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A) shows the relative expected herbivory intensity for initial host and pathogen
densities, where herbivory intensity accumulates over time as larva-days per m?2.
We use the mean-field herbivory intensity for the PDE model, which shows much
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and low pathogen densities. Points and error bars show the credible intervals
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Although the regression is a function of time ¢, defoliation severity predictions

from each line is a draw from the posterior distribution over H(7).. . . . . . . .

Summary of model projections. Upper panels show the non-evolutionary model
while the lower panels show the evolutionary model for the case in which the dis-
persal kernel is a fat-tailed Laplace distribution. Left panels show host densities
over space for generations 1 through 11. Distances between wave front locations
#y, that reach the threshold density N = 1 x 103 in successive generations are
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The defoliation data and fit of our four competing models to the data. Left panel
shows a map of defoliation from 2000 to 2007. Habitable forest is shown in grey
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first order principal component which explains 87% of the variation over latitude
and longitude. Labels show the average wave front as white diamonds along PC1
and in labels alongside. Right panel shows the best-fit invasion fronts for each
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identical from the best-fit value of a in the evolutionary model. At around o =
100, the two distributions are essentially indistinguishable. The bottom panel
shows the marginal inverse SSE, a measure of goodness-of-fit, with respect to
a for the fat-tailed Laplace models when fit to the data. The model without
evolution has a peak at the maximum likelihood estimate av = 18.6 (table 3.1),
and is thus moderately fat-tailed. For the model with evolution, however, the
inverse SSE increases with o, showing that the model with evolution fits the data
better with a thin-tailed dispersal kernel. . . . . . . . . . .. ... ... .....

vii

49



3.4

3.5

3.6

B.1

Comparison of model projections to data behind the wave front. Upper panels
show the host population density and pathogen density over space for each survey
year from the best-fit model b = 0.2, v = 0.05, ¢ = 15 and g = 1 x 10~%. Red
points indicate the projected one dimensional location of defoliation data behind
the wave front. Middle panels show the total variation of infection risk V”T(m)
Variation does not go to zero over time, instead fluctuating in a pattern similar
to the fluctuations of host and pathogen densities. Lower panels show the areas
predicted to have high host densities across a range of simulations. Red layers
show host densities that were greater than or equal to the 95th percentile within
each of 10 simulations that varied pathogen overwintering ¢ = 5,10,12,15, or
25 and inter-generational pathogen survival probability v = 0.05 or 0.1. The 1D
simulations are projected into 2D space as bands that move in one dimension
along PC1, shown as a dashed black line. Red points show observed defoliation
from 2000 to 2012. Habitable forest cover is shown in grey while uninhabitable,
non-forest cover is shown in white (source USFS). Additional parameters are the
best values for the thin-tailed Laplace dispersal kernel (Table 3.1). . . .. . ..
Maintenance of host variation in the eco-evolutionary model. A) In the non-
spatial evolutionary model (black dashed line), variation in infection risk V;, de-
cays to zero due to balancing selection. In contrast, in the spatial evolutionary
model (colored lines) variation at first decreases but later stabilizes. During the
initial wave of invasion (red line shows wave front recursion) variation decays more
rapidly due to hosts escaping pathogen infection, allowing hosts with higher fe-
cundity and higher infection risk to increase in frequency. As the pathogen wave
catches up to the host invasion front, variation Vj,(z) increases. B) shows the
birds-eye view of the same spatial simulation. Here, base reproduction r = 1.014,
thin-tailed Laplace dispersal parameter 1.73, overwintering ¢ = 5, pathogen sur-
vival v = 0.05, and heritability b = 0.2. We use a spatial domain that is 2000 km
in total width. . . . . . . ..o
Eco-evolutionary population dynamics with and without space. Left panels show
population cycles in the non-spatial eco-evolutionary model, which shows consis-
tent cycles and decreasing variation in infection risk V;,. Right panels show the
origin of x = 0 in a spatial integrodifference simulation. Cycle amplitudes are
more variable in the spatial case and variation V;,(0) fluctuates. Both simula-
tions use base reproduction r = 1.014, overwintering ¢ = 5, pathogen survival
v = 0.05, and heritability b = 0.2. The spatial simulation has a thin-tailed
Laplace dispersal with average travel distance 1.73 km. . . . . . .. ... .. ..

Posterior estimates of overdispersion over time (ribbons) versus bootstrapped
smaple data (points). Temporal variance in oversdispersion seems to be important
and PDE matches data. Beta-binomial with fixed overdispersion cannot replicate
data appropriately. . . . . . .. L
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Each column represents our fitting routine proposals and posteriors for different
model constructions. Black points show the proposal distribution in PCA space
generated by our linesearch routine and red overlaid points in the top panels show
the MCMC posterior from these proposals. In the bottom panels, Red again is the
MCMC posterior, this time as a proposal distribution, and our second posterior
distribution from MCMC in PCA space is overlaid in blue. In most cases, the
second round of MCMC aided in convergence but did not qualitatively alter the
proposal distribution, except in the right-most panel of Model 12, the PDE with
environmental stochasticity. . . . . . . . ... o Lo Lo
Example of four parameters from our best spatial model during iterative MCMC
thinned by the IAT. The second MCMC iteration shows better mixing and a
tighter posterior distribution due to the improved proposal distribution generated
from the previous MCMC iteration posterior. Scales are consistent across MCMC
iterations but are different across parameters to improve visualization. . . . . . .
Differential equations models yielded posterior distributions for transmission pa-
rameters that were highly divergent from agent-based posteriors. Notably, C' was
estimated to be less than 1 for differential equations, which qualitatively changes
the long-term dynamics of the system to produce cycles. The non-spatial model,
however, estimated a much higher coefficient of variation in infection risk C'.

In the left panels, all R values over MCMC proposal cycle iterations, which decline
to acceptable range below 1.1. Right panels show acceptance ratios of proposals
across MCMC iterations. Each row shows one model construction . . . . . . ..
Comparison of the posterior estimate of incidence load over space and time from
all model structures. Over all independent MCMC draws used to calculate ELPD,
we observed the proportion of those simulations where the kernel density esti-
mates of fraction infected at time ¢ were above a threshold value of 0.4 or 2.
Opaque areas towards purple indicate increased probability of density estimates
above 0.4 for a particular fraction infected value at a particular time. Yellow
does this for the 2 threshold. We show observed data as dotplots centered at
time of collection. Each column is a particular study site and, as columns in-
crease from left to right, estimated host density measured as larvae per square
meter increases. Rows show individual model constructions. . . . . . . . .. ..
Posterior distributions for final MCMC iteration across transmission parameters.
The differential equations models, in greens and blues, show marked differences
from the agent-based models. The non-spatial model, in pink, is most differenti-
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Posterior distributions for final MCMC iteration across population specific param-
eters. Host densities, pathogen densities, and the time of first sample collection
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with an expectation of one. We assumed normal priors based on our observed
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1X

84



B.9 Regression models of defoliation extent where each line shows one of 124 draws
from the posterior H(7). Rugplots show the distribution of data for each of the
predictor draws, with either no defoliation present or some defoliation present
for each of the study populations (shown as colors). The non-spatial model pro-
jections (right) show decreased estimated defoliation extent overall and a wider
variation for each study population, but in general are comparable models of
defoliation under BIC comparison. . . . . . . . . .. .. ... L.

B.10 Regression models of defoliation severity where each line shows one of 124 draws
from the posterior H(7). Observed defoliation data aggregated for each study
population and time point with error bars showing two standard errors from the
mean defoliation severity level . . . . . . . . . ... oL

B.11 Distributions for BIC scores across 124 samples for defoliation severity (top) and
extent (bottom), with different models shown in either teal (PDE) or dark blue
(non-spatial ODE model). The vertical lines in each of the panels show the BIC
score for the cumulative insect sample count model. Severity BIC scores show
that the PDE offers definitively improved predictive power over the non-spatial
and insect density alone models alike. Extent BIC scores show little difference
amongst models, with the non-spatial model suggesting an uncertain predictive
gain over the PDE model projections. . . . . . . . .. ... ... ...

B.12 Distribution of Pareto k values for PSIS-LOO. No values were bad (> 0.7, un-
defined mean) but some were poor (> 0.5, undefined variance), marked in red.
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B.13 We see a general decrease in ELPD with increasing insect branch density, gener-
ated by more information available from larger sample sizes. . . . . . . . .. ..

B.14 Plots showing differences from the best model for each study population after
subsetting ELPD at the study population level. Horizontal line at zero indicate
the best model with worse models and their standard errors shown as point ranges
overlapping performance. Although each panel shows agent-based models (left)
or differential equations models (right), all model comparisons are done across
all 12 models for each study population. Insect density observed at the first
time of collection increases from left to right. Improved performance of agent-
based models over insect density indicates that agent-based models have better
explanatory power at higher host densities. No such consistent relationship exists
for differential equations models. . . . . . . . .. ...

B.15 For each data point we show whether it is better explained by an agent-based
(teal) or differential equations model (dark blue). . . . . . ... ... ... ...

C.1 Offspring distribution of infection risk (black) as a result of the parental distri-
bution (red). Base reproduction is assumed to be 1. Parental mean infection

risk v = 0.02 and parental squared coefficient of variation V,, is 0.4. The

n—|—%
shifting distribution of offspring infection risk is a result of balancing selection
from the cost of resistance parameter w. The distributions change mean during

reproduction, but notably also change shape according to analytical equation C.49112
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The dynamics of parameter space for non-spatial eco-evolutionary model with
changing heterogeneity shape V). Left panels show example phase portraits of
pathogen density Z, and host density N,,, where color represents the log of the
squared coefficient of variation. Cycles occur for values of V;, below 1. Right
panels map trajectory portraits to areas of parameter space, varying pathogen
overwintering ¢, heritability b, intrinsic reproduction r and cost w. . . . . . . . .
Black areas show the regions of parameter space where heterogeneity in infection
risk is not strictly decreasing for a two population model. Low levels of dispersal
and differences in growth rates led to asynchronous population cycles exchanging
individuals to drive increases in overall heterogeneity. Upper limit of 50% fraction
dispersing show the perfect mixing case for two populations, arriving again at a
single population. . . . . . . .. ..
Four example simulations of the average squared coefficient of variation over space
for each generation n in evolutionary model with thin-tailed dispersal. Top panels
show the cycle period, or “rotation number", and lower panels show the variation
of infection risk at the origin V,,(0). Two values of overwintering ¢ = 5 (left
panels) or 15 (right panels) and two values of heritability b = 0.02 (black lines)
and 0.002 (blue lines) were used, with pathogen survival v = 0.1, pathogen decay
pw=1x 10~%, and the best parameters from wave front parameterization (table
S I

Example of the Fourier-transformed grid search routine for three parameters.
Values are selected to capture total variance of the parameter space without
excess duplication. The parameter selections present as periodic functions of one
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Marginal SSE surfaces for the evolutionary models. We interpolated over all SSE
values less than 40. The top panel shows the surface for the thin-tailed Laplace
dispersal kernel, with maximum likelihood estimate from the grid search shown
in yellow. The bottom panel shows the surface for the fat-tailed Laplace dispersal
kernel, which was less smooth than the surface for the thin-tailed dispersal model.
Intrinsic growth r was estimated to be near 1.01 in both models. . . . . . . . ..
Model explanations of defoliation in the wake of invasion. Histograms show the
distribution of likelihood scores for particular values of heritability b, or b = 0 in
the models lacking evolution. Models incorporating fat-tailed kernels are shown in
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ABSTRACT

Spatial structure influences ecological interactions but it is not well understood how ecological
interactions drive spatial patterns across scales of observation. We combined spatial models
at two scales to understand how spatial patterning results from host-pathogen interactions
in the Douglas-fir tussock moth, Orgyia pseudotsugata, and what the consequences of spatial
structure are for transmission rates and host heterogeneity. We first combine spatial infec-
tion rate data from multiple tussock moth populations with spatial transmission models to
understand how limited dispersal drives pathogen dynamics and informs the extent of insect
tree damage. We then assess how tree damage patterns observed at larger spatial scales can
be explained by eco-evolutionary dynamics over longer time frames. We found that locally,
patchy pathogen distributions generate hotspots of transmission that shape overall pathogen
dynamics and increase the severity of tree damage caused by Douglas-fir tussock moth larvae.
We observed that this spatial structure constitutes the majority of infection risk variation,
but that accounting for the heritable proportion of infection risk variation in eco-evolutionary
models was necessary to explain the accelerating waves of multiple interacting O. pseudotsug-
ata populations over larger spatial scales. Therefore, both small-scale diffusion between trees
and heritable host infection risk are important for determining the intensity and location
of insect outbreaks at meta-population scales. Our research, founded in model comparisons
that confront theory with data, represents a novel synthesis on Douglas-fir tussock moth
disease ecology at two spatial scales and provides insight into general host-pathogen theory

for understanding pathogen dynamics in nature.
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CHAPTER 1
OVERVIEW

1.1 Spatial ecology across scales

A simple assumption often made to predict population changes over time is to assume that
individuals mix perfectly and that spatial location is unimportant . It is nonetheless true
that organisms exist in spatial contexts. The rates at which individuals interact with each
other and the rates at which populations interact with each other are therefore not uniform
(Shigesada and Kawasaki [1997|, Hanski and Simberloff [1997|, Okubo and Levin [2001]).
Spatial ecology seeks to understand what level of detail is necessary to include in order to
better represent population dynamics (Levin [1992], Chave [2013|, Elderd et al. [2022]).
The rate at which individuals interact can vary due to limited dispersal, which results
in the uneven distribution of individuals over space. Even though dispersal, a trait com-
prised of movement capacity and behavioral choices, is an action taken by individuals, it
can also be understood as a statistical process (Skellam [1951], Durrett and Levin [1994]).
For example, deterministic dispersal models like reaction-diffusion equations emerge from
treating the collective behavior of individuals within an infinite population that has den-
sity over space (Shigesada and Kawasaki [1997|, Okubo and Levin [2001]). As individuals
move, their average dispersal is reflected at the population level, which can ultimately affect
the average population dynamics and fundamentally alter ecological processes (Durrett and
Levin [1994]). Further, unique to spatial models is the ability to explain range expansions
(Williamson [1996], Kot et al. [1996]). Range expansions can occur for invasive species or for
any species that has new access to environmental shifts or competition release that allows for
populations to spread (Williamson [1996], Melbourne and Hastings [2009], Erm and Phillips
[2020]). Even though these environmental or ecological factors open up available habitat

for population spread, ultimately range expansions stem form dispersal capacity and spatial
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structure (Shigesada and Kawasaki [1997]).

The uneven distribution of individuals over space can be due to solely limited disper-
sal, environmental differences that filter populations, or a combination of both (Hanski and
Ovaskainen [2000], Abbott and Dwyer [2008], Severns et al. [2019]). Often, whether environ-
ment or dispersal is more important for determining the spatial distribution of populations
depends on the scale of observation (Levin [1992], Real and Biek [2007]). At small spatial
scales without environmental differences, ecological interactions and limited dispersal can
lead to patchiness (Weiner and Conte [1981|, Durrett and Levin [1994], Bolker and Pacala
[1997], Dumonteil et al. [2013]). For example, competing species can coexist more readily
in spatial models than in perfectly mixing models (Chesson [2000]). Space can also provide
refugia for prey when interacting with predators (Crowley [1981], Chesson and Murdoch
[1986]), more easily permitting the sustained cycles of predator-prey dynamics that other-
wise would lead to stable populations or extinction. Introducing space in these models thus
decreases the rate of interaction between different species and shifts the ecological dynamics,
even in the absence of environmental differences (Hanski [1994], Shigesada and Kawasaki
[1997]).

At larger scales, spatial patterns can be explained by a combination of both dispersal
and environmental factors (MacArthur [1972], Williamson [1996], Real and Biek [2007]).
For example, synchrony between neighboring population dynamics can be understood as a
result of correlations in their variable environments, but dispersal can strengthen such ef-
fects (Peltonen et al. [2002], Abbott and Dwyer [2008]). Just as higher interaction rates can
strengthen degrees of synchrony, alternating dynamics or wave-like patterns that are charac-
teristic of asynchronous populations can be explained using limited dispersal (Shigesada and
Kawasaki [1997]). Frequently, however, these explanations invoke non-linear ecological inter-
actions rather than environmental correlates to explain spatial patterning (Crowley [1981],

Chesson [2000], Bjgrnstad et al. [2002], Severns et al. [2019]). For example, asynchronous



travelling waves can also occur at smaller scales, such as those that occur through the uneven
mixing of reaction-diffusion systems used to describe predator-prey interactions (Shigesada
and Kawasaki [1997]|, Okubo and Levin [2001], Sherratt [2001]). Therefore, it is known that
the degree of spatial structure in the environment and amongst populations can generate
synchrony or asynchrony, but syntheses across scales are rare.

Spatial patterns such as synchrony and travelling waves are commonly observed in nature
(Shigesada and Kawasaki [1997]), and with repetition comes some level of predictability
(MacArthur [1972]). It has therefore been the goal of spatial ecology to understand the
sources and consequences of spatial structure that drive these patterns and, crucially, to
determine the important levels of detail or scale of spatial observation to do so (Levin [1992],
Wilson et al. [2019]). Often, the effects of spatial structure at various scales differ and the
relevance of detail at each scale is case-specific (Chave [2013]). However, there is still a
need for general theory of how spatial scales interact. Identifying the relationship between
long-term, long-distance models and short-term, local models is necessary to determine how

large scale patterns emerge from small scale interactions (Levin [1992]).

1.2 Structure in host-pathogen interactions

Host-pathogen interactions present interesting systems in which to address the role of spatial
structure as they often show spatial patterning at large scales but depend on close individual-
to-individual interactions (Real and Biek [2007], Wilson et al. [2019], Severns et al. [2019]).
These systems possess population structure at various levels, such as host heterogeneity
of infection risk, pathogen variability, and spatial structure (Hudson et al. [2002], Grenfell
et al. [2004], Tack et al. [2012|, Britton et al. [2020]). In diseases of wildlife and plants,
host ecology and host traits can be altered by pathogen presence in the absence of spatial
structure (Hudson et al. [2002], Wilson et al. [2019]). Pathogens have been shown to regulate

population cycles observed in much of the host population biology (May and Anderson [1979),
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Real and Biek [2007]). Thus, the ecological dynamics of hosts are fundamentally linked to
their pathogens.

The theory of host-pathogen interactions is widely used in public health (Viboud et al.
[2006], Cobey [2020]), agriculture (Severns et al. [2019]), wildlife management (White et al.
[2018]), and silviculture (Mihaljevic et al. [2020]). There is a general understanding of how
spatial structure can influence disease spread (Severns et al. [2019]), but the importance of
spatial structure amidst other types of population structure is still unclear (Wilson et al.
[2019]). Although to some extent the role of spatial structure has been explored in human
disease systems, the more limited dispersal of plants and animals has led to a larger focus
on spatial structure for wildlife disease (Severns et al. [2019]). Indeed, the idea of epidemic
thresholds that consider well-mixing populations are thought to be less relevant due to lower
levels of mixing and smaller populations in animal pathogens (Lloyd-Smith et al. [2005b]).
Further, the mechanisms that cause some areas to show up-regulated pathogen transmission
while other areas show low levels of transmission are difficult to disentangle (Brown et al.
[2013b], Tian et al. [2018]|, Mancy et al. [2022], Vazquez-Prokopec et al. [2023]. Multiple
modes of transmission and host heterogeneity can obscure the effects of spatial structure
(Breban et al. [2009]). This is especially when environmental variability is invoked both the
introduce spatial structure and alter transmission rates (Grenfell et al. [2001], Real and Biek
[2007], Brown et al. [2013b]). Therefore, it is important to understand the role of spatial
structure at multiple scales in the host-pathogen system of interest and to confront models
with data in order to compare models at each scale (Wilson et al. [2019]).

Importantly, pathogens place high selective pressure on hosts and their immune systems,
such that trait distributions shift during or after pathogen outbreaks (Dwyer et al. [2000],
Grenfell et al. [2004]). In humans, the co-evolution of immune response and pathogen strains
can be used to identify epidemiological dynamics (Gupta et al. [1998], Gog and Grenfell

[2002]). Animal host infection risks also vary across individuals, and pathogens may place



stronger selective pressures on these host populations than in humans. As these evolutionary
processes occur over ecological times scales, the altered interaction rates in spatial contexts
can influence the traits of individuals (Dwyer et al. [2000], Grenfell et al. [2004]). However,
the degree to which eco-evolutionary processes influence the spatial patterning of disease is

unclear across scales (Wilson et al. [2019]).

1.3 The Douglas-fir tussock moth, Orgyia pseudotsugata, and its

baculovirus

Insects are ideal model systems to explore host-pathogen interactions (Cory and Myers [2003)],
Elderd and Dwyer [2019]). Some of the first mechanistic transmission models were developed
to explain the forest insect outbreak cycles using host-pathogen theory and continue to inform
predictions of their population dynamics (May and Anderson [1979], Dwyer et al. [2000],
Myers and Cory [2013|, Dwyer et al. [2022]). Many Lepidopterans (species of butterflies and
moths) are afflicted by pathogens that greatly alter population dynamics (Elderd and Dwyer
[2019]). For example, a generalist fungus Entomophaga maimaiga has been shown to greatly
reduce outbreaks of the invasive spongy moth, Lymantria dispar, since the introduction of
the fungus in North America (Smitley et al. [1995], Liu et al. [2023]|). While parasitoids
and generalist predators have also been shown to be important for regulating Lepidopteran
populations (Chesson and Murdoch [1986], Dahlsten et al. [1977|, Bjornstad et al. [2002],
Dwyer et al. [2004], Hughes et al. [2015], a group of specialist viruses known as baculoviruses
have been shown to fundamentally drive eco-evolutionary dynamics in multiple species (Cory
and Myers [2003|, Thézé et al. [2018].

Baculoviruses are a clade of specialists that are host-specific, evnironmentally-transmitted,
and obligate lethal pathogens of many Lepidopteran species (Cabodevilla et al. [2011], Thézé
et al. [2018]). The specific genus of baculoviruses that afflict Lepidopteran hosts are known as

nucleopolyhedroviruses (NPV). Although there is some evidence that NPV baculoviruses can
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infect multiple hosts, these are likely spillover events and transmission predominantly occurs
within a single Lepidopteran species (Cory and Myers [2003|). As they are environmentally-
transmitted, hosts are exposed to NPV particles, known as “occlusion bodies”, by consuming
contaminated material, either while emerging from contaminated eggs or while foraging on
plants (Myers and Cory [2015]|, Cabodevilla et al. [2011]). Larvae are thus the only stage
susceptible to the baculovirus infection, but pupae can also suffer NPV-induced mortality
after having fed on contaminated material as larvae (Cory and Myers [2003]). Occlusion
bodies are made of durable polyhedron protein shells that contain multiple virions, which
open inside the basic environment of the insect gut (Cabodevilla et al. [2011]). Larvae have
general innate immune response to baculoviruses, in which melanin globules bind foreign
bodies to prevent viral proliferation (Wu et al. [2016]). If occlusion bodies are not bound by
the innate immune system in the gut, however, virions enter insect cells to replicate within
the nuclei (Cabodevilla et al. [2011]). Once a critical mass of cells have replicated the bac-
ulovirus, the cells rupture to release occlusion bodies into the environment through the host
cadaver. Therefore acquired immunity does not occur if innate immunity is overwhelmed
(Cory and Myers [2003], Myers and Cory [2013]).

The Douglas-fir tussock moth, Orgyia pseudotsugata, is a moth native to the conifer
stands of western North America (Brookes et al. [1978]). Douglas-fir tussock moths reproduce
annually, undergoing diapause as eggs during the winter. Eggs typically hatch in late May,
with southern latitude populations hatching later and northern latitude populations hatching
earlier (Dennis et al. [1986], Shepherd et al. [1988]). Larvae emerge to sync up with flush
foliage presence on their preferred tree hosts: Douglas-firs (Pseudotsuga menziesii) and true
firs, Abies spp. (Beckwith [1976], Mason [1996]). From late July (males) to early August
(females), pupation occurs followed by adult emergence (Brookes et al. [1978]). As females
of the species are flightless, mating occurs when flying male moths follow pheromone cues

to encounter adult females (Mason et al. [1977]). Female moths then lay fertilized eggs onto



their own pupal casings and die on top of the egg mass.

Because females are flightless, Douglas-fir tussock moth individuals can only disperse
as larvae. They do so through two mechanisms at two spatial scales. Larvae undergo long
distance dispersal prior to feeding, as they produce silken strands to increase buoyancy if they
do not quickly find foraging material (Mitchell [1979]). This behavior known as “ballooning”
occurs only once upon hatch before feeding. Ballooning can thus lead to the population
spread in a single generation, although the degree to which dispersal can shape population
movement is contested (Mitchell [1979], Shepherd et al. [1988]). Larvae then can disperse
between trees or amongst branches after ballooning, but this movement is greatly restricted
in comparison to the distances travelled after hatch.

Although tussock moth populations are frequently at undetectable densities, popula-
tions will periodically reach high, outbreaking densities (Mason [1970, 1996]). During high-
intensity insect outbreaks, in which insect densities are increased by several orders of mag-
nitude, larval herbivory can lead to extensive tree damage and, ultimately, tree mortality
(Shepherd et al. [1988], Alfaro and Shepherd [1991], Mason et al. [1997]). Therefore, tussock
moth populations are monitored as a target for pest management by the US Forest Service.
The baculovirus specializing on Douglas-fir tussock moth, OpNPV, is therefore both ob-
served by forest managers and used in integrated pest management strategies (Hughes and
Addison [1970], Williams and Otvos [2005]). As a bio-control agent, the NPV baculovirus
isolate known as Tussock Moth Bio-control 1 (TMB-1) is occasionally sprayed aerially on
outbreaking Douglas-fir tussock moth populations (Mihaljevic et al. [2020]). The efficacy
of TMB-1 and identifying the scenarios when it would be most useful, however, is still an
active area of research (in prep). This is particularly complicated by the issue of identifying
when and how quickly tussock moth populations would otherwise collapse due to natural
baculovirus outbreaks (Mason [1996]).

One factor that remains uncertain for identifying the course of Douglas-fir tussock moth



epizootics, the epidemics of animals, is the role of spatial structure. Despite early work
on larval dispersal and baculovirus spread (Dwyer [1992]), no studies have attempted to
apply spatial models to tussock moth infection rate data in natural populations, nor have
any studies attempted to understand the spatial patterning of host populations at meta-
population scales using transmission models. It is well-understood that Douglas-fir tussock
moths possess population structure through variable infection risk across individual hosts,
but it is unknown how the infection risk distribution can be dissected into intrinsic infection
risk and spatially-structured interaction rates (Mihaljevic et al. [2020], Elderd and Dwyer
[2019], Dwyer et al. [2022]). Although investigated experimentally in other Lepidopterans
(Dwyer and Elkinton [1995|, Parker et al. [2010]), this question has yet to be investigated
using spatial transmission models, leaving the role of spatial structure in host infection risk

heterogeneity unclear.

1.4 Chapter summaries and conclusions

In Chapter 2, we combined infection rate data over space with spatial transmission models
to understand the most important factors for predicting the spatial patterns of infection. We
generated a spatially referenced dataset of baculovirus infection rates in several populations
of Douglas-fir tussock moth and compared a suite of spatial disease models to explain our in-
fection data. The best model, a novel reaction-diffusion system accounting for host infection
risk heterogeneity, demonstrated that transmission hotspots emerge from the initial pathogen
distribution, but that host dispersal is required to understand the transition of low-intensity
transmission coldspots into late-season transmission hotspots. In addition to the indirect
observation of these bimodal sub-epizootics, we show that environmental stochasticity and
agent-based models provide no predictive performance gains over the deterministic reaction-
diffusion model with random initial conditions, challenging the contemporary emphasis on

stochastic modelling. Our new understanding of shifting transmission hotspots has impli-
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cations for the management of Douglas-fir tussock moth through the ability of our spatial
larval herbivory intensity projections to predict defoliation tree damage observed during the
study.

In Chapter 3, we developed eco-evolutionary host-pathogen models to understand the
spatial patterning of defoliation and the changes in host infection risk heterogeneity over time.
We built integrodifference models that generated accelerating waves due to either individuals
with exceptional long-distance dispersal or evolving host infection risk at the wave front. Our
eco-evolutionary models of host infection risk variation were able to better explain the spatial
distribution of outbreak density tussock moth populations than exceptional dispersal. We
found that such evolutionary models could reproduce defoliation patterns, even in the wake
of invasion. We also determined that intermediate heritability of infection risk variation
was sufficient and necessary to explain defoliation data behind the wave front. Importantly,
we demonstrate that dispersal between fluctuating, asynchronous populations contributes to
the maintenance of host infection risk variation under balancing selection. Our research thus
presents one of the first studies to track host trait variation during an accelerating wave in
a host-pathogen system.

We conclude that both heritable host heterogeneity and imperfect mixing at local scales
drives local defoliation severity and the spatial patterning of insect outbreaks at multiple
scales. Both small-scale diffusion between trees and long-distance dispersal over the land-
scape are important for determining both the intensity and location of insect outbreaks.
However, the importance of effects by individual hosts, either through exceptional long-
distance travel at meta-population scales or through stochastic transmission at local scales,
proved to be unnecessary detail for understanding the spatial patterns of tussock moth pop-
ulations. Our work, driven by model comparison and empirical data, thus represents a

synthesis of Douglas-fir tussock moth disease ecology at two spatial scales.



CHAPTER 2
DATA AND THEORY SHOW THAT HOST DISPERSAL ALONE
MEDIATES SHIFTING TRANSMISSION HOTSPOTS

2.1 Introduction

The theory of host-pathogen interactions provides crucial tools for managing animal and
plant diseases, principally in the form of mathematical models that can be used to predict
or explain disease dynamics (Keeling and Rohani [2008], Mollison [1995]). A significant
branch of this work has demonstrated that spatial structure can play a pivotal role in shap-
ing pathogen spread (Durrett and Levin [1994], Peltonen et al. [2002], Murray et al. [1986],
Lalley [2009], Wood and Thomas [1996]). Theory has shown that spatial structure and lim-
ited dispersal similarly alter average pathogen dynamics in a variety of disease systems, with
consequences for the estimation of critical metrics such as the effective reproductive number
and pathogen persistence times (Tkachenko et al. [2021], Britton et al. [2011], Wood and
Thomas [1996]). Even in systems with high levels of mixing, such as directly transmissible
human diseases, the effects of spatial structure are often easily detectable (Grenfell et al.
[2001], O’Neill et al. [2000], Giles et al. [2020]). Spatial structure may thus be important for
understanding disease spread in general and particularly important for understanding the
environmentally transmitted pathogens of plants and animals, as hosts have more limited
mobility and heterogeneous environments strongly alter transmission rates (Dwyer and Elk-
inton [1995], Deeth and Deardon [2016], Bonnell et al. [2016]). However, direct applications
of spatial theory to disease spread in nature remain limited, and so the utility of spatial
epidemic theory for explaining disease data remains uncertain.

The study of spatial disease dynamics is constrained by the logistical challenges of collect-
ing spatial disease data. For example, both continuous and discrete spatial models predict

that epidemics will spread through travelling waves (Bjgrnstad et al. [2002], Grenfell et al.
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[2001], Dwyer [1992]), but empirical evidence of these patterns requires the observation of
pathogen spread into unexposed populations. Such observations using temporal infection
rate data are rare, with notable exceptions such as the COVID-19 pandemic (Tkachenko
et al. [2021]), Dengue serotype replacements (Harish et al. [2024], Teoh et al. [2013], Vazquez-
Prokopec et al. [2023]), or novel chytrid invasions (Longo et al. [2023], Lips et al. [2006]).
Furthermore, endemic disease models predict that pathogen dynamics should at least some-
times show synchrony over space (Tian et al. [2018], Peltonen et al. [2002], Woods et al.
[1991], Boender et al. [2014]), but analyzing the extent of spatial synchrony in pathogen dy-
namics requires that infection data is collected at the same scales over which hosts disperse
(Deeth and Deardon [2016], Dwyer and Elkinton [1995]).

To provide a framework for identifying pathogen establishment and the extent of infection
rate synchrony over space, we collected a spatially referenced data set of pathogen dynamics
over time in an insect host-pathogen system. We estimated infection rates across space in
multiple populations of the Douglas-fir tussock moth, Orgyia pseudotsugata, each of which
were undergoing epizootics (the epidemics of animals) of a fatal, environmentally transmitted
baculovirus. Within each study population, we sampled larvae, the only life stage susceptible
to the baculovirus, and monitored their infection status at time of collection (Mason [1977],
Otvos et al. [1989]). As larvae readily move between branches but more rarely move between
trees, we expected that spatial structure at the tree scale would strongly affect baculovirus
dynamics (Mason [1977]). We therefore quantified infection rate variation over space by
recording the tree of origin for each larva.

Another obstacle to understanding disease data using spatial theory is the need for com-
putationally intensive methods with which to compare spatially explicit models with spatially
variable data (He et al. [2010], Lessler et al. [2017], Ensoy et al. [2013]). While non-spatial
models of pathogen transmission can often provide reasonable approximations to pathogen

dynamics (Keeling and Rohani [2008]), it remains unclear whether non-spatial models can
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explain spatially explicit data sets. Due to the computational challenges involved in the
quantitative comparison of spatial models to data, mechanistic, spatial disease models are
rarely used to analyze spatial data sets. Instead, differences between sub-population infection
rates are recorded and compared to environmental covariates using static, linear regression
models (Dowdy et al. [2012], Boender et al. [2014], Lessler et al. [2017]). This is particularly
true of the literature addressing the importance of areas with increased infection rates known
as transmission “hotspots”. Hotspots are widely invoked to explain the inherent variation
of pathogen dynamics and receive intense speculation for disease management, but estab-
lishing causation for their presence or absence is difficult with standard approaches (Lessler
et al. [2017], Brown et al. [2013b]). However, statistical regression analyses are increasingly
being supplemented by the use of high-performance computing, which allows for the param-
eterization and simulation of spatial transmission models that can provide deeper insights
into the mechanisms that drive epidemiological data (Touloupou et al. [2020], O’Neill et al.
[2000], Mancy et al. [2022], He et al. [2010], Breto et al. [2009], Ensoy et al. [2013]). Here, we
took a mechanistic spatial modelling approach to understand the importance of transmission
hotspots in baculovirus dynamics.

We conducted a formal, quantitative assessment of the performance of multiple spatial
models, we built competing spatial models fitted to our spatial infection rate data. Each
of our models makes different assumptions about the importance of stochasticity, spatial
structure, and limited dispersal. In contrast with the abundance of non-spatial disease
models for forest insects (Peltonen et al. [2002], Bjornstad et al. [2002], Dwyer et al. [2000]),
few studies have explored the effects of small-scale spatial dynamics in these systems (but
see Dwyer and Elkinton [1995|, Dwyer [1992]). Most spatial studies of forest insects have
instead focused on large scales, assuming high levels of local mixing within continental-
scale meta-population models (Myers and Cory [2013], Peltonen et al. [2002]). Tracking

pathogen infection rates at the scale of individual trees allowed us to instead test whether

12



spatial models that incorporate dispersal at the scale of daily larval movements are able to
reproduce the observed spatial variation in baculovirus infection rates.

Studies of pathogen dynamics have only recently begun to rigorously confront spatial
models with data (Mancy et al. [2022], Tian et al. [2018|, Ensoy et al. [2013], Koeijer et al.
[2020], Boender et al. [2014]). Despite this progress, but infection rate data is rarely used to
compare stochastic spatial models to one another. Our work therefore represents what is, to
our knowledge, the first model comparison that quantifies the relative importance of spatial
structure and stochasticity on the dynamics of a host-pathogen system in nature. Moreover,
because the baculovirus is important for the control of Douglas-fir tussock moth outbreaks,
we aim to show how a general understanding of spatial disease spread can generate useful

models for controlling forest pest populations.

2.2 Methods

2.2.1 Data collection

The Douglas-fir tussock moth, Orgyia pseudotsugata, is a defoliator of western North Amer-
ican conifer stands. Frequently at undetectable densities, Douglas-fir tussock moth popula-
tions periodically rise to high densities that are easily detected and sampled. High density
tussock moth outbreaks are typically terminated by epizootics of specialist baculoviruses
that are host-specific, environmentally-transmitted, and obligately lethal. However, high
density populations can still persist after low-infection epizootics.

We identified seven Douglas-fir tussock moth populations undergoing outbreaks through
egg mass surveys and flight trap counts collected by ongoing surveillance projects of the US
Forest Service (figure 2.1). We selected our seven study populations based on the detectable
presence of adult Douglas-fir tussock moth males in the fall of 2019 (figure 2.1). All de-

tectable populations had some level of baculovirus presence, regardless of host population
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density. Pine 3 (PIN3) in Wallowa-Whitman National Forest, Oregon and Cracker Jack
Mine (CRKJ) in Payette National Forest, Idaho had similar mortality trends, despite a dis-
tance of approximately 30 km. Two sites in Frenchtown Face (FR01, FR12) in Lolo National
Forest, Mt. Jumbo (MTJM), and Barmeyer (BARM) also seemed to be a grouping of sim-
ilar trends, but these sites were far closer to each other in the Missoula, Montana area 2.3.
Chesaw (CHSW) in the Okanogan National Forest, Washington was a low-level outbreak
with limited mortality. We were unable to identify populations ahead of the larval season for
sampling unless males were detected in flight traps the preceding fall, which restricts the set
of dynamics that we can capture. However,this still allowed for the inclusion of the Chesaw
study population that was near the estimated host disease density threshold and we were
able to estimate the variable initial pathogen conditions that generated different temporal
dynamics for the higher density host sites.

Transmission begins at the start of the summer when hatching tussock moth larvae
consume egg mass material contaminated with baculovirus occlusion bodies. In our models,
we consider these exposed first instars to be the initial cadaver densities that instigate within-
season transmission. We sampled larvae in our seven study sites over the course of June to
August, which reflects the time period when larvae are present after hatch but have not yet
pupated or died during epizootic population collapse (figure 2.3). Larvae were collected by
using a beat sheet to expel larvae from branches at breast height in the mid crown of conifers
suitable for larval growth Mason [1977]|. To avoid the effects of larval removal, we did not
necessarily sample the same trees over the course of our study, but all sampled trees in a
given study population were within a 10m radius of one another.

We selected trees at random within a 10 meter radius of one another to form a tree
cluster comprising a time point sample within a given study population. As we selected
these trees at random, sampling three branches from each tree, sometimes individual trees

yielded no insects. We continued sampling until finding three trees that possessed insects,
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O Larvae Sample Site
[ Defoliation 2019

Figure 2.1: Map of our seven study sites in USF'S Regions 1 and 6. Defoliation of the previous
year is shown in green, denoting proximity to previous Douglas-fir tussock moth outbreaks.
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Figure 2.2: Reproduced figure from Brookes et al. [1978|, showing the categorical defoliation
severity levels.

to a maximum of ten trees per tree cluster. We always sampled a minimum of three trees
per tree cluster for the time point sample of a given study population, collecting four time
points from each of our seven study populations in total.

Throughout our infection rate study, we collected categorical defoliation severity data
from each tree sampled for larvae, where the field team noted either 0%, 10%, 25%, 50%,
75%, or 90% following figure 2.2 (reproduced from Brookes et al. [1978]). the maximum

observed severity level on any given tree in our study was 75%.

2.2.2  Small-scale spatial transmission models

Our models made varying assumptions about host and pathogen mobility, spatial structure,
stochasticity, and host heterogeneity in susceptibility. These component mechanisms were
included in isolation and in combination so that we could identify the most important drivers
of pathogen dynamics in our spatial infection data.

We began with a non-spatial ordinary differential equation system (ODE) model as a

plausible null alternative model against which to test our spatial models. The non-spatial
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Figure 2.3: Estimated log insect branch density grouped by state, with population collapse
due to baculovirus epizootics shown as linear models.
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model is an SETR model from human epidemiology (equations 2.1-2.4, Keeling and Rohani
[2008], Mihaljevic et al. [2020]).

2
s SH\¢
= — _pSp (2L 2.1
a7 (5(0)) (2.1)
dE S\
d—tl = uSP (W) — méE; (2.2)
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Here, susceptible hosts S(¢) that become infected move through a series of non-infectious
exposed classes 7, (t) until dying and becoming infectious cadavers P(t), which contami-
nate foliage to transmit the baculovirus to feeding uninfected host larvae and then decay at
rate pu. As there is no acquired immunity in this system, and there is only one generation
per year, the density of susceptible hosts never increases. A key component of all our models
is that we allow susceptible hosts S(t) to vary in their infection risk. The mean infection
risk v(t) at time ¢ decreases over the epizootic because hosts with higher risk are removed
through infection sooner. The coefficient of variation C' determines the shape of the infection
risk distribution, with higher values generating a more skewed distribution. Using a moment
closure approximation of the changing distribution of individual heterogeneity over time, we
assume that shape parameter C' is constant (Appendix A).

The non-spatial model assumes that dispersal is sufficiently high such that spatial struc-
ture has no effect on pathogen dynamics. To instead allow for spatial structure, we began
with the opposing extreme case in which initial conditions varied over space, but disper-
sal was low enough to be neglected. The resulting model consists of multiple independent
ODEs that were arranged spatially but that were not connected by dispersal. For this model,

and for all of the spatial models, we initialized host and pathogen populations by assigning
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integer densities to each grid point according to a multinomial distribution. Because the
initial host and pathogen densities had equal probability over space, the models assume no
overdispersion at the outset of the epizootic.

To allow for a full consideration of spatial structure and host dispersal, we next con-
structed a version of the SETR model in which larvae diffused between spatial locations. Be-
cause the mean infection risk v(x,t) changes as a function of local host S(z,t) and pathogen
P(z,t) densities, larval dispersal can affect the spatial distribution of mean infection risk
v(x,t) over time. We therefore derived a spatial reaction-diffusion model that accounted
for the effects of larval dispersal on mean infection risk using a spatial moment closure
approximation (Appendix A).

Previous work using the non-spatial form of the moment closure approximation showed
that the mean infection risk v(t) decreases according to a convenient analytical solution
as a function of coefficient of variation C' and the fraction of hosts S(t) surviving, v(t) =
v <%> ¢ (equation 2.1). In contrast, the effects of host movement in the reaction-diffusion
model are sufficiently complicated that the model instead requires a separate equation to

describe the changes in average infection risk v(z,t) over space and time. Unusually, this

equation includes a cross-diffusion term, such that

0S(z,t) 928
dv(z,t) 9 9 D[ 0% _ovdS
5 ——VCP+S 58x2+28x8x . (2.6)

This model allows for non-zero, limited dispersal. The diffusion equations for exposed classes
are closely analogous to the equation 2.5 for the susceptible host class and are therefore not
shown here. The spatial models with dispersal have periodic boundaries that represent a

2-dimensional slice of the forest canopy. The 2D simulation more realistically reflects how
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we collected our data at breast height within each study population.

In addition to making different assumptions about the importance of host dispersal and
spatial structure, we also made different assumptions about sources of stochasticity. We first
allowed for environmental stochasticity, the random fluctuations that affect all individuals
in a population. To do this, we multiplied the transmission rate v by a coefficient exp ¢, for
each day 7. The coefficients exp e were drawn from a log-normal distribution that had an
expectation of one and variance term o. In an effort to describe the relationship between
average host and pathogen densities quantitatively, Mihaljevic et al., 2020 Mihaljevic et al.
[2020] developed a non-spatial, mechanistic transmission model that assumed infection rate
variation arose from sampling error and environmental stochasticity added to equations 2.1-
2.4, which we here use as our non-spatial null model.

To next allow for demographic stochasticity, the random events that befall individuals, we
constructed agent-based models that tracked individual life histories within the total popula-
tion. In contrast to the PDE models, which describe individual variation using a continuous
distribution, agent-based models are exact simulations of heterogeneous infection risk in a
discrete population. We therefore assigned individual hosts their own infection risk values.
Because infectious cadavers consist of a large number of infectious virion particles known
as “occlusion bodies”, we also included hybrid models that tracked susceptible and exposed
hosts as individuals but assumed infectious cadavers to be infinitely divisible densities rather
than countable individuals. For each model variant, we considered implementations with or
without environmental stochasticity.

We then fit the models using a Markov chain Monte Carlo Gibbs sampler (MCMC).
To maximize computational efficiency, we used iterative PCA-adjusted proposal distribu-
tions that accounted for posterior parameter correlations (Appendix B, Kennedy and Dwyer
[2018]). To compare the predictive ability of different models to explain our spatial infection

data, we used a statistical model comparison technique known as Pareto-smoothed impor-
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tance sampling leave-one-out cross-validation (PSIS-LOO-CV, see Table 2.1). Using PSIS-
LOO-CV through the loo package in the programming language R (Vehtari et al. [2024a]),
we systematically validated each model by excluding one data point at a time and calculating
the probability density of that data point conditioned on the rest of the data (Vehtari et al.
[2017]). The resulting expected log pointwise predictive density (ELPD) allowed us to quan-
tify how well our current data on spatial infection rates would generalize to future data. The
ELPD information criterion for model comparison quantifies the average predictive accuracy
of each model while PSIS uses the posterior variance of the log predictive density to reduce
bias in ELPD estimation. PSIS-LOO-CV therefore provides a comprehensive performance
evaluation that is more robust than the parameter penalty of BIC or the variance penalty
of WAIC, even in the case of weak priors and influential data points (Appendix B, Vehtari
et al. [2024b, 2017]).

2.2.3  Defoliation regression models

In order to have a predictor for defoliation observed on each tree in our study populations,

we calculated the integrated host density over time

I [T .
H(T)_ﬁg/o (S(i, ) + (i, 1))t (2.7)

for each of n discretized spatial grid points. In order to arrive at the posterior distri-
bution of herbivory intensity 7(H (7)), we drew 150 random samples from the transmission
parameter posterior W(g and calculated H(7) for each 64 realizations across a grids search
of initial conditions combinations. These values of H(7 = 40) are shown in figure 3A of the

main text. We then constructed linear models of the form

H(1) ~ % C%8(0) % P(0) * T, (2.8)
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Figure 2.4: Conceptual figure showing the likelihood calculation approach. Top panels show
the spatial simulation where each point is an individual tree. Histograms then show the
distribution of fractions infected at each of the four likelihood score evaluation time points,
with kernel density estimator K (i) overlayed. The observed data from one study population
is then shown in the third row as a histogram with empirical kernel density estimators of
high probability shown as bars around singular data points. Data and the continuous time
kernel density estimator are then plotted jointly to represent the jernel-binomial likelihood
function described in detail in Appendix B
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to integrate over simulations and posterior draws. The linear models of H(7) captured the
majority of the variation over the posterior (R% = 0.98). We next selected 124 independent
samples from the posterior for initial conditions and transmission parameters within each
study site, using the maximum integrated auto-correlation time across chains to determine
sample size. We then used the linear model from equation 2.8 to generate expected values
H(7) for each study site over time, where 7 is the time of observation based on sample time
and the fitted time of first observation t( for each study site.

We next constructed logistic regression models using the expected herbivory intensity
H(7) and time of observation for each sample time 7 as predictors. For each data point,
which represented either the percent of foliage consumed (severity) or whether a tree had
any defoliation present (extent), we therefore had 124 (H(7)) predictor values in order to
integrate over the entirety of the posterior 7(H(7)). We compared the BIC scores for each
individual model posterior draw (figure B.11) to determine quantitative differences in predic-
tive power. We likewise compared a logistic regression model in which we modeled severity
and extent as functions of cumulative insects sampled, generating an analogous approach for
calculating H(7) empirically. We excluded study site FRO1 from all defoliation regression
models, as defoliation from the previous year was included in the severity estimates and

values were therefore indeterminately inflated for the whole time series.

2.3 Results

The average infection rates in our seven study populations were similar to those observed in
previous insect-baculovirus studies (Woods and Elkinton [1987], Otvos et al. [1989], Mihalje-
vic et al. [2020], Woods et al. [1991]). As is typical of baculovirus epizootics, infection rates
consistently increased during the early larval season, whereas late-season infection rates were
more variable across populations (figure 2.5, Woods and Elkinton [1987]). The high peak

infection rates and variable late-season trajectories that we observed can be at least quali-
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tatively explained in terms of average larval densities, where study sites with higher larval
densities tended to have a more rapid population collapse (figure 2.3, Woods and Elkinton

[1987]|, Woods et al. [1991], Otvos et al. [1989]).
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Figure 2.5: Mean fraction infected (black points and lines) and binomial confidence intervals
(error bars) and tree-level infection rates (white circles) over time in our seven study pop-
ulations. The seven study populations are arranged by increasing observed initial average
larval densities, with the site name shown and then the branch density given in parentheses.
Larval densities at the start of the season ranged from approximately 1 larva per m? (CHSW,
top left) to approximately 135 larvae per m? (CRKJ, bottom right).

As a result, the non-spatial model with environmental stochasticity provides a reasonable
fit to our data (figure 2.6), as it did in Mihaljevic et al. [2020]. This result quantitatively
demonstrates the importance of average initial host and pathogen densities in explaining a
significant portion of the variation in baculovirus infection rates (Mihaljevic et al. [2020],

Woods and Elkinton [1987]).
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2.3.1 Transmission hotspots and host dispersal drive pathogen dynamics

In contrast to previous studies explaining variation over pooled, spatially averaged infection
rates, however, the models needed to explain the variation in baculovirus infection rates
across trees to have strong predictive performance. Our spatially referenced data allowed
us to show that spatial models indeedprovide a much better explanation for our data, such
that the ELPD difference between the best model and the non-spatial model is AELPD =
—24.21 4+ 8.21 (table 2.1). This large difference between the ELPD estimates demonstrates
the strong predictive performance of the best spatial model relative to the non-spatial model
(Appendix B, Vehtari et al. [2017]). The best model is the deterministic reaction-diffusion
model, which explains variation around the mean infection rate by invoking a random initial
distribution of susceptible hosts and infectious cadavers across space, in combination with
modest amounts of larval host movement between spatial locations. We therefore conclude
that when hosts have limited mobility, spatial models are likely to provide substantially
better explanations for pathogen dynamics than non-spatial models.

The spatial models provide better explanations for our data because they easily repli-
cate the bimodal pattern of sub-epizootic infection rates over space, which cannot be easily
detected from infection rates that are averaged across trees. Projections from the best spa-
tial model show that infection rates diverge across trees, where some spatial locations in
an epizootic are transmission hotspots that experience high-intensity sub-epizootics, while
others are coldspots that experience low-intensity sub-epizootics (figure 2.6). Because the
estimated host disease density threshold is low relative to observed and posterior larval
densities, whether or not a location in a spatial simulation will be a transmission hotspot
depends on the initial pathogen distribution. Nevertheless, trees that start out as trans-
mission coldspots can have late-season infection rate increases due to exposed hosts dispers-
ing from early season transmission hotspots with high densities of infected larvae. Due to

these dispersal-mediated hotspot shifts, the projected overdispersion of infection rates in the
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spatial models more closely matches the overdispersion of our infection data (figure B.1),
mechanistically demonstrating the improved ability of spatial models to explain infection
rate variation.

The effect of dispersal-mediated delayed infection is most obvious in the case of our
second-highest density study population, which showed the strongest divergence and sharpest
increases of infection rates in coldspots that became late-season hotspots (figures 2.6, SB.6).
Importantly, however, we can also distinguish study sites where this late-season shift did
not occur. In our highest density site, which had a higher estimated initial pathogen den-
sity and therefore a more spatially uniform initial pathogen distribution, the spatial model
projected that there were only a few coldspot sub-epizootics. Thus, the infection rates over
space in our highest-density site were mostly small deviations from a single high-intensity
average infection rate. Although the non-spatial model projections, by the nature of lacking
bimodality, also showed that infection rates across realizations were small deviations from
the average for our highest density population, the spatial model projections still had lower
variation across realizations, which visually demonstrates the improved performance of the

spatial models as quantified by LOO-CV (figure 2.6).

2.3.2  Stochasticity worsens predictive performance

Like the best model, the second-best model included space, but, in contrast, did not allow
for host movement between spatial locations, instead explaining infection rate variation
by invoking environmental stochasticity. Although the difference AELPD = —2.31 + 3.26
from the best model is substantial, the relatively large standard error of differences yields
a confidence interval that overlaps zero, meaning that the data cannot easily distinguish
between the second best model and the best model, the deterministic PDE (Piironen et al.
[2020], Yates et al. [2023]). However, because this model assumes that dispersal can be

neglected, it cannot reproduce the late-season infection rate increases that occurred in the
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Figure 2.6: Posterior estimates of epizootic temporal dynamics for the deterministic PDE
model (teal) and the non-spatial ODE model with environmental stochasticity (dark blue)
plotted against the spatial distribution of infection rates observed in tree-level infection rates
(white circles). The seven panels show posterior model projections and data from our seven
study populations, showing the study site name and the insect branch density estimate
(larvae per meter squared) in parentheses. Filled areas represent areas of high posterior
probability from fitted model simulations, where more than 50% of simulations drawn from
the posterior had high kernel density estimates k(i,t) > 0.7 for a given fraction infected i at
a given time t.

coldspot sub-epizootics of some populations (figure B.6).

Moreover, the second-best model requires environmental stochasticity to explain our in-
fection data, but key evidence from our model comparison suggests that environmental
stochasticity is unlikely to be helpful for understanding baculovirus epizootics in natural
populations. To begin, in the non-spatial model, the posterior estimate of the stochastic-
ity parameter o is roughly twice as high as the corresponding estimates in spatial models
incorporating environmental stochasticity (table 2.1). This difference suggests that the non-

spatial model uses environmental stochasticity to account for the effects of limited dispersal
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and spatial structure, albeit ineffectively. Additional support for this reasoning comes from
previous studies that have shown baculovirus epizootics are typically insensitive to weather,
the presumed driver of environmental stochasticity (D’Amico and Elkinton [1995], Woods
and Elkinton [1987]). Adding environmental stochasticity therefore serves mostly to spread
out model trajectories until they include the data, rather than providing information that is
otherwise missing from a model.

Further, the third-best model, which consists of the best model plus environmental
stochasticity, had a difference of AELPD = —2.53 4+ 1.62. The fit of the third-best model
is thus only slightly worse than the fit of the second-best model, but, in contrast, the data
can distinguish the fit of the PDE model with environmental stochasticity to be worse than
the fit of the best model. Crucially, the Bayesian stacking weight, the estimated percentage
of the log predictive density that is better explained by a given model, was 0.00 for the
third-best model. This stacking weight indicates that the stochastic model adds no new in-
formation to a composite model that already contains its deterministic analog, which is the
best model. In addition, the remaining models consisted of model pairs that were identical
except that one included environmental stochasticity while the other did not. In every paired
case, the model that included environmental stochasticity had a worse model selection score
than its analog that did not include environmental stochasticity. Model selection based on
PSIS-LOO-CV therefore definitively rejects the hypothesis that allowing for environmental
stochasticity improves the ability of our models to explain the data.

A more surprising result from our model-selection analysis is the poor performance of
agent-based models, which allow for demographic stochasticity. Like environmental stochas-
ticity, the inclusion of demographic stochasticity consistently lowered the selection score of
models attempting to explain the infection rate variation in our data (table 2.1). Hybrid
models with agents for hosts and differential equations for pathogens offered more predictive

power than fully agent-based models, while both performed more poorly than the analogous
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differential equations models (table 2.1). This result contradicts the widely held belief in
spatial ecology theory that individual-based models are more realistic and therefore always
more useful to understand data (Durrett and Levin [1994], DeAngelis and Grimm [2014]).
It is worth noting, however, that unlike models incorporating environmental stochasticity,
models incorporating demographic stochasticity were able to perform well for at least some
of our study sites. Combining the non-zero Bayesian stacking weights shows that hybrid
agent-based models accounted for ~ 33% of the log predictive density in a composite model,
indicating that agent hosts, but not agent pathogens, can offer some predictive power (table
2.1).

Population-level cross validation showed that, in populations with higher larval host den-
sities, agent-based models were indistinguishable from the best model (figure B.14). This
result may at first appear counter-intuitive, given the greater importance of demographic
stochasticity at smaller population sizes (He et al. [2010], Alonso et al. [2006], Britton et al.
[2011]). However, it is important to realize that agent-based models are sensitive to exact
population sizes, population sizes change rapidly once epizootics begin, and the variation in-
duced by demographic stochasticity is strongest at the outset of the epizootic, when pathogen
and exposed host populations are smaller (Britton et al. [2011], Lalley [2009], Andersson and
Britton [1998|). From these points, it is clear that the variation induced by demographic
stochasticity is sensitive to the uncertainty in initial host and pathogen densities, especially
in smaller population sizes. Therefore, the uncertainty in our host density estimates has
drastically stronger effects on model projections in populations with a posterior mean of
one larva/m? than 100 larvae/m?. This effect increased the variability of likelihood scores
across realizations and thus lowered the performance of agent-based models relative to dif-
ferential equations models, especially for early time points across populations (figure B.15).
Agent-based models therefore have lower predictive power in smaller populations because

their projections are more variable than those of PDE models.
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2.3.3  Spatial transmission models provide a deeper understanding of insect

tree damage

The mechanisms underlying baculovirus transmission dynamics are a research priority for for-
est pest management because Douglas-fir tussock moth outbreaks have severe consequences
for forests in western North America (Mihaljevic et al. [2020], Mason [1977]). Although pre-
vious, non-spatial baculovirus transmission models have offered some insights into defoliation
(Mihaljevic et al. [2020]), the tree damage caused by grazing insects, such models typically
project high mortality when fit to baculovirus epizootic data. Observed defoliation is often
also high, making the correlation between tussock moth mortality and observed defoliation
unclear.

Rather than classical approaches that use insect densities or the ultimate fraction of hosts
surviving to predict defoliation, we instead predicted tree damage using projected herbivory
intensity from our mechanistic transmission models. We calculated the cumulative herbivory
intensity H(7) by summing projected larval densities from time ¢ = 0 to ¢ = 7. Although the
cumulative fraction of hosts infected was comparable between the spatial and non-spatial
models, the coldspots in spatial models created refugia that allowed for high larval host
densities outside of hotspots with active transmission. Even during severe epizootics with
mortality exceeding ~ 99% of the host population, refugia greatly increased the average
herbivory intensity at middle stages of the epizootic, after hosts in transmission hotspots
began to die off but prior to dispersal-mediated establishment of baculovirus in coldspots.
The average herbivory intensity over space was therefore up to 1.5 times greater than the
average across non-spatial model simulations for the same insect and pathogen density initial
conditions (figure 2.7A). Herbivory intensity H(7) projected by the best spatial model was
only lower than that of the non-spatial model when host densities were below the disease
density threshold and pathogen densities were high. Although we did not directly observe
such scenarios in our study populations due to the cryptic nature of extremely low Douglas-fir
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tussock moth larval densities, this case is not likely to inform defoliation mitigation strategies
because such populations do not cause detectable tree damage.

To determine if the posterior distribution of H(7) could be useful for understanding
observed defoliation patterns, we constructed logistic regression models that used projected
herbivory to predict defoliation severity, the average percent of foliage lost in the tree canopy
(figure 2.7B), and to predict defoliation extent, the percent of trees with defoliation (Ap-
pendix A). If the increased herbivory intensity due to susceptible hosts in coldspot refugia
was mechanistically driving observed defoliation, we would expect that defoliation severity
would be better predicted by the herbivory intensity from spatial model projections. Hosts
surviving for longer would have more time to consume foliage, therefore increasing defolia-
tion severity in coldpsot refugia, the average severity overall, and the risk of tree mortality.
Defoliation extent predictions should be comparable across models, however, because the
presence of defoliation across trees is related to initial insect densities prior to any mortality
due to baculovirus exposure.

The herbivory projections of the best spatial model provided a reasonable fit to both
defoliation extent (R2 = 0.29 + 0.06) and severity (R? = 0.38 4+ 0.04). Crucially, the best
spatial model was able to predict the higher maximum severity that we observed in high
mortality study populations (figure 2.7B). Observed insect branch densities alone provided
similar fits to defoliation extent (R? = 0.29, ABIC = (+14.2, —8.0)), but provided a worse
fit for severity (R? = 0.23, ABIC = (41.2,40.9)), in line with the refugia hypothesis. The
non-spatial model also had a worse fit to defoliation severity data (R2 = 0.33 £0.08, ABIC
= (+1.1,0.0)), while having comparable predictions for extent (R2 = 0.31 £ 0.04, ABIC
= (—4.1,+1.3), figure B.11). We thus concluded that, in addition to improving model fit
for infection data, the hotspot and coldspot sub-epizootics that are a key feature of the
best spatial model have important implications for herbivory intensity, and provide useful

predictions of previously-unexplained, severe defoliation.
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Figure 2.7: A) shows the relative expected herbivory intensity for initial host and pathogen
densities, where herbivory intensity accumulates over time as larva-days per m2. We use the
mean-field herbivory intensity for the PDE model, which shows much higher intensity than
expected under the non-spatial model for high host densities and low pathogen densities.
Points and error bars show the credible intervals of initial host and pathogen densities esti-
mated from the PDE. B) shows the observed defoliation severity (points) against the logistic
regression predictions from PDE herbivory H(7). Each study population is shown as a dif-
ferent color. Although the regression is a function of time ¢, defoliation severity predictions
from each line is a draw from the posterior distribution over H (7).

Because the divergent sub-epizootic trajectories of hotspots and coldspots are due to
patchy initial pathogen distributions, Douglas-fir tussock moth defoliation severity mitiga-
tion can only be achieved through higher, and more uniform, pathogen densities (figure
2.7A). One pest management strategy able to provide such an effect is Tussock Moth Bio-
control (TMB), a natural isolate of the baculovirus produced by the US Forest Service

and aerially sprayed to manage Douglas-fir tussock moth populations (Williams and Otvos
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[2005]). Although criticized for having more rapid decay than naturally occurring infectious
cadavers (Mihaljevic et al. [2020]), the benefits of reducing coldspot refugia may have outsize
effects to reduce herbivoyr intensity, thereby reducing defoliation severity and increasing tree

survivorship during O. speudotsugata outbreaks.

2.4 Discussion

Our work provides strong evidence for the occurrence of shifting transmission hotspots in
baculovirus epizootics, affirming the importance of spatial theory for insect-baculovirus in-
teractions. Diverging hotspot and coldspot sub-epizootics are not unique to baculovirus
dynamics (Tian et al. [2018], Nassuato et al. [2013], Dowdy et al. [2012]), but the trans-
mission models used to understand them are rarely spatial and are often not subjected to
rigorous model comparison within single studies (Lessler et al. [2017], Ensoy et al. [2013],
Lane-deGraaf et al. [2013]). Here we identify the causal mechanisms of hotspot occurrence in
baculovirus epizootics for the first time, showing that they exacerbate the well-known phe-
nomenon of delayed late-season peaks in larval baculovirus infection that result from exposure
incubation periods (Woods and Elkinton [1987]). We indirectly observed the late-season es-
tablishment of baculovirus in patchy areas with previously unexposed host sub-populations,
highlighting the importance of pathogen densities and host dispersal for determining the
uneven rate of infection spread over space. Moreover, our model projections provide mecha-
nistic explanations for spatial infection rate patterns and simultaneously offer explanations
for the high levels of defoliation caused by tussock moth outbreaks that should otherwise
collapse due to high average infection rates.

Our best spatial model explains the spatial variation of infection rates over time by in-
voking only variable initial conditions and limited host dispersal. However, even the worst
spatial models outperformed the non-spatial model, underscoring the importance of compar-

ing multiple spatial models to one another. The assessment of a spatial model in isolation
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risks the inappropriate validation of additional assumptions tacked onto models that ac-
count for spatial structure. This concern is heightened by the marked qualitative differences
between the spatial model projections over time (figure B.6) and their large variation in
predictive performance (table 2.1). For example, through our model selection analysis we
rigorously quantified by ELPD that stochasticity always lowered the predictive performance
of the spatial models, whether such stochasticity was environmental or demographic (table
2.1).

The lack of improvement when we included effects of environmental stochasticity is per-
haps unsurprising, but it suggests that models incorporating environmental stochasticity
may obscure the important effects of spatial heterogeneity on pathogen dynamics, especially
when fitted to non-spatial data. Whether in baculoviruses (Mihaljevic et al. [2020], Dwyer
et al. [2022]) or other pathogens (Alonso et al. [2006], Andersson and Britton [1998]), stochas-
tic modeling is ubiquitous in contemporary disease modeling as it is considered essential for
robust inferences (He et al. [2010], Funk and King [2020]). However, our work shows that
for baculovirus epizootics, and perhaps for other environmentally transmitted diseases, the
strength of stochasticity to account for variation in the mechanisms included within a model
could also validate incorrect assumptions about the role of limited dispersal in the absence
of rigorous spatial model comparison.

Given the better performance of PDE models relative to agent-based models, our study
emphasizes the utility of deterministic moment closure approximations, which can incorpo-
rate variability introduced by individual fates without being sensitive to exact densities over
time (figure B.14). Further, the selection of the reaction-diffusion model over agent-based
simulations drives the rate at which coldspot sub-epizootics become late-season transmission
hotspots. In the best model, point releases of infectious material generate travelling waves
that propagate even at the low diffusion rate we estimated as the true rate of larval host

movement. In the agent-based models, however, dispersal rates were greatly inflated because
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travelling waves at slower rates stopped due to drift (figure E.2). Premature termination of
travelling waves due to demographic stochasticity made the agent-based models incorporat-
ing limited host dispersal closely resemble the agent-based models assuming no dispersal in
a wide range of scenarios.

The advancing waves of baculovirus establishment in coldspot sub-spizootics we found
to be key to understanding baculovirus transmission are in fact related to an early criticism
of diffusion models. Because reaction-diffusion equations depend on infinitesimal exposed
host densities to establish pathogen populations, such models were thought to be irrelevant
for describing natural systems subject to demographic stochasticity (Anderson et al. [1981],
Murray et al. [1986], Mollison [1991]). Although originating in rabies, where this critique may
be more reasonably applied, this debate continues to receive generalized theoretical attention,
both analytically (Fowler [2021], Lobry and Sari [2015]) and through the advocacy for using
discrete agents to represent demographic processes (Durrett and Levin [1994], DeAngelis and
Grimm [2014], Alonso et al. [2006]). The success of our hybrid models, where pathogens are
infinitely divisible densities, as compared to the fully agent-based models, where infectious
cadavers are discrete individuals, demonstrates that, for at least baculovirus transmission,
occlusion body virions are the discrete individual units that propagate disease spread.

We therefore suggest that the utility of demographic stochasticity is not a universal truth,
and that infinitesimal infectious densities and dispersal-mediated sub-epizootic dynamics are
highly useful for understanding infection data through the establishment and propagation
of transmission hotspots. With the growing recognition of environmental transmission as a
major mode of directly transmissible diseases, our inferences may be more generally useful
in systems apart from insect-baculovirus interactions and could warrant further applications
(Breban et al. [2009], Brown et al. [2013b]). While pathogen densities tend to receive less
attention than host densities in the estimation of epidemic size (Lloyd-Smith et al. [2005b],

Keeling and Rohani [2008]), we demonstrate that low, infinitesimally-divisible pathogen
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densities alter host survivorship over time, with profound ecological impacts that occur in
nature. Moment closures, along with reaction diffusion equations, have a rich history in
the field of disease ecology, but the two are rarely combined (Dwyer et al. [2000], Murray
et al. [1986], Keeling and Rohani [2008]). Our novel reaction-diffusion approximation of
heterogeneity in infection risk therefore provides a crucial step towards understanding the

mechanisms driving transmission rate variation over space.
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CHAPTER 3
HERITABLE INFECTION RISK GENERATES ACCELERATING
WAVES AND RE-PRODUCES INSECT OUTBREAK DATA

3.1 Introduction

The theory of biological invasions provides a useful conceptual framework for describing
the spread of populations over time and space (Williamson [1996], Shigesada and Kawasaki
[1997], Okubo and Levin [2001]), notably by showing that limited dispersal can lead to
travelling waves of population expansion (Murray et al. [1986], Dwyer [1992], Kot et al.
[1996]). Although most often invoked in studies of invasive species (Burton et al. [2010],
Rollins et al. [2015]), travelling waves can also describe non-invasive populations undergoing
range expansions (Hill et al. [1999]), or variation in population cycles within an organism’s
native range (Bjgrnstad et al. [2002]). For mathematical convenience, early analyses of
travelling waves focused on constant wave speeds (Skellam [1951], Shigesada and Kawasaki
[1997]), but later work showed that waves can also accelerate (Kot et al. [1996]). This is
important because travelling waves in nature often accelerate (Williams et al. [2019], Miller
et al. [2020]).

Early studies argued that accelerating waves are likely due to a small but non-trivial
number of individuals travelling exceptionally long distances (Kot et al. [1996], in what fol-
lows we refer to this phenomenon as “exceptional dispersal”’). Recent work, however, has
shown that acceleration can also be driven by the evolution of traits relevant to reproduc-
tion or movement at the wave front (Edmonds et al. [2004], Perkins et al. [2013], Fetters and
McGlothlin [2017], Deforet et al. [2019]), an effect that holds even for multi-species models
(Burton et al. [2010], Perkins [2012], Bennett and Sherratt [2019]). Efforts to explain data
on accelerating waves have generally only ever invoked exceptional dispersal or evolutionary

change in isolation and thus have not considered the relative importance of the two mecha-
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nisms. Partly as a result, the effects of evolution at the wave front for population dynamics
behind the wave front are poorly understood (Erm and Phillips [2020]).

Here, we carry out a test of the importance of evolution and exceptional dispersal for
both population dynamics and trait variation in a seasonally driven host-pathogen interaction
undergoing a range expansion. We take advantage of a natural travelling wave in Douglas-
fir tussock moth, Orgyia pseudotsugata, to test the relative usefulness of exceptional long-
distance dispersal and evolutionary change for explaining data on accelerating waves in
nature. Tussock moth populations regularly fluctuate from high to low densities in predator-
prey type cycles that are driven by a host-specific, fatal baculovirus (Brookes et al. [1978],
Mason [1996]). For Douglas-fir tussock moth, these cycles occur roughly every nine years and,
during high-density outbreaks, cause defoliation that damages trees. In western Montana,
however, outbreaks did not occur between 1976 and 2000, even though they had occurred in
previous decades (Shepherd et al. [1988]). Then, from 2000 to 2007, outbreak-level tussock
moth populations occurred nearly every year. Although the question of why the tussock
moth disappeared and re-established in western Montana is biologically interesting, we lack
sufficient information to answer it here. However, as we will demonstrate, these outbreaks
show wave-like patterns and we can provide insights into the mechanisms that determine the
speed of advance and spatial patterning of tussock moth spread.

Host-pathogen or predator-prey population dynamics in the wake of invasion could be a
stable point equilibrium, stable cycles, or chaos, but which patterns occur in nature is rarely
investigated (Bjornstad et al. [2002], Sherratt and Smith [2008], Bennett and Sherratt [2019],
Miller et al. [2020]). Instead, in studies of travelling waves in host-pathogen interactions,
often only the wave speed is derived (Murray et al. [1986], Dwyer [1992], Mundt et al. [2009],
Phillips et al. [2010], Leung and Kot [2015]). Although an important metric, the average
wave speed generally provides little to no information about what the population dynamics

of ecological systems will look like after range expansion has occurred (Sherratt et al. [1995],
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Sherratt and Smith [2008]). For example, even in the absence of evolutionary processes,
only limited areas of parameter space generate stable travelling waves (Grenfell et al. [2001],
Bjornstad et al. [2002]). To better understand accelerating waves, we therefore compared
model predictions to data on both dynamics at the wave front and dynamics behind the
wave front.

Previous studies that have invoked evolutionary change to understand accelerating waves
have often focused on how the evolution of average trait values causes acceleration, partic-
ularly on the evolution of average dispersal distance (Perkins et al. [2013], Brown et al.
[2013a], Bennett and Sherratt [2019], Erm and Phillips [2020]), or average fecundity at the
wave front (Mason et al. [2008], Weiss-Lehman et al. [2017], Fetters and McGlothlin [2017]).
This focus on average trait values, however, has led to a limited understanding of heritable
variation. Meanwhile, there is strong evidence that Douglas-fir tussock moth larvae vary in
their infection risk (Dwyer et al. [2000], Mihaljevic et al. [2020]) and that heritable infec-
tion risk can alter tussock moth outbreak cycles (Paez et al. [2017], Dwyer et al. [2022]).
However, the mechanisms that maintain this variation are largely unknown, even in theory
(Erm and Phillips [2020]). In this study, we attempt to understand how heterogeneity in
the Douglas-fir tussock moth’s infection risk is maintained by explicitly modeling variation
in infection risk both at and behind the wave front. We do this by constructing spatial
eco-evolutionary models that explain spatial patterns in defoliation data by invoking either
evolving fecundity and infection risk at the wave front or exceptional dispersal. Our work
shows that an eco-evolutionary model is a better explanation for accelerating waves than
an exceptional dispersal model. Our work thus provides, to the best of our knowledge, the
first example demonstrating that evolution has a larger effect on the spread of a species

interaction than does long-distance dispersal.
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3.2 Methods

Douglas-fir tussock moth populations are often so low as to be undetectable, while densities
during periodic outbreaks are high enough to cause severe tree damage (Mason [1987, 1996]).
To identify high-density Douglas-fir tussock moth populations in western Montana, we used
tree defoliation data from annual aerial detection surveys provided by the US Forest Service.
Although the data track the two-dimensional spread of tussock moth defoliation, visual
inspection of the data suggested that the spread was approximately linear. We therefore
simplified our analysis of the data by transforming the coordinates of all defoliation from
2000 to 2019 using principal component analysis (PCA). Because the first order principal
component (PC1) explained ~ 87% of the coordinate variance, we built a linear model
that describes distance from the 2000 origin in PC1 units, resulting in a transformed, one-
dimensional data set of the spread of the population over space and time. We then used the
average position of defoliation, the putative high-density tussock moth populations, along
PC1 as the wave front position.

Our model of spatial spread without evolution begins with a non-spatial model that can
provide reasonable projections of forest insect population dynamics (Dwyer et al. [2000]).
Like many outbreaking insects, Douglas-fir tussock moths have discrete, non-overlapping
generations (Hunter [1995]). The model then assumes that the host population Ny and
the pathogen population Z,, 1 in generation n + 1 are determined partly by the fraction
of hosts i,,(Ny, Z,) that become infected during the epizootic of the previous generation n.
A fraction infected i, become infectious cadavers in the next generation at overwintering
rate ¢ while the remaining fraction (1 — i,) reproduces at rate r (Dwyer et al. [2000]). To
introduce space into this model, we used integrodifference equations, which assume that

space is continuous and generations are discrete (Kot et al. [1996]).
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Here, the dispersal function k(zx,y), usually referred to as a dispersal “kernel”, is the
probability that individuals dispersing from location y arrive at location x. Because the
transformed data are effectively one-dimensional, we allow for only one-dimensional spread
in the model. The dispersal kernel k(x,y) can either be a “thin-tailed” kernel, meaning
that its tails decay exponentially, or a “heavy-tailed” kernel, meaning that its tails allow for
exceptional long-distance dispersal. We consider a special case of heavy-tailed kernels called
“fat-tailed” kernels that decay according to a power law and that are known to generate
accelerating waves (Kot et al. [1996], Mundt et al. [2009], Liu and Kot [2019]).

Adult female tussock moths are flightless, so the main form of long-distance dispersal
occurs when larvae “balloon”, during which they produce silken strands that allow the larvae
to disperse on the wind (Mitchell [1979]). Because the baculovirus disperses in the form
of infected first instar larvae, and because there is no evidence that viral infection affects
ballooning (Brookes et al. [1978]), we assumed that overwintering baculovirus disperses ac-
cording to the same dispersal kernel as uninfected hosts. We further assume that baculovirus
that survives over the long-term at rate v does not disperse.

Virus transmission is the result of direct contact between uninfected larvae and infectious
cadavers (Cory and Myers [2003]). Thus the fraction of hosts i, (z) infected is described by a
standard “SEITR” model from theoretical epidemiology modified to allow for host variation

of infection risk, which is a basic feature of insect-baculovirus interactions (Appendix C,
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Dwyer et al. [2000], Keeling and Rohani [2008], Myers and Cory [2015]). Therefore, the
fraction of hosts i, (x) infected in generation n depends on the average infection risk at the
start of the epizootic, 7, the squared coefficient of variation of infection risk, V' (Appendix
C, Dwyer et al. [2000, 2022]), and the decay rate of the pathogen, p.

In our eco-evolutionary model, we allow for a fitness trade-off such that high fecundity
is associated with high infection risk through a cost parameter w (Appendix C, Elderd
et al. [2008], Péaez et al. [2017], Dwyer et al. [2022]). The eco-evolutionary model allows for
evolutionary change in the average infection risk 7, (x) and in the host variation Vj,(z), the
squared coefficient of variation of the distribution of infection risk. Because infection risk
is likely due to a mixture of genetic and environmental factors, and to avoid the unrealistic
evolution of complete baculovirus resistance, we assume that infection risk is only partly
heritable. The heritability b is thus the fraction of the variance in the infection risk that is due
to additive genetic variation (Paez et al. [2017]). The full eco-evolutionary integrodifference

model is
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Infection risk before reproduction

Here, we simplify the notation by explicitly including an expression for the “half-generation”
average infection risk v +1 (x), which is determined after the epizootic in generation n but
before reproduction or dispersal.

To understand the relative importance of exceptional long-distance dispersal and evolu-
tionary change in driving accelerating waves, we fit four different versions of our models to
the tussock moth spread data. The first model included a thin-tailed kernel and evolving
infection risk, the second included a fat-tailed kernel and evolving infection risk, the third
included a fat-tailed kernel but did not include evolving infection risk, while the fourth model
included neither a fat-tailed kernel nor evolving infection risk.

Initially, we used the wave front data to fit only the parameters that affect the wave

speed, which are the intrinsic reproduction rate r, the cost w, and the dispersal parameter,
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the meaning of which differed between thin-tailed and fat-tailed dispersal kernels. To explain
why, we note that to ensure that models with different dispersal kernels could be comparable,
we used a thin-tailed Laplace kernel and a fat-tailed Laplace kernel, which are approximately
equivalent for some parameter values and very different for others (Liu and Kot [2019]). The
dispersal parameter therefore consisted of either the power law decay order « for a fat-tailed
Laplace kernel or the expected absolute distance travelled E[|Az|] for a thin-tailed Laplace
kernel.

Simulating the full integrodifference model equations is computationally intensive, so we
instead fit only analytical expressions for the wave speed to the data (Appendix D.1, Kot
et al. [1996], Neubert et al. [2000], Liu and Kot [2019]). Because pathogen spread rates are
limited by their hosts, such that pathogen advance often lags behind the host wave front,
we used analytical wave speeds that approximate the host invasion in the absence of the
baculovirus (Sherratt et al. [1995], Bjornstad et al. [2002], Phillips et al. [2010]). For each
parameter set, we calculated the sum of squared errors (SSE) from the one-dimensional
defoliation wave front data and then used optim in R to estimate the nuisance parameters,
the initial variation V{;(0) and initial average infection risk 7(0), that minimized the SSE for
each parameter set. The low number of parameters that determine wave speed meant that
a simple grid search routine over 3,000 parameter sets was sufficient to find the maximum
likelihood estimates of the parameters (Appendix D.2, McKinley et al. [2009]). Because the
number of parameters and number of observations were the same across models, we were
then able to select the best model using the SSE without correcting for differences in the
number of parameters between models (Yates et al. [2023]).

To compare our models to data from behind the wave front, we used the best-fit param-
eters from our wave front fitting routine and conducted a second grid search routine across
the remaining parameters, which do not affect the wave speed but do affect the population

dynamics behind the wave front: pathogen overwintering ¢, pathogen survival 7, pathogen
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decay p, and heritability b (Dwyer et al. [2000, 2022|). Because generating model predictions
of dynamics behind the wave front necessarily required full integrodifference models, in this
case we generated spatial simulations for each of the 100 parameter sets of our grid search
routine. Because we did not have enough information to construct a separate model of
defoliation, we assumed that areas with high host densities in the integrodifference models
corresponded to areas of defoliation in the data (as shown in Chapter 2, Shepherd et al.
[1988], Mason [1996]). We thus assumed that defoliation occurred with a probability equal
to the percentile of the host density in the simulation. Because we had no information about
the starting year of the invasion, we also varied the year of initial re-introduction, from 1995
to 2000. As in our comparisons of the model to the wave front data, the number of param-
eters was the same across models and so we were able to choose the best model using only

the unadjusted likelihood.

3.3 Results

In our non-evolutionary model, point releases of hosts and pathogens in empty landscapes
led to travelling waves with a constant speed of advance, but in our eco-evolutionary model
the travelling waves accelerated (figure 3.1). Because host populations near the wave front in
the evolutionary model were reproducing in the absence of the pathogen, those populations
had higher fecundity and increased average infection risk oy, (). Host-pathogen interactions
with heritable host infection risk can thus lead to accelerating waves because of increased
fecundity at the wave front.

As the average infection risk increased near the wave front, the variation in the infection
risk Vj,(Z) decreased over time (figure 3.5). Although a similar decline occurred in the
corresponding non-spatial model, the decline occurred much more rapidly near the wave front
in the spatial model (Appendix C). This rapid decline occurred because host populations

near the wave front experienced very low selection pressure for increased resistance and thus
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Figure 3.1: Summary of model projections. Upper panels show the non-evolutionary model
while the lower panels show the evolutionary model for the case in which the dispersal kernel
is a fat-tailed Laplace distribution. Left panels show host densities over space for generations
1 through 11. Distances between wave front locations Z, that reach the threshold density
N =1 x 1073 in successive generations are shown as points. Right panels show the host
densities from the same simulations as a birds-eye view over generations n = 1 through 50.
In the right hand panels, the colored points show how far the wave front has moved, with
colors corresponding to the same generations as the left hand panels.
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Rank | Evolution | Dispersal kernel | Cost w | Intrinsic growth r | Dispersal value | SSE
1 Yes Thin-tailed 7.44 1.01 E[|Ax|] =1.73 | 28.9
2 Yes Fat-tailed 809.7 1.02 a=1744.9 30.5
3 No Fat-tailed - 48.7 o =18.60 181.0
4 No Thin-tailed - 9.51 E[|Ax|] =2.79 | 732.3

Table 3.1: Four models incorporating either eco-evolutionary dynamics (models 1 and 2),
fat-tailed dispersal (models 2 and 3) or both (model 2) and associated sum of squared errors.

fecundity increased, reducing variation (figure 3.5).

The only model without an accelerating wave of advance, the model without evolution
and with a thin-tailed kernel, provided by far the worst fit to the data (SSE = 732.3), with an
average residual difference between the best-fit wave front and the data of 11.0 km. From this,
we conclude that Douglas-fir tussock moth spread accelerated during re-establishment (figure
3.2). Although the model with a fat-tailed dispersal kernel and no evolution also generated
accelerating waves, that model badly overestimated the early 2000-2003 wave front position
and therefore also provided a poor fit to the data (SSE = 181.0, figure 3.2). The evolutionary
models provided a better fit to defoliation data than either of the models without evolution,
regardless of whether the dispersal kernel was fat- or thin-tailed (figure 3.2, table 3.1). Our
evolutionary models were able to capture both the slow expansion during the early stages
of the invasion and the more rapid expansion later in the invasion, and therefore had much
lower error overall (SSE = 28.9, 30.5, table 3.1). We therefore conclude that evolution is
necessary to explain tussock moth spread.

Notably, the two evolutionary models produced nearly identical wave fronts (figure 3.2).
To explain this similarity, we note that the fat-tailed Laplace converges to a thin-tailed
Laplace for high values of power law decay o > 100 (figure 3.3A). This is important because
the evolutionary model with fat-tailed dispersal explained the defoliation data better at
higher levels of a, such that this best-fit dispersal kernel was effectively thin-tailed. In
contrast, the non-evolutionary model with fat-tailed dispersal model explained the data
better for lower values of o, and therefore required fat-tailed dispersal to explain the data
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Figure 3.2: The defoliation data and fit of our four competing models to the data. Left
panel shows a map of defoliation from 2000 to 2007. Habitable forest is shown in grey while
uninhabitable non-forest is shown in white. Dashed black line shows the first order principal
component which explains 87% of the variation over latitude and longitude. Labels show the
average wave front as white diamonds along PC1 and in labels alongside. Right panel shows
the best-fit invasion fronts for each of the four models as described in the methods. We used
the average location of defoliation (white points) as an estimate of the furthest defoliation
distance to reduce the bias introduced by environmental variation in our 1D projection. All
other points show the defoliation from the left panel projected from 2D to 1D.
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(figure 3.3B).

Indeed, the estimated value of o = 1745 for the evolution model with a (potentially)
thin-tailed kernel was sufficiently high that there was no difference between the tails of its
dispersal kernel and those of the evolutionary model with an explicitly thin-tailed kernel
(figure 3.3A). The SSE difference between the two evolutionary models (ASSE = 1.6) was
therefore due to the average dispersal distance, which was 1.73 km in the thin-tailed eco-
evolutionary model and 1 km in the fat-tailed eco-evolutionary model. The much lower SSE
at higher values of a demonstrates that the accelerating re-establishment that we observe in
the wave front data is not caused by fat-tailed dispersal kernels. Rather, the acceleration is
solely caused by the evolving infection risk and increased fecundity at the wave front. We
therefore conclude that accelerating waves in Douglas-fir tussock moth are better explained
by evolutionary change than by fat-tailed dispersal.

In addition to explaining the wave front spread, our eco-evolutionary model was able to
provide a good fit to defoliation data behind the wave front (figure 3.4). The eco-evolutionary
model was able to explain the defoliation data behind the wave front regardless of fat-tailed
(AAIC = 0) or thin-tailed (AAIC = —1.35) dispersal (figure D.3). Model ability to explain
wave fronts was independent of overwintering ¢ and survival 7, but tended to be higher for
low pathogen decay p. We found that the initial year of re-introduction between 1995 and
1997 was important for explaining the defoliation data (figure D.5). There was considerable
support for intermediate values of heritability b = 0.02 and b = 0.002 based on likelihood
score comparison (figure D.4). Although the non-evolutionary model with a thin-tailed
dispersal kernel was the worst model for describing the wave front, we observed that it
was able to better describe defoliation data behind the wave front (AAIC = —10.8) than
the model incorporating fat-tailed dispersal and lacking evolution, which provided the worst
explanation (AAIC = —23.4). Our comparison of model simulations to defoliation data after

the initial invasion front therefore further indicates that exceptional dispersal is unlikely to
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model. At around a = 100, the two distributions are essentially indistinguishable. The
bottom panel shows the marginal inverse SSE, a measure of goodness-of-fit, with respect to
« for the fat-tailed Laplace models when fit to the data. The model without evolution has
a peak at the maximum likelihood estimate o = 18.6 (table 3.1), and is thus moderately
fat-tailed. For the model with evolution, however, the inverse SSE increases with «, showing
that the model with evolution fits the data better with a thin-tailed dispersal kernel.
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provide informative predictions for long-term population dynamics.

Crucially, the best-fit simulations of our eco-evolutionary models showed realistic cycles
in both the host and pathogen populations (figure 3.6). Moderate heritability b > 0.02 was
important to produce realistic sustained cycles, with periods that averaged 7 to 11 years
and with amplitudes of several orders of magnitude, that mirror tussock moth populations
in nature (Shepherd et al. [1988]|, Dwyer et al. [2022]). While lower values of heritability
b < 0.002 were able to explain some of the defoliation data, but led to dampened oscillations
that could not account for the recurrence of outbreaks in 2012. We therefore conclude that
our eco-evolutionary models with heritability b = 0.02 are able to explain recurrent outbreaks
caused by natural cycles through at least moderate heritability of infection risk.

Although variation in infection risk V;,(Z;,) near the wave front decreased during spread,
behind the wave front variation tended to increase sharply after the initial invasion and then
roughly stabilized at longer time scales (figure 3.5, figure 3.6). In our best-fit models, the
maintenance of heterogeneity is a direct result of cycle dynamics behind the wave front (3.6,
figure C.4). This effect occurs because populations at different stages of the tussock moth
outbreak and collapse behind the wave front interact through dispersal, leading to episodic
increases in variation V,(x) behind the wave front (figure 3.6, figure 3.5). Because the host-
pathogen cycles in our model do not exactly repeat, small perturbations due to dispersal
between asynchronous populations can cause chaotic oscillations that are partly responsible
for this effect (figure 3.6, figure C.4, Sherratt [2001], Bjgrnstad et al. [2002], Bennett and
Sherratt [2019]). In our spatial eco-evolutionary model, variation in infection risk is thus
maintained through dispersal between out-of-sync populations. We therefore conclude that
the realistic fluctuations predicted by our best-fit eco-evolutionary models contribute to the

long-term maintenance of variation in host infection risk.
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Figure 3.4: Comparison of model projections to data behind the wave front. Upper panels
show the host population density and pathogen density over space for each survey year from
the best-fit model b = 0.2, v = 0.05, ¢ = 15 and g = 1 x 10~%. Red points indicate the
projected one dimensional location of defoliation data behind the wave front. Middle panels

show the total variation of infection risk V”T(I) Variation does not go to zero over time,
instead fluctuating in a pattern similar to the fluctuations of host and pathogen densities.
Lower panels show the areas predicted to have high host densities across a range of simula-
tions. Red layers show host densities that were greater than or equal to the 95th percentile
within each of 10 simulations that varied pathogen overwintering ¢ = 5,10, 12, 15, or 25 and
inter-generational pathogen survival probability v = 0.05 or 0.1. The 1D simulations are
projected into 2D space as bands that move in one dimension along PC1, shown as a dashed
black line. Red points show observed defoliation from 2000 to 2012. Habitable forest cover
is shown in grey while uninhabitable, non-forest cover is shown in white (source USFS).
Additional parameters are the best values for the thin-tailed Laplace dispersal kernel (Table
3.1).
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Figure 3.5: Maintenance of host variation in the eco-evolutionary model. A) In the non-
spatial evolutionary model (black dashed line), variation in infection risk V;, decays to zero
due to balancing selection. In contrast, in the spatial evolutionary model (colored lines) vari-
ation at first decreases but later stabilizes. During the initial wave of invasion (red line shows
wave front recursion) variation decays more rapidly due to hosts escaping pathogen infection,
allowing hosts with higher fecundity and higher infection risk to increase in frequency. As
the pathogen wave catches up to the host invasion front, variation V;,(z) increases. B) shows
the birds-eye view of the same spatial simulation. Here, base reproduction r = 1.014, thin-
tailed Laplace dispersal parameter 1.73, overwintering ¢ = 5, pathogen survival v = 0.05,
and heritability b = 0.2. We use a spatial domain that is 2000 km in total width.
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Figure 3.6: Eco-evolutionary population dynamics with and without space. Left panels
show population cycles in the non-spatial eco-evolutionary model, which shows consistent
cycles and decreasing variation in infection risk Vj,. Right panels show the origin of z = 0
in a spatial integrodifference simulation. Cycle amplitudes are more variable in the spatial
case and variation Vj,(0) fluctuates. Both simulations use base reproduction r = 1.014,
overwintering ¢ = 5, pathogen survival v = 0.05, and heritability b = 0.2. The spatial
simulation has a thin-tailed Laplace dispersal with average travel distance 1.73 km.
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3.4 Discussion

Here, we show that a host-pathogen model with heritable host resistance provides a better
explanation for the accelerating wave of defoliation observed during the re-establishment of
Douglas-fir tussock moth outbreaks in western Montana than does a non-evolutionary model
with fat-tailed dispersal. Moreover, the best evolutionary model realistically projects the
maintenance of host variation behind the front and does an excellent job of predicting areas
of defoliation behind the initial wave. A combination of models and data thus provides strong
evidence that an eco-evolutionary host-pathogen interaction led to the rapid re-occurrence
of Douglas-fir tussock moth outbreaks after a multi-decadal absence in western Montana.

Dispersal traits often receive more attention than other traits in the study of biological
invasions (Olivieri et al. [1995], Shigesada and Kawasaki [1997], Kot et al. [1996], Liu and
Kot [2019], Perkins et al. [2013], Brown et al. [2013a], Bennett and Sherratt [2019], Erm and
Phillips [2020]). Although ballooning allows larval populations to disperse and thus escape
the baculovirus, we observed that fat-tailed dispersal provided only a poor explanation of
our data on tussock moth population spread. Our findings support previous conjectures
that long-distance dispersal alone is unlikely to explain Douglas-fir tussock moth population
spread (Mitchell [1979]). Because fat-tailed dispersal provided a meaningfully worse but not
terrible fit to the wave speed data (figure 3.2), our study demonstrates the importance of
comparing competing models to data in studies of accelerating invasions.

Our model also projected that variation in host infection risk will be low near the wave
front (figure 3.5). Decreased variation during population expansion is often considered to
be the product of dispersal bottlenecks and demographic stochasticity (Lande [1988], Miller
et al. [2020]), but our model shows that reductions in variation at the wave front can alter-
natively be due to selection acting on traits at the wave front. Because we observed that
infection risk variation decreased more sharply at the wave front than in the corresponding

non-spatial model, and because host population sizes near the advancing wave front were
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larger, it is unlikely that dispersal bottlenecks altered variation in infection risk in Douglas-fir
tussock moth populations during expansion.

Notably, the model does a poor job of reproducing the absence of defoliation in 2006 (fig-
ure 3.4). This difference may be due to variables not included in our models that nonetheless
complicate the prediction of insect population dynamics. For example, generalist parasitoids
can affect tussock moth densities (Mason [1970], Mason et al. [1977], Dahlsten et al. [1977],
Brookes et al. [1978], Dwyer et al. [2004], Liu et al. [2023]), while forest cover patchiness
may alter host survivorship. These factors would not alter conclusions about the acceler-
ating wave front, however, because neither parasitoids nor habitat patchiness affect wave
speeds in our models (Appendix D.1). In contrast, weather fluctuations and climate shifts
are well-known to have effects on advancing wave fronts (Parmesan and Yohe [2003|, Di-
amond [2018]). This could be especially true for the Douglas-fir tussock moth, for which
temperature, relative humidity, and precipitation across years have been shown to regulate
outbreak severity and host reproduction (Dixon [2024]), which is closely tied to wave speed.
These climatic variables may have led to a lack of defoliation observed in 2006.

Recent empirical studies have shown that, in expanding populations, genetic variation
tends to be lower at the wave front than behind the wave front (Rollins et al. [2015], Williams
et al. [2016|, Dahirel et al. [2022]). Previous theory has largely explained this phenomenon
through demogrpahic bottlenecks, whereas our work shows that it can also be explained by
species interactions with evolving interaction terms. Our work may therefore be of broad
applicability in large populations with increasing fecundity during invasion. Population dy-
namics and ecological interactions in the wake of invasions have also been poorly understood
(Miller et al. [2020], Erm and Phillips [2020]), and so our result that species interactions
behind the wave front can maintain variation may similarly be of general importance. Our
work thus shows that models of eco-evolutionary species interactions over time and space

can provide meaningful insights into the effects of evolutionary change on invasions and the
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spatial pattern of population cycles.
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CHAPTER 4
CONCLUSIONS AND FUTURE DIRECTIONS

In this study we provide evidence that spatial structure is important for understanding
the disease ecology of Douglas-fir tussock moth. Our work at two different spatial scales
uses model comparison informed by empirical data to draw conclusions about the spatial
patterning of tussock moth populations.

In Chapter 2, we demonstrated that transmission hotspots drive overall pathogen dy-
namics and that these hotspots change over time. The initial transmission hotspots are due
to patchy pathogen distribution. Later, host dispersal between low-intensity transmission
coldpsots and high-intensity transmission hotspots mediates the rate at which transmission
increases in coldspot sub-epizootics. We showed that this theoretically important result has
consequences for the severity and extent of defoliation caused by Douglas-fir tussock moth
larvae, which survive longer in coldspot refugia. This study extends previous work that could
not explain defoliation extent using non-spatial baculovirus transmission models (Mihaljevic
et al. [2020]) or insect density alone (Mason [1996]).

In Chapter 3, we extended spatial models to encompass multiple populations over long
time periods. We determined that heritable infection risk variation generates the spatial
patterning of defoliation over large landscape scales. A key feature of this spatial patterning
is the accelerating wave front of high density host populations that occurred in our evolu-
tionary models. Exceptionally long-distance dispersal was shown to not be as important
for explaining the wave of Douglas-fir tussock moth re-establishment in western Montana.
These findings demonstrate how spatial structure maintains heritable infection risk behind
the accelerating wave front of invading host-pathogen interactions.

Both Chapters 2 and 3 make distinct assumptions about how average infection risk is
distributed amongst populations. In Chapter 2, average infection risk during the epizootic

varies across trees, becoming more variable over time due to differences between transmis-
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sion hotspots and coldspots. Meanwhile, the initial average infection risk is assumed to be
consistent across independent populations. In Chapter 3, the evolutionary integrodifference
model assumes that initial average transmission risk vy, (x) does differ across populations and
individuals at any point x are assumed to be perfectly mixing. Although these assumptions
appear to be at odds with each other, the different scales of observation and heritability term
b allows for consistency and leads to a general synthesis of spatial structure that describes
tussock moth population dynamics.

We first note that host populations in our integrodifference model tended to have the same
average infection risk 7, (x) when host densities were high. Additionally, the heritability term
b of our integrodifference model allows for a proportion (1 — b) of variation that is driven by
the environment, which includes local spatial structure. In contrast, all of the infection risk
variation V = C? in our continuous time spatial models (Chapter 2) is assumed to be intrinsic
to host biology because local spatial structure is included explicitly. The consequences of
this assumption can be seen when comparing the estimated infection risk variation in spatial
models to that estimated in non-spatial models (figure B.4). The non-spatial had the highest
estimated infection risk variation. The relative estimate of variation in our best spatial model
indicates that spatial structure generates approximately 61.5% of infection risk variation.
This difference shows the consistency of the model across both chapters, where the value of
heritability b ~ 0.39 is close to the moderate level of heritability b = 0.2 that we found to
be important for maintaining cycles behind the wave front (figure 3.4). However, because
lower levels of heritability b > 0.002 provided some level of explanation for the defoliation
data, there is likely some unaccounted for variables that contribute to non-heritable variation
beyond spatial structure alone.

There are many mechanisms that our integrodifference models lack that could explain
lower values of infection risk heritability b. First, Douglas-fir tussock moth larvae feed upon

multiple tree species throughout their range (Brookes et al. [1978]). Although predominantly
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feeding on Douglas-fir (Pseudotsuga menziesii) and true firs (Abies spp.), larvae have also
been found feeding on other, sub-optimal foraging trees. Tree host is important as species
can determine fecundity and health of larvae (Mason et al. [1977|, Alfaro and Shepherd
[1991], Mason [1996]). Further, it is well-known that plant diet influences interactions with
baculovirus in the insect gut, with consequences for population-level transmission (Dwyer
et al. [2005], Cory and Hoover [2006], Lee et al. [2006], Cory and Hoover [2006]). Douglas-fir
constituted most of the forest stands from the infection rate monitoring data of Chapter 2,
intermixed with grand fir in the forest stand of the Idaho and Oregon study sites and with
some larvae feeding on Ponderosa pine (Pinus ponderosa) at the Oregon study population.
The Montana study populations, near the accelerating wave populations assessed in Chapter
3, were entirely Douglas-fir, however, meaning that this variable may have little importance
for explaining our estimate of heritability explaining patterns of defoliation in the area.
Second, the baculovirus transmitted in Douglas-fir tussock moth populations represents
two distinct clades of nucleopolyhedroviruses (Hughes and Addison [1970]). So-called “mor-
photypes", for their distinguishing morphology, the two clades are highly genetically diverged
(Thézé et al. [2018], Williams and Otvos [2005]). Multiple non-linear interactions could lead
to increased non-heritable variation. To begin, the two morphotypes can have differing trans-
mission rates depending on the larval diet and specialize on particular instars (Williams and
Otvos [2005], Mihaljevic et al. [2020], Dixon [2024]). Further, there is also genetic variation
within each morphotype, co-infection is not uncommon, and host and pathogen co-evolution
are only recently coming to be understood (Williams and Otvos [2005], Fleming-Davies et al.
[2015], Hudson et al. [2016], Dixon [2024]). Not only would pathogen heterogeneity contribute
to the overall host infection risk variation across populations, pathogen heterogeneity would
also have ramifications for transmission hotspots. Patchy pathogen distribution would be
made more variable under pathogen heterogeneity. We observed a range of baculovirus mor-

photype compositions in our infection rate study data, but did not encode this information in
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the models. Future research should therefore work to combine our small-scale dispersal and
transmission hotspot model with models that have addressed morphotype by environment
co-evolution models (Fleming-Davies et al. [2015], Hudson et al. [2016], Dixon [2024]).

Third, parasitoids, which kill hosts by growing inside of them, are prevalent in tussock
moth populations Mason et al. [1977|, Dahlsten et al. [1977], Brookes et al. [1978], Hughes
et al. [2015]. Natural data on parasitoid prevalence reflects theory that show specialist par-
asitoids (Bjgrnstad et al. [2002]) and generalist predators (Dwyer et al. [2004]) can affect
Lepidopteran population dynamics. Parasitoids can grow in any stage of development (eggs,
larvae, or pupae), which can alter relative mortality due to other factors such as baculovirus
infection (Mason et al. [1977]). For example, if larval parasitoids were present, susceptible
host larvae will be removed from the population during the epizootic. In reference to Chapter
2, this would mean that coldspot sub-epizootics may not show increased late-season trans-
mission. In contrast, if egg parasitoids were present, reduced numbers of emerging larvae
could decrease the number of exposed first-instar larvae and thereby increase the patchiness
of pathogen distribution. It is then trivial to note that these local parasitoid impacts would
increase the environmental variation of infection risk, decreasing the heritability b = 0.39
approximated from differences between posterior estimates of C2. This is especially true
since patchy spatial environments contribute to the variation of specialist parasitoids more
than generalist predators (Hughes et al. [2015]). In general then, adding non-linear host-
parasitoid interactions would exacerbate the complexity of the host-pathogen interactions
(Dwyer et al. [2004]). Parasitoids may therefore be able to explain gaps between heritability
estimates that our eco-evolutionary model cannot explain. We should likely consider these
effects across scales and the consequences for heritable host variation.

Finally, although we have seen that environmental noise is not informative for sin-
gle epizootics (Chapter 2), environmental differences over larger spatial scales and climate

change over longer time periods will affect Douglas-fir tussock moth populations (Shepherd
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et al. [1988], Dixon [2024]). Despite baculovirus transmission being generally unaffected by
weather, climate change effects on Douglas-fir tussock moth populations will also likely have
consequences for the baculovirus through either immunity and reproduction (D’Amico and
Elkinton [1995], Cory and Myers [2003|. Further, plant diet and baculovirus infection inter-
act; as forest composition and leaf chemical composition shift under a changing climate, we
will also need models that account for the interactions of climate, plant diet, and pathogen
variation in addition to spatial variability (Cory and Hoover [2006], Elderd and Dwyer [2019],
Dixon [2024]). Although significant recent research has enhanced our understanding in these
areas (Dixon [2024]), the implications of these interactions for initial pathogen densities and
dispersal-mediated hotspot shifts are not clear. Climate change will lead to host range shifts
(Diamond [2018], Dixon [2024]), but the speed at which these expansions will occur is un-
certain. We've characterized the distance distribution in one such area that showed a novel
range expansion where defoliation was not previously detected (Section D.2.2). Therefore,
the projections of Chapter 3 have to be combined with range shift models that account for
climatic variables in order to predict the future spatial patterning of Douglas-fir tussock
moth populations.

A key piece of data missing from our analyses is genetic relatedness over space, which
would more clearly identify the rate of spread. Genetic data can be used to estimate popula-
tion mixing and dispersal rates (Osmond and Coop [2021]), which would allow for additional
evidence supporting estimates of dispersal from accelerating wave defoliation data. Addi-
tionally, the degree of genotypic variation present in both host and baculovirus samples could
provide insights into phenotypic variation of heritable infection risk. For example, genetic
information would complement mating experiments that test the heritability and cost of in-
fection risk or allow for the identification of loci involved in fecundity and infection risk traits
(Section D.2, Péez et al. [2017]). Thus, the synthesis of genetic data, mating experiments,

and climatic host range models would aid in our ability to understand the variability inherent
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in tussock moth population cycles and better predict the spatial patterning of defoliation for

better insect outbreak management.
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APPENDIX A
INFECTION RISK DISTRIBUTIONS OVER CONTINUOUS
SPACE AND CONTINUOUS TIME

In our core SE P model, we assume that hosts vary in their susceptibility (Dwyer et al. [2000],
Mihaljevic et al. [2020]). Host heterogeneity is denoted by the coefficient of variation in the
distribution of infection risk C'. The coefficient of variation is derived from a moment closure
approximation over the continuous distribution of host infection risks S(v,t) yielding mean
transmission risk v(¢) and the fixed shape parameter C. In this model, more susceptible
individuals are infected with the virus at a faster rate. From our moment closure approxi-
mation, only the mean transmission risk changes over time, while the ratio of the variance
to the squared mean, C2, remains constant. In a non-spatial model, we can integrate % and

we end up with the term

v(t) =u <%) “ (A1)

where 7 = v(0) and the effective transmission rate v(t) is shown to decrease over time as
S(t) is strictly decreasing and C'is strictly positive. The rate of decrease in transmission due
to the incorporation of host heterogeneity is determined by C? such that a higher coefficient
of variation of infection risk C' leads to faster decline in transmission and shorter epizootics
with higher host survivorship.

Spatial heterogeneity contributes to heterogeneity in individual infection risk (Keeling
and Rohani [2008], Elderd et al. [2022]). Therefore, we have to close the moments of S(v, z, t)
bearing in mind this new assumption. It is worth reproducing the moment closure without
space here first, despite its summary above and presence in other publications, to simplify

the understanding of notation used in the spatial moment closure.
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A.1 Non-spatial moment closure approximation

We can use a simple STR model to demonstrate the non-spatial moment closure. The toy

model for our demonstration is thus

oS

X = ps1, (A.2)
il =
AR /O BS(8,4)dB — 1. (A.3)

where a partial derivative over S shows how all susceptible host populations distributed
according to their transmission risk g change over time. The infectious class I is produced
according to the expectation of this transmission risk in the susceptible population.

We define the j™® moments of the distribution of S(3,¢) as follows:

5; = /O B81S(3,4)dB, (A4)

o Jo#se.ds
’ [5° S(8,t)dp

(A.5)

(A.6)

Most of what we care about in the distribution of susceptibles is in the lower moments,
where sg(t) is the total susceptible population and mq(t) is the expected transmission risk
of the susceptible class at time ¢. This simplifies what we define as the rate of change in

infectious class I in equation (A.3), where we now have

A [S(B.0dB [ )
@ = 15600 /0 BS(8,6)dB — 1. (A7)
= Iso(t)mq(t) — 1. (A.8)
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We would like to do simplify equation (A.2) as well, but we wind up with an infinite

chain of lower moments that depend on higher moments.

sy = %%ﬁﬁ@@jﬂ@ (A.9)
_ Amy%;w7 (A.10)
= ]Qd?—5j+151dﬁ, (A.11)
= —Isjy (A.12)
= —Imjy150 (A.13)

We “close" these moments before s, by assuming that the CV is constant

Var|z]

_ VE@? - E[z]?

- o , (A.15)
m —m2

- v (A.16)
my

and we therefore can use algebra to remove mo from our final system of equations. We

use the quotient rule to define m’1

o o
mizziﬂLgﬁi (A.17)
50
—1Is9)sg — (—1s1)s1
= ( ) 32( (A.18)
0
3032—5%
= ——— (A.19)
50
52 51\2
= —Il—=—-(—= . A.20
(SO (80) ) ( )
= —I(mg—m%). (A.21)



Noting that

2
o2 = M7 (A.22)
mi
mg—m% = m%C’2 (A.23)

and remembering our definition in equation A.13, we can write our model accounting for

host heterogeneity in susceptibility as

d
% = —mylsy (A.24)
dmy 22
Using notation from our SEP model, where
S = S0 (A26)
v=my, (A.27)
we have completed the moment closure with
ds
— = —vSP A2
o vS (A.28)
dP
dt
dv 2 ~2
- P A.
o v-C (A.30)

A.2 DMoment closure in space

We are now looking to close moments of a PDE system that distributes populations over

space. Again using our toy model STR notation, we have S(5,x,t) and I(x,t), where z
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is one-dimensional space. Two-dimensional calculations are more algebraically-intense, but

produce the same system of equations.

Our initial model for which we need a moment closure is then

95
ot
ol
ot

—BSI+D=—-

928
or 2

I /O BS(8, 2, 8)d — AT

(A.31)

(A.32)

where we conveniently do not need to account for the diffusion of infectious cadavers,

although calculations would be the same for an analogous communicable disease with live

infectious individuals. Following our earlier moment closure approach, we have

950
ot

875/ S(B,x,t)d

—dﬁ
0

Ox2

00 2
/ ( BST + Da—S> dg,
0

—1/00055d5+p

—milsg+ D—=

925

82

0? [5° Sdp

Ox?

(A.33)

(A.34)

(A.35)

(A.36)

(A.37)

Now that we have added a diffusion term, the expression for the derivative of each

successive moment is not identical to the last as in equation A.13. Even calculating the next

moment 8/1 is cumbersome
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% _ %/oo BS(8,x,1)dB (A.38)
_ /OOO 5@655 (A.39)
= /0 OO@( BST + DGQS )dﬁ, (A.40)
— sy + D(?;Sl (A.41)
= —Isy+ D% (A.42)

9%my
— Isy+ D +2
59 (so 522

omy 0sg 6230> (A.43)

Oor Oz tm Ox?

we are, however interestedf in mq(z,t), not only s1(z,t), thus we again take the quotient

rule derivation

omq

ot

0 [ sy
2 (2) an
0 0
950~ it (A.45)
s3 ’
9%my omy 0s 925 9
50 (—]82+D<so 522 +2 5 O +m1—8x2)>/80
—s1 | —mylsg + D& /st (A.46)
Ox? 0

02 om
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5%m omq 0s
_ 2 1 1950
m2C I+D( 52 +(2/s0)—=— 5 81‘) (A.48)
D 9?m omq 0s
_ 2 1 1050
mlC I+ — (80 52 +2 pe 8x> (A.49)

The final system of equations is thus
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0S(z,t)
ot

omi(z,t)

ot
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X
92 amq 0
— —m%CQI + % (so—a;gl + 270—”;1 Ti?) (A.51)

And altogether with our SEP model notation, we end up with the final PDE system

presented in the main text

ov(z,t)
ot

OFEq(z,t)
ot

OFE;(z,t)
ot

OP(z,t)
ot

9?8
D[, 0% _ovds
2 ~2
_ Pr=2 |9~ = A.
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x
=méE, — uP (A.56)
(A.57)
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APPENDIX B
FITTING SPATIAL MODELS TO INFECTION RATE DATA
USING AN ADAPTED MCMC ALGORITHM

B.1 Likelihood incorporation of sample error with reflections on

data

Binomial probability mass functions can be used to calculate the probability of observing
a given number of hosts infected per number of hosts collected. Often in natural systems,
we know that count data are overdispersed compared to a binomial distribution, meaning
that the variance of observed counts is higher than would be expected under a binomial
distribution. To account for overdispersion, beta-binomials are frequently invoked to describe
the distribution of count data Young-Xu and Chan [2008|. The beta-binomial assumes that
the number of insects infected &k (out of n collected insects) depends on the true fraction of
hosts infected p; however, it further assumes that p varies and is itself a random variable.
For example, each sample ¢ can have its own true fraction of infected insects, p;, distributed
according to a beta distribution with shape parameters o and 3, denoted B(«, ), taking

the form

1
F(kilng, o B) = /0 Bin(k;|n;, pi)Beta(pi|v, 5)dp; (B.1)
i\ Bk +a,n; — ki + )
N (’%) B(a, B) (B:2)

where B(q, ) is the Beta function, B(«, ) = %, and G is the Gamma Function,

G(2) = [o t* e L.
For our non-spatial model, we thus have a beta-binomial distribution that has expectation

Elp;] = aLw and variance V(p;) = E[p;](1—E[p;])y. We can see that + is the overdispersion.
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Overdispersion v is bounded between 0 and 1 because v = If v = 0 there is no

&
variance, meaning that we recover the binomial distribution because p is always exactly
equal to E[p;], whereas if v = 1 then the overdispersion is at its maximum and the variance
of the beta distribution with mean E[p;] is greatly increased.

We observed that it is easier to fit a log-log inverse overdispersion because we can place a
wider range on the parameter during model fitting and give equal weight to small, non-zero
values and values approaching maximal overdispersion v = 1. Therefore we define

1

"= i)’ (B:3)

where the fitted parameter 4 is unbounded, with values of —oco being maximally overdis-
persed and values of oo possessing zero overdispersion. We can therefore define the beta
distribution of p; according to the overdispersion 7 and mean fraction infected p, which is

taken from a given time point in the non-spatial model simulation as

XL EQ)
M= 5+ S B0,

(B.4)

Defining o = py ! and § = (1- p)fy_l, we can capture a range of distribution behaviors.

B.1.1 Bounded kernel density estimators

In contrast to the non-spatial model, our spatial models assume the fraction infected p;
to be distributed according to the observed values over space and time. Instead of a beta
distribution then, we construct a kernel density estimator (KDE) of the histogram of fractions
infected. Kernel density estimators are smoothing approximations to the full distribution of
a variable given some sample. Some number n of data points are given as inputs and the
output is a density estimate that integrates to 1 over the whole interval of the distribution

(0,1). The likelihood functions of our spatial models are then generally of the form
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. 1
ﬂMw&z%BMMWM&@ﬁm (B.5)

where K (p,t) is the kernel density estimator of the distribution of fraction infected over
space at time t.

Fundamentally kernel density estimates are built by a summation of distributions cen-
tered at each data point. There are two hyperparameter components to a given kernel
density estimate. These are the bandwidth A, which is a measure related to the variance of
the distribution replicated and centered at each data point, and, in practical applications,
the integration step g, the evenly spaced units over which the density is calculated so that
integrating it using numerical methods yields 1. These two hyperparameters are optimized

independently of each other, with h scaling as n 5 and ¢ typically being set to some suf-
ficiently small value so that there are 102 to 103 steps over the data range plus or minus
m x h (Chen [1999]).

Typically, we assumed that the data are unbounded and that Gaussian distributions with

o = h are centered at each data point. This means that the kernel density estimate K (X)

is equal to

1 n
K(X) = > N ) (B.6)
1
However, these calculations do not work for bounded data. For example, if we consider
a beta-distributed variable Y ~ Beta(c, 8), normally-distributed approximations will give
non-zero density for observations outside the range the data can take on. To account for this

issue, we have to change the distribution centered at each point and adjust our calculation

of the bandwidth A.
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(S]]

=i (o 4o TR (1) e

n

K(X) =~ gl ) (B.3)
=1

where

( )

Beta (x|p(x, h), I_Tx> , x<2h

g(x, h) = { Beta (zlF, p(1 — 2, b)), x>1—2h (B.9)
\Beta <x|%, 1_Tx> , otherwise )
p(z,h) =22 +2.5— \/4h4 +6h2 4225 — a2 — & (B.10)

The average of all Beta distributions g(x, k) is an unbiased estimator of the bounded density
K(X). If only one point in our spatial simulation had non-zero host density, we instead set
K(X) to be a Dirac delta function with point density at the fraction infected observed in
the surviving population.

During our spatial simulations, we take the estimate of the fraction infected at each
point in space, from the fraction summation formula in equation B.4, and used these values
to generate the bounded density K (X) from 0 to 1. We then integrate using the binomial
likelihood function f(k;|n;, 67) We used the trapezoidal rule with 401 integration steps to
integrate the binomial likelihood over density estimator K (X).

Once we calculated the value of the pointwise likelihood f(k;|n;, 5) from a given simula-
tion for all of our data, we take the sum of the log likelihood scores as the final likelihood

for a given parameter set. During model fitting, we used one model realization per likeli-

hood score calculation and during log pointwise predictive density calculation we used 64
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realizations per likelihood calculation.

B.1.2  Temporal overdispersion is better captured by spatial models due to

improved sample error estimation

It is important to note that the construction of K(X) allows for overdispersion to vary
temporally while the use of hyperparameter v in the beta-binomial non-spatial likelihood
does not allow for changes in overdispersion over time.

If v > p, then the beta distribution is bimodal, otherwise the distribution is unimodal.
This means that during times with low infection rates in a fixed overdispersion model, the
distribution of fraction infected p(t) will be bimodal for low values of fraction infected. This
is the opposite case in our spatial model, where the bimodality, and thus overdispersion, is
most pronounced during the middle to late season of the epizootic. Therefore, the fitted
overdispersion values in our spatial models provided much better fits to those overdispersion

values bootstrapped from our infection data (figure B.1).

B.2 PCA-adjusted MCMC provides computationally-efficient

convergence

B.2.1  Dimensionally-reduced Gibbs sampler

Sampling from high-dimensional posterior distributions 7 (w|x) can be challenging with stan-
dard MCMC algorithms due to potential correlations between the parameters w Kennedy
and Dwyer [2018]. These correlations can lead to poor mixing and slow convergence. To
mitigate this issue with our Gibbs sampler, we first generated a reasonable proposal distribu-
tion w using linesearch and then used principal component analysis (PCA) transform h(w)
to account for correlations between parameters (algorithm 2, Kennedy and Dwyer [2018]).

This gave us proposed values in terms of the principal components, which are orthogonal
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Figure B.1: Posterior estimates of overdispersion over time (ribbons) versus bootstrapped
smaple data (points). Temporal variance in oversdispersion seems to be important and PDE
matches data. Beta-binomial with fixed overdispersion cannot replicate data appropriately.

and therefore uncorrelated by construction and allows for better mixing. We then repeated
this process iteratively to increasingly improve un-correlated proposal distributions.
We generated our first proposal distributions by using 500 line search algorithms and

taking the parameter sets in the top 40% of posterior probabilities, which forms a rough
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posterior surface. We then transform these line search outputs using PCA and use this as a
proposal distribution following algorithm 2. We then take the posterior from our first round
of MCMC, using 5000 iterations and a burn-in period of two integrated autocorrelation
times (IATs). This prevents inclusion of overdispersed initial parameter suggestions. We
then do another round of MCMC, transforming the posterior using a second PCA and run
10000 iterations, which we show to be approximately the IAT squared in all of our model
construction MCMCs. In figure B.2 we show the proposal distribution and posterior for our
two rounds of MCMC, which allowed us to in a sense parallelize MCMC in time.

We initialized our state r(©) by independently drawing the principal component coeffi-
cients from N (0, 0;), with variances being multiplied by 1.2 to overdisperse our initial sample.

0) in the original space,

Applying h~1 to r(0) yielded the corresponding parameter vector 6!
while still being expressed in an uncorrelated basis. This helped eliminate potential issues
with correlated initial conditions. We then performed dimensionally-reduced Gibbs sampling
in the principal component space as follows. At each iteration t, we cycled through each
principal component j, proposing updates by drawing 7’"7 from N(0, ;). Crucially, we only
sample each principal component in proportion to the total variance that it can explain in
the proposal distribution. This means that lower order principal components are re-sampled
less frequently for a more efficient exploration of the high-dimensional distribution space,
thus saving simulation time of more similar parameter sets. Over MCMC posterior-proposal
iterations, the distribution of variance explained by lower order components becomes more
even and acceptance ratios approach ideal mixing (figure B.5), resulting in more frequent
draws from these components relative to first and second order principal components.
After computing the proposed full parameter vector 8’ = h_l(r' ), we evaluated the cor-
responding posterior 7(68’|x). We then used the standard Metropolis-Hastings acceptance

ratio of posteriors and proposal densities. We only used one realization of each model per

likelihood score calculation. To avoid the winner’s curse fallacy common to stochastic mod-
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els, where exceedingly good likelihood scores are accepted too quickly, we initially rejected
acceptance ratios greater than one. For these parameter sets, which would otherwise be
accepted under a standard Gibbs sampler, we re-calculated the likelihood and then followed
the standard protocol for the second acceptance ratio, making this sampler cautious. We
still followed the standard approach to accept ratios less than one with the probability of
acceptance being the ratio in order to avoid rejecting slightly worse parameter sets. If a pro-
posed component update was accepted, we updated rj(.t), G(t), and our estimated posterior
7 (algorithm 2).

By performing most of the algorithm’s operations in the orthogonal principal component
space, we were able to effectively decouple the correlated parameters and sample from the full
posterior distribution much more efficiently than could be achieved with standard MCMC

approaches on the original correlated space.

Algorithm 1: Initialize Gibbs Sampler

Define h(w) as the PCA transform of n—dimensional posterior m(w|z);

Define ¢ as the vector of length n where ¢; denotes the standard deviation of
principle component i from h(w);

Define v as vector of length n where v; denotes the variance explained by principal
Component 1

Initialize r(° from h(w) where r; ~ N(0, 0;);
1)),

Initialize 7 « 7r( )|z);

Initialize (0

B.2.2  Convergence diagnostics

In table B.1, we show the priors used and list of parameters across all models.

The MCMC chains showed improved mixing over MCMC proposal-posterior iterations.
From our best spatial model, we show some examples for the parameters v, u, J, and C,
which were the only parameters in all of our models that were not host or pathogen densities

(figure B.3). We also show the respective Gelman-Rubin R statistics for each chain (figure
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Algorithm 2: Iterative PCA Gibbs Sampler

for MCMC iteration t € (1,n) do

Store ' + r(t_l);

for Principal component j € (1,n) do

if (¢t mod |vgv;']) == 0 then

Propose 7"; ~N(0,05);

Set 8/ = h=1(r/);

Calculate 7(6|z, s1) with random seed s1;

B C))

)
& p(r}|aj)

Calculate criterion p =

Draw random number u; € (0, 1];
if p <wp then
(t) (t=1).

Reject proposal and store r T :

t—1
Re-store r; — r§ );

Ise if p < 1 then
(t)

Accept i r;-;
Store 0() «+ ¢/
Re-calculate and store 7 < (6, s9|x) with random seed so # s1;

else

Re-calculate (6’|, s9) with random seed so # s1;
(t-1)

w(@) | 2( o).

T

7
p<7“}|0j)

@

Re-calculate criterion p =

Draw random number ug € (0, 1];
if p <u9 then
(t) (t—1)

Reject proposal and store r =T ;

Re-store 7“9 — rj(-t_l);
else
Accept ré-t) — 7“;;

Store A1) + 0
Store 7 < 7(0'|x, s9)

end
else
(t) (t=1),
r; —r j :
end
end

end
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Figure B.2: Each column represents our fitting routine proposals and posteriors for different
model constructions. Black points show the proposal distribution in PCA space generated
by our linesearch routine and red overlaid points in the top panels show the MCMC posterior
from these proposals. In the bottom panels, Red again is the MCMC posterior, this time as
a proposal distribution, and our second posterior distribution from MCMC in PCA space is
overlaid in blue. In most cases, the second round of MCMC aided in convergence but did
not qualitatively alter the proposal distribution, except in the right-most panel of Model 12,
the PDE with environmental stochasticity.

Parameter Description Prior distribution shape Prior parameters Units Source or rationale
c1 Diffusion constant Uniform lower = 0, upper = 0.37 individuals per day per tree? -
co Michaelis-Menten growth constant Normal mean = 7.8, sd = 1.77 days Development data during study
v Average initial infection risk Log-normal logmean = -4.82, sd = 0.59 individuals per tree per day Mihaljevic et al. [2020]
C Coefficient of variation over infection risk Log-normal logmean = 0.047, sd = 0.375 unitless Mihaljevic et al. [2020]

4 Mortality rate Gamma shape = 200, rate = 0.06 individuals per day Mihaljevic et al. [2020]

o Pathogen decay rate Uniform lower = 0, upper = 0.6 individuals per day -

o Standard deviation of environmental noise Gamma shape = 2, scale = 3 unitless Reasonable levels for variability

ol Beta distribution overdispersion Uniform lower = 0, upper = 148.4 unitless -

So Initial average host population Normal Population-specific hosts per tree Population-level branch densities at first sample
Py Initial average pathogen population Uniform lower = 0.0037, upper = 148.4 cadavers per tree -

to Time of first sample Log-normal logmean = 0, sd = 0.5 days Second instar proportion at first sample

Table B.1: Priors and parameter description for all models
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Figure B.3: Example of four parameters from our best spatial model during iterative MCMC
thinned by the TAT. The second MCMC iteration shows better mixing and a tighter posterior
distribution due to the improved proposal distribution generated from the previous MCMC
iteration posterior. Scales are consistent across MCMC iterations but are different across
parameters to improve visualization.

B.5). In the first round of MCMC, R values indicate poorer mixing as compared to the
acceptable values shown in round 2. Acceptance ratios were also improved towards ideal
mixing, approaching the acceptance of ~ 25% of proposed values in our second round.
These acceptance ratios indicate that the proposal distribution of our Gibbs sampler closely
resembled the true posterior distribution. Additionally, our chains were longer than the
squared estimated sample size, based on integrated auto-correlation time, adding to our

confidence in the posterior estimates from each MCMC output.
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Figure B.4: Differential equations models yielded posterior distributions for transmission
parameters that were highly divergent from agent-based posteriors. Notably, C' was esti-
mated to be less than 1 for differential equations, which qualitatively changes the long-term
dynamics of the system to produce cycles. The non-spatial model, however, estimated a
much higher coefficient of variation in infection risk C.
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models.
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Figure B.8: Posterior distributions for final MCMC iteration across population specific pa-
rameters. Host densities, pathogen densities, and the time of first sample collection ty were
estimated independently for each site. We assumed uninformative priors for pathogen den-
sities. We assumed log normal priors for time of first samples with an expectation of one.
We assumed normal priors based on our observed larval branch densities for each site.
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Figure B.9: Regression models of defoliation extent where each line shows one of 124 draws
from the posterior H(7). Rugplots show the distribution of data for each of the predictor
draws, with either no defoliation present or some defoliation present for each of the study
populations (shown as colors). The non-spatial model projections (right) show decreased
estimated defoliation extent overall and a wider variation for each study population, but in
general are comparable models of defoliation under BIC comparison.
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Figure B.10: Regression models of defoliation severity where each line shows one of 124 draws
from the posterior H (7). Observed defoliation data aggregated for each study population and
time point with error bars showing two standard errors from the mean defoliation severity
level
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Figure B.11: Distributions for BIC scores across 124 samples for defoliation severity (top) and
extent (bottom), with different models shown in either teal (PDE) or dark blue (non-spatial
ODE model). The vertical lines in each of the panels show the BIC score for the cumulative
insect sample count model. Severity BIC scores show that the PDE offers definitively im-
proved predictive power over the non-spatial and insect density alone models alike. Extent
BIC scores show little difference amongst models, with the non-spatial model suggesting an
uncertain predictive gain over the PDE model projections.
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B.3 Model selection

For our model selection analysis we used the Pareto-smoothed importance sampling leave-
one-out cross validation (PSIS-LOO) method. Briefly, we calculated pointwise likelihood
scores across all of our models, taking 1,220 independent samples from each posterior dis-
tributions of MCMC output and simulating 64 realizations for each sample. We then used
the loo package in R to estimate the contribution of each data point to the expected log
pointwise predictive density (ELPD) using Pareto-smoothed importance sampling.

We arrived at the number of samples to take from our MCMC outputs as follows.
First, we calculated the integrated auto-correlation time for each MCMC chain using the
LaplacesDemon package in R, which estimates the average number of MCMC iterations be-
fore an independent sample is reached. We thinned our MCMC posterior by taking the
maximum [AT across all models’ MCMC chains as a burn-in value b, throwing out the first
b MCMC iterations to exclude samples correlated with the initial MCMC starting positon.
We then selected a random |5° | samples from the posterior of each model, where n is the
total number of samples per chain and c¢ is the number of chains. Because we had 10 chains
of 10,000 samples each and an IAT of b &~ 82, this amounted to 10° x HlaX(IAT>_1 =1,220

samples from each model construction to form our log likelihood arrays.

B.3.1 PSIS-LOO, stacking weights, and WAIC comparisons

Pareto smoothed importance sampling leave-one-out cross-validation (PSIS-LOO) is a method
used for model selection and evaluation in Bayesian statistics. The PSIS-LLOO routine is de-
scribed in detail by the vignettes written by the RStan team and was originally introduced
in Vehtari et al. [2017, 2024b]. The routine follows the philosophical approach of WAIC to
reward high likelihood scores and penalize likelihood variance, but also offers diagnostics on
confidence in the pointwise selection criterion and thus on confidence in the extrapolation of

present data to future data.
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LOO-CV systematically and singly leaves out each data point, which in our case repre-
sents an infection rate of a single tree at a particular time point, and evaluates the model
ability to predict the left-out data point based on the remaining data. This process is re-
peated for all data points, and the resulting predictions are compared to the actual observed
values to assess the model’s predictive accuracy for future data. The key aspect of PSIS-LOO
cross-validation is the use of Pareto smoothed importance sampling (PSIS) to estimate the
leave-one-out predictive densities p(y;|y_;), where y; is the left-out data point and y_; repre-
sents all other data points. PSIS-LOO CV is useful when the posterior distribution is highly
complex or high-dimensional, as is the case in our MCMC posteriors, because it does not re-
quire the exact calculation of leave-one-out predictive density p(y;|y_;). Instead PSIS-LOO
estimates this density by drawing importance samples from the full posterior distribution
and weighing the importance ratios as the ratio of the leave-one-out posterior density to the
full posterior density for each sample. Pareto smoothing stabilizes the estimates of pointwise
contributions to the expected log predictive density.

PSIS-LOO therefore provides an efficient estimation of pointwise contribution to the
ELPD and evaluation of the performance of each model without having to fit the model
repeatedly to the leave-one-out datasets. Instead we were able to leverage the randomly
selected, independent 1,220 posterior samples from each of our fitted posteriors.

A key diagnostic of Pareto-smoothed importance sampling is pointwise estimation of
our confidence in the selection analysis. Pareto k parameters determine the shape of the
likelihood distribution from the posterior parameter sample for a given data point. The
distribution of PSIS-LOO Pareto k values are shown in figure B.12. Poor values of k >
0.5 indicated that the variance of the smoothed pointwise likelihood score distribution is
undefined. Bad values of £ > 0.7 would have indicated that the mean likelihood score
was undefined, and thus that we would not have confidence in the overall model selection

scores, but we observed no bad k values. We therefore have confidence in our LOO-CV
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Figure B.12: Distribution of Pareto k values for PSIS-LOO. No values were bad (> 0.7,
undefined mean) but some were poor (> 0.5, undefined variance), marked in red. Each
panel shows our 144 data points under each model construction.

results. For models that were not able to capture the data well, these poor values were
more common. Poor k values indicate that the marginal posterior and LOO posterior are
distinct and that some influential observations affect the likelihood score variability. In
linear regression models, one way to overcome the difference between the posterior and LOO
distributions is to account for overdispersion, for example recommending the replacement of
Poisson distributed sample error functions with Negative binomial distributions. However,
in our mechanistic model, we instead take these poor k values that show robust likelihood
point estimates to further demonstrate poor model fit. The variance in likelihood score
distribution for our worst models is reflected in the inflated estimates of effective number of
parameters pr,00, which fall out from the calculation of Pareto-k statistics (table B.2).
Our model selection order was robust to using WAIC as a selection criterion (table B.2).

To provide more information on the utility of model constructions determined to have a
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worse predictive performance than our best spatial model, we calculated Bayesian stacking
weights and Pseudo-Bayesian model averaging weights with bootstrapping (Pseudo-BMA+)
for each model, again using the loo package Yao et al. [2018]. These two approaches are
used to determine the best proportions to combine model constructions in a composite model,
quantitatively describing the proportion of the predictive density that is best-explained by a
particular model. Bayesian stacking of predictive distributions is the best model average and
Pseudo-BMA+ provides an approximate alternative (Yates et al. [2023]). Here we compare
both as the number of data points do not create computational challenges that would exclude
the option of Bayesian stacking. We can see that Pseudo-BMA+ provides an over-estimation
of the proportion of the predictive density better explained by our best model (~ 67% rather
than ~ 45% under Bayesian stacking). We also note that Pseudo-BMA + estimates very little
of the predictive density to be better explained by any models other than our best and second
best spatial models, meaning that the results of table 1 in the main text are conservative.
Bayesian stacking performs well regardless of model similarity. We had several similar
models because of our paired model designs, which can be seen in the qualitatively similar
dynamics projected by sets of models (figure B.6). This means that we are better able to
confirm the utility of some spatial models using Bayesian stacking, such as our hybrid models
that use agents for hosts and differential equations for pathogens. Extrapolating from this
point, we note that if our best spatial model was more uniquely able to describe the predictive
density of our data, we would not have seen such a large drop in the proportion explained
between these two composite model approaches. It would then not be unreasonable to claim
that our second-best model, which we already acknowledge to not be distinguishable from our
best-model, is a reasonable alternative. However, we emphasize that several study sites had
low numbers of low-intensity sub-epizootics, meaning that models without diffusion between
grid points could offer more reasonable projections because nearly the whole population acted

as a transmission “hotspot". If, instead, we had observed more sites with low pathogen
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densities, such as our second-highest and third-highest host density sites, we would have
likely been able to more clearly distinguish between these two models and the model weight
would have been more stable across Bayesian stacking and Pseudo-BMA+ approaches. We
can therefore be confident in our main text assessment of the ineffective nature of the second-

best model to explain future data reliably.

B.3.2  ELPD performance across subset data

The advantage of PSIS-LOO is not only in the diagnostic capabilities, but in the ability to
quickly subset the predictive density by particular attributes such that any time point, site,
or, in the extreme, every data point can be used to select a best model. We subset at the site
level to determine if there were correlations between larval densities or geographic properties
and model performance.

Across all points, higher insect densities lowered overall pointwise predictive densities due
to the higher discerning power of larger sample sizes (figure B.13). We note that these sites
with more discerning densities were able to be explained by some agent-based models in a
comparable fashion to our best spatial model, such that there was an increase in agent-base
model performance with site-level average initial insect density (figure B.14).

Agent-based models tended to not provide high predictive performance at the beginning
of epizootics and mostly performed well for elevated infection rate data points during the
middle of epizootics. We address this in the main text, where we illustrate the difficulty of
estimating the highly variable initial epizootic data points when pathogen and exposed host
populations are lower. Some data points at the end of the epizootic were able to match the
exact distribution of infection rates due to similar denominators (e.g. all samples were of
< 2 insects, so fractions infected could only be 0, 0.5, or 1). This occurred despite the high
variability of these time points due to low host population sizes after epizootic population

collapse and pupation escape, but tended to occur only in our higher density study sites,
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Figure B.13: We see a general decrease in ELPD with increasing insect branch density,
generated by more information available from larger sample sizes.
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ter subsetting ELPD at the study population level. Horizontal line at zero indicate the best
model with worse models and their standard errors shown as point ranges overlapping perfor-
mance. Although each panel shows agent-based models (left) or differential equations models
(right), all model comparisons are done across all 12 models for each study population. Insect
density observed at the first time of collection increases from left to right. Improved per-
formance of agent-based models over insect density indicates that agent-based models have
better explanatory power at higher host densities. No such consistent relationship exists for

differential equations models.
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again supporting our claims in the main text.
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APPENDIX C
EVOLVING INFECTION RISK DISTRIBUTIONS OVER
CONTINUOUS SPACE AND DISCRETE GENERATIONS

C.1 Non-spatial evolving infection risk

Following the continuous time moment closure approximation of Appendix A, we assessed
the changes that occur in the density of susceptible hosts Sy, (v) in generation n that have
individual transmission risks between v and v + dv. The distribution in generation n is
determined before the epizootic progresses. For discrete generations, we define the integral
of density Sy, (v) as the total population size N, calculating the average infection risk at the

beginning of the epizootic in generation n, where

o j = /uan(V)dz/ (1)
My = :—é (C.2)
Ny = sp0 = / Sy (v)dv (C.3)
Vn = My, (C.4)
- Nin / VS (v)dv (C.5)
(C.6)

Following Section A.1 and Dwyer et al. [2000], we therefore have the half-generation

population size
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N 1 =Nyl —in(Np, Zn, o) (C.7)

n-i-g

Vpil =Pn [1 —in(Np, Zn, ﬂn)]v ) (C.8)

N[

in which the squared coefficient of variation V = C? is a constant shape parameter for
the density distribution Sy, (v).

The total population density NV,,41 in the subsequent generation after reproduction is
determined by a intrinsic reproduction parameter r that is modified through a balancing
selection trade off modulated through cost parameter w. Under a fitness trade off, individuals
with higher infection risk would have higher net fecundity A = r(1+wwv) (Elderd et al. [2008],
Péez et al. [2017], Dwyer et al. [2022]). This is reasonable given some empirical evidence
that fecundity is reduced after epizootics in tussock moths (Mason et al. [1977], Dahlsten
et al. [1977]) and in other Lepidoptera (Elderd et al. [2008], Paez et al. [2017]). The total

population size would thus be

Npt1 = 7’/(1 + wl/)SnJr%(V)dV (C.9)
— N[l — i) (1 +wip [1— z‘n]V) (C.10)
(C.11)

To consider the case where infection risk heterogeneity is not strictly due to genetic fac-
tors, Paez et al. [2017] introduced the heritability term b. Heritability, the proportion of the
total phenotypic variation that is attributable to heritable, genetic factors, then determines
how the genetic distribution relates to the overall infection risk distribution Péez et al. [2017].

Combining the approach in equation C.9 with equation C.8 for the average infection over
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generations v, we arrive at the full non-spatial eco-evolutionary model

Npi1 =N [1 — i) (1 w1 — in]V) (C.12)
Zn+1 = ¢Npin +vZn (C.13)

) o [1— i)V [1 (1 4+ V) [l — in]bV] o
Upal = .
" 1+ wip [1— i)V
1

1% %
1 —ip = {1 + % (Npin + Zn)} , (C.15)

where Z,, is the pathogen population as in Péez et al. [2017]. The pathogen population is
determined by the overwintering rate ¢ that translates the infected fourth instar hosts Ny iy,
into second instar cadavers Z,, 1 in the next generation, in addition to the inter-generational
pathogen persistence rate . The fraction infected i, must be solved numerically as it is an
implicit expression, using any root solver, but it is guaranteed to have at least one positive

root between zero and one or be equal to zero (7).

C.2 Inter-generational infection risk moment closure over space

In a spatial model with evolving infection risk, the assumption that the squared coefficient of
variation V' of equations C.12-C.15 is constant is invalid, but the degree to which this invalid
assumption causes statistical results to differ from the moment closure approximation is
unclear. While the invariant heterogeneity shape assumption is known to be valid during
the epizootic at a single spatial location (Dwyer et al. [2000]), the shape of the infection risk
distribution could be subject to change during dispersal between points with asynchronous
disease dynamics, host densities, and pathogen densities (Shigesada and Kawasaki [1997]).
We therefore derived a new moment closure that accounts for higher-order moments than
the mean and coefficient of variation.
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To arrive at a spatial moment closure that accounts for higher order moments, we closed
the moments for each of the two infection risk distributions at location x during the annual
Douglas-fir tussock moth life cycle: the infection risk distribution for larvae at the start of
the season Sy, (v, ) and the distribution for adult moths at the end of the season, before
reproduction and dispersal S 1 (v,z) (Leung and Kot [2015]). We strictly consider the
heritable infection risk distribution for ease of later notation, but the procedure would be
identical apart from placement of heritability parameter b.

The half-generation infection risk distribution S 1 (v, x) is the adult infection risk dis-
tribution that results from the epizootic selection event and is therefore analogous to the

non-spatial equation C.8, where

B 1
Vn+%(£lj) = W/VS"+5(V’ x)dv (C.16)
= Up(2) [1 — in(z)]) . (C.17)

Crucially, the shape Vj,(z) of the infection risk distribution is no longer a constant and
must instead be a function of space z and generation n. However, because the squared
coefficient of variation C2 = V still does not change during the epizootic (Appendix A),
V() does not vary at the half generation time and the two values V = Vi, are equivalent.

In contrast with the adult half generation distribution, the subsequent larval infection
risk distribution S),41(v, x) is a mixture distribution comprised of the dispersed progeny
from the previous generation n. After calculating the half-generation distribution and pop-
ulation, reproduction and dispersal occur and the mixture distributions over space Sy, y1(z)
get calculated by integrating the product of S 1 (y) and the dispersal kernel k(y,x) across
all y. We assume that the mixture distributions are only the result of larval dispersal after

reproduction in n+ %, and that male flight doesn’t change the mean or shape of the infection
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risk distribution through gametic mixing with sessile adult females in different populations.
This is reasonable considering that male flight is driven by pheromones released by adult
female moths (Brookes et al. [1978]), meaning that males will not leave high density popu-
lations with available mates and males that enter high density populations from low density
populations will likely not significantly change the distributions of their arrival locations.
To arrive at the central moments of the larval infection risk distribution S,,4+1(z,v), we

began with the mean infection risk of the larval populations in generation n + 1.

3(n+1),1($)
3(n+1),0(1‘)
J @ y)Na(y) (1 = in(y)) [ v(1+wr)S, 1 (v,y)dvdy
RN = i) [+ wr)S, 1 (v y)dvdy

Un+1 (x) =

where once again the initial host population densities are determined by overall host
reproduction 7(1 + wr) and the individuals that survived to reproduce Nyp(z)(1 — ip(z)).
The intrinsic growth rate r cancels from the numerator and denominator, as it is not a
function of infection risk v. We further make substitutions based on the assumption that
our non-spatial moment closure holds over the epizootic to place the larval infection risk
Sp+1(x,v) to only depend on Sp(v,z) and eliminate the need to explicitly calculate the

half-generation time point. We start by noting that
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/1/(1 +wu)5n = / (v,y dU+W/VQSn+§<V, y)dv (C.20)
=E, . [ | +w [En+%’y[y]2 + VarnJr%’y(y)} (C.21)
=mmnu—%@ﬂ“w+w@mmu—M@wﬂwfu+wmm

(C.22)
= () [1 = in (@)W [1+ win(y) [1 = in@)]*® (14 V)]
(C.23)
such that

J k@, ) Na() (1 = in@)7n(y) [ = in (@)W |1+ wmn(y) (1= in@) ") (0 + Valy)| dy

J k(a, y) Nu (9)(1 = in(y)) |1+ wPnly) [L = in(y)]" 0] dy
(C.24)

Upy1(x) =

is in terms of the first two central moments of larval infection risk distribution, 7, (z) and
Vp(x). This mean infection risk equation differs from simply averaging the mean infection
risk over space because the fitness trade off yields higher offspring contribution by populations
with higher average infection risk.

Next, we calculated the change in the squared coefficient of variation V,,1(z), which is

a function of the already-derived mean infection risk 7, 1(z), as

Vnpi1(@) = ——=—75 -1 (C.25)

S *(y)Na(y) (1 = in(y) [ 21+ wr)S,, 1 (v y)dvdy
_ | : o —1 (C.26)
72,1(@) [ k() Na(y) (1 = in(y) |1+ wPn(y) [L = in()] )] dy
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If we assume that infection risk heterogeneity can be represented as a gamma distribution,
the third central moment, skewness, can be expressed either as a function of only squared
coefficient of variation V or as a function of only the mean, variance, and s3 = E[3].
Therefore we have a closed, analytical expression for the numerator in V,,11(x), in which the

skewness (i3 can be placed in terms of the lower order moments as

fis = 2VV (C.27)

_ s3—3s1Var(v) — s}
- C.28
i Var(y)3/2 ( )

53— 303V — 73

2V = 37253 (C.29)
sg=5(2V2 +1+43V) (C.30)
/y?’Sn(u)dz/ = B2V +1)(V +1), (C.31)

where equation C.27 arises from assuming a gamma distribution. The third moment
expectation of equation C.31 is thus expressed solely in terms of the mean and variation,

meaning that

/1/2(1 + wu)fnJr%(y, y)dv = VarnJr%(V, y) + EZ+%(y) + wE[3] (C.32)

=72 1 (0) [Vay) + 1+ 07,3 (0)(2Va(y) + D(Valy) + )]

(C.33)

=701 (9) [Valy) + 1 1407, W@y +1)] (€39

and that we can reduce this equation to be explictly in terms of the larval distribution

like in the mean infection risk calculation of equation C.23. We show the expression for v 1

T2
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from equation C.17 again for convenience, so that we have

J R ) Na()(1 = in()72 @) [1+ V)] [1+w@Valy) + 1)7,,, 1 ()] dy

Vipai(x) = 2 -1
" 72 1 (2) [ b5 Na(w) (1 — info)) [1 07, ()] do

(C.35)

71 (x) = On(2) [1 — in(z)] ) (C.36)

It should be noted that although we are here making an assumption that the post-
epizootic heterogeneity in infection risk follows a gamma distribution, we are not specifically
assuming the same for the pre-epizootic mixture distribution. The mixture will likely be
easily approximated by a gamma, but it would be a rare occurrence that the mixture distri-
bution would exactly follow a gamma distribution because all neighboring sites would have
to have the same estimated scale parameter. The only assumptions we make then are that
the coefficient of variation doesn’t change over the course of the epizootic, the average infec-

tion risk v

gl at the end of the epizootic season is of the form shown in the half generation
2

equation C.17, and that ultimately the surviving adult population infection risk distribution
does follow a gamma distribution. Our analytical equations take a different in form if we
assume another strictly positive distribution for infection risk but would be analogous so
long as higher order moments close. For example, using a log-normal distribution did not
affect the approach or consistency of numerical and analytical results, but we use a gamma
distribution based on prior studies and the reduced tailedness of the distribution that al-

lows the within-season epizootic moment closure for v, 1 to better approximate the exact

4
distribution.
Finally, because the moments of Sy, (x) are over heritable infection risk variation passed

on to progeny by the half-generation adult populations, heritability b now appears in the

expression for changing host densities instead of the average infection risk as in equations
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C.12-C.15. Again, for notational convenience, we keep v, 1 even though it is not necessary

32

to calculate explicitly prior to calculating v, 1. Our final system of equations is thus

Nasi(@) = [ k(. p)Na(w) [1 = inly) (1 T wi(y)[1 - zn<y>]v”ff”) dy (C.37)
Zua(w) = [ 9h(e.9) Na(w)inls)dy + 120 (x) (C.38)
) J k(@ y)Nu () (1 —in(y))7, . 1(y) [1 +w(l+ Vn(y))ﬂn+;(y)] dy
Upt1(x) = 2 - 2 (C.39)
S k() Nay) (L = in(9) [L+ w7, 1 ()] dy
S S k@) Na(@)(1 = )72, ) [1+ Valw)] [1+0(1+2Va®)7,,, 1 ()] dy
nellx) = 2 —1
" 72 () % [ R ) Na0) (1~ in(w) [1 7,y ()] dy
(C.40)
in(2) =1 (1 T %Xn(m) (N ()i () + Zn(x))> e (C.41)
7, 1(@) = (@) [1— i ()], (C.42)

2

C.3 Loss of heterogeneity under Dirac delta dispersal kernel

To compare this spatial eco-evolutionary model to the previous, non-spatial model, we re-
moved dispersal by setting the dispersal kernel k(z, y) to be the Dirac delta function centered
at = (Leung and Kot [2015]). Simplifying notation by reducing the state variables to be only

a function of time, we arrived at
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demonstrating that without space, accounting for skewness through changing coefficient
of variation in infection risk makes the variation decrease to zero, recapturing a classic result
in population genetics.

To assess the circumstances that cause inconsistencies between our novel moment closure
with the approximate model with invariant shape V', we conducted a statistical test and
then a sensitivity analysis of dynamics in two populations.

To verify that decreasing variation would occur and assess the sensitivity of differences
between the two models to cost w, we conducted a statistical experiment where we drew

offspring infection risk values from parental infection risk values. We began with a parental
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infection risk distribution using random gamma variables with shape % and scale V. We
drew offspring count f; for each individual 7 according to a Poisson distribution with mean
1 + wy;. Since these calculations are only for the heritable infection risk heterogeneity, the
fi progeny of individual ¢ in the next generation inherit exactly ;. We then calculated the
variance and mean of the offspring infection risk distribution.

The statistical experiment results match our analytical results well (Figure C.1), meaning
that our new system tracking evolving infection risk is reliable. Because infection risk is more
strongly correlated with fecundity as cost parameter w increases, the offspring distribution
becomes more shifted towards higher infection risk and variation V' decreases more sharply
as cost increases. These results likely have little impact on simulations over few years or for
low values of w < 10 in non-spatial models because the offspring infection risk distributions
do not strongly differ from the parental distributions under these circumstances.

Following our statistical simulations, we assessed the cyclical dynamics of non-spatial
simulations with evolving infection risk and declining infection risk heterogeneity. In these
deterministic simulations over discrete generations, heterogeneity decreased until passing be-
low one, at which point cycling dynamics occurred because values of V' less than one generate
cycles. The phase diagrams show that many areas of parameter space cause “chaotic extinc-
tions" where populations reach exceedingly low densities and, due to numerical limitations

of floating point numbers, go to zero.

C.4 Maintenance of heterogeneity in multiple populations

Non-spatial dynamics therefore suggest that infection risk variation over generations should
disappear due to balancing selection. To determine the effects of spatial environments on
infection risk heterogeneity, we first assessed the conditions for which discrete populations
with some level of imperfect mixing could maintain non-decreasing variation over time V;, in

our eco-evolutionary model. We forced environmental heterogeneity by including differences
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Figure C.1: Offspring distribution of infection risk (black) as a result of the parental distribu-
tion (red). Base reproduction is assumed to be 1. Parental mean infection risk 4,1 =002
2

and parental squared coefficient of variation V}, is 0.4. The shifting distribution of offspring
infection risk is a result of balancing selection from the cost of resistance parameter w. The
distributions change mean during reproduction, but notably also change shape according to
analytical equation C.49

112



[ Chaoic host extinction

Chaotic pathogen extinction

le-01+ o| 1602
ot ~ Y
e
o o ? ‘ 1e-09
1e-04+ }
- ol r
-.} o |1le-16
b
. ,"lt .
1e-07+ e
-t , 1e-23 e
L4 %
o
0
. 0
lELD7 lelDA 1e101 lELOE lelDS lELDD
Cycling dynamics Fixed N:Z ratio growth
.
c le-02+ 10000
8
k<t
S
a
g
o le-04- 100
3
g o
< o
3 o
-4 o

1e-06 -

1el06  1le04  1el02

Pathogen exclusion

1e-08-
1e-31+
le-54-
1e-77+
1e-100+

1738 1727 1716 1e-05

LOGLOV()] [ |

1.51.60.50.00.51.0

Host population

1e+03 1e-01

1e+01

=q

$0-9T'6

=
"
>
&
2
&5
8

=q

20-9T'T

1e+03

Dynamics category
Chaotic host extinction
Chaotic pathogen extinction
Cycling dynamics

Fixed N:Z ratio growth
. Pathogen exclusion

Figure C.2: The dynamics of parameter space for non-spatial eco-evolutionary model with
changing heterogeneity shape V). Left panels show example phase portraits of pathogen
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variation. Cycles occur for values of V, below 1. Right panels map trajectory portraits to
areas of parameter space, varying pathogen overwintering ¢, heritability b, intrinsic repro-
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Figure C.3: Black areas show the regions of parameter space where heterogeneity in infection
risk is not strictly decreasing for a two population model. Low levels of dispersal and
differences in growth rates led to asynchronous population cycles exchanging individuals to
drive increases in overall heterogeneity. Upper limit of 50% fraction dispersing show the
perfect mixing case for two populations, arriving again at a single population.

in the intrinsic growth rate r of two host populations. We found that allowing for as few
as two populations led to scenarios in which infection risk heterogeneity over time was not
strictly decreasing. For low rates of dispersal between the two populations and growth
rate differences of approximately two orders of magnitude, change in infection risk variation
AV, ; over time in population ¢ was positive, indicating that asynchronous populations with
different equilibria can easily maintain overall population heterogeneity of infection risk.

In the case of continuous space, we found that growth rate differences do not need to
be explicitly invoked in order to maintain infection risk heterogeneity. In continuous spatial
models, differences in the time between outbreaks, or cycle period, created variation over
space in the wake of invasion that reflected the same level of changes that environmental
forcing created in the two population scenario. In figure C.4, we show several simulations
that have variable rotation number over space centuries after a point release of host and
pathogen densities. In contrast with the environmental forcing scenario, all of the populations

distributed over space had the same equilibria, but were at different points in the cycle due
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to invasion timing. Different populations over space had different cycle periods due to the
interaction of dispersal and asynchronous populations disrupting each other. The non-linear
interaction of host, pathogens, average infection risk, and infection risk variation as functions
of generational time led to chaos in the wake of invasion that persisted for multiple centuries,
similar to some cases of non-evolutionary predator-prey dynamics (Sherratt et al. [1995],
Bjornstad et al. [2002]). Decreasing heritability b led to higher levels of synchronization
of rotation numbers over space, but heterogeneity was still maintained after invasion for

centuries in the simulation with lower heritability.
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Figure C.4: Four example simulations of the average squared coefficient of variation over
space for each generation n in evolutionary model with thin-tailed dispersal. Top panels
show the cycle period, or “rotation number", and lower panels show the variation of infection
risk at the origin V},(0). Two values of overwintering ¢ = 5 (left panels) or 15 (right panels)
and two values of heritability b = 0.02 (black lines) and 0.002 (blue lines) were used, with
pathogen survival v = 0.1, pathogen decay g = 1 x 10™%, and the best parameters from
wave front parameterization (table 3.1).
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APPENDIX D
FITTING INTEGRODIFFERENCE MODELS TO INSECT
OUTBREAK DATA

D.1 Wave speed approximations for integrodifference models

Integrodifference equations, which model continuous space and discrete time, are key tools
for understanding the dynamics of wave fronts Kot et al. [1996|, Shigesada and Kawasaki
[1997], Sherratt and Smith [2008]. The discrete time steps, often representing generations,
accurately reflect the biology of many annually reproducing animals and plants, such as
Douglas-fir tussock moth. Over discrete generations n and a continuous spatial domain

(—o00, +00), integrodifference equations take the general form

400
Np1(2) = / £ (N () (g, 2)dy, (D.1)

—00

where the population density at point x in generation n+1 is determined by some growth
function f(NV,(y)) of all the population densities across space in the previous generation n
multiplied by the probability that individuals from site y arrive at site x according to the
dispersal kernel k(y,x). It is common practice to use symmetrical or unidirectional disper-
sal kernels Sherratt et al. [1995], Kot et al. [1996], Leung and Kot [2015], where dispersal
probability is determined by the absolute distance between two spatial locations Az. Such
dispersal kernels represent the long distance dispersal potential of individuals, assuming that
populations at particular points in space are perfectly mixing during growth and reproduc-
tion.

We required many simulations of our integrodifference model with evolving infection risk
over space to determine its ability to explain the speed of re-establishment observed in tussock

moth defoliation patterns. As simulating the integrodifference models is computationally
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intensive (Appendix E), we instead calculated analytical expressions of the rate of advance
(Kot et al. [1996], Neubert et al. [2000], Liu and Kot [2019]). We focused exclusively on host
populations invading empty habitat, with the assumption that the pathogen is absent when
the host is absent and that the rate of expansion by the pathogen is therefore strictly less

than or equal to the host invasion speed alone (Sherratt et al. [1995], Phillips et al. [2010]).

D.1.1 Recursion methods for thin-tailed kernels

The two patterns of invasion that are commonly observed are pushed waves, the constant
wave speed invasions that propagate from the pressure of individuals dispersing from the
bulk of the established population behind the wavefront, and pulled waves, the accelerating
invasions that propagate from the expanding reach of individuals dispersing at the wave front.
In pushed wave fronts that have fixed rates of advance, there is some threshold population

size that satisfies the equation

Np+1(En41) = Nn(n) (D.2)

where c is the constant wave speed and ,, is the position of the wave front in generation n
(Kot et al. [1996]). Wave speed ¢ can be calculated analytically through a single minimization

equation if there exists some moment generating function g(m) of the dispersal kernel
= min | In(Ag(m) (D.4)
¢=min | —In g(m .

where A is the instantaneous reproduction rate of the population (Kot et al. [1996]). Such
dispersal kernels that possess moment generating functions are called “thin-tailed" kernels

and are exponentially-bounded (Liu and Kot [2019]).
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In pulled waves that accelerate during invasion, however, rather than the wave position
difference ¢ approaching a constant speed, the ratio of the wave front positions over time
asymptotically approaches a constant in the form

lim “2HL — p- (D.5)

A

n—oo In

and such accelerating waves of advance can be caused by either “heavy-tailed" kernels,
for which a moment generating function does not necessarily exist, or for evolving traits at
the wave front (Liu and Kot [2019]). We are interested both in cases with evolving growth
rate Ay and in cases with heavy-tailed dispersal kernels with excess outliers. We therefore
required approximations that included either or both of these mechanisms.

In the evolving infection risk model where hosts populations expand over space and the
pathogen wave front has not yet caught up to the host front, the reproduction rate at the
host front A, () is strictly increasing as individuals come to have higher infection risk and
higher fecundity (Paez et al. [2017], Dwyer et al. [2022]), leading to the acceleration. In such
cases where growth rate \ varies over generations, the average speed ¢ across generations 0
to 7 is determined by the geometric mean of the reproduction rates (Neubert et al. [2000]).

We therefore use the minimization

I 2 i
¢r =min | — In (H )\ngn(m)) . (D.6)
n=0
We calculated the instantaneous speed ¢, in generation n by using the value m that

satisfies minimization equation D.6 as

e = - 10 [Angn(m)] (D.7)

m
We then calculated the increasing fecundity and increasing infection risk of the host

population at the wave front position z following the IDE system from equations 3.4-3.9
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with iy (2,) = 0 for n € (0, 7). The resulting speed ¢, +1 and growth rates A at the evolving

wave front are

Ver1 (Bns1) = vin(@n)? [Va(@n) + 1] 2 Z‘(’Zzgg’a [i :Vi‘(/;g?)] ~1 (D.9)
Ant1(Ens1) = 7 [1+ wom(Zn)] (D.10)
1 n+1 n%-l
Cn+1(Zn+1) = min | —In (H Ai(@i) x gz'(m)> (D.11)
1=0
et (ini1) = = 10 D1 (i) % g1, (7)) (D.12)

which are unaffected by generalist parasitoids due to the normalizing constants of the full
eco-evolutionary model in equations 3.4-3.9. Further, the arbitrary selection of host density
threshold means that the exact location z;, is unaffected by habitat patchiness. We observed
that our wave front analytical expressions were equally suitable for determining the rate of
advance in simulations that included habitat patchiness, where the larger reproduction rate
r(z) across space determined the overall rate of spread, and in simulations that included
generalist parasitoids. In contrast, see Neubert et al. [2000], in which the reproduction rate
fluctuates over time in unison across the entire spatial domain, thereby altering invasion

speeds.

D.1.2  Tail-additivity approximation for fat-tailed kernels

Fat-tailed kernels comprise a set of heavy-tailed dispersal kernels that exhibit power law
decay with order a such that k(z,y) = k(|z —y|) = k(z) c 27 (Kot et al. [1996], Shigesada

and Kawasaki [1997]). In contrast with thin-tailed kernels, fat-tailed kernels lack moment
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generating functions for some or all of parameter space o and the recursion from analytical
equations above does not hold. Instead, we used the tail-additivity approximation for fat-
tailed kernels, which works well at distances that are far enough from the origin to have low
arrival probabilities, which is a convenient property of the wave front position #, (Liu and
Kot [2019]). The tail additivity approximation for fat-tailed kernels demonstrates that the

convolution of kernels is approximately equivalent to their sum

NoN'E"™ (z) ~ NoA"nk(z) (D.13)

A <” - 1> k(1) ~ k(zn), (D.14)

which follows from the approach used for thin-tailed kernels (Liu and Kot [2019]). As with
thin-tailed kernels, the expression in equation D.14 can be altered to include the evolving
growth rate A\, (Z) instead of fixed growth rate A.

For projecting the approximate wave front, we then initialize the wave front at position

21 using the inverse kernel

gy = k1 (k(f,ﬁﬁ) (D.15)
1=kt (%) (D.16)

As reproduction increases, the denominator of equation D.15 decreases and therefore the
rate of advance through the inverse kernel k1 accelerates. As the power law decay order
« increases, converging to a thin-tailed distribution as v — oo, the difference between ap-
proximation equation D.15 and analytical equation D.12 shows the bias of the tail-additivity

approximation when applied to thin-tailed kernels (Liu and Kot [2019]).
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Figure D.1: Example of the Fourier-transformed grid search routine for three parameters.
Values are selected to capture total variance of the parameter space without excess duplica-
tion. The parameter selections present as periodic functions of one another.

D.2 Inference and future data

D.2.1 Marginal SSE surfaces for wave speed parameters

In our grid search routine over parameters that affect the wave front, we selected 3,000
parameters sets using the Fourier-transformed periodic grid search technique developed for
sensitivity analyses (Cukier et al. [1973]). The routine searches the parameter space more
efficiently than linear grid searches, such that it captures the variance of without repeating
parameter sets in similar areas of the parameter space (figure D.1).

We interpolated SSE surfaces for growth and dispersal from our grid search routine using
the marginal SSE profiles in two dimensions. In our evolutionary models, the marginal
SSE profiles for dispersal and reproduction showed single optima (figure D.2). Pathogen
waves lagged behind the advancing host front, allowing host populations at the wave front

to escape selection pressure from pathogen-induced mortality, validating our wave speed
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approximation.

However, the marginal profile for cost w was fairly uniform across the range of parameters
that we assessed in both eco-evolutionary models. We could identify that extremely low and
extremely high cost values were unrealistic based on the marginal SSE, but a wide range of
similar SSE scores across values of cost w made obtaining a maximum likelihood estimate
difficult. We could not easily identify a narrow range for cost parameter estimates because
the performance of cost w depends on initial conditions through the initial average infection
risk 73(0). Therefore, we would require either estimates of (0) or cost w determined
independently outside of wave front parameterization.

In order to disentangle cost from initial average infection risk, we therefore need to esti-
mate the average infection risk through experiments. Previous experiments in spongy moth
(Lymantria dispar) were able to successfully measure both fecundity and infection risk vari-
ation as well as estimate heritability (Elderd et al. [2008], Péez et al. [2017]). Previous work
shows that fecundity also drops in Douglas-fir tussock moth populations that have undergone
high-infection epizootics, even though defoliation from the previous year, a measure of diet
quality, was uncorrelated with egg mass size (Mason et al. [1977]). Experiments quantify-
ing fecundity of individuals that survive transmission branch experiments (such as those in
Mihaljevic et al. [2020], Dixon [2024]) would allow us to estimate what percentage of this
fecundity reduction is due to heritable infection risk changes and what percentage is due
to diet quality in high density populations (figure D.6, Dahlsten et al. [1977], Mason et al.
[1977]).

Next, we compared our models to defoliation behind the wave front. Because we had
already estimated the parameters that were relevant for the wave speed, only heritability b
and pathogen overwintering ¢, survival v, and decay p remained uncertain for determining
dynamics behind the wave front. We found that simulations with pathogen decay rate p =

1 x 104 was necessary, confirming the low decay rate of baculovirus in natural popualtions
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Figure D.2: Marginal SSE surfaces for the evolutionary models. We interpolated over all
SSE values less than 40. The top panel shows the surface for the thin-tailed Laplace dispersal
kernel, with maximum likelihood estimate from the grid search shown in yellow. The bottom
panel shows the surface for the fat-tailed Laplace dispersal kernel, which was less smooth
than the surface for the thin-tailed dispersal model. Intrinsic growth r was estimated to be
near 1.01 in both models.
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Figure D.5: Marginal likelihood profiles across year of first re-introduction. Each panel shows
the dispersal function with either a fat- (top) or thin-tailed (bottom) kernel. Heritability
b = 0 indicates the non-evolutionary models. The curves show that later re-introduction
times, between 1998 and 2000, are unable to reproduce the data. Slight peaks indicate
that 1997 is the maximum likelihood estimate of re-introduction time, although it performs
comparably to 1995 and 1996. Color indicates pathogen decay p, where blue shows low rates
of decay u =1 x 10~% and black shows higher rates of decay pw=1x 1072
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(Mihaljevic et al. [2020]). We found that while heritability b = 2 x 1073 covered most of the
defoliation data set it led to dampening oscillations (figure ??). Higher pathogen decay rate
pw=1x 102 consistently lowered model ability to explain the data in the wake of invasion,
independent of other grid search parameters or year of re-introduction (figure ??7). These
findings were robust to values of overwintering ¢ = 5,10,12,15, and 25, as well as values
of pathogen survival v = 0.05 and 0.1, which cover the range of parameter estimates from
previous eco-evolutionary studies of forest insects (Elderd et al. [2008|, Péaez et al. [2017],
Dwyer et al. [2022], Dixon [2024]). The best-fit year of re-introduction was 1997, but most
years of re-introduction also demonstrated that heritability b > 2 x 10™3 were the better

estimates to cover the defolaition data (figure 77).

D.2.2 A novel range expansion following re-establishment

In addition to defoliation from re-establishing Douglas-fir tussock moth populations, insect
damage also appeared in areas that have never been previously defoliated. These new pop-
ulations are not unexpected, as the Douglas-fir tussock moth range is shifting under climate
change (Dixon [2024]). However, the novel westward expansion meant we could not use the
same one-dimensional simulations from the 2000-2007 outbreaks (figure D.7). We can still
use our approach by isolating the 2020-2022 expansion, as the extent of this synchronized
defoliation does still resembles our integrodifference simulations qualitatively.

Although the range expansion appeared suddenly in 2020, instead of presenting as a
travelling wave, defoliation appeared at clustered distances that were similar to the distri-
bution of high host densities from our integrodifference models (figure D.7). As forest cover
is uniform over the extent of this novel range expansion, the clustering cannot be explained
by habitat patchiness. According to the best parameters from the eco-evolutionary model
with a thin-tailed Laplace dispersal kernel, the extent of the 2020 defoliation presence could

be from a range expansion that began 14 years prior in 2006.
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Figure D.7: The new establishment of populations in areas without any defoliation history.
Left panels show defoliation before (top) and after (bottom) the range expansion, with black
dots representing areas with defoliation history and colored dots representing areas that are
novel invasions. Habitable forest cover is shown in grey while uninhabitable non-forest cover
is shown in white. The right panels show distances from the putative 2020 origin, the nearest
defoliation to previously defoliated areas, as histograms. Clustered distances show possible
cycling patterns that were below the threshold for causing defoliation damage but then later
emerged as outbreaking densities.
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Despite spatial clustering, the timing of spread is still uncertain because defoliation is
only a proxy for actual insect density during the expansion. Further, it is possible that the
dampened oscillations of lower values of heritability b = 0.002 may lead to synchrony in
the wake of invasion, and thus our estimates of heritability may be overly high. Extending
models to allow for mechanisms that vary population dynamics, as discussed in Chapter 3,
may provide insight into these novel expansions, but ultimately population surveillance and

infection risk experiments will be necessary to draw meaningful conclusions.
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APPENDIX E
NUMERICAL METHODS FOR SPATIAL SIMULATIONS

E.1 Method of lines integration for PDEs

We discretized our continuous space reaction diffusion equations using method of lines. The

second derivative with respect to x is

- E.1
ot 0x? (E-1)
dSy(t) 1 —
=D —Sx+—yz_:15y (E.2)

where location x has n neighbors. In one dimension, n = 2, while in a 2D hexagonal grid
lattice, n = 6.
The discretization of the cross-product of the two first derivatives might be of a similar

form to equation E.2 but, in order to avoid it, we can rearrange aﬁygtc;t)

to have only second
derivatives with respect to x. We do this by reintroducing s;. As before, we derive the

expressions for m; = v

a”g‘;’ D_ _2c2pp [% + %%g—ﬂ (E.3)
i {305‘;;’;1 o) (B.4)
Taking the identity from equation A.44, where
Psr_ Oso.m) _0lms0) | Psy 0P (E.5)
02 02 2 2 02

131



we can see that the component inside the brackets of equation E.4 is related to the second

central spatial moment by

2 2 2
i 0°my +23m1380] _ i {6 51 18 80}
50

50 07552 Oz? 02 g2 (E6)

Now we can proceed as in equation E.1 and substitute the definition s1 = mysg = vS

after we discretize.

D 2 2
_8;;1 = -miC’P+ — {aa;; ml(g;ﬂ (E.7)
0
dmq 1 & Dmy 1 &
—m = O~ msig b =Y sy | =T [ ms0at Y soy (E.8)
y=1 0 y=1
d D - D 1 &
dt Sy s Sy =
D _1 n n
= P+ 5 | Y wSy— Y5y (E.10)
z | y=1 y=1
D n

The factor of 2 in the left hand side of equation E.6 goes away, so that we only have
parameters and classes that have explicit biological meaning in our final discretized ODE

system
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S, (t D
o) _ , pe gz(sy — Sy (E.12)

dt =~
du;;t(t) = —12C%P, + ngx zi:lsy(yy ) (E.13)
dE;;:(t) = vy PySy — moEy 5 + g i(El,y — E1) (E.14)
=
dE;’—f(t) =miE;_1 —miE; + % i(Ei,y —Eiz) (i€[2,m]) (E.15)
—
d?t(t) — 8B — Py (E.16)

E.2 Exact stochastic simulation algorithms

Agent-based simulations typically implement an algorithm that produces an exact stochastic
simulation, often referred to in biology as the Gillespie algorithm (algorithm 3, Gillespie
[1977]). Briefly, the exact stochastic simulation algorithm computes the rate ay,(t) at which
each interaction or “event" w in a model is occurring at time ¢t. We calculate the total rate

at which events are occurring at time ¢ by summing all of these event rates

Q
ag(t) = ayl(t). (E.17)
w=1

The time to the next event is exponentially distributed according to the total rate aq(t)
and the probability of a particular event w occurring at the specified time is taken to be the
relative proportion of its rate «,(t) to the total rate of all events occurring.

The first issue in using the exact stochastic algorithm 3 for our spatial model is that
it assumes a homogeneously mixing population. A simple fix for this issue is to assign

local rates of each event type of interest, meaning that rates of transmission, mortality, and
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Algorithm 3: Exact stochastic simulation

(2 = set of all possible events (e.g. exposure, mortality, decay);
while [E(t) + P(t)] > 0 and t <ty do
Initialize aq(t) = 0;
for event w in €2 do
compute event rate oy, (t);
aq(t) += au(t);
end
generate 7 ~ Exp (aQ(t)_l) :

w(t) .
Q

select event w with probability = oL

execute w;
t+=rT;
end

cadaver decay are based on local populations in each patch grid cell, not the global population
size, familiar as the household model of statistical epidemics Andersson and Britton [1998],
Britton et al. [2011, 2020]. We denote the rate at which event w occurs in patch z at time
t as ay(x,t). This yields more frequent events that stem from more agent types, but avoids
violating the homogeneous mixing assumption.

However, these simulations become more computationally-intensive from this workaround.
In order to fit our model to data, we need to execute many events rapidly and reduce compu-
tation time. To do this, we use a hybrid 7-selection routine (algorithm 4) Cao et al. [2007],
Simoni et al. [2019]. This routine assigns events o, (z, t) into two sets: the “leap" set and the
“exact" set. These two sets aim to approximate the exact stochastic algorithm by selecting
time steps that are small enough to not considerably alter the dynamics of the system.

Events belong to the exact set if they involve a class of agents (susceptible larvae, infected
larvae, or infectious cadavers) that have fewer than some threshold 6 individuals. Events
in this set are chosen to occur in a manner similar to algorithm 3 but are described in full
by algorithm 4. The exact event set deals with cases where even one or two events have a
relatively large impact on the fate of a population. The leap event set includes those events

that involve only populations above our specified threshold, meaning that multiple events
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will have a relatively smaller impact on the overall dynamics. Leap events ay(w,t) € @leap
occur according to Poisson distribution with expectation T (x,t), where time step 7 is
chosen to minimize changes to system dynamics Cao et al. [2007].

If the local effective transmission rate ay, (z, t) is a leap event, meaning that the susceptible
population S(z,t) is greater than threshold 6, then we select the new value of v(x,t 4+ 7) in

a non-random fashion that depends on a random number of stochastic events by setting

02
S@i) — ky kl} ' (E.18)

v(iz,t+ 1) =v(x,t) [ S D)

where k, is the Poisson-distributed number of infection events that occurred during leap
7. We always consider movement between two locations to be in the exact set, regardless of
population size, to avoid violating homogeneity assumptions of leap events.

Infection risk heterogeneity across individuals and across space is simulated by tracking
the total, local effective transmission risk v(z,t), as in the PDE system. We initialized
v(x,0) for each discretized grid point in space as a gamma-distributed random variable with
shape parameter S(z, 0)C~2 and scale parameter v(z, 0)02. The total transmission risk is
the sum across all individual transmission risks. To account for the change in total effective
transmission after an infection takes place, we borrow the deterministic moment closure
approximation equation A.1.

If fewer than threshold # = 20 susceptible individuals remain in patch x (Cao et al.
[2006, 2007]), we assign individual infection risks v; for each agent host i. The values of v;
are gamma-distributed with shape parameter C~2 and scale parameter V(:zc,t)C'2 and sum
to S(x,t)v(z,t). If the exact transmission event affecting one individual ay,(z,t) is selected

to occur under algorithm 4, we remove one individual ¢ with probability

pu (i) (E.19)

S
Zj’/j
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Algorithm 4: Hybrid 7-selection

6 = threshold population for exact stochastic algorithm;

€ = bound on population size change;

(2 = events (e.g. exposure, mortality, decay);

while [E(t) + P(t)] > 0 and t <ty do

for patch x € (1, X] do

for local event wy in €2, do

if N; > 0 then
calculate 7,(x,t): max 7 allowing AN, < € given ay,(z,t));
append 7 (7, t) to list Teap;
append oy (7, 1) to list dleqp;

else

‘ append a,(z,t) to list dexact;
end

end

if movement allowed then

‘ append a,—ps(z,t) to list dexact;
end

end
set Tleap = MiN(Teap);
calculate a = Y dexact;

generate Texact ~ ExXp (O‘g_z 1) ;
if Tleap < Texact thel’l

take 7 = Tjeap;
else

take T = Texact;

select 1 exact event wy; € Qexact With probability —awogg’t);

execute w, once
end

for ay(z,t) in dje,y do
generate ky ~ Pois(Tay(z,1));
execute wy k; times;

end

t4+=T;

end
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and then subtract the individual infection risk from the total effective transmission rate.
We then add the individual to the exposed class, where it has no identifying characteristics
besides time to mortality. We set time to death of an exposed individual as the constant
61 +t,, with ¢, being the time of exposure. This is equivalent to setting the number of
exposed classes m in equations (A.52-A.56) equal to oo, although in practice m € (50, 100)
exposure classes also have almost zero variance in time to mortality (Lloyd [2001]). We
used m = 100 in our differential equations models to closely approximate our zero-variance

mortality times in the agent-based model.

E.3 Environmental stochasticity

We incorporate environmental stochasticity by randomly fluctuating coefficients in the trans-
mission term by a factor of exp(er). Specifically, for each day 7, we drew a new value of
the random variable e; from a normal distribution with variance o2 and mean —%2. We
then exponentiated each value ¢, yielding parameter fluctuations that followed a log-normal
distribution that is strictly positive with an expectation of one. An expectation of one, gen-
erated by the adjustment term _g;’ allowed the estimated average transmission rate to be
consistent across models incorporating environmental stochasticity and models lacking such
fluctuations. The effects on the transmission rate are strictly positive as negative values

would lead to cadaver-host interactions producing healthy hosts from infected individuals.

Therefore for each day 7 € (1,7

2
s, e (Sr(\°
i vSrPre <Sl(0 (E.20)

~—

This is essentially an assumption that each day in the simulation has random unknowable
effects on transmission that either reduce transmission rate to 0 or inflate it to much higher

values modulated by o2. The mode of this distribution becomes greatly shifted toward

137



zero with increasing variance in er. This case yields few days with high transmission and
many days with very low transmission, in contrast to an un-adjusted distribution that would
otherwise produce many days of transmission in the neighborhood of exp(az) and some days
with incredibly high transmission rates. This is important to note because we use the same
priors in fitting 7 and C, regardless of whether we incorporate environmental stochasticity.
But if the mean transmission is inflated we will have misspecified posteriors, particularly
on r, which interact differently with each model. The adjustment therefore serves a dual
purpose of maintaining consistency of the effect from priors and of preventing model crashout

for the extreme values of o.

E.4 Grid lattices, diffusion, and travelling waves

We initialized host and pathogen densities with a multinomial distribution at each point
in space by calculating the total size of the population and then distributing individual
densities. Specifically, we multiplied the average density by the number of grid points to be
initialized and assigned integer densities of hosts and cadavers to each location according
to a multinomial distribution. Because mean densities were fit separately for each study
population and each grid point had equal probability in the multinomial distribution, the
initial distribution of hosts and pathogens reflected the observed larval densities of our study
populations and assumed no initial overdispersion.

“Periodic" boundaries, which we use across the simulations in this study, bring any indi-
viduals that leave the grid to wrap around to another point in the grid. Periodic boundaries
have the advantage that they reduce aberrant behavior at the boundaries of the grid com-
pared to the center and do not alter the total population size. We can imagine then that
our 2D hexagonal grid lattice with periodic boundaries represents a sample from a level
in the forest canopy where exposed and susceptible hosts can move with equal efficiency.

If an individual leaves the grid, we therefore are assuming that an individual of the same
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type replaces it on the opposite side of the grid instead of the individual itself being able to
transport to that area.

It is convenient for many reasons to have consistent rules about storing population sizes
and other features of the grid. We use a one-dimensional array in C to track grid points and
use indexing geometry and simple mod rules for calculating the indices of neighboring grid

points in a periodic hexagonal lattice.

switch (direction_of_travel)

{

+

case 0: destination = modulo(origin + 1, gridsize);

break;

case 1: destination = modulo(origin + 2 - 3 * length, gridsize);
break;

case 2: destination = modulo(origin + 3 * length - 1, gridsize);
break;

case 3: destination = modulo(origin - 1, cells);

break;
case 4: destination = modulo(origin + 3 * length - 2, gridsize);
break;
case 5: destination = modulo(origin + 1 - 3 * length, gridsize);

break;

where length is our parameter [ that denotes the grid points along a single side of the

simulation and grid size n is calculated from that using

n=311-1)+1 (E.21)
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The destination mod grid size ensures that destination indices are strictly positive
and work for periodic boundaries. The indexing is laid out so that the mod movement

arithmetic can be followed according to figure E.1.

Figure E.1: Orientation of indexing so that direction of travel is easily selected with mod
rules.

Due to the lack of assumptions about nearest neighbor movements, hexagonal grids have
the further advantage of being a stable discretization of the diffusion process, meaning simple
rules for translating distance between grid points into the diffusion constant Wood and
Thomas [1996]. If we denote the densities of a particular class F'(x,y) and we denote the

discretized populations f1_g as six neighbors of a central grid point fc, then

O°F  0°F 1 d
2 . — E.22
Ox? * oy?  3(Ax)? (Z Ji 6fc> ( )



We can set the patch width Az equal to {~1, where [ is the number of hexagons that
make up a single side of a hexagonal grid. This fixes the absolute length of the grid for
different grid sizes and takes the distance between centers of each hexagon as the width.
The scale-free spatial grid allows us to assume that the densities in the simulation align
with our data upon model fitting and provides consistency across spatial grid sizes while
simulating the models.

Movement rates are set in units of inter-patch transitions per larva per day. These rates
increase to saturation over the course of the epizootic, modelling larval growth and increasing
movement propensity. The movement rate as a function of larval development, and therefore
time, is a Michaelis-Menten function, where the terminal rate of movement, k1, is determined
by the relationship between the diffusion coefficient and the width of a patch in the hexagonal

grid lattice following equation E.22.

kit D%t
ko 4+t 3(ko+1)

(E.23)

In practice we are only fitting k1 and k9 while we calculate real-time movement proba-
bilities according to the Michaelis-Menten calculation as a function of grid size.

In models that allow for the diffusion of infectious cadavers, we assume that pathogen
diffusion occurs due to first instar exposed movement and simplify by including these in
the infectious class P. Instead of a Michaelis-Menten saturating function, we assume that
“cadaver diffusion" is either constant, meaning the continuous dispersal of first instars and
occlusion bodies over foliage, or the rate decays according to the incubation period parameter
0, meaning that we only consider first instar larvae to diffuse and then die of infection.

The expression for change in pathogen over time then is

oP

& = ~HP+ (1= CDF(E|m.))DVP (E.24)
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Travelling waves from pathogen point releases stopped in the fitted agent-based model
but continued when pathogens were represented as infinitesimal densities in the best spatial
model, which only allowed for host diffusion (Figure E.2). Waves stopped due to extinction
by drift, where exposed individuals with low diffusion rates did not tend to leave the patch
in which they were infected. For faster diffusion rates, travelling waves continued in both
models, but these faster rates were orders of magnitude above our point estimates for the

reaction-diffusion model (figure B.7.
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Figure E.2: Comparison of agent-based and PDE exposed class waves from point release of
infectious cadavers. Facet rows show x-position distance from the origin in a 2D lattice. The
column at left shows the mean posterior fitted agent-based parameter values. The column at
right shows a diffusion constant two standard deviations above the mean (100-fold increase)
while holding densities and other epizootic parameters constant. Solid black lines show the
PDE solutions given the same parameters of each column. The agent-based simulation can
only match the PDE for considerably high movement speeds of exposed individuals.
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E.5 Time step calculations in integrodifference equations

The integration of continuous spatial domains is prone to numerical error. To reduce that
error, we used Simpson’s integration rule over space and used a high number of discretized

grid point steps. Simpson’s rule,

Q

/ab f(z)dx b_Ta [f(a) +4f <a;b> +f(b)} (E.25)

_ %h[f(a) FAf (a+h)+ FO)], (F.26)

allows for more robust integration when functions contain both high and low values, as
is naturally the case when densities of hosts are invading empty landscapes and particularly
the case when dispersal kernels are fat-tailed. We used 2 x 1018 + 1 integration steps using

the observed moments of Sy, (v, x) directly followed by calculation of Vj,(z) and vy, (x).
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