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Lay Abstract

In their work in the late 1970s and early 1980s, Anderson and May demonstrated

that pathogen induced host harm and pathogen transmission ability are intimately

linked. This work clearly showed that pathogens maximize their reproductive potential

by causing some harm their hosts, contrary to the established belief that pathogens

shouldn’t harm their hosts at all. I extend this work to study pathogen evolution

and transmission in heterogeneous host populations, using two model host-pathogen

systems: birds infected with West Nile virus, and European rabbits infected with the

myxoma virus, as well as a general model for the evolution of poorly adapted pathogens

in small host populations. I show that pathogen transmission in heterogeneous host

populations can be estimated using citizen science data, that pathogen transmission is

lower in heterogeneous populations, and that pathogens invading naive host populations

may experience short-term evolution to higher-than-optimal virulence, increasing

infection burden.
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Abstract

In the early 1980s Anderson andMay showed that parasite virulence (host mortality rate

when infected) and parasite transmission are positively correlated because of their joint

dependence on host exploitation (e.g. replication rate). This correlation often results in

maximum parasite fitness at intermediate virulence, which has important implications

for both parasite evolution and transmission. Anderson and May’s observation has led

to nearly four decades of work on the ecology and evolution of host-parasite interactions,

which focuses on making either general predictions for a range of simplified host-parasite

systems or detailed predictions for a single host-parasite system. Yet, despite decades

of research, we know comparatively little about parasite evolution and transmission

in heterogeneous and/or small host populations. Additionally, much previous work

has distanced itself from empirical data, either by outpacing the collection of data or

under-utilizing available data. My work focuses on the evolution and transmission

of parasites in heterogeneous host populations; I rely on tradeoff theory, but adopt

a case-study approach to maximize the use of empirical data. Using West Nile virus

infections of birds I show that a continent-wide strain displacement event cannot

be explained by current data (Chapter 2), and that transmission in heterogeneous

host communities can be estimated using data from citizen scientists, laboratory

experiments, and phylogenetic comparative analysis (Chapter 3). Using Myxoma virus

infection of European rabbits, I show that tradeoff theory can help us to understand

parasite evolution in host populations with heterogeneous secondary infection burden

(Chapter 4). In Chapter 5 I show that poorly evolved parasites invading new host

populations experience transient evolution away from optimal virulence. In addition to

my biological focus, I emphasize clarity and rigor in statistical analyses, including the

importance of appropriate uncertainty propagation, as well as reproducible science.
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Chapter 1: Introduction

Thesis overview

In this thesis I present a series of works on the ecology and evolution of infectious

diseases. The four data chapters in this thesis focus on the evolution of pathogen life-

history strategy (Chapters 2, 4, and 5), and/or pathogen transmission in heterogeneous

host communities (Chapters 2, 3 and 4). I study these topics using mathematical

or statistical models, grounded in biological reality through parameterization with

empirical data. I rely primarily on data from two host-pathogen systems: a diversity

of bird species infected with West Nile virus (WNV) (Chapters 2 and 3) and European

rabbits (Oryctolagus cuniculus) infected with the myxoma virus (MYXV) (Chapter 4).

The work I present in chapter 5 is primarily conceptual but is motivated in part by

the mechanics of parasite exploitation observed in MYXV.

In addition to the biological story that I tell, I work to do my small part in

improving reproducibility in the biological sciences. For each of my chapters data

and code is published as supplemental files in open-access journals and/or available in

GitHub repositories and/or in the form of shiny R (Chang et al., 2018) applications.

I also focus on the importance of clarity and rigour in statistical analyses, including

an emphasis on appropriate uncertainty propagation. During my work I repeatedly

encountered overly narrow uncertainty in published work, the end result of which is

overconfidence in published conclusions that do not stand up to scrutiny. In this thesis

I emphasize the importance of propagating uncertainty in order to avoid overreaching

the biological conclusions provided by our data.

In some of my thesis chapters I use the term “parasite” and in others “pathogen”

depending on the venue for that chapter. While these terms do not refer to identical
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concepts, the theory I rely upon is applicable to both forms of host exploitation. I

use “viral” instead of either of these terms in the title of my thesis because I explicitly

focus on a viral pathogen in Chapters 2-4, and the model I present in Chapter 5 is

best suited for pathogens with fast generation times. The term “virulence” also has

variable definitions in the literature. It can refer generally to pathogen-induced host

harm, the mortality rate of an infected host, or the fitness loss experienced by an

infected host. I will most often use the host mortality rate definition, though in each

chapter’s introduction and methods I clarify the definition that I will be using in that

chapter.

Background

The word parasite comes from the Greek word parasitos, which describes a priest’s

assistant who was invited to share communal meals; as a dinner guest, a respectful

parasitos would not want to overindulge (Alizon et al., 2009). In accordance with its

etymology, (Smith, 1904) concluded that a parasite would evolve to lose their “highly

virulent invasive qualities”, evolving to complete avirulence (Alizon et al., 2009). Smith

attributed any virulence seen in nature to insufficient time for natural selection to

remove all virulence following a parasite jump to a new host, or a suboptimal parasite

strategy in a non-focal host.

Yet, parasites are organisms that live in or on another organism and which must

extract resources from their host in order to reproduce. This necessity begs the

question of how complete avirulence could possibly be a parasite’s optimal life-history

strategy. For many years a number of researchers questioned the conventional wisdom

that parasites evolve to complete avirulence (Kostitzin, 1934; Ball, 1943); however,

this “avirulence hypothesis” was not abandoned until Anderson and May (1979, 1982)

2



PhD Thesis — Morgan P. Kain McMaster University — Biology

showed that parasite virulence and parasite transmission rate were positively correlated

because of their co-dependence on host exploitation. Using myxoma virus (MYXV)

infection in European rabbits O. cuniculus, Anderson and May (1982) showed that

MYXV attained maximum fitness at intermediate virulence. Since this observation

in European rabbits, empiricists have documented trade-offs in λ phage in E. coli

(Berngruber et al., 2015), HIV in humans (Fraser et al., 2007), Ophryocystis in monarch

butterflies (De Roode et al., 2008), and Cauliflower Mosaic Virus in Brassica rapa

(Doumayrou et al., 2013).

The conclusion that parasites evolve to intermediate virulence because of a genetic

correlation between virulence and transmission has become known as the “trade-off

theory” of virulence evolution, and forms the foundation of most modern research

on parasite evolution (Alizon et al., 2009; Cressler et al., 2016). Modeling work

has shown that trade-offs between virulence and transmission arise from within-host

infection dynamics (Gilchrist and Sasaki, 2002; Alizon and van Baalen, 2005; King

et al., 2009), and that trade-off theory can be used to describe optimal parasite

strategies in homogeneous host populations constrained by spatial structure (Boots

and Mealor, 2007; Best et al., 2008, 2011), as well as in heterogeneous host populations

(e.g. Gandon, 2004; Rigaud et al., 2010).

Heterogeneity among hosts to infection influences pathogen evolution, and therefore

both the severity of a disease at the host population level and transmission in that

community. Host heterogeneity can select for lower virulence (Ebert and Hamilton,

1996; Gandon, 2004; Pugliese, 2011; Osnas and Dobson, 2012), for higher virulence

(Gandon et al., 2001; Ganusov et al., 2002; Read et al., 2015), or facilitate the

coexistence of two strains with different exploitation strategies (Fleming-Davies et al.,

2015). In the presence of variation in non-linear responses among hosts to infection, host

heterogeneity can decrease a pathogen’s absolute fitness at its evolutionary optimum,
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which can decrease the number of hosts that become infected during an epidemic or at

endemic equilibrium (Regoes et al., 2000; Gandon, 2004). For a given pathogen strain,

host heterogeneous affects not only the number of hosts that become infected, but

which hosts become infected. Variation among hosts in susceptibility, transmission

potential, and/or contact rate can create different sized epidemics in different host

types (Wasserheit and Aral, 1996), affect how pathogens spill over into non target

hosts (Schmidt and Ostfeld, 2001; Keesing et al., 2006), alter which control strategies

will be successful for eradicating a disease (Bolzoni et al., 2007), and fundamentally

alter the total human and/or animal health burden (Gandon and Day, 2007).

Chapter summaries

Forty years of research built upon the tenants of trade-off theory has clarified many of

the intricacies generated by interactions among host heterogeneity to infection, host-

pathogen dynamics, and evolution. However, the research landscape is beginning to

shift once again. While tradeoff theory has unarguably allowed us to think more clearly

about parasite evolution, the reduction of a complex and highly variable biological

interaction to two dimensions is an over-simplification that can only tell us so much

about any specific system. Many authors are beginning to emphasize the importance of

keeping trade-off theory in context, and highlight the difficulties in connecting theory

to empirical data when the primary drive is to describe universal laws governing host-

parasite interactions (Bull and Lauring, 2014; Alizon and Michalakis, 2015; Cressler

et al., 2016). Improving the link between theory and empirical data is a critically

needed step to advance our understanding of pathogen evolution — arguably the

most important challenge currently faced in research on the ecology and evolution of

infectious diseases (Alizon and Michalakis, 2015; Cressler et al., 2016).
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Given this recent emphasis on marrying theory with data, I see a few promising

avenues for advancing our understanding of the ecology and evolution of pathogen

dynamics in heterogeneous host communities. In line with the recent suggestions of

Bull and Lauring (2014), Alizon and Michalakis (2015), and Cressler et al. (2016), the

most fruitful approach may be to return to an all encompassing view of the factors

that contribute directly to a parasite’s lifetime reproductive potential in specific host-

pathogen systems. This strategy will allow us to expand our “reference library” of

case studies, at which point common threads among systems may begin to materialize,

an approach favored by the ecologist Tony Ives (Halliday, 2013). I use this strategy

in Chapters 2 and 3, where I examine the evolution and transmission of WNV in

diverse bird communities in North American. In Chapter 2 I examine if empirical

data from the literature is sufficient for explaining the continent-wide replacement of

the NY99 WNV strain by the WN02 strain. In Chapter 3 I present a mechanistic

model for WNV transmission that predicts WNV spread in any bird community in

North America by scaling up from the physiological responses of individual birds to

transmission at the level of the community.

A second option is to use empirical data from a given system to determine if

different aspects of the evolution of pathogen virulence can be explained by tradeoff

theory in that system, in a way to determine the extent and coverage of the theory. I

use this strategy in Chapter 4, where I examine if tradeoff theory can help to describe

the evolution of MYXV virulence in European rabbits co-infected with gastrointestinal

macroparasites. In this chapter I present a model for the evolution of pathogen virulence

in a heterogeneous host population that is flexible enough to be parameterized with a

range of empirical measures of host heterogeneity (such as host age, immune status,

genotype, vaccine status, or co-infection with other parasitic species), but which

is sufficiently tractable to capture the life history of many natural host-pathogen
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systems. Using this model I examine the effects of co-infection of European rabbits

with gastrointestinal helminths and MYXV, using data on helminth burden and the

virulence of circulating MYXV strains in Australia and the UK.

Finally, it may be fruitful to expand upon the core tenants of tradeoff theory

with additional axes of complexity. While this is a common strategy (e.g. using

within-host parasite dynamics: Alizon and van Baalen 2005, host evolution: Carval

and Ferriere 2010; Best et al. 2014; Papkou et al. 2016, or spatial structure: Lipsitch

et al. 1995; Haraguchi and Sasaki 2000; Lion and Gandon 2015), I am unaware of a

model that helps to explain parasite evolution both to and on the tradeoff curve by

treating the tradeoff curve as a true optimization frontier. In Chapter 5 I examine

the evolution of parasites whose transmission is constrained by both virulence and

investment in compensatory virulence factors that are required for the parasite to

realize its transmission potential at given level of virulence. Using this model I examine

the ecologically realistic scenario of stochastic evolution in small host populations

using a simulation based approach.
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Chapter 2: Can existing data on West Nile virus
infection in birds and mosquitos explain
strain replacement?

In my first of two chapters on West Nile virus (WNV), I show that common explanations
presented in the literature for the displacement of the NY99 strain of WNV by the
WN02 strain are insufficient to describe the displacement of NY99 when all of the
available data on each step of the life cycle of WNV are taken into account. I challenge
the notion that a faster incubation rate in mosquitoes is sufficient criteria for WN02’s
superior transmission capability, and suggest that American Robins may be less
important for WNV amplification than is currently believed. This study illustrates
the importance of propagating uncertainty in order to avoid over-confident results,
which are abundant in the literature on WNV.
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Abstract. Understanding pathogen strain displacement is important for predicting and managing the
spread of infectious disease. However, a mechanistic understanding for the outcome of pathogen competi-
tion often remains unresolved, as in the case of the displacement of the West Nile virus (WNV) NY99 geno-
type by the newer WN02 genotype. In this study, we seek to explain the observed displacement of the
NY99 genotype by examining evidence for differences between NY99 and WN02 over WNV’s entire trans-
mission cycle. We synthesized the available empirical data on key aspects of WNV’s transmission cycle
including viral titer profiles in birds, survival of birds, bird-to-mosquito transmission probability, and mos-
quito-to-bird transmission probability for infections with both the NY99 and WN02 genotypes of WNV.
Using a Bayesian statistical framework, we combine our literature synthesis on infection dynamics in birds
and mosquitos with bird community and mosquito life history parameters to examine fitness differences
between NY99 and WN02. We calculate the intrinsic reproduction numbers (R0) for NY99 and WN02 and
assume a larger value of R0 for WN02 will explain its competitive dominance over NY99. Our analysis of
the collective body of experimental infections of birds and mosquitos produced similar R0 estimates for
NY99 and WN02 with wide overlapping credible intervals, which we take as insufficient evidence for
greater fitness of WN02. The currently cited explanation for the displacement of WN02 by NY99—the attri-
bution of the displacement of NY99 by WN02 to the latter’s more efficient replication in mosquitos—is, at
best, weakly supported by the evidence. Further infection studies of American Robins (Turdus migratorius)
and broader coverage of possibly competent hosts for WN02, as well as more ecological data such as the
spatial and temporal differences in vector and bird communities, will be needed to fully understand the
community dynamics of WNVand the determinants of higher fitness in the WN02 genotype.
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INTRODUCTION

Pathogens can evolve higher-fitness genotypes
during the course of an epidemic through
immune escape (e.g., influenza; Bhatt et al. 2013)
or by shifting along the transmission–virulence
tradeoff curve (e.g., Myxomatosis; Dwyer et al.
1990). In order to understand, predict, and man-
age epidemics, we need to understand the causes

and consequences of such evolutionary change.
Sometimes the pathway from genetic change to
increased pathogen fitness is apparent, such as
the amino acid substitution in chikungunya
virus that allowed for efficient vectoring by
Aedes albopictus (Tsetsarkin et al. 2007, 2014) or
the amino acid substitution in West Nile virus
(WNV) that increased viral replication in avian
hosts (NY99 genotype: Briese et al. 2002,
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Lanciotti et al. 1999) and led to the North Ameri-
can epidemic. In other cases, the evidence of
genetic substitutions is clear, but the mechanisms
by which they lead to a fitness advantage remain
unresolved. One such example is a newer amino
acid substitution in WNV producing the WN02
genotype, which rapidly displaced the invading
NY99 genotype on a landscape scale. Despite
statements in the literature about the cause of
NY99’s displacement (e.g., Moudy et al. 2007,
Kilpatrick et al. 2008, Duggal et al. 2014), it
remains unclear how the difference in the pheno-
types of NY99 and WN02 across different stages
of the virus’s life history (e.g., mosquito-to-bird
transmission rate, mosquito incubation period,
bird-to-mosquito transmission rate) resulted in
the higher fitness of WN02.

West Nile virus was first detected in North
America in 1999. The invading genotype (NY99)
differed from closely related strains isolated in
Israel in 1997–1998 (Lanciotti et al. 1999, Briese
et al. 2002) by a single amino acid substitution in
the NS3 helicase. This substitution increases viral
replication in avian hosts (Lanciotti et al. 1999)
and apparently contributed to a widespread
North American epidemic. From 1999 to 2003,
NY99 spread rapidly, causing substantial declines
in many bird species (Brault et al. 2007, LaDeau
et al. 2007, Brault 2009), and numerous spillover
infections in humans (Ostroff 2013, Petersen et al.
2013). By 2003, WNV infections had been
recorded in birds and/or humans in nearly all con-
tiguous U.S. states, southern Canada, and north-
ern Mexico (Kilpatrick et al. 2007).

During WNV’s westward expansion between
1999 and 2003, a single point mutation resulting in
an amino acid substitution (Val159Ala) in a viral
structural envelope gene (E) produced the WN02
genotype (Beasley et al. 2003, Davis et al. 2005, Di
Giallonardo et al. 2016). This mutation fixed so
rapidly that a recent analysis (Snapinn et al. 2007)
failed to detect any period during which NY99
andWN02 co-occurred, suggestive of a substantial
fitness difference between the two genotypes. Ear-
lier andmore efficient replication of WN02 in mos-
quito vectors (Moudy et al. 2007, Kilpatrick et al.
2008) is routinely cited as providing the required
fitness difference (as recently as May 2016: Grinev
et al. 2016), despite evidence that the incubation
rates of NY99 and WN02 in mosquitos do not dif-
fer (Anderson et al. 2012, Danforth et al. 2015).

Higher competence of House Sparrows for WN02
may also have contributed to NY99’s displacement
(Duggal et al. 2014); however, many experiments
indicate that House Sparrows, among other
passerines, exhibit lower titer when infected with
WN02. Further complications include evidence for
higher survival of birds when infected with
WN02, which increases the total number of con-
tacts between infected birds and naive mosquitos
(e.g., Brault et al. 2011).
Due to substantial avian mortality and the threat

of infection in humans (Ostroff 2013, Petersen et al.
2013), many experimental infection studies in both
birds (e.g., Komar et al. 2003) and mosquitos (e.g.,
Turell et al. 2000, 2001) began after the 1999 out-
break. To determine whether the collective body of
empirical data on WNV transmission (based on
experimental infections of NY99 and WN02 in
birds and mosquitos) can clarify the cause of NY99
displacement, we synthesized the available empiri-
cal data on key aspects of WNV’s transmission
cycle. Beginning with an infected bird, the trans-
mission cycle of WNV proceeds as follows: First,
an infected bird infects naive mosquitos. The
expected number of naive mosquitos infected by a
bird depends on the bird’s virus titer, the duration
of infection in the bird, and the relationship
between the bird’s titer and the bird-to-mosquito
transmission probability. We gathered data on each
of these components: titer profiles in infected birds,
survival of infected birds, and titer-dependent
transmission probability from an infected bird to a
naive mosquito (Fig. 1). Second, infected mosqui-
tos transfer infection to naive birds. Transmission
depends on sufficient viral replication and move-
ment of viral particles into the mosquitos’ salivary
glands; a faster virus replication rate within the
mosquito leads to a shorter transmission cycle. The
rate of viral replication within mosquitos depends
on the viral dose a mosquito receives from the
infecting bird (a function of the bird’s titer), the
mosquito species, and other external variables such
as temperature (Fig. 1).
Host titer profiles, host survival, and bird-

to-mosquito transmission probability conditioned
on host titer are often combined into a single met-
ric called “host competence,” which describes
bird species’ aptitude to transmit WNV to mos-
quitos (Komar et al. 2003). The probability that a
mosquito transmits infection to a naive bird
following a blood meal is known as “vector
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competence” (Turell et al. 2000). Many studies
report aggregated host and vector competence
only; here, we retain as much detail as possible
about differences between NY99 and WN02
across the virus life cycle. We refer to the four key
aspects of transmission (bird titer profiles, bird
survival, bird-to-mosquito transmission, and mos-
quito-to-bird transmission) collectively as “indi-
vidual-level” transmission dynamics.

To estimate the fitness differences between
NY99 and WN02 in an ecological setting, we
combined the results of our synthesis on individ-
ual-level transmission dynamics with micro-scale
ecological dynamics using a case study approach.
For the ecological and life history parameters
of mosquito biting rate and biting preference,
mosquito density, and bird density, we use param-
eter estimates from suburban Chicago, Illinois,
where reasonably complete information on these

parameters is available (Hamer et al. 2009, Loss
et al. 2009, Ruiz et al. 2010, Newman et al. 2011).
We calculate the intrinsic reproduction numbers
(R0) for NY99 and WN02 and assume a larger
value of R0 for WN02 will explain its competitive
dominance over NY99, an outcome with strong
theoretical support (Heffernan et al. 2005, Keeling
and Rohani 2008). We focus on between-genotype
differences in R0 here, rather than the closely
related intrinsic growth rate (r), which measures
net reproductive rate rather than lifetime parasite
fitness. It is possible that a larger intrinsic growth
rate for WN02 may have played a role in NY99’s
displacement, a topic we return to in the Discus-
sion. We use a Bayesian statistical framework to
combine uncertainty from disparate sources on
WNV’s complex transmission process to estimate
R0 for NY99 and WN02 (Elderd et al. 2006). This
methodology allows for the use of informative

Temperature (t)

Biting rate

Dose

Robin titer (t)

Robin survival (t)

Mosquito species

Mosquito survival (t)

I

S

Biting preference on  
robins

Biting preference on  
sparrows

Mosquito-to-bird ratio

Biting rate

1

2

Fig. 1. The transmission process of West Nile virus (WNV), shown from an infected robin to an uninfected,
susceptible sparrow. The center column lists the parameters associated with bird-to-mosquito transmission
(1) and mosquito-to-bird transmission (2) that are included in our R0 calculation. Time-dependent parameters
(i.e., parameters that vary with the number of days since infection) are denoted by (t). Underlining denotes
parameters that may vary among mosquito species. The dashed line from robin titer to dose indicates that the
titer of the infected bird at the time of mosquito infection carries forward to affect the probability of mosquito-
to-bird infection. Vector images courtesy of the Integration and Application Network, University of Maryland
Center for Environmental Science (ian.umces.edu/symbols/).
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priors when data are scarce and the seamless
addition of new data when it becomes available,
and could be useful for sparser-data scenarios,
such as during emerging epidemics.

METHODS

Literature search
We searched the Web of Science for appropri-

ate studies. To search for publications on experi-
mental infections of avian species with WNV, we
used: TS = (West AND Nile AND Virus) AND TS
= virul* AND TS = infec*. For data on bird-
to-mosquito transmission, we combined results
from three searches in an attempt to capture vari-
able language used in this literature. We used
(from broad to narrow): TS = (West AND Nile
AND Virus) AND TS = Culex AND (TS = vector
competence); TS = (West AND Nile AND Virus)
AND TS = (NY99 OR WN02 OR SW03) AND (TS
= vector OR TS = competence); TS = (West AND
Nile AND Virus) AND TS = (NY99 OR WN02
OR SW03) AND TS = Culex AND (TS = vector
competence OR TS = trans* OR infect*). For mos-
quito-to-bird transmission (incubation rate of
WNV in Culex mosquitos), we used: TS = (West
AND Nile AND Virus) AND TS = (NY99 OR
WN02 OR SW03) AND TS = Culex AND (TS =
inc* OR TS = rep*). Finally, for feeding preference
of Culex mosquitos, we used: TS = Culex AND
(TS = bird OR TS = avian) AND TS = (bit* pref*
OR feed* pref*). Our searches yielded 332, 35,
384, and 70 results, respectively.

We read the titles and abstracts (when further
clarification was needed) of these 821 studies and
downloaded 53, 20, 41, and 22 that mentioned
experimental infections of birds, experimental
infection of mosquitos, or feeding and/or biting
preference of mosquitos on birds. We narrowed
these 136 studies down to 67 studies from which
data were extracted (inclusion criteria and
methods of data extraction are described in detail
below). The extracted data (Data S1) and a list
of all studies, with publication-specific notes
(Appendix S2), are available as Supporting Infor-
mation (also see https://github.com/morgankain/
WNV_Synthesis).

Data extraction and curation
Bird titer profiles and survival.—For bird-related

phenotypes, we gathered all studies that

experimentally infected birds and measured both
titer and survival through time. We included
studies that presented individual-level data or
group means and reported sample size. We dis-
carded studies that took place outside of North
America. In total, data were extracted from 29
papers, which included 134 conspecific groups of
birds infected with WNV (henceforth referred to
as “infection experiments”), resulting in 134
averaged titer profiles. From each paper, we
extracted titer, mortality, host species, location
and date (when available) of bird collection,
WNV strain, and date and location of isolation
among other data (see Appendix S2, Data S1).
These 134 averaged titer curves spanned 11

orders and 45 species, with 66 curves from Amer-
ican Crows, House Sparrows, House Finches, or
American Robins (for a complete list of all bird
species infected, see Data S1). These studies
infected birds with over 30 different strains of
WNV belonging to either Lineage 1: NY99 geno-
type, Lineage 1: WN02 genotype, Lineage 1:
SW03 genotype, Lineage 2, Lineage 3, or geno-
types that were experimentally altered using
genome editing techniques (e.g., Langevin et al.
2014). In rare cases in which no lineage was
given, we looked up the WNV strain ID (all
papers gave strain information) in Davis et al.
(2005) or McMullen et al. (2011). Virus doses ran-
ged from 2 log10 titer per mL (Reisen et al. 2005)
to 6 log10 titer per mL (Ziegler et al. 2013). Birds
were captured from 10 different U.S. states and
Mexico between 1999 and 2013.
Because our goal was to determine the differ-

ence between NY99 and WN02, we included only
experimental infections with Lineage 1 genotypes.
Recent genetic work by Di Giallonardo et al.
(2016) found that the SW03 group is not distinct
from the WN02 group; therefore, we treat all
SW03 genotypes as WN02 genotypes. Addition-
ally, what we refer to as the NY99 genotype
includes isolates from 1999 and from 2001 and
thus corresponds to what Duggal et al. (2014) call
the “East Coast genotype.” Because 49% of all
experimental infections of birds used American
Crows, House Finches, House Sparrows, or Amer-
ican Robins as hosts, and because these species are
thought to be the most important for WNV ampli-
fication (Kilpatrick et al. 2007), we focused on dif-
ferences in R0 between NY99 and WN02 in these
four focal passerine species. We present analyses
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on titer and survival for the other 41 bird species
used in experimental infections in Appendix S1.
Because only two to five were infected with either
NY99 or WN02 for most species, and only four
species other than the four focal passerine species
have been infected with WN02 (Clay-Colored
Thrush, Great-Tailed Grackle, Carolina Wren,
Tufted Titmouse), compared to 39 other species
infected with NY99, we grouped all of the species
apart from the four focal passerine species into a
single “other” category for analysis.

Bird-to-mosquito transmission.—We collected
data for bird-to-mosquito transmission by extract-
ing the percentage of mosquitos that became
infected following a feeding event on infected
blood from studies of vector competence. In this
literature, assays of mosquito infection routinely
take place 14 d after feeding. A subset of studies
measured vector infection rate on days 7 and 14,
but we focused our efforts on extracting data from
day 14. Mosquitos are rarely allowed to feed on a
live host (but see Anderson et al. 2012, Turell
et al. 2000, 2001), rather they feed on blood pack-
ets; this process is assumed to mimic transmission
from live birds (Vanlandingham et al. 2004). A
small subset of this literature also gave auxiliary
information specifying environmental factors
such as time of year and classifying infected mos-
quitos by titer level, age, and number of genera-
tions removed from wild-caught individuals.
Because of the sparsity of this auxiliary informa-
tion, our analyses consider only the overall pro-
portion of mosquitos that were infected 14 d after
feeding on a source of WNV. Environmental and
individual-level variation is likely to increase vari-
ability in transmission probability, even among
mosquitos of the same species and population
(Vaidyanathan and Scott 2006, Vanlandingham
et al. 2007, Reisen et al. 2008, Richards et al.
2010). We extracted data from a total of 20 studies
including mosquito species, extrinsic temperature,
virus genotype, source of blood meal, dose in
log10 titer, sample size, and percentage of mosqui-
tos that were infected after 14 d. These data
included 10 species of Culex mosquitos, a range of
log10 dose from 0.22 to 9.5, and temperatures
between 26° and 28°C.

Mosquito-to-bird transmission.—For data on
WNV incubation rate in mosquitos and transmis-
sion probability from mosquitos to birds, we
extracted data from studies that infected the avian

specialist genus Culex and quantified time-
dependent probability of transmission and/or
time-dependent virus titer. Because Moudy et al.
(2007) provided extensive data on both titer and
probability of transmission, this data set was used
to fit a logistic model to predict transmission from
mosquito titer levels (see Appendix S1), so we
could use data from two papers that measured
titer in mosquitos (Dohm et al. 2002, Johnson et al.
2003, see Appendix S1). Only nine studies from
this literature met our criteria for data extraction.
Nonetheless, these studies included 45 unique
infection experiments that resulted in 34 averaged
curves of NY99 incubation in mosquitos and 11
averaged curves of WN02 incubation in mosqui-
tos. These studies included six mosquito species
and a temperature range of 14–32°C. The standard
procedure in this literature is to collect mosquito
salivary excretions using a capillary tube method
(Aitken 1977), which is used as a stand-in for suc-
cessful transmission to a host species. In rare cases,
experiments allow mosquitos to feed directly on
hosts (e.g., suckling mice; Anderson et al. 2012).
We extracted the following data from each paper:
location of study, vector species, extrinsic tempera-
ture, virus strain, method of infection, receiving
dose, and percentage of mosquitos that success-
fully transmitted virus at a specific number of days
post-infection (see Data S1).
Ecological effects.—Finally, for data on mosquito

biting preference, we used Hamer et al. (2009) as
a case study. Hamer et al. (2009) focused on the
spread of WNV at a small spatial scale (suburban
Chicago, Illinois, USA) and measured mosquito-
to-bird ratios, bird community composition, and
mosquito biting preferences. Due to some miss-
ing data, we combined these results with data
from Loss et al. (2009), Ruiz et al. (2010), and
Newman et al. (2011), who also studied trans-
mission in the Chicago area, and one parameter
estimated by Simpson et al. (2012) (New Haven,
Connecticut, USA; Table 1).

Statistical methods
We analyzed our data using a Bayesian

approach with the statistical software Stan (Car-
penter et al. 2017), interfaced with the R statisti-
cal programming environment (R Development
Core Team 2013) using the rstan package
(Stan Development Team 2016). Our statistical
procedure was composed of two steps, model
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fitting to gathered data and calculation of R0 for
each genotype, which combined predictions
from models for each step of the transmission
cycle. We first describe models for each transmis-
sion step and then our method for calculating
R0. Estimates and pointwise 95% credible inter-
vals (CIs) for each model were generated by sam-
pling parameter values from MCMC chains. All
models were run with four MCMC chains until
all Gelman–Rubin statistic (R̂) values were <1.1,
following Gelman et al. (2014). Data points in all
models were weighted by sample size. Code for
all Stan models is available in Data S2.

Titer profiles.—To analyze titer profiles, we
used a lognormal linear mixed-effects model
using log10 titer as the response variable. We
used a quadratic day-by-virus genotype interac-
tion and log10 dose as fixed effects and modeled
variation among studies, infection experiments,
and bird species using random effects. While
titer profiles will vary among individuals within
a single bird species—for example, due to differ-
ences in sex, age, or nutritional state—the spar-
sity of data made subdividing data below the
level of bird species impractical for the current
modeling effort. We provide a description of the
age and sex of each group of experimental birds
for each publication that reported these data in
Appendix S2.

Because of the detection limit for WNV of 1.7
log10 titer, we used a left-censored model for titer
reported as 1.7 (in this model, reports of 1.7 log10
titer are modeled as residing between 0.0 and 1.7
log10 titer). When data from each individual were

available and the titers of a subset of birds
exceeded the detection limit, we averaged across
all birds using 0.85 log10 titer units for each bird
with non-detectable viremia. If this average was
below 1.7 log10 titer, we rounded to 1.7 log10 titer
to include it as a censored value. We adopted this
approach in an effort to retain as much data as
possible while differentiating this case from the
case when no birds were above the detection limit.
Predicted titer was obtained for each bird species
by averaging predicted titers using two values for
log10 dose: median inoculates coming from Culex
pipiens (5.0 log10 dose) and Culex tarsalis (6.1 log10
dose) determined by Styer et al. (2007).
Survival.—We modeled infected bird survival

on a given day using a mixed-effects model
with a binomial error distribution, using pro-
portion of surviving birds as the response vari-
able. We used an interaction of virus genotype
with both day and log10 dose as fixed effects
and modeled variation among studies, infection
experiments, and bird species using random
effects. Predicted survival was obtained for
each bird species by averaging predictions
when using inoculates from C. pipiens (5.0) and
C. tarsalis (6.1).
Bird-to-mosquito transmission.—We modeled

bird-to-mosquito transmission using a mixed-
effects model with a binomial error distribution,
using proportion of mosquitos infected as the
response variable. We used an interaction of
virus genotype with log10 dose and temperature
as fixed effects and modeled variation among
studies and mosquito species using random

Table 1. Ecological parameters for WNV transmission in Chicago, Illinois, USA.

Ecological parameter Value Source

Mosquito survival Appendix S1: Fig. S2 Andreadis et al. (2014)
Mosquito daily bite rate 0.14/d Simpson et al. (2012) fromWonham et al. (2004)

and Vinogradova (2000)
Mosquito-to-bird ratio 3:1 Simpson et al. (2012) from Simpson et al. (2009)
Mosquito biting preference American Crow: 0.54

House Sparrow 0.32
House Finch: 5.69

American Robin: 2.26

Hamer et al. (2009)

Bird density Total: 9.66 birds/ha
American Crow: 0.0007
House Sparrow 4.25
House Finch: 0.0110
American Robin: 2.0

Hamer et al. (2009)

Temperature 22°C weatherspark.com
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effects. Predicted bird-to-mosquito transmission
was obtained using predicted titer as log10 dose.

Mosquito-to-bird transmission.—To analyze mos-
quito-to-bird transmission, we used a mixed-
effects model with a binomial error distribution,
using proportion of mosquitos transmitting as the
response variable. In our analysis, we separate
mosquito-to-bird transmission from bird-to-mos-
quito transmission by using transmission from
infected mosquitos (i.e., conditioning on mosquito
infection) to birds. We calculated mosquito-to-bird
transmission conditioned on infected mosquitos
for all studies that originally present results for
transmission from all mosquitos (e.g. Moudy et al.
2007, Kilpatrick et al. 2008), using data on infection
prevalence in mosquitos provided in each publica-
tion. We used an interaction of virus genotype
with log10 dose, day, and temperature as fixed
effects and modeled variation among citations,
infection experiments, and mosquito species using
random effects. To obtain average mosquito life-
time transmission given log10 dose and tempera-
ture, we averaged daily mosquito transmission
probability weighted by survival using Culex sur-
vival modeled using data from Andreadis et al.
(2014) (see Appendix S1). Data were analyzed with
and without weighting by mosquito survival; in
the main text, we present transmission including
mosquito survival probabilities. In Appendix S1,
we present transmission holding mosquito lifespan
constant to illustrate the differences in transmis-
sion probabilities driven by temperature depen-
dence in infection alone (Appendix S1: Fig. S4.5).

Unfortunately, all of the available mosquito-
to-bird transmission studies used a narrow range
of log10 dose (6.5–9.5), outside of the range com-
monly seen in birds (e.g., 4.5–6.5). We adopted
two approaches to analyze these data. Our first
analysis used only the titer range available in the
extracted data. This led to a negative slope across
titer at high doses, driven by decreased success in
mosquito vector capability at high virulence (see
Discussion: Mosquito-to-bird transmission). When
the fitted model was used to predict titer at low
values (e.g., 1 or 2 log10 titer), the probability of
mosquito-to-bird transmission approached 100%
by day 2 or 3, a biological impossibility. We
include parameter estimates and figures from this
analysis in Appendix S1 (Figs. S4.3, S4.4, S4.6, S5,
and S6.9–6.10) and discuss the results below. In
the main text, we present results from a second

method which incorporates prior information on
transmission probabilities at low titer using data
extracted from four studies on the transmission of
Japanese encephalitis virus (JEV), one of the most
phylogenetically similar flaviviruses to WNV
(Kuno et al. 1998), by Culex mosquitos at lower
titer levels (2.5–5 log10 dose). This method,
adopted because of the absence of data, assumes
that NY99 and WN02 have the same mosquito-to-
bird transmission at low log10 dose.
Locally derived mosquito biting parameters and

bird community composition.—No models were fit
to data for this portion of our analysis. Parameter
estimates were obtained directly from Hamer
et al. (2009) and others (Table 1). Because our
focus was on determining the difference between
NY99 and WN02, we do not incorporate the
error in the estimates from these papers, instead
using presented means. Incorporating variation
in these parameter estimates would increase
uncertainty in R0 relative to our estimates, but
would be unlikely to affect estimates of the dif-
ference between NY99 and WN02 R0 values (see
Results: R0 calculations).
R0 calculations.—The intrinsic reproduction

number R0 combines all of the previously esti-
mated quantities: bird titer profiles and survival;
bird-to-mosquito and mosquito-to-bird transmis-
sion as a function of titer and temperature; and
ecological quantities such as biting rate, mos-
quito-to-bird ratio, and bird community compo-
sition. We start by generating bird titer profiles
and bird survival from our fitted models. Higher
titers increase the instantaneous probability of
bird-to-mosquito transmission; a higher titer also
increases the dose a mosquito receives from a
bite, which increases the probability per unit
time that it transfers the infection to a naive bird.
Longer durations of viral titer and longer sur-
vival times give a broader time window for bird-
to-mosquito transmission. We use species-level
estimates to predict transmission probabilities to
and from individuals of particular bird species.
Finally, the ecological parameters of mosquito
biting rate, mosquito-to-bird ratio, and bird
community composition (Table 1) determine the
overall population-level rate of transmission
within and among bird species. To calculate R0
for each bird species for the duration of their
infection, we used an extension of the classic
Ross–Macdonald model (Smith et al. 2012):
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(1)

This equation gives the R0 between a transmit-
ting bird species (Bi) and a receiving bird species
(Bj) for a given virus genotype (v) at a given tem-
perature (°C; C), with M = mosquitos; tb = day
of bird infection; Tb = last day of bird infection;
tm = day of mosquito infection; and Tm = median
mosquito survival (last day of mosquito infection).
“Prop’n Bi” and “Bj” refer to the proportion of
the community composed of Bi or Bj, respectively.

We use a definition of R0 based on the type
number, or the expected number of secondary
bird infections caused by a single infected bird in
an otherwise susceptible population (Roberts
2007). In this case,R0 is defined as the product of
the host-to-vector and vector-to-host reproduc-
tive numbers, in contrast to the definition based
on the next-generation-matrix approach that
instead uses the geometric mean of this quantity
(i.e., the square root of the product; Wonham
et al. 2006). The choice between these metrics is
largely a matter of taste; they give identical
answers about qualitative questions such as the
invasion and persistence of disease (which are
determined by whether R0 is >1 or <1; Heffernan
et al. 2005, Roberts 2007). More quantitative
questions such as the level of control needed to
eradicate disease must be answered on a case-
by-case basis with careful attention to details of
how the control is applied (Roberts 2007). The
type-number definition is common in analyses of
vector-borne disease (Bailey et al. 1982) because
it describes the level of control that would be
necessary to achieve disease control by affecting
a single stage of the life cycle (e.g., by reducing
mosquito densities). However, our type-number
results can be converted (approximately) to the

geometric mean scale by simply taking the
square root of the reported R0 values.
To calculate community R0 values, we con-

structed community WAIFW (Who Acquires
Infection from Whom) matrices (Dobson and
Foufopoulos 2001) for a given temperature from
pairwise species R0fijg values at a given tempera-
ture, where R0fijg gives the number of secondary
infections in bird species j generated by an
infected bird of species i (with i = j describing
intra-species transmission). The dominant eigen-
value of this matrix, which captures the effects of
all transmission pathways within and between
bird species, gives the community R0 (Dobson
and Foufopoulos 2001).

RESULTS

First, we present the results of our literature
synthesis for each step of the transmission pro-
cess modeled in Stan. We then present R0 values
for monocultures of each bird species (calculated
using the equation for R0 setting i = j and
“Prop’n Bi” = 1); these values are determined
only by species-specific titer profiles and survival,
independent of other ecological variables. We use
the WAIFW matrix to calculate community-level
R0 values for a bird community in suburban
Chicago, Illinois, USA, by combining model
predictions of individual-level transmission pro-
cesses with the ecological parameter values pre-
sented in Table 1. For visual assessment of the
model fit to empirical data, we reduce our predic-
tions to two dimensions for each model by using
a single value for some predictors. For example,
infection experiments of birds varied in log10
dose. To obtain predicted titers for use in subse-
quent models, we averaged predictions using
inoculates coming from C. pipiens and C. tarsalis
determined by Styer et al. (2007), and plot titer
profiles in Fig. 2 using this average. Coefficient
plots for all models are available in Appendix S1
(Figs. S6.1–S6.10).

Titer profiles
Our results confirm that American Crows have

the highest titers, followed by House Finches
(Fig. 2). Median estimates for titer resulting from
NY99 infection are higher for American Crows,
House Sparrows, and House Finches, while Amer-
ican Robins had marginally higher titer with
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WN02 infection. However, 95% CIs overlap in all
cases (overlap in CIs is a conservative criterion for
significant differences between groups; in the cases
presented here, there is usually so much overlap
that the 95% CIs for each strain include the median
estimate of the other strain). Fig. 2 shows titer
given a single level of log10 dose equal to the
expected dose transferred from a mosquito to a
bird. Appendix S1: Fig. S3.1 shows titer profiles in
other species. The median NY99 titer profile for
these other, non-focal bird species resembles the
titer profile of American Robins, and the WN02
profile (for only four total infected bird species)
resembles the titer profile of House Finches.

Bird survival
Crows survived worst, followed by House

Finches (Fig. 3). Median estimates for survival
were higher for all four passerines with WN02
infection; however, 95% CIs for NY99 and WN02
overlapped for all species. Survival apparently
decreases with increasing peak titer across bird
hosts; American Crows have the highest peak
titer and the lowest survival, while American
Robins have the lowest titer and highest survival.
Appendix S1: Fig. S3.2 shows titer profiles in
other species.

Bird-to-mosquito transmission
Transmission from birds to mosquitos was

similar for NY99 and WN02 (Fig. 4). For both
virus genotypes, the majority of studies infected

mosquitos with a log10 dose between 4 and 6,
which contains the inflection point of the rela-
tionship between log10 dose and transmission
probability (Fig. 4). WN02 shows more variation
around the fitted relationship than NY99 (Fig. 4),
despite the fact that the studies which infected
mosquitos with NY99 used more mosquito spe-
cies overall (9 vs. 5) and collected mosquitos
from more states overall (6 vs. 5).

Mosquito-to-bird transmission
Results for mosquito-to-bird transmission pre-

sented in the main text include data from JEV (see
Appendix S1: Figs. S4.3, S4.4, and S4.6 for analy-
ses excluding JEV and Appendix S1: Fig. S4.7 for
“vector competence” at 26°C). Mosquito-to-bird
transmission increases with time since initial infec-
tion in the mosquito and with increasing tempera-
ture (Fig. 5; for coefficient plots, see Appendix S1:
Figs. S6.7 and S6.8). CIs for mosquito-to-bird
transmission for NY99 and WN02 overlap, with
little difference in the medians. Fig. 5a shows
transmission of NY99 and WN02 from an infected
mosquito to a naive bird for 5.5 log10 titer at 16°
and 26°C. Fig. 5b shows mosquito-to-bird trans-
mission at the same two temperatures averaged
across the mosquito’s lifespan (weighted by sur-
vival) using data from Andreadis et al. (2014) (see
Appendix S1 for data on mosquito survival and
results for mosquito-to-bird transmission without
weighting by survival). Here, an increase in tem-
perature decreases lifetime average transmission
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Fig. 2. Titer profiles in four passerine species. Solid lines (and darker shading) show median NY99 infection
profile with 95% pointwise CIs and dotted line and lighter shading WN02. The fitted relationship presented here
is an average of predictions using 5.0 and 6.1 log10 dose. Circles show data for NY99 and triangles for WN02.
Each point is an average from an individual infection experiment on a given day (2–58 birds per experiment).
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because the increased rate of mosquito mortality
at high temperatures outweighs the gain in incu-
bation rate. Due to the complexity of the raw data
(range of 14–32°C, 3–8.5 log10 dose, 40 d of mea-
surements), we present fitted results without raw
data in the main text and three-dimensional plots
with raw data in Appendix S1: Figs. S4.1–S4.4.

Case studies: R0 at a local scale
In monoculture, American Crows are pre-

dicted to produce the largest R0 (i.e., if the com-
munity were a monoculture of the focal species,

and bite rate, bird density, and mosquito density
were the same in all communities regardless of
bird species). In monoculture American Robins
would generate the lowest R0 because of their
low titer (Fig. 2), despite their low mortality rates
(Fig. 3).
Monoculture R0 CIs for NY99 and WN02 are

wide and overlap between strains for all species
because of substantial uncertainty at each step of
the transmission pathway, producing large
uncertainty in the sign of the difference in R0
between NY99 and WN02 (Table 2).
We calculate two values of community R0, one

including and the other excluding all of the non-
focal passerine species (“other” birds). When
including “other” birds, we assumed that the
remaining 35.2% of the Chicago bird community
not composed of one of the four focal passerine
species were bird species from our “other” cate-
gory and were bitten at a preference of 1 (biting
rate proportional to their density; Hamer et al.
2009). To calculate R0 for NY99 and WN02 with-
out “other” birds, we scaled the proportions of
each of the four passerine species so that the
community was composed entirely of the four
focal species at the same relative proportions as
observed. In the community in Chicago, IL,
American Crows and House Finches become less
important for the spread of WNV relative to the
scenario presented in Fig. 6 because they occur
at low densities. Here, American Robins and
House Sparrows emerge as important hosts, as
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Fig. 3. Proportion of surviving passerines in each infection experiment. Solid lines (and darker shading) show
median NY99 infection profile with 95% pointwise CI and dotted line and lighter shading WN02. Circles show
data for NY99 and triangles for WN02. Point size corresponds to the total number of infection experiments (2–58
birds per experiment). Fitted relationships here are based on average predictions using 5.0 and 6.1 log10 units.
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previously suggested in this and other com-
munities (Kilpatrick et al. 2006, Savage et al.
2007, Hamer et al. 2009, Simpson et al. 2012;
Appendix S1: Table S1).

To confirm that our R0 estimates are consistent
with population-level estimates of R0, we con-
ducted a brief survey of the literature for seropreva-
lence data (comprising 12 papers; Appendix S2).
We extracted fractions of birds seropositive
(averaged across bird species) as an estimate of
1 # S$/N, or the fraction of birds not immune to
WNV from prior infection. Based on this informa-
tion, R0 estimates (R0 ¼ 1=ð1# S$=NÞ) ranged
from ' 1.1 to 2.1, which overlaps the majority of
our R0 distributions (see Discussion: Local R0 esti-
mates for a discussion of median R0 <1). Because

there was no temporal trend in seroprevalence,
apart from a spike at the epicenter of the epidemic
in New York in 1999, we did not calculate separate
R0 estimates for NY99 and WN02 (publications
did not report infection with NY99 orWN02).

DISCUSSION

WN02’s R0 value could plausibly be larger
than NY99’s (e.g., at 16°C, without “other” birds,
the CI ranges from a WN02’s R0 from #6.26
times proportionately lower on the log scale to
5.23 times higher than NY99’s), but clearly can-
not support a larger value on the basis of labora-
tory data alone. Furthermore, the estimated R0
ratio between NY99 and WN02 (i.e., median of
NY99R0/WN02 R0) was positive on the log scale
for three of the four focal passerine species at
both temperatures, suggesting that NY99 may be
a stronger competitor than WN02. The apparent
advantage of either strain varies among steps in
the virus life cycle, as well: Attributing the dis-
placement of NY99 by WN02 to the latter’s more
efficient replication in mosquitos (Moudy et al.
2007, Kilpatrick et al. 2008) is, at best, weakly
supported by the available data.

Titer profiles and survival
In most cases, birds infected with WN02 have

lower titer but higher survival than those
infected with NY99 (Figs. 2, 3). These opposing
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Fig. 5. Mosquito-to-bird transmission for NY99 (solid lines) and WN02 (dotted lines). Panel (a) shows mos-
quito-to-bird transmission probability as a function of days post-infection at 16° (light blue) and 26°C (dark blue)
at 5.5 log10 dose, discounted by mosquito survival. Panel (a) shows transmission until day 50 at 16° and day 26 at
26°C (median mosquito longevity at 16° and 26°C is 89 and 26 d, respectively). Panel (b) shows average daily
transmission for a mosquito across its lifespan at different log10 dose at 16° and 26°C.

Table 2. Ratio of R0 between NY99 and WN02 on a
log scale.

Bird species Temperature (°C) Median CI (2.5%, 97.5%)

American
Crow

16 0.89 (#3.06, 4.77)
26 0.86 (#0.96, 4.17)

House
Sparrow

16 1.65 (#3.57, 7.20)
26 1.19 (#1.08, 4.03)

House Finch 16 0.61 (#4.20, 5.73)
26 0.31 (#1.92, 3.40)

American
Robin

16 #0.07 (#6.87, 7.27)
26 #0.38 (#4.69, 4.80)

Other 16 #1.60 (#6.58, 3.39)
26 #1.68 (#3.98, 0.86)
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attributes of WN02 infection contribute to the
ambiguity in fitness differences between geno-
types (Table 2). Additionally, given the small
number of avian species and families infected
with both NY99 and WN02 (five families and six
species: American Crow [Corvidae]; House Spar-
row [Passeridae]; House Finch [Fringillidae];
American Robin and Clay-Colored Thrush [Tur-
didae]; and Great-Tailed Grackle [Icteridae]) and
the diversity of responses in the four passerines
analyzed here (Figs. 2, 3), we cannot really draw
broad conclusions about differences between
NY99 and WN02.
Despite the importance of American Robins in

amplifying WNV in ecological communities, sam-
ple sizes for infections of American Robins with
both NY99 and WN02 are the smallest of the four
passerine species, resulting in large uncertainty in
the shape of American Robins’ titer profiles
(Fig. 2). Additional infections of American Robins
with both NY99 and WN02 is an important first
step in resolving the fitness differences between
NY99 and WN02. Also, because most experimen-
tal infections concentrated on four bird species,
and WN02 infection sampling outside of these
four species was sparse and biased, this relation-
ship might also be resolved by data on WN02
infection from a wider variety of avian species.
Specifically, these data raise two important and
related questions: First, how well do these results
generalize to all birds? Second, are we missing an
important host for WN02 amplification?
Great-Tailed Grackles show nearly identical

titer profiles and survival when infected with
either NY99 or WN02, and infection of Clay-
Colored Thrushes (which have the same genus
as American Robins: Turdus) with WN02 pro-
duces higher titer than infection with NY99
(Guerrero-S!anchez et al. 2011). While these dis-
parate examples are based on data from a single
study with sparse data, they raise the possibility
that an important host for WNV amplification
remains unobserved. The search for a host that is
more competent for WN02 than for NY99 should
concentrate on passerine species (non-passerines
have low competence for WNV; Kilpatrick et al.
2007) that have exhibited high titer when
infected with WN02 (e.g., Carolina Wren, Tufted
Titmouse), are abundant enough, and are bitten
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Fig. 6. R0 distributions for individual birds assum-
ing transmission occurs in monoculture. We use
parameter values from Table 1 for biting rate, mos-
quito-to-bird density, and others. Solid lines show
NY99 R0 and dotted lines WN02 R0. Here, we present
R0 at 16° (light blue fill) and 26°C (dark blue fill).
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with a high enough biting preference that they
can make an impact on a community R0; further
model-based analyses could narrow down the
abundances and biting preferences that could
allow such a role.

Finally, we clarify that the analysis presented
here averages over two additional levels of varia-
tion. First, we ignored possible among-individual
variation in titer profiles and survival of a given
species. Given that our analysis uses nonlinear
transformations to compute R0 from the titer pro-
files, our use of an average value for each species
could cause either over- or underestimation of the
pairwise R0 values (Ruel and Ayres 1999), pro-
ducing bias in our community-level R0 values.
However, exploring within-species heterogeneity
is likely to be less important than finding a species
that is more competent for WN02 than for NY99.

Second, we present titer profiles that are calcu-
lated using a log10 dose that averages the doses
coming from C. pipiens and C. tarsalis. In the
absence of an interaction between log10 dose and
virus genotype (i.e., dose effects; the effects of
dose transmitted from mosquitos to birds on
bird titer are larger in one genotype than in the
other), changing the log10 dose would not affect
the relative competitive ability of NY99 and
WN02. (We omitted this term from our model
due to lack of data; a very large difference would
likely have shown up in the graphical displays
of model fit.) However, a difference in log10 dose
will affect the absolute titer produced in a bird.
Therefore, predictions of transmission in a speci-
fic region of the country where one of these mos-
quito species is dominant should adjust the log10
dose appropriately.

Bird-to-mosquito transmission
A rich data set comprising 20 publications led

to nearly identical point estimates for NY99 and
WN02 bird-to-mosquito transmission probabil-
ity. Thus, additional studies in this area are unli-
kely to resolve the cause of NY99’s displacement.
However, the high variance in the relationship
between log10 dose and bird-to-mosquito trans-
mission probability for WN02 suggests that we
may be missing important predictors of trans-
mission probability for WN02. Previous work
has shown highly variable mosquito competence
among populations and by time of year (Vaidya-
nathan and Scott 2006, Vanlandingham et al.

2007, Reisen et al. 2008, Richards et al. 2010),
making bird-to-mosquito transmission an impor-
tant research topic for understanding differences
in transmission of WNVat small spatial scales.

Mosquito-to-bird transmission
Mosquito-to-bird transmission for NY99 and

WN02 had very similar point estimates and over-
lapping credible intervals that make it impossible
to determine whether NY99 or WN02 has better
mosquito-to-bird transmission (Fig. 5). Danforth
et al. (2015) emphasize that published studies
calculate the percentage of mosquitos transmit-
ting WNV differently, contributing to variation
in conclusions among studies. While the calcula-
tion method for incubation rate used by Moudy
et al. (2007) and Kilpatrick et al. (2008) may con-
tribute to their significant findings (both measure
incubation rate using all mosquitos rather than
conditioning on infected mosquitos as we do
here), the wide distributions for both NY99 and
WN02 incubation we derived suggest that the
large effects found in these experiments may
simply arise from sampling in the tails of these
distributions. The small data set, high dimen-
sionality (log10 dose, days post-infection, temper-
ature, mosquito species), heterogeneous results
among studies, and variable methods of calculat-
ing mosquito-to-bird transmission point to mos-
quito-to-bird transmission as a focal point of
research to resolve the cause of NY99’s displace-
ment. Ideally, research should (1) focus on WN02
infection in a variety of mosquito species (Dan-
forth et al. 2015), (2) at a single temperature and
value of log10 dose (in order to reduce sources of
heterogeneity), and (3) measure transmission
conditioned on infected mosquitos (in order to
isolate mosquito-to-bird transmission).
How sensitive are our results to the sparse data

available for mosquito-to-bird transmission at low
titers? In the main text, we conducted our analysis
for mosquito-to-bird transmission using data from
four papers on incubation rate in Japanese
Encephalitis Virus (JEV) at low log10 dose, in an
attempt to fill in missing information about
mosquito-to-bird transmission at low titers. In
Appendix S1, we present all results from analyses
without JEV data. These analyses show no qualita-
tive differences in incubation rate in mosquitos
through time (Appendix S1: Fig. S4.6) and reveal
wide, overlapping CIs for R0 in NY99 and WN02
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(Appendix S1: Fig. S5). With JEV data excluded,
the relationship between log10 dose and incubation
rate reverses, becoming negative (Appendix S1:
Figs. S4.3, S4.4, S4.6, and S6.10). This suggests that
mosquitos may become less competent vectors
when infected with high viral doses. We empha-
size that this result is equivocal, because the upper
95% confidence limit is greater than 0; neverthe-
less, the pattern is intriguing enough to warrant
further investigation. A tradeoff between virulence
and transmission is supported by a large body of
theory and empirical work (Alizon et al. 2009);
however, tradeoffs in arthropod vectors have
received relatively little attention (for evidence of a
tradeoff between virulence and transmission in
mosquitos for WNV, see Ciota et al. 2013). Our
results emphasize the potential importance of
tradeoffs in disease vectors.

LocalR0 estimates
We presented two scenarios using different sets

of ecological parameters to illustrate how our syn-
thesis of the physiological aspects of transmission
can produce different R0 outcomes in different
ecological communities. In monoculture, when
birds were bitten with the same daily biting
parameters used in the case study in Chicago, Illi-
nois (Table 1), American Crows had the highest
R0 resulting from their high titer, followed by
House Finches with the second highest titer and
moderate survival. However, there is a distinct
lack of evidence about the differences in fitness
(R0) between NY99 and WN02. In the Chicago
community, including and excluding “other”
birds both resulted in overlapping CIs for R0.
Including “other” birds resulted in a larger med-
ian estimate for WN02 than for NY99 and exclud-
ing “other” birds the reverse (Table 2), due in
part to the biased sample of infections in bird spe-
cies highly susceptible to WN02 (Carolina Wren,
Tufted Titmouse).

Using Eq. (1) for R0 with the ecological
parameters in Table 1 produced median esti-
mates for R0 that were less than 1 for both geno-
types at both temperatures (Table 3). While these
median estimates taken at face value would sug-
gest that WNV should go extinct, CIs for most
estimates do include the values of R0 derived
from serological data. Our low R0 estimates may
be due to using an estimate for mosquito-to-bird
ratio from Simpson et al. (2012) who measured
this parameter in New Haven, Connecticut,
USA, or because we ignored uncertainty in eco-
logical parameter estimates in an effort to focus
on individual-level transmission. For example,
doubling any single parameter, such as the mos-
quito-to-bird ratio or mosquito bite rate, would
double R0, producing many estimates above 1
without changing the relationship between NY99
and WN02. A change in temperature would also
impact mosquito-to-bird transmission (Fig. 5)
and could increase R0; however, because slope
parameter estimates for temperature were simi-
lar for NY99 and WN02 (Appendix S1: Fig. S6.7),
a different temperature will not change the rela-
tionship between NY99 and WN02.
Our calculated R0 distributions for NY99 and

WN02 clearly show that more research is needed
before we can reliably estimate the difference in
R0 between these genotypes. However, the simi-
larity in point estimates of R0 across genotypes
means we should also consider the possibility
that NY99 and WN02 have similar R0 values;
searching for a greater R0 in WN02 would be
fruitless if something other than a difference in
R0 is responsible for NY99’s displacement. Snap-
inn et al. (2007) find no evidence for population
growth of WN02 following NY99’s displacement,
suggesting that the R0 values for the two geno-
types are similar (because the equilibrium inci-
dence of a pathogen is governed by its R0 value,
at least in simple models). Conceivably, a high

Table 3. R0 estimates for a bird community in Chicago, Illinois, USA.

Temperature (°C) Bird species included
NY99
median

NY99 CI
(2.5%, 97.5%)

WN02
median

WN02 CI
(2.5%, 97.5%)

16 All bird species (including “others”) 0.42 (0.005, 2.60) 0.97 (0.01, 5.12)
Four focal passerines (excluding “others”) 0.61 (0.08, 4.80) 0.44 (0.002, 8.94)

26 All bird species (including “others”) 0.19 (0.04, 0.75) 0.50 (0.08, 1.52)
Four focal passerines (excluding “others”) 0.50 (0.08, 1.50) 0.34 (0.02, 2.60)
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intrinsic growth rate (r) in WN02 could have led
to the rapid extirpation of NY99, but the absence
of a spike in seroprevalence that would accom-
pany the emergence of a new strain with large r
makes this a dubious explanation. Furthermore,
WN02 titer profiles in birds and incubation rate
in mosquitos provide no evidence for faster viral
replication indicative of an increase in r that
would result in more rapid spread and increased
cases of WN02 relative to NY99.

To explore the possibility of competitive exclu-
sion explained by phenomena that are not cap-
tured by differences in R0, we have begun to
examine deterministic between-genotype compe-
tition models for WNV in a heterogeneous avian
community, parameterized with the results pre-
sented here. The model will include seasonal
dynamics and among-genotype variation in r
and R0 in heterogeneous communities. We
hypothesize that communities with high densi-
ties of American Crows and House Finches (the
focal species with the largest differences between
NY99 and WN02 dynamics) may be able to sup-
port the observed displacement of NY99 by
WN02 via yearly recruitment of these relatively
competent species. Specifically, if mortality is
high and recruitment low for these species (e.g.,
under NY99 infection), low rates of susceptible
recruitment may reduce the potential for disease
spread, while higher survival under infection
with WN02 could lead to endemic disease. This
phenomenon is unlikely to play a role in commu-
nities where Robins are abundant (Kilpatrick
et al. 2006, Savage et al. 2007, Simpson et al.
2012); however, it may affect epidemiological
dynamics in communities with a higher propor-
tion of crows.

CONCLUSIONS

Combining the available laboratory-derived
data on the transmission parameters of WNV sug-
gests that researchers have been overly optimistic
in given explanations for the displacement of
WN02 by NY99; the reasons for WN02’s fitness
advantage remain ambiguous. How then do we
proceed? Further laboratory studies of individual
birds, especially American Robins, and broader
coverage of possibly competent hosts for WN02
could uncover the cause of WN02’s fitness advan-
tage. Alternatively, we may need to focus on

gathering more information and building more
realistic models at the level of the community;
spatial and temporal differences in vector and bird
populations, variation in the effects of environ-
mental covariates of WNV transmission (Ruiz
et al. 2010), and uncertainty about the importance
of bird density and mosquito preference (e.g.,
Simpson et al. 2009, Chaves et al. 2010) all con-
tribute to our uncertainty in WNV dynamics. Our
work shows the necessity of quantitative synthesis
when scaling from individual processes to com-
munity-level dynamics of complex host–vector–
pathogen systems and highlights the continued
challenges of such synthesis.
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Chapter 3: Predicting West Nile virus transmis-
sion in North American bird commu-
nities using phylogenetic mixed effects
models and eBird citizen science data

In my second of two chapters on WNV I present the results of a mechanistic model
for WNV transmission in diverse North American bird communities. In this chapter I
extend my collection of data on WNV transmission from the literature begun in Chap-
ter 2 to include mosquito biting preferences, bird detectabilities, and bird abundance.
Using these data and the phylogenetic relationship among these bird species, I expand
the scope of my model to predict WNV transmission in any bird community in North
America. I focus my analysis on Texas, USA, where I find that Northern Cardinals
are the most important hosts for WNV and that increasing species richness decreases
the potential for WNV spread.

The text I present here is a submitted second revision of a manuscript in preparation
for Parasites & Vectors.

Author Contributions
MPK conceived the study with helpful feedback from BMB; MPK collected the data;
MPK performed statistical analyses with helpful feedback from BMB; MPK wrote the
first draft of manuscript and both authors revised the manuscript.

Acknowledgements
I thank my committee members Jonathan Dushoff and Ian Dworkin, the Bolker,
Dushoff, and Earn labs, as well as Jo Werba for helping me refine and present this
work.

30



Predicting West Nile virus transmission in North American bird communities 
using phylogenetic mixed effects models and eBird citizen science data 
Morgan P Kain1* and Benjamin M Bolker1,2 
 
*Corresponding author: kainm@mcaster.ca 
1Department of Biology, McMaster University, 1280 Main Street West, L8S 4K1 Hamilton, ON, Canada 
2Department of Mathematics and Statistics, McMaster University, 1280 Main Street West, L8S 4K1 Hamilton, ON, Canada 
 

 

Abstract 
 
Background: 
West Nile virus (WNV) is a mosquito-transmitted disease of birds that has caused bird population 
declines and can spill over into human populations. Previous research has identified bird species that 
infect a large fraction of the total pool of infected mosquitoes and correlate with human infection risk; 
however, these analyses cover small spatial regions and cannot be used to predict transmission in bird 
communities in which these species are rare or absent. Here we present a mechanistic model for WNV 
transmission that predicts WNV spread (R0) in any bird community in North America by scaling up from 
the physiological responses of individual birds to transmission at the level of the community. We predict 
unmeasured bird species’ responses to infection using phylogenetic imputation, based on these species’ 
phylogenetic relationship to bird species with measured responses. 
 
Results: 
We focus our analysis on Texas, USA, because it is among the states with the highest total incidence of 
WNV in humans and is well sampled by birders in the eBird database. Spatio-temporal patterns: WNV 
transmission is controlled primarily by temperature variation across time and space, and secondarily by 
bird community composition. In Texas, we estimate WNV R0 to be highest in the spring and fall 
when temperatures maximize the product of mosquito transmission and survival probabilities. In the 
most favorable months for WNV transmission (April, May, September, and October), we predict R0 to 
be the highest in the “Piney Woods” and “Oak Woods & Prairies” ecoregions of Texas, and the lowest 
in the northern “High Plains” and “South Texas Brush County” ecoregions. Dilution effect: More 
abundant bird species are more competent hosts for WNV, and WNV R0 decreases with increasing 
species richness. Keystone species: We predict that Northern cardinals (Cardinalis cardinalis) are the 
most important hosts for amplifying WNV and that Mourning doves (Zenaida macroura) are the most 
important sinks of infection across Texas. 
 
Conclusion: 
Despite some data limitations, we demonstrate the power of phylogenetic imputation in predicting 
disease transmission in heterogeneous host communities. Our mechanistic modeling framework 
shows promise both for assisting future analyses on transmission and spillover in heterogeneous 
multispecies pathogen systems and for improving model transparency by clarifying assumptions, 
choices, and shortcomings in complex ecological analyses. 
 

Keywords:  
American robin; Dilution effect; Flavivirus; Multiple imputation; Phylogenetic analysis; Zoonotic 
spillover 
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Background 

West Nile virus (WNV), a mosquito-borne pathogen of birds, is a model system for studying vector-borne 

disease transmission and virulence evolution [1–6]. West Nile virus caused infrequent outbreaks in Israel, 

Egypt, India, France, and South Africa from 1937, when it was first isolated in Uganda, until the 1980s 

[4]. By the mid 1990s WNV had spread across much of Europe; it remains a moderate human and equine 

health burden in Europe and Africa today [5,7–12]. West Nile virus was first detected in North America in 

New York, USA in 1999, and by 2003 had spread to all contiguous US states, southern Canada and 

northern Mexico [1], and has now become the world’s most widespread arbovirus [13]. The North 

American WNV epidemic caused population declines in numerous bird species [1,14,15] and hundreds of 

thousands of spillover infections in humans [16–18], including 23,000 reported cases of neuroinvasive 

WNV disease and more than 2,000 deaths between 1999 and 2017 [19]. 

The life cycle of WNV, which we introduce here from infected mosquito to infected mosquito, is 

sensitive to abiotic and biotic factors at every stage [4]. First, an infected mosquito infects susceptible birds 

(“mosquito-to-bird transmission”). Transmission probability during a feeding event depends on the viral 

load (titer) in a mosquitoes’ salivary glands, which is determined by the length of time the mosquito has 

been infected and the viral replication rate in the mosquito [20]; replication rate is a function of the dose 

the mosquito received when it became infected, the mosquito species, and environmental variables such as 

temperature [6]. A mosquito’s overall ability to transmit infection to a susceptible host is called “vector 

competence” [21,22]. Which bird species become infected depends on mosquitoes’ biting preferences 

[23] and on the abundance of each bird species in the community. 

In the second step of transmission, infected birds infect susceptible mosquitoes (“bird-to-

mosquito transmission”). The probability that a susceptible mosquito becomes infected during a feeding 

event depends on titer in the bird species, the species of the mosquito, and environmental variables such 

as temperature [6]. Critically, bird species vary considerably in both their physiological capacity for 

transmitting infection to mosquito vectors because of differences among species in survival and virus titer 

(which together comprise “host competence”), and in their relative contribution to the pool of infectious 
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mosquitoes because of differences in their abundance and attractiveness to mosquitoes [23]. 

WNV has been intensely studied, including models and/or empirical analysis of: prevention 

strategies for WNV [24,25]; ecological factors associated with the spread of WNV [26–29]; risk 

assessment for invasion into new locations [11,30–32]; human infection risk [16,33–36]; and the 

importance of individual bird species in transmitting WNV [1,6,37,38]. This work has contributed 

substantially to our understanding of the dynamics of WNV. For example, Wonham et al. [24] and four 

others reviewed in [39] laid the foundation for WNV transmission models, providing insight into the 

threshold number of mosquitoes at which WNV R0 = 1 [24], the impact of bird mortality on transmission 

[40], and the transition from an epidemic to endemic state [41]. However, all of these studies used a 

differential equation framework that ignores much of the heterogeneity in transmission probabilities over 

the course of infection and variation among hosts and mosquitoes. Vogels et al. [29] do incorporate 

transmission probabilities from three vector species at three different temperatures; however, they 

considered only a single bird species. Kilpatrick et al. [1] and Peterson et al. [37] began to address the 

abundant variation in competence among bird species, which led to a variety of work on the connection 

between specific bird species and human infection risk [16,35,36]. 

Most work neglects much of the heterogeneity in the life cycle of WNV: all of these analyses 

were focused narrowly on a small subset of the species found in diverse bird communities and/or use a 

small fraction of the available empirical data. Ideally, predictions for the spread of WNV in diverse 

communities of birds would be obtained from a mechanistic model that uses as much of the available 

empirical data as possible on individual-level processes to scale up to transmission at the level of the 

community while retaining the heterogeneities in WNV transmission. These data include–among many 

other axes of heterogeneity–the physiological responses of all of the bird species in the community; the 

biting preferences of mosquitoes on these bird species; and the relative abundance of each bird species. 

Relative to phenomenological models, mechanistic models are often more powerful because they are 

better at prediction in conditions beyond those observed [42,43], and help elucidate biological unknowns 

when they fail [44]. A mechanistic model for WNV would allow for estimation of the force of infection of 
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WNV in any bird community and help researchers explore causal links between bird community 

composition and human infection risk. 

In North America, there have been over a hundred infection experiments of mosquitoes and birds 

(see [6] for a synthesis of these data), and extensive studies on mosquito feeding preferences (for a review 

see [23]; for examples of field observations see [45,46]). Despite this work, bird communities across North 

America contain hundreds of bird species with unmeasured physiological responses to WNV and 

unknown mosquito biting preferences. Because of this gap, WNV spread has not yet been predicted 

mechanistically using full bird communities. 

We present a model for predicting WNV R0 for bird communities in any state or province in 

North America (aggregated in space and time by county, month, and year) or larger region: R code is 

provided in the online supplemental material. While our model is set up to provide estimates of WNV 

transmission anywhere in North America, sufficient information about bird species abundance (e.g. from 

eBird data) may be unavailable in some rural locations in the US and many locations in Canada and 

Mexico. To get around the problem of unmeasured responses to WNV for many bird species, we estimate 

missing bird species’ responses using these species’ phylogenetic relationship to bird species with 

measured responses, a technique we call “phylogenetic imputation”. This is a general method that can be 

used to model the correlated responses of multiple species and efficiently estimate the response (e.g. traits, 

response to infection) of species with little or no data (see [47] for a similar method and application). This 

technique allows us to scale up from the physiological responses of individual birds to disease 

transmission at the scale of the whole community by considering species-level variation in the 

physiological response to WNV and the biting preference by mosquito vectors of all of the birds in the 

community. This allows our model to retain all known heterogeneities in the life cycle of WNV associated 

with the bird community. 

A model allowing for all important WNV transmission heterogeneities would certainly need to 

allow for spatial and temporal variation in mosquito populations, temperature, and the effects of 

temperature on transmission probabilities, mosquito survival, and biting rate [12], each of which has large 
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effects on WNV transmission [29]. While our model considers spatial and temporal variation in 

temperature and resulting variation in transmission probabilities and mosquito survival, we assume a 

single homogenous population of mosquitoes because of a lack of data on mosquito populations. Thus, 

while our model is a step in the right direction, ignoring variation in vector competence among mosquito 

species is a shortcoming of our approach. 

We use a variety of datasets to fit our model including: laboratory infections of birds and 

mosquitoes (full citations are available in the online supplemental material; further details available in 

[6]), field data on mosquito biting preferences [45], bird body size data from a searchable database [48], 

bird detectability from field sampling (citations are listed in the online supplemental material), the 

comprehensive phylogeny of birds [49,50], and citizen science data on bird abundance from eBird, the 

Cornell Laboratory of Ornithology citizen science database [51]. 

We show how our model can be used to predict the intrinsic reproductive number (R0) of WNV, 

the expected number of new infections a single infected individual generates in an otherwise susceptible 

population. We focus our analysis on Texas, USA, because it is among the states with the highest total 

incidence of WNV in humans [52] (Texas had an estimated total of 534,000 cases between 2003 and 2010 

[16], and Dallas county specifically had the highest recorded number of cases anywhere in the US in a 

2012 nationwide WNV epidemic [53]), and is well sampled in the eBird database. We use R0 as a metric 

to compare transmission potential among bird communities; we do not use R0 as a metric to predict the 

exact size of a new epidemic, which would require detailed information on bird seroprevalence. We 

examine spatio-temporal patterns in WNV R0 across Texas and determine which bird species in Texas are 

the best and worst hosts for propagating WNV. For this case study we assume a single mosquito species, 

which allows us to address our primary focus of variation in the bird community. 

Using our imputed responses for full bird communities and R0 estimates in Texas, we test both an 

assumption and a prediction of the dilution effect, which is the hypothesis that states that increasing 

biodiversity (in either species richness or evenness) will decrease R0 or another quantity associated with 

the spread of disease such as the number of spillover infections into non-target hosts [54–56]. Previous 
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work in this system has found variable support for the dilution effect [28,33,57,58]. In an attempt to clarify 

these variable results, we test if more abundant bird species are better hosts for WNV (an assumption of the 

dilution effect), and whether bird species richness is positively or negatively correlated with WNV R0 (an 

amplification or dilution effect respectively). 

We structure our paper and supplemental code to serve as a reference for future work analyzing 

ecological problems that require multi-faceted mechanistic models—mechanistic models that require 

many (potentially compartmentalized) sub-models, each of which relies on different data sources. We 

provide a detailed description of each of our sub-models and give reasons for our statistical choices; we 

emphasize principled ways to estimate missing data, and the importance of propagating uncertainty. The 

online supplemental material provides extensively commented R code and a complete list of all data 

cleaning and analysis steps required to obtain estimates for the R0 of WNV in any region in North 

America using a single compressed eBird data file available upon request from [59].  

 

Methods 

Model overview 

We introduce our model by working backwards, from the overarching biological questions to the 

specifics of individual models. We begin by describing our primary model outcomes. We then explain our 

method for calculating the R0 of WNV. Finally, we detail how we estimated each parameter in the 

equation for R0 using individual sub-models, and how we linked these estimates and propagated 

uncertainty to calculate R0. Table 1 describes the components of our overall model and how they fit into 

our analysis.  
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Table 1: Sub-model details for our multi-faceted ecological model for WNV R0. The two 
transmission steps (Column 2) of WNV’s life cycle are: mosquito to bird (M-to-B) 
transmission—transmission from an infected mosquito to a susceptible bird; bird to mosquito 
(B-to-M) transmission—transmission from an infected bird to a susceptible mosquito. Citations 
accompany data available in the online supplemental material; details on data extraction can be 
found in [6]. 

Component of 
community R0 

Transmission 
step 

R0 equation 
component 
(see Eq.2) 

Data Soruces(s) For details see: 

Raw eBird counts 
of bird species i M-to-B Component of 

ωSi and ωµi 

1,437,050 complete lists 
submitted between 
2000-2017 in Texas, USA 

Methods–Model 
components: Bird 
community 

Detectability of 
bird species i M-to-B Component of 

ωSi 

12 publications, which included 
estimates for 
475 Bird Species 

Methods–Model 
components: Bird 
detectability 

Mosquito biting 
preference on bird 
species i 

Both Component of 
ωSi 

[45] and eBird records for the 
same spatio-temporal 
sampling period 

Methods–Model 
components: 
Mosquito 
biting preference 

Mosquito 
incubation of 
WNV 

M-to-B Determines 
PMBd 

9 publications, which 
included 45 infection 
experiments (see online 
supplemental material and [6]) 

Methods–
Community R0; 
model from: [6] 

Mosquito survival M-to-B SMd [118] 
Methods–
Community R0; 
model from: [6] 

Mosquito biting 
rate Both δ [46] from [24] and [61] Methods–

Community R0 

Titer profile of 
bird species i B-to-M Tij 

30 publications, which 
included 111 infection 
experiments of 47 bird species 
(see online supplemental 
material and [6]) 

Methods–Model 
components: Bird 
titer profile and 
survival 

Survival of bird 
species i B-to-M SBij 

30 publications, which 
included 111 infection 
experiments of 47 bird species 
(see online supplemental 
material and [6]) 

Methods–Model 
components: Bird 
titer profile and 
survival 

Bird-to-mosquito 
transmission 
probability — 
titer 

B-to-M PBMij 
20 publications (see online 
supplemental material and [6]) 

Methods–Model 
components: Bird 
titer profile and 
survival ; 
model from: [6] 

Number of 
mosquitoes per 
bird 

B-to-M nMB Based loosely on [46] Methods–
Community R0 
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Model outcomes 

First, we focus on spatial and temporal patterns in R0 at the level of the community; we calculate WNV 

R0 for bird communities between 2000 and 2017 separated spatially by county and temporally by month 

and year, and then fit a spatio-temporal model to the resulting WNV R0 estimates which includes 11 

ecoregions in Texas, human population density, temperature, and year as predictor variables. Second, we 

determine which bird species have the largest predicted impact on R0 in Texas, USA. We quantify the 

importance of each species within each community by calculating the proportional change in R0 that 

would be predicted to occur if that species were removed from the community and replaced by the other 

species in community in proportion to their relative abundance. We consider species whose removal 

strongly increases or decreases R0 as the least or most competent birds for WNV, respectively. In the 

language of the dilution effect [54– 56], species that increase R0 when removed can be defined as 

“diluters”, and those that decrease R0 when removed as “amplifiers”. We test if more abundant bird 

species are more physiologically competent for transmitting WNV and if an increase in species richness is 

predicted to decrease WNV R0. 

 

Community R0 

We calculate R0 as the expected number of mosquitoes that become infected following the introduction of 

a single infected mosquito into a population of susceptible birds and otherwise uninfected mosquitoes. 

This calculation assumes that all mosquitoes have identical biting preferences and vector competence. We 

break R0 into two transmission steps: mosquito-to-bird transmission, which measures the expected 

number of each bird of species i that would become infected by a single infected mosquito; and bird-to-

mosquito transmission, which calculates the expected number of mosquitoes infected by the infected birds 

of species i calculated in the mosquito-to-bird transmission step. Written in this way, the sum of bird-to-

mosquito transmission gives the number of new infected mosquitoes resulting from the single infected 

mosquito, which is the R0 of WNV.  
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Mosquito-to-bird transmission is calculated by: 

𝜇" = 𝜔%" &𝑃()*

+

*,-

∗ 𝑆(* ∗ 𝛿,																																																																																																																																					(1) 

where µi is the number of birds of species i that become infected when a single infected mosquito is 

introduced into a community of susceptible birds. The quantity ωSi is the scaled proportion of susceptible 

individuals of bird species i, which is given by the observed proportions of species i (determined by eBird 

data, see Methods: Bird Community), weighted by the detectability of species i (see Methods: Bird 

Detectability) and the mosquito biting preference on species i (see Methods: Mosquito biting preference). 

The derivation of ωSi is given in Methods: Mosquito biting preference. Total transmission from the 

infected mosquito to susceptible birds is given by a sum over D, the duration of the mosquito’s infectious 

period. This sum is a measure of vector competence, the total ability of a vector to transmit infection to a 

susceptible host [21], a key component of which is the transmission probability per feeding event [22]. 

The probability of transmission per mosquito bite on each day (PMBd) follows a logistic function of titer in 

the mosquito’s salivary glands, which is a function of time since infection, dose received from the 

infected bird, temperature, mosquito species, and WNV strain (see [6] for a synthesis of these data). Here 

we assume that the mosquito is introduced into the susceptible population of birds on the first day 

following infection with the WN02 strain of WNV with a dose of 105.5 viral particles. We predict 

mosquito incubation rate of WNV and mosquito survival (SMd; estimates for mosquito survival are taken 

from a model for mosquito survival fit in [6]) for each Texas bird community using the average 

temperature in each Texas county by month and year with temperature data obtained from NOAA [60]. 

We ignore the effect of mosquito species, which was fitted as a random effect in [6], due to the absence of 

data. These simplifications do not affect the relative effect of bird species, but will affect overall R0 values, 

and could affect spatio-temporal patterns. Finally, δ is mosquito biting rate with units of bites per 

mosquito per day. We assume a constant mosquito biting rate of 0.14 per mosquito per day (as assumed by 

[46], taken from [24,61]). 
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WNV R0 is calculated using the sum of bird-to-mosquito transmission:  

R6 =&(𝜔7"

8

",-

&𝑃)("9

:

9,-

(𝑇"9) ∗ 𝑆)"9)	𝑛() ∗ 𝛿,																																																																																																					(2) 

Eq.2 gives the expected  number of new mosquitoes  infected by  the expected number of each bird of 

species i infected by a single mosquito (given by µi in Eq.1), weighted by the biting preference of 

mosquitoes on species i, summed over bird species to obtain overall R0. The transmission probability 

from an infected bird of species i to a susceptible mosquito on day j (PBMij) is a function of a bird’s titer 

(Tij). Transmission probability is discounted by the bird’s survival probability up to day j (SBij). We 

measure bird titer and survival until day 8, which is one day longer than previous measures of host 

competence [20,62] and long enough to capture all known detectable measures of titer in birds. The 

inner summation over j captures a quantity commonly called “host competence”, which we call 

“physiological competence” to emphasize that this component is not scaled by mosquito biting 

preference. Classically, host competence is defined as the daily sum of host-to-vector infection 

probability over the course of a host’s infectious period [20,62], assuming a single mosquito bite per day 

on an infected bird. Here, when multiplied by ωµi, this quantity gives the number of new mosquitoes 

that infected individuals of species i (µi) infect, arising from a single originally infected mosquito (in 

Eq.2 the entire quantity inside the large parentheses). The R0 of WNV is given by the sum of this 

quantity over all infected bird species multiplied by a constant ratio of mosquitoes to birds (nMB) (in the 

absence of better data we assume a ratio of 3 based approximately on sampling conducted by [46] in New 

Haven, CT) and the number of bites per mosquito per day (δ). 

We focus on estimating the parameters associated with the bird community, which includes ωSi, 

ωµi, PBMij, Tij, and SBij. For mosquito-to-bird transmission probability (parameters PMBd and SMd) we 

use estimates from the models fit in [6] and single values from the literature for mosquito biting rate (δ) 

and the ratio of mosquitoes to birds (nMB). While the mosquito-to-bird ratio and mosquito biting rate will 

in reality be a function of parameters that vary both spatially and temporally such as ecoregion, season, 

temperature [29], as well as human population density, we assume a constant mosquito-to-bird ratio here 
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because of a lack of sufficient data on spatial and seasonal variation in this ratio across Texas and because 

our primary focus is on estimating R0 as a function of the bird community. Because we assume no 

interaction between mosquito species and bird species in the probability of infection, and because the 

remaining parameters are scalars, differences in these parameters will affect the overall magnitude of 

R0 estimates but will not affect qualitative patterns in R0 due to variation among bird communities in 

space and time. 

In Methods: Model components we further unpack Eq.1 and Eq.2 (e.g. ωSi) and describe how we 

estimated each of the parameters associated with the bird community. The data and models that informed 

all parameters of both Eq.1 and Eq.2 are described in greater detail in Table 1. 

 

Phylogenetic imputation 

The primary difficulty in estimating community competence for a diverse community of birds is that 

physiological responses to WNV and mosquito biting preferences are unknown for most bird species. 

Obtaining these data for every species in a diverse community of birds would be infeasible. To address 

this problem, we use a form of phylogenetic analysis that we call “phylogenetic imputation” in which we 

fit models using all of the data that is currently available for a given response (e.g. a bird species’ titer 

profile) and estimate the response of species with missing data using the phylogenetic relationship 

between the missing species and the species for which we have data. 

The effects of a predictor variable on the response of multiple species can be modeled using 

the phylogenetic relationships among the species to estimate the correlation among observations. Classic 

phylogenetic regression approaches assume a correlated-residual model using phylogenetically 

independent contrasts (PICs), where the residuals evolve as a Brownian motion process [63]; in other 

words, residuals are phylogenetically correlated. Many recent approaches, including phylogenetic 

generalized linear mixed models (PGLMM) [64], Pagel’s λ [65], and Blomberg’s κ [66], expand upon 

Felsenstein’s PICs by incorporating extra parameters that correct for bias, and by partitioning the 

phylogenetically correlated residual variation into phylogenetically uncorrelated residual variation 
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(observation error or tip variation) and phylogenetic signal (biological/evolutionary process error) [67]. 

Here we use a newly implemented method built on the lme4 package in R that incorporates 

phylogenetic correlations by modeling them as random effects and allows for random slopes (i.e. 

phylogenetic signal in response to change in the predictor variable), random interactions, and nested 

random effect models, and is orders of magnitude faster than alternative methods [68]. Like most 

previous methods, the evolutionary history for each species is modeled as a sequence of Normal 

independent errors. Thus, the portion of a species’ response attributable to its evolutionary history can be 

calculated as the sum of the evolutionary change that occurred on each of the internal branches in the 

phylogeny leading to that species. 

We estimate missing values for bird responses (e.g. bird titer) using multiple imputation (where 

each missing value is replaced by random samples from a distribution of plausible values [69]). To impute, 

we first fit a phylogenetic mixed model to all of the species for which we have data. Then, for each 

species without data, we first sum the evolutionary change in the response variable that occurred on all 

branches of the phylogeny leading to the most recent common ancestor between the species with a 

missing response and the most similarly related species that has data and was included in the mixed 

model. This gives the effect on the response variable of the species’ shared evolutionary history up to the 

time when these species diverged. To obtain these values we draw random Normal (multivariate if the 

mixed model includes multiple correlated species-level random effects) samples for each branch, with 

means equal to the conditional modes of each branch multiplied by the branch length and variances equal 

to the conditional variances of each branch multiplied by the square of the branch lengths. Then, the 

evolutionary change that has occurred since the two species diverged is estimated by drawing random 

Normal (multivariate Normal if the mixed model includes multiple correlated species-level random 

effects) samples with a mean of zero (the expected value for each unmeasured species is equal to that of 

the most closely related measured species because of the assumption of Brownian motion) and standard 

deviation (sd) equal to the estimated sd of the species-level random effect(s) multiplied by the 

evolutionary distance (branch length) from the most recent common ancestor of the most closely related 
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measured species. Together, these estimates give the estimated total effect of a species’ evolutionary 

history on a given response. The remaining portion of a species’ response is given by the fixed effects 

(e.g. body size) and other non-species-level random effects (e.g. variation among infection experiments).  

For our analysis we used a bird consensus phylogeny that was calculated using 1000 trees 

downloaded from [49] (Stage2_MayrPar_Ericson_set1_decisive.tre) [50] using DendroPy [70] and 

methods described in [71]. 

 

Phylogenetic imputation validation 

We validate our phylogenetic imputation method in two ways: first, we calculate conditional R2 using the 

methods outlined in [72,73] for models with and without a species level phylogenetic random effect. We 

estimate conditional R2 using code from the R package MuMIn [74], adapted to accommodate the 

structure of the phylogenetic mixed model objects. Second, we use blocked leave-one-out cross validation 

[75] at the level of species for models with and without the species level phylogenetic random effect to 

assess the effects of phylogenetic imputation on out-of-sample error. We present additional details and 

results for each of these forms of validation in the online supplement. For a vignette on the phylogenetic 

models built on lme4 see [68].  

 

Model components  

Bird titer profile and survival 

We modeled bird infection profiles and mortality probabilities using data from experimental infections of 

47 bird species collected from 30 publications containing 113 individual infection experiments; most of 

these data have been presented previously [6]. For the bird titer, bird survival, and bird-to-mosquito 

transmission models in this paper we grouped data from the two primary WNV strains, NY99 and WN02 

([6] were unable to detect a clear difference between the NY99 and WN02 strains). 

To model bird titer profiles we used a log-normal mixed effects model; fixed effects included a 
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Ricker function of day (using day and log(day) as predictors of log-titer; see supplemental material or [76] 

for more information), infectious dose, bird body size, and the interaction between day and bird body size. 

We used a random intercept and slope over both day and log(day), which are constrained by the 

phylogenetic relationship among the species. We also included random intercepts for citation and 

infection experiment. 

To model bird survival we used a generalized linear mixed effects model (GLMM) with a 

binomial error distribution and complementary log-log link, where the number of birds dying on a given 

day was taken as the number of “successes” and the number of birds that survived that day as “failures”. 

This model estimates a bird’s daily log-hazard [77], which can be back-transformed to estimate daily 

mortality probability and cumulative survival probability using the cumulative product of the complement 

of the daily mortality probabilities. We modeled bird survival using the main effects of titer, day, and bird 

body size as fixed effects; citation, infection experiment, and bird species (phylogenetically constrained) 

were modeled using random intercepts (due to a lack of data we were unable to estimate species-level 

variation in sensitivity to titer). 

The bird body size data used in both models were obtained from the searchable digital edition of 

Dunning (2008) [48]. Body size data was averaged if data for a given species was available for both sexes 

or multiple sub-species. Approximately 7% of the species in the Texas eBird dataset did not have mean 

body sizes reported in [48] but did have minimum and maximum values reported. The body size for these 

species was taken as the center of the range. Approximately 0.3% of the species in the Texas eBird 

dataset were not represented at all in [48]. For these species, the body sizes of all congeners were 

averaged. 

 

Bird community 

We obtained bird abundances data from the Cornell Laboratory of Ornithology citizen science database 

eBird [51,59]. We used all complete checklists [51,80] submitted between January, 2000 and December, 

2017. Complete checklists are defined as a report of all birds (number of individuals of all species) that 
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are seen on a given outing. Checklists were aggregated spatially at the level of Texas counties for each 

month between January, 2000 and December, 2017, which resulted in a total of 30,188 bird communities 

containing a total of 679 unique species. To match scientific names, which occasionally differed between 

eBird and the consensus phylogeny, we used an automated lookup procedure to search both the IUCN 

[81] and Catalogue of Life [82] databases. All unmatched names following the automated lookup were 

matched by hand using manual searches (< 1% of species). 

We focus on results for a reduced eBird dataset that included 2,569 communities and a total of 645 

bird species, with a median occurrence (proportion of communities in which bird species i was sampled) of 

13% (95% of species between .04% and 82%; a total of 167 species were recorded in less than 1% of the 

communities). In the online supplement we present results for the complete Texas eBird dataset, which 

included all 30,188 available communities and 679 species. We subset our data for the main analysis 

because many of the Texas bird communities were under-sampled (e.g. 13,254 communities were sampled 

with 5 or fewer lists) and therefore these data are unlikely to be a good representation of the true bird 

community. The 2,569 bird communities were chosen because they were all sampled with a minimum 

effort of 80 complete checklists. We chose 80 lists in an attempt to maximize the number of communities 

for our analysis while minimizing the retention of under-sampled communities. To optimize the tradeoff 

between number of communities and data quality, we resampled 5-120 complete lists from the 46 most 

sampled communities (communities with greater than 1,300 lists) 100 times. We calculated the proportion 

of species missing in the subsampled communities as well as the root mean squared error (RMSE) in the 

relative proportions of all species between the two communities. Using the rate of change in RMSE and 

species retention (Figures S1, S2), we determined that with fewer than 80 complete lists, the gain in total 

number of communities was not worth the increased error rate and loss of species representation, while at 

greater than 80 complete lists the loss in communities was too large for the small decrease in error and 

species loss. For full simulation results see the online supplement (Methods: Community resampling, 

Figures S1, S2). 
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Bird detectability 

We scaled raw bird counts by the detectability of each bird species to correct for incomplete sampling of 

bird communities and to control for variation in the quality of eBird records; alternatively or additionally, 

eBird lists can be weighted by user skill [80,83]. We searched for data on the maximum detection 

distances of birds using Google scholar with the following search criteria: “X” maximum detection 

distance, “X” maximum detection radius, “X” effective detection distance, and “X” effective detection 

radius, where “X” took each of: landbird, land bird, waterbird, water bird, waterfowl, seabird, sea bird, 

and marsh bird. In all cases the first 60 hits were assessed for relevant information. Because of 

overlapping results, a total of 1,440 titles, abstracts, and/or entire papers were read for relevant data. In 

total, we took data from 12 sources which contained maximum detection distances for 469 bird species. 

However, we failed to find detection distances for waterfowl and shore birds; maximum detection 

distances (roughly intermediate to values between woodland species and seabirds) were assigned to 21 

waterfowl and shore birds based on detection probabilities in the literature and our knowledge of the 

natural history of these species (personal birding experience [84]). 

In order to fill in missing information for detection distance, we used the results of our literature 

search to fit a phylogenetic mixed effects model. Maximum detection distances for species in the Texas 

eBird data were estimated using a GLMM with a log-normal error distribution. Body size was used as a 

fixed effect and species was included as a phylogenetic random effect. The eBird counts for each species 

were then adjusted by multiplying counts by the ratio of the maximum detection distance in the 

community to the detection distance of each species. Using the square of maximum detection distance to 

reflect the relative spatial area sampled for each species may also be an appropriate method for adjusting 

raw eBird counts. We chose linear scaling here because 50% of lists were transects and because squared 

distance generated unrealistic outliers. 

 

Mosquito biting preference  

Finally, bird species proportions were adjusted using the biting preferences of mosquitoes, which scales 
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true bird proportions to the proportions that mosquitoes “see”. Because mosquitoes (Culex sp. and others) 

prefer some hosts to others [20,45,85], this step is required to appropriately translate each bird’s 

physiological response (a bird’s mosquito infecting potential) into realized infections of mosquitoes [20]. 

A mosquito’s biting preference on bird species i can be calculated as the rate of mosquito feeding on 

species i relative to its abundance in the community [20]: 𝛽" =
𝑓" 𝑎"A , where fi is the fraction of total blood 

meals from species i, and ai is the proportion of species i in the community. Experimentally, fi is 

determined by sampling mosquitoes and determining the species origin of blood recovered from the 

mosquitoes; bird surveys are used to determine ai ([20,45,46]). A value for  βi = 1 indicates that a bird 

species is bitten exactly in proportion  to its representation in the community. A value of βi > 1 or βi < 

1 indicates a bird species that is preferred or avoided by mosquitoes, respectively. At one extreme, a bird 

with high infectious potential (high titer and low mortality) may contribute very little to the spread of 

WNV if it is avoided by mosquitoes. At the other extreme, a bird with low physiological competence (low 

titer and/or high mortality) may contribute substantially to the spread of WNV if it is among the most 

preferred species in a community. For example, American robins (Turdus migratorius) have been found to 

infect the largest, or close to the largest, proportion of mosquitoes of any bird species in some bird 

communities in eastern USA because of their high abundance and mosquito preference [20,45,46,86,87], 

in spite of their relatively low titer [6]. 

In previous studies, when the blood of bird species i was recorded in a mosquito, but bird species i 

was unobserved in the community, the bird was either assigned a proportion corresponding to the rarest 

bird measured [45], or dropped from the analysis [20]. If bird species i was observed but its blood was not 

detected in a mosquito, it was assumed that a single mosquito was observed with the blood of bird species 

i [20,45]. While convenient, the assignment of arbitrary values to missing data here leads to biting 

preferences spanning three orders of magnitude [20,45], which seems biologically implausible. 

Alternatively, a Bayesian statistical model can be used to estimate mosquito biting preference (which is 

not directly observed), when bird species i or its blood is not observed. Here we use a multinomial model 

47



in Stan [78], interfaced with R using rstan [79]. We model bird proportions using data from [45] and a 

Dirichlet prior, the conjugate prior to the multinomial distribution [88]. The Dirichlet prior was set 

proportional to eBird observations for the same location and dates as the sampling originally conducted in 

[45]; we used all complete checklists in a circle with radius 08’ around the focal point of 41o42’N, 

87o44’W given as the center of the surveys conducted in [45] for the months of May and October in 

2006-2008; this area is shown in Figure S3. 

The fraction of total blood meals in mosquitoes was modeled using a Gamma error distribution 

with data from [45] and a Gamma prior (shape = 0.25, scale = 0.25). This prior distribution has a mean 

equal to one, median less than one and moderate dispersion, which assumes that birds are preferred in 

proportion to their abundance on average; the majority of bird species are preferred a bit less than 

proportional to their relative abundance, while a few bird species are preferred much more than 

proportional to their relative abundance. This Dirichlet-multinomial model estimates mosquito biting 

preferences for all of the species recorded on eBird between May and October in 2006-2008 in Cook 

County, IL. 

Estimates of mosquito blood meals from the Dirichlet-multinomial Stan model were then used to 

impute biting preference on bird species in the Texas dataset by fitting a GLMM with Poisson-distributed 

error (which includes a species-level phylogenetic random effect) to the biting preferences estimated by 

the Dirichlet-multinomial model. This step assumes that a mosquito’s biting preference on species i is the 

same in Illinois as in Texas; both states share Cx. tarsalis, while Cx. pipiens is unique to Illinois and Cx. 

quinquefasciatus is unique to Texas [89], making this an unavoidable oversimplification. Biting 

preference estimates were scaled to a mean of one, and were then used to weight the observed 

proportions of each bird species. The weighted proportions of each bird species were obtained using: 

𝜔B = 	
𝛽"𝛼"𝛿"

∑ 𝛽"𝛼"𝛿"8
",-

,																																																																																																																																																								(3) 

where ωi is the adjusted proportion of species i, αi is the unweighted proportion of each species 

determined directly from eBird data, βi is mosquito biting preference on species i, and δi is the ratio of 
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the maximum bird detectability in the community to the detectability of species i. The scaling in this 

equation is equivalent to using a weighted Manly’s α index [90]. 

 

Spatio-temporal patterns in WNV R0 

To determine the spatio-temporal patterns in WNV R0 we fit a generalized additive model (GAM) 

using the mgcv package in R. We use this as a proof of concept example to show how the imputed 

physiological responses of birds and mosquito biting preferences can be used to predict larger scale 

patterns. This model included thin plate splines for the log of human population density, temperature, and 

year. We stress that in the absence of data on mosquito communities on the scale of the bird communities, 

the R0 estimates from this model are driven by variation in bird communities and temperature only and 

cannot be taken at face value as accurate estimates of actual WNV transmission potential.  

We first attempted to fit a model using the proportion of each ecoregion in each county, but could 

not overcome issues of concurvity (analogous to co-linearity in a GAM model [91]) in this model. 

Instead, we fit a simplified model using a Markov random field to model the effects of ecoregion under 

the simplified assumption that each county had only a single ecoregion, which we chose as the most 

abundant ecoregion in each county. We fit a random effect of county to control for repeated measures 

within counties and to account for spatial variation within ecoregion. Ideally, we would also model fine-

scale spatial variation using a thin plate spline over latitude and longitude coordinate pairs; however, 

models that included this predictor suffered greatly from concurvity problems. We used the inverse of the 

variance in R0 estimates as weights.  

The 11 major different ecoregions in Texas, population density, and county spatial shape data 

were obtained from [92]. This model provides estimates of both seasonal and long-term trends in WNV 

R0 as the structure of bird communities have changed in the past two decades (due to disturbances such as 

habitat change [93]; habitat destruction [94]; climate change [95]; and the effect of the WNV epidemic 

itself [1]) as well as spatial estimates of WNV R0 by county. 
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Propagation of uncertainty  

Multi-faceted ecological models will underestimate uncertainty (e.g. the width of confidence 

intervals on estimates of outcomes of interest) if the point estimates from each sub-model are used while 

neglecting their uncertainty. Point estimates may also differ between models with or without uncertainty 

because nonlinear transformations of distributions will change the expected value, a phenomenon known 

as Jensen’s inequality [96]. We focus on results from a model with all uncertainty propagated, but briefly 

discuss the impacts of ignoring uncertainty on both our quantitative and qualitative conclusions (for more 

detailed results see the online supplemental material). Table 2 gives a list of the sources of uncertainty 

and how each source was propagated.  

Table 2: Details about each source of uncertainty. 

Source of 
Uncertainty 

Description Method of propagation 

Fixed effects Uncertainty in the fixed effects for 
each sub-model 

1000 multivariate (or univariate depending on 
the model definition) normal samples using the 
means and vcov matrix of the fixed effects 

Phylogenetic 
random 
effect 

Uncertainty in the amount of 
evolutionary change in the response 
variable (e.g. bird titer) that has occurred 
over each branch of the phylogeny 

1000 multivariate (or univariate for models with 
a single species-level random effect) normal 
samples for each branch, with means equal to 
the conditional modes of the species-level 
random effect for each branch multiplied by the 
branch lengths and variance equal to the 
variance of the conditional models of the 
random effects for each branch multiplied by the 
squared branch lengths 

Phylogenetic tip 
variation 

 
Evolutionary change that has occurred 
after the divergence of the species whose 
response is being imputed from its most 
closely related species that has an 
empirically measured (and estimated) 
response 

1000 multivariate (or univariate for models with 
a single species-level random effect) normal 
samples with mean 0 (because of the assumption 
of Brownian motion), and sd equal to the sd of 
the species-level random effect multiplied by the 
length of the final (most recent in time) branch 
leading to the species in question 

Other random 
effects 

Uncertainty due to variation among 
studies and infection experiments 

1000 univariate normal samples for each random 
effect with mean equal to 0 and sd equal to the 
estimated sd 

Stan model 
overall 

uncertainty 

Summary of the entire uncertainty 
associated with the three Stan models 
used in the transmission steps between 
mosquitoes and birds (bird-to-mosquito 
transmission probability, mosquito-to-
bird transmission probability, and 
mosquito biting preference) 

1000 samples from the posterior distributions for 
each of the Stan models 

50



We set up our sub-models in the R code provided in the online supplemental material so that each 

source of uncertainty can be set individually to be either propagated or ignored, which can be used to 

obtain a first approximation (assuming independence of errors) for the relative effects of uncertainty in 

each sub-model on uncertainty in R0 and on spatio-temporal patterns in R0. We briefly discuss which 

sources of uncertainty have the largest impact on our conclusions in the online supplemental material. 

 

Results 

Community R0 

WNV transmission is controlled primarily by temperature variation across time and space. In 

Texas, we estimated WNV R0 to be highest in the spring and fall when temperatures maximize the 

product of mosquito transmission and survival probabilities (across all ecoregions in April: median R0 

= 2.16, median temperature across all Texas counties = 19oC; May: R0 = 2.31, 23oC; October: R0 = 

2.27, 19oC) (Figure 1). Within these favorable months, we estimate R0 to be highest in the “Piney 

Woods” ecoregion (median R0 = 2.29) and “Oak Woods & Prairies” (median R0 = 2.28) ecoregions of Texas, 

and the lowest in the northern “High Plains” ecoregion (median R0 = 1.46). Despite these large differences 

at the larger scale of ecoregions, large uncertainty in the R0 of individual communities makes it difficult to be 

certain about the size of the true variation in space and time. For example, despite median estimates of R0 > 1 

for 96% of communities in the most favorable months, the 95% CI for all of these communities includes R0 = 

1 (the median across communities of the lower bound of the 95% CI of R0 is 0.60). In the least favorable 

months (e.g. December and January), 100% of community median R0 estimates were less than 1, while 67% of 

the CI for these communities spanned one (the median of the upper bound of the 95% CI is 2.0). 

We decompose the importance of spatial and temporal variation in both temperature and bird 

community composition by comparing the mean absolute deviation (MAD) in predictions for R0 between 

a full model and models with either the bird community or temperature aggregated across space or time 

(Table 3). Temperature variation across both space and time is more predictive of R0 than bird community 
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composition, though ignoring variation in the bird community across space does lead to R0 estimates that 

differ from the full model by 0.17 on average (Table 3). Allowing for temporal variation in 

temperature and bird community composition, the majority of the variation in R0 within single months 

is due to spatial variation in temperature; variation in bird community composition is the next most 

important term (Figure 1).  

 

Table 3: Capability of simplified models to estimate WNV R0 in Texas. Mean absolute error compares 
R0 estimates from a simplified model to the R0 estimates from a full model for all 2,569 of the bird 
communities in the reduced eBird dataset. Models are as follows: Temporally averaged bird community: 
each counties’ bird community is replaced with the average bird community in that county across all 
months; Spatially averaged bird community: each counties’ bird community in each month is replaced 
with the average bird community across all of Texas in that month; Spatially averaged temperature: each 
counties’ temperature in each month is replaced with the average temperature across all of Texas in that 
month; Temporally averaged temperature: each counties’ temperature is replaced with the average 
temperature in that county across all months; Mean model: each counties’ bird community and 
temperature is replaced with the average bird community and temperature across all counties and all 
months. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

          Model Mean Absolute Error in R0 Estimates 

Temporally averaged bird community 0.07 

Spatially averaged bird community 0.15 

Spatially averaged temperature 0.36 

Temporally averaged temperature 0.40 

Mean model   0.63 
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Figure 1: WNV R0 estimates between months and among Texas counties.. Blue boxplots 
show R0 estimates across Texas counties within months for a “Full” model, which used the eBird 
community and NOAA temperature data for each community. Red boxplots show R0 estimates 
from a model where each community retained their specific eBird community, but whose 
temperature was replaced with the average temperature across all of Texas for that month 
(also see Table 3: Spatially averaged temperature). Variation in R0 within months attributable 
to variation in the bird communities (red boxplots) is considerably smaller than the variation 
explained by spatial variation in temperature. Increases or decreases in medians between the 
models within months is due to the effects of averaging temperature prior to predicting R0 
using the non-linear functions for mosquito-to-bird transmission and mosquito survival across 
temperature, a manifestation of Jensen’s inequality. For example, in November the mean 
temperature across Texas is 13.60C, while the SD among counties is 3.300C. We estimate 
average mosquito-to-bird transmission per bite over the first 30 days of mosquito infection to be 
2.5% at 13.60C, 8.5% at 16.90C (+ 1SD), and is 25% at 20.20C (+ 2 SD). 

 

 

The spatio-temporal GAM model explained 99% of the variation in estimated WNV R0; results 

for the spatio-temporal model are presented visually in Figure 2. Most of the variation in WNV R0 is 

explained by temperature in the fitted GAM (Figure 2A). Human population density (people/sq.mile) 

was associated with decreasing R0, but with small effect and large uncertainty (Figure 2B). Ignoring the 
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effects of fluctuations in mosquito populations, WNV R0 was estimated to vary little across years (Figure 

2C). Variation due to bird communities among ecoregions after controlling for temperature explained a 

small fraction of the variation in R0 among regions (Figure 2D). Our fitted GAM predicts that bird 

communities in the “High Plains” and “Oak Woods & Prairies” ecoregions are the least favorable for 

WNV transmission, while bird communities in the “Llano Uplift” are the most favorable (Figure 2D). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Spatio-temporal GAM model parameter estimates. Y-axes in panels A-C, and the 
gradient in panel D show the additive effect of centered covariates on R0. The gradient in panel 
D shows variation in R0 among ecoregions explained by variation in bird communities. Dashed 
lines show 95% CI. 
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To evaluate the fit of our focal model relative to the model with latitude and longitude coordinate 

pairs (average estimated concurvities of 0.19 and 0.54 respectively), we used blocked leave-one-out 

validation [75] at the level of counties. Using this method, RMSE for all estimates for our focal model and 

the model with latitude and longitude coordinate pairs were 0.07 and 0.08, respectively. This suggests that 

not including the thin plate spline across coordinate pairs results in little loss in terms of predictive power 

while also minimizing the possibility of over-fitting by reducing concurvity. 

 

Species-specific contributions to R0 

Across the most sampled bird communities, no single bird species’ removal accounted for a 

median fold decrease in R0 larger than 0.92 or increase larger than 1.04. Mourning doves (Zenaida 

macroura, recorded in all bird communities) accounted for the largest dilution effect (median: 1.04 fold 

increase in R0, CH: 1.01-1.11), while Northern cardinals (Cardinalis cardinalis, recorded in 98.7% of the 

bird communities) accounted for the largest amplification effect (median: 0.92 fold decrease in R0, CH: 

0.83-0.99). 

Only two species were estimated to have a median effect greater than a 1.01 fold increase in R0 

(in order of median effect: Mourning dove; White-winged dove: Zenaida asiatica), and only five species 

had a median effect greater than a 0.99 fold decrease in R0 (in order of median effect: Northern Cardinal; 

Transvolcanic Jay: Aphelocoma ultramarina; Blue Jay: Cyanocitta cristata; House Finch; Carpodacus 

mexicanus; Green jay: Cyanocorax yncas) (Figure 3). Of the 15 most widespread species (species that 

appear in at least 95% of communities), the median estimate for five species was of an amplification 

effect. Eight of the fifteen species act as either diluters or amplifiers in at least 95% of communities, albeit 

with varying magnitudes. Of the 15 most abundant species (most individuals recorded; recorded in 34-

99% of communities), the median effect on R0 for five species was below a ratio of one. Nine of these 

fifteen species had an effect in 95% of communities on one side of a ratio of one. 
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Figure 3: Keystone species. Bird species whose median estimates for their impact on R0 when 
they are removed from each community they occupy are greater than a 1.01 (dilution effect—the 
two species above the plot break in this figure), or less than a 0.99 (amplification effect—the 
four species below the plot break in this figure) fold change in R0. Intervals show median effects 
in 95% of the communities that each bird occupies. 
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Using a linear model with log of median bird relative abundance as a predictor for species 

physiological competence, physiological competence was predicted to increase with increasing relative 

abundance (estimate = 0.05, se = 0.02, t = 3.00, p < 0.05). The estimate here refers to the increase in the 

number of infected mosquitoes with each unit increase of a bird’s relative abundance on the log scale 

(assuming a single mosquito bite per day over the course of a bird’s infectious period, which is generally 

assumed in measures of host competence [20]). We also find evidence for a negative relationship between 

bird species richness and community R0 using a linear model with log of species richness and temperature 

as predictors for median R0 and variation in R0 as weights (estimate: -0.15, se = 0.01, t = -10.01, p < 0.05). 

 

Propagation of uncertainty 

With no uncertainty propagated median WNV R0 estimates were on average 1.03 times higher 

throughout the year and 1.06 times higher in the four most favorable months for transmission than in a 

model with all uncertainty propagated. Ignoring uncertainty had a much larger effect on variation among 

communities: CV in WNV R0 estimates were on average 1.32 times higher throughout the year and 1.56 

times higher in the four most favorable months for transmission. This increase in magnitude and variation 

of the R0 estimates when no uncertainty was propagated is caused by the nonlinear averaging of variation 

in mosquito-to-bird transmission, mosquito survival, bird-to-mosquito transmission, and bird survival. 

For example, translating the full distribution for bird’s titer profile (uncertainty) instead of a point 

estimate (no uncertainty), non-linearly, into the probability that a bird transmits infection to a susceptible 

mosquito given a bite homogenizes birds’ responses, decreasing variation among bird communities. This 

is a manifestation of Jensen’s inequality [96].  

Species-specific contributions to R0 also depend on whether uncertainty is propagated. While the 

most influential bird species (Northern cardinals and Mourning doves) were robust to choices about 

uncertainty propagation, the ranks and identities of some of the top ten most important amplifier and 

diluter species changed. 
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Complete eBird dataset 

We present results using the complete eBird data set in the online supplement, but suggest caution 

when drawing conclusions from these results because many of the estimates were obtained from poorly 

sampled bird communities. Using the complete eBird data resulted in greater variation in estimates for all 

outcomes: variation in R0 among communities increased (Figure S4, Figure S5), variation explained in the 

spatio-temporal GAM model decreased, and the estimated impacts of individual bird species on R0 were 

more extreme. 

 

Discussion 

Data limitations 

Despite our ability to estimate R0 in individual bird communities, better data, such as mosquito 

populations on the same scale as the bird communities, are needed to make reliable quantitative estimates 

of WNV R0 across space and time. Given the size of our estimated effect of temperature on WNV 

transmission and the fact that different mosquito species incubate WNV and feed at different rates across 

temperatures [6,14], variation in mosquito density and species composition among ecoregions and across 

seasons are likely the most important missing data needed to predict WNV R0 reliably. Our WNV R0 

predictions for Texas counties relied on estimates of the mosquito-to-bird ratio and mosquito biting rate 

based on sparse data from a different geographic region (New Haven, CT) and are assumed to be spatially 

and temporally homogeneous. While these simplifications let us move forward to explore the variation in 

R0 driven by spatial and temporal variation in bird communities and temperature, we emphasize that the 

magnitude of R0 values presented here should be taken with a grain of salt. While changes in the mosquito-

to-bird ratio and mosquito biting rate for a given species would shift R0 values by a constant multiple, 

unknown interactions between mosquito-to-bird ratios (and biting rate), temperature, and mosquito 

species make it hard to make definitive statements about the robustness of our results. 

Higher-resolution mosquito data may be available for some locations outside of Texas. For 
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example, the NEON (National Ecological Observation Network [97]) database provides mosquito 

sampling data for many locations across the USA; however, data for Texas was only available for two 

locations, and estimating mosquito-to-bird ratio from mosquito trapping data would require further 

simplifying assumptions [98]. In Europe, mosquito data is abundant in at least Italy and Germany (West 

Nile Disease National Surveillance Plan: [99]). With these data and some additional data on the responses 

of European birds [38], our model could be extended to predict WNV transmission in Europe where 

human and equine cases of WNV are increasing [5,8–12]. Alternatively, in the absence of mosquito data 

for a particular region, information on the ecological drivers of mosquito populations [100,101] might be 

combined with data on habitat composition to estimate spatio-temporal, multi-species mosquito 

distributions. 

Limited spatial and temporal resolution in the eBird data was another constraint on our analysis. 

While eBird use is rapidly expanding, it may be worthwhile in the short term to incorporate bird 

abundance data from additional data sources such as the Breeding Bird Survey (BBS) or Christmas Bird 

Count (CBC), despite their more restricted seasonal coverage, or to use joint species distribution models 

to infer local bird community structure from habitat variables. 

 

Community R0 

Though we neglect spatial variation in mosquito-to-bird ratio, mosquito biting rate, and mosquito species, 

the single values that we use for these parameters result in estimates of WNV R0 that are similar to those 

of previous modeling efforts from other regions. For example, most of Hartley et al.’s [102] R0 estimates 

for California were between 1.0 and 1.75, while R0 estimates for New York City were 2.0 and 2.8 

assuming mosquito-to-bird ratios of 2 and 4 respectively [103]. Finally, [24] estimate that a mosquito-to-

bird ratio of greater than 4.6 would have been required for the epidemic that occurred in New York, 

USA in 2000 (implying R0 = 1 for M/B = 4.6). Using our method, an R0 = 1 is obtained for M/B = 2.9 

in the median county in July, though a ratio for M/B of only 2.0 is needed in the median county in 

May. 
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Bird species-specific contributions to R0 

At the level of individual bird species, some of our conclusions support the results of previous work, 

while others contradict previous findings. For example, [24] assume a per capita mosquito biting rate on 

American crows of 0.09 per day (CI: 0.03-0.16), which is similar to the biting rate we estimate for crows in 

our bird communities; our baseline biting rate of 0.14 per day and a median mosquito biting preference on 

American crows that is ≈ 1.8 times lower than on the average bird gives a biting rate of 0.08. Like 

previous syntheses [e.g. 1], our model shows that species in the family Corvidae (e.g. Jays, Grackles, and 

Crows) are highly competent species for WNV. However, our model suggests that no single species ever 

accounts for more than approximately 30% of WNV R0, which contrasts with the results of [20] and [86] 

who found that more than 50% of infectious mosquitoes were infected by American robins, and [87] who 

found that 96% of mosquitoes were infected by either American robins or House sparrows (Passer 

domesticus). While these studies were conducted over a much smaller and almost entirely urban area with 

low bird diversity (90% of most of the bird communities sampled were composed of < 6 species), the 

high proportion of mosquitoes infected by American robins which were present at a relative abundance 

between approximately 5-20% suggests that either: 1) We are missing an aspect of the interaction between 

WNV, mosquitoes, and American robins; or 2) Our biological model is adequate and American robins are 

simply more important in other regions of the country. 

To explore these two possibilities, we predicted the proportion of all newly infected mosquitoes 

attributable to each bird species in the community from [20] and [86] that had the highest proportion of 

American robins (7.5% of the bird community: Foggy Bottom, District of Columbia, USA). For this 

community our median estimate for the proportion of all mosquitoes infected by American robins was 

18%; however, uncertainty in mosquito biting preferences, bird species physiological competence, and bird 

species detectability resulted in 95% confidence intervals spanning 3% to 79%. Three conclusions arise 

from the facts that the composition of mosquito blood meals observed in Foggy Bottom, DC by Kilpatrick 

et al. [20] is contained within our CI, and that American robins do not show up as one of the most 
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important hosts in our communities. First, our model estimates are consistent with findings from a very 

different region of the country (albeit with very large uncertainty arising from propagating the uncertainty 

across the entire life cycle of WNV). Second, regional differences in bird communities probably cause the 

differences in the estimated importance of American robins between the current studies and previous 

studies [86,87]. Finally, regional and seasonal differences in mosquito feeding preferences [20,104] 

probably also play an important role, reinforcing the need for more data on mosquitoes. 

While estimated species-specific seroprevalence rates vary across studies, seroprevalence rates of 

Northern cardinals are typically among the highest of all birds measured (Tammany Parish, LA [105]; 

Harris County, TX [106]; Illinois state-wide [107]; Chicago, IL [57]; Atlanta, GA [108]). High 

seroprevalence in Northern cardinals suggests they may play a critical role in WNV amplification 

[105,106], as we find here (Figure 3). However, amplification within the bird community may or may not 

lead to higher human infection risk, and researchers disagree about the effect of Northern cardinals on 

human infection risk [106,108]. 

Previous studies have also found high seroprevalence for one of our most effective diluter 

species, the doves (family Columbidae). Rock pigeons (Columba livia) had one of the highest antibody 

prevalence rates in Georgia, USA between 2000 and 2004 [109], while Mourning doves had the highest 

antibody prevalence rate in Chicago in 2005 and 2006 [57]. Our model shows that these species, which are 

strongly associated with urban landscapes and which we estimate to be among the least competent species 

for WNV, could be an important sink protecting human populations from disease. While we found only a 

small effect of decreasing R0 with increasing human population density (Figure 2B), these species could 

potentially drive Nolan et al.’s [16] result that WNV per capita risk to humans decreased with increasing 

human population density. 

 

The dilution effect hypothesis 

Studies testing the dilution effect hypothesis for WNV have obtained the full range of possible 
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results: human cases declined with increasing bird diversity across 742 counties in 38 US states [28]; the 

proportion of mosquitoes infected with WNV declined with increasing diversity of non-passerine birds in 

Louisiana, USA [33]; Loss et al. [57] failed to detect a clear effect of species richness on WNV 

transmission in Chicago, Illinois, USA; Levine et al. [58] detected an amplification effect—overall 

seroprevalence increased with species diversity in Atlanta, Georgia, USA; in southern France [110] 

suggest that high bird diversity is a likely explanation of low numbers of horse infections, while [111] 

suggest that low number of human cases is due to the abundance of horses. 

Based on the estimated competence of all 645 species found in the reduced eBird data set and 

their median abundance in 2,569 bird communities, the host competence (the total number of mosquitoes 

that would be infected by an infected bird if it was bitten once each day of its infectious period [20,62]) is 

positively correlated with relative abundance. Additionally, communities with higher species richness had 

a lower estimated R0, which is as expected if the most abundant birds are the most competent. These 

results support both a necessary condition (correlation between abundance and competence) and a primary 

expectation (correlation between richness and R0) of the dilution effect. However, we do not know what 

bird traits (or unobserved underlying ecological covariates) drive these patterns. To put it another way, we 

expect that R0 is proximally determined by the composition of the community, which is a function of 

many environmental covariates, rather than by species richness per se [55]. 

 

Understanding spillover 

Though we do not model human infections directly, we do find variation in WNV R0 among 

Texas bird communities that could shed light on patterns of human infection. According to [16] and [19], 

per capita  infection risk is highest in northern Texas counties, with maximum risk in Castro, King, and 

Crosby counties. Two of these counties reside either entirely (Castro) or partially (Crosby) within the 

“High Plains” ecoregion of Texas, which we estimated to have the smallest R0 of all 11 ecoregions on 

average throughout the year. Unfortunately, we cannot validate these estimates in the absence of 

widespread spatial sampling of infected mosquitoes or birds. However, this apparent failure of our 
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predictions (we expect human infection risk to be positively correlated with the R0 of WNV in local bird 

communities, but have no a priori expectation for the strength of this correlation) might be explained by 

variations in the degree of WNV spillover from birds to humans. 

Spillover into human populations varies across microhabitats, seasons, and mosquito 

communities [16,28,33,86,112]. In Atlanta, Georgia, for example, human infection rates are low despite 

similar mosquito infection rates and bird seroprevalence to other cities [108]. Levine et al. [108] attribute 

fewer human infections in Atlanta to high rates of infection in Northern cardinals and Blue jays, which 

they describe as “supersuppressor” species because they attract mosquito bites but fail to amplify 

transmission due to low competence. Our results (Figure 3) and others [105] suggest in contrast that 

Northern cardinals and Blue jays are important amplifier species (taking into consideration all 

experimental infections Northern cardinals and Blue jays are better defined as having moderate 

competence; their presence increases R0 within the bird community). Yet, it is still possible that the presence 

of these species could decrease the number of human cases by drawing mosquito bites, and hence 

infections, away from humans. Kilpatrick et al. [6] document a related phenomenon, providing 

correlational evidence to suggest that higher numbers of human cases of WNV could be attributable to an 

increased number of human bites by Culex mosquitoes following seasonal emigration of American robins. 

Similarly, mosquito feeding on mammals increased in northern California following the fledging of 

ardeids (heron species) [104]. 

Our results, combined with the variation in previous results [16,28,33,86,105,108,112], bring into 

sharp focus how little we really know about the details of human infection risk across space and time in 

this system. To predict human infection cases for WNV, and for zoonotic diseases with heterogeneous 

host populations more generally, we envision a fine-scale spatial model that would use a Who Acquires 

Infection From Whom (WAIFW) matrix approach [113] and explicitly include humans as an additional 

species in the overall community. This framework would calculate the force of infection between each 

species pair, and could be used to determine the expected number of human cases during an epidemic. 

Interspecific contact rates could be parameterized using mosquito biting preferences, natural habitat type, 
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and land use (urban vs rural) on a very fine spatial scale. While eBird data is currently lacking to estimate 

the interface of bird communities with humans at a fine spatial scale for most locations, some counties in 

Texas (and other states) have thousands of complete lists submitted in spring and late summer months that 

could serve as model locations for analysis. 

 

Propagation of uncertainty 

Appropriate uncertainty and point estimates for R0 are only obtained when uncertainty in every 

sub-model is considered in calculations of R0. With the currently available data, we find large 

uncertainty in most of the models we use in our analysis, which obscures our ability to estimate R0 

with precision in any individual community. While it is a poor practice in general to use median 

estimates from models instead of all uncertainty, we examined the qualitative and quantitative effects 

of ignoring uncertainty in order to emphasize the importance of propagating uncertainty (and of 

reporting the procedures used). Ignoring uncertainty in our analyses would have led us to different 

quantitative and qualitative conclusions. Ignoring variation in sub-models increased variation in R0 

estimates among communities, for two related reasons: first, large uncertainty in birds’ physiological 

competence and mosquito biting preferences makes it more difficult to differentiate among birds, 

obscuring differences among communities. Second, birds are further homogenized due to the effects of 

Jensen’s inequality, which occurs when we transform the distribution of titer estimates into the probability 

that a bird transmits infection to a susceptible mosquito given a bite, which is bounded between zero and 

one. Jensen’s inequality also affects the estimated effects of temperature because of the nonlinear 

relationship between temperature and mosquito-to-bird transmission and mosquito survival, but has a 

larger effect when averaging temperature across either space or time (see Figure 1). 

In the absence of uncertainty, most bird species have an average titer that results in a bird-to-

mosquito transmission probability beneath the inflection point of the logistic relationship between titer and 

transmission probability. Uncertainty in bird titer results in a non-negligible proportion of the posterior 

distribution for bird titer that is near or above 108, which corresponds to a bird-to-mosquito transmission 
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probability near one. This decreases variation in physiological competence among birds, which further 

narrows the variation in estimates among communities. This aspect of Jensen’s inequality will increase R0 

estimates because of an increase in bird-to-mosquito transmission; however, increased titer will lead to 

lower bird survival, counteracting most, but not all, of this increase in R0 (60% of median estimates for 

each community were larger when uncertainty was not propagated). Because we were unable to estimate 

variation among species in mortality probability as a function of titer (that is, species variation in sensitivity 

to titer), estimated variation among birds is likely to be lower than true variation, further homogenizing 

birds and estimates among communities. 

 

WNV transmission in Europe 

With additional data on the responses of European birds to WNV (e.g. [114–116]) and mosquito 

biting preferences and code modification, our model could be used to predict WNV transmission in many 

countries in Europe, with best results in those countries with abundant mosquito surveillance data (e.g. 

Germany, Italy [99]). Modeling studies on WNV spread in Europe have considered heterogeneities in 

mosquito transmission due to species [117], and temperature [29], as well as the effects of land cover and 

type on WNV transmission [110] and human infection risk [12]. However, like their North American 

counterparts, none of these studies consider full bird communities; our model can provide a method for 

incorporating heterogeneities in the bird community into spatio-temporal estimates of WNV transmission 

potential in Europe. 

 

Conclusion 

Despite numerous data limitations at the scale we chose for our analyses, WNV remains a 

promising system for continued study on the mechanisms of vector borne disease spillover on finer spatial 

scales. Using handpicked locations with sufficient bird community data, mosquito sampling, and 

temperature variation, our modeling framework can be used as is to predict WNV R0 incorporating all 
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known heterogeneities in transmission. With slight modifications, our model could be used to 

mechanistically estimate human infection probability as a function of bird community composition and 

other ecological predictors. We emphasize that a critical aspect of multi-faceted ecological analyses, such 

as modeling human infection risk to WNV, is transparency in model assumptions, choices, and 

shortcomings; we hope that others will use our structure as a template for future analyses in order to 

increase model transparency.  
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Chapter 4: The evolutionary response of virulence
to host heterogeneity: a general model
with application to myxomatosis in rab-
bits co-infected with intestinal helminths

In this chapter I present a model for the evolution of parasite virulence in a heteroge-
neous host population that is designed to be simple enough to be parameterized with
empirical data from a specific host-pathogen system obtainable from two laboratory
experiments and minimal data from the field. As a case study, I focus on the evolution
of virulence in MYXV in populations of European rabbits in Australia and the UK
that vary in their exposure to gastrointestinal helminth (worm) parasites. I show that
spatial variation in secondary infection by helminth infection is unlikely to explain
differences in the average virulence of strains circulating in the UK vs those circulating
in Australia; however, my results show that heterogeneity across Australia in mean
helminth burden may help to explain the presence of high variation in virulence among
Australian strains of MYXV.
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ABSTRACT

Background: Changes in the mean and variance of traits in a host population modify
selection pressures on pathogen virulence; increasing heterogeneity (variance) leads to the over-
or under-exploitation of a subset of hosts and thus decreases the pathogen’s ability to spread in
the population.

Objective: To improve the links between theory and data, we develop a model of pathogen
evolution in heterogeneous host populations that can be parameterized with a range of
empirical measures of host heterogeneity to infection, and which is sufficiently flexible to
capture the life history of many natural host–pathogen systems. We use this model to determine
whether rabbits co-infected with gastrointestinal helminths could have contributed to the
attenuation of the myxoma virus, and might explain differences in the virulence of strains more
recently circulating in Australia and Scotland.

Methods: We constructed a deterministic model of pathogen transmission and solved it
numerically to determine evolutionarily stable strategies with respect to transmission and
virulence. Using this model and empirical data from the rabbit–myxoma virus system, we
examine how host heterogeneity in co-infection with gastrointestinal helminths affects the
severity of an evolved pathogen in a given host type, and to what degree host heterogeneity
affects a pathogen’s ability to spread in the host population.

Results: Host heterogeneity to infection always decreases pathogen spread and often leads to
the under-exploitation of a typical host. However, the specifics are sensitive to: the shape of the
distribution describing host heterogeneity, the relationship between virulence and transmission,
and the relationship between the heterogeneous host trait and pathogen virulence. In the rabbit–
myxoma virus system, gastrointestinal helminths plausibly contributed to the attenuation of the
myxoma virus but are unlikely to have contributed to the higher virulence of circulating strains
in Scotland relative to those in Australia in the years following the release of the virus.
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INTRODUCTION

Heterogeneity among hosts to infection influences host–pathogen interactions and, in doing
so, pathogen evolution. For example, host heterogeneity can affect the evolution of patho-
gen virulence, defined broadly as the harm caused by pathogens to hosts, and thus the
severity of a disease at the host population level. Host heterogeneity may select for lower
virulence (Ebert and Hamilton, 1996; Gandon, 2004; Pugliese, 2011; Osnas and Dobson, 2012), for higher virulence
(Gandon et al., 2001; Ganusov et al., 2002; Read et al., 2015), or facilitate the co-existence of two strains
with different exploitation strategies (Fleming-Davies et al., 2015). Pathogen evolution in a hetero-
geneous host population can also disproportionately harm a subset of the population,
where disease severity can increase in the most susceptible hosts, such as unvaccinated
individuals (Gandon et al., 2001). Moreover, host heterogeneity can decrease a pathogen’s abso-
lute fitness at its evolutionary optimum. For example, heterogeneity can reduce the intrinsic
reproduction number (R0) of a pathogen that cannot adjust its exploitation strategy to its
current host (Regoes et al., 2000; Gandon, 2004).

Previous theoretical studies have clarified many of the intricacies generated by the inter-
actions among host heterogeneity to infection, host–pathogen dynamics, and evolution.
However, the complexity of the models used, and the variation in model structures and
assumptions across studies, make it difficult to calibrate models from empirical data and to
predict outcomes for the pathogen and for hosts. Improving the link between theory and
empirical data is a critical step in advancing our understanding of pathogen evolution –
arguably the most important challenge currently faced in research on the ecology and
evolution of infectious diseases (Alizon and Michalakis, 2015; Cressler et al., 2016). While the field has
made substantial progress, for example by parameterizing virulence–transmission trade-off
curves for a range of pathogens (Fraser et al., 2007; De Roode et al., 2008; Doumayrou et al., 2013; Berngruber

et al., 2015), and by quantifying the relationship between pathogen virulence and transmission
across the full life cycle of the pathogen (De Roode et al., 2008; Kain and Bolker, 2017), connections
between theory and data that account for the role of host heterogeneity in pathogen
evolution remain rare.

Here we present a model for the evolution of pathogen virulence in a heterogeneous host
population that is flexible enough to be parameterized with a range of empirical measures
of host heterogeneity (such as host age, immune status, genotype, vaccine status, or co-
infection with other parasitic species), and which is sufficiently tractable to capture the life
history of many natural host–pathogen systems. We parameterize our model with empirical
data from the Oryctolagus cuniculus–myxoma virus (MYXV) system, the canonical example
of host–pathogen evolution following pathogen invasion (Fenner and Marshall, 1957; Dwyer et al., 1990;

Fenner and Fantini, 1999). We examine variation among rabbits in gastrointestinal helminth
burden, which is known to interact with the outcome of MYXV infection (Cattadori et al., 2007).
The effects of co-infection by multiple pathogen species on the evolution of virulence have
been previously examined (Choisy and de Roode, 2010; Restif and Graham, 2015); however, despite the
important role of co-infection in infection and transmission dynamics (Cattadori et al., 2007;

Graham et al., 2007; Fenton, 2008; Thakar et al., 2012; Cattadori et al., 2014), the effects of heterogeneity in
co-infection on the evolution of a focal pathogen have rarely been considered. We explore
the impact of a heterogeneous helminth burden on the severity of an evolved pathogen in a
given host type and on the pathogen’s ability to spread in the host population. We also
evaluate whether or not the observed differences in the virulence of circulating MYXV
strains in Scotland and Australia can plausibly be explained by differences in the prevalence
of gastrointestinal helminths.
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METHODS

Model structure

Our model examines the evolutionarily stable strategy (ESS) of a pathogen exploiting a
heterogeneous host population. We define ESS virulence as the virulence that maximizes
a pathogen’s intrinsic reproductive number R0, the expected number of new infections a
single infected individual generates in an otherwise susceptible population [this criterion,
derived from a more general criterion of non-invasibility, holds for a broad range of
epidemiological models (Alizon et al., 2009)]. Given that we assume a relationship between
transmission rate and virulence (Alizon et al., 2009; Cressler et al., 2016), ESS virulence determines
both overall pathogen severity at the population level and pathogen severity in a subset of
the population, and indirectly affects the pathogen’s ability to spread. Virulence is not
fundamentally an intrinsic trait of the pathogen, but rather the result of a complex
interaction between host and pathogen. Virulence can be defined as the disease-induced
mortality rate of a host within a homogeneous population, or as the mortality rate of an
infected reference host in a heterogeneous population. In the O. cuniculus–MYXV system,
the virulence of a circulating MYXV strain is defined as the mortality rate of an infected
laboratory breed of rabbit with no shared evolutionary history with the virus (Fenner and

Marshall, 1957). In a heterogeneous host population, infection with a single pathogen strain will
cause a range of mortality rates. For consistency with the O. cuniculus–MYXV system
literature, we define ESS virulence in the heterogeneous population as the disease-induced
mortality rate of a reference rabbit with no helminths. Alternatively, the reference host
could be defined as a well-nourished host, a fully immunocompetent or immunodeficient
host, or a host with a reference genotype.

Our model comprises three flexible components: (1) a trade-off curve that relates patho-
gen virulence to transmission (Alizon et al., 2009); (2) the distribution of observable heterogeneity
in the host population, which we modelled as a continuous distribution, in contrast to some
previous studies that used discrete groups; and (3) the heterogeneity map, i.e. a function that
translates observable heterogeneity to the impacts on the host interaction with the patho-
gen, such as host mortality rate. Mathematically, the observable heterogeneity distribution
and the heterogeneity map are redundant – we need only the distribution of pathogen-
induced host mortality or pathogen clearance rate to predict ESS virulence. However, we
include both components in our model to facilitate empirical parameterization and testing
of the model. Once the heterogeneity map has been parameterized using laboratory experi-
ments or field data, for example, only the observable heterogeneity, such as secondary
infection severity among hosts, is required to determine pathogen ESS virulence.
Ultimately, this framework should allow easier model calibration and prediction of ESS
virulence in a variety of systems.

Trade-off curve

Due to the trade-off between virulence and transmission (Anderson and May, 1982; Ewald, 1983),
transmission (β) is assumed to be an increasing function of virulence (α). When β is a
decelerating function of α, a single value of α maximizes R0 (Alizon et al., 2009). We examine
both power-law and sigmoidal functions for the relationship between α and β; these
functions are commonly used to model directly transmitted and vector-borne diseases,
respectively (Alizon and van Baalen, 2005). Both transmission rate (β) and instantaneous rate of
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disease-induced host mortality (virulence, α) can be modelled as a function of within-host
pathogen exploitation strategy [e.g. replication rate, titre, or set-point viral load (Fraser et al.,

2007)], though this relationship does not need to be explicitly modelled and can be ignored
without loss of generality. Here we model pathogen exploitation strategy (σ) as titre load
and assume a linear relationship between φ and α (α = bφ), which has previously been
assumed in the O. cuniculus–MYXV system (Anderson and May, 1982; Dwyer et al., 1990).

A power-law relationship is given by:

β(α) = cα
1
� ,

with α = bφ, where b is the slope of the linear relationship between replication rate and
mortality rate. For the remainder of the paper we focus on α, using b = 0.1 in all simulations.
The shape of the curve is controlled by γ (larger γ increases curvature and decreases optimal
virulence), while c is a scaling factor. The value for R0 is given by (β(α))/(µ + α), or for the
power law:

R0 =
cα

1
�

µ + α
,

where µ is the background rate of host mortality. In this case, the α that maximizes R0 is
given by

α* = 
µ

γ − 1
.

When the trade-off curve follows a sigmoidal curve, for example the Hill function (Tjørve,

2003),

β(α) =
cα

n

α + αn
,

then

R0 =
c(bα)n

(a + (bα)n)(µ + bα)
,

where n and a jointly control the location of the inflection point and slope of the curve at
the inflection point, and c is a scaling parameter. The α that optimizes R0 for the Hill
function has no closed-form solution but can be found numerically. Figure 1 shows
examples of a power-law and sigmoidal trade-off curve.

Host heterogeneity

We assume hosts possess a single trait that determines their reaction to pathogen infection
(e.g. host age, immune status, genotype, vaccine status, or co-infection with another
pathogen species). We use a Gamma distribution to model the among-host variation (a
continuous analog of the negative binomial distribution more commonly used to quantify
macro-parasite load), exploring a range of scenarios by adjusting the Gamma shape and
scale parameters. Unlike Gandon (2004), we assume that all pathogen strains are perfectly
implastic and can only adopt a single strategy across all hosts. This assumption is supported
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for the O. cuniculus–MYXV system (Best and Kerr, 2000; Kerr et al., 2017); however, evidence for
pathogen plasticity is evident in other systems [e.g. P. aeruginosa infection in mammals
(Furukawa et al., 2006)].

Heterogeneity map

The distribution of host heterogeneity is translated into a distribution of virulence using a
heterogeneity map. Our first choice of heterogeneity function describes a monomolecular,
or saturating exponential, relationship between a host trait and pathogen virulence:

αh = α(z(1 − e−rx ) + 1),

where z controls the maximum of the curve, r controls the rate of approach to z, and αh is
the mortality rate of a host with a trait value (e.g. helminth burden) equal to x. A saturating
function is a plausible first approximation of the relationship between a host trait, such
as nutrient status or immunocompetence, and pathogen virulence (Bedhomme et al., 2004). In

Fig. 1. Panels A and B show an example of a power-law trade-off curve and the R0 curve that results
from this power-law trade-off curve, respectively. Panels C and D show an example of a sigmoidal
trade-off curve and the R0 curve that results from this sigmoidal trade-off curve, respectively. The
vertical dashed black lines show optimum α values. The vertical dotted black lines and solid grey lines
show the R0 for a 2× and 4× higher or lower α than optimum, respectively. The parameter values used
here were specifically chosen to accentuate the differences between the power-law and sigmoidal trade-
off curves (power-law: c = 5, γ = 1.75, m = 0.2, µ = 0.1; sigmoidal: a = 0.01, b = 0.1, n = 2.5, µ = 0.01,
c = 3.2). Figure S1 shows power-law and sigmoidal trade-off curves with the parameter values used in
the simulation for Figs. 2–4 (with γ = 1.05 for the power-law relationship and c = 1.5 for the sigmoidal
relationship).
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the MYXV–helminth case, this function describes the increasing, but saturating effect of
helminth burden on MYXV virulence, reflecting a type-1/type-2 immune response trade-off
(for details, see ‘The O. cuniculus–myxoma virus case study’, p. 264).

Alternatively, we consider a heterogeneity map that allows for a reduction in pathogen
virulence at intermediate values of the heterogeneous trait. To model this situation, we use a
piecewise function that combines a quadratic function with the saturating exponential func-
tion. This function could be used, for example, to capture variation in the immune response,
where a smaller immune upregulation reduces pathogen virulence but a larger upregulation
increases virulence because of an increase in pathogen exploitation in an effort to evade
the stronger immune constraints or immunopathology. For the O. cuniculus–myxoma virus
case study (see below), we use this piecewise function to model a primed immune response,
where low to intermediate helminth burdens reduce MYXV virulence.

αh =






�x

h
 − 1�

2

 (1 − k) + k, x ≤ h

z(1 − e−r(x − h) ) + k, x > h

Here h determines the location of minimum pathogen virulence, which defines the helminth
burden that provides a rabbit with the largest decrease in MYXV virulence (i.e. the lowest
possible MYXV mortality rate: αh). This function starts at 1 and decreases to a helminth
burden of h following a quadratic relationship, where relative virulence at h is given by
k (0 < k < 1). At trait values greater than h, virulence increases to z + 1 following a saturating
exponential function. The complete model is illustrated in Fig. 2.

Model outcomes

From a host-centric view, this model can be used to examine the relationship between
the parameters of the observed heterogeneity distribution and pathogen ESS virulence, such
as the median trait or variation in that trait. For example, a change in ESS virulence
attributable to a change in the median trait alone (a pure location shift) can be examined by
comparing two homogeneous populations with a different trait value, while a change in ESS
virulence attributable to just a change in variance can be quantified by comparing a homo-
geneous population with a given trait value to a heterogeneous population with the same
median. The latter scenario can be used to examine what we term median-exploitation,
which quantifies the amount of over- or under-exploitation experienced by a typical host
(i.e. a host with a trait value at the median of the heterogeneity distribution) that is directly
attributable to host heterogeneity. A direct comparison of ESS virulence in a heterogeneous
population to a reference population with trait value equal to zero involves changes in
both median and variance, and therefore the predicted change in ESS virulence cannot be
attributed to host heterogeneity. Nonetheless, this comparison is useful for predicting ESS
virulence in rabbit populations from empirical data, without an explicit decomposition of
the relative effect of a change in median and change in variance.

From a pathogen-centric view, our model can be used to determine how host hetero-
geneity affects a pathogen’s ability to spread in the host population. This can be quantified
as the fold (multiplicative) change in pathogen R0 that results from exploitation of the
heterogeneous population, a quantity we refer to as pathogen efficiency. Efficiency quanti-
fies the cost to the pathogen for exploiting a heterogeneous host population. In our case
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study, efficiency is defined as the R0 of the ESS strain in the heterogeneous population
divided by the R0 of the ESS strain in a homogeneous host population. Because we assume
the pathogen always reaches its ESS virulence, R0 and thus efficiency is unaffected by the
median trait value, and therefore it is just a function of host heterogeneity.

Patterns in ESS virulence, over- or under-exploitation of a typical host, and efficiency
can be explored generally using the shiny R applications (Chang et al., 2017) in the Appendix
(evolutionary-ecology.com/data/3118Appendix.pdf). These applications allow users to
select parameter values and visualize model outcomes in a layout similar to Fig. 2. Users
can explore these applications on their own or paired with the general model exploration
presented in the Appendix. The material there describes in detail the qualitative patterns
we found most interesting while exploring the model, including details about qualitative
differences in results between the power-law and sigmoidal trade-off curve, and between the

Fig. 2. Model schematic. Panel A shows the population distribution of helminth burden, our measure
of host heterogeneity. Panel B shows a saturating-exponential heterogeneity map. Panel C shows the
population distribution of relative virulence (ρh: the fold-increase in virulence relative to a helminth-
free rabbit) that results from translating the distribution in A through the heterogeneity map in B.
Together the ρh distribution (panel C) and the trade-off curve (panel D: a sigmoidal curve in this
example) determine the R0 value at different levels of pathogen relative virulence (panel E). The
horizontal axis in panel E shows the virulence of a given pathogen strain in the heterogeneous
population relative to ESS virulence in the homogeneous population, with the dotted line showing
ESS relative virulence in the heterogeneous population (ρ*h ).
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saturating exponential and piecewise heterogeneity map. Parameter values for the results
presented in the Appendix are available in Table S1.

In the main text we instead focus more narrowly on applying our model to the O. cuniculus–
myxoma virus system.

The O. cuniculus–myxoma virus case study

The initial release of MYXV in Australia and Europe in the 1950s caused unprecedented
rabbit mortality: case mortality for the Standard Laboratory Strain (SLS) was ∼99%,
with an infected rabbit’s average lifespan under 13 days (Fenner, 1953). However, within three
years of its release, MYXV evolved to intermediate virulence on both continents (Kerr et al.,

2012). It is well established that attenuation of the myxoma virus occurred due to a com-
bination of increased resistance in rabbits and higher fitness of lower virulence myxoma
strains (Kerr et al., 2015). Yet, many fundamental aspects in the evolution of MYXV virulence
remain unresolved, including the impact of heterogeneity in host susceptibility to MYXV
infection. In natural settings, rabbits are commonly infected with a community of gastro-
intestinal helminths that interact directly or indirectly within the host (Lello et al., 2004; Cattadori

et al., 2008, 2014; Murphy et al., 2013) and can affect the virulence and transmission of MYXV (Kerr

et al., 2004).
Detailed information on the interaction of MYXV and helminths, such as the effects of

helminth burden on MYXV infection severity and colonization within the host, is currently
unavailable. However, it is known that helminths, including the common gastrointestinal
species found in rabbits, cause an upregulation of the type-2 immune response (Cattadori et al.,

2007, 2016; Murphy et al., 2011, 2013; Thakar et al., 2012), which has antagonistic components to the type-
1 reaction developed against viruses and bacteria, including MYXV (Nash et al., 1999; Kerr et al.,

2004; Cattadori et al., 2007). These contrasting immune responses impair the host’s ability to
successfully control both infections (Kerr et al., 2004; Cattadori et al., 2007). Therefore, we would
expect infection by helminths to increase the mortality of rabbits infected with MYXV.
Under this scenario, gastrointestinal helminths might have contributed to the rapid attenu-
ation of MXYV virulence by causing the accelerated mortality of co-infected rabbits and
facilitating the selection for less virulent MYXV strains that allow longer host survival. We
assess this strict type-1/type-2 immune response trade-off (Cattadori et al., 2007), dependent on
the total helminth burden (but irrespective of helminth species) using the saturating hetero-
geneity map.

The alternative scenario is where low (but non-zero) helminth burdens may increase
the ability of rabbits to cope with MYXV infection. Rabbits that have co-evolved with
helminths for centuries (Audebert and Durette-Desset, 2007), and with MYXV for decades (Fenner and

Fantini, 1999), have developed some resistance to the virus, and can manage co-infections with
both when helminth intensity is not too high or MYXV is not too virulent (Cattadori et al., 2007,

2008; Kerr et al., 2017). Indeed, observations of wild rabbits from recent populations show that
rabbits can cope with both infections (Cattadori et al., 2007). These observations suggest that low
to intermediate helminth burdens may train (prime) the host immune response to deal with
both infections to the point of being beneficial to the host in coping with the MYXV
infection (Kemp and Björkstén, 2003; Okada et al., 2010; Graham et al., 2011). At intermediate to high
helminth burdens, the effect of the type-1/type-2 immune response trade-off is assumed
to outweigh the benefit of a primed immune reaction, leading to an increase in MYXV
virulence in rabbits with intermediate to high helminth burdens. We model this scenario
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using the non-monotonic piecewise heterogeneity map, which allows for rabbits with low to
intermediate helminth burdens to have reduced MYXV virulence relative to helminth-free
rabbits but retains the saturating exponential relationship between helminth burden and
MYXV virulence at high helminth burdens, which captures the type-1 and type-2 response
trade-off. Under this general scenario, a helminth burden distribution with a low median
would select for higher MYXV virulence to allow the virus to escape the immune response
and achieve maximum transmission.

To explore the effects of these biological scenarios, we first examine qualitative patterns
in MYXV ESS virulence under both scenarios across a broad parameter set. We focus on
MYXV ESS virulence as a function of the two heterogeneity maps and helminth burden
distributions and examine an isolated change in both median and variance in helminth
burden. Here we consider only a sigmoidal trade-off relationship between virulence and
transmission of MYXV fit to data on the relationship between virulence, transmission, and
recovery rate; more cases are considered in the Appendix. The quantitative relationship is
taken from Fenner and Marshall (1957; presented in Dwyer et al., 1990) and estimated using non-
linear least squares [with the nlxb function in the package nlmrt (Nash, 2016)].

Second, we examine the possibility that a non-monotonic relationship between helminth
burden and MYXV virulence could explain current-day local MYXV strain diversity and
historical differences in virulence between the UK and Australia (Appendix Fig. S2).
Phylogenetic studies from recent rabbit populations of Australia and the UK have found
that highly virulent strains are currently co-circulating with attenuated strains (Kerr et al., 2012,

2015, 2017). There is also evidence that the average virulence of strains has been historically
higher in the UK than in Australia (Fig. S2). An exploratory statistical analysis over years
4–30 after release, ignoring the first 4 years following release (a poorly sampled 4-year
transient period), shows that the average case mortality of UK MYXV strains has
been higher than Australian strains on average between 1955 and 1985 (Australia 95% CI:
0.73–0.77, UK 95% CI: 0.82–0.89; P < 0.05; generalized linear model with binomial error
distribution and numbers of strains sampled as weights). Differences in the gastrointestinal
helminth burden may help to explain these results. We examine what combinations of
parameters for the location of the piecewise minimum (h) and the maximum reduction of
MYXV virulence (k) must be assumed for heterogeneity in gastrointestinal helminth burden
to generate higher ESS virulence. Here, h determines the helminth burden at which relative
MYXV virulence is the lowest, where this minimum virulence is given by k(0 < k < 1).
Beyond this helminth burden, relative MYXV virulence follows the saturating exponential
curve. We use helminth burden estimates from three sites in Australia (Dunsmore, 1966) and one
site in Scotland (Cattadori et al., 2007). We note that the historic trend of higher MYXV virulence
in the UK (Fig. S2) is not directly associated with the Scotland site, and that the helminth
burdens measured at the Scotland site may not be representative of helminth burdens across
the UK.

Computational methods

We write ESS virulence in a homogeneous reference population as α*f  and in a heterogeneous
population as α*h . We define α*h  as α*f ρ*h , where we call ρ*h  the ESS relative virulence. In the
reference population, optimal virulence α*f  is calculated by setting the derivative of the
R0 expression to 0 and solving for α; we denote the corresponding R0 as R0f . To determine
α*h , we first translate the distribution of helminth burden into a distribution of pathogen
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virulence among hosts using the given heterogeneity map. With our assumption of a per-
fectly implastic pathogen, an intrinsic pathogen exploitation strategy results in a different
realized virulence in each individual in the heterogeneous population. We refer to pathogen
virulence in a given individual as αh, and to the distribution of αh values as the realized
virulence distribution. We define αh as α*f ρh, where ρh is relative virulence in a particular
host. We refer to the distribution of ρh values as the relative virulence distribution. A given
pathogen exploitation strategy will result in a population-level R0 that depends on the
distribution of αh(ρh). A pathogen with virulence α*f  in a reference host has an R0 in a
heterogeneous population given by the following integral:

R0 = �
∞

0

β(α*f ρh)

µ + α*f ρh

P(ρh) dρh ,

where P(ρh) is the distribution of relative virulence in the heterogeneous population, and
β(α*f ρh) is given by the trade-off curve.

We solve this integral numerically in R and find the level of pathogen virulence that
optimizes R0 in the heterogeneous population (α*h = α*f ρ*h ) using the optimize function. Like
previous models, this method for determining pathogen ESS virulence results in a pathogen
that adopts a life-history strategy tailored to hosts that contribute the most to the patho-
gen’s reproductive potential – called ‘high quality’ hosts by Gandon (2004) and ‘prime hosts’
by Pugliese (2011) – weighted by host abundance. We refer to the R0 of the pathogen in the
heterogeneous population with virulence α*h  as R0h. In this notation, relative virulence is
expressed as ρ*h = α*h /α*f , median-exploitation is defined by ρ*h  in the presence of changing
heterogeneity without a change in the median, and efficiency is expressed as R0h /R0f .
Table S1 shows parameter values used in the general model exploration presented in the
Appendix as a companion to the shiny R application, as well as parameters used in our
examination of the O. cuniculus–myxoma virus case study.

RESULTS

General model exploration: qualitative patterns

In our general model exploration, we focus on the effects of the shape of the trade-off
curve, heterogeneity map, and host trait distribution on qualitative patterns in ESS
virulence and efficiency, as well as robust patterns in the sensitivity of these model outcomes
to changes in the parameter values. In brief, we find that an increase in host heterogeneity to
infection (variance) always decreases the ability for a pathogen to spread in the host popula-
tion, but that the amount of pathogen efficiency loss depends strongly on the shape of both
the trade-off curve and the heterogeneity map. An increase in the slope of either trade-off
curve decreases parasite R0, although the change in R0 is larger and more sensitive to
changes in the slope of the sigmoidal trade-off curve. Both ESS virulence and the amount
of over- or under-exploitation of a typical host also depend on the shape of the trade-off
curve. For example, for the saturating exponential heterogeneity map and for a given host
heterogeneity distribution, increasing the slope/curvature (γ) of the power-law trade-off
curve decreases ESS relative virulence, while an increase in the slope of the sigmoidal trade-
off curve at its inflection point increases ESS relative virulence and over-exploitation of a
typical host (Fig. S3).
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These patterns as well as the effects of the shape of the heterogeneity map and observable
heterogeneity distribution are presented in the text of the Appendix, and can be
explored visually using the online shiny R applications presented there.

The O. cuniculus–myxoma virus case study

Might co-infection with gastrointestinal helminths have contributed to the observed post-
introduction attenuation of MYXV virulence?

Any saturating heterogeneity map capturing the type-1/type-2 immune response trade-off
always predicts lower ESS virulence (i.e. MYXV attenuation) in a population of rabbits
with a non-zero helminth burden, regardless of the shape of the helminth burden distri-
bution. However, the relative importance of changes both in the median and variance of
helminth burden depends on the shape of the heterogeneity distribution. For example, with
the saturating heterogeneity map shown in Fig. 2 adding a helminth burden homogeneous
to all rabbits of 56.9 parasites (this value is the median of the Gamma distribution pictured
in Fig. 2) leads to a 3.05-fold decrease in MYXV virulence. Adding a heterogeneous worm
burden following the Gamma distribution pictured reduces ESS virulence by a factor of
2.50. Thus, the effect of heterogeneity is to moderately increase MYXV virulence. Similar
but variable increases in ESS virulence attributable to heterogeneity are seen with different
Gamma distributions and can be examined using the online shiny R applications.
Illustrations of the relative effects of changing the median and the variance are available in
Figs. S3 and S4. The Gamma distribution of helminth burden does not allow for a median
equal to zero and positive variance, so we cannot compare a homogeneous population with
a median equal to 0 and a heterogeneous population with a median equal to 0.

In contrast, a non-monotonic heterogeneity map that models a decrease in MYXV
virulence at low to intermediate helminth burden greatly reduces the parameter space
leading to MYXV attenuation. Instead, it more commonly selects for an increase in MYXV
ESS virulence relative to a homogeneous rabbit population without helminth parasites.
For example, with the helminth burden distribution for Urana, NSW, and the parameters
for the saturating exponential proportion of the piecewise heterogeneity map used in Fig. 2
(z = 3, r = 0.020), the addition of the quadratic portion of the piecewise heterogeneity
map leads to an increase in MYXV ESS virulence at most parameter values for k and h
(Fig. 3). Alternative values for z and r can be explored using the shiny R application in the
Appendix.

When partitioning the relative impact of a change in the median and a change in the
variance of the helminth burden distribution on ESS virulence using a piecewise hetero-
geneity map, we find that a change in variance has the largest effect when the median of the
heterogeneous host population is near the minimum of the quadratic portion of the piece-
wise heterogeneity map. In this case a homogeneous population with helminth burden near
the quadratic vertex experiences a MYXV strain with higher virulence than a population
with zero helminth burden. Here, an increase in the variance of the helminth burden with-
out a change in the median increases the proportion of the rabbit population with high
helminth burdens who select for a decrease in MYXV virulence; a large increase in the
variance can switch ESS virulence from >1 (higher virulence) to <1 (lower virulence, i.e.
attenuation). For example, with a piecewise heterogeneity map with parameters z = 3,
r = 0.02, h = 21, k = 0.6, a homogeneous rabbit population with a helminth burden of 20.33
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parasites results in a 2.5× higher ESS virulence of MYXV than in a homogeneous rabbit
population without helminths. However, in a rabbit population with a helminth burden
following a Gamma distribution with a coefficient of variation of 1.83 and a median of
20.33 parasites (scale = 278, shape = 0.3), MYXV ESS virulence is 1.11-fold lower than in a
homogeneous population with no helminths. This pattern is presented visually in Fig. S4.

Under what conditions can co-infection with helminths facilitate higher ESS MYXV
virulence?

Given that a non-monotonic relationship between helminth burden and MYXV virulence
can increase MYXV ESS virulence in a rabbit population with helminths, the difference
in virulence in MYXV strains circulating in Scotland and Australia could be explained by
the differences in helminth burdens in these two countries. In this section, we examine the
parameters for the non-monotonic heterogeneity map that could support differences in ESS
virulence of the magnitude seen in Australia and Scotland.

Only an intermediate reduction in virulence (e.g. magnitude of MYXV virulence reduc-
tion k = 0.4) at a high helminth burden (e.g. helminth burden at virulence, minimum
h = 300) selects for higher ESS virulence in Scotland than in Snowy Plains, NSW (with a
peak of ∼1.10× higher virulence) (Fig. 4). At all other parameter combinations, virulence is

Fig. 3. ESS relative virulence, ρ*h , given by the ratio of ESS virulence in the heterogeneous rabbit
population (α*h ) to ESS virulence in a homogeneous helminth-free rabbit population (α*f ). Results shown
here use the helminth burden distribution fit to Urana, NSW and a piecewise heterogeneity map
(saturating exponential portion: z = 3, r = 0.02 as pictured in Fig. 2; quadratic portion: k = 0.31–0.99,
h = 10–400). The x-axis shows a range for k, which is the proportional reduction in MYXV virulence
at the quadratic vertex. Colours show k, which is the helminth burden at the vertex of the quadratic
portion of the piecewise heterogeneity map.
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higher in Snowy Plains, NSW. A rapid change in the ratio of ESS virulence between
Scotland and Australia occurs between a piecewise minimum (h) of 10 and 50, respectively.
This range of precipitous change occurs because of a high variance in the relative virulence
distribution in the Snowy Plains, NSW population. Similar qualitative results occur using
different parameter values for the piecewise heterogeneity map (Fig. S5).

Comparing the rabbit population from Scotland and rabbit populations in other loca-
tions in Australia (either Urana, NSW or Mitchell, Queensland), the parameter space for
h and k that leads to higher ESS virulence in Scotland is slightly larger than for Snowy
Plains, NSW (Fig. S6). The larger difference between the Urana, NSW or Mitchell,
Queensland populations and Scotland (Snowy Plains has the most similar helminth burden
to Scotland of the three Australian populations), supports a larger range of parameters
for the heterogeneity map that selects for higher ESS virulence in Scotland (Fig. S6). As
the difference in median helminth burden between the two countries increases, a smaller
proportion of the two helminth burden distributions overlap the same region of the hetero-
geneity map, which leads to divergent responses in the populations from the two countries.
This allows for more heterogeneity maps that have a quadratic portion spanning the range
of helminth burdens found in the Australian but not in the Scotland population, which
selects for higher virulence in Scotland.

DISCUSSION

We have presented a general model on the evolution of virulence in heterogeneous host
populations that retains the fundamental structure and emergent properties of previous
models (e.g. Gandon et al., 2001; Pugliese, 2011) but has been structured to be more easily parameter-
ized with empirical data (Alizon and Michalakis, 2015; Cressler et al., 2016). Specifically, experimental or
observational data are needed to parameterize the distribution of the focal host trait that
influences infection (host heterogeneity), the heterogeneity map between pathogen virulence
and the host trait, and the transmission–virulence trade-off curve. In the O. cuniculus–
MYXV system, the distributions of gastrointestinal helminths in wild rabbit populations
were calculated from sampling wild animals (Dunsmore, 1966; Cattadori et al., 2007). Experiments
to parameterize the heterogeneity map remain incomplete. In the end, two separate experi-
ments will be needed in the O. cuniculus–MYXV system to parameterize the heterogeneity
distribution and heterogeneity map. However, with an a priori goal of model parameteriza-
tion, the distribution of host heterogeneity could be collected in conjunction with an
experiment designed to parameterize the heterogeneity map. The sigmoidal trade-off
curve in the O. cuniculus–MYXV system was parameterized in two steps using laboratory
experiments performed previously. First, viral loads and the lifespan of infected rabbits
were determined by examining the survival of laboratory animals infected with a diversity
of MYXV strains (Fenner and Marshall, 1957). Second, the relationship between viral load and
vector transmission was determined by allowing mosquitoes to feed on a rabbit at the site
of the primary skin infection and calculating the probability of MYXV transmission to an
uninfected rabbit (Fenner et al., 1956). In the case of a directly transmitted disease, both trans-
mission and host mortality could be measured in the same experiment (De Roode et al., 2008).

Since no host–pathogen system currently provides sufficient data to parameterize the
entire model, including the O. cuniculus–MYXV system, we first explored the qualitative
effects of different shapes of the heterogeneity map and the virulence–transmission trade-
off curve on ESS virulence, median-exploitation, and pathogen efficiency. Second, we
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used our model to examine the effects of host heterogeneity to helminth infection on viral
evolution in the O. cuniculus–MYXV system. We examined whether helminths could have
been important drivers of the initial rapid attenuation of MYXV virulence in Australia
and Europe (Kerr et al., 2004; Cattadori et al., 2007), and/or of the prolonged difference in MYXV
virulence between these two continents (Fig. S2) (Kerr et al., 2012, 2015, 2017). Because the exact
effects of helminth co-infection on MYXV virulence are unknown, we investigated two
possibilities. First, based on the general concept of the dichotomy between the type-1 and
type-2 immune response trade-off to micro- and macro-parasites, we examined a mono-
tonically increasing but saturating relationship between helminth burden and MYXV
virulence. Second, motivated by observations of rabbits in the field (Cattadori et al., 2007), we
examined a non-monotonic relationship between helminth burden and MYXV virulence
that modelled lower realized MYXV virulence in rabbits co-infected with low to inter-
mediate helminth burdens, where the immune system has already been primed.

Model construction and assumptions

The heterogeneity map (which describes the relationship between a measurable host trait
and pathogen virulence) and the distribution of host heterogeneity for a focal trait are key
drivers of changes in relative virulence, median-exploitation, and efficiency (i.e. ability to
transmit). These two model components affect results directly through their joint control of
the relative virulence distribution (ρh, Fig. 2), and indirectly by regulating the impact of the
functional form (power-law or sigmoidal) and slope of the trade-off curve. The shape of
the trade-off curve has the largest impact on relative virulence, median-host exploitation,
and efficiency (Fig. S3) when variance in the relative virulence distribution is maximized,
which occurs when the relative virulence distribution is bimodal (Fig. 2). This can occur,
for example, when the heterogeneity map approaches its asymptote near the mean of the
host heterogeneity distribution (Fig. 2). With a bimodal relative virulence distribution, any
change in either the measured host heterogeneity distribution or the heterogeneity map
causes a shift in which mode of the bimodal relative virulence distribution has higher
density. For example, in the extreme of a relative virulence distribution composed of half
low-virulence and half high-virulence extremes (e.g. a population with 50% helminth-free
rabbits and 50% rabbits with heavy helminth burden), a change to a distribution of either
51%: 49% or 49%: 51% causes a shift in the preferred host type and a large difference in
model outcomes. That is, a bimodal relative virulence distribution will result in an implastic
pathogen specializing on the marginally more abundant host type, leading to large efficiency
losses because of extreme over- or under-exploitation of the other host types. Although we
do not explicitly model the case of two discrete host types, a bimodal relative virulence
distribution that approximates a host population with two host types has been previously
examined (e.g. Gandon et al., 2001; Gandon, 2004). Additionally, while our model is limited to a single
monomorphic strain, a bimodal relative virulence distribution favours the evolution of a
specialist pathogen on a subset of the host population (Regoes et al., 2000). In the opposite
extreme of a uniform relative virulence distribution, the ESS pathogen strategy is to
specialize on hosts with a mean trait value. In this scenario, changes in the distribution of
helminths or the shape of the trade-off curve have little effect on model outcomes.

Because of the dependence of the relative virulence distribution on the shape of the
heterogeneity map, our main conclusions depend strongly on our assumption of a saturat-
ing heterogeneity map (which holds for both the saturating exponential and the piecewise
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maps used here). Specifically, a saturating function increases the range of population
heterogeneity distributions that create a bimodal distribution of relative virulence. This
not only increases the sensitivity of model outcomes to changes in population heterogeneity,
but also increases the sensitivity of results to the shape of the trade-off curve. In our case
study, the relationship between helminth burden and MYXV virulence is likely not perfectly
saturating (i.e. the virus–helminth interaction does not produce a true ceiling on MYXV
virulence), though a saturating function is a plausible first approximation of the effects of
co-infection and other sources of host heterogeneity. Alternative scenarios can be smoothly
incorporated into the model framework. For example, it is possible to specify a power-law
curve that decelerates (negative second derivative) but increases indefinitely (no asymptote).

At one extreme, if the full range of the heterogeneity distribution spans only the
approximately linear portion of the heterogeneity map, the relative virulence distribution
will resemble a scaled heterogeneity distribution, reducing the importance of the shape of
the trade-off curve. At the other extreme, when the heterogeneity distribution spans the full
range of the heterogeneity map such that an appreciable portion of its density (e.g. 30%) is
near the asymptote of the heterogeneity map, variance in the relative virulence distribution
will be maximized (see Fig. 2), and the shape of the trade-off curve increases in importance.
Together, these results imply that while a decelerating curve has the potential to create a
bimodal relative virulence distribution, it will greatly depend on the slope of the curve
within the range of the heterogeneity distribution.

Previous studies have gathered data on individual heterogeneity in traits similar to those
needed to parameterize the heterogeneity map, including host size (Cable and Van Oosterhout, 2007),
nutritional status (Bedhomme et al., 2004), and maternal environment (Stjernman and Little, 2011; Garbutt

et al., 2014). However, the data from most of these studies are insufficient for our model
because they are based on experiments that used two discrete host groups (ANOVA design)
instead of a treatment range [regression design (Inouye, 2001; Cottingham et al., 2005)]. Despite noisy
data, there is some preliminary empirical evidence for a saturating heterogeneity map
(Cable and Van Oosterhout, 2007), but also for a linear relationship between food availability and
virulence, at least within the range examined (Bedhomme et al., 2004). Regardless, more empirical
work that follows a regression design is needed for parameterization of the heterogeneity
map. One promising case is the Daphnia magna–Pasteuria ramosa system, in which virulence
differs between low and high rearing temperature (Garbutt et al., 2014) and where a trade-off
curve has been quantified (Jensen et al., 2006).

In an effort to keep our model simple enough to be readily parameterized with experi-
mental data, and given the ecological specifics of the O. cuniculus–MYXV system, we ignore
the evolution of pathogen specialists (Regoes et al., 2000), as well as complexities such as patho-
gen plasticity (Gandon, 2004; Fleming-Davies et al., 2015), host–pathogen co-evolution (Pugliese, 2011), or
the emergence of individual heterogeneities during the course of the infection (Osnas and

Dobson, 2012). Our assumption that the focal pathogen is perfectly implastic causes hetero-
geneity to maximally increase over- and under-exploitation in a subset of hosts; a perfectly
implastic pathogen will experience the highest possible efficiency loss in a heterogeneous
population. Alternatively, a completely plastic pathogen will change its virulence to match
any value of the relative virulence distribution, preventing efficiency loss in a heterogeneous
population. While we did not examine pathogen plasticity, it has recently been shown that
pathogen plasticity, in the presence of host heterogeneity, can lead to the co-existence
of high and low virulence strains (Fleming-Davies et al., 2015). The lack of plasticity shown by
MYXV makes this an implausible explanation for the variation in virulence of circulating
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MYXV strains, but may be important to consider in other systems. The model framework
can incorporate other assumptions for pathogen plasticity by allowing the pathogen’s
intrinsic exploitation strategy to vary depending on the host type. For example, a single
additional scaling parameter could be added to the model that pulls a host’s effective
virulence (αh) towards the intrinsic exploitation strategy of the pathogen, which would
reduce the impact of heterogeneity.

In the O. cuniculus–MYXV system, the trade-off between transmission and virulence
is the dominant constraint affecting pathogen evolution, though the original formulation
of the trade-off using this system actually used the trade-off between transmission and
recovery (Anderson and May, 1982). This trade-off may be more important in other systems than
the trade-off we model here (Alizon, 2008; Cressler et al., 2016). While the fundamental structure of
our model does not need to change to incorporate a transmission–recovery trade-off,
adjustments to each model component are needed. The equation for R0 would need to be
rewritten to focus on recovery, and both the heterogeneity distribution and the hetero-
geneity map would need to focus on traits associated with recovery rather than virulence.
The computational methods for finding the optimum pathogen exploitation strategy would
be applied as described here.

Finally, we ignore the possibility that changes in MYXV virulence, a vector-transmitted
disease, affect both transmission from an infected rabbit to a susceptible mosquito/flea and
transmission from an infected mosquito/flea to a susceptible rabbit. Given that mosquitoes
or fleas act as mechanical vectors for MYXV, changes in virulence are not expected to affect
the vector in this system. However, in other systems pathogen virulence in the host and
pathogen virulence in the vector could be coupled to some degree. Ignoring this coupling
could potentially lead to an incorrect estimate of the optimal pathogen strategy.

The O. cuniculus–myxoma virus case study

This study was in part motivated by our interest in the role of helminth infections in the
attenuation of MYXV following its initial release in Australia and Europe in the 1950s.
It is well understood that MYXV evolved towards a more attenuated virulence on both
continents (Kerr et al., 2012) because of selection against both highly virulent strains that killed
rabbits too quickly and low virulence strains that produced too little virus for transmission
by vectors (Fenner and Marshall, 1957; Dwyer et al., 1990). The parallel increased resistance of rabbits to
MYXV was an additional cause of reduced virus transmission (Kerr et al., 2015). We argue that
helminths might have contributed to the initial attenuation of MYXV by having susceptible
rabbits with an already impaired immune response to the virus experience faster mortality.
To capture this immune alteration, specifically the type-1/type-2 antagonistic immune
reaction between MYXV and helminths (Nash et al., 1999; Cattadori et al., 2007), we used a saturating
function to describe the heterogeneity map. A saturating heterogeneity map always predicts
lower ESS virulence in the presence of helminths regardless of the shape of the hetero-
geneity distribution and trade-off curve. Critically, partitioning the effects of a change in
the median helminth burden from a change in the variance of helminth burden, under a
strict type-1/type-2 immune response trade-off, we found that an increase in the hetero-
geneity of helminth burden without a change in the median tends to decrease ESS virulence.
Thus, any effect of MYXV attenuation attributable to helminths under the scenario of a
strict type-1/type-2 trade-off is caused by an increase in the overall helminth burden in the
population (measured here using the median).
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Under the assumption of reduced MYXV virulence in rabbits infected with a range of
helminth burdens, which we modelled using a piecewise heterogeneity mapping function,
ESS virulence can be higher or lower than in a homogeneous population (Figs. 3 and S4)
depending on the shape of the heterogeneity map. Here, an increase in variation without a
change in the median can decrease ESS virulence substantially, potentially reversing
the overall change in virulence from an increase (comparing between a homogeneous popu-
lation with no helminths and a homogeneous population with helminths) to a decrease
(comparing between a homogeneous population with helminths to a heterogeneous popula-
tion with median helminth burden equal to the helminth burden in the homogeneous
population).

Together, these results suggest that little can be said definitively. There is an urgent need
for experiments that quantify the shape of the heterogeneity mapping function in order to
provide a conclusive answer to the possibilities presented here. For example, laboratory
experiments of MYXV–helminth co-infections can quantify the MYXV replication
rate and virulence in rabbits infected with different helminth burdens. With the ability to
parameterize the heterogeneity map, this simple heterogeneity model could be combined
with a more detailed epidemiological model (e.g. Dwyer et al., 1990) for MYXV transmission to
capture more realistically the trajectory and causes of the attenuation of MYXV following
the initial introduction as well as the current patterns of circulating strain diversity.
Tentatively, we argue that the most realistic scenario is that co-infections, in concert with an
increase in rabbit resistance, would have contributed to the decrease of MYXV virulence
in wild rabbits following the release of the virus, but further work is needed to support this
conclusion.

We also examined whether lower MYXV virulence in rabbits with intermediate helminth
burden relative to helminth-free rabbits could explain the approximately 1.2 times higher
virulence of circulating MYXV strains in Scotland than in Australia in the decades follow-
ing the release of the virus in both countries (Fig. S2). Using a piecewise function for the
heterogeneity mapping function, we show that there is a relatively restricted and moderately
extreme parameter set that selects for higher virulence in a population of rabbits with higher
mean helminth burden. For example, minimum MYXV virulence has to occur above
300 helminths, which is much higher than the median of 138 helminths estimated from the
Gamma distribution fit to the helminth burdens measured in Scotland (Cattadori et al., 2007).
These 300 helminths must also be accompanied by a reduction in MYXV virulence of ∼50%
(Fig. 4). Given the prevalence of both MYXV and helminths in Scotland and the much
larger effect MYXV has on rabbit mortality relative to helminths, including the evolution of
increased host resistance to MYXV on a time frame of decades, it is unlikely that a reduc-
tion of 50% in virulence would be maintained in the host population without evolution
towards increased susceptibility to helminths. Smaller reductions in MYXV virulence (k)
can also lead to greater ESS virulence in Scotland, but only at even larger helminth burdens
(Fig. 4). For example, with h = 400, virulence in Scotland is only a maximum of ∼1.1 times
that in Snowy Plains, NSW (Fig. 4), providing further support against helminths as a causal
factor in selecting for higher MYXV virulence.

A comparison between Scotland and Urana, NSW (a population with lower helminth
burden than the Snowy Plains, NSW population), a larger parameter space supports higher
virulence in the Scotland population (Fig. S6). If the Urana, NSW population was isolated
from the rest of Australia, a mediated helminth-controlled reduction in relative MYXV
virulence could be a plausible explanation for differences in MYXV virulence between the
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populations. However, with the mixing of rabbit populations and the equally regional
spread of MYXV by mosquitoes and fleas, it is unlikely that the shape of the heterogeneity
map varies by population. Therefore, while a given heterogeneity map could plausibly
explain why virulence is higher in Scotland than a single region of Australia, this
explanation is brittle in the face of a well-mixed host population on the continental scale.
Yet, this does not rule out the possibility that some of the spatial diversity observed in
MYXV virulence (Kerr et al., 2010, 2015) is driven by interpopulation variation in helminth
burden. Little is known about the rate of strain emergence or extinction, or the scale at
which strains circulate, though recent work indicates new strains are gained and lost each
year (Kerr et al., 2017). Our simulations presented in Figs. 3 and 4 suggest that differences in the
distribution of helminth burden can select for large differences in ESS virulence and could
in part be driving the patterns of the high spatial diversity in MYXV virulence (Kerr et al., 2010,

2015).
To improve our model, the within-host dynamics of MYXV in rabbits free of helminths

can provide a baseline of the fundamental processes of virus evolution. The empirical trade-
off curve used here, derived from laboratory data (Fenner and Marshall, 1957), does not capture the
important biological MYXV–rabbit interactions that directly affect virulence. Indeed, the
use of viral titre measured at the site of the mosquito skin lesion [fibroma (Dwyer et al., 1990)]
leads to a range of values for peak titre or area under the curve [two standard methods of
measuring transmission potential (Handel and Rohani, 2015)], resulting in two possible values of
both case mortality and transmission (i.e. two values from a non 1: 1 function). Ultimately,
more details on the dynamics of infection within rabbits and the role of secondary skin
lesion in MYXV transmission are needed if we are to develop more realistic evolutionary
models of infection.

CONCLUSION

The mapping function of host heterogeneity to pathogen virulence has a marked influence
on specific outcomes of interest. In the absence of empirical data, we caution that assump-
tions about its characteristics, and to a lesser extent, the shape of the transmission–
virulence trade-off curve, can have large effects on model outcomes. While our simulations,
like others, are largely driven by model assumptions (Pugliese, 2011), the ease of substitution of
functional forms in our model will help bridge the gap between theory and data in this
field. As Alizon and Michalakis (2015) and Cressler et al. (2016) indicate, the field drastically
needs more studies that incorporate knowledge of the full life cycle of both host and
pathogen. Infection with a second pathogen species is likely to be a large part of the host’s
life cycle as well as modulate the life history and traits of the focal pathogen (Graham et al., 2007;

Fenton, 2008; Thakar et al., 2012; Cattadori et al., 2014) and ultimately pathogen evolution.
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Chapter 5: The evolution of parasites constrained
by a virulence-transmission tradeoff and
compensatory virulence factor “tuning”

In this chapter I examine the evolution of a parasite following its introduction into
a new host population. I model parasites that evolve in replication rate, which I
model as the underlying cause of virulence, which in turn is correlated with transmis-
sion following the tradeoff theory of virulence evolution. My model extends classic
virulence theory by adding a second quantitative trait that represents investment
in “compensatory” traits (e.g. secondary virulence factors), which is required for
parasites to effectively translate virulence into transmission. I use a stochastic, dis-
crete time model as well as reaction-diffusion and adaptive dynamics deterministic
models to understand the effects that random mutations in finite populations have on
parasite evolution. I find that all models agree that parasites evolve to their global
fitness maximum, but that models that the discrete time stochastic and reaction
diffusion models that include eco-evolutionary dynamics predict greater transient
virulence than the adaptive dynamics model. Smaller populations and higher muta-
tion rates cause parasites to depart further and more frequently from optimal virulence.

The text I present here is an early draft of a manuscript planned for publication.
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Abstract

Parasite exploitation after the emergence of parasite in a new host population leads to parasite (and host)
evolution on ecological time scales. Yet, most models for parasite evolution are either restricted to long
term evolution or assume that parasite fitness is defined only by virulence and transmission, which means
that parasites always reside on their optimization frontier. This is an unrealistic assumption for any organ-
ism in a new environment. We present a model for the evolution of a parasite that is initially beneath its
tradeoff frontier using a second quantitative trait that represents investment in “compensatory” traits (e.g.
secondary virulence factors), which is required for parasites to effectively translate virulence into transmis-
sion. We analyze our model using three different approaches: a finite population, discrete time stochastic
simulation-based model (DTS), a deterministic reaction-diffusion (differential equation based) model (RD),
and an adaptive dynamics model (AD). Using these three models we aim to understand the effects of small
populations and stochasticity on transient evolution, time to the adaptive peak, and periodic departures
of the population from its adaptive peak. We find that the RD and DTS models show qualitatively sim-
ilar patterns across a range of parameter values and starting conditions, though these patterns begin to
diverge as host populations become very small. We show that with an adaptive landscape with a single
maximum, an AD also provide an adequate description qualitative description of parasite evolutionary
dynamics. In all three models parasites evolve higher than optimal virulence in the short term because
of the negative fitness effects of a mismatch between replication rate and compensatory virulence factors.
Eco-evolutionary dynamics also contribute to higher transient virulence in the RD and DTS models. In
simple evolutionary models we find that a DTS model may be unnecessary; simple RD or AD models are
sufficient to understand parasite qualitative evolutionary dynamics. However, if rare evolutionary events
in small populations are of primary interest, only the DTS model is appropriate.
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Introduction

Parasite exploitation of their host exerts strong selection pressure on both parasite exploitation strategy

and host defense strategy (Schneider and Ayres, 2008, Ayres and Schneider, 2012, Kutzer and Armitage,

2016). The resulting evolution often occurs at ecological time scales (Day and Proulx, 2004, Bolker et al.,

2010, Lion, 2018), and sometimes in a predictable way (Ebert, 1998, Pugliese, 2002, Laine and Tellier, 2008,

Frickel et al., 2016). Often, rapid evolution occurs after a parasite jumps species or emerges in a new host

populations; examples of rapid parasite evolution following invasion include: WNV in North American

birds (Beasley et al., 2003), MYXV in Eurpoean rabbits (Fenner and Marshall, 1957), Plasmodium falciparum

in House finches (Fleming-Davies et al., 2018), HIV in Humans (Fraser et al., 2007), λ phage in E. coli.

(Berngruber et al., 2015), phycodnaviridae family dsDNA viruses in algae (Frickel et al., 2016, 2018), and

Pasteuria ramosa in Daphnia sp. (Duffy et al., 2009).

In the past four decades, models for parasite evolution informed by these examples have revealed gen-

eralities in parasite evolution and helped to explain parasite exploitation strategy in specific systems (for a

review see Cressler et al., 2016). However, most of these models are restricted to long term evolution despite

common rapid evolution (but see Bolker et al., 2010, Lion, 2018, Parsons et al., 2018). Models often also col-

lapse high-dimensional host-parasite interactions to two axes: parasite virulence (the rate of host mortality)

and parasite transmission rate, which jointly determine parasite fitness (Anderson and May, 1982, Ewald,

1983, Alizon and Michalakis, 2015, Cressler et al., 2016). These choices result in a model where parasites

move only on their optimization frontier, which is unrealistic for any organism in a new environment. In

this paradigm it is impossible to understand how a parasite evolves to this frontier because parasite traits

apart from virulence and transmission are taken as a “black box” (Alizon et al., 2009, Bull and Lauring,

2014, Alizon and Michalakis, 2015).

While it is relatively common for models to extend tradeoff theory using additional axes of complexity

such as within-host parasite dynamics (Alizon and van Baalen, 2005, Day et al., 2011, Mideo et al., 2011),

host evolution (Carval and Ferriere, 2010, Best et al., 2014, Papkou et al., 2016), or spatial structure (Lipsitch

et al., 1995, Haraguchi and Sasaki, 2000, Lion and Gandon, 2015), we are unaware of a model that helps

to explain parasite evolution both to and on the tradeoff curve by treating the tradeoff curve as a true

optimization frontier. Alizon et al. (2009) mention in passing that parasites beneath their frontier will first

evolve to their frontier and then to the tradeoff optimum; however, no additional discussion is given here,

or to our knowledge elsewhere, on the evolutionary trajectory a parasite takes to reach its global optimum

while under the constraint of tradeoff between virulence and transmission.

Here we present a model for the evolution of a parasite that is initially beneath its tradeoff frontier when
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it invades a new host population. Our model introduces a second trait axis, in addition to the commonly

used virulence, on which parasites evolve: a quantitative trait representation of investment in “compen-

satory” traits (e.g. secondary virulence factors) that affect the ability of a parasite to efficiently translate

virulence into transmission. In classic tradeoff theory, a change in parasite virulence results in a corre-

lated change in transmission following an assumed tradeoff curve function (often either a power-law or

sigmoidal function: Alizon and van Baalen 2005, Bolker et al. 2010, Kain et al. 2018). However, an increase

in parasite replication rate may only lead to an increase in transmission rate following changes in other

genes. For example, changes to the MYXV virulence factor M148R, which helps to downregulate the host

immune system, are needed for an increase in MYXV replication rate to increase transmission, because a

secondary side effect of an increased replication rate is a more rapid upregulation of the host immune sys-

tem (Blanié et al., 2009). Even in the absence of host immune regulation, it is not difficult to imagine that an

increase in investment in replication rate, for example, leads to a decrease in per capita infection efficiency,

enough that total efficiency decreases, because of a quantity vs quality life-history tradeoff. To recover this

per capita efficiency and further increase total efficiency, adjustments in secondary traits are needed. While

it is conceivably possible to model the evolutionary dynamics of multiple individual virulence factors, to

our knowledge no system is simple enough nor is enough known currently about the function of all of the

protein products of a specific parasite for this approach to be fruitful.

Models of parasite evolution often also assume both deterministic evolution in an infinite population

and a separation of ecological and evolutionary time scales, despite strong evidence that parasite exploita-

tion affects host population size which influences evolution on ecological time scales (Frickel et al., 2016,

Papkou et al., 2016, Frickel et al., 2018). These assumptions make it impossible to study rapid evolution

following parasite emergence, or as a result of environmental fluctuations such as seasonality (however,

see Day and Proulx 2004, Bolker et al. 2010, Lion 2018, and Parsons et al. 2018). These simplifications are of-

ten made in order to obtain analytic solutions, which are usually more easily generalizable; solutions from

stochastic simulations are likely to be tied more closely to specific systems and can potentially lead to less

powerful conclusions. However, because many researchers have recently been calling for more of a case-

study approach (Bull and Lauring, 2014, Alizon and Michalakis, 2015, Cressler et al., 2016), a reduced ability

to make widely generalizable conclusions may be a minimal drawback. Work on evolution in finite pop-

ulations is also restricted by a lack of mathematical theory for deriving analytic solutions for evolution in

finite populations on ecological time scales (Lion, 2018), though Parsons et al. (2018) have recently derived

analytic solutions for parasite evolution in finite populations using Stochastic Adaptive Dynamics. While this

model more closely resembles parasite evolution in practice, it assumes rare and small-effect mutations

which are unlikely for at least viral pathogens (e.g. MYXV, WNV, phycodnaviridae dsDNA viruses).
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We analyze our model for the mechanics of parasite exploitation using three different modeling ap-

proaches: a biologically realistic scenario of parasite evolution in finite populations using a discrete time

stochastic simulation-based model, as well as a deterministic reaction-diffusion (differential equation based)

model (RD) that captures both selection (advection) and mutation (diffusion) and an adaptive dynamics

representation of the problem (AD). These deterministic approaches serve as two forms of “null-models”

against which we compare the results of our stochastic model. Using these three models we aim to under-

stand the effects of small populations and stochasticity on transient evolution, time to the adaptive peak,

and periodic departures of the population from its adaptive peak. We examine when and what interesting

biological patterns emerge as a function of increasing model complexity; that is, what we can learn about

parasite evolution using a stochastic model that is missed when using a simpler framework.

Methods

We examine a parasite that is constrained by a tradeoff between virulence and transmission (Anderson

and May, 1982, Ewald, 1983), where transmission rate (β) is an increasing function of host mortality rate

(virulence: α). When β is a convex function of α ( ∂
2β
∂α2 < 0), a single intermediate value of α maximizes R0

(Alizon et al., 2009). Here we use a power-law function to model the relationship between α and β (Alizon

and van Baalen, 2005, Bolker et al., 2010):

β(α) = cα
1
ρ ,

where ρ controls the function’s curvature and c is a scaling factor. For a power-law function, R0 is given by:

R0 =
cα

1
ρ

µ+ α+ γ

where µ is the background rate of host mortality and γ is the rate of host recovery. The R0 of a parasite

constrained by only a power-law tradeoff is obtained at α∗ = µ+γ
(ρ−1) (Bolker et al., 2010, Kain et al., 2018).

Here we model parasite transmission that is controlled by both replication rate and a trait that we call

“tuning”, which we take as a collective representation of the status of a collection of “compensatory” sec-

ondary virulence factors. For example, an increase in investment in replication rate could lead to a decrease

in parasite per capita efficiency; to recover and/or increase total efficiency, adjustments in secondary viru-

lence factors are needed. In general, we imagine that an appropriate level of investment in compensatory

traits is what allows a parasite to realize maximum transmission at a given replication rate.

We define β given by the power-law tradeoff as the frontier (i.e. maximum achievable) transmission rate

(βf ) that is obtained when parasite tuning is perfectly matched to replication rate. The actual transmission
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rate of a parasite, realized transmission rate βr, is a decreasing function of the mismatch between replication

rate and tuning. We calculate βr as βf multiplied by parasite efficiency (ω), which is given by:

ω = e
−(φ−θ)2

δ , (1)

where log(replication rate) is given by φ, tuning by θ, and δ is a scaling factor (which we call the efficiency

scale) that determines the cost of a mismatch between φ and θ. Thus, βr = βf ∗ ω, where βr = βf occurs

only when φ = θ (i.e. a perfectly tuned parasite). Because ω = 1 when φ = θ, δ does not change the φ that

optimizes R0, but does change R0 when φ 6= θ. In the limit of δ → ∞, the impact of θ on parasite fitness

decreases to zero and the model collapses to classic tradeoff theory. In this model, parasite R0 is given by:

ω
β(α)

α+ γ + µ
. (2)

While parasite fitness (R0) is defined by virulence (α) and transmission (β), replication rate (φ) and

tuning (θ) are the evolving traits. We model φ as the log or replication rate, and α as the inverse-logit of φ

(α = eφ

eφ+1
). We use a logistic scale for two reasons: First, the non-linear logistic scale is a convenient scale

on which to model mutations that have little effect when a parasite has either a low or high trait value;

second, the logistic scale maps the unbounded scale on which mutation occurs to (0, 1), which allows us to

translate parasite replication rate and tuning to probabilities of transmission and host mortality for the DTS

model.

In reality, parasite virulence and transmission are a joint function of parasite exploitation strategy and

host defense strategy; following parasite invasion, parasite exploitation and parasite defense are known to

co-evolve (Fenner and Marshall, 1957, Carval and Ferriere, 2010, Best et al., 2014). To simplify the problem,

we make the unrealistic assumption of no host evolution, and instead assume a static level of total host

defensive capabilities. While we do not model host defenses, they are in a sense intrinsically captured in

our model through parasite tuning. That is, a change in parasite replication rate can be imagined to lead

to an initial decline in transmission because of increased host immune efficiency, at which parasites must

“retune” to maximize transmission (similar to what has been seen in MYXV).

Using these definitions for parasite exploitation and fitness, we examine parasite evolution using three

common modeling techniques: a discrete time, stochastic, finite population model (DTS), a reaction-diffusion,

differential equation model (RD) and an adaptive dynamics (AD) model. Our primary interest is on stochas-

tic evolutionary dynamics in small populations; however, results from stochastic simulation can be difficult

to interpret on their own. We use results from the RD model, which is deterministic and assumes an infinite

population, but which allows for eco-evolutionary feedbacks, as well as the AD model which assumes a
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separation ecological and evolutionary time scales, and small-effect mutations, to examine the effects of

small populations and stochasticity on transient evolution, time to the adaptive peak, and periodic depar-

tures of the population from its adaptive peak. We begin with a description of the DTS model and then

describe the simplified RD and AD models.

Discrete time, stochastic, finite population model (DTS)

We model parasite transmission using an SISD model, defined by three host classes: Susceptible (S), infected

(I), and dead (D). Infected hosts either recover from infection, at which point they become susceptible, or die

and become removed from the population. We assume a homogeneous host population. A unique parasite

strain is defined as a strain with a different value for replication rate and/or tuning, and thus virulence and

transmission.

In each time step of the DTS model the following events occur: S and I hosts die with background

mortality probability µ; I hosts die with probability equal to the virulence of the strain they are infected

with; S and I hosts reproduce in a density dependent manner, where the probability of reproduction is equal

to one minus the ratio of the sum of living S and I hosts to the starting population size if the population

size is less than the initial population size and zero otherwise; Infected hosts recover with probability γ

(hosts were assumed to have the same recovery rate from infection for all parasite strains; for the evolution

of recovery see Anderson and May 1982, Alizon and van Baalen 2005); and S hosts become infected. A

proportion of S hosts escape infection with probability equal to:

∏

i

(1− βi),

while the susceptible hosts that do become infected are infected with strain i with probability approximately

equal to:

pi =
niR0i∑
j njR0j

.

Using probabilities instead of rates for transmission, death, and recovery leads to a slightly modified

equation for R0 of:

R0 = ω
cα

1
ρ

1− ((1− µ)(1− α)(1− γ))
. (3)

This equation leads to a slightly higher level of optimal virulence than for Eq.2 when using the same pa-

rameter values for µ and γ.
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We assume a mutation occurs in parasite strain i during transmission with probability π, and that mu-

tations have an additive effect on the logistic scale. Mutational effect sizes for both traits are drawn from

a multivariate Normal distribution with a mean of zero, positive standard deviation (the same value for σ

was used for both traits), and zero covariance. That is:

φi → φi +MVN(0,Σ1,1)

θi → θi +MVN(0,Σ2,2)




|B(1, µ) = 1

Newly birthed and recovered hosts are not available to be infected until the next time step and newly

infected hosts cannot die, recover, or infect S hosts until the next time step. This process proceeds for a

specified length of time or until all hosts or all parasites go extinct.

Reaction diffusion model

The model described above can be written using a system of differential equations, using rates instead of

probabilities:

dS

dt
= bS − µS − S

∫ ∞

0

∫ ∞

0

β(α(φ, θ, t)))i(φ, θ, t)dφdθ + γ

∫ ∞

0

∫ ∞

0

i(φ, θ, t)dφdθ

∂i

∂t
= [Sβ(α(φ, θ, t))− (α+ µ+ γ)]i(φ, θ, t) +D

∂2i

∂φ2
+D

∂2i

∂θ2
,

where the second derivative (diffusion) terms model the mutational process in replication rate and tuning.

To remove the integrals in these equations to efficiently solve this system, we discretized replication rate

and tuning into an m x m matrix. Each cell of this matrix represents a combination of trait values, and the

number in each cell representing the number (proportion) of individuals infected with a strain with that

combination of trait values. Diffusion on this matrix represents mutation from one trait value to another,

using constant step sizes on the logistic scale. We solved this system of differential equations using the ode

function in the deSolve package (Soetaert et al., 2010) in R (R Core Team, 2019); diffusion was implemented

using the tran.2d function in the ReacTran (Soetaert and Meysman, 2012) package using a zero-flux

boundary condition (no loss of infected individuals due to mutation).

Adaptive dynamics model

When ecological dynamics are assumed to be fast relative to evolutionary dynamics (a new parasite mutant

only invades at ecological equilibrium), and mutational effect size is small, it has been shown that parasites
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evolve to optimize R0 (Dieckmann, 2002, Keeling and Rohani, 2008, Lion, 2018). By definition, once at

ecological equilibrium a resident strain has an R0 = 1. A new mutant is able to invade if it has an RE > 1 (a

single host infected with a mutant strain infects greater than one new host at the equilibrium number of S

set by the resident strain). In simple epidemiological models (e.g. SIS, SIR) (Dieckmann, 2002, Keeling and

Rohani, 2008, Lion, 2018), an RE > 1 corresponds to an R0 > 1. Starting with an arbitrary resident stain,

we allow mutant strains with RE = 1 + ε to invade and fixate until no new mutant strains have RE > 1.

This process can be used to find the optimal parasite strategy, though it is not guaranteed that the optimum

found is the global optimum (Dieckmann, 2002).

Our model generates a fitness landscape (we use this term to describe the relationship between parasite

tuning, replication rate and R0) with a single global maximum and no local maxima for all parameter

values. We implement AD by relying on the criteria that a mutant strain with R0 greater than the resident

strain will displace the resident strain. Using mutations with the small additive effect of 0.005 on the logistic

scale (φt+1 = φt ± 0.005; θt+1 = θt ± 0.005), we allow mutant strains to replace the resident strain until all

mutants have an RE < 1. We consider parasite evolution when a parasite can have a simultaneous mutation

in both replication rate and tuning (which we assume in both the DTS and RD models), or a mutation in

only a single trait at a time. For the model with mutation in both traits it is possible that a number of

mutational changes (e.g. an increase in replication rate and tuning vs an increase in replication rate but a

decrease in tuning) can lead to a higher R0; we assume that the mutant parasite with the larger R0 invades,

which removes any stochasticity from this model. That is, the invading strain, within the mutational range

of±ε for both traits, with the highest R0 displaces the resident (for a stochastic version of adaptive dynamics

see Parsons et al. 2018).

Model outcomes

Our primary aim is to understand the dynamics of the DTS model; we use the results from the RD and AD

models to help us clarify the effects of stochasticity and small populations. We focus primarily on three

outcomes: transient patterns in parasite virulence, the time it takes a parasite to reach its global optimum,

and the size of the long-term virulence distribution (due to mutation/selection balance and/or stochastic

departures from the global optimum). We ran all three models across a range of parameter values for µ, σ,

N, δ, and initial tuning and replication rate (Table 1). We explore only a single power-law tradeoff. For our

DTS model we used 250 stochastic simulations for each parameter combination.
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Table 1: Parameter values used in the DTS (discrete time, stochastic, finite population) RD (reaction-
diffusion), and AD (adaptive dynamics) models. Parameter values that are not used in a given model
are written as “–”. Starting values for φ and θ for the RD model are closer to 0 on the logit scale because
of numeric instability at more extreme starting conditions. Values for the power-law scaling parameter (c)
was increased in the RD model to insure an R0 > 1 at extreme combinations of φ and θ with a δ of 10. An
increase in c increases R0 but does not affect the shape of the fitness surface.

Parameter DTS model RD model AD model

δ 10, 30, 50 10, 30, 50 10, 30, 50

µ 0.001, 0.005, 0.025 –

1 or 2 mutations in each
new mutant, occurs after
ecological equilibrium is
reached

Mutational Σ 0.05, 0.01, 0.25 0.025 * 2.50, 1, 2, 3
Constant mutational size
of 0.005

Population Size 200, 600, 1800 – –

Starting [φ, θ]
[logit(0.03), logit(0.97)],
[logit(0.97), logit(0.03)],
[logit(0.03), logit(0.03)]

[logit(0.80), logit(0.20)],
[logit(0.20), logit(0.80)],
[logit(0.20), logit(0.20)]

[logit(0.03), logit(0.97)],
[logit(0.97), logit(0.03)],
[logit(0.03), logit(0.03)]

Power-law c 0.75 2-20 0.75

Power-law ρ 2 2 2
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Results

We first compare qualitative patterns in parasite evolution among the DTS, RD, and AD models for single

parameter sets. We then describe the effects of each parameter on each of our metrics of interest in the

DTS model. In all cases we focus on a scenario where a parasite evolves from an initial position of low

replication rate and low efficiency (high tuning), which we use to represent a parasite that has recently

jumped species and is poorly suited to its new host. In the online supplement we present results when a

parasite evolves from high replication rate and low efficiency (another possible scenario following a species

jump) (Figure S1) as well as low replication rate, high efficiency (Figure S2). We focus on patterns in par-

asite virulence and transmission, which are the observable traits from the point of view of an exploited

host population. We focus less explicitly on tuning, which effects transmission and constrains virulence

evolution but serves as a “silent” trait that is a step removed from epidemiology/ecology.

Climbing the fitness landscape: qualitative patterns among models

The RD and DTS models show qualitatively similar patterns when using similar parameter values for muta-

tional variance in the DTS model and the strength of diffusion in the RD model (σ in both models) (Figure 1).

The medians of the RD and DTS models show similar patterns for a parasites’ evolution in tuning and repli-

cation rate, despite marginal differences in the curvature of the fitness landscape, which occurs because of

the difference in the equation for R0 when using rates or probabilities (see Figure S3 for a comparison of

the landscapes). With a ρ = 2 in the power-law tradeoff curve, parasites maximize R0 at a virulence of 0.21

and 0.26 in the RD and DTS models respectively (Figure 1). Variation among stochastic runs also roughly

match the size of the variation in the DTS model at these parameter values; however, these patterns de-

scribe somewhat different processes. The RD model describes variation within a population of parasites,

while the DTS model variation pictured in Figure 1 describes variation among stochastic realizations (we

discuss variation within a single stochastic run in the following results section). Even so, Figure 1 shows

that the simpler RD model provides an adequate qualitative match to the DTS model dynamics.

The AD model results show that even though parasites overshoot their optimal virulence in the absence

of ecological dynamics, parasites evolve to their optimum phenotype in a more direct route than in either

the RD and DTS models (Figure 1 bold black line). Eco-evolutionary feedbacks in the RD and DTS models

select for increased β in the short term (Day and Proulx, 2004, Bolker et al., 2010), which results in higher

transient virulence than in the AD model (Figure 1, top left panel). Selection for higher β also leads to a

positive feedback for higher β (and therefore α), because strains with higher β mutate faster than strains

with lower β. In AD, when mutations only occur in a single trait at a time (Figure 1 bold black dashed line),

110



a parasites evolves to its optimum level of virulence first, and then to its optimum level of tuning. This

pattern is seen across a wide range of parameter values for δ and the shape of the tradeoff curve, including

the parameters used in Figure 1 (e.g. Figures S 1, S 2); a parasite evolving according to AD with mutations

in single traits will evolve tuning first only with a small δ and flat power-law tradeoff curve (small ρ) (not

pictured).

Figure 1: The large right panel shows the evolutionary trajectory of a parasite on its fitness land-
scape in the DTS model (thin blue lines show 250 stochastic simulations, while the solid blue lines
show the median, 50%, and 95% quantities of these simulations), RD model (red ellipses show 95%
of the distribution of parasite strains), and AD model (bold black solid line shows simultaneous evo-
lution in two traits; dashed lines show evolution in a single trait per time step), using the follow-
ing parameter values: DTS: µ = 0.005, σ = 0.05, N = 600; RD: σ = 0.0625; All models: δ = 30.
The surface pictured is calculated using the R0 equation for rates (Eq.2), and has been scaled so that
the adaptive peak has a value of 1 (shown in light grey). Due to the slight difference in R0 for
the RD and DTS models (Eq.2 vs Eq.3), the DTS surface is marginally different (see Figure S3 for a
comparison of these surfaces). The thin dashed vertical line shows the location of the adaptive peak
for this surface; the thin dotted vertical line shows the location of the peak for the DTS model.
The top left and bottom left panels show a parasite evolving in log(replication rate) and tuning, accord-
ing to the right panel, translated into virulence and transmission following a power-law tradeoff (top) and
virulence and R0 (bottom). The dashed curve in the bottom left panel shows parasite R0 for the RD and AD
models; the dotted curves shows parasite R0 for the DTS model. Maximum R0 is designated by the vertical
dashed and dotted lines respectively. All models have the same power-law tradeoff curve (top). A numeric
summary of the DTS model for these parameter values is available in Table 2 row 2.
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A smaller efficiency scale (δ) value increases the fitness cost of a mismatch between replication rate and

tuning (Eq.1), which leads to higher parasite virulence in the short term in all models (Figure 2) (a larger

δ decreases the cost, and leads to lower transient parasite virulence: Figure 3). Qualitative differences

between the AD and RD/DTS models are similar across the range of values for δ used here (Figures 1-3). In

the limit of δ →∞, a parasite’s fitness landscape collapses to two dimensions and a parasite evolving from

lower-than-optimum virulence evolves monotonically to optimum virulence in AD, RD, and DTS models

(not pictured).

Figure 2: For a complete figure caption see Figure 1. Panels show the evolutionary trajectory of a parasite
in the DTS (blue lines), RD (red ellipses), and AD (black solid and dashed lines) models, using the same pa-
rameter values as Figure 1, except with δ = 10. A numeric summary of the DTS model for these parameter
values is available in Table 2 row 8.
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Figure 3: For a complete figure caption see Figure 1. Panels show the evolutionary trajectory of a parasite
in the DTS (blue lines), RD (red ellipses), and AD (black solid and dashed lines) models, using the same pa-
rameter values as Figure 1, except with δ = 50. A numeric summary of the DTS model for these parameter
values is available in Table 2 row 9.
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Parameter dependence: focus on the DTS model

For each of our metrics of interest we find that a single parameter is the dominant source of variation; other

parameters contribute, but to a lesser degree. Mutational probability (µ) (followed by population size, N)

has the strongest effect on the number of circulating strains (results for each of our model outcomes are

shown in Table 2). The time it takes for a parasite population to reach its adaptive peak is a decreasing

function of both mutation probability and population size, and to a lesser degree mutational standard

deviation (σ). Maximum transient virulence is very consistent across parameters except for efficiency scale

(δ); decreasing δ results in lower transient virulence (Figures 1-3). The total time a parasite circulates while

above optimum virulence is primarily a function of time to optimum virulence, and therefore is the largest

for low mutation probability, low mutational standard deviation, and a smaller population size. Finally,

departure from optimum virulence is driven almost entirely by population size. A smaller population size

leads to a larger stochastic departure from the adaptive peak. For example, in Table 2, last column, row 3,

the value of 0.17 means that ∼ 95% of the 39 circulating strains (column 1 of ”Model Outcomes”) had a

virulence between 0.20 and 0.33.

All of the results presented in Table 2 can be visualized in Figure 4 except for the number of circulating

strains. For parasite evolution from high replication rate and low efficiency see Figure S1; for evolution

from low replication rate, high efficiency see Figure S2.
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Table 2: Results for each of our model outcome for a subset of the parameter values presented in Table 1. The right half of the table lists results for
the parameter values listed on the left. To improve presentation, parameter values are listed sparsely: for a given focal parameter, parameter values
for all other parameters are constant. For example, in rows 1-3, parameter values for σ, N, and δ follow row 1. Model outcome columns, in order
from left to right, are as follows: 1) Median number of circulating strains over the whole simulation; 2) Time (steps) to first reach optimum virulence,
which can be roughly translated to a number of host generations by dividing by 100 (average life span of an uninfected host); 3) Maximum virulence
reached during the evolution of the parasite to its adaptive peak; 4) Total time period where the parasite has a higher-than-optimum virulence;
5) Departure from optimum virulence lists the standard deviation in log(replication rate) (virulence on the logit scale) among circulating strains
(median among all stochastic simulations) after optimum virulence is reached.

Parameters Model Outcomes

Focal
Parameter

Mutation
Probability: µ

Mutational
SD: σ

Population
Size: N

Efficiency
Scale: δ

Median
number of
circulating
strains:

Time to
optimum
virulence:

Maximum
transient
virulence:

Time with
greater than
optimum
virulence:

Departure
from optimum
virulence:

0.001 0.05 600 30 3 > 5x105 0.41 4.6x105 –

µ 0.005 11 1.1x105 0.40 1.0x105 0.14

0.025 39 3.4x104 0.40 3.0x104 0.17

σ 0.005 0.01 600 30 11 > 5x105 0.41 3.1x105 –

0.25 11 1.1x104 0.40 1.0x104 0.21

N 0.005 0.05 200 30 4 3.6x105 0.41 3.3x105 0.23

1800 33 6.7x104 0.41 6.0x104 0.11

δ 0.005 0.05 600 10 11 1.7x105 0.47 1.7x105 0.09

50 11 1.3x105 0.38 1.2x105 0.18
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Figure 4: Parasite virulence for all parameter combinations presented in Table 2. Bold lines represent medi-
ans across 250 stochastic simulations; shaded envelopes show 95% quantiles. The correspondence between
the model outcomes presented in Table 2, from left to right, are as follows: 1) Median number of circulating
strains: not pictured; 2) Time to optimum virulence: Time at which median virulence first reaches 0.26;
3) Maximum transient virulence: maximum of each curve; 4) Time with greater than optimum virulence:
width of the peak; 5) Departure from optimum virulence: not directly pictured. The width of the shaded
envelope shows the variation in median virulence among stochastic simulations, not the median among all
stochastic simulations for standard deviation in virulence among circulating strains within each simulation,
which is what Table 2 shows. However, because all simulations converge on a virulence of 0.26, there is a
strong correlation between these two metrics; the width of the shaded envelope after the parasite popula-
tion reaches a median of 0.26 follows the same pattern as the numbers presented in the Table 2, but are not
quantitatively identical.
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We present an expanded center panel from Figure 4 in Figure 5. This plot shows each of the 250 stochas-

tic simulations for the first three rows of Table 2; the center red curve is the result presented in Figure 1

(only an efficiency scale of 30 is pictured in Figure 5). This plot also shows the median and 95% density for

the virulence of the parasite strains in the RD solution, which is similar to the stochastic simulation result.

The optimum virulence of 0.21 for the RD model and 0.26 for the DTS model are seen here.

Figure 5: Parasite median virulence and virulence across all stochastic simulations for the center panel of
Figure 4 with only δ = 30 shown (these parameter combinations are also shown in Figure 1 and in the first
three rows of Table 2). The solid black curve and shaded grey envelope show the median and 95% density
for the virulence of the parasite strains in the RD solution.
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Discussion

Previous work assuming a tradeoff between virulence and transmission has shown that evolution on eco-

logical timescales, for example during an epidemic, selects for strains with higher instantaneous growth

(little r) more strongly than for strains with higher R0 (Day and Proulx, 2004, Bolker et al., 2010). Eco-

evolutionary feedbacks can be seen here in the comparison between AD and RD/DTS solutions in Figure 1

and Figure S2, though our model also provides a new mechanism in addition to eco-evo dynamics for why

a pathogen may evolve higher transient virulence: parasite tuning selects for higher virulence in the short

term when a parasite evolves from an initial position of low virulence and low efficiency. A larger cost of

a mismatch between virulence tuning (which lowers β at a given level of α) leads to very high transient

virulence (Figure 2). When scaled to host lifespan in the absence of infection, the transient virulence period

pictured in Figure 2 represents 1,600 host lifespans. While this is unrealistic for any vertebrate host, it may

be an appropriate time scale for viral parasites of algae (Frickel et al., 2016, 2018) or bacteria Berngruber

et al. (2015).

When a parasite evolves from high virulence and low efficiency, another plausible scenario for an emerg-

ing pathogen, all three models agree that a parasite evolves monotonically to its optimum. However, the

length of time that it takes for a parasite to reach its optimum virulence increases as the fitness impact of

tuning increases (e.g. as δ decreases). The evolutionary distance covered by a parasite evolving directly to

its optimal virulence reflects evolution only on the tradeoff curve; this distance is shown in the horizontal

portion of the bold dashed line in Figure S1. Collectively, these results show that in the simple case of a

fitness landscape with a single global maximum AD, RD, and DTS models agree on the general trajectory

of parasite evolution. With a multi-peaked surface, however, AD solutions may not agree with the RD or

DTS solutions (Dieckmann, 2002). For example, when a local maximum exists with a steeper gradient, AD

models can show that a parasite resides at this local maximum indefinitely. Diffusion in RD and DTS mod-

els allow populations to evolve through fitness valleys, which has been documented empirically (Jain and

Krug, 2007, Gokhale et al., 2009, Weissman et al., 2010). This scenario requires more detailed analyses than

those presented here.

Despite the similarities between the RD and DTS model solutions, the dynamics we plot reflect slightly

different processes. The RD model reveals variation within a population of parasites, while the DTS model

solution represents variation among stochastic realizations. While we do not show them here (and only

report variation after equilibrium is reached–Table 2 last column), simulation results show that with similar

parameter values for σ in the RD and DTS model, population level variation in the RD model is about an

order of magnitude larger than in the DTS model. Approximately an order of magnitude smaller value for
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σ in the RD model is needed for roughly similar estimates of within-population variation.

If general qualitative patterns are of primary interest, a RD model is likely preferable to a DTS model

because it is easier to implement and faster to solve. However, while RD and DTS models (and under

many starting conditions the AD model) broadly agree on qualitative dynamics, it is important to keep in

mind that these models generate slightly different landscapes shapes for the same numeric values for host

recovery and host background death rate. The even simpler AD model used here provides a description

of gradient ascent (tracking the steepest path up the landscape), which can provide a description of the

final evolutionary state of the system (as long as careful attention is paid to the muli-peakedness of the

landscape), but may underestimate transient dynamics. If rare evolutionary events in small populations

are of primary interest, only the DTS model can provide an adequate estimate. It is also important to keep

in mind however, that with any more complicated of a model than is used here, for example with host

evolution in defense traits, the number of differential equations in the RD model becomes unwieldy and

solving this system can take longer than solving the DTS model.

For the DTS model specifically, results were as expected. An increase in population size minimized the

effects of stochasticity, decreased the time to optimal virulence, and decreased a populations departure from

optimum virulence. Both a larger mutation probability and mutational standard deviation decrease time to

equilibrium and increase transient departure from equilibrium. The transient virulence peak is determined

mostly by the shape of the fitness landscape, with an increase in the cost of a mismatch between replication

rate and tuning increasing transient virulence.

Caveats and model extensions

Despite our breadth of coverage of methods for solving our model, we considered only an SIS type epi-

demiological model, which does not allow for recovered hosts that are permanently immune to infection

(e.g. an SIR model), despite lifetime immunity in many wildlife diseases (e.g. WNV, MYXV). We also ignore

variation in host recovery across parasite strains, even though tradeoff between host recovery and parasite

virulence can also constrain parasite exploitation strategy (Alizon, 2008). It would be interesting to extend

our model an SIR model with recovered hosts of incomplete and waning immunity as seen in Mycoplasma

gallisepticum infection of House Finches (Fleming-Davies et al., 2018). In this system incomplete and wan-

ing immunity favors the evolution of more virulent strains which are able to overwhelm a hosts incomplete

immunity. However, these evolutionary patterns are not yet fully understood. With a small extension to

explicitly consider host defense, our model for secondary trait evolution could help to explain the evolution

of virulence in this system.
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We also define host-parasite interactions using only a quantitative genetic model, though many host-

parasite systems (e.g. flax-flax rust: Islam and Shepherd 1991, human/bird-influenza: Smith et al. 2004,

Poullain and Nuismer 2012, Pseudomonas fluorescens and its DNA phage: Poullain et al. 2008) can arguably

be better understood using a more explicit gene based approach. A matching allele model (MA), for ex-

ample, assumes that a perfect match between host and parasite genotype is required for infection, while

a gene-for-gene (GFG) model relaxes these assumptions slightly, allowing for a decay in infection success

as a function of increasing genetic distance (Agrawal and Lively, 2002, Nuismer and Otto, 2005, Thrall

et al., 2016). Often these models are usually analyzed in a co-evolutionary framework, and have shown

to lead to evolutionary cycles such as Red-Queen dynamics (Decaestecker et al., 2007). In the absence of

host evolution, our quantitative genetic model has a clear parallel to a GFG model, with tuning serving as

a form of genetic distance, and transmission as a measure of infection success. However, to fully realize the

connection between these models it is necessary to extend our model to allow for host evolution.

For the model that we do examine, a few of our assumptions could be explored/relaxed in order to

cover a wider range of possible dynamics. First, we assume a very strong form of density dependent birth

that greatly reduces the probability of population extinction (e.g. with N = 200 none of populations in the

250 simulations went extinct, though with populations of 100, extinction probability was roughly 10-20%).

Given our focus here on a parasites’ evolutionary path to their global optimum and the size of the departure

from optimum virulence, we chose population sizes to minimize extinction. It will be important to examine

the starting conditions that make it unlikely a parasite would escape extinction; these are likely dead end

hosts for the parasite. Given our strong assumption for density dependent birth, it is possible that the

results we present here are modeling an unrealistic scenario of a pathogen evolving to exploit what is in

reality an unsuitable host.

Second, while our assumption of mutational effects on a logistic scale is logical, mutation on one scale

and selection on another has the potential to produce very odd dynamics. For example, mutation on the

log scale and selection on the linear scale can leads to exponentially increasing fitness, albeit in the absence

of tradeoffs. Regardless, it may be fruitful to examine mutation and selection on the same scale in order to

understand what portion of the dynamics we see are due simply to our modeling choices.

Finally, as mentioned previously we assume a static, homogeneous host population, which is an unreal-

istic assumption for any host population. A vast literature exists for a static, heterogeneous host population

which shows that host heterogeneity has a large influence on parasite optimum virulence (e.g. (Ebert and

Hamilton, 1996, Gandon et al., 2001, Ganusov et al., 2002, Gandon, 2004, Kain et al., 2018)). When host pop-

ulations evolve with parasite populations, evolutionary cycles and stable polymorphisms can occur (Carval

and Ferriere, 2010, Best et al., 2014, Athanasiadou et al., 2015). In order to make our model more realistic it
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will be important to extend our model to consider the evolution of host resistance (reducing parasite load)

and tolerance (decreasing fitness costs for a given pathogen load) on ecological time scales (for reviews on

resistance and tolerance see Schneider and Ayres 2008, Ayres and Schneider 2012, Kutzer and Armitage

2016).
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Chapter 6: Concluding Remarks

Principal Findings and Contribution to the Field

In Chapters 2 and 3 I show that when the collective data for WNV is used in an

epidemiological model, little clarity remains in our understanding of WNV transmission.

Though I am able to show that temperature has a large impact on WNV transmission,

I find that there is insufficient evidence to describe why the WN02 lineage is currently

the dominant lineage in North America, and that our ability to estimate WNV

transmission potential as a function of variation in bird communities across space and

time is poor. Bird community composition can, in theory, have a large impact on WNV

R0 because of known differences in the competence of different bird species; however,

large uncertainty in the response to infection of many bird species makes it difficult to

say how differences among diverse bird communities contribute to WNV transmission.

When using median estimates for each bird species’ response, for example, I find

that some Texas bird counties in the early spring and late fall can support a WNV

epidemic in spite of a temperature that would be unable to support an epidemic in

the average bird community. However, because of large uncertainty in these species’

responses, appropriately using the full distribution for birds’ responses homogenizes

bird species, reducing the influence of variation in bird communities across space and

time on WNV transmission. Despite this uncertainty, I find that WNV transmission

potential declines with increasing bird species richness, and that Northern Cardinals

specifically, and species in the family Corvidae more broadly, are the most important

species for WNV amplification, while dove species (family Columbidae) are the most

important species for dampening WNV transmission. Together, these species can help

identify communities where epidemics may be more or less common.
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In Chapter 4 I show that a small extension to tradeoff theory can help predict the

evolution of virulence, even while retaining a simple model designed to be parameterized

with empirical data obtainable form a small number of experiments. Using this model

I show that heterogeneity among rabbits generated from secondary infection with

gastrointestinal helminth parasites is an unlikely explanation for differences in MYXV

virulence between Scotland and Australia, but could help explain spatial variation in

MYXV virulence across Australia.

Finally, in Chapter 5, I describe an additional mechanism apart from eco-evolutionary

feedbacks that could help explain transient patterns in parasite virulence. This model is

primarily conceptual, and designed in part as a thought piece for future work exploring

more deeply how parasites evolve to the virulence-transmission evolutionary frontier.

While this extension may have scientific merit, I believe this chapter may be better

suited for a chapter on disease modeling in an ecological modeling textbook. As an

entering PhD student, I would have found the exploration of the qualitative dynamics

of two deterministic models and a discrete time stochastic model on a problem in

disease ecology a useful starting point for my studies.

Future Directions

Empirical work

My work is primarily stymied because of insufficient data. Though my WNV work

was completed from an ecological viewpoint, it has the potential to influence human

health management decisions. However, this work would only make an impact given

both more accurate and precise R0 estimates across time and space. To improve R0

estimates variation in mosquito density and species composition among ecoregions

and across seasons are likely the most important missing data needed to predict WNV
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R0 accurately. Secondarily, more infection experiments of common, but currently

underrepresented families of bird species, such as many non-passerine families, are

needed. Despite the simplicity of my model for MYXV evolution, I still had to make

an educated guess for the shape of the relationship between worm burden and MYXV

infection intensity because of a lack of data. Finally, while the model I present in

Chapter 5 was conceptual, a single quantitative estimate for the evolutionary history of

the replication rate of a parasite in a new host would have helped me to parameterize

my model. Ultimately, these missing data diluted my message and decreased the

impact of this work.

The importance of data is widely understood in the field of disease ecology as a

major roadblock in advancing our understanding (Alizon and Michalakis, 2015; Cressler

et al., 2016). Not only would the utility of my work increase with more data, but

more data would also have opened up additional modeling avenues that were currently

closed to me. For example, I was forced to abandon a detailed within-host model

for MYXV dissemination in rabbits because of a lack of data. I believe one of the

biggest contributions I could have made to the field would have been to generate

new data. Though I did not present it here, I designed an experiment (including full

laboratory protocols, detailed treatments, and power analyses) for the evolution of

Pasteuria ramosa mortality virulence and castration in populations of Daphnia magna

constrained by space. While I was unable to run this experiment during my PhD work,

I hope to play a part in a related experiment in the future.

Host evolution

A shortcoming of my models is the lack of attention paid to the host component of

antagonistic host-parasite interactions. While I consider host variation, I assume that

this variation is static despite much empirical evidence for evolving host populations
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(European rabbits Fenner and Marshall 1957, Daphnia Ebert et al. 1998, and C.

elegans (Irazoqui et al., 2010) to name but a few). The literature contains a large

theoretical and mathematical foundation for me to draw upon to extend my models,

including models for the evolution of host resistance (reducing pathogen load) (Boots

and Haraguchi, 1999; Gandon et al., 2002; Laine, 2005; Carval and Ferriere, 2010)

and tolerance (reducing the negative fitness impact of infection) (Roy and Kirchner,

2000; Best et al., 2010, 2014). Although these results suggest a complicated biological

picture, it is apparent that resistance and tolerance are both viable outcomes under a

variety of scenarios. However, the majority of evidence of host defense evolution in

both natural and laboratory systems involve host resistance evolution, for example,

European rabbits to the myxoma virus (MYXV) (Kerr et al., 2015), House finches

to mycoplasma (Bonneaud et al., 2012), E. coli to phage T4 (Bohannan and Lenski,

2000), and algae to phycodnaviridae dsDNA family viruses ((Frickel et al., 2016, 2018).

Evidence for the evolution of tolerance is comparatively rare (I am only aware of

empirical or observational evidence for tolerance evolution in blue crabs to Mytilicola

intestinalis Feis et al. 2016).

It remains an open question why the evolution of resistance appears to be much

more common than the evolution of tolerance. It is possible that we simply haven’t

been looking for tolerance for as long, that it may be harder to detect, or that standing

genetic variation for tolerance is lower than for virulence. However, it may be that it is

more difficult for hosts to evolve tolerance, potentially because tolerance is more costly

or less beneficial than resistance. Soares et al. (2017) suggest that whether tolerance

or resistance is likely to evolve will be heavily influenced by a parasite’s traits. The

number of intricate immune mechanisms Soares et al. (2017) propose could be factors

would benefit from some reductionist modeling with the goal of illuminating broad

classes of parasite strategies that favor host evolution of either resistance or tolerance.
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By extending the model I present in Chapter 5 to consider both tolerance and

resistance evolution simultaneously, I would be able to begin to address these questions

by examining resistance and tolerance evolution as a function of the functional form of

the interactions between host and parasite. A powerful modelling approach to begin to

tease apart evolutionary change and empirical sampling would be to pair a stochastic

simulation model with a power analysis to determine how difficult it is to detect a

given evolved change in a natural population.

Spillover and the Dilution Effect

Currently, support for the dilution effect is unequivocally mixed (Salkeld et al., 2013;

Civitello et al., 2015), with disagreement over its ubiquity leading to an “acerbic

debate” (McCallum, 2015) that has plagued the literature in recent years. While a

series of papers since 2013 on when the dilution effect occurs has helped this debate

(e.g., Joseph et al., 2013; Mihaljevic et al., 2014; Dobson and Auld, 2016; Levi et al.,

2016), detailed analysis of the mechanisms driving how the dilution effect operates

remain rare. I found that WNV R0 decreases as a function of increasing species

richness, which supports the dilution effect hypothesis (Schmidt and Ostfeld, 2001;

Keesing et al., 2006) only in the broadest sense. The most immediate and likely most

impactful extension of my WNV work would be to use my mechanistic WNV model to

estimate human infection risk in well sampled bird communities to begin to unravel the

mechanistic basis for human disease risk. While data does not exist to test the dilution

effect on a large scale, this would still be a significant contribution. To predict human

infection cases for WNV my approach would be to extend my model to a finer spatial

scale, and use a Who Acquires Infection From Whom (WAIFW) matrix approach

(Dobson and Foufopoulos, 2001) to explicitly include humans as an additional species

in the overall community.
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Appendix : Additional figures for Chapter 2
Supplemental figures, originally presented as a supplemental component of the published
work presented as Chapter 2.
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(1) Model for mosquito titer to mosquito transmission

Due to a lack of publications that explicitly measured transmission from mosquitos after X days

following infection with WNV, we fit a model to transmission with titer as a predictor used data

from (Moudy et al., 2007) to obtain data from papers that only measured titer temporally and not

transmission. To do so we fit a parameterization of a logistic cdf to transmission using non-linear

least squares with the nlmrt package (Nash, 2012).
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Figure S1: Relationship between Titer and Transmission from Moudy et al. 2007.

3 138



(2) Model for mosquito survival

We used data from (Andreadis et al., 2014) to fit a logistic model to mosqutio longevity. In our

data analysis we used median survival at each temperature to calculate R0. We appreciate that

this study took place in Greece, far from the transmission events we are interested in, but it in-

cludes the most complete data on temperature dependent Culex survival that we could find.
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Figure S2: Relationship between Mosqutio Survival Probability and Days. Colored solid lines are
extracted data from Andreadis et al. 2014 Figure 1C. Colored dashed lines are model estimates.
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(3) Titer and Survival for "Other" Birds
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Figure S3.1: Titer Profiles for all other birds.
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Figure S3.2: Survival for all other birds.

(4) Mosquito to bird transmission adjustments
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Figure S4.1: 3d figure of Mosquito to Bird model fit to raw data for NY99 with JEV data. Red
points are NY99 data, blue points are WN02 data. Surfaces are predicted probabilities of trans-
mission from an infected mosquito to a naive bird (Z-axis) for NY99 with JEV data. X-axis is
days from 1-40, y-axis is Log Dose from 2 to 8. Light green surface is fitted surface at 16 degrees
Celcius, darker green surface is 20 degrees Celcius, and black surface is 24 degrees Celcius.
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Figure S4.2: 3d figure of Mosquito to Bird model fit to raw data for WN02 with JEV data. Red
points are NY99 data, blue points are WN02 data. Surfaces are predicted probabilities of trans-
mission from an infected mosquito to a naive bird (Z-axis) for WN02 with JEV data. X-axis is
days from 1-40, y-axis is Log Dose from 2 to 8. Light green surface is fitted surface at 16 degrees
Celcius, darker green surface is 20 degrees Celcius, and black surface is 24 degrees Celcius.
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Figure S4.3: 3d figure of Mosquito to Bird model fit to raw data for NY99 without JEV data. Red
points are NY99 data, blue points are WN02 data. Surfaces are predicted probabilities of trans-
mission from an infected mosquito to a naive bird (Z-axis) for NY99 without JEV data. X-axis is
days from 1-40, y-axis is Log Dose from 2 to 8. Light green surface is fitted surface at 16 degrees
Celcius, darker green surface is 20 degrees Celcius, and black surface is 24 degrees Celcius.
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Figure S4.4: 3d figure of Mosquito to Bird model fit to raw data for WN02 without JEV data. Red
points are NY99 data, blue points are WN02 data. Surfaces are predicted probabilities of trans-
mission from an infected mosquito to a naive bird (Z-axis) for WN02 without JEV data. X-axis is
days from 1-40, y-axis is Log Dose from 2 to 8. Light green surface is fitted surface at 16 degrees
Celcius, darker green surface is 20 degrees Celcius, and black surface is 24 degrees Celcius.
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Figure S4.5: Figure 4a from the main text without encorporating mosquito survival
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Figure S4.6: Figure 4a, b from the main text without JEV data. See Section 5 for coe�cient plots
for mosquito to bird transmission without JEV data.
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Figure S4.7: Vector-Competence for NY99 and WN02. Vector Competence at 26 Degrees Cel-
cius, generated by combining Bird-to-Mosquito and Mosquito-to-Bird transmission (conditioning
Mosquito-to-Bird transmission on all mosquitos that fed on an infected blood sample).
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(5) R0 Caculations without Japanese Encephalitis Virus (JEV)

data

Here we present the analysis presented in the primary manuscript removing all "prior informa-

tion" on mosquito transmission at lower titers using transmission of the closely realted JEV virus.

Here we present parameter estimates for the Mosquito to Bird transmission model and R0 esti-

mates with and without the JEV transmission data.
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NY99 26°C
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WN02 26°C
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NY99 26°C

WN02 16°C

WN02 26°C
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Figure S5: R0without JEV data. Panels correspond to Figure 5 in the main text.
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Community R0s without JEV

In the Chicago, IL community with "other" birds median R0 for NY99 was greater than
WN02, but credible intervals overlap:

NY99 at 160C, Median: 0.83, CI: 0.02-3.06;
WN02 at 160C, Median: 1.54, CI: 0.01-4.93;
NY99 at 260C, Median: 0.30, CI: 0.07-0.88;
WN02 at 260C, Median: 0.55, CI: 0.06-1.33.
In the Chicago, IL community without "other" birds median R0 WN02 was greater than

NY99, but credible intervals also overlap:
NY99 at 160C, Median: 1.18, CI: 0.03-5.70;
WN02 at 160C, Median: 1.06, CI: 0.002-7.38;
NY99 at 260C, Median: 0.42, CI: 0.08-1.63;
WN02 at 260C, Median: 0.49, CI: 0.02-1.96.
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(6) Coe�cient plots for all models
In this section we include all coe�cient plots for the fixed e↵ects, random e↵ects, and for the
linear predictors from one of the random e↵ects of our choice for each model.

Titer
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Figure S6.1: Fixed E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
LD 0.046 0.047 -0.042 0.014 0.044 0.077 0.140
Intercept WN02 0.249 0.336 -0.452 0.039 0.255 0.462 0.904
Intercept NY99 0.472 0.295 -0.124 0.298 0.480 0.670 1.009
Day WN02 0.843 0.156 0.539 0.744 0.843 0.937 1.164
Day NY99 0.719 0.139 0.448 0.631 0.713 0.809 1.005
Daysq WN02 -0.129 0.036 -0.205 -0.150 -0.127 -0.107 -0.064
Daysq NY99 -0.111 0.034 -0.180 -0.131 -0.110 -0.089 -0.046
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Figure S6.2: Random E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Infection Experiment Intercept 0.293 0.032 0.235 0.270 0.292 0.313 0.363
Host Species:Virus Lineage Daysq 0.068 0.021 0.040 0.054 0.065 0.077 0.117
Host Species:Virus Lineage Intercept 0.462 0.194 0.163 0.332 0.434 0.570 0.922
Host Species:Virus Lineage Day 0.272 0.101 0.130 0.204 0.255 0.321 0.525
Citation Intercept 0.176 0.062 0.076 0.131 0.170 0.210 0.320
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Figure S6.3: Fixed E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Intercept WN02 10.767 1.575 7.944 9.685 10.682 11.783 14.152
Intercept NY99 9.044 1.038 6.874 8.470 9.081 9.673 10.923
Day WN02 -1.163 0.365 -1.857 -1.406 -1.174 -0.949 -0.412
Day NY99 -1.135 0.286 -1.758 -1.299 -1.136 -0.960 -0.547
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Figure S6.4: Random E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Infection Experiment Intercept 2.254 0.503 1.174 1.949 2.275 2.573 3.199
Infection Experiment Day 0.176 0.122 0.026 0.074 0.146 0.257 0.446
Host Species:Virus Lineage Intercept 1.181 1.068 0.042 0.299 0.969 1.748 3.536
Host Species:Virus Lineage Day 0.519 0.211 0.238 0.375 0.479 0.617 1.034
Citation Intercept 0.419 0.508 0.030 0.076 0.196 0.571 1.886
Citation Day 0.363 0.156 0.074 0.257 0.362 0.463 0.677
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Bird to Mosquito Transmission
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Figure S6.5: Fixed E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Intercept WN02 1.431 0.174 1.101 1.319 1.427 1.539 1.779
Intercept NY99 1.233 0.152 0.932 1.139 1.234 1.324 1.539
LD WN02 -0.310 0.044 -0.396 -0.341 -0.309 -0.282 -0.224
LD NY99 -0.267 0.039 -0.346 -0.295 -0.265 -0.242 -0.191
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Figure S6.6: Random E↵ects (no intercept displayed)

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Mosquito Species Log Dose 0.106 0.097 0.024 0.049 0.080 0.126 0.362
Mosquito Species Intercept 0.839 0.620 0.078 0.488 0.707 1.003 2.535
Citation Log Dose 0.384 0.107 0.217 0.306 0.370 0.443 0.632
Citation Intercept 2.817 0.787 1.617 2.271 2.701 3.229 4.788
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Mosquito to Bird Transmission: With JEV
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Figure S6.7: Fixed E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Temp_X_Day_WN02 0.018 0.005 0.009 0.015 0.018 0.021 0.028
Temp_X_Day_NY99 0.017 0.004 0.010 0.014 0.017 0.019 0.024
Temp WN02 0.078 0.092 -0.106 0.018 0.078 0.138 0.261
Temp NY99 0.112 0.072 -0.028 0.066 0.112 0.158 0.251
LD WN02 0.546 0.240 0.074 0.386 0.546 0.699 1.025
LD NY99 0.539 0.222 0.077 0.398 0.546 0.689 0.965
Intercept WN02 -7.957 2.954 -13.795 -9.961 -7.838 -5.947 -2.444
Intercept NY99 -8.919 2.518 -14.166 -10.620 -8.802 -7.134 -4.198
Day WN02 -0.242 0.135 -0.522 -0.328 -0.242 -0.149 0.014
Day NY99 -0.197 0.100 -0.399 -0.261 -0.196 -0.131 0.000
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Figure S6.8: Random E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Vector Species Temp 0.046 0.020 0.019 0.031 0.041 0.056 0.096
Vector Species Log Dose 0.286 0.132 0.062 0.201 0.273 0.352 0.607
Vector Species Intercept 0.370 0.432 0.028 0.087 0.210 0.476 1.584
Vector Species Day 0.068 0.036 0.023 0.041 0.060 0.084 0.155
Infection Experiment Intercept 1.372 0.211 1.010 1.220 1.352 1.507 1.835
Infection Experiment Day 0.067 0.016 0.039 0.056 0.065 0.076 0.103
Citation Intercept 0.671 0.508 0.039 0.229 0.619 0.969 1.893
Citation Day 0.084 0.034 0.033 0.061 0.080 0.103 0.164
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Mosquito to Bird Transmission: Without JEV

Day NY99

Day WN02

Intercept NY99

Intercept WN02

LD NY99

LD WN02

Temp NY99

Temp WN02

Temp_X_Day_NY99

Temp_X_Day_WN02

−15 −10 −5 0 5 10
Fixed Effect Parameter

Es
tim

at
e 

on
 L

og
is

tic
 S

ca
le

Figure S6.9: Fixed E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Temp_X_Day_WN02 0.018 0.006 0.007 0.015 0.018 0.022 0.029
Temp_X_Day_NY99 0.017 0.004 0.010 0.015 0.017 0.019 0.025
Temp WN02 0.079 0.104 -0.111 0.011 0.078 0.146 0.293
Temp NY99 0.153 0.078 0.004 0.103 0.152 0.204 0.313
LD WN02 -0.484 0.782 -2.134 -0.964 -0.480 0.027 1.050
LD NY99 -0.350 0.364 -1.097 -0.584 -0.352 -0.115 0.349
Intercept WN02 -0.644 6.983 -14.172 -5.112 -0.926 3.849 12.911
Intercept NY99 -3.752 2.972 -9.772 -5.732 -3.715 -1.800 1.925
Day WN02 -0.220 0.149 -0.520 -0.312 -0.216 -0.126 0.074
Day NY99 -0.174 0.111 -0.396 -0.246 -0.173 -0.106 0.041
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Figure S6.10: Random E↵ects

Parameter Mean SD ci2.5 ci25 ci50 ci75 ci97.5
Vector Species Temp 0.060 0.036 0.022 0.036 0.051 0.072 0.148
Vector Species Log Dose 0.123 0.105 0.025 0.053 0.087 0.154 0.407
Vector Species Intercept 0.457 0.580 0.027 0.088 0.227 0.586 2.096
Vector Species Day 0.076 0.053 0.022 0.043 0.061 0.094 0.202
Infection Experiment Intercept 1.463 0.225 1.077 1.300 1.447 1.611 1.955
Infection Experiment Day 0.071 0.016 0.044 0.060 0.069 0.081 0.108
Citation Intercept 0.392 0.405 0.034 0.111 0.255 0.541 1.579
Citation Day 0.083 0.037 0.030 0.058 0.077 0.101 0.175
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(7) Amplification Fraction Table
Species Lower Median Upper

American Crow 0.000 0.000 0.003
House Sparrow 0.089 0.551 0.939

House Finch 0.004 0.031 0.222
American Robin 0.017 0.391 0.892

(8) Stan model notes
All stan models are available as .stan files in the online supplement and in the Github repository
https://github.com/morgankain/WNV_Synthesis.git

For the titer profiles model, fixed e↵ect parameters were given uninformative cauchy priors:
intercepts were given cauchy(0, 10) priors and slopes were given cauchy(0, 2.5) priors. Variance
parameters with positive constraints were given uninformative inverse gamma priors.

For the bird survival model, bird to mosquito transmission, and mosquito to bird transmission
models parameters without constraints such as intercept or slope coe�cients, were given nor-
mal(0.0, 1.0E3) priors. Variance parameters with positive constraints were given gamma(1.0E-3,
1.0E-3) priors.
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Appendix : Citation information for the data used
in Chapter 2
Supplemental information on citations from which data was extracted, originally
presented as a supplemental component of the published work presented as Chapter 2.
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Notes on methodological decisions and oddities found in data
extraction and full citation list sorted by data type

Titer and Survival

(Brault et al., 2004)

* An error bar on titer when there appeared to be only one surviving bird

* Overlapping error bars due to a lack of jitter. Measured carefully to connect error to the appro-

priate means

* No dates given for host capture (or dates overlooked if given).

* After-hatch-year birds

* No sex given

(Brault et al., 2007)

* After-hatch-year birds

* No sex given

(Brault et al., 2011)

* An error bar on titer when there appeared to be only one surviving bird

* Overlapping error bars due to a lack of jitter. Measured carefully to connect error to the appro-

priate means

* No dates given for host capture (or dates overlooked if given).

* No age given

* No sex given

(Clark et al., 2006)

* Birds were determined to be hatch-year birds by weight and plumage

* No sex given

(Duggal et al., 2014)

* Infection profiles of individual birds received from Dr. Nisha Duggal

* SW03 genotypes treated as genotypes of WN02 and NY2001 treated as NY99 (see main text)
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* No age given

* No sex given

(Fang and Reisen, 2006)

* An error bar on titer when there appeared to be only one surviving bird

* Range given for titer dose. Used center of range in analysis.

* Death of birds from days 6-7 given as a total. Assumed 1/2 died each day

* No age given

* No sex given

(Grubaugh et al., 2015)

* An error bar on titer when there appeared to be only one surviving bird

* No dates given for host capture (or dates overlooked if given).

* No age given

* No sex given

(Guerrero-Sánchez et al., 2011)

* Overlapping error bars due to a lack of jitter. Measured carefully to connect error to the appro-

priate means

* Some instances of data description in text not matching appropriately to data depicted in figure.

Used data from figure

* No dates given for host capture (or dates overlooked if given).

* Adult birds

* No sex given

(Kilpatrick et al., 2010)

* Hatch-year birds, 3-5 weeks old

* No sex given

(Kilpatrick et al., 2013)

* An error bar on titer when there appeared to be only one surviving bird

* Hatch-year and after-hatch year birds
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* No sex given

(Kinney et al., 2006)

* No dates given for host capture (or dates overlooked if given).

* Hatch-year birds

(Kipp et al., 2006)

* No dates given for host capture (or dates overlooked if given)

* No age given

* No sex given

(Komar et al., 2003)

* Some oddities in the calculation of ranges.

* No age given

* Mixture of Males and Females. Sex given for some individual-level data not used in this study

(titer in organs)

(Komar et al., 2005)

* No age given

* No sex given

(Langevin et al., 2005)

* No dates given for host capture (or dates overlooked if given).

* No age given

* No sex given

(Langevin et al., 2014)

* An error bar on titer when there appeared to be only one surviving bird

* Overlapping error bars due to a lack of jitter. Measured carefully to connect error to the appro-

priate means

* After-hatch year birds

* No sex given

(Melian et al., 2014)
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* No dates given for host capture (or dates overlooked if given).

* No age given

* No sex given

(Nemeth et al., 2006)

* No dates given for host capture (or dates overlooked if given).

* Range given for titer dose. Used center of range in analysis.

* Most birds needle injected while a single bird was orally injected. Removed orally injected bird

because it was at odds with the rest of the experiment.

* Juvenile birds

* No sex given

(Nemeth et al., 2009)

* Error bar on titer when there appeared to be only one surviving bird

* Range given for titer dose. Used center of range in analysis.

* Death of birds from days 5-9 given as a total. Assumed even mortality

* Adult birds

* No sex given

(Nemeth et al., 2011)

* No age given, but at least > 6 months old based on elapsed time between capture and experi-

mentation

* No sex given

(Oesterle et al., 2009)

* Nestlings (8-17 days post-hatch)

* No sex given

(Owen et al., 2006)

* No mention of mortality. Activity levels were listed as not being affected, and given other lan-

guage assumed no birds died.

* Combined all data from migrant and control birds because of no direct manipulation by the
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authors

* Hatching-year birds

* No sex given (Authors include a statement that the species used in this study are monomorphic)

(Owen et al., 2012)

* Adult birds

* 15 females and 20 males

(Reisen and Fang, 2007)

* No age given

* No sex given

(Reisen and Hahn, 2007)

* No dates given for host capture (or dates overlooked if given).

* No age given

* No sex given

(Reisen et al., 2005)

* Death of House Finches in Figure 3B given as a total over the whole study duration. Due to

too large of a time window left these data out. For sample size weighting for titer model death

assumed to take place in the last 3 days of data, where the lack of data past certain day taken as

complete mortality

* Death of some birds from days 4-7 given as a total. Assumed even mortality

* < 0.3 log10 titer units given. Used 0.3

* No dates given for host capture (or dates overlooked if given).

* No age given (Mosquitos were allowed to feed on adult birds in one trial, but it is unclear if the

experimental birds were also adults)

* No sex given

(VanDalen et al., 2013)

* Adult birds

* No sex given
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(Worwa et al., 2015)

* Hatching-year birds

* No sex given

(Ziegler et al., 2013)

* No dates given for host capture (or dates overlooked if given).

* Adolescent birds (>6 months)

* No sex given

Bird to Mosquito and Mosquito to Bird Transmission

(Anderson et al., 2012)

* Range given for titer dose. Used center of range in analysis.

* Virus retrieved from mosquitos by allowing them to feed on suckling mice

(Bolling et al., 2012)

* control used from control and coinfected

(Ciota et al., 2013)

Ciota, Alexander T, Chin, Pamela A, & Kramer, Laura D. (2013). The effect of hybridization of

Culex pipiens complex mosquitoes on transmission of West Nile virus. Parasit Vectors, 6, 305.

* sample size given as 65-75. Used 70

* data from hybrids given. Just used non-hybrids

(Danforth et al., 2015)

* Virus retrieved from mosquitos using capillary tube method (20 min of feeding)

(Dodson et al., 2011)

* Multiple studies averaged

* control used from control and nutritionally deprived

(Dodson et al., 2014)

* control used from control and coinfected

7 168



(Dohm et al., 2002)

* Titer converted to transmission probability using the fitted relationship using the data in Moudy

et al. 2007

* Reported transmission given as dissemination with the note that at least 90% of mosquitos with

disseminated virus are able to transmit (Turell et al. 2000, 2001).

(Ebel et al., 2005)

(Goddard et al., 2002)

(Goenaga et al., 2015)

* Virus retrieved by collecting saliva using capillary tube method

(Hanley et al., 2005)

(Johnson et al., 2003)

* Titer converted to transmission probability using the fitted relationship using the data in Moudy

et al. 2007

(Kilpatrick et al., 2008)

* Range given for titer dose. Used center of range in analysis.

* Transmission converted to Transmission | Infection

* Virus retrieved by collecting saliva using capillary tube method

(Moudy et al., 2007)

* Transmission converted to Transmission | Infection

* Data from intrathoracic inoculation of Culex pipiens excluded

* Virus retrieved by collecting saliva using capillary tube method

(Moudy et al., 2009)

* Range given for titer dose. Used center of range in analysis.

* Virus retrieved by collecting saliva using capillary tube method

(Reisen et al., 2005)

* Range given for log10 dose. Used center of range

* Range given for sample size. Used center of range
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(Reisen et al., 2006a)

* Range given for titer dose. “Fed on sparrow at peak viremia”. Taken as 6.5 (could be off and

also more variable)

* Virus retrieved by collecting saliva using capillary tube method

(Reisen et al., 2006)

(Richards et al., 2007)

(Richards et al., 2014)

(Sardelis and Turell, 2001)

(Sardelis et al., 2001)

* Transmission converted to Transmission | Infection

(Tiawsirisup et al., 2005)

* Transmission converted to Transmission | Infection

(Turell et al., 2000)

(Turell et al., 2001)

(Vanlandingham et al., 2004)

(Vanlandingham et al., 2007)

(Vanlandingham et al., 2008)

(Worwa et al., 2015)

* Transmission converted to Transmission | Infection

JEV

(Gould et al., 1962)

(MACKENZIE-IMPOINVIL et al., 2015)

(Muangman et al., 1972)

(Van Den Hurk et al., 2003)
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Case Study data for mosquito to bird ratio, bird community

composition, mosquito bite preference

(Hamer et al., 2009)

* Odd confidence intervals given binomial error distribution

(Simpson et al., 2012)

* Some oddities with confidence intervals

(Loss et al., 2009)

(Ruiz et al., 2010)

(Newman et al., 2011)

Seroprevalence Data

Using the search algorithm <West Nile Virus Seroprevalence> in google scholar we located 12

studies within the first 80 hits that presented seroprevalence data for WNV. These studies in-

cluded:

(Bell et al., 2006)

* North Dakota and Minnesota, 2003-2005

(Bernard et al., 2001)

* New York, 2000

(Beveroth et al., 2006)

* Illinois, 2002-2004

(Chaves et al., 2016)

* Mexico, 2012

(Dusek et al., 2009)

* Many locations along east coast and midwest, 2001-2003

(Komar, 2001)
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* New York, 2000

(Komar et al., 2005)

* Louisiana, 2002

(Loss et al., 2009)

* Illinois, 2005-2006

(O’Brien et al., 2010)

* Nebraska, 2008

(Reisen et al., 2004)

* California, 2003

(Reisen et al., 2006b)

* California, 2004

(Ringia et al., 2004)

* Illinois, 2002
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Appendix : Additional methods and results for
Chapter 3
Supplemental methods and results, originally presented as a supplemental component
of the work in revision in Parasites & Vectors, presented as Chapter 3.
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Methods
Community resampling
Here we present the results of our simulated resampling of the best sampled bird commu-
nities in Texas, USA in the eBird database (communities with greater than 1,300 complete
lists). We resampled 5-120 complete lists from the 46 most sampled communities 100 times.
From these results we determined, subjectively, that with fewer than 80 complete lists, the
gain in total number of communities was not worth the increased error rate and loss of
species representation; at greater than 80 complete lists the loss in communities was too
large for the small decrease in error and species loss.
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Figure S1. Result from 100 subsamples from each of the 46 communities with greater than 1,300
complete lists. Violin plots show distribution of medians across the 46 communities from the 100
resampling events. The top panel shows the RMSE between the relative proportions of all birds in
the complete communities and subsampled communities as a function of the number of lists
subsampled. The secondary axis shows the number of communities that would be left in the Texas
dataset if the corresponding number of lists were used as a cutoff to define a well sampled
community.
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Figure S2. A second depiction of results from 100 subsamples from each of the 46 communities
with greater than 1,300 complete lists. Top and bottom panels shows how much RMSE is gained, or
the additional proportion of species that are lost, respectively, with an increase in retained Texas
communities (which are gained when fewer complete lists are used as a cutoff, see Figure S1).
Points in both panels show overall medians across all communities and 100 resampling events.
Blue lines are smooths showing approximate slope. 80 complete lists resides at the beginning of the
accelerating portion of this curve.
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Sampling region for the mosquito biting preferences model
Figure S3 shows the eBird sampling region used to inform our prior in the Bayesian
component of the mosquito biting preference model.

Figure S3. Delineation of the area where eBird lists were used as prior information for
the bird community sampled in [1]. The center of this region was given as the location of
the sampling conducted in [1]. The entire area is contained within Cook County, IL and is
composed primarily of suburban Chicago, IL.
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Phylogenetic mixed effects model validation
We present results for R2 and blocked leave-one-out cross validation in Table S1. We
calculated conditional R2 (which measures the variance explained by both fixed and
random factors; see [2, 3, 4]) for our phylogenetic mixed models using slightly modified
code from R package MuMIn [5]). For blocked leave-one-out cross validation we left out
all data for a single species at a time, refit our model with and without the species level
phylogenetic random effect, and calculated goodness of fit of predicted values to the
left out bird species’ data for each model. For models with a normal or Poisson error
distribution we use scaled root mean squared error (RMSE) between predicted values and
the data with the following formula:

√
1
n ∑n

i=1 (yi− ŷi)
2

ȳ
. (1)

For predicting responses using the titer model we use mean log dose across all infection
experiments (which decreases fit to individual infection experiments, inflating RMSE
slightly). For the binomial model (bird survival), we use area under the curve (AUC),
calculated using the observed number of birds that died and did not die on each day
and the estimated probabilities for each of these outcomes. Set up in this way, larger
AUC values mean a better fit between the predicted values and the empirical data. AUC
cannot be calculated for scenarios in which no birds died; in our calculation we ignore
experiments in which no individual birds died. To calculate AUC we used the R package
MESS [6]. Table S1 shows mean RMSE across all species for each method.

Despite an established method for calculating R2 for mixed effects models [2, 3, 4],
R2 can be difficult to interpret for these models. Additionally, by convention, the biting
preference model without the phylogenetic random effect (an intercept only model) has
an R2 = 0, which makes the ratio of R2 values for this model difficult to interpret. The
important point is that R2 increases (in many cases greatly) for all four of our models when
the species level phylogenetic random effect is included (Table S1).

The inclusion of a species level phylogenetic random effect increases the ability of three
of four models to predict left-out species’ responses (Table S1). For the survival model,
AUC values are small overall because most bird species survive with high probability;
it is difficult to predict the rare case of individual birds dying. AUC increases when a
phylogenetic random effect is included in the survival model because this model is better
able to predict the mortality of species that die with a higher frequency than the average
species. For the biting preference model, the phylogenetic random effect marginally
increases RMSE (Table S1); this may be due to minor overfitting.
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Table S1. Phylogenetic mixed effects model validation. We use RMSE to quantify
leave-one-out cross validation error for Titer, Biting preference, and detectability models,
and AUC to quantify error for the survival model.

Model

Titer Survival Biting preference Detectability

Phylogenetic random effect included? No Yes No Yes No Yes No Yes

Conditional R2 0.65 0.93 0.805 0.898 0.00 0.97 0.51 0.92

Leave-one-out goodness of fit estimate 0.48 0.41 0.01 0.03 0.23 0.30 0.25 0.18

Ricker function
The Ricker function:

y = axe−bx (2)

is a hump-shaped curve that is commonly used for modeling right-skewed patterns
in ecology [7] such as density dependence (e.g. [8]). When a = 1 this function is a Ricker
function; when a 6= 0 this function is a Generalized Ricker. We use a Generalized Ricker
function to model patterns in titer in birds, where x is given by day. Using log(titer) as our
response variable, we estimate the a and b parameters in the Generalized Ricker function
using a linear model with the form log(titer) ∼ day + log(day).
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Results
Community R0
Complete eBird Dataset
Estimates for WNV R0 using the complete eBird dataset were more variable, but had
similar monthly medians to the well sampled eBird dataset in most months (Figure S4,
Figure S5).

The spatio-temporal GAM model explained 97% of the variation in WNV R0. WNV R0
was once again found to be driven mostly by temperature, and vary little across human
population density and years. With the full dataset, bird communities most favorable
for WNV transmission were once again estimated to be in the “Llano Uplift” ecoregion,
while the least competent bird communities were estimated to be in the “High Plains” and
“Oak Woods & Prairies” ecoregions. Overall R0 was estimated to be the highest in the
“Piney Woods” and “Oak Woods & Prairies” (favorable temperature in the “Oak Woods &
Prairies” has a much larger effect than the unfavorable bird communities in this region),
and the lowest in the “High Plains”.
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Figure S4. A comparison of R0 estimates. Purple and green boxplots show R0 estimates from
models fit to the full and reduced eBird datasets respectively.
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Figure S5. A comparison of R0 estimates. The gray histograms shows estimates for the full ebird
data set and the blue histograms shows estimates for the reduced eBird data set by month. The
vertical dotted gray and blue lines show the medians of the distributions.
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No uncertainty propagated: Reduced eBird Dataset
Estimates for WNV R0 when propagating no uncertainty were more variable than when all
uncertainty was propagated (Figure S6 vs main text Figure 1). No uncertainty propagation
increased the impact of variation in the bird community on variation in R0 estimates within
months (Figure S6).
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Figure S6. WNV R0 estimates between months and among Texas counties when no uncertainty is
propagated. Blue boxplots show R0 estimates across Texas counties within months for a “Full”
model, which used the eBird community and NOAA temperature data for each community. Red
boxplots show R0 estimates from a model where each community retained their specific eBird
community, but whose temperature was replaced with average temperature over all of Texas for
that month. With no uncertainty propagated, variation in R0 within months attributable to
variation in the bird communities (red boxplots) is much larger than when all uncertainty is
propagated (see main text Figure 1). The increase in variation explained by the bird community is
due to the translation of titer into bird-to-mosquito transmission probability, which has a maximum
of one (see main text: Discussion for a full description of this phenomenon). Increases or decreases
in medians between the models within months is due to the effects of averaging temperature prior
to predicting R0 using the nonlinear functions for mosquito-to-bird transmission and mosquito
survival across temperature.
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Single sources of uncertainty: Reduced eBird Dataset
For each model and for most sources of uncertainty, using point estimates for a single
parameter decreases the CV of R0 and increases the amount of variance explained in the
spatio-temporal model. However, for the titer model, ignoring uncertainty in fixed effects
increases the CV because of a smaller decrease in standard deviation than in the mean. In
the titer model, ignoring uncertainty in the amount of evolutionary change along the most
recent branch in time leading to species i results in the largest change in the CV of R0 for
any source of uncertainty for any model, regardless of direction: a median of a 1.3 fold
increase in the CV of R0.

Species-specific contributions to R0
Complete eBird Dataset
Here we present which species have the largest impact on R0 when they are removed
from each of the 30,188 communities that they occupy, which gives a distribution of effects
across communities. Northern cardinals were estimated to have a median effect on R0
similar in magnitude to their effect in the reduced dataset, but with a larger range of
effects (recorded in 68% of the bird communities in the full dataset; median: 0.91 fold
decrease in R0, 0.76-0.99 in 95% of communities). Jay species appear as the most impactful
amplifiers in the full dataset as well. As in the reduced data set, Mourning doves (Zenaida
macroura, recorded in 78% of the bird communities in the full dataset) accounted for the
largest median dilution effect, but with an increased range of effect sizes (median: 1.05
fold increase in R0, 1.01-1.30 in 95% of communities). Again, only 2 species (Mourning
doves: Zenaida macroura and White-winged doves: Zenaida asiatica) had a median dilution
effect greater than a 1.01 fold increase in R0.

These analyses also provide a clear example of the type of problems that arise when
using undersampled bird communities. In November of 2004 in Lamb county, a single
complete list was submitted with two species, Sharp-tailed sandpiper (Calidris acuminata)
and Ring-necked pheasant (Phasianus colchicus). Sharp-tailed sandpipers are estimated to
be moderately competent hosts, while Ring-necked pheasants are estimated to be very
poor hosts. This is the only “community” in which Sharp-tailed sandpipers were recorded
in all of Texas. Sharp-tailed sandpipers were estimated to have a dilution effect of 0.29,
which is implausible given the magnitude of the effects we estimate for the most important
amplifier and diluter species.

Data citations
Laboratory infections of birds: [9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25,
26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38]

Laboratory infections of mosquitoes: bird-to-mosquito and mosquito-to-bird transmis-
sion: [35, 37, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60,
61, 62, 63, 64, 65, 66, 67, 68, 69]

Bird detectability: [70, 71, 72, 73], and [74, 75, 76, 77, 78, 79, 80] (cited in [81])
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Appendix : Details on code used in Chapter 3
Supplemental code information, originally presented as a supplemental component of
the work in revision in Parasites & Vectors, presented as Chapter 3.
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Supplementary readme for code used in: Predicting bird community reservoir 
competence for West Nile virus using phylogenetic mixed effects models and 
eBird citizen science data  
 
Morgan P. Kain1 and Benjamin M. Bolker1,2 

1Department of Biology, McMaster University, 1280 Main Street West, Hamilton, Ontario L8S 4K1 
Canada 
2Department of Mathematics and Statistics, McMaster University, 1280 Main Street West, Hamilton, 
Ontario 
 
Author’s Email Addresses: 
Corresponding Author: Morgan P. Kain (kainm@mcmaster.ca) 
Benjamin M. Bolker (bolker@mcmaster.ca) 
 
------------------------------------ 
Supplementary code is available at: https://github.com/morgankain/WNV_Mechanistic_Model 
------------------------------------ 
 
Code can be run using two methods: 
1) Clean eBird .zip file and run R code "manually" in two separate steps 
 A) In the command prompt run “sh ebird_data_clean.sh” once all eBird .zip files have been placed 
in the folder titled "ebird_zip_fresh". Note: Requires "Command Line Tools" on Mac. 
 B) Open "top_level_script.R" (Details about each R script can be found in "top_level_script.R") 
  i) Read the instructions at the top of this script 
  ii) Adjust parameters and options as desired 
  iii) Run the script as desired 
2) Clean eBird .zip file and run R code in a single step 
 A) Run sh ebird_bash_run.sh  

  i) This requires some additional setup on the part of the user (see Step 4 in 
"ebird_bash_run.sh") 

  ii) This method cannot be used with manual matching of scientific names if scientific names 
are not found (see "saved_matching" below)  

 
The code .zip contains a number of folders, many of which are empty. The folders are one of three types: 
 
1) Folders that need to have data placed in them prior to running the code.  
 A) trees -- Contains phylogenetic tree data 
 B) ebird_zip_fresh -- Contains the .zip ebird file 
 C) data -- Contains all other data (bird responses, county data etc.) 
2) Folders that contain model components 
 A) stan -- Contains stan model definitions 
3) Folders that start empty and get filled when output is saved to disk while running code 
         A) ebird_data_for_R -- Will contain all of the eBird data once it is extracted 
         B) ebird_zip_dump -- Will contain .zip files after they get extracted 
 C) ebird_pieces -- One of two intermediate folders to momentarily house extracted eBird pieces 
 D) ebird_unzip -- Two of two intermediate folders to momentarily house extracted eBird pieces 
 E) saved_fits -- Houses intermediate fitted model results to expedite code in future runs 
 F) saved_matching -- Houses matched scientific names and bird body sizes 
 G) saved_output -- Houses all other fits including final "product" 
 
Further detail for the purpose of each R script can be found in "top_level_script.R" 
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Appendix : A general model exploration for
Chapter 4
Supplemental figures, originally presented as a supplemental component of the published
work presented as Chapter 4.
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GENERAL MODEL EXPLORATION
765

To explore the results presented here visually use the parameter values listed in Table S1 with766

the Shiny R applications at: https://morganpkain.shinyapps.io/myxo_power_hmf/767

& https://morganpkain.shinyapps.io/myxo_piecewise_hmf/. In general, because768

of the focus on the piecewise heterogeneity map and its effects on MYXV ESS virulence, here769

we primarily focus on detailed analysis of qualitative results using the saturating exponential770

heterogeneity map. The complexity of the piecewise heterogeneity map, which has 4 param-771

eters, makes it difficult to present all qualitative results across a range of parameter values.772

In general, qualitative patterns will differ greatly depending on the location of the median of773

the Gamma distribution of observed heterogeneity relative to the minimum of the quadratic774

portion of the piecewise function (h). Here we show one scenario where the median is less than775

h. Interested readers are encouraged to examine other parameter values using the online Shiny776

R application.777

Relative virulence: What are the effects of a change in median trait value on pathogen778

virulence at the population level? (Figure S3 and Figure S4, panels A1 and A2)779

With the saturating exponential heterogeneity map (Figure S3), an increase in mean trait value,780

such as a secondary infection with helminth macro-parasites, increases relative virulence mono-781

tonically. Specifically, the fold change in pathogen virulence that optimizes pathogen fitness in a782

homogeneous population with a non-zero worm burden follows the inverse of the heterogeneity783

map. An increase in median/mean trait value in a heterogeneous population, regardless of the784

shape of the heterogeneity distribution, will therefore decrease ESS relative virulence for both785

a power-law or sigmoidal tradeoff curve. Alternatively, with the non-monotonic (piecewise)786

heterogeneity map, an increase in the homogeneous population trait value can increase ESS787

virulence, as is shown in (Figure S4). The full inverse piecewise heterogeneity map is shown as a788

small insert in Figure S4, panel B2). At a high trait value ESS virulence decreases; these regions789

of the piecewise heterogeneity map are not captured in panels A1 and A2 of Figure S4) because790

the heterogeneity distribution used here.791
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Relative virulence: What are the effects of host heterogeneity on pathogen virulence at792

the population level? (Figure S3 and Figure S4, panels B1 and B2)793

The effects of a change in heterogeneity on ESS virulence can be separated from the effects of a794

change in median (mean) trait value by comparing a heterogeneous population to a homoge-795

neous population that share the same median (mean). The combined effects of a change in median796

and a change in heterogeneity is captured in panels B1 and B2 of Figure S3 and Figure S4. With797

the saturating exponential heterogeneity map variation tends to have have a small effect of798

further decreasing ESS virulence, but can result in a small increase in ESS virulence (e.g. blue799

curve, Figure S3 panel B2). With the piecewise heterogeneity map heterogeneity has a much800

larger overall effect of increasing or decreasing ESS virulence Figure S4. The fold change in ESS801

virulence attributable to a change in host heterogeneity also depends on the functional form802

(power-law or sigmoidal) of the tradeoff curve. For example, for either the saturating exponential803

or piecewise heterogeneity map, for a given host heterogeneity distribution, an increase in the804

slope (curvature: γ) of the power-law tradeoff curve decreases ESS relative virulence, but an805

increase in the slope of the sigmoidal tradeoff curve at its inflection point tends to increases ESS806

relative virulence (Figure S3).807

Median exploitation: How does host heterogeneity affect pathogen severity in a given808

host type? (Figure S3 and Figure S4, panels C1 and C2)809

Power-law and sigmoidal tradeoff curves for the relationship between transmission and viru-810

lence lead to qualitatively different patterns for median exploitation, though the difference is811

more pronounced with a saturating exponential heterogeneity map. Focusing on a saturating812

exponential heterogeneity map here, the median-host tends to be, but is not always, under-813

exploited. However, peak over-exploitation of the median host occurs at a larger mean trait814

value (larger relative virulence) for a power-law tradeoff curve than for a sigmoidal tradeoff815

curve. Peak over-exploitation of the median host occurs at small slopes of the power law tradeoff816

curve, but at large slopes of the sigmoidal tradeoff curve. Additionally, at very large mean trait817

value the majority of hosts have relative virulence approaching the saturating point of the het-818
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erogeneity map, lowering over-exploitation with either tradeoff curve. That is, as heterogeneity819

decreases, even in the presence of high helminth burdens, the median host experiences lower820

virulence because of a reduction in over-exploitation.821

Efficiency: How much does host heterogeneity affect the ability of the pathogen to822

spread? (Figure S3 and Figure S4, panels D1 and D2)823

A change in the heterogeneity distribution or slope of the tradeoff curve has similar effects for824

both power-law and sigmoidal tradeoff curves (Figure S3). For example, efficiency decreases825

with an increase in the slope of the tradeoff curve or an increase in the coefficient of variation826

(captured here by an increase in the median of the distribution with a changing scale parameter827

and constant shape parameter) of the heterogeneity distribution. Because of our assumptions828

of homogeneous mixing and an implastic pathogen, efficiency is constrained to be < 1. Within829

this constraint, an increase in individual variation increases the total amount of over- or under-830

exploitation by the implastic pathogen strain, decreasing pathogen efficiency. For example,831

in Figure S3 panel D2 efficiency is the lowest at the point that there is the highest over- or832

under-exploitation of the median host (Figure S3, panel C2). Though efficiency is the integral of833

over- and under-exploitation over all hosts in the population, the median-exploitation provides834

a clear illustration of the idea.835

Generally, efficiency is lower when the tradeoff curve is sigmoidal (C and D—note vertical836

axis scale) because the R0 curve for the sigmoidal tradeoff curve is steeper than the R0 curve for837

the power-law tradeoff curve (Figure 1). That is, a given fold change away from α∗ results in a838

larger reduction in R0 with a sigmoidal tradeoff curve than in a power-law tradeoff curve.839

Sensitivity840

Relative virulence, median-exploitation and efficiency are the most sensitive to changes in841

parameter values of each model component when the relative virulence distribution (Figure 2842

panel C) is broad. The relative virulence distribution depends both on the distribution of host843

heterogeneity and on the heterogeneity map. When the host heterogeneity distribution has a844

mode equal to 0, which is assumed in our model exploration and is the case for MYXV in both845
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Scotland and Australia (e.g. a Gamma distribution with a shape parameter less than 1), the846

relative virulence distribution can become bimodal (as shown in Figure 2), which maximizes847

its variance. Bimodality arises when the heterogeneity map approaches its asymptote near the848

mean of the host heterogeneity distribution (Figure 2). A bimodal relative virulence distribution849

has two effects. First, any change in either the measured host heterogeneity distribution or the850

heterogeneity map causes a shift in which mode of the bimodal relative virulence distribution851

has higher density. For example, in the extreme of a relative virulence distribution with half low-852

virulence and half high-virulence (for example, in a population with 50% helminth-free rabbits853

and 50% rabbits with heavy helminth burden), a change to a distribution of either 51%:49% or854

49%:51% causes a shift in the preferred host-type and a large difference in model outcomes.855

Second, the sensitivity of model outcomes to changes in the functional form (power-law or856

sigmoidal) and slope of the tradeoff curve are similarly maximized when the relative virulence857

distribution is bimodal—small changes in the tradeoff curve have a large impact on which hosts858

contribute the most (are weighted the highest) in determining optimal virulence. However,859

the exact parameter space where results are most sensitive to changes in the parameter values860

of the tradeoff curve differ by the form of the tradeoff curve (power-law or sigmoidal) and861

among measured outcomes, because of differences in the asymmetry of the relationship between862

virulence and R0 for each tradeoff curve (Figure 1). For example, in these simulations the slope863

of the power-law tradeoff curve has the largest impact on ESS relative virulence when the mean864

of the observed heterogeneity distribution has relative virulence ≈ 4.5, which is 3/4 of the865

saturation point of the saturating exponential heterogeneity map used here. Alternatively, the866

slope of the sigmoidal tradeoff curve has the largest impact on ESS relative virulence when867

the mean of the observed heterogeneity distribution has relative virulence ≈ 3, which is the868

half saturation point of the heterogeneity map (Figure S3). Additionally, the asymmetry of the869

R0 curve for a power-law tradeoff curve favors the over-exploitation of hosts at small tradeoff870

curve slopes, while a sigmoidal tradeoff curve favors the over-exploitation of hosts at large871

slopes. For example, an increase in the slope of the power-law tradeoff curve decreases relative872

virulence while a decrease in the slope of the sigmoidal tradeoff curve decreases relative virulence873
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(Figure S3, panel A1 and A2). Furthermore, the greater asymmetry of the sigmoidal tradeoff874

curve (Figure 1) causes all model components to be more sensitive to changes in the parameter875

values of the sigmoidal tradeoff curve.876

With a heterogeneity distribution with mode greater than 0 (results not pictured) (e.g. a877

Gamma distribution with a shape parameter greater than 1), the sensitivity of model outcomes878

to changes in parameter values is also largest when the relative virulence distribution is variable.879

However, a heterogeneity distribution with mode greater than 0 does not allow for a bimodal880

relative virulence distribution (to examine parameter values see the online Shiny R applica-881

tions). Instead, a symmetric, unimodal distribution maximizes variation in the relative virulence882

distribution. This distribution has a smaller maximum variance than a bimodal distribution,883

which greatly reduces the overall sensitivity of the model results to changes in any model884

component.885
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APPENDIX FIGURES
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Figure S1. The top (bottom) row shows an example of the power-law (sigmoidal) tradeoff and R0 curves
using the same parameters as the simulation used to generated Figures 2-4 (with γ = 1.05 for the
power-law relationship and c = 1.3 for the sigmoidal relationship). The vertical dashed black line for each
curve shows the optimum α . The vertical dotted blue (red) lines show the R0 for a 2 (4) × higher or lower
α than optimum).
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Figure S2. Virulence of MYXV strains in Australia and the UK following the introduction of the virus.
Points are the average virulence of circulating MYXV strains in the two locations. Lines and ribbons are
estimates ± 2 SE from the binomial glm model fit to average MYXV virulence in years 4-30 post
introduction (described in the main text). Numbers at the top of the plot are the total number of strains
sampled in a given location in a given year. The data presented here is not the result of a rigorous
meta-analysis, but simply the result of a search through the literature; data was taken from 7 total
publications (raw data is provided in a csv file in the online supplemental material). Other caveats
include: data being grouped across many years (Fenner and Marshall, 1957) and the transition from using
5 virulence classes (Fenner and Marshall, 1957), to using 6 virulence classes (Fenner and Chapple, 1965).
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Figure S3. Caption on next page
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Caption for Figure S3: General model exploration using a saturating exponential hetero-887

geneity map. Panels A1, B1, C1, and D1 show results using a power-law tradeoff curve and888

panels A2, B2, C2, and D2 show results using a sigmoidal tradeoff curve. Panels A1 and A2889

show the fold change in virulence in a homogeneous population with a helminth burden given890

by the x-axis relative to a homogeneous population with zero helminths. The curve shown in891

panels A1 and A2 is the inverse of the saturating exponential heterogeneity map over the range892

of helminth burdens shown. The complete saturating heterogeneity map is shown in Figure 2893

and in the Shiny R application. Panels A1 and A2 show the fold change in pathogen virulence894

attributable to a change in helminth burden. Panels B1 and B2 show the fold change in virulence895

in a heterogeneous population with the same median helminth burdens as the populations896

pictured in panels A1 and A2 relative to a homogeneous population with zero helminths. Com-897

paring panels A1 and B1 or A2 and B2 show the effects of changing heterogeneity (e.g. variance)898

without a change in median. Panels C1 and C2 show median-host exploitation, which is the fold899

over- or under- exploitation of the host with a median helminth burden when it is infected with900

the ESS MYXV strain in the heterogeneous population. Specifically, each of the curves in panels901

C1 and C2 are calculated by dividing the curve in B1 or B2 (which is the ESS virulence of the902

strain in the heterogeneous population) by the curve is panels A1 or A2 (which is the ESS of a903

strain optimized to the median of the heterogeneous population). For example, in panel C1 at a904

median helminth burden of 5, the median host is under-exploited when it is infected with the905

MYXV strain that is optimized to the entire heterogeneous population; this under-exploitation906

occurs for all parameters tradeoff curves. Panels D1 and D2 show the efficiency of the ESS907

pathogen strain in the heterogeneous population, which is defined as the ratio of R0 at α∗
f in908

the heterogeneous population and R0 at α∗
h in a homogeneous population. Efficiency decreases909

as over- and under-exploitation of hosts increases, such as over- or under-exploitation of the910

median host which is shown in panels C1 and C2. For parameter values see Table S1.911
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Figure S4. Caption on next page
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Caption for Figure S4: General model exploration using a piecewise heterogeneity map.912

Panels A1, B1, C1, and D1 show results using a power-law tradeoff curve and panels A2, B2, C2,913

and D2 show results using a sigmoidal tradeoff curve. Panels A1 and A2 show the fold change914

in virulence in a homogeneous population with a helminth burden given by the x-axis relative915

to a homogeneous population with zero helminths. The curve shown in panels A1 and A2 is916

the inverse of the piecewise heterogeneity map over the range of helminth burdens shown. The917

complete piecewise heterogeneity map is shown in the Shiny R application. Panels A1 and918

A2 show the fold change in pathogen virulence attributable to a change in helminth burden.919

Panels B1 and B2 show the fold change in virulence in a heterogeneous population with the920

same median helminth burdens as the populations pictured in panels A1 and A2 relative to a921

homogeneous population with zero helminths. Comparing panels A1 and B1 or A2 and B2 show922

the effects of changing heterogeneity (e.g. variance) without a change in median. Panels C1 and923

C2 show median-host exploitation, which is the fold over- or under-exploitation of the host with924

a median helminth burden when it is infected with the ESS MYXV strain in the heterogeneous925

population. Specifically, each of the curves in panels C1 and C2 are calculated by dividing the926

curve in B1 or B2 (which is the ESS virulence of the strain in the heterogeneous population)927

by the curve is panels A1 or A2 (which is the ESS of a strain optimized to the median of the928

heterogeneous population). For example, in panel C1 at a median helminth burden of 5, the929

median host is under-exploited when it is infected with the MYXV strain that is optimized to930

the entire heterogeneous population; this under-exploitation occurs for all parameters tradeoff931

curves. Panels D1 and D2 show the efficiency of the ESS pathogen strain in the heterogeneous932

population, which is defined as the ratio of R0 at α∗
f in the heterogeneous population and R0 at933

α∗
h in a homogeneous population. Efficiency decreases as over- and under-exploitation of hosts934

increases, such as over- or under-exploitation of the median host which is shown in panels C1935

and C2. For parameter values see Table S1.936
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Figure S5. Ratio of ESS relative virulence in Snowy Plains-NSW to ESS virulence in Scotland. Regions
above and below the gray reference plane show parameter combinations that lead to higher or lower
virulence in Snowy Plains-NSW respectively. Results depicted here use different parameter values for the
piecewise heterogeneity map than the main text Figure 4 (see Table S1 for parameter values). Here, with a
lower rate of approach to the asymptote r, a larger maximum reduction in realized MYXV virulence k is
required for higher ESS virulence in Australia than in Scotland. Regardless, the parameter space leading
to higher virulence in Scotland remains small. The rapid change in the ratio of ESS virulence is also
observed between Scotland and Australia between a piecewise minimum h of 75 and 100. This
precipitous change occurs between 75 and 100 for this parameter set because of a high-variance realized
virulence distribution in the Snowy Plains-NSW population.
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Figure S6. Panels A and B show the fold change in MYXV virulence in Central Scotland and Urana-NSW
relative to MYXV virulence in a homogeneous helminth-free rabbit population. In panels A and B regions
above and below the dashed reference line show parameter combinations that lead to a higher or lower
ESS MYXV virulence in the wild rabbit populations, respectively. Panel C shows the ratio of ESS virulence
in Scotland relative to ESS virulence in Snowy Plains-NSW. Here, regions above and below the dashed
reference line show parameter combinations that lead to higher or lower virulence in Scotland
respectively. For parameter values see Table S1.

47/54219



Appendix : Additional results for Chapter 5
Supplemental figures, planned as a supplemental component to the work presented as
Chapter 5.
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Figures

Parasite evolution from high virulence low efficiency

Figure S1: The large right panel shows the evolutionary trajectory of a parasite on its fitness land-
scape in the DTS model (thin blue lines show 250 stochastic simulations, while the solid blue lines
show the median, 50%, and 95% quantities of these simulations), RD model (red ellipses show 95% of
the distribution of parasite strains), and AD model (bold black solid line shows simultaneous evolu-
tion in two traits; dashed lines show evolution in a single trait per time step), using the same param-
eter values as main text Figure 1, except here parasites evolve from high replication rate and low tun-
ing. The surface pictured is calculated using the R0 equation for rates (Eq.1), and has been scaled so
that the adaptive peak has a value of 1 (shown in light grey). Due to the slight difference in R0 for
the RD and DTS models (Eq.2 vs Eq.3), the DTS surface is marginally different (see Figure S3 for a
comparison of these surfaces). The thin dashed vertical line shows the location of the adaptive peak
for this surface; the thin dotted vertical line shows the location of the peak for the DTS model.
The top left and bottom left panels show a parasite evolving in log(replication rate) and tuning, according
to the right panel, translated into virulence and transmission following a power-law tradeoff (top panel)
and virulence and R0 (bottom panel). The dashed curve in the bottom left panel shows parasite R0 for the
RD and AD models; the dotted curves shows parasite R0 for the DTS model. Maximum R0 is designated
by the vertical dashed and dotted lines respectively. All models have the same power-law tradeoff curve
(top right panel).
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Parasite evolution from low virulence and high efficiency

Figure S2: For a complete figure caption see Figure S1. Panels show the evolutionary trajectory of a parasite
in the DTS (blue lines), RD (red ellipses), and AD (black solid and dashed lines) models, using the same
parameter values as main text Figure 1, except here parasites evolve from low replication rate and low
tuning.
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Comparison of fitness landscapes
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Figure S3: Top and bottom panels show a fitness landscape with rates (Main text Eq.2) and probabilities
(Main text Eq.3) respectively using recovery (γ) of 0.2 and a background death (µ) of 0.01. Parasite optimal
virulence in the top panel is 0.21 and 0.26 in the bottom panel.
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DTS dynamics when a parasite evolves from high virulence and low efficiency
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Figure S4: Parasite virulence for all parameter combinations presented in Table 2 for a parasite evolving
from high virulence and low efficiency. Bold lines represent medians across 250 stochastic simulations;
shaded envelopes show the 95% quantiles. The correspondence between each “Model Outcome” presented
in Table 2, from left to right, are as follows: 1) Median number of circulating strains: not pictured; 2) Time to
optimum virulence: Time at which median virulence first reaches 0.26; 3) Maximum transient virulence: not
relevant for these starting values; 4) Time with greater than optimum virulence: same as time to optimum
virulence for these starting values; 5) Departure from optimum virulence: width of the shaded envelope
once a virulence of 0.26 is reached.)
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Parasite evolution with high mutational standard deviation

Figure S5: For a complete figure caption see Figure S1. Panels show the evolutionary trajectory of a parasite
in the DTS (blue lines), RD (red ellipses), and AD (black solid and dashed lines) models, using the same
parameter values as main text Figure 1, except with: DTS: σ = 0.25; RD: σ = 0.39. A numeric summary of
the DTS model for these parameter values is available in main text Table 2 row 5.
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Parasite evolution with a small population size

Figure S6: For a complete figure caption see Figure S1. Panels show the evolutionary trajectory of a parasite
in the DTS (blue lines), RD (red ellipses), and AD (black solid and dashed lines) models, using the same
parameter values as main text Figure 1, except with N = 200. A numeric summary of the DTS model for
these parameter values is available in Table 2 row 7.
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