine strain compared to less vaccinated populations. Antigenic distances are often mea-
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sured by HI assays using naive ferret antisera [127, 88] and can also be quantified by amino

acid hamming distances among epitope sites [24, 110, 189]. While estimated antigenic dis-

tances are useful for studying general evolutionary patterns, both metrics have unmeasured

error that probably varies between seasons and populations. For instance, epitope-based

hamming distances could underestimate the immunological e↵ects of glycosylation sites,

which easily disrupt antibody binding [36]. For HI distances, antisera raised in naive ferrets

can have di↵erent specificities compared to antisera from humans, because previous exposures

a↵ect the generation of new immune responses [47, 55, 56]. Nonetheless, measures of anti-

genic distance partly correlate with more direct measures of vaccine e↵ectiveness [24, 110].

Strains from the 2014-2015 season carrying mutations in the antigenic site B of HA reduced

the binding of antibodies elicited by vaccination with A/Texas/50/2012 in both ferrets and

humans [36], suggesting agreement between ferret HI titers and VE in humans. Here, we

test for selection at the level of individual genotypes using these two measures of antigenic

distance as a proxy for antigenic phenotype.

We find that the antigenic distances between circulating H3N2 strains and the vaccine

strain (A/Texas/50/2012) in North America and Europe are not consistent with vaccine-

driven selection in the 2014-2015 seasons (Fig. 4.19). During the 2014-2015 season, H3N2

strains in North America were less antigenically distant from the vaccine strain by epitope

hamming distance (9.2 units, 95% CI: 9.0, 9.4) compared to Europe (10.0 units, 95% CI: 9.7

10.3), opposite of expectations. Similarly, according to HI distance, North American H3N2

strains were significantly less distant from the vaccine strain (1.17 units, 95% CI: 1.12-1.21)

compared to Europe (1.34 units, 95% CI: 1.26-1.42), also opposite of expectations. Thus,

although clade frequencies are consistent with vaccine-driven selection among H3N2 strains

in the 2014-2015 seasons, conventional measures of antigenic distances between circulating

H3N2 strains are not consistent with expectations.
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4.2.4 Power analysis

Is the weak support for vaccine-induced evolution evidence of the vaccine’s weak e↵ects or

a consequence of insu�cient data? We conducted a power analysis using VE from TND

studies conducted in Canada during the time period that we analyzed (2009-2010 to 2016-

2017) [150, 151, 158, 156, 157, 152, 153, 97]. We first computed the expected di↵erence in

subtype and type proportions between two populations (equation 4.27), one vaccinated at

20% and the other at 40% (representing the Europe and the United States, respectively).

We assume VEs of 34% against H3N2, 58% against B, and 73% against H1N1. The expected

proportion of H3N2 out of H3N2 and B is 51.3% in Europe versus 53.0% in the United States

(or H3N2:B ratios of 1.05 and 1.12). The expected proportion of H3N2 out of H3N2 and

H1N1 is 52.2% in Europe versus 55.0% in the United States (or H3N2:H1N1 ratios of 1.09

and 1.22). For any given sample of influenza viruses from two populations, one vaccinated at

20% and one at 40% (representing the Europe and the United States, respectively), ⇠10,000

samples per population are needed to detect the expected spatial di↵erence in the relative

abundance of H3N2 to H1N1, whereas ⇠28,000 samples per population are needed to detect

the expected di↵erence for H3N2 to B at 0.90 power and 0.05 significance (Pearson’s �

2

test, Fig. 4.21, 4.20). For a di↵erence in VE comparable to those among H3N2 clades in

2014-2015 (about 50% against 3C2.a and 0% 3C3.b), ⇠6,000 samples per population would

be necessary to detect a di↵erence in frequencies at 0.90 power and 0.05 significance.

The present sample sizes from 2006-2007 to 2016-2017 are more than large enough to

detect expected di↵erences in the relative abundances of H3N2 to H1N1 and B between the

United States and Europe. However, for the B lineage analysis, the number of sequences

available from 2009-2010 to 2012-2013 are insu�cient to detect even the maximum expected

di↵erence in proportions (i.e., 100% e↵ectiveness against one lineage and 0% against the

other, implying vaccine-unmatched lineage prevalences of 0.56 in the less vaccinated pop-

ulation and 0.63 in the more vaccinated population) at 0.90 power and 0.05 significance.
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Given the number of available sequences in the United States and Europe, the power to

detect the maximum di↵erence in B lineage proportions is ⇠0.60 at 0.05 significance. For

the H3N2 analysis, the power to detect the expected di↵erence in clade frequencies (assum-

ing 50% e↵ectiveness against one clade and 0% against the other) at 0.05 significance is

⇠0.74, although the actual di↵erence in H3N2 clade proportions exceeds what is predicted

by our model (equation 4.27). Statistical power may be larger in future seasons, assuming

surveillance continues. For example, ⇠6000 H3N2 sequences are available in GISAID from

the 2016-2017 season, which would have been su�cient to detect the expected di↵erence in

H3N2 clade proportions based on VEs from the 2014-2015 season (at 0.90 power and 0.05

significance).

4.3 Discussion

We detected partial evidence of vaccine-driven selection on seasonal influenza. At the type

and subtype level, TND studies from the 2009-2010 to the 2016-2017 seasons suggest that the

vaccine has been less e↵ective against H3N2 than against B or H1N1. Thus, we expect more

vaccinated populations to have a greater proportion of H3N2 compared to less vaccinated

populations during these seasons. Contrary to expectations, we find that H3N2 is relatively

less common than B in the more vaccinated United States compared to Europe during this

time period. However, consistent with expectations, we find that H3N2 is significantly more

frequent relative to H1N1 in the United States compared to Europe during this period, and

there was also a consistent trend of higher H3N2 to H1N1 ratios in more vaccinated coun-

tries. When we examined influenza B, we found no significant di↵erences in the ratios of

vaccine-matched and unmatched lineages between the United States and Europe, though

small sample sizes limit statistical power. It is furthermore unclear if we should expect

di↵erences given the apparently high cross-protection after vaccination. Lastly, during the

2014-2015 influenza season, the vaccine was ine↵ective against the H3N2 3C.2a clade, which
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carried several antigenic mutations, but moderately e↵ective against the ancestral 3C.3b

clade. We found that strains belonging to the 3C.2a clade were significantly more frequent

in North America compared to Europe, suggesting vaccine-driven selection during this sea-

son. However, alternative measures of antigenic distance between strains in these regions

were not consistent with vaccine-driven selection. Collectively, these results indicate that

vaccine-driven selection could be influencing the frequencies of influenza A subtypes, and

the distribution of H3N2 clades in one season is also consistent with vaccine-driven selection.

However, there is little evidence of vaccine-induced selection on or within influenza B.

The analysis suggests that VE measured in 2009-2010 to 2014-2015 does not explain

the relative frequencies of influenza A/H3N2 and B viruses over the same time period.

The weak correlation between vaccine coverage and the ratio of H3N2 to B at the country

level might be explained by their having similar VEs. Although VEs measured by TND

during the period of study (2009-2010 to 2016-2017) are lower to H3N2 than B [67, 163,

107, 150, 151, 158, 156, 157, 97, 174, 96, 192, 122, 129, 14, 167, 75, 70], estimates based

on TND studies and RCTs from earlier seasons (2005-2006 to 2008-2009) show comparable

e↵ectiveness [8, 17, 119, 125, 168, 153, 152] (Appendix 4.7). Taken together, these studies

suggest that VE against H3N2 and B may be similar, although it is unclear to what extent

these measurements are generalizable across time.

The higher H3N2 to H1N1 ratio in more vaccinated populations compared to less vacci-

nated populations suggests a greater di↵erence in VE between H3N2 and H1N1 compared to

H3N2 and B. Unlike VE measurements against influenza B, VE measurements against H1N1

(consisting of RCTs from early seasons and TND studies from early and recent seasons) are

consistently higher than against H3N2 (Appendix 4.7) [67, 163, 107, 150, 151, 158, 156, 157,

97, 174, 96, 192, 122, 129, 14, 167, 75, 70, 8, 17, 119, 125, 168, 153, 152], suggesting that

di↵erences in VE between influenza A subtypes persist through time. Spatial di↵erences in

subtype frequencies might only be detectable when di↵erences in subtype-specific VE are
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consistently large.

Unmeasured bias in strain frequency data adds uncertainty to our analysis. In general,

uncertainty in subtype and type frequencies is small due to large sample sizes. However,

strains associated with more severe disease (e.g., H3N2 [104]) may be reported more fre-

quently, since testing for subtype and type draws from symptomatic and medically attended

influenza cases. Accordingly, H3N2 may be overrepresented in countries that have larger

at-risk demographic groups compared to countries that have smaller at-risk groups. H3N2

may also be overrepresented in countries that use ARI or SARI case definitions to screen for

influenza cases (e.g., France before 2014-2015 and Germany [62]), since these cases are more

severe than ILI. Thus, compared to what we measured, the ratio of H3N2 to B in Europe

may be more similar to that in the United States, and the ratio of H3N2 to H1N1 in Europe

may be even lower than that in the United States.

Although our analysis attributes all error to variation in strain frequencies, there is also

error and potentially bias in VE measurements. Conventional VE measures e↵ectiveness

against clinical influenza infection and may fail to capture e↵ectiveness against typical in-

fluenza infections due to case ascertainment bias [109]. True VE is thus potentially lower

than reported against viruses causing less severe disease, which would make VE between

H3N2, B, and H1N1 more comparable. If the VEs are more similar, then we would expect

that the type and subtype ratios would be less a↵ected by vaccine coverage, which is partly

consistent with what we observe for H3N2 to B. If vaccines are less e↵ective at preventing

infections, then they may also be less e↵ective at preventing transmission. Prospective ran-

domized case-control studies that estimate the rate of paucisymptomatic and asymptomatic

infections could improve the accuracy of VE measurements.

Future analyses of vaccine-driven selection would benefit from major improvements in

two areas influenza surveillance, accurate measurement of VE and standardized surveil-

lance among study populations. RCTs with frequent testing for influenza infection would
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help accurately measure e↵ectiveness in preventing transmission. Alternatively, direct com-

parisons between VE measured by RCTs and TND studies in the same population could

inform whether TND-based estimates are reliable in general [108]. VE studies should also

include su�ciently large sample sizes to measure age- and type/subtype-specific VE. Stan-

dardized surveillance protocols would minimize systematic biases in strain frequencies. Well-

documented surveillance protocols (e.g., [99]) and annotated metadata, including patient age

and vaccination history, would also help models correct for biases. For these reasons, an-

other place to test for vaccine-driven selection may be between regions of the United States,

where surveillance is more consistent and mixing is not rapid enough to homogenize strain

compositions [176].

4.4 Materials and Methods

4.4.1 Data collection

We calculated type and subtype frequencies using the number of influenza viruses detected by

subtype, as reported in the in the WHO FluNet [187] database. We also collected influenza-

like illness data from the WHO FluID database [186]. We collected surveillance data from the

United States, Australia, Canada, China, and all European countries with surveillance data

available in the WHO FluNet [187] and FluID databases [186] (Austria, Belgium, Croatia,

Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy,

Latvia, Lithuania, Norway, Poland, Portugal, Romania, Slovakia, Slovenia, Spain, Sweden,

and the United Kingdom). European frequencies are calculated using a population size-

weighted sum of country-level frequencies, using census estimates from the United Nations

World Population Prospects (Figs. 4.17, 4.16). We excluded European countries where

sampling was clearly biased towards particular age groups (the Netherlands) and countries

where an ILI denominator was not reported (Malta and Luxembourg) [62]. For the influenza
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B lineage analysis, we calculated lineage frequencies using the number of sequences identified

by lineage as reported in GISAID [148]. For the H3N2 analysis, we collected sequences from

GISAID and inferred clade membership and frequencies using Nextstrain [88].

4.4.2 Estimating influenza intensity

In calculating cumulative ratios of influenza type, subtype, or lineage incidences (referred

to generally as types hereafter), we first calculate seasonal frequencies of each type. We

then calculate an average frequency over the observation period by taking a weighted sum

of seasonal frequencies weighted by influenza intensity. Influenza intensity is derived from

influenza-like illness (ILI) incidence and the fraction of laboratory-confirmed influenza posi-

tive respiratory samples.

For a given weekly incidence of influenza-like illness (ILI) (Fig. 4.12) and a weekly frac-

tion of laboratory-confirmed influenza positive respiratory samples (Fig. 4.13), the weekly

influenza incidence intensity (Fig. 4.14, 4.17) [81], F
week

, is

F

week

= ILI incidence⇥ fraction of influenza positive samples. (4.1)

The seasonal influenza intensity F

x,t

is the average weekly influenza intensity over each

season for each country x and each season t. We define a season in the traditional way,

starting on week 40 of the year and ending on week 39 of the following year.

F

x,t

⌘ 1

weeks

X

weeks

F

week

. (4.2)

When calculating influenza intensity in Europe, we calculate a sum of European country-

level influenza intensities, weighted by population size. The seasonal incidence proxy I

x,t,s

of type s in season t for country x is given by the fraction of type s during season t (given
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by q

x,t,s

, Figs. 4.15, 4.16) multiplied by the seasonal influenza intensity,

I

x,t,s

= q

x,t,s

F

x,t

. (4.3)

Since epidemics are not always synchronized across populations [176], we calculate a cumu-

lative incidence ratio for types s
1

and s

2

, I
s1,x/Is2,x as the ratio of the influenza intensity-

weighted sums of within-season type frequencies
P

T

t

q

x,t,s

F

x,tP
t

F

x,t

(over all seasons T where

surveillance data are available).

I

s1,x

I

s2,x
=

P
T

t

q

x,t,s1
F

x,tP
t

F

x,t

P
T

t

q

x,t,s2
F

x,tP
t

F

x,t

(4.4)

These equations apply to data from all countries except for China, where influenza-like

illness data are not reported. We use the fraction of influenza-positive laboratory samples to

calculate the influenza intensity for China. For Germany, we use ARI instead of ILI since ILI

is not reported. In France, ARI is reported before the 2014-2015 season and ILI is reported

after. We interpolate ILI before the 2014-2015 season by multiplying weekly ARI by the

ratio of mean ILI (from 2014-2015 onwards) to mean ARI (from 2009-2010 to 2013-2014).

4.4.3 Power analysis

We approximate sample sizes required to achieve 0.90 power at 0.05 significance using Pear-

son’s �2 test by first assuming that respiratory sample sizes from each season are the same

(Fig. 4.21, 4.20). We refine these approximations using bootstrapped estimates of power

and significance (assuming that pairs of type/subtype abundances are binomially distributed)

based on the temporal distributions of sample sizes in the United States. In general, variation

in temporal sampling increases the requisite sample size for a given e↵ect size. In the text,

we report the sample sizes required accounting for historical temporal variation in sampling.
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4.4.4 Estimating antigenic distances between H3N2 strains and the vaccine

strain

We inferred the H3N2 phylogenetic tree [88] using a dataset enriched for strains from

North America and Europe. We then inferred HI distances to the 2014-2015 vaccine strain

(A/Texas/50/2012) for all strains sampled during the 2014-2015 season [88, 127]. Epitope

distances were calculated as hamming distances among epitope sites [189].
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4.6 Appendix

4.6.1 Approximate e↵ects of vaccination on prevalence

We derive the approximate impact of vaccination on prevalence using an SIR model. S, I,

and R represent the fraction of susceptible, infected, and recovered individuals. The birth

rate µ and the death rate are equal, so the population size is constant. All individuals are

born into the susceptible class. Transmission occurs at rate �, and recovery occurs at rate �.

We vaccinate some fraction p of newborns. Vaccinated individuals move into the recovered

class.

dS

dt

= µ(1� p)� �SI � µS (4.5)

dI

dt

= �SI � �I � µI (4.6)

dR

dt

= �I � µR + µp (4.7)
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The endemic equilibrium of S
eq

, I
eq

, and R

eq

is

S

eq

=
� + µ

�

⌘ 1

R

0

(4.8)

I

eq

=
µ

�

(R
0

(1� p)� 1) (4.9)

R

eq

= 1� 1

R

0

� µ

�

(R
0

(1� p)� 1) (4.10)

where R

0

= �

�+⌫

.

We assume the following parameters for influenza: � = 0.36, � = 0.2 (i.e., a 5 day

duration of infection), and µ = 1/30years�1 (implying R

0

= 1.8). The prevalence without

vaccination is 2.03⇥10�4. At 17% vaccine coverage, the prevalence is 1.25⇥10�4, equivalent

to a 38% reduction in prevalence.

4.7 Estimating average vaccine e↵ectiveness by subtype

Vaccine e↵ectiveness (E), reported in test-negative design studies is expressed as 1�Odds ratio:

E = 1� P (infected — vaccinated)/P (not infected — vaccinated)

P (infected — not vaccinated)/P (not infected — not vaccinated)
(4.11)

Vaccine e�cacy (F ), reported in randomized control trials is expressed as 1� Risk ratio:

F = 1� P (infected — vaccinated)

P (infected — not vaccinated)
(4.12)

In this section, we refer to both metrics as vaccine e↵ectiveness (E) for simplicity.

To calculate average vaccine e↵ectiveness, we assume that the log odds ratios log(1�E)

are approximately normally distributed. Then, the mean e↵ectiveness over T seasons t is as
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follows.

log(1� Ē) =
1

T

TX

t

log(1� E

t

) (4.13)

Ē = 1� exp[
1

T

TX

t

log(1� E

t

)] (4.14)

Given 95% confidence intervals for seasonal e↵ectivenesses (E
t,l

, E

t,u

), we calculate a

95% confidence interval for the average e↵ectiveness (Ē
t,l

, Ē

t,u

) by first calculating the 95%

confidence interval for the average log odds ratio
�
log(1� Ē

t,l

), log(1� Ē

t,u

)
�
. Again, we

assume a normal approximation. For the lower bound,

log(1� Ē

l

) = log(1� Ē) +
1

T

2

4
TX

t

(log(1� E

t,l

)� log(1� E

t

))2

3

5

1
2

(4.15)

Ē

l

= 1� exp

0

B@log(1� Ē) +
1

T

2

4
TX

t

(log(1� E

t,l

)� log(1� E

t

))2

3

5

1
2
1

CA . (4.16)

Similarly, for the upper bound,

log(1� Ē

u

) = log(1� Ē)� 1

T

2

4
TX

t

(log(1� E

t,u

)� log(1� E

t

))2

3

5

1
2

(4.17)

Ē

u

= 1� exp

0

B@log(1� Ē)� 1

T

2

4
TX

t

(log(1� E

t,u

)� log(1� E

t

))2

3

5

1
2
1

CA . (4.18)

In Australia [67, 163, 107], Canada [150, 151, 158, 156, 157, 152, 153, 97], Europe [174],

and the United States [96, 192, 122, 129, 14, 167, 75, 70], test-negative design (TND) studies

from 2009-2010 to 2016-2017 consistently show lower VE averaged over time against H3N2

compared to H1N1 or B (Fig. 4.6, 4.7). In Canada and the United States, these di↵erences

are statistically significant. In Australia, VE is still lower against H3N2 than B, although
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not significantly so. In Europe, the di↵erences by subtype are consistent with the general

patterns, but are not statistically significant. Fewer seasons VE data in Europe (3-4 sea-

sons on average compared to 4-7 in other locations) reduce the power to detect significant

di↵erences in VE by subtype.

VE measurement protocols di↵er by location. VE measures e↵ectiveness against ARI

caused by influenza in the United States, but measures e↵ectiveness against ILI caused by

influenza elsewhere. Additionally, TND studies in Europe measure VE in people older than 9

years, while TND studies elsewhere measure VE in people older than 6 months. For our VE-

adjusted analysis (Fig. 4.10), we use Canadian VEs for Northern hemisphere countries and

Australian VEs for Southern hemisphere countries, since studies from these countries o↵er

the best combination of the number of seasons available and consistency in study protocol.

Randomized control trials (RCTs) are only available from earlier seasons (2005-2006 to

2008-2009) [8, 17, 119, 125, 168] where ILI surveillance data are not available and infor-

mation about incidence by subtype are less abundant. While we cannot analyze data from

these seasons, we summarize the available evidence for di↵erential vaccine e↵ectiveness for

completeness. RCTs seldom measure vaccine e�cacy against specific subtypes. Thus, to

calculate average vaccine e�cacies by subtype, we first substitute subtype-specific vaccine

e�cacy with overall vaccine e�cacy (or e�cacy against type A where applicable) when one

type or subtype clearly dominates the cases in the study population. We calculate the av-

erage e�cacy for each season, and then calculate overall average e�cacies by subtype. On

average from 2005-2006 to 2008-2009, RCTs also show lower e�cacy against H3N2 (54.7%,

95% CI: 41.8-64.3%) compared to H1N1 (73.6%, 95% CI: 60.3, 77.5%), but instead show

comparable (if not slightly higher) e�cacy against H3N2 compared to B (53.5%, 95% CI:

27.0, 69.9%). These di↵erences are not statistically significant. RCTs in children are even less

common, take place before 2002, and do not measure e�cacy against specific types/subtypes

[45, 83, 90, 98].
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It is unclear whether di↵erences in VE by subtype from the few RCTs from 2005-2006

to 2008-2009 are relevant to our analysis of more recent surveillance data (from 2009-2010

to 2016-2017). Canadian TND studies from a similar time period as RCTs show a similar

average trends [153, 152]: lower VE against H3N2 (57%, 95% CI: 42.6-67.7%) compared to

H1N1 (80.1%, 95% CI: 64.9%, 88.6%), but higher VE against H3N2 compared to B (45.1%,

95% CI: 21.6-61.5%), though the di↵erences are again not statistically significant. For our

analysis of the recent surveillance data, we base our expectations on the more recent TND

studies.

4.7.1 Derivation of theoretical subtype ratios

The expected number of infections in an unvaccinated and non-immune population of size

N with prevalence ↵ = I

I+S

is

I = N↵ (4.19)

We include vaccination and specify in terms of vaccine e�cacy E (1 - risk ratio) as opposed

to vaccine e↵ectiveness (1 - odds ratio). When incidence is low, the two estimates approach

each other. Vaccination status is indicated with a subscript v for vaccinated or a subscript

u for unvaccinated.

E = 1� I

v

/(I
v

+ S

v

)

I

u

/(I
u

+ I

u

)
(4.20)

When some fraction p of the population is vaccinated, the expected number of infections is

I = N(1� p)↵ +Np [I
v

/(I
v

+ S

v

)] (4.21)
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Since the unvaccinated and vaccinated hosts belong to the same population, we can substitute

↵ in the expression for E (equation 4.20). Here, we also assume that there are no indirect

e↵ects of vaccination.

E = 1� I

v

/(I
v

+ S

v

)

↵

(4.22)

I

v

/(I
v

+ S

v

) = ↵(1� E) (4.23)

Substitute equation 4.23 into equation 4.21.

I = N(1� p)↵ +Np↵(1� E) (4.24)

For any two subtypes s
1

and s

2

, the expected ratio of infections is

I

s1

I

s2

=
N(1� p)↵

s1 +Np↵

s1(1� E

s1)

N(1� p)↵
s2 +Np↵

s2(1� E

s2)
(4.25)

=
↵

s1

↵

s2

1� p+ p(1� E

s1)

1� p+ p(1� E

s2)
(4.26)

=
↵

s1

↵

s2

1� pE

s1

1� pE

s2

(4.27)

Equation 4.27 shows that the expected ratio of subtype incidences is proportional to the

ratio of the e↵ective fraction of the population that is unvaccinated against each subtype.

In the following analysis, we model the ratios of subtype incidences using equation 4.27.

The ratio of subtype incidence is expected to scale linearly with the ratio of the e↵ective

unvaccinated fractions. The expected change in the ratios of cumulative subtype incidence

with vaccine coverage based on VE measured in Canadian test negative design studies [150,

151, 158, 156, 157, 152, 153, 97] is shown in Figure 4.5.
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Figure 4.5: Expected change in the ratios of subtypes for increasing vaccine coverage. Lines
are colored according to subtypes. Here, we assume that subtypes occur at equal frequencies
without vaccination, and that the vaccine e↵ectiveness over multiple seasons is the mean of
vaccine e↵ectiveness measured in each season. Vaccine e↵ectiveness estimates are based on
studies conducted in Canada [150, 151, 158, 156, 157, 152, 153, 97].
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4.8 Supplementary tables and figures

Table 4.1: Evidence for potential vaccine-driven selection among influenza types and sub-
types.

Seasons Observation ReferencesInterpretation
2005-
2006 to
2008-
2009

Lower vaccine e�cacy against
H3N2 (54.7%, 95% CI: 41.8-
64.3%) compared to H1N1
(73.6%, 95% CI: 60.3, 77.5%),
though not a statistically signif-
icant di↵erence. Similar e�cacy
against H3N2 relative to B
(53.5%, 95% CI: 27.0, 69.9%)
reported in randomized control
trials (RCTs) in adults (Table
4.5).

[8, 17,
119,
125,
168]

Possible selection for H3N2 rela-
tive to H1N1 but not necessarily
relative to B. More recent RCTs
have not yet been reported.

2009-
2010 to
2016-
2017

Lower vaccine e↵ectiveness
against H3N2, compared to
either H1N1 or B based on
test-negative design studies
averaged over time. Di↵er-
ences are significant in Canada
[150, 151, 158, 156, 157, 152,
153, 97] and the United States
[96, 192, 122, 129, 14, 167, 75, 70],
but not in Australia [67, 163, 107]
for H3N2 vs. B, and not in Eu-
rope [174] for both H3N2 vs. B
and H3N2 vs. H1N1 (Fig. 4.6,
4.7).

[67, 163,
107,
150,
151,
158,
156,
157,
152,
153,
97, 174,
96, 192,
122,
129, 14,
167, 75,
70]

Expect selection for H3N2 rela-
tive to either H1N1 or B.
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Table 4.2: Evidence for potential vaccine-driven selection among influenza B lineages.

Observation ReferencesInterpretation
Vaccination with a Victoria strain
(B/Brisbane/60/2008-like) induces antibod-
ies responses against Victoria and Yamagata
strains by HI, but vaccination with a Yamagata
strain (B/Florida/4/2006-like) only elicits
antibody responses against Yamagata (in mice
and in children using the LAIV).

[155,
154]

Possible selection for Victo-
ria during Yamagata vaccine
seasons. No vaccine-driven
selection for either lineage
during Victoria vaccine sea-
sons.

The quadrivalent vaccine elicited significantly
greater HI titers against both lineages than did
the trivalent vaccine against the heterologous
lineage.

[21, 20] Possible selection for the un-
matched lineage.

TIV e↵ectiveness against clinical influenza in-
fection was comparable against both lineages in
the 2011-2012, 2012-2013, and 2015-2016 sea-
sons. Moreover, trivalent vaccines are e↵ective
against influenza B even in seasons dominated
by a lineage that mismatches the vaccine.

[129,
122, 96,
97, 158]

Vaccine-driven selection for
either lineage is not ex-
pected.

Table 4.3: Evidence for potential vaccine-driven selection among H3N2 strains.

Season Observation References Interpretation
2016-17 Egg-adapted vaccine lacks gly-

cosylation site found in circu-
lating 3C.2a viruses.

[194] The vaccine is poorly immuno-
genic against circulating strains
in general. Little vaccine-
driven selection is expected.

2014-15 Circulating 3C.2a viruses have
a new glycosylation site and
several other site B residues
di↵erent from the vaccine
strain. Clade-specific VEs
di↵er: 3C.2a -13% (95% CI,
-51% to 15%); 3C.3b 52% (95%
CI, -17% to 80%)

[36, 151, 71] 3C.2a strains di↵er immunolog-
ically from the vaccine strain.
Vaccine-driven selection for
3C.2a strains is expected.

2012-13 In adults, the vaccine fails to
induce responses to novel mu-
tations on the vaccine strain’s
HA.

[47] The vaccine is poorly immuno-
genic against circulating strains
in general. Little vaccine-
driven selection is expected.
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Table 4.5: Estimated seasonal vaccine e�cacy in adults.

Average e�cacy (studies used to compute average)a

Season H3N2 H1N1 B

2005-2006 49.4 (12.7,70.7) [95] – –

2006-2007 55.9 (35.5,70.4) [95,

17]

– –

2007-2008 58.3 (40.9,66.9) [74,

125, 168]

81.5 (60.9) [74] 45.8 (21.2, 59.2) [74,

168]

2008-2009 – 62.3 (48.1, 72.6) [119,

8]

60.1 (9.5, 82.4) [8]

Average 54.7 (41.8, 64.3) 73.6 (60.3, 77.5) 53.5 (27.0, 69.9)

aSeasonal averages are calculated using arithmetic means of log RRs (equation 4.13)

reported by studies listed in Table 4.4. When subtype or type-specific e�cacy is not

explicitly measured, the e�cacy against the dominant type/subtype in the study

population is estimated as equal to the overall e�cacy.
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Figure 4.6: Seasonal vaccine e↵ectiveness by type and subtype measured by test-negative de-
sign studies in Australia [67, 163, 107], Canada [150, 151, 158, 156, 157, 152, 153, 97], Europe
[174], and the United States [96, 192, 122, 129, 14, 167, 75, 70] from the 2009-2010 season
to the 2016-2017 season. European VEs include data from study sites in Germany, Spain,
France, Croatia, Hungary, Ireland, Italy, The Netherlands, Poland, Portugal, Romania, and
Sweden. Error bars show 95% CIs. VE in the United States measures e↵ectiveness against
medically attended ARI caused by influenza. Elsewhere, VE measures e↵ectiveness against
medically attended ILI caused by influenza. European studies enroll individuals older than
9 years, while other studies enroll individuals older than 6 months.
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Figure 4.7: Seasonal vaccine e↵ectiveness by type and subtype averaged over time in Aus-
tralia [67, 163, 107], Canada [150, 151, 158, 156, 157, 152, 153, 97], Europe [174], and the
United States [96, 192, 122, 129, 14, 167, 75, 70] from the 2009-2010 season to the 2016-2017
season. European VEs include data from study sites in Germany, Spain, France, Croatia,
Hungary, Ireland, Italy, The Netherlands, Poland, Portugal, Romania, and Sweden. Num-
bers indicate the number of seasons used to calculate each mean. The specific seasons used
to compute means are shown in Figure 4.6. Error bars show 95% CIs. Means and 95% CIs
are calculated using arithmetic means of log ORs (equations 4.13-4.18)
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Figure 4.8: Seasonal vaccine coverage reported by national agencies [33, 63, 61, 27, 79], and
vaccine coverage in China estimated from doses distributed as reported by the IFPMA IVS
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Figure 4.11: Influenza intensity-weighted seasonal subtype and type frequencies prior to
summation for use in country-level analysis (Figs. 4.10, 4.2).
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Figure 4.12: Country-level seasonal influenza-like illness (ILI) or acute respiratory illness
(ARI) incidence are shown, as reported in the WHO FluID database [186]. ILI incidence as
reported is shown for all countries except for France and Germany. Before the 2014-2015
season, ILI incidence in France is estimated from ARI incidence. ARI incidence is shown for
Germany. Incidences are reported at weekly resolution.
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Figure 4.13: The fraction of laboratory tested influenza positive respiratory samples from
National Influenza Centers is shown at weekly resolution, as reported in the WHO FluNet
database [187].
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Figure 4.14: Influenza intensity (ILI ⇥ fraction of influenza positive respiratory samples
[81]) is shown by country at weekly resolution. For China, the influenza intensity is simply
the fraction of influenza positive respiratory samples, since ILI (or any other measure of
respiratory illness incidence) is not reported.
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Figure 4.15: Seasonal counts of laboratory-tested respiratory samples identified by type and
subtype, as reported in the WHO FluNet database are shown [187]. These data are used in
the type and subtype-level analysis of vaccine-driven selection.
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Figure 4.16: Seasonal subtype frequencies in the United States and Europe. European
frequencies are calculated as a weighted average of country-level frequencies, weighted by
population size.
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Figure 4.17: Seasonal influenza intensity in the United States and Europe. European in-
fluenza intensity is calculated as a weighted average of country-level influenza intensity,
weighted by population size.
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Figure 4.18: Seasonal counts of influenza B sequences contained in the GISAID database.
Colors represent lineages that are matched or unmatched to the vaccine strain in the trivalent
inactivated vaccine. These data are used in the influenza B lineage-level analysis of vaccine-
driven selection.
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Figure 4.19: Distributions of circulating H3N2 antigenic distances from the 2014-2015 vaccine
strain (A/Texas/50/2012), stratified by region. Antigenic distances in (A) are calculated as
hamming distances between epitope sites, as defined in [189]. H3N2 strains in North America
were more antigenically distant from the vaccine strain by epitope hamming distance (9.2
units, 95% CI: 9.0, 9.4) compared to Europe (10.0 units, 95% CI: 9.7 10.3). Antigenic
distances in (B) are calculated using HI titers [127, 88]. North American H3N2 strains are
significantly less distant from the vaccine strain (1.17 units, 95% CI: 1.12-1.21) compared to
Europe (1.34 units, 95% CI: 1.26-1.42).
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and s

2

, circulating in populationsA (with
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Figure 4.21: Given di↵erences in vaccine e↵ectiveness against strain 1 and strain 2 (Fig 4.20),
we estimate the sample sizes per population required to achieve 0.90 statistical power to
detect the corresponding di↵erence in strain frequencies between populations A (20% vaccine
coverage) and B (40% vaccine coverage) at 0.05 significance, assuming equal distribution of
sample sizes over time. Required sample sizes are divided into several ranges for visual clarity
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CHAPTER 5

CONCLUSIONS

This dissertation examines contributions to seasonal influenza’s fitness from two approaches.

Among host populations, the fitness of strains emerges as a property of host metapopulation

ecology and transmission dynamics. For instance, populations with high transmission rates

drive faster evolution, and strains that emerge here are better able to compete against

globally circulating strains. Strain fitness is also determined by direct interactions with

host immunity, which in turn can be modulated to some extent using vaccines. Here, the

di↵erential e↵ectiveness of vaccines makes some strains able to infect more hosts than others.

These analyses have important implications for the management of seasonal influenza.

Chapter 2 examined the ecological factors that cause influenza strains from certain host

populations to be more evolutionarily successful. We tested the e↵ects of demography,

seasonality, population size, initial conditions, and transmission rates on a population’s

ability to produce the most evolutionarily successful strains. We find that higher transmission

rates increase the rate of phenotypic evolution; thus, populations with higher transmission

rates are more likely to produce evolutionarily successful strains.

Chapter 3 examined the theoretical long-term e↵ects of vaccination on the evolution of

seasonal influenza. We found that low rates of vaccination could easily cause eradication.

We detected adaptation to the vaccine in extremely rare scenarios when vaccines induced

immunity to a much narrower set a strains relative to natural immunity. These results also

imply that long-term estimates of vaccines’ indirect benefits are potentially greater than

presently appreciated, due to additional evolutionary e↵ects of extinction.

Chapter 4 examined potential empirical evidence for vaccine-driven selection of seasonal

influenza in temperate populations. We tested for selection based on the premise that di↵er-

ential vaccine e↵ectiveness should create selective gradients that allow less-protected strains

to increase in frequency relative to more-protected strains. We found no consistent sup-
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port for vaccine-driven strain replacement among influenza types and subtypes and between

influenza B lineages. However, during the 2014-2015 season, we detected an increased fre-

quency of H3N2 strains carrying mutations in epitope sites in more vaccinated populations

compared to less vaccinated populations, supporting the possibility of vaccine-driven strain

replacement within subtypes. We did not find evidence of vaccine-driven strain replacement

in other seasons or for H1N1. These results suggest that the seasonal influenza vaccine in

general does not produce su�ciently large fitness di↵erences among influenza strains to cause

detectable evolutionary changes.

These analyses are largely based on a simplistic view of influenza’s interactions with the

host immune system. Emerging biological and epidemiological insights highlight important

future directions.

5.1 Future directions

Individuals with di↵erent immune history respond di↵erently to subsequent exposures, cre-

ating heterogeneity in the specificity of immunity. At the type and subtype level, individ-

uals tend to respond best to the first dominant antigens [57, 55, 56] they are exposed to,

and subsequent exposures often fail to elicit specific responses to novel antigenic sites. In-

stead, subsequent exposures appear to boost antibody responses against conserved antigens

[4, 178, 190]. Consequently, immunity against circulating influenza will vary in time and

between individuals.

The e↵ects of immune history have implications for the expected selective e↵ects of vac-

cines. Among hosts with previous exposure history, vaccines appear to boost any existing

responses against antigenic sites that are conserved between the vaccine components and

the host’s previous exposures [4, 178, 190]. For hosts with recent first exposures, vaccines

potentially cause the greatest di↵erence in the strength of immunity directed against an

ancestral variant that is conserved in the hosts’ exposure history and a circulating variant
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mutated at the same site. For example, in the 2014-2015 H3N2-dominated season, the ances-

tral K166 viruses co-circulated with mutant Q166 viruses [194]. Hosts previously exposed to

K166 would have boosted immunity against K166 when vaccinated with the vaccine carrying

K166, driving strong selection for Q166. However, if the vaccine strain carried Q166, then

vaccinated hosts with previous exposure history would not necessarily mount a Q166-specific

response, but might instead mount a response against shared antigens. Thus, the selective

versus neutral e↵ects of vaccination depends on a combination of immune history, the com-

position of circulating viruses, and the vaccine components. Similar trends could be expected

for the 2013-2014 and 2015-2016 H1N1-dominated seasons [112, 137, 150]. In contrast to

experienced hosts, children without exposure history would be expected to mount a strong

primary immune response with antibodies that target the specific vaccine sites [57, 55, 56].

Thus, vaccination of children could be selective regardless of the vaccine strain, assuming

that some immunological diversity exists in the viral population.

Identifying correlates of protection will be essential to managing influenza. Much atten-

tion has been given to ferret HI-based measurements of antigenicity, which do not always

correlate with protection [48]. A simple measure of epitope distance, based on a normalized

hamming distance between epitope amino acid sequences, appear better correlated with VE

than HI titers [24]. An important distinction between these two metrics is that HI titer

closely depends to host immunity, while epitope distance is more a property of the virus

itself (although of course, epitope sites are identified because they are targetable by anti-

bodies). While HI titers will vary between individuals and are not always generalizable for

predictive purposes, epitope distance can be used to develop baseline expectations that can

be subsequently informed using individuals’ unique immunity.

Contact patterns may have important implications for influenza’s ecology and evolution,

especially given potential age-associated heterogeneity in immune specificity [102, 103]. As-

suming age-associated immune heterogeneity described above, age-assortative mixing pat-
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terns [126] could concentrate immune selection in children and adolescents. In contrast,

long-range transmission facilitated mostly by adults may be mostly neutral. Models that

incorporate both contact network structure and heterogeneity in the acquisition of immune

specificity will elucidate how viral evolution in subpopulations contribute to the global evo-

lutionary patterns.
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[18] Jiŕı Beran, Veronika Wertzova, Karel Honegr, Eva Kaliskova, Martina Havlickova, Jiŕı
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