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ABSTRACT

Climate change can often lead to severe but complicated effects on ecosystems. Previous
studies of the effects of climate change on ecosystems have often focused on single species,
thereby neglecting species interactions and underlying mechanisms. To comprehensively
understand how climate change influences ecosystems, interactions among multiple species
should be considered. Here we provide an example of why species interactions are important
for understanding and predicting the effects of climate change on a forest pest species,
the spongy moth (Lymantria dispar). The transmission and survival of the spongy moth
specialist fungal pathogen Entomophaga maimaiga have been proved to be strongly affected
by weather conditions. By combining a mechanistic disease model with a climate change
model, we show that in most locations over the spongy moth habitat in North America,
climate change will lead to increased temperature and decreased relative humidity, thereby
suppressing the fungal infection in the future. The insect population density is likely to
increase in the future, causing a higher level of defoliation. We further extend the model
to allow for a viral pathogen and generalist predators, as well as long-term dynamics of the
insect host and its both pathogens. Additional parameters on fungus-virus competition and
fungus survival are estimated by fitting the long-term fungus-virus models to defoliation data
in New England. By projecting the effects of climate change on insect outbreak patterns, we
show that hotter and drier weather in the future is likely to cause more frequent spongy moth
outbreaks, with moderately larger outbreak amplitudes, when the fungal and viral pathogen
interact with each other. Generalist predators tend to strengthen the effects of climate
change on spongy moth outbreaks, probably because of their ability to suppress the insect
density together with the pathogens. Our results indicate that spongy moth outbreaks are
likely to be more severe in the future because the fungal pathogen is not favored by climate
change, emphasizing the necessity of considering species interactions to understand effects
of climate change, while providing insights into forest protection and pest management.
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CHAPTER 1
OVERVIEW: EFFECTS OF CLIMATE CHANGE ON A
FOREST-DEFOLIATING INSECT AND ITS NATURAL
ENEMIES

Effects of climate change on ecosystems and the role of species

interactions

The word “climate change” has often been mentioned in news reports and scientific
studies covering a large variety of fields. Many of us may hear words like “global warming”
and “greenhouse gas emissions” as our first impressions of climate change. Public attention
to climate change was first drawn by concerns that climate change could strongly affect the
Earth and resources that human beings rely on. For example, melting glaciers may drive
rises in the average sea levels (Change, 2007). The basic but profound way in which climate
change affects the global environment is to disrupt ecosystems, causing consequences such
as species abundance changes, range shifts and community reorganization (Walther, 2010).
The phenology and physiology of different organisms are likely to be altered by climate
change, thus resulting in changes in local resource abundance and species habitats. Such
disruptions in ecosystems can lead to large-scale environmental changes such as deforestation
and desertification, which can dramatically affect the lives of human beings.

Understanding how climate change will affect the dynamics of certain species in their
specific ecosystems is thus important to understand the ecological consequences of climate
change and to predict its effects in the future, so that losses in resources or biodiversity can
be avoided. Most studies on climate change in ecology, however, only focus on single-species
(Urban et al., 2016), thereby neglecting the ecological principle that every species interacts

with multiple other species (Lawton, 1999). Allowing for species interactions in studies of



climate change is thus crucial for achieving a more realistic, comprehensive and accurate
understanding of the extent to which climate change may alter natural ecosystems, but it is
difficult because of the lack of high-quality data on species-interaction mechanisms, so that
many interaction patterns and mechanisms are still poorly known (Urban et al., 2016). Early
efforts indicate that climate change can influence multiple species in the same ecosystem,
but they mainly depend on regressions and statistical analyses, while again neglecting the
interaction mechanisms (Kausrud et al., 2008; Millon et al., 2014). The few cases that
project the effects of climate change while mechanistically considering species interactions
provide evidence showing that climate change can influence the dynamics of multiple species
simultaneously and severely (Iyengar et al., 2016; Mordecai et al., 2019; Rasher et al., 2020).
However, these studies still lack knowledge on underlying species interactions. Mordecai et al.
(2019) and Rasher et al. (2020) performed laboratory experiments to develop insight into
species interaction mechanisms, but laboratory experiments are often not accurate enough
to reveal mechanisms operating in nature. Thus, an essential requirement for more realistic
studies on effects of climate change on interacting species is to acquire more knowledge and

data on species-interaction mechanisms in the field.

Understanding effects of climate change in outbreaking insects

To provide a practical example of why it is important to understand the effects of climate
change on species interactions, we focus on an outbreaking insect pest which causes severe
damage to forests. Outbreaking insects often have large-amplitude population cycles over
a long time period, mainly driven by interactions with pathogens or parasitoids (Anderson
and May, 1980; Varley et al., 1974). As the concentration of COy is a major concern of
climate change, effects of climate change on trees and forests are thus important topics;
however, we may not be able to understand for such effects if we focus on tree growth alone

without considering outbreaking insects. Previous work has argued that tree growth and
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forest productivity are likely to increase because of more CO9 in the atmosphere (Gustafson
et al., 2018; Kim et al., 2017), but such conclusions are too optimistic because they neglect
interactions among trees, outbreaking defoliator insects and their natural enemies.
Evidences for effects of climate change on outbreaking insects have been found in several
previous studies. Population cycles of forest insects can be strongly affected by climate
change, but whether outbreak probabilities will increase or decrease following a warming
period with high temperatures depends on the species (Haynes et al., 2014; Pureswaran et al.,
2018). Such differences may come from the species-specific physiology and habitat of each
insect species, but most researches have attempted to connect and compare insect population
data to weather data, so that the underlying mechanisms were either guessed or inferred
from statistical analyses. Mechanistic information and data on interactions between forest
insects and their natural enemies, such as pathogens and parasitoids, are essential for a more
comprehensive understanding of theses species-specific responses to climate change. The few
existing studies on the effects of climate change on insects that consider species interactions
emphasize the role of parasitoids. For example, climate change may have eliminated cycles in
larch budmoth that were previously driven by parasitoids (Iyengar et al., 2016), but direct
evidences are missing. Moreover, it is also hard to translate effects of climate change on
parasitoid physiology into change in insect populations because of limited information on
mechanisms of interactions between insect hosts and parasitoids (Tougeron et al., 2020).
Studies on effects of climate change on the interactions between forest insects and pathogens
are even rarer. To explain the complex effects that climate change can have on forest
ecosystems, it is necessary to consider multi-species interactions between outbreaking insects
and their natural enemies, making understanding of interaction mechanisms and collection
of high-quality mechanistic data in the field priority tasks to accomplish before realistic

conclusions can be drawn.



Study system: the spongy moth and its natural enemies

To understand the importance of including species interactions when studying climate
change, we chose the spongy moth (Lymantria dispar) as the insect host in our study system.
The spongy moth was introduced from Europe in 1868 or 1869 (Elkinton and Liebhold,
1990) , and has long been an important defoliating insect in the hardwood forests of North
America (Liebhold et al., 1992). The spongy moth has undergone large-amplitude population
cycles for many years with cycle period of 5 to 10 years, mainly driven by a specialist
lethal baculovirus (Johnson et al., 2006; Liebhold et al., 2000). Small mammals have been
known to be generalist predators for this insect species, introducing variations in the time
between insect population peaks (Dwyer et al., 2004; Elkinton et al., 1996). Since 1989, the
introduction of another specialist pathogen, the fungus Entomophaga maimaiga (Andreadis
and Weseloh, 1990; Hajek et al., 1996), has dramatically altered the interactions between
L. dispar and its natural enemies, while sporadic outbreaks terminated by the fungus have
replaced the fairly regular boom-bust population cycles driven by the virus before the fungus
introduction, as found in Johnson et al. (2006). The fact that fungal transmission and
survival are favored by wet and cool weather (Hajek, 1999; Weseloh and Andreadis, 1992)
connects climate change with species interactions, making the spongy moth system a useful
system for studying the potential effects of climate change on forest ecosystems. We know
that weather variables directly change the fungal transmission and survival, and we want to
further know how spongy moth dynamics are in turn changed, while considering additional
and simultaneous effects caused by interactions with other species such as the viral pathogen
and generalist predators.

Mechanistic models are useful for studying the dynamics of interacting species, especially
in predator-prey and host-pathogen systems. In outbreaking insects, larval-stage insects
are relatively easy to rear, so that laboratory and field experiments on artificial epizootics

(epidemics in animals) can be performed to obtain mechanistic data on interactions between
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the insect host and its specialist pathogens. Previous work by our colleagues has constructed
models describing both within-epizootic and long-term dynamics driven by the interaction
between the insect host and the viral pathogen (Dwyer et al., 1997, 2000, 2004), as well as
the single-epizootic dynamics driven by the interaction between insect host and the fungal
pathogen (Kyle et al., 2020). Here we combine and extend these existing models into a long-
term two-pathogen model. By further adding in the weather projections generated by down-
scaled climate change models (Wang and Kotamarthi, 2014, 2015), we aim to make realistic
and comprehensive projections on future spongy moth dynamics and outbreak patterns, thus

providing insights into forest protection and pest management.

Chapter summaries and conclusions

In Chapter 2, we combine the single-epizootic fungus model developed by Kyle et al.
(2020) with the down-scaled climate change model developed by our colleagues (Wang and
Kotamarthi, 2015), to project the fraction of spongy moths infected by the fungal pathogen
E. maimaiga across the range of spongy moth habitats in North America. We choose several
host and pathogen densities that have been either observed or estimated. Then we run our
eco-climate models for 10 years with historical weather projections and for another 10 years
with weather projections at the end of the 21st century and compare the model output.
Multiple scenarios commonly show the trend that climate change will generally decrease the
fraction infected by the fungal pathogen, thus leading to higher insect population densities
and defoliation levels. The weather projections show that in most locations within the range
of spongy moth, there tend to be decreased relative humidity and increased temperature at
the end of 21st century, which will not favor the fungal transmission. Our findings on the
decrease of fungal infection in the future thus correspond to climate change driven alterations
in weather conditions.

However, we have not included the viral pathogen and generalist predators in the models
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in Chapter 2. Moreover, the projections in Chapter 2 are based on averages across only 10
years with fixed host and pathogen densities at the beginning of each year. To understand
the effects of climate change on the interactions between the spongy moth and its multiple
natural enemies over the long term, in Chapter 3, we extend the model to allow for the
interaction between the virus and the fungus, as well as the effects of generalist predators.
We fit the models to defoliation data in New England to estimate additional parameters for
which we have limited information. Then we run the long-term fungus-virus models with
their best parameter estimates for a long time period, using historical and future weather
projections respectively, to compare differences in summary statistics such as number of
insect population peaks, peak intervals and amplitudes, to show the effects of climate change
on spongy moth population dynamics. We also discuss the role of generalist predators by
comparing the model output and summary statistics generated by models with and without
the influence of generalist predators on long-term insect host dynamics. In representative
locations from the spongy moth habitat, we show that there will be a moderately increase in
the number of spongy moth outbreaks in the future, with shorter intervals between outbreaks
and higher amplitudes. The severity of effects of climate change also depends on how many
species we allow for. Invoking both pathogens and generalist predators leads to much higher
outbreak amplitudes and more obvious differences in outbreak patterns in the future as
opposed to historically. Having two pathogens but not generalist predators generates overall
lower outbreak amplitudes and less obvious changes from the past to the future.

We conclude that the fungal pathogen E. maimaiga is the key factor showing effects of
climate change, since the fungal pathogen’s transmission and survival are directly dependent
on weather conditions. If we eliminate the fungus, so that the virus is the only pathogen, all
effects of climate change are eliminated. Moreover, generalist predators help the pathogens
to suppress the spongy moth density at a relatively low level until a severe outbreak happens.

When the fungus is likely to play a much weaker role in the future in controlling the spongy



moth, generalist predators and virus will do an inadequate job of suppressing the spongy
moth, so more outbreaks will occur more frequently. Altogether, we show that an under-
standing of interaction mechanisms among multiple species is essential for understanding

ecological consequences of climate change.



CHAPTER 2
PROJECTED EFFECTS OF CLIMATE CHANGE ON A
FUNGAL PATHOGEN OF A FOREST PEST INSECT

2.1 Abstract

Ecological studies of climate change have focused on individual species, neglecting the
interactions between species that regulate population numbers. A crucial example of this
neglect comes from models of tree growth, which project positive effects of climate change on
North American forests without accounting for alterations in the interactions between forest-
defoliating insects and the pathogens that control them. To understand how climate change
will affect an important forest insect under the influence of species interactions, we first com-
bined a physics-based climate change model with a validated single-epizootic model of the
interaction between the spongy moth Lymantria dispar and its fungal pathogen Entomophaga
maimaiga. Our model projects that climate change will severely restrict E. maimaiga,
thereby greatly increasing L. dispar defoliation. Climate-change driven alterations in species

interactions are likely to have dire unanticipated consequences for ecosystems.

2.2 Introduction

Mathematical models of tree growth project that higher CO9 concentrations are likely
to lead to increased forest productivity (Gustafson et al., 2018; Kim et al., 2017), especially
if trees can acclimate to the drought stress that accompanies higher temperatures (Sperry
et al., 2019). As forest modelers have recognized (Sturtevant and Fortin, 2021), however,
tree-growth models neglect the fundamental ecological principle that every species interacts
with multiple other species (Lawton, 1999). Forest trees are thus embedded in a web of inter-

actions that includes defoliating insects, which lower tree growth and survival by removing



foliage (Fei et al., 2019), and pathogens of defoliating insects, which increase tree growth
and survival by killing defoliating insects (Dwyer et al., 2004). Understanding how climate
change will affect North American forests thus requires an understanding not just of how
climate change will affect tree growth but also of how climate change will affect interactions
between defoliating insects and their pathogens. Such an understanding, however, is sorely
lacking.

The ecological literature as a whole has similarly neglected the species interaction prin-
ciple: most studies of the ecological consequences of climate change have focused on how
climate change affects particular species rather than on how climate change affects webs of
species interactions (Urban et al., 2016). Our lack of understanding of the effects of climate
change on insect-pathogen interactions in particular therefore reflects a lack of understanding
of the effects of climate change on species interactions in general.

To test the hypothesis that climate change will alter interactions between forest insects
and their pathogens, and thus to carry out a specific test of the general hypothesis that
climate change will alter species interactions, we constructed a mathematical model of the
interaction between the spongy moth, Lymantria dispar, an invasive pest of North Amer-
ican hardwood forests (Tobin et al., 2012), and its fatal, species-specific fungal pathogen
Entomphaga maimaiga (Hajek et al., 1996). Between the introduction of L. dispar in 1869
and the introduction of E. maimaiga in 1989, L. dispar defoliation had severe negative im-
pacts on hardwood forests in eastern North America (Morin and Liebhold, 2016). In the
pre-E. maimaiga era, spongy moth outbreaks did not collapse until they had reached densi-
ties high enough to allow for epizootics of a fatal, species-specific nucleopolyhedrovirus that
belongs to the baculovirus family (Dwyer et al., 2004).

As is often the case for animal pathogens (McCallum et al., 2001), the transmission of
both the nucleopolyhedrovirus and E. maimaiga is higher in high density spongy moth popu-

lations, but cool and moist weather can allow for E. maimaiga epizootics even in low density



spongy moth populations (Hajek, 1999). This is important because weather conditions in
eastern North America since the introduction of E. maimaiga have been sufficiently cool
and moist that E. maimaiga epizootics have greatly reduced L. dispar defoliation (Liebhold
et al., 2022). Climate change, however, is projected to lead to increases in temperature and
reductions in relative humidity in eastern North America (Wang and Kotamarthi, 2015).
Climate change may therefore interfere with the ability of E. maimaiga to reduce L. dispar
defoliation, with negative consequences for hardwood forests in North America. To assess the
likelihood of such an outcome, we constructed an ecological model that describes the effects
of weather on the E. maimaiga-L. dispar interaction, and we combined our ecological model
with a climate-change model to form what we call an “eco-climate” model. Here we use
our eco-climate model to project the effects of climate change on the E. maimaiga-L. dispar
interaction.

The few previous efforts to project the effects of climate change on species interactions
(Mordecai et al., 2019; Rasher et al., 2020) estimated model parameters using laboratory
experiments that considered only the effects of temperature. Laboratory experiments can
provide insight into underlying mechanisms but often make inaccurate projections of ecolog-
ical phenomena in the field (Carpenter, 1996), while species interactions in nature are often
affected by weather variables other than temperature (Urban et al., 2016). We therefore
instead estimated parameters from field data, and we considered multiple weather variables.
To identify underlying mechanisms, we fit our ecological models to a combination of exper-
imental and observational data (Kyle et al., 2020), and we used statistical model selection
(Burnham and Anderson, 2010) to choose between fifteen models, each of which made differ-
ent assumptions about the mechanisms driving the E. maimaiga-L. dispar interaction. The
model that best describes our data includes effects of temperature, relative humidity, rain-
fall, and the densities of E. maimaiga and L. dispar, whereas models that neglect weather

or host and pathogen densities or that allow for only one or two weather variables provide
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substantially worse explanations for the data.

Our climate-change model uses a technique known as “dynamic down-scaling” to con-
vert the continental-scale projections of standard climate-change models to the forest scales
at which E. maimaiga epizootics occur (Wang and Kotamarthi, 2015; Zobel et al., 2018).
The dynamic down-scaling projections show that temperature will increase and relative hu-
midity will decrease at the vast majority of locations in eastern North America, but that
rainfall will increase in almost as many locations as it will decrease (Figure 2.2). Because in-
creased rainfall has positive effects on the E. maimaiga-L. dispar interaction, while increased
temperatures and decreased relative humidity have negative effects on the interaction (Kyle
et al., 2020), the dynamic down-scaling simulations alone are insufficient to project how cli-
mate change will affect the interaction. We therefore combined our dynamically down-scaled
climate-change model with our E. maimaiga-L. dispar model to form an eco-climate model.
The eco-climate model thus integrates the effects of temperature, rainfall, relative humidity
and E. maimaiga and L. dispar densities into an overall projection of the effects of climate
change on the E. maimaiga-L. dispar interaction.

Because E. maimaiga transmission depends on spongy moth density, we made pro-
jections for a range of different spongy moth densities. Lymantria dispar densities at the
beginning of epizootics in nature depend on how many spongy moths were killed in the pre-
vious generation, either by E. maimaiga or by generalist small mammal predators (Dwyer
et al., 2004). Because densities of generalist small mammal predators are in turn determined
by the production of acorns by oak trees (Liebhold et al., 2000), projecting initial densities
is difficult. We therefore made projections across the range of densities at which we observed
insect outbreaks and fungus epizootics in nature (Kyle et al., 2020). Although E. maimaiga
epizootics occasionally occur at densities slightly lower and slightly higher than the densi-
ties that we use here, focusing on commonly observed densities allowed us to avoid extreme

scenarios, ensuring that our results are conservative.
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Unfortunately, our eco-climate models project a general trend that climate change (pre-
dicted under the RCP 8.5 scenario) will severely reduce E. maimaiga infection rates, which
is more obvious at the low and intermediate spongy moth densities at which F. maimaiga
has suppressed spongy moth populations in the past. Because a female spongy moth can
produce hundreds of offspring (Dwyer et al., 2004), the reductions in E. maimaiga infection
rates projected by our model will allow spongy moth populations to rapidly reach higher
densities, at which more severe defoliation may occur. An analysis of the effects of stochas-
ticity suggests that these projections are if anything overly optimistic, while a consideration
of alternative scenarios, including the RCP 4.5 scenario and scenarios with higher and lower
initial £. maimaiga densities, shows that the projections are robust to errors in model as-

sumptions.

2.3 Methods

2.83.1 QOverview

In this section, we are going to introduce how our different versions of eco-climate change
models are constructed. We will first walk through the equations for the SEIR ecological
models showing the L. dispar-E. maimaiga interactions during a single epizootic. Because
several processes in the ecological models are related to weather variables, we are able to
combine them with the down-scaled climate change models to study the effect of climate
change, by running the models with different projected weather datasets in the past or in
the future. Then we will talk about how to generate maps over the entire spongy moth
habitat region in North America, to show the differences in historical and future projections
in all the locations. We mainly plot out relative differences of fraction infected by fungus
between the future and the historical projections. In some cases, we use a regression to

transform insect densities into defoliation percentage, to get a more intuitive view on what
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consequences climate change will bring to the forests through affecting the insect-pathogen

interactions.

2.3.2 The SEIR ecological models

The ecological part of our model consists of a standard “SEIR” model from theoreti-
cal epidemiology (Keeling and Rohani, 2008), which we modified to describe the effects of
weather. In a previous study (Kyle et al., 2020), we estimated the model’s parameters from
data that we collected during E. maimaiga epizootics in larval spongy moth populations
(only larvae are susceptible) at a range of densities in the years 2010, 2011, and 2012, along
a 300 km-long north/south transect in Michigan, USA. Here we briefly summarize the model
structure, which is described in more detail in Kyle et al. (2020).

Weather conditions in the model change on a daily basis, roughly matching the time scale
over which weather systems move through the range of L. dispar in North America. Because
the model also includes stochasticity, it consists of a set of random ordinary differential

equations, integrated on a daily time scale. For each day 7, the model is:

change in
susceptible
host d%nsity ; host resting spore conidia conidia
A — resting spore density  density transmis-  Jepgity
dS transmission rate sion rate
- ~ —~N— A N
—dt = — VRﬂ— ST RT(O) - UC,T ST CT ) (21)

change in exposed

class 1 aging into next
AdE exposed class
7,1 - ™
e = - A E 2.2
dt VRvTSTRT(O) + VOaTSTCT \Tn/ N 7_717 ( )

no. of speed of

exposed kil of
classes fungus

change in exposed

class j aging out of aging into
T previous class next class
T,j -~ 7\ ~ - 7N ~ i
— = mAE;;_1 —mA E.; . J=2,...,m, (2.3)
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change in cadavers  death of hosts

producing conidia in final
- exposed class cadaver decay
dCr — - -
dt - m)\ETﬂ’n - ,Ulc'ﬂ— CT . (24)

decay rate of
cadavers producing
conidia

Here we indicate the day during the epizootic by 7, and so on day 7 we numerically
integrate from time ¢ = 0 to time ¢ = 1. As we describe below, the stochastic terms
are incorporated into the transmission functions vg ; and v¢ . Because stochasticity is
incorporated into the model independently of weather, and because we estimated the amount
of stochasticity from our epizootic data (Kyle et al., 2020), stochasticity in the model allows
for errors in the model fit that cannot be ascribed to measurement error (which our model-
fitting showed was modest (Kyle et al., 2020), but in any case we do not need to include here).
Stochasticity in the model thus constitutes what is referred to in the ecological literature as
“process error”, meaning that it accounts for processes in nature that are not accounted for
in the model.

The state variables are the density of uninfected or “susceptible” larvae S;(t), the
density of resting spores R;(0), the density of exposed larvae in class j, E; ;(t), and the
density of conidia Cr(t). Resting spore density is symbolized as R;(0) to indicate that it is
constant during the resting-spore transmission period, which runs from 7 =T, until 7 =T,
where T, and T' are parameters that we fit to the epizootic data. We thus set R(0) to a
constant value of R;(0) for T, <7 < T, and we set it to zero for 7 < Ty and 7 > T.

By including m exposed classes, we allow for a distributed delay between infection and
death, which follows a gamma distribution with a mean delay of 1/ and variance 1/(mA?)
(Keeling and Rohani, 2008). A gamma distribution provides a reasonable approximation to
the distribution of E. maimaiga incubation times (Kyle et al., 2020).

On day 7, the conidial decay rate ¢ » and the transmission rates vp - for resting spores

R7(0), and v  for conidia C'(t) are determined by the weather projected by our dynamically
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down-scaled climate-change model (Wang and Kotamarthi, 2015), and by a stochastic term.
Because larval infection risk increases as larvae increase in size, and because this increase in
size causes infection rates during epizootics to show sharp increases late in the larval season
when larvae are larger (Kyle et al., 2020), we assumed that transmission increases with larval
size. Without increases in larval size the fit of the model to the data was quite poor, and so
allowing for larval growth ensured that the model provided a good fit to the data.

Larval size is in turn described by a larval growth function. Because larvae grow faster
when temperatures are higher, for temperatures above 10° C, the lowest temperature at
which larvae can grow, larval size in the growth function increases linearly with temperature.
Because spongy moth eggs hatch in response to an accumulation of degree days, the timing
of spongy moth larval emergence in the model also depends on degree-day accumulation
(Kyle et al., 2020). This is important partly because it means that larval emergence in the
model occurs earlier as temperatures increase due to climate change. Degree days (DD) are
calculated by summing up daily average temperature 7'(i) over a certain time period, while
considering the lower threshold 7;,,;, and upper threshold T}z, as the following equations

show:

1
DD = Y dd(i) (2.5)
1=tg
dd(i) = 0 if T@) < Toin (2.6)
dd(i) = T(Z) — Tin T(Z) S [TminaTmax] (2-7)
dd(i) = Tmazr — Tonin f T(i) > Thaz (2.8)

To incorporate weather into the model we assumed that the functions for v ;, vg » and
pc,r depend on the weather, and we fit the parameters of these functions to our epizootic

data, using observed values of temperature, relative humidity, and rainfall as covariates. To
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construct a weather-dependent transmission function for resting spores we first assumed that
the resting spore transmission rate vg ; is a logistic function of accumulated daily rainfall

(mm x 10/day) over the previous 10 days p(7):

Y1 W
L +vgexp(—i3p(T)) o +1

e = D) ( ) expenr). 2.9

This function is constructed to ensure that when cumulative rainfall p(7) = 0, resting
spore transmission is zero. The function also includes stochasticity, as represented by €p -,
which symbolizes a normally distributed random variate with zero mean and with a non-zero
standard deviation, where the standard deviation was estimated by fitting the model to the
data. The parameters 11-1)3 were likewise estimated from the data (Kyle et al., 2020). The
symbol D(7) represents the larval growth function.

Because conidia production increases with relative humidity (Hajek, 1999), we assumed
that the conidia transmission rate v , increases exponentially with minimum daily relative

humidity m(7) on day T;

ver = D(T)vgexp(sm(7)) exp(ec,r)- (2.10)

Here D(7) is again the larval growth function, and the parameters ¢4 and 15 were estimated
from the data (Kyle et al., 2020). As in equation (2.9), stochasticity is represented by
€c,7» which symbolizes a normally distributed random variate with a zero mean and with a
non-zero standard deviation that was estimated from the data.

Because high temperatures inhibit conidia production (Hajek, 1999), we assumed that

conidia decay pc ; is an exponentially increasing function of daily maximum temperature,
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so that conidia survival falls with temperature;

per = eexp(Yrh(r)). (2.11)

Here h(7) is the maximum temperature on day 7, and the parameters 1g-17 were again
estimated from the epizootic data (Kyle et al., 2020).
Because the model equations (2.1)-(2.4) are only integrated for one day at a time, we

update their initial conditions at the beginning of each day, according to:

Sr(0) = Sr—a(1), (2.12)
Re(0) = Ry_1(0)for T, <7 <T, (2.13)

— Oforr<T, or 7>T, (2.14)
Erj(0) = Er_;(1), (2.15)
Cr(0) = Cr (1), (2.16)

Here S;_1(1) is the density of susceptible hosts at ¢ = 1 on day 7 — 1, which means at the
end of day 7 — 1, while S-(0) is the density of susceptible hosts at ¢ = 0 on day 7, which
means at the beginning of day 7, and similarly for the other state variables. We repeat
that the resting spore density is constant during the resting spore transmission period and is
otherwise zero. As we will describe in the Results section, we have varied the initial density
of hosts Sy(0) and resting spores RTQSTST(O) across scenarios.

When larvae in the SEIR model have completed development to enter the stage of
pupation, the epizootic is over. The model then calculates the cumulative fraction of the
host population that became infected during the epizootic. In each year, the epizootic starts
when eggs hatch after 317 DD with 3 °C' as the lower threshold and 40 °C' as the higher
threshold (Russo et al., 1993). The epizootic ends when pupation occurs 568.5 DD after

hatch, with 7.65 °C as the lower threshold and 41 °C' as the higher threshold (Carter et al.,
17



1992). Resting spores start germination 100.16 DD after hatch, and end germination 267.03
DD after hatch, both with 10 °C' as the lower threshold (Kyle et al., 2020).

To construct the weather-only version of the SEIR model, we assumed that E. maimaiga
transmission is unaffected by the density of conidia or resting spores, and we continued to
track larval growth. The weather-only model therefore tracks only the density of susceptible

larvae S and the density of larvae in exposure class Fj;, according to:

transmission rate
of the fungus

dSr

BT m s (2.17)
dE
% — VF,TS — m)\El,T, (218)
dE;

d;m— - m)\Eifl,T - m)\Ei,Tu L= 27 -y T (219)

Although in this model larvae do not produce conidia, we included exposed larvae to allow for
the possibility that larvae would not yet be dead at the end of the epizootic. Model selection
then showed that the version of this model that best describes the epizootic data uses a
weather-dependent function vg - that depends on daily rainfall and maximum temperature,

as follows;

U8 Yy
1+ g exp(—th1op(T) b + 1

Vi, = D<T>( )exp<—wnh<r>>exp<eF,T>. (2.20)

As in the full eco-climate model, p(7) is the accumulated rainfall over the previous 10 days,
h(7) is the daily maximum temperature on day 7, and D(7) is the larval growth func-
tion. Also as in the eco-climate model, €p ; is a normally distributed random variate, with
mean zero and a standard deviation estimated from the data. As in equation (2.9) in the
eco-climate model, v, is a logistic function that describes transmission as a function of
cumulative rainfall, again constructed so that v is 0 when no rain occurs, in other words

when p(7) = 0. The values of the parameters vg-1)11 and the standard deviation of ep
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were estimated from the data, and are given in Kyle et al. (2020).

Here we also show results for a version of the SEIR model that includes the E. maimaiga-
L. disparinteraction but that includes only the effects of relative humidity on the interaction,
which we refer to as the “relative-humidity-only model”. In this model the conidia trans-
mission rate v¢ - is again an exponential function of minimum daily relative humidity, as in
the eco-climate model, but the resting spore transmission rate vg , and the conidia decay
rate pc - no longer depend on weather covariates. The first two of these functions, however,

continue to depend on larval size, which in turn depends on degree days;

VRt = D(T)¢12€XP(€R,T)- (2.21)
ver = D(1)i13exp(Pram(r)) explec ). (2.22)
per = Y15 (2.23)

Here m; is again the minimum relative humidity on day 7, and D(7) is again the larval
growth function. The normally distributed random variates € » and €c ; again allow for
stochasticity, and both have zero means and standard deviations that were estimated from
the epizootic data. As with the other models, the values of the coefficients 119 - ¥15 and
the standard deviations for € - and €c , were estimated from the epizootic data, and their
values are again given in Kyle et al. (2020).

Conidia of E. maimaiga are airborne, and are therefore in principle capable of dispersing
significant distances. Given the sensitivity of conidia to local weather conditions, however, it
seems likely that any effects of migration would be outweighed by local weather conditions.
We therefore expect that conidia dispersal leads at most to some averaging of the infection
rate over space. The extent of conidia dispersal is any case poorly known; accordingly,
to avoid the additional uncertainty that would accompany estimation of conidia dispersal

rates, we assumed that individual locations function as independent populations, with no
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migration between populations, but with complete mixing within a location. Our approach
therefore allows for high variation between locations, in turn allowing for the possibility
that climate change will have positive effects in some locations. We therefore argue that

neglecting long-distance dispersal of conidia is a conservative approach.

2.8.8 Climate change model

To allow for inherent variability in weather, the dynamic down-scaled model is stochas-
tic (Wang and Kotamarthi, 2015), and so its projections consist of averages over multiple
realizations. Averaging allows the model to reduce the influence of outlier conditions and
low probability events. By using the model projections for both 1995-2004 and 2085-2094,

we ensured that all weather data came from the same source.

2.3.4  Comparison of weather in our study plots to weather across the
range of L. dispar

As we mentioned in section 2.3.2, the ecological parameters for our eco-climate model
were estimated from data that we collected in the lower peninsula of Michigan during the
spongy moth (L. dispar) larval seasons from 2009 to 2012 (Kyle et al., 2020). As part of
this data collection effort, we quantified rainfall, relative humidity and temperature every
day of the larval season at each of our 3 study sites in each year. Because the study sites
were located along a 300 km-long north-south transect, the weather data include substantial
variation in each weather variable. Indeed, as Figure 2.1 shows, the variation in the weather
variables in our data encompasses most of the variation in the same weather variables across
the range of spongy moth in eastern North America for the same periods, and the mean of
each variable was similar to the corresponding mean across the range of spongy moth. This
similarity is important because we estimated model parameters from epizootic data collected

in the state of Michigan, but Figure 2.1 suggests that our models should produce accurate
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projections for the entire range of L. dispar. Therefore, we use our parameterized model
to make projections across the eastern and midwestern United States and the province of
Ontario, Canada (to our knowledge Ontario is the only Canadian province for which L. dispar
defoliation data are available). To focus on forests known to be suitable for L. dispar, we
make projections only for areas that have experienced L. dispar defoliation in the past (Morin

and Liebhold, 2016).

2.3.5 Generating the maps

Because the model is stochastic, to make projections for the maps we averaged over
model realizations. This means that, at any given map location in any given year, we
averaged the fraction infected over 100 realizations or “runs” of the model with the same
initial conditions for host and pathogen densities, to produce an average at each map location
in that year. To produce overall averages for historical versus future conditions, at each map
location we first averaged across the historical period, meaning the years 1995-2004, to
produce an historical average for each map location. We then averaged across the future
period, meaning the years 2085-2094, to produce a future average for each map location.
The maps then show the difference in the average projection for each map location, divided
by the historical average and multiplied by 100, to produce a relative percent change in the
infection rate. We repeated this process for each model and scenario that we describe below.
In each scenario, the initial conditions for running the model remain constant all the time.

In all but the defoliation maps, we plot relative percent changes. This means that we
plotted 100(St — Sp)/Sp, where S} is the future value of a statistic, and S is the past value
of the statistic, meaning either a weather variable or a fraction infected.

In the defoliation maps, we instead plot the absolute percent change in defoliation
100(D¢ — Dp), where Dy and D) are the fraction of foliage defoliated in the future and

past, respectively. To generate values of D ¢ and Dp, we used a published regression model
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(Liebhold et al., 1993) to translate the eco-climate model’s projections of spongy moth egg
mass densities at the end of one larval period into defoliation levels in the following year.
Spongy moth sex ratios are generally close to 50:50, and so we multiplied larval densities in
the model by 0.5 to translate larval densities into egg mass densities.

We summarize the maps in terms of the mean and the upper 5th and 95th percentiles of
the distribution of outcomes across locations. We also calculate the percentage of sites with
the relative difference of fraction infected or the absolute difference of defoliation greater
than 0, to see to what extent the climate change will suppress the fungal pathogen in the

future.

2.3.6  Effects of stochasticity on the model projections

A key feature of our eco-climate model is that it explicitly allows for stochasticity in
disease dynamics; allowing for such stochasticity ensured that the model was able to fully
capture the variation in the data (Kyle et al., 2020). Like the other ecological parameters
in our models, the level of stochasticity was estimated from our field data on E. maimaiga
infection rates, as we described above. Because the models additionally allow for variation in
weather conditions, stochasticity in the models represents variation in the model projections
due to errors in the model structure. The model’s projections therefore allow for stochastic
variation that is above and beyond the day-to-day and year-to-year variation inherent in the
weather projections of the dynamic down-scaled climate change model. Here we analyze the
effects of this variation on the full eco-climate model and on the weather-only model.

To do this, we calculated the distribution of outcomes at each location in each model.
This means that, for each model, we used the model to generate 100 stochastic realizations
of the model’s projections at each location on the map. In any set of 100 realizations,
the weather conditions were the same in each realization, but the realizations nevertheless

differed because of the stochastic terms in the models.
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In Section 2.3.5, we show the mean projection at each location, to characterize overall
trends in model projections. To instead characterize the variation in the model projections,
here we instead show maps of the model projections at the upper 75th and lower 25th
percentiles of the distribution at each location. The projections of relative percent changes
at these percentiles were calculated as follows.

First, to ensure that we were calculating distributions of outcomes for time periods of
the same lengths, we paired each historical year, meaning years during the time interval 1995-
2004, with the corresponding future year, meaning years during the time interval 2085-2094.
This means that 1995 was paired with 2085, 1996 was paired with 2086, and so on. We then
generated 100 realizations for each historical year and each future year. Next, we calculated
the 10% possible differences between the realizations for each set of paired years; because
we had 10 sets of paired years, this gave us 10° total differences between the historical and
future time intervals. As in maps for the mean projection of fraction infected, in practice we
calculated relative percent differences again.

Variation was sufficiently high that the 5th/95th percentiles show extreme outcomes,
giving the false impression that there are no trends. In calculating percentiles of differences,
we therefore calculated the upper 75th and lower 25th percentiles across the 10° differences
at each geographical location. Then we summarize these maps again in terms of the upper
5th and 95th percentiles of the distribution of outcomes across locations. In what follows,
it is therefore important to keep in mind the distinction between the percentiles calculated

across locations and the percentiles calculated across realizations.
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2.4 Results

2.4.1 Effect of climate change under intermediate fungus density

We start the Results section with the scenario considering that the initial fungus resting
spore density for each year is constantly 5.71 x 103 m_z, which is an intermediate estimated
value from Kyle et al. (2020). We put projected weather data for the past and future from the
down-scaled climate change model (Wang and Kotamarthi, 2015) into our full eco-climate
model and its weather-only version. The past represents the period 1995-2004, while the
future represents the period 2085-2094, under the Relative Concentration Pathway or “RCP”
8.5 scenario.

In the full eco-climate model considering the effects of both weather and fungus density,
we have tested the effects of climate change on fraction infected by the fungal pathogen
E. maimaiga for four different initial insect host densities. Our maps in Figure 2.3 project
that climate change will severely reduce E. maimaiga infection rates at the low and interme-
diate spongy moth densities at which E. maimaiga has suppressed spongy moth populations
in the past. At the two lowest insect densities that we considered, the model projects relative
reductions in infection rates of 19.9-23.8%, with a lower 5th percentile of more than 30% at
both densities, and with 98.9-99.3% of locations showing reductions. At higher host densi-
ties, climate change is projected to lead to more modest reductions, but these more modest
reductions are projected to lead to large increases in defoliation, with a mean increase across
locations of roughly 20%, with upper 95th percentiles of at least 40% increases, and with
more than 98% of locations showing increases, as shown in Figure 2.4. At the end of an epi-
zootic, each survived female spongy moth can produce hundreds of offspring (Dwyer et al.,
2004). As a result, the reductions in E. maimaiga infection rates projected by our model
at low and intermediate host densities will allow spongy moth populations to rapidly reach

high densities. The model then projects that at high densities there will be steep increases
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in L. dispar defoliation. The climate change will therefore cause more harm to forests in the
way of suppressing the fungal pathogen and increasing the defoliator insect host density.
Part of the reason why climate change has such strong effects in our full eco-climate
model is that the pathogen transmission term in the model depends on the densities of
both E. maimaiga and L. dispar; the transmission term is therefore nonlinear, but it is also
weather-dependent. Modest changes in nonlinear transmission terms in SEIR models can
lead to large changes in pathogen infection rates (Keeling and Rohani, 2008), and so in
our model even modest changes in climate conditions lead to large changes in E. maimaiga
infection rates. To illustrate this point, we made additional projections in Figure 2.5, us-
ing an alternative “weather-only” model that includes effects of weather but that does not
include the nonlinear transmission term; significantly, this model projects reductions in the
E. maimaiga infection rate that are substantially less severe than the reductions projected
by the eco-climate model. The mean decrease of the infection rate is 9.75%, and about 95%
of locations are showing reductions, which is less compared to the full eco-climate model.
Models that unrealistically neglect nonlinear species-interaction terms can thus lead to un-

realistically optimistic projections of the effects of climate change.

2.4.2  Effects of stochasticity on the model projections

As mentioned in Section 2.3.6, we summarize the model projections at the upper 75th
and lower 25th percentiles of the distribution at each location, to analyze the effects of
variation caused by stochasticity on the full eco-climate model and the weather-only model.
We also summarize these maps again in terms of the upper 5th and 95th percentiles of the
distribution of outcomes across locations. To repeat, it is important to keep in mind the
distinction between the percentiles calculated across locations and the percentiles calculated
across realizations.

For the full eco-climate model, Figure 2.6 then shows the upper 75th percentiles of
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realizations. At the two lowest host densities, the lower 5th percentiles across locations are
16.6% and 15.4% reductions, respectively, while the upper 95th percentiles are 38.7% and
32.9% increases (see Table 2.1 for a summary and a comparison to the averages in Figure 2.3).
For the same two densities Figure 2.7 shows that at the lower 25th percentile of realizations
the lower 5th percentiles across locations are 54.0% and 53.1% reductions, while the upper
95th percentiles are 33.3% and 20.6% reductions. At the mean fraction infected at the two
lowest densities, as shown in Figure 2.3, the lower 5th percentiles are in contrast 35.8% and
33.2% reductions, while the upper 95th percentiles are 7.58% and 6.71% reductions.

The projections of the eco-climate model at the two lowest densities are thus more
optimistic at the upper 75th percentiles of projections than at the means, in that higher
infection rates occur at almost 50% of sites across the landscape at the upper 75th percentiles;
over the rest of the landscape, however, the extent of the reductions at the upper 75th
percentiles remains quite severe, although not as severe as in the mean projections. At the
lower 25th percentiles in contrast, the model projections show more severe reductions across
all locations and all densities. The model’s projections are thus moderately less severe
at the upper 75th percentile, while being much more severe at the lower 25th percentile.
Stochasticity thus leads to substantial variation in the model projections, but in general a
consideration of stochasticity suggests that the projections based on averages (Figure 2.3)
are if anything optimistic.

It is also useful to compare variation in the projections of the eco-climate model to
variation in the projections of the weather-only model. From Figure 2.3 and 2.5, we showed
that the average projections of the weather-only model are consistently less severe than the
average projections of the eco-climate model; consistent with this result, the projections of
the weather-only model at the upper 75th and lower 25th percentiles are less severe than
the corresponding projections of the eco-climate model. Figure 2.8 shows that, at the upper

75th percentile of realizations of the weather-only model, 97.5% of locations show increases
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in the £. maimaiga infection rate; at the upper 75th percentile for the eco-climate model in
contrast, no more than than 62% of locations show increases at any density (Figure 2.6, also
see Table 2.1 for a summary comparison of the two models).

At the lower 25th percentiles of realizations, the percentage of locations showing re-
ductions in weather-only model (Figure 2.9) is similar to the corresponding case for the full
eco-climate model (Figure 2.7), but the severity of the reductions is lower for the weather-
only model. For the weather-only model, the lower 5th percentile across locations is a 39.6%
reduction, while the upper 95th percentile is a 21.1% reduction, whereas at the two lowest
densities for the eco-climate model the corresponding values are 54.0% and 53.1% reductions
at the lower 5th percentiles, and 33.3% and 20.6% reductions at the upper 95th percentiles.
The reductions in the infection rate at the lower 25th percentiles are thus much less severe
for the weather-only model than for the eco-climate model.

The weather-only model therefore also projects substantial variability in the effects
of climate change; unlike the case of the eco-climate model, however, a consideration of
stochasticity in the weather-only model leads to more optimistic projections than the mean
projections. Allowing for stochasticity thus makes the unrealistically optimistic projections

of the weather-only model even more unrealistically optimistic.

2.4.8 Alternative Scenarios I: Variation in Resting Spore Density and

Changes in Model Structure

Little is known about what determines variation in resting spore densities (Hajek, 1999),
and so we assumed that resting spore densities are constant over time and space. We
then used values of resting spore densities that we estimated when fitting our models to
E. maimaiga infection rates in our previous work (Kyle et al., 2020). Although in principle
resting spore densities can be estimated by using a microscope to count resting spores in

soil samples (Hajek, 1999), in practice little is known about how resting spore density is
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translated into infections among larvae; in particular, it is unclear how deep resting spores
can be buried before they cease to be able to infect larvae. We therefore instead estimated a
resting spore density for each population in our data set, thus estimating what is essentially
an effective resting spore density for each population.

An important feature of this approach is that it can lead to different estimates of resting
spore densities for different models. Notably, for the relative-humidity-only model, the fitting
algorithm attempted to improve the model’s generally poor fit to the data by increasing the
resting spore density (Kyle et al., 2020). Resting spore densities are therefore higher for the
relative-humidity-only model than for the full eco-climate model.

For the full eco-climate model in Section 2.4.1 and 2.4.2, the resting spore density we
use is 5.71 x 1073 m~2, a value that is the second highest of the seven that we estimated
in our previous work (a table for these estimates will be given in Chapter 3). Because our
argument is that climate change is likely to severely reduce F. maimaiga infection rates,
and because high resting spore densities ameliorate the effects of climate change by raising
infection rates, using a high value is conservative. Variation across sample populations was
not particularly high, however, with a standard error of 2.38 x 1073 m™2, so our default
value is within one standard error of the mean value of 4.75 x 1073.

For purposes of comparison, here we show cases in which the resting-spore density is
instead either the second-lowest value, 6.91 x 107% m™2 (the lowest value was an extreme
outlier), and the case for which the resting-spore density is instead the highest value, 1.83 x
102 m~2. At more than 2 standard errors higher than the mean, the highest value is quite
extreme, which is why we used the second highest value first.

As Figure 2.10 shows, the highest value of the resting spore density leads to less severe
reductions in the infection rate, as compared to Figure 2.3 (see Table 2.2 for a comparison
and an overall summary). This is especially true at the second-highest spongy moth density,

at which the mean is a 3.79% reduction, with a lower 5th percentile of an 8.58% reduction,
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and an upper 95th percentile of a 0.66% reduction. In Figure 2.3, the corresponding map
for the second-highest spongy moth density are a mean of a 10.2% reduction, with a lower
5th percentile of a 21.2% reduction and an upper 95th percentile of a 2.27% reduction.

At the two lowest and most important spongy moth densities in Figure 2.10 the relative
reductions are again less severe than in Figure 2.3, but the changes are not as strong as at
the higher L. dispar densities. At the lowest density, the mean is a 10.7% reduction, with a
lower 5th percentile of a 17.1% reduction and an upper 95th percentile of a 3.22% reduction.
The corresponding case in Figure 2.3 instead gives a mean of a 23.8% reduction, a lower
5th percentile of a 35.8% reduction, and an upper 95th percentile of a 7.58% reduction. At
the second lowest density, the mean is an 8.07% reduction, with a lower 5th percentile of a
14.7% reduction and an upper 95th percentile of a 2.53% reduction. The corresponding case
in Figure 2.3 instead gives a mean of a 19.9% reduction, a lower 5th percentile of a 33.2%
reduction, and an upper 95th percentile of a 6.71% reduction.

High resting spore densities thus lead to less severe but still substantial reductions in
the E. maimaiga infection rate at low spongy moth densities. This occurs because in both
the model and nature resting spores are responsible for a substantial fraction of E. maimaiga
infections at the beginning of epizootics, leading in turn to more intense overall epizootics.
Higher resting spore densities can thus ameliorate the negative effects of climate change.
The effects are modest, however, because in general conidia play a more important role than
resting spores in driving epizootics (Kyle et al., 2020).

More concretely, the result that reductions in the F. maimaiga infection rate are still
severe even when the resting spore density is high shows that climate change would still have
meaningfully negative impacts on F. maimaiga epizootics even if the resting spore density
estimate that we used in Section 2.4.1 and 2.4.2 is for some reason biased to be lower than
realistic values. If the resting spore density estimate that we used in Section 2.4.1 and 2.4.2

is instead biased to be higher than realistic values, then climate change would have more
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severely negative impacts on E. maimaiga epizootics (Figure 2.11) than shown in Figure 2.3.
We therefore argue that our conclusions are robust to variation in resting spore density.
Next we show projections for the relative-humidity-only model, while varying the resting
spore density. As Figures 2.12-2.14 show, and as summarized in Table 2.2, the results are
qualitatively similar to the results for the full eco-climate model, except that the projected
reductions are moderately less severe. Unrealistically including the effects of only one weather
variable thus leads to unrealistically moderate projections, although the effect is not nearly
as strong as the effect of eliminating the nonlinear transmission term, as in the weather-only

model.

2.4.4 Alternative Scenarios II: RCP 4.5

Here we show results for the RCP 4.5 climate-change scenario, a more optimistic alter-
native to the RCP 8.5 scenario. As in our other alternative scenarios, here we again consider
higher and lower values of the resting spore density, again taken from values estimated in our
previous work (Kyle et al., 2020), and again we vary the model structure. We thus consider
the full eco-climate model, the relative-humidity-only model, and the weather-only model.

First, in Figure 2.15, we show the projections of the dynamic down-scaled climate change
model for the RCP 4.5 scenario. As the figure shows, the model’s projected changes are
qualitatively similar to the RCP 8.5 case, in that rainfall rises in more than 40% of locations,
while relative humidity falls over most of the landscape and temperature increases over most
of the landscape. As expected these changes are a little more modest than for the RCP 8.5
scenario (compare Figure 2.15 to Figure 2.2), but the changes are in the same direction for
both scenarios.

Because the E. maimaiga-L. dispar interaction is quite sensitive to weather, the more
modest changes in weather projected under the RCP 4.5 scenario lead to reductions in the

E. maimaiga infection rate that are only slightly less severe than the reductions under the
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RCP 8.5 scenario. To show this, in Fiure. 2.16 we first present projections for the same
intermediate resting spore density that we used for the RCP 8.5 scenario, except that here
we use the RCP 4.5 scenario.

Figure 2.16 then shows that under the RCP 4.5 scenario the mean relative change in the
fraction infected with E. maimaiga at the lowest spongy moth density is a 15.3% reduction,
the lower 5th percentile is a 25.8% reduction, and the upper 95th percentile is a 4.49%
reduction (see Table 2.3 for a summary). For the same spongy moth density under the
RCP 8.5 scenario, the mean change is a 23.8% reduction, the lower 5th percentile is a 35.8%
reduction, and the upper 95th percentile is a 7.58% reduction. Figure 2.16 further shows
that, at the second lowest density under the RCP 4.5 scenario, the mean relative change is a
14.1% reduction, the lower 5th percentile is a 23.7% reduction, and the upper 95th percentile
is a 5.33% reduction. For the same spongy moth density under the RCP 8.5 scenario, the
mean change is a 19.9% reduction, the lower 5th percentile is a 33.2% reduction, and the
upper 95th percentile is a 6.71% reduction. For the two highest densities, the projections
under the RCP 4.5 scenario are similar to or moderately less severe than for the RCP 8.5
scenario. The cases of higher and lower resting spore densities under the RCP 4.5 scenario
likewise lead to changes that are only moderately less severe than the corresponding cases
under the RCP 8.5 scenario (Figures 2.17 and 2.18). The projections of the eco-climate
model under the RCP 4.5 scenario are thus in general only moderately less severe than the
reductions projected under the RCP 8.5 scenario.

To continue our consideration of the RCP 4.5 scenario, in Figures 2.19-2.21 we show
projections for the relative-humidity-only model under the RCP 4.5 scenario. Again the
RCP 4.5 scenario leads to only modest changes in the model projections relative to the RCP
8.5 scenario shown in Figures 2.12-2.14 (see Table 2.3 for a summary).

Finally, Figure 2.22 shows the projections of the weather-only model for the RCP 4.5

scenario. As in the other models, comparison of Figure 2.22 to Figure 2.5 shows that the
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projections of the weather-only model are only moderately different if we use the RCP 4.5

scenario instead of the RCP 8.5 scenario (see Table 2.3 for a summary).

2.5 Discussion

Our model’s projections of reduced E. maimaiga infection rates and increased L. dis-
par defoliation rates are important because the spongy moth feeds preferentially on oaks,
Quercus spp., and has therefore been an important factor driving “oak decline” (Morin and
Liebhold, 2016), the replacement of oaks by maples, Acer spp., in North American hard-
wood forests (Haavik et al., 2015). Compared to oaks, maples provide fewer resources for
native insects, songbirds and small mammals (Radcliffe et al., 2021); the effects of climate
change on the E. maimaiga-L. dispar interaction are thus likely to affect many other ani-
mal species, providing additional examples of the species interaction principle. Meanwhile,
the nucleopolyhedrovirus may experience a resurgence because of reduced competition with
E. maimaiga (Kyle et al., 2020), but the inability of the nucleopolyhedrovirus to prevent
defoliation before 1989 suggests that a virus resurgence would be insufficient to prevent in-
creases in defoliation levels. Generalist small mammal predators were also often unable to
prevent L. dispar defoliation before 1989 (Dwyer et al., 2004), and are therefore similarly
unlikely to prevent defoliation in the future.

Nonlinear terms are fundamental to species-interaction models in general (Kot, 2001),
and so our work suggests that most species interactions will show strong effects of climate
change. Recent forest models have in contrast included effects of insect defoliation with-
out tracking insect or pathogen densities (Sturtevant and Fortin, 2021), and thus without
including nonlinear species-interaction terms. It is important to emphasize, however, that
our model tracks defoliation but not tree growth, and so a full understanding of the effects
of climate change on North American forests ultimately requires a merger of eco-climate

models and forest models.
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The projections of our eco-climate model are supported by the occurrence in 2015-
2018 of the first region-wide spongy moth outbreak in New England since the introduction
of E. maimaiga in 1989 (Elkinton et al., 2019) (note that smaller outbreaks had occurred
earlier). The New England outbreak followed several years of hot, dry weather, suggesting
that climate change may have already begun to reduce the severity of E. maimaiga epizootics,
but a single region-wide spongy moth outbreak of course cannot confirm that our model is
correct. Another issue to be solved is that our eco-climate model is still based on the single-
epizootic SEIR model to show the changes in fungus infection, and to infer changes in host
density in the future. To reach a more general conclusion considering host and pathogen
reproduction and the effect of generalist predators, a long-term model describing dynamics
between epizootics is thus required, and in Chapter 3 we will talk about our first efforts to
construct that long-term model. Indeed, modeling species interactions is sufficiently difficult
that our model’s projections may be only moderately accurate; given that our model has
survived extensive testing, however, our results provide strong evidence that the ecological

consequences of climate change will be far worse than previously anticipated.
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2.6 Tables and figures

Table 2.1: Summary of stochastic analyses on the full eco-climate model and weather-only
model. Since host density has no effect on the weather-only model projections, we list it as
N.A. in the table.

Scenario ‘ Host density ‘ Pct.sites > 0 ‘ Mean ‘ 5th, 95th Percentiles
Eco-Climate Model ‘
Averages, 25 Larvae/m2 1.09 | -23.8 -35.8, -7.58
from Figure 2.3 50 Larvae/m2 0.71 | -19.9 -33.2, -6.71
100 Larvae/m?2 0.83 | -10.2 -21.2, -2.27
250 Larvae/m2 207 | -1.74 -5.76, -0.04
Upper 75th Percentiles 25 Larvae/m2 49.2 | 4.22 -16.6, 38.7
50 Larvae/m2 475 | 2.23 -15.4, 32.9
100 Larvae/m?2 52,5 | 1.15 -4.87,12.4
250 Larvae/m2 60.4 | 0.14 -0.02, 0.46
Lower 25th Percentiles 25 Larvae/m2 0| -454 -54.0, -33.3
50 Larvae/m2 0| -39.5 -53.1, -20.6
100 Larvae/m2 0| -194 -39.5, -2.38
250 Larvae/m2 0] -1.76 -5.55, -0.01
Weather-Only Model |
Averages from Figure 2.5 | N.A. 5.13 | -9.75 -19.1, 0.15
Upper 75th Percentiles N.A. 975 | 144 1.94, 30.3
Lower 25th Percentiles N.A. 0] -30.2 -39.6, -21.1
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Table 2.2: Summary of alternative scenarios I: variation in resting spore density and changes
in model structure.

Scenario ‘ Host density ‘ Pct.sites > 0 ‘ Mean ‘ 5th, 95th Percentiles
Eco-Climate Model: Resting Spore Variation ‘
Intermediate resting 25 Larvae/m2 1.09 | -23.8 -35.8, -7.58
spores as in Figure 2.3 | 50 Larvae/m2 0.71 | -19.9 -33.2, -6.71
100 Larvae/m?2 0.83 | -10.2 -21.2, -2.27
250 Larvae/m2 207 | -1.74 -5.76, -0.04
High resting spores 25 Larvae/m2 1.42 | -10.7 -17.1, -3.22
50 Larvae/m2 1.05 | -8.07 -14.7, -2.53
100 Larvae/m?2 1.40 | -3.79 -8.58, -0.66
250 Larvae/m2 2.96 | -0.62 -2.38, -0.01
Low resting spores 25 Larvae/m2 2.78 | -42.3 -64.7, -7.22
50 Larvae/m2 2.47 | -44.0 -66.4, -12.0
100 Larvae/m?2 1.95 | -31.1 -54.4, -8.62
250 Larvae/m2 1.18 | -9.11 -22.0, -0.61
Relative-Humidity-Only Model: Resting Spore Variation ‘
Intermediate resting 25 Larvae/m2 1.34 | -20.3 -39.0, -4.85
spores 50 Larvae/m2 1.56 | -11.4 -27.4,-1.63
100 Larvae/m2 3.89 | -3.54 -11.7, -0.07
250 Larvae/m2 5.47 | -0.34 -1.51, 0.00
High resting spores 25 Larvae/m2 1.95 | -9.90 -20.6, -1.43
50 Larvae/m2 2.66 | -5.36 -13.6, -0.54
100 Larvae/m?2 4.48 | -1.72 -5.71, -0.03
250 Larvae/m2 7.56 | -0.18 -0.73, 0.02
Low resting spores 25 Larvae/m2 1.76 | -34.9 -60.8, -8.52
50 Larvae/m2 1.26 | -24.5 -49.5, -5.83
100 Larvae/m?2 3.14 | -9.40 -26.7, -0.25
250 Larvae/m2 541 | -1.12 -4.92, 0.00

Weather-Only Model

N.A. | N.A. \ 513 ] -9.75 | -19.1, 0.15
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Table 2.3: Summary of Alternative Scenarios II: RCP 4.5

Scenario ‘ Host density ‘ Pct. sites > 0 ‘ Mean ‘ 5th, 95th Percentiles
Eco-Climate Model: Resting Spore Variation
Intermediate resting 25 Larvae/m2 0.95| -15.3 -25.8, -4.49
spores as in Figure 2.3 50 Larvae/m2 0.65 | -14.1 -23.7, -5.33
but for RCP 4.5 scenario | 100 Larvae/m2 0.12 | -10.5 -19.2, -2.87
250 Larvae/m2 0.37 | -5.24 -10.8, -0.13
High resting spores 25 Larvae/m2 0.02 | -8.75 -14.8, -3.63
50 Larvae/m2 0.08 | -7.81 -14.1, -2.84
100 Larvae/m2 0.28 | -5.86 -11.7, -1.01
250 Larvae/m2 0.71 | -3.25 -9.26, -0.05
Low resting spores 25 Larvae/m2 6.06 | -24.2 -51.5, 1.21
50 Larvae/m2 4.32 | -24.5 -47.3, -1.22
100 Larvae/m2 1.74 | -20.5 -35.8, -5.92
250 Larvae/m2 0.28 | -11.2 -22.1, -1.53
Relative-Humidity-Only Model: Resting Spore Variation
Intermediate resting 25 Larvae/m2 15.6 | -11.1 -29.4, 7.14
spores 50 Larvae/m2 233 | -11.3 -26.3, -1.70
100 Larvae/m?2 1.46 | -7.83 -16.9, -0.97
250 Larvae/m2 2.63 | -3.71 -8.60, -0.02
High resting spores 25 Larvae/m2 11.9 | -6.62 -17.1, 2.30
50 Larvae/m2 2.37 | -6.50 -14.7,-1.15
100 Larvae/m2 1.93 | -4.65 -9.50, -0.42
250 Larvae/m2 3.02 | -2.18 -5.90, -0.01
Low resting spores 25 Larvae/m2 23.3 | -12.9 -42.1, 22.4
50 Larvae/m2 6.63 | -16.3 -38.2, 1.84
100 Larvae/m?2 1.42 | -12.3 -29.2, -2.75
250 Larvae/m2 0.95 | -6.21 -11.6, -0.11
Weather-Only Model
N.A. | NA. \ 0.59 [ -11.2 -19.2, -4.17
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Figure 2.1: Comparison of weather data from our study plots to weather data from the
National Center for Environmental Information (National Centers for Environmental In-
formation and National Oceanic and Atmospheric Administration, 2022) for the range of

L. dispar. Points indicate means and bars indicate upper 95th and lower 5th percentiles of
the distribution of each variable.
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47.51

Relative
Difference (%)
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Figure 2.5: Projections of the effects of climate change on E. maimaiga infection rates for
the weather-only model, as in Figure 2.3. Because the E. maimaiga-L. dispar interaction is
not included in this model, host density has no effect on the model projections, and so we
show only a single set of projections.
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Figure 2.8: Upper 75th percentiles of the projections of the weather-only model, correspond-
ing to Figure 2.5.
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Figure 2.9: Lower 25th percentiles of the projections of weather-only model, corresponding
to Figure 2.5.
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scenario.
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CHAPTER 3
PROJECTING THE EFFECTS OF CLIMATE CHANGE ON
MULTI-SPECIES INTERACTIONS: THE SPONGY MOTH
AND ITS NATURAL ENEMIES

3.1 Abstract

To study how climate change influences multi-species interactions over the long-term,
here we extend the single-epizootic model from Chapter 2 to allow for multiple host gen-
erations, and we include the spongy moth baculovirus and the spongy moth’s generalist
predators. The resulting extended model projects an increased chance of spongy moth out-
breaks in the future, when the weather conditions are typically hotter and/or drier. Models
that realistically allow for both pathogens and the generalist predators project that climate
change will cause outbreak amplitudes to strongly increase, whereas models that include
the two pathogens but not the generalist predators project only very small increases in out-
break amplitudes. Our results thus show that a realistic accounting of species interactions
can drastically alter our projections of the effects of climate change. Our work provides a
clear example of how species interactions can seriously complicate efforts to understand the

ecological consequences of climate change.

3.2 Introduction

Studies of the ecological consequences of climate change generally focus on individual
species, and often rely on statistical correlations between species and climate, while neglect-
ing underlying biological mechanisms. Indeed, even in well-studied animal species like fence
lizards (Sceloporus undulatus), sockeye salmon (Oncorhynchus nerka) and speckled wood

butterflies (Pararge aegeria), information on species interactions is either absent or missing
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critical components (Urban et al., 2016). A basic principle in ecology nevertheless states that
every species interacts with multiple other species (Lawton, 1999), while often an ultimate
goal is to achieve a mechanistic understanding of the impact of climate change and species
interactions, which cannot easily be achieved using correlations alone. Meanwhile, the few
existing efforts to develop a mechanistic understanding of how climate change affects species
interactions have relied on data collected in the laboratory (Mordecai et al., 2019; Rasher
et al., 2020), but extrapolating from data collected in the laboratory to ecological phenom-
ena in the field is notoriously difficult (Carpenter, 1996). An important area of ecological
research is thus to use field data to understand the mechanistic consequences of climate
change for species interactions.

Understanding the effects of climate change on species interactions is especially impor-
tant in the case of outbreaking forest-defoliating insects, which often severely defoliate forests
(Kamata and Liebhold, 2000). Many forest insects have long-period, large-amplitude out-
break cycles that are driven by interactions with parasitoids and pathogens (Anderson and
May, 1980; Varley et al., 1974); moreover, climate change has strongly affected population
cycles in several forest insects, leading to both higher and lower outbreak probabilities follow-
ing years with high temperatures, depending on the insect (Haynes et al., 2014; Pureswaran
et al., 2018). The mechanistic links between climate change and natural enemies of defoliator
insects, however, are often poorly understood. Part of the problem is that although climate
change is believed to have effects on parasitoid physiology, how these effects are translated
into population change in host insects is unknown (Tougeron et al., 2020). For example,
climate change is believed to have eliminated parasitoid-driven cycles in the larch budmoth
(Lyengar et al., 2016), but empirical evidence for a connection between climate change and
budmoth-specific parasitoids is almost completely unknown. There is also very limited infor-
mation on how climate change can affect the pathogens of outbreaking insects, thus altering

the insect population cycles.
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To better understand how climate change affects outbreaks of forest insects, here we
project the effects of climate change on the forest pest spongy moth, Lymantria dispar, while
considering the interactions between this insect host and two species of lethal pathogens, as
well as generalist predators. Spongy moth was introduced into Massachusetts, USA from
Europe in 1868 or 1869 (Elkinton and Liebhold, 1990), and has since colonized most hard-
wood forests in the northeastern and midwestern United States and southeastern Canada,
causing high levels of defoliation that often led to reduced tree growth and increased tree
mortality (Dwyer et al., 2000; Woods and Elkinton, 1987). Although outbreaks were reliably
terminated by the baculovirus, baculovirus epizootics (epizootics are epidemics in animals)
typically only occurred when spongy moth densities were so high that defoliation was still
often severe (Liebhold et al., 2022; U.S. Forest Service, 2022). The insect thus appeared
to be in a host-pathogen population cycle driven by the baculovirus, with the complication
that the time interval between outbreaks was extremely variable because of generalist preda-
tors such as the white-footed mouse Peromyscus leucopus that caused high mortality in low
density spongy moth populations (Dwyer et al., 2004; Elkinton et al., 1996).

In 1989, however, the introduction of another fatal specialist pathogen, the fungal
pathogen Entomophaga maimaiga (Andreadis and Weseloh, 1990), strongly altered these
dynamics. Because E. maimaiga transmission and survival are enhanced by cool and moist
weather, E. maimaiga epizootics can sometimes occur in populations that are at lower den-
sities than the lowest densities at which baculovirus epizootics can occur. The introduction
of E. maimaiga has therefore greatly reduced the frequency of large-scale spongy moth out-
breaks (Tobin et al., 2012), reducing overall defoliation levels (Allstadt et al., 2013; Liebhold
et al., 2022; U.S. Forest Service, 2022).

Our recent work with colleagues, however, has suggested that climate change may have
severe effects on E. maimaiga, with dire effects for North American hardwood forests. Fun-

gal transmission and survival are favored by high rainfall, high relative humidity, and cool
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temperatures (Hajek, 1999; Weseloh and Andreadis, 1992); meanwhile, in the range of the
spongy moth in North America, climate change is projected to lead to a little higher rainfall,
increasing fungal transmission, but higher temperatures and lower relative humidity, reduc-
ing fungal transmission and survival (Wang and Kotamarthi, 2015). To project the effects
of climate change on E. maimaiga in North America, we therefore began with a model pro-
duced by Kyle et al. (2020) that synthesized these different effects of weather conditions on
E. maimaiga into overall projections of fungal infections rates; by combining the projections
of this model with the projections of down-scaled climate models (Wang and Kotamarthi,
2014, 2015), as described in Chapter 2, we showed that in most locations within the range of
the spongy moth in North America, fungal infection rates will be severely reduced, leading
to higher defoliation levels and thus reduced tree survival and growth.

Our initial model, however, considered the effects of climate change only on single
pathogen epizootics; because the pathogen only infects larvae (Hajek, 1999), the model thus
tracks pathogen dynamics during only a single host generation. A key unanswered question
is therefore, how will climate change affect the interaction between the fungal pathogen and
the spongy moth over the long term? Because the spongy moth is an invasive pest (Liebhold
et al., 1992), answering this question is of great importance for protecting hardwood forests
in North America.

By quantifying the effects of climate change on spongy moth outbreaks, we are also able
to ask broader questions about the effects of climate change on species interactions. This is
partly because our initial model focused only on the fungal pathogen of the spongy moth,
whereas the spongy moth is also infected by a fatal, species specific baculovirus (Woods and
Elkinton, 1987). Indeed, before the introduction of the fungal pathogen, the baculovirus was
the main source of mortality in spongy moth outbreaks, often leading to mortality rates of
higher than 90% (Dwyer et al., 1997), and leading to long-term boom-bust population cycles
(Dwyer et al., 2000).
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Since the introduction of the fungal pathogen, however, viral infection rates have often
been reduced relative to their pre-fungal values (Kyle et al., 2020), presumably because the
virus has been out-competed by the fungus; recent observations have nevertheless made clear
that the virus continues to be an important source of spongy moth mortality (Elkinton et al.,
2019). It is nevertheless true that the introduction of the fungus substantially lowered spongy
moth defoliation rates (Tobin et al., 2012); negative effects of climate change on the fungus
may therefore lead to increased spongy moth defoliation, and thus to increased tree stress
and mortality. Meanwhile, low-density spongy moth populations are often held in check by
generalist predators for several generations (Elkinton et al., 1996), and in combination with
stochasticity such generalist predators can dramatically alter spongy moth outbreak cycles
(Dwyer et al., 2004). The interactions between the spongy moth, its two pathogens and its
generalist predators thus offer a useful system for quantifying the effects of climate change
on a multi-species ecosystem.

Moreover, a key feature of spongy moth population dynamics since the introduction of
the fungal pathogen is that fairly regular boom-bust population cycles driven by the virus
(Johnson et al., 2006) have been replaced by more sporadic outbreaks that are often termi-
nated by the fungus. In particular, New England recently experienced its first region-wide
outbreak since the introduction of E. maimaiga in 1989, and this outbreak was terminated
by a combination of both viral and fungal mortality (Elkinton et al., 2019; U.S. Forest Ser-
vice, 2022). Here we use the change in the dynamics of the spongy moth in New England
as an opportunity to construct a model that can project the effects of the viral and fungal
pathogens and generalist predators on the future dynamics of the spongy moth. Indeed, it is
at least possible that the recent New England outbreak is due to the accumulation of hot and
dry weather for several years, as indicated by data from weather stations in Massachusetts
and Connecticut (see Section 3.3.5 and Figure 3.1). To allow for this possibility, our model

attempts to explain the New England data in terms of both species interactions and weather.
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We construct our model by extending the SEIR-type fungus-only model in our earlier
work (Liu et al., 2022), described in Chapter 2, to allow for long-term spongy moth dynamics.
This means that we first extend the SEIR-type model to allow for both pathogens, and then
we allow for multiple host generations and generalist predators. To better understand the
relative importance of different species interactions, we also consider models that include the
two pathogens but not generalist predators, and that include the baculovirus and generalist
predators but not the fungus.

By fitting ours models to defoliation data from New England, we show that the long
period with no outbreaks after fungus introduction can be partly explained by a combination
of weather and the interactions among insect hosts, pathogens and predators. In particular,
a model that allows for two pathogens and generalist predators provides a better explanation
for the data than a model that includes the two pathogens but not generalist predators.

By inserting the projections of down-scaled climate change models into our best-fit
models of spongy moth dynamics, we show that models with the virus as the only pathogen
project minimal effects of climate change, even though our virus-only model allows for strong
effects of climate change on the timing of virus epizootics. Presence of generalist predators
does not strengthen the effects of climate change in this case. Models with both the virus and
the fungus in contrast project strong effects of climate change, such that climate change will
lead to increases in likelihood of spongy moth outbreaks in the future; moreover, allowing
for not just the two pathogens but also generalist predators leads to outbreak cycles with
a much higher amplitude. Understanding of the ecological consequences of climate change
for the spongy moth thus in turn requires a full understanding of the natural enemies that
the spongy moth interacts with. Our work shows that a consideration of species interactions
is essential for understanding the effect of climate change on long-term population cycles.
Projections of the ecological consequences of climate change among multiple species and

improvement of models require more high-quality mechanistic data from both laboratory
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and field, as suggested by Urban et al. (2016).

3.3 Methods

3.3.1 Qverview

Here we explain our long-term fungus-virus models, and how we fit those models to data
for the spongy moth. We first explain the natural history of the spongy moth, its specialist
pathogens and its generalist predators. We then use this explanation as motivation for the
models that we construct. Lastly we explain how we fit our models to data.

Our models begin with a virus-only, single-epizootic model constructed by our lab and
colleagues (Dwyer et al., 1997), which we combine with a fungus-only single-epizootic model
that we previously fit to data on experiments and observations of fungus epizootics in the
field (Kyle et al., 2020). The result is a two-pathogen, single-epizootic model. Because our
goal is to understand how climate change will affect long-term dynamics of the insect host,
we then extend our two-pathogen, single-epizootic model to allow for long-term dynamics.

We thus use an SEIR-type model (SEIR = Susceptible-Exposed-Infected-Removed) to
describe host-pathogen dynamics within a single epizootic. Our SEIR model allows for two
pathogens, and the fungal pathogen is able to take over early-stage virus-infected individuals
after coinfection (Malakar et al., 1999). In our models that include generalist predators, in-
sect hosts that survive the epizootic experience additional mortality due to the predators; in
all models surviving hosts reproduce, thereby producing susceptible hosts that fuel the next
generation’s epizootic. The next generation’s epizootic is begun by infectious pathogen par-
ticles that were generated during previous epizootics and that survived in the environment.
Figure 3.2 provides a schematic diagram of our models.

Next we explain how we fit our model to data. Because our goal is to use the 2017

occurrence of an outbreak in New England as a way of studying changes in the spongy
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moth’s population dynamics, the data that we have available to fit our models are somewhat
limited, especially compared to the complexity of the models. For many of our model
parameters, we therefore use estimates produced in previous work (Dwyer et al., 1997, 2000,
2022; Fuller et al., 2012; Kyle et al., 2020). We then estimate the remaining parameters from
a combination of estimates of fungal spore densities and spongy moth defoliation in two New
England states, Massachusetts and Connecticut.

We then use our parameterized spongy moth models to project the effects of climate
change. To do this, we insert the down-scaled projections of climate change models (Wang
and Kotamarthi, 2015) into our models to project how climate change will alter spongy
moth dynamics. To understand the importance of the spongy moth’s interactions with
its two pathogens and its generalist predators, we compare projections across models with

different combinations of pathogens and predators.

3.3.2  Natural history and dynamics of the spongy moth

The spongy moth is one of the most widespread defoliating insects in the northern
hemisphere. It was accidentally introduced into the New England area of the United States
from Europe in 1868-1869 (Elkinton and Liebhold, 1990) and has since spread across much
of the midwestern and northeastern United States and the eastern provinces of Canada
(Liebhold et al., 1992), thus becoming a major pest of hardwood forests in North America.
As we described, and as is often the case in forest-defoliating insects, the spongy moth
has undergone large-amplitude population cycles for many years, reaching peak densities
every 5 to 10 years (Johnson et al., 2006; Liebhold et al., 2000), following a host-pathogen
cycle driven by the specialist baculovirus. Generalist predators such as the white-footed
mouse (Peromyscus leucopus) introduce variation in the time intervals between spongy moth
outbreaks (Dwyer et al., 2004; Elkinton et al., 1996), but rely on other food sources during

the winter and therefore cannot control the insect on their own (Liebhold et al., 2000).
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The fungal pathogen Entomophaga maimaiga first began to have epizootics in L. dispar
populations in the northeastern United States in 1989 (Andreadis and Weseloh, 1990; Hajek
et al., 1996). Unlike the baculovirus, which survives the winter by contaminating egg masses
(Dwyer et al., 1997), the fungus survives the winter in the form of long-lived resting spores
(Hajek, 1999). After larvae hatch out at the beginning of each epizootic, resting spores in the
environment germinate later if there is enough free water, ejecting infectious spores known as
“conidia” that begin the epizootic. Conidia continue to be produced among larvae in the first
few larval stages or “instars”, but in later instars larvae instead produce resting spores that
stay dormant in the current epizootic and will germinate to start future epizootics (Hajek,
1999).

Field experiments and observational data have shown that the fungus is often able to
outcompete the baculovirus (Smitley et al., 1995), and the fungus therefore became the
dominant pathogen in most of the range of the spongy moth within a few years after its
introduction (Hajek et al., 2015). During the 2017 New England outbreak, however, both

pathogens occurred at high frequency (Elkinton et al., 2019).

3.3.8  Single-epizootic models

Previous work by colleagues produced parameterized SEIR-type models that described
epizootics of the baculovirus alone (Dwyer et al., 1997) and the fungus alone (Kyle et al.,
2020). Although the models are structurally similar, they differ in two important ways. First,
in the fungus model both types of infectious spores, the resting spores and the conidia, are
quite sensitive to weather conditions, but host infection risk is the same across individuals. In
the virus model in contrast, the virus is largely unaffected by weather (Woods and Elkinton,
1987), but hosts vary greatly in their infection risk.

To allow for mixed virus-fungus epizootics, we combined the single-epizootic models

from Dwyer et al. (1997) and Kyle et al. (2020) into one model. In this two-pathogen
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single-epizootic model, the epizootic starts when larvae hatch. Larvae can then be infected
by baculovirus particles, known as “occlusion bodies”, fungal resting spores or fungal coni-
dia. Infected larvae pass through multiple exposed classes before being killed by whichever
pathogen they are infected with. Infectious cadavers then lead to additional infections, with
the proviso that fungus-infected cadavers in late larval instars produce resting spores instead
of conidia (Hajek, 1999).

A key feature of the biology of the fungus is that it kills faster than the baculovirus
(Fuller et al., 2012; Kyle et al., 2020; Malakar et al., 1999). Because of this high speed of
kill, and because hosts that have been exposed to both pathogens have been observed to
contain both infectious viral occlusion bodies and fungal conidia (Malakar et al., 1999), it
seems likely that the fungus can take over hosts that are in the early stages of baculovirus
infection, but it does not seem likely that the baculovirus can take over fungus-infected
larvae.

As we show in Figure 3.2, when hosts in the first few virus-exposed classes are coinfected
by the fungus, they move into the first fungus-exposed class, and thus produce fungus spores
at death. We also allow for the possibility that virus-infected insect hosts can be more sus-
ceptible to the fungus, because their immune system has been weakened by the baculovirus.
These mechanisms have the advantage that they allow for the dominance of the fungus that
has been observed in the field.

As in the single-epizootic fungus model, our combined model assumes that transmission
and decay rates of fungus spores vary stochastically on a daily scale, and that both processes
are affected by daily weather conditions (Kyle et al., 2020). We thus have a set of random

differential equations, such that on day 7 in the epizootic, the model equations are:

68



change in
susceptible
host
density
=
dSr

dt

change in
fungus
exposed
class 1

—
dEy1q
dt

change in
fungus exposed
class i

dEy -
dt

change in
virus exposed
class 1,
which can
be taken over
by fungus

—_——
dEvf,l,T
dt

69

(3.1)

(3.2)

(3.3)

. oo resting
virus transmission spore
- % ™ transmis-
S c? sion rate
_ T ~ =~
% — P. Sy —( v R +vo,Cr)S
v |:S(O):| T T ( R,T N . y C,T 7-) T
average virus  host resting
virus, killed density spore
transmis- cadaver density
sion rate density
Sum of virus
exposed
clasgesttlﬁat
can be taken aging into
. over by the next fungus
conidia fungus exposed
transmis- —~ 1
sion rate n class
conidia enhanced =1
density suscepti-
bility
aging out of aging into
previous class next class
= m 6f Ef’z'_177-—m5f Ef,z',T (Z = 2,3,...,m)
~——
frlll%g?lg speed of host density
exposed Kill of in fungus
pose fungus d cl i
classes exposed class i
C.V. of
tr‘élri‘lrsn— enhanced
ission fungus.
transmi-
g 02 ssion
_ T % N
= v, PS5 |:S(0)} - g(l/Rﬂ-R + VC,TCT) Evf,l,T - ”5vaf,1,T(3-4)



change in
virus exposed

class j,
which can
be taken over .
by fungus aging out of aging into
5 previois class nexthlass
’Ufajﬂ- 4 o 4 ]
i = Qo By —ndoByp s —CwR R+ ve Cr) Eupjir
—
Izz?i"u%f Sﬁ){?ﬁd f(? f host density
exposed Vliru% in virus
classes exposed class j

) =2,3,..., n
(j 1 )

no. of virus exposed classes

which can be taken
over by fungus

(3.5)
change in the first
virus expose class aging out of the
which cannot be taken  final virus exposed o
over by fungus class which can be aging into next
N taken over by fungus virus exposed class
dEv,l,T —_— ——~—
T = n5vEUf’m’T - néva’l,T (36)
change in the other
virus expose classes
which cannot be taken ) . L
over by fungus aging out of previous aging into next
—— virus exposed class virus exposed class
dFE.. - ——— —_——
—T = noyE, ; — noyE, ;
dt v 073_177— v, T (37)
(1=2,3,..., n—ny )
——

no. of virus exposed classes

which cannot be taken
over by fungus

70



change in
fungus-infected
cadaver density
producing conidia

index on whether Jeath of hosts
fungus-infected

cadavers produce fungus exposed

in the final

class cadaver decay
7\

A

,JC\ corli\dia

T 7 \
= 1-X

dt ( R,T)

change in death of hosts

in the final
virus exposed

virus-infected
cadaver density

™~

méfEfms — por Cr

decay rate of

cadavers
producing
conidia

cadaver decay
7\

R e
T (e N
—_— = noE

dt vBuyn,T

change in cumulative fungus-killed
cadaver density producing
resting spores, used
in the long-term model
——

de,nextJ
dt

change in cumulative fungus-killed
cadaver density, used in
the long-term model

—~
dFrr
dt

change in cumulative virus-killed
cadaver density, used
in the long-term model
——
dP, v,next,T

dt

~ )

My Pr

decay rate of

virus-killed
cadavers

index on whether death of hosts

fungus-infected 5 "the final

cadavers produce fungus exposed
resting spores class

~

XRr mOfEfm,r

mofEf m 7

death of hosts
in the final
virus exposed

class

nfstv,n,T

(3.9)

(3.10)

(3.11)

(3.12)

We thus use differential equations to describe the change in the densities of different

classes of host and pathogens, such that hosts are expressed in units of individuals/mz.

Notably, S(0) is the initial host density at the beginning of the epizootic, and the resting

spore density R is assumed to be constant during the epizootic. The number of fungus-

exposed host classes is m, and 07 is the death rate of fungus-infected insects. Allowing for

multiple exposed classes, each with an exponentially distributed incubation time, causes the
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delay between fungus infection and death to follow a gamma distribution with mean 1/6 ¥
and variance 1/ (méj%). Similarly, because there are n virus-exposed host classes, the delay
between baculovirus infection and death follows a gamma distribution with with mean 1/,
and variance 1/(nd2) (Keeling and Rohani, 2008).

To allow the fungus take over virus-infected individuals, we divide the virus-exposed
host classes into two partitions, such that the first nq of the n virus-exposed classes can be

coinfected and killed by the fungus in the end. The value of ny depends on the speed of kill

of the two pathogens, according to:

1 1

oy Of

np=—y Lp= (1—:;—”>n (3.13)
3y f

Once infected and taken over by the fungus, these early-stage virus-infected individuals
move into the first exposed class of the fungus Ey; -, and then move through the same m
fungus exposed classes as other fungus-infected individuals. The parameter ( represents the
enhanced susceptibility to fungus of these early-stage virus-infected individuals. Hosts in the
final exposed class of either the fungus or the baculovirus then move into their respective
classes of cadavers, thereby generating fungus conidia and virus occlusion bodies that have
respective decay rates pucr and py. The symbol Xp ;- is then an index that determines
whether the fungus-killed cadavers generate resting spores or conidia; if X » = 1, fungus-
infected cadavers produce resting spores, and if Xp » = 0 fungus-infected cadavers produce
conidia.

Because larval growth is temperature dependent (Elkinton and Liebhold, 1990), we use
degree days to determine when the value of Xp ; changes from 0 to 1. Equations (3.10)
and (3.12) then describe the rate at which cadavers produce pathogens that persist in the
environment over the winter. These two equations thus link epizootic dynamics to long-term
dynamics.

Because stochasticity in our models is implemented on a daily basis, we update the
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initial conditions for the model equations at the beginning of each day, according to:

S:(0) = Sy1(1), (3.14)
Ej(0) = Ej,_1(1), (3.15)
C-(0) = Cra(1). (3.16)
Pr(0) = Pry(L). (3.17)

Here S-(0) is the uninfected population at the beginning of day 7, while S;_1(1) is the
uninfected population at the end of day 7 — 1, and similarly for the other state variables.

Weather conditions in our epizootic model affect the dynamics of the fungus in several
ways, following our use of epizootic data to construct a single-epizootic fungus model (Kyle
et al., 2020). First, cumulative degree days determine the time of larvae hatch and pupation,
thus defining when the epizootic starts and ends, and the timing of resting spore germination
and the end of conidia production. Also, rainfall increases resting spore transmission, while
relative humidity increases conidia transmission, and temperature increases conidia decay.
Also, because conidia infect larvae through airborne contact (Hajek, 1999), bigger larvae
make for larger targets: we therefore allow the fungal transmission rates to increase with
larval size, which is in turn determined by cumulative degree days.

In incorporating virus dynamics, we also modified previous virus-only models to allow for
a weather effect on the virus (Dwyer et al., 1997, 2004), such that the speed of kill of initially
infected larvae depends on temperature. In our initial efforts to combine the fungus and virus
models, we first assumed that the speed of kill of initial virus infections was unaffected by
weather, but in that case the fungus was unrealistically unable to outcompete the virus, even
if the enhanced susceptibility of virus-infected individuals ( was extremely high. In reality,
however, temperatures at the beginning of virus epizootics are highly variable, and so the

time of death of initially infected larvae is strongly determined by temperature (Dwyer et al.,
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2022). This is important because if temperatures early in the epizootic are low enough that
initial baculovirus infections occur a little earlier than or even after resting spore germination,
then the fungus will dominate the subsequent epizootic, giving it a realistic competitive
advantage. We therefore assumed that the timing of initial baculovirus deaths also depends
on cumulative degree days, and we fit the dependency of this timing to the data. Additional
details on how these variables or mechanisms are related to weather conditions are listed in

the Appendix (Section 3.7.1).

3.3.4 Long-term Models

To study the effects of climate change on long-term spongy moth dynamics, we extended
our single-epizootic two-pathogen SEIR model to allow for host and pathogen dynamics
between epizootics, and thus between host generations. To match the one-year life cycle of
the spongy moth, which is a common feature of outbreaking insects (Hunter, 1995), we use
difference equations (Dwyer et al., 2000). The difference equations allow for post-epizootic
mortality due to generalist predators, followed by reproduction of insects that survive to
adulthood. Fungal resting spores and baculovirus occlusion bodies must then survive the

winter. To allow for this biology, we extend previous long-term virus-only models Dwyer

et al. (2004) and Fuller et al. (2012) as follows:

host in baseline host in

gen'nt+1  fecundity gen'n t fraction surviving epizootic
~ = = c =~ %
Nt+1 = A (& Nt [1 - If,t - [th ] X
stochasticity cumulative fraction  cumulative fraction
in fecundity infected by infected by
the fungus the virus (3.18)
fraction surviving from
generalist predators L . )
- A - immigration to avoid
2abN; host extinction
-] 9
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(3.19)

(3.20)

(3.21)

In equation (3.18) and (3.19), we use ¢ = 1070 to allow for immigration, thereby

preventing the extinction of the host and the baculovirus. The cumulative fraction killed

by the fungus Iy, the fraction killed by fungus that produce resting spores I p; and the

fraction killed by the virus I ; can be calculated from the differential equations in the

single-epizootic model equations, as follows:

Ne(U—1Tpy — Iyt) = Spast (1)
n—ni

ni
Nilyt = Pv7next,last(1) + Zl Evf,z‘,last(l) + _21 Ev,j,last(l)
1= j=
m
Nilpy = Pf,last(l) + Zl Ef,i,last(l)
1=

m
Nilypi= Pf,next,last(l) + Zl Ef,z’,last(l)
1=

(3.22)

(3.23)
(3.24)

(3.25)

In these equations, last(1) indicates the end of the last day of the epizootic, while

Slast (1) is the density of hosts that are uninfected at that time. Similarly, Pf,next,lastu)v

P ast (1) and P, | oxt ]ast (1) indicate the final densities of fungal-infected and virus-infected

cadavers as calculated from equations (3.10), (3.11) and (3.12), assuming there is no cadaver
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decay, to calculate the cumulative fractions infected. The final density of each exposed class
is also added to the cumulative fractions infected, because extensive observations have made
clear that individuals in exposed classes almost always die of their infection without pupating
(G. Dwyer, unpublished). All individuals in classes exposed to the fungus at the end of the
last day are therefore added to the fraction of fungus-infected individuals that produce resting
spores ([ 7, Rr)- Meanwhile, because it is unlikely that fungal takeovers will be successful at
the end of the epizootic, no matter whether could be coinfected by the fungus, hosts in
virus exposed classes are added to the cumulative fraction infected by the virus (I). It is
important to note, however, that number of hosts in exposed classes at the end of epizootics
in the model is generally small, matching observations from the field (Dwyer et al., 2022).

In equation (3.18), host fecundity is the product of the baseline fecundity of surviving
hosts A and the stochastic term ef. The predation term describes the fraction surviving
generalist predators, based on a Type III functional response. In equation (3.19), ¢, describes
both the overwintering rate of virus-infected cadavers from the preceding epizootic and the
increased susceptibility to the baculovirus of newly hatched larvae, while ~, is rate at which
virus-infected cadavers from earlier epizootics remain infectious over multiple years. Previous
work has suggested that v, ~ 0 (Dwyer et al., 2022; Fuller et al., 2012), indicating that long-
term baculovirus survival is very low.

Quantification of resting spore infection rates has suggested that resting spores can
remain dormant for multiple years after being released from fungus-infected cadavers, while
still being able to germinate and infect larvae (Weseloh and Andreadis, 1997). We therefore
assume that resting spores are very stable in the environment, and that any loss of resting
spores is due only to the partial germination in each year. The symbol v thus represents the
long-term survival rate of resting spores, and in equation (3.20) (1 — 7y) is the germination
rate.

A key issue in constructing the long-term model has to do with how the fungus infection
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rate during the epizootic affects the long-term density of resting spores. Initially we used
a virus-like model for resting spore overwintering, so that resting spore density increased
linearly with fungus-infected cadaver density. Because resting spores have much higher sur-
vival rates in the environment than do baculovirus occlusion bodies, however, this virus-like
model produced huge fluctuations in resting spore densities, often leading to extremely high
resting spore densities. Our previous work in contrast showed that resting spore densities
are never very high, even during spongy moth outbreaks (Kyle et al., 2020).

To avoid unrealistically high resting spore densities, we therefore assume in equation
(3.21) that resting spore densities follow a logistic function. The parameter f, is the upper
limit for this logistic function, while xg and x1 control the shape of the logistic curve. By
having this logistic function, we can avoid the situation where resting spore density fluctuates

dramatically with fungus-infected cadaver density, which is not realistic.

3.3.5 Fitting the models to data

As we mentioned, we have estimates of all the parameters of our single-epizootic fungus-
only and virus-only models (Dwyer et al., 1997, 2004; Kyle et al., 2020), and we have es-
timates of some long-term parameters from a model of long-term spongy moth-baculovirus
dynamics (Dwyer et al., 2004). We are therefore missing estimates of parameters related
to the fungus-virus interaction and to the long-term dynamics of fungus resting spores in
the environment. Given that there are few long-term data sets that track the density of the
spongy moth, it seemed unlikely that we would be able to estimate all of the parameters in
our long-term model from existing data. We therefore estimated only the parameters that
we have no information on or whose previous estimates were at best rough guesses, while
fixing the remaining parameters at their point estimates from previous studies. A list of the
parameter values that are fixed in the model is provided in the Appendix (Section 3.7.2).

Like the long-term dynamics for the virus (equation (3.19)), the equation for long-term
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dynamics of resting spores is divided into two terms, overwintering survival and long-term
survival. To simplify the resulting estimation problem, we fit the three parameters in the
logistic function of resting spore overwintering to our previous estimates of resting spore
density in Kyle et al. (2020); the resulting values are listed in the Appendix (Section 3.7.2).
We then fit the long-term resting spore survival rate 77 to data on spongy moth outbreaks.

The remaining parameters that we fit to the spongy moth outbreak data are the en-
hanced susceptibility of virus-infected hosts (, the initial fungus density f;,;+, the baseline
fecundity A, the standard deviation of the stochasticity (on a log-scale) in fecundity €, and
the degree-days above 10 °C' for baculovirus infections to cause death V. DD.

As we mentioned, our goal is to infer the effects of weather and the two pathogens on the
dynamics of the spongy moth from data on the change in the spongy moth’s dynamics since
the introduction of the fungus. Quantifying spongy moth density is sufficiently logistically
difficult, however, that density data are unavailable. The best available data therefore consist
of measurements of defoliation rather than measurements of spongy moth density which are
publicly available on the USDA Forest Service website Lymantria dispar Digest (U.S. Forest
Service, 2022). Because our interest is in capturing the dynamics during fungus establishment
and during the following period of fungus-virus competition, we use data from the era of
virus-only population cycles to the present.

We focus in particular on New England, where the fungus was initially introduced
and observed (Hajek et al., 1995), and which experienced its first post-fungus, region-wide
outbreak in 2017. We then selected two New England states, Massachusetts and Connecticut,
that show strong effects of the 2017 outbreak (see Figure 3.3 and Elkinton et al. (2019)). Since
the outbreak appears to have occurred because several years of hot, dry weather temporarily
suppressed the fungus, we use the New England data as an opportunity to quantify key
parameters of our long-term model, and especially how some of these parameters depend on

weather.
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Because realistic weather data are necessary for us to fit the model to the data, for each
state we chose a weather station with consistent weather data available for recent decades in
the dataset Global Surface Summary of the Day from the website https://www.ncei.noaa.gov
(National Centers for Environmental Information and National Oceanic and Atmospheric
Administration, 2022). We used the weather station Chicopee Falls Westover Field to repre-
sent Massachusetts, with weather data available from 1970 to 2019, and we used the weather
station Hartford Bradley International Airport to represent Connecticut, with weather data
available from 1973 to 2019. We used data for daily precipitation, dew point, maximum tem-
perature and average temperature directly from the website. We calculated daily relative
humidity from dew point using a standard transformation equation (Bolton, 1980). Average
values of daily maximum temperature, relative humidity and rainfall across days in each
epizootic are shown in Figure 3.1.

Because the relationship between spongy moth density and defoliation is rather compli-
cated (Liebhold et al., 1993), we used the defoliation data to provide signals of outbreaks, on
the realistic assumption that peaks and outbreak lengths in the defoliation data can serve
as estimates of peaks and outbreak lengths in terms of spongy moth density. Our likelihood
function is then based on four separate summary statistics, as follows.

The main part of the likelihood is based on the time interval between the introduction
of the fungus in 1989 (Hajek et al., 1990) and the first outbreak following the fungus intro-
duction. For both the model output of spongy moth density and the data on defoliation,
we define an outbreak as the density or defoliation peak above a threshold. In the data, we
assumed that an outbreak occurred if the defoliation area in a peak was high than 20% of
the maximum value of defoliation area (blue horizontal lines in Figure 3.3). As Figure 3.3
makes clear, outbreaks occur in sharp peaks, and so modest variation in this threshold is
unlikely to affect our results.

Using this definition, the time between fungus introduction and the first following out-
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break is 2017 — 1989 = 28 years in both states. We then use a Poisson likelihood function
to calculate the probability that we observe a 28-year interval between fungus introduction
and the first outbreak afterwards given that the mean of the Poisson distribution for that
interval is equal to the value found in the model output. The ways to define an outbreak
in the model output (we use 1079 as the threshold host density level) and calculate the
interval between it and the fungus introduction, however, are more complicated. Details on
how to record the outbreak and calculate the interval are listed in the Appendix (Section
3.7.3).

The second part of the likelihood function is based on the length of the first outbreak
after fungus introduction. In the defoliation data (Figure 3.3), the outbreak that peaked in
2017 lasted for 5 years. To calculate the outbreak length in the model, we first recorded the
peak amplitude Ny, and then we recorded the year before the peak ;. st and the year after
the peak y,.;p; as the years closest to the peak for which the host density was less than
another threshold value. To choose this threshold, we dynamically adjusted the threshold
according to the outbreak amplitude, so that the increase during the outbreak was roughly
constant over all cases. Specifically, we assumed that host density during the outbreak
increases by a fold of 1015, on the grounds that a host density of 1070 is a reasonable
threshold density for an outbreak, and that a density of 10™2 provides a reasonable starting
and ending density of an outbreak. If no years before or after the peak satisfied this criterion,
we assigned yj.r4 to be 10 years before the start of the weather data, and y;.;4p¢ to be 10
years after the end of weather data, giving an extremely long outbreak length. Because here
we identify the best model parameters using a maximum likelihood calculation, the large
value of outbreak length would likely to have little effect on our results. The equation to
calculate the outbreak length in the model is thus I = (ypjgnt — 1) — (Yiepe + 1) We then
again use a Poisson likelihood, with 5 years as our observation of outbreak length in the

data, and [ from model output as the theoretical mean of the Poisson distribution.
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We also included a likelihood based on the density of fungal resting spore densities. In
the 7 sites listed in Kyle et al. (2020), the average of logy((fungus density) is -3.82. As shown
in Table 3.1, there is an extreme low outlier value of roughly 10712, which we exclude to
avoid unrealistic outcomes. The values at the remaining 6 sites have a mean on a logj-scale
of -2.48 and a standard deviation of 0.48. To use these summary statistics to construct
a likelihood function, we used them as the theoretical mean and standard deviation of a
normal distribution, and we used this normal distribution to calculate the likelihood of the
average resting spore densities in the model.

Finally, because it was important to estimate the weather-dependence of the time that
it takes for initial baculovirus infections to cause death, we included a likelihood value based
on the pre-fungus dynamics, so that the baculovirus was the only pathogen. To avoid the
cases in which the model cannot reproduce the 9-year interval between outbreaks in the pre-
fungus era (Dwyer et al., 2022), we generated model simulations for the entire time period
of the weather data, but without including the fungus in the model, recording the mean
interval between peaks over this time period. If there were less than two peaks, we assigned
a peak interval of 50 years, again on the grounds that a large value would have little effect
on our results. We then again used a Poisson likelihood, with 9 years as the observation
value, and the mean peak interval from model output as the theoretical mean of the Poisson
distribution.

The overall likelihood function combining all parts for r realizations of the model is:

Poisson likelihood for interval Poisson likelihood for length
between fungus introduction and of that outbreak after
- the next outbreak fungus introduction
_ 1 e N —
L=~ M fPoi(28,y;) X fPoi(5,1;)
=1 (3.26)
7 2
X fnor(lOgIO(Zf,i)‘(_2-48)7 0.48 ) X fPoi(gvymi) ]
- v N————
Normal likelihood for the Poisson likelihood for cycle
average fungus density periods when the virus
on a log;-scale is the only pathogen
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Because of the stochasticity in the annual host fecundity and the daily fungus trans-
mission rate, we averaged likelihoods across a large number of model realizations for each
parameter set; in practice 200 realizations provided a consistent and accurate estimate of the
overall likelihood. In each realization, initial host and virus densities were drawn randomly,
so that we could average across the (unknown) initial conditions. We then used line-search
to find the best parameters; in the immediate future, we will use the line-search output to
construct proposal distributions using MCMC, thereby following the line-search/MCMC al-
gorithm (Kennedy et al., 2015). Here we present only the results of the line-search algorithm,
on the grounds that in general line-search typically provides a quite accurate estimate of the
maximum likelihood. In line-search, each parameter to be estimated is varied in turn while
the other parameters are held constant. The best value for the parameter being varied is
then retained, and then the next parameter is varied until all parameters are varied a fixed
number of times. We carried out 100 separate line-searches for each model, starting each
line-search at a randomly selected parameter set, and we recorded the parameters that gave
the maximum likelihood score across all 100 line-searches.

Although Figure 3.3 shows similar defoliation patterns in Massachusetts and Connecti-
cut, the weather data differ between the two states; moreover, spatial variation in the data
may also be operating because of differences in forest tree-species composition and data
collection methods. If we assumed that spongy moth dynamics for Massachusetts and Con-
necticut could be described using the same parameter sets, the dynamics could be different
because of differences in the weather, but it would be hard to know why the differences
would occur. The conservative approach is therefore to fit the model to the data for the two
states separately, so that we can find the best parameter set for each state.

To understand the extent to which generalist predators play an important role in keeping
spongy moth density at a low level between outbreaks (Dwyer et al., 2004), we fit models

with and without generalist predators (note that the generalist predators can be eliminated
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by setting the predation rate a = 0). Comparing the with-predator and without-predator
models also allowed us to test whether predators can help explain the long interval between

the initial introduction of the fungus and the 2017 outbreak.

3.3.6  Projecting the effects of climate change

To project the effects of climate change, we inserted the best parameter set into each
model together with either historical or future projected weather, and we compared summary
statistics of outbreak intervals and outbreak severity between historical and future weather
across different models. Weather projections were taken from a down-scaled climate change
model (Wang and Kotamarthi, 2014, 2015) for a historical period from 1995 to 2004 and a
future period from 2085 to 2094. Since there are only 10 years of projections in the past and
future respectively, we ran the model for many additional years to produce accurate summary
statistics. To do this, we randomly drew sets of weather variables from each weather data
set; because each projected weather data set has 10 years, then the weather for year 11, for
example, is the same as the weather in a year randomly chosen from 1 to 10. Using this
random-draw approach, we expanded each data set to allow for model simulations of 200
years.

For each simulation of 200 years, we generated 500 realizations of each model, and we
calculated the mean values of number of peaks, peak intervals, peak amplitudes, and the
coefficient of variation of the peak intervals. We then used these summary statistics to
quantify the effects of historical versus future weather on spongy moth dynamics, and thus
to quantify the effects of climate change. We calculated the number of outbreaks and the
intervals between outbreaks in the same way as in our likelihood function, using 1079 as the
threshold, and we recorded the number of ourbreaks in each realization, and then averaged
over realizations. Because there may be more than one outbreak in a given realization,

to calculate outbreak intervals and outbreak amplitudes we averaged all values across all
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realizations, leading to a sample size that was generally larger than the 500 realizations that
we generated for each model.

To generate projections, we used weather projections at a specific location in each state,
with the location chosen so that it illustrated the overall trend of future weather conditions
apparent in the projections in that state. The location that we used for Massachusetts
was 72.05 °W 42.58 °N, and the location that we used for Connecticut was 72.63 °W
41.91 °N. For the location in Massachusetts, the relative differences of rainfall, relative
humidity and temperature between future weather projections (2085-2094, RCP 8.5) and
historical weather projections (1995-2004) are respectively -8.50%, -5.63% and 1.87%, while
the absolute differences are correspondingly -2.67 cm/day, -4.20% and +0.32 °C. For the
location in Connecticut, the relative differences of rainfall, relative humidity and temperature
between future and historical weather projections are respectively -6.96%, -3.99% and -
1.73%, while the absolute differences are correspondingly -1.96 cm/day, -2.69% and —0.30
°C'. Across the range of the spongy moth, the mean values of relative differences of rainfall,
relative humidity and temperature between future weather projections (2085-2094, RCP 8.5)
and historical weather projections (1995-2004) are respectively 0.50%, -2.32% and 2.63%,
while the mean values of the absolute changes in these three weather variables are -0.237
cm/day, -2.31%, and +0.46 °C. Although the relative and absolute differences for the
locations we used differ slightly from the mean values across the entire range of the spongy
moth, Figure 2.2 makes clear that in Massachusetts conditions are projected to be hotter and
drier, with decreases in both rainfall and relative humidity and increases in temperature. In
Connecticut future weather is also projected to be drier, with decreased rainfall and relative
humidity, but the temperature is expected to be somewhat lower. The two locations that we
chose are thus representative of their respective states, while the two states are projected to
show similar trends in relative humidity but different trends in temperature, and therefore

provide for a useful comparison. For consistency, to make projections in each state we use
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the parameter values that we estimated for that state.

3.4 Results

3.4.1 Model-fitting results

The best parameter sets for our models (Table 3.2) lead to two initial conclusions. First,
most model parameters besides baseline fecundity A vary at least modestly between Mas-
sachusetts and Connecticut. This result supports our decision to fit our models separately to
the two states, and we therefore conclude that conditions were at least moderately different
between the two states. Second and more importantly, models with predators have larger
values of \; for these models, explaining the data requires a larger value of A because predator
mortality reduces population rates of increase. Reassuringly, the conclusion that the values
of A\ for models with predators are larger is also true in previous spongy moth models that
included only the baculovirus (Dwyer et al., 2000, 2004). It is also worth noting that the
models with predators can explain the data for lower levels of stochasticity in fecundity.

A third conclusion from our model-fitting is that the models with predators fit the data
better than the models without predators (Table 3.3); the improvement in the fit is small
but detectable with respect to the Connecticut data, but it is quite large with respect to
the Massachusetts data. Because our models are stochastic, it was at least possible that the
differences in likelihoods between models were due only to chance variation in likelihoods
between model realizations; accordingly, to ensure that the differences in likelihoods are
meaningful, we used t-tests to test the null hypothesis that the difference in mean likelihoods
between models are due simply to chance (Rice, 2006). In both cases, we are able to reject
the null hypothesis, such that for Massachusetts p = 0.013 and for Connecticut p = 0.016.

It is important to emphasize that there is abundant evidence that generalist predators

strongly affect spongy moth outbreak cycles (Elkinton et al., 1996; Jones et al., 1998), and so
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demonstrating that the generalist-predator models provide a better explanation for spongy
moth outbreaks is not crucial to our overall argument. Understanding why the models that
include the generalist predators provide a better fit to the data is nevertheless important
for understanding our later result that the importance of generalist predators exacerbates
the effects of climate change. Specifically, as Figure 3.4 shows, the major advantage of the
models with generalist predators is that they are better than the no-predator models at
explaining the time between the introduction of the fungus and 2017 outbreak. This effect
occurs because generalist predators can suppress spongy moth outbreaks, thus increasing
the time interval between outbreaks. Dwyer et al. (2004) showed that this effect leads to
highly variable times between outbreaks in models with only the baculovirus and generalist
predators; our results here show that in models with both pathogens and generalist preda-
tors outbreak intervals are often much longer than in models with both pathogens but no
generalist predators.

To emphasize the difference between the with-predator and without-predator models,
Table 3.4 shows summary statistics of the model projections of the time to the first outbreak
in Massachusetts and Connecticut following the introduction of the fungus. As the table
shows, the mean interval is slightly longer for the with-predators model than for the no-
predator model in Massachusetts and slightly shorter for the with-predator model than for
the no-predator model in Connecticut. Given these small differences, Table 3.4 shows that
the main reason why the with-predator models better explain the long interval between the
introduction of the fungus and the 2017 outbreak is that the probability of very long intervals
is much higher for the with-predator models than for the no-predator models. With respect
to both Massachusetts and Connecticut, the fraction of intervals longer than 20 years is much
higher for the with-predator models, as is the fraction of realizations that have no outbreaks
after fungus introduction at all. In the models with predators, the predators are much more

likely to maintain spongy moth densities at a low level with no outbreaks.
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These effects are also apparent when we directly compare model projections to the data.
As Figure 3.5 illustrates, the projections of both the with-predator and without-predator
models are highly stochastic, and the fit to the data is therefore highly approximate. It
is nevertheless true that in general the models with predators project later outbreaks than
the models without predators, and are thus better at projecting the 2017 outbreak in both
Massachusetts and Connecticut.

To quantify the dynamics of our models in the absence of the fungus, in Table 3.5 we
show summary statistics for model realizations in which the fungus was never introduced.
Again, the with-predator models project an average time between outbreaks that is much
closer to the average outbreak interval in the pre-fungus era, therefore generating slightly
higher likelihood scores with respect to the pre-fungus outbreak period. It is also worth
noting that the with-predator models are more likely to project that no outbreaks will occur
at all, emphasizing the importance of stochasticity in this system.

A final point is that the without-predator models do slight better at reproducing resting
spore densities and the length of the 2017 outbreak (Figure 3.4, Table 3.6 and Table 3.7). As
Table 3.3 makes clear, however, the overall likelihood is much more sensitive to the change

in the outbreak interval, and so the with-predator models have better overall likelihoods.

3.4.2  Model phase portraits

The important role of generalist predators in spongy moth dynamics can be usefully
visualized through three-dimensional phase portraits of host, virus and fungus density for
each model (Figure 3.6). For models with predators, host densities spend long periods at
relatively low levels, with occasional outbreaks, following a behavior similar to the analogous
long-term virus-only model (Dwyer et al., 2004). This behavior thus explains the frequent
occurrence of long intervals between outbreaks that gives the with-predator models better

likelihood scores.
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Meanwhile, in the phase portraits for the no-predator models the host density is much
more variable, reflecting the high stochasticity that the no-predator models must invoke to
explain the data. For the no-predator models, the model trajectories essentially fill all the
space within an oval, rather than being clustered at the apparent low-density equilibrium seen
in the with-predator models. The no-predator models therefore tend to produce repeated,
highly stochastic cycles, so that long intervals between outbreaks typically only occur because
of stochasticity rather than because the generalist predators suppress the host population.

Another important difference is that in the no-predator models host density seldom
exceeds 10, whereas in the with-predator models the host density can reach values higher than
100. The with-predator models are thus better at projecting the outbreaks with high spongy
moth densities that often occur in nature. As we will show, this difference in amplitudes is

important because our models project that it will be strongly influenced by climate change.

3.4.3 Effects of weather

Our model fitting results show that the long interval between the introduction of the
fungus and the 2017 outbreak is best explained if we include generalist predators in our
models. Here we show that generalist predators will also likely play a significant role in
strengthening the effect of climate change on the spongy moth.

As mentioned in the introduction of this chapter, it is at least possible that the 2017
New England outbreak was due to the suppression of the fungus due to hot, dry weather in
the years before the outbreak. Indeed, as Figure 3.1 shows, maximum daily temperature rose
sharply after 2010 in Massachusetts and moderately in Connecticut and relative humidity
and rainfall were low around 2017 in both states, consistent with the hypothesis that the
outbreak around 2017 (Figure 3.3) was partly driven by weather. To test this hypothesis
more quantitatively, we replaced the weather for 2010-2019 in our models with the weather for

2000-2009, and we re-generated model summary statistics. Our goal was thus to determine
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the extent to which hot, dry weather in the period 2010-2019 led to the 2017 outbreak.

As Table 3.8 shows, replacing the 2010-2019 weather data with the 2000-2009 data
always leads to a larger percentage of realizations that produce no outbreaks, or outbreaks
that are later than the 28 years from fungus introduction observed in the defoliation data.
We therefore conclude that recent hot, dry weather helps to explain the 2017 outbreak.
To the extent that this hot, dry weather is due to climate change, the 2017 spongy moth
outbreak also appears to be a result of climate change.

Table 3.8 further shows that in the with-predator models the fraction of realizations in
which outbreaks occur at 28 years or more after the fungus introduction is much higher than
for the no-predator models. This effect occurs because the with-predator models are more
likely to maintain the spongy moth near a low-density equilibrium, while models without
predators are more likely to generate sustained cycles. In each state, the increase in percent-
ages of late outbreaks when using the replacement weather data is thus larger in the model

with predators than in the model without predators.

3.4.4  Projecting the effects of climate change on spongy moth outbreaks

As we mentioned, the weather projection data from our down-scaled climate-change
model include only 10 years in the past and 10 years in the future, and so we generated
projections by randomly drawing annual weather conditions in the years after the first 10
years. We then generated 500 realizations of each model in the representative location we
chose, using random initial values of host and virus densities. For the initial fungus density,
in the first year we used a value of 5.55 x10~3, which is the mean fungus density of estimates
in Kyle et al. (2020) after excluding an outlier value (see Table 3.1). We then calculated
the mean number of outbreak peaks, the mean outbreak interval and the mean outbreak
amplitude across all 500 realizations, and we calculated a coefficient of variation of the

outbreak interval to quantify variation in the outbreak interval.
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As Table 3.9 shows, both our with-predator and no-predator models project that climate
change in Massachusetts will have modest effects on the time between outbreaks. Our
with-predator model, however, projects that in Massachusetts the amplitude of outbreaks
will increase by a factor of more than 1.5, while the no-predator model projects that the
amplitude will increase by a factor of about 1.25. Table 3.10 then shows that similar but
stronger trends hold in Connecticut, where the time between peaks is projected to increase
slightly in the future, and the number of peaks and the amplitude for the with-predator
model are projected to increase sharply in the future, such that the amplitude will increase
by a factor of 2.2. To confirm that these differences were not simply due to chance, we again
used t-tests to determine if there were significant differences (Rice, 2006) between model
projections that use historical weather projections (Hist) and model projections that used
future weather projections (Fut, note that we have only one value for the CV of outbreak
intervals, and therefore do not carry out a significance test for the CV). In all cases, p < 1072,
confirming that the effects of climate change projected by our models are not simply due to
chance.

Given that an increase in the amplitude of outbreaks can strongly increase tree mortality,
our results suggest that climate change will strongly worsen the impact of the spongy moth,
principally by leading to more severe outbreaks. Moreover, the high baseline for the with-
predator models means that the effects of climate change are likely to be far, far worse than
one would expect from the no-predator models. Allowing for both pathogens and generalist
predators thus gives very different conclusions about the effects of climate change than does
a model with the two pathogens but not generalist predators.

To better understand the effects of climate change, we also recorded the average fraction
infected by the fungus and the baculovirus over 500 realizations. As Table 3.11 shows, in
Massachusetts the average fraction infected by the fungus is projected to fall slightly in the

future, while the fraction infected by the virus is projected to increase slightly. These effects
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occur because in Massachusetts rainfall and relative humidity are projected to decline, while
temperatures are projected to increase; because all three changes reduce fungal infection
rates, the fraction infected with the fungus is projected to decline, with a consequent increase
in the fraction infected by the baculovirus.

In Connecticut in contrast, the situation is reversed, in that the fraction infected by the
fungus is projected to increase, while the fraction infected by the baculovirus is projected
to decline. This difference likely occurs because the reductions in temperature projected
for Connecticut will be beneficial for the fungus, and will apparently outweigh the negative
effects of reduced rainfall and relative humidity. Meanwhile, the reductions in the fraction
infected by the baculovirus are projected to be quite severe in Connecticut, and likely explains
why the climate change will lead to even stronger increases in the amplitude of spongy moth
outbreaks in Connecticut. These effects emphasize the complex ways in which climate change
can alter pathogen competition, and illustrate the importance of this competition for long-
term host-pathogen population cycles.

It is also worth noting that the coefficient of variation of the outbreak interval is always
at least modestly lower in the future, suggesting that outbreaks will occur somewhat more
regularly in the future. Also, the decrease in the CV of the outbreak interval tends to be
larger in the with-predator models, again emphasizing that the projected effects of climate
change are stronger when generalist predators are present. To see these effects more clearly,
in Figures 3.7 and 3.8 we show each summary statistic with error bars (+1/-1 standard
deviation) that indicate the extent of variation across realizations. As the figures show, the
size of the error bars is generally smaller in Fut compared to in Hist, especially for the with-
predator models, re-emphasizing that climate change has bigger effects in the with-predator
models than in the no-predator models.

For models with predators, the variation in the outbreak interval comes mainly from

small-scale oscillations at relatively low host densities, representing oscillations around what
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appears to be a stable, low-density equilibrium. These oscillations are too small to count
as outbreaks, and so the with-predator models have fewer outbreaks and longer outbreak
intervals, thus increasing variation in the outbreak interval. In the no-predator models, the
error bars instead result from variation due to the high levels of stochasticity that those
models need to reproduce the defoliation data.

Although we have here emphasized the role of generalist predators, it is important to
remember that the effects of climate change in our model are largely due to the effects of
climate change on the fungus. To see this, we re-ran our models using best-fit parameter sets
for both historical and future weather data, but we did not introduce the fungus. In these
long-term virus-only models, weather serves to determine the speed of kill of initial virus
infections and the length of epizootics; the effects of climate change are thus less profound,
but as Fuller et al. (2012) showed changes in epizootic length in such models can nevertheless
have strong effects on spongy moth dynamics. In our case, however, the only effect of climate
change was to alter the outbreak amplitude in the with-predator models in both states very
slightly (MA: historical 24.79, future 23.50, t-test p = 0.0076; CT: historical 17.22, future
19.19, t-test p = 8.60 x 10’5); all other summary statistics were the same between historical
and future climates (t-test results gave p >> 0.05 in all cases). The effects of climate change
in our models thus occur because climate change strongly affects fungus transmission and
survival.

The importance of the fungus in our results suggests an explanation for why the presence
of generalist predators exacerbates the effects of climate change on outbreak severity in our
models. In the with-predator models, outbreaks occur when stochasticity allows the host
population to increase to a level at which generalist predators are unable to control the host.
At that point, mixed virus-fungus epizootics drive the host population down to low levels, so
that the generalist predators can again control the host. When climate change reduces the

ability of the fungus to control the host, the host is able to climb to high levels, increasing
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the amplitude of outbreaks and exacerbating the effects of climate change.

In models with no predators in contrast, outbreaks are also due to stochasticity, but the
model dynamics are closer to the regular cycles of classical host-pathogen population cycles.
Outbreaks are therefore sufficiently regular that the model dynamics are only moderately
changed by a reduction in the effectiveness of the fungus. The effect of climate change on the
with-predator models is therefore to directly interfere with mechanisms that drive spongy
moth dynamics, whereas the effect of climate change on no-predator models is therefore to

simply alter what was already a highly stochastic system.

3.5 Discussion

By fitting our models to data on long-term defoliation caused by the spongy moth
we showed that a model with predators provides a much better explanation for data from
Massachusetts, and a slightly better explanation for data from Connecticut (Table 3.3).
Most of the improvement in fit occurs because models with predators do better at predicting
the time between the introduction of the fungal pathogen E. maimaiga in 1989 and the
first region-wide New England outbreak in 2017. Although the no-predator models can
also sometimes reproduce the long time interval between fungus introduction and the 2017
outbreak (Table 3.4), the with-predator models can generate intervals of 20 or more years
much more often in Massachusetts, and slightly more often in Connecticut.

Previous work had shown that generalist predators can strongly increase variation in
outbreak intervals in the spongy moth (Dwyer et al., 2004; Elkinton et al., 1996). Our
fitting results are nevertheless important because they provide some of the first statistical
evidence that models invoking both pathogens and predators provide a better explanation
for spongy moth dynamics. Moreover, by assigning a value of more than 100 years to the
interval in realizations with no outbreaks, our likelihood scores fundamentally disfavor the

with-predator models, and so our approach is conservative.
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The real importance of our fitting results is that they allowed us to quantify the roles of
the two pathogens with and without the predators, which is essential when we try to under-
stand the effect of climate change on spongy moth dynamics. Inserting projected weather
from down-scaled climate change models into our models then yields projections that cli-
mate change will worsen spongy moth outbreaks. In both Massachusetts and Connecticut,
with-predator models and no-predator models project at least mild increases in outbreak
frequency in the future; more importantly, however, the with-predator models predict sub-
stantial increases in outbreak amplitudes (Table 3.9 and 3.10). This latter result is important
because it makes clear that our projections of the effects of climate change strongly depend
on the number of species that we include in our models.

The effect that climate change leads to more frequent and fierce L. dispar outbreaks
in models with predators occurs because generalist predators can together help the fungal
pathogen to suppress the insect host population density until a severe outbreak happens.
When weather conditions become hotter and drier in the future, the fungus will be much
less effective at controlling the spongy moth, but a combination of the virus and generalist
predators is unlikely to be able to suppress outbreaks, as shown by previous work on long-
term virus models (Dwyer et al., 2004; Fuller et al., 2012). We therefore conclude that
multi-species interactions can strongly alter the projections of the ecological consequences
of climate change, emphasizing the complex effects that climate change can have on natural
ecosystems, and the necessity of considering multi-species interactions when studying effects
of climate change on ecosystems.

Previous studies on effects of climate change on other forest insects in some cases reached
different conclusions. For example, Haynes et al. (2014) showed that outbreaks of two moth
species (Panolis flammea and Dendrolimus pini) were less likely at high temperatures, while
outbreaks of the common pine sawfly Diprion pini became more likely at high temperatures.

Other studies similarly showed that warm temperature can be either beneficial or deleteri-
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ous to insect populations (Pureswaran et al., 2018); for example, higher temperatures almost
certainly caused the recent outbreaks of some bark beetle species such as the mountain pine
beetle Dendroctonus ponderosae. Defoliators can also respond differently to high tempera-
ture; the moth species Thaumetopoea pityocampa responded positively to high temperature
in Europe with more outbreaks, for example, while Saturniid caterpillars appeared to have
less severe outbreaks in tropical forests with high temperature.

The differences in these conclusions mainly have to do with the methods and mechanisms
that were used in each study. The results in Haynes et al. (2014), for example, mostly rely on
statistical regressions to connect insect population densities with weather conditions. Many
other studies of the effects of climate change on different insect species attempt to understand
how temperature will affect metrics of insect physiology and development, such as diapause,
speed of larval growth, and waves of larval feeding (Haynes et al., 2014; Pureswaran et al.,
2018), rather than how temperature will affect interactions between forest insects and their
natural enemies. Other studies have focused on connecting insect density to tree or foliage
growth, quantifying how high temperatures favor tree growth, generating high-quality foliage
to feed more insects, or how asynchrony between insect development and tree growth could
cause adverse effects on herbivorous insects (Pureswaran et al., 2018).

Studies that do allow for species interactions in contrast often face a lack of data,
leading in turn to a reliance on very simple models. For example, a study on tawny owls
(Millon et al., 2014) suggested that the owl population would be under the risk of extinction
due to dampened prey cycles, but this conclusion was not based on mechanistic predator-
prey models. The parameters related to owl physiology and demography were estimated
by fitting linear models to data, and the models were used to project future dynamics for
only a modest period into the future. Meanwhile, a study of the parasitoid Trichogramma
minutum attacking spruce budworm (Choristoneura fumiferana) showed that the parasitoid

likely benefited from higher temperature (Quayle et al., 2003), an effect that may be quite
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general for parasitoids. In our case in contrast, the fungal pathogen is suppressed by increased
temperature and decreased relative humidity, emphasizing the necessity of understanding
the underlying biology of species interactions for projecting the ecological consequences of
climate change, and the difficulties of making such projections.

Our results can provide suggestions on future spongy moth management strategies.
Our projections show that climate change will likely allow spongy moth to make at least a
moderately strong comeback in the 21st century, thus worsening damage to hardwood forests
and oak decline (Haavik et al., 2015; Morin and Liebhold, 2016). One possible response to this
change may be a broader use of the bacterial insecticide produced by Bacillus thuringiensis
var. kurstaki (Btk). A shortcoming of Btk, however, is that it kills multiple species of
nontarget Lepidoptera (Peacock et al., 1998), and is therefore increasingly unpopular. The
species-specificity of the baculovirus spray “Gypchek” in contrast means that it has almost no
non-targe effects (Wood and Granados, 1991), but baculovirus production is very expensive.
Our work nevertheless suggests that finding ways to make Gypchek cheaper is an important

priority for spongy moth management in the future.

96



3.6 Tables and figures

Table 3.1: Estimated resting spore densities at multiple sites across 3 years in the lower
peninsula of Michigan from Kyle et al. (2020). The lowest value, which is around 10712 at
the 2011 South site, is an extreme outlier, and we therefore do not use it in our likelihood
function.

Site Median fungus density 95 % HPD
2010 South 1.83 x1072 [1.45 x1072, 2.23 x10~2]
2010 Central 5.71 x1073 [4.72 x1073, 6.90x1073]
2010 North 1.87 x1073 [1.48 x1073, 2.31 x1073]
2011 South 1.08 x1012 [1.02 x10712, 1.15 10712
2011 Central 2.33 x1073 [1.96 x1073, 2.75 x1073]
2012 Central 4.39 x1073 3.98 x1073, 4.86 x1073]
2012 North 6.91 x10~* [4.85 x1074, 9.36 x10™4]
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Table 3.3: Components of log maximum likelihood scores across models and across Mas-
sachusetts and Connecticut data.

Category . Massachusetts . Connecticut
With predators No predators With predators No predators
Total Likelihood -9.11 -10.38 -10.16 -10.35
Interval to 1st peak after fungus intro -3.95 -4.78 -4.65 -4.83
Outbreak length of that 1st peak -2.69 -2.28 -2.75 -2.23
Average fungus density -0.47 -0.41 -0.56 -0.45
Virus-caused periods -2.47 -2.78 -2.66 -2.83

Table 3.4: Summary statistics from fitting models to the interval between fungus introduction
and the first host density peak afterwards. MA indicates Massachusetts and CT indicates
Connecticut. The column “Mean interval” gives the average interval from the introduction of
the fungus to the first outbreak, the column “C.V. interval” gives the coefficient of variation of
the same interval, and the column “Pct. interval > 207 gives the percentage of realizations
for which the interval was 20 or more years. In all cases we exclude realizations with no
outbreaks after the introduction of the fungus, while the last column indicates the percentage
of realizations with no outbreaks after the introduction of the fungus.

Model Mean interval C.V. interval Pct.interval > 20 Pct.no peaks
MA with predators 13.57 0.550 24.40 16.80
MA no predators 12.72 0.469 13.40 2.60
CT with predators 12.31 0.559 18.60 17.60
CT no predators 13.55 0.435 17.20 5.40
Defo. data MA & CT 28
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Table 3.5: Summary statistics of the model projections of outbreak periods in the absence
of the fungus. MA represents Massachusetts and CT represents Connecticut. The columns
“Mean period” and “C.V. period” give the average periods between outbreak peaks and
the corresponding coefficients of variation, excluding realizations with no outbreaks. The
column “Pct. no peaks” indicates the percentage of realizations with no outbreaks.

Model Mean period C.V. period Pct. no peaks
MA with predators 9.18 0.122 33.00
MA no predators 13.38 0.214 1.50
CT with predators 9.62 0.148 42.50
CT no predators 13.57 0.183 8.00
From filed observation 9

Table 3.6: Mean values and coefficients of variation of outbreak length in the models and
in the defoliation data, excluding realizations with no outbreaks or with peaks too flat to
calculate outbreak lengths.

Model Mean length C.V. length
MA with predators 3.12 0.98
MA no predators 7.61 0.49
CT with predators 4.09 1.26
CT no predators 7.59 0.37
Defo. data MA & CT 5

Table 3.7: Mean values, standard deviations and absolute values of coefficients of variation
of logy( (fungus density) in our models and in the estimates from Kyle et al. (2020) given
in Table 3.1. Since the mean fungus densities on a logjg-scale are always negative, the
coefficients of variation are also negative on their own, so the absolute values are shown
here.

Model Mean Sd. C.V.

MA with predators -2.19 054 0.25
MA no predators -2.13  0.54 0.25

CT with predators -2.11 045 0.21
CT no predators -2.10 040 0.19

Kyle et al. (2020) estimates -2.48 0.48 0.194
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Table 3.8: Percentages of realizations in which the interval from fungus introduction to
the first outbreak is 28 years or more. “Realistic weather” refers to the model realizations
generated from actual weather data while “Substitued weather” refers to model realizations
in which we substitute weather data from 2000-2009 for weather data from 2010-2019.

Model Realistic weather Substituted weather
MA with predators 17.8 21.4
MA no predators 3.00 3.40
CT with predators 18.0 20.2
CT no predators 6.00 7.40

Table 3.9: Summary statistics for model projections with or without predators in Mas-
sachusetts. “His” refers to model realizations generated using historical weather, meaning
weather from the period 1995-2004, while “Fut” refers to model realizations generated using
future weather, meaning weather for the period of 2085-2094 under the RCP 8.5 climate
change scenario.

Model, Weather  No. Peaks Interval Amplitude CV of Interval

Predator, Hist 14.02 13.84 65.26 0.49
Predator, Fut 14.93 13.19 107.47 0.36
No Predator, Hist 13.61 13.84 1.70 0.64
No Predator, Fut 14.52 13.14 2.12 0.61

Table 3.10: Summary statistics for models with and without predators in Connecticut, with
column headings as in Table 3.9. In the row “Predator, Hist”, 11 realizations out of 500
generated no peaks and were therefore excluded from our calculations of summary statistics
for peak interval and amplitude.

Model, Weather = No. Peaks Interval Amplitude CV of Interval

Predator, Hist 7.89 20.53 32.20 1.00
Predator, Fut 11.12 17.48 71.87 0.53
No Predator, Hist 10.94 17.12 1.14 0.63
No Predator, Fut 11.95 15.77 1.31 0.60
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Table 3.11: Percentage of insect hosts infected by the fungal or viral pathogen averaged over
all years in 500 realizations, for models with and without predators in Massachusetts and
Connecticut.

State  Model, Weather  Pct.Inf(F) Pct.Inf(V)

MA Predator, Hist 35.6 13.0
Predator, Fut 34.1 14.0

No Predator, Hist 30.6 12.3

No Predator, Fut 29.2 11.9

CT Predator, Hist 34.1 13.6
Predator, Fut 35.3 10.2

No Predator, Hist 26.7 15.4

No Predator, Fut 28.3 13.5
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Figure 3.1: Average values of daily maximum temperature, relative humidity and rainfall
in two weather stations representing Massachusetts and Connecticut respectively, calculated
over the larval period of spongy moth in each year.
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Figure 3.3: Defoliation data for the spongy moth in Massachusetts and Connecticut (U.S.
Forest Service, 2022). The red vertical line indicates 1989, the year when the fungus was
first introduced into North America. The blue horizontal line in each plot indicates 20% of
the maximum defoliation area, which we use as a threshold to indicate when the first peak
comes after the fungus introduction in 1989.
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Figure 3.4: Bar plots for each component of our overall maximum likelihood on log-scales.
Models with predators and without predators are indicated in different colors. In the second
category, “Fl~nextpeak” means the time from the fungus introduction to the next outbreak.

106



MA with predators

60 80 100
| |

40

Defoliation Percentage

20

T T T T T T
1970 1980 1990 2000 2010 2020
Year

MA no predators

60 80
|

40

Defoliation Percentage

20

o -

T T T T T T
1970 1980 1990 2000 2010 2020
Year

Defoliation Percentage

20

Defoliation Percentage

20

100
|

80

60

40

o

100
|

80

60

40

o

CT with predators

T T T T T T
1970 1980 1990 2000 2010 2020

Year

CT no predators

T T T T T T
1970 1980 1990 2000 2010 2020

Year

Figure 3.5: Transformed defoliation percentage from model output and from defoliation data.
The black line indicates the defoliation data, while the remaining lines indicate model real-
izations, with each color indicating one of 25 different realizations. Methods and parameters
for the transformation can be found in the Appendix (Section 3.7.2).
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Figure 3.6: 3-dimensional phase portraits for 250 realizations of 200 years of each model
under each model’s best parameter set. MA represents Massachusetts and CT represents
Connecticut. Host, virus and fungus densities are plotted on logjp-scales. For years 0-49
in MA and 0-46 in CT, observed weather data are used, while for years 50-199 in MA and
years 47-199 in CT, the weather conditions for each year are randomly drawn from one year
in the observed weather data. The points represent model output from year 26 to year 199.

108



17
16 T 20 e
%)
(XU — —
& 15 §
S / model 915 model
(@] c
= 14 ‘ No-pred — S No-pred
L iR ~ Pred § ~ Pred
g 13 Q10
=z |
12 L L
5
Hist Fut Hist Fut
Scenario Scenario
0.65
o
320 0.60
E [%2]
E-l.S Tg 0.55
< model I model
‘;é 1.0 No-pred £ 050 No-pred
& ~ Pred S ~ Pred
~05 > 0.45
% O
0.40
So0
! ! 0.35 L :
Hist Fut Hist Fut
Scenario Scenario
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statistics are +1 standard deviation of the mean.
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3.7 Appendix

3.7.1 Weather in single-epizootic models

As mentioned in Methods, we keep using the same weather dependent variables and
mechanisms as those in Kyle et al. (2020), while making some extensions. In the two-
pathogen single-epizootic model, degree days (DD) with different lower and /or upper thresh-
olds are used to tell when these events should occur: larvae hatch, pupation, start of virus
infection (which is equivalent to the timing of initial baculovirus deaths from larvae hatch),
start and end of resting spore germination, and production of resting spores rather than
conidia in late-instar larvae cadavers. Here we show the equations for calculating degree

days again:

3]

DD = ) dd(i) (3.27)

1=t
dd(i) = 0 if T(i) < Thin (3.28)
dd(i) = T(i)_Tmin Zf T(i)e[TminaTmax] (3-29)
dd(i)) = Tmaz — Toin if T(i) > Trnae (3.30)

In each year, the epizootic starts when eggs hatch after 317 DD with 3 °C' as the lower
threshold and 40 °C' as the higher threshold (Russo et al., 1993). The epizootic ends when
pupation occurs 568.5 DD after hatch, with 7.65 °C as the lower threshold and 41 °C as
the higher threshold (Carter et al., 1992). Resting spores start germination 100.16 DD after
hatch, and end germination 267.03 DD after hatch, both with 10 °C' as the lower threshold
(Kyle et al., 2020). As for which type of fungus spore to be generated from fungus-infected
cadavers, we use a DD roughly indicating the time when larvae reaches fourth instar. It is

291.27 DD after hatch, with 10 °C' as the lower threshold (Kyle et al. unpublished work).
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X R+ = 0for all the days before larvae reach fourth instar, which means they produce conidia
after being infected and killed by the fungus. After larvae reach fourth instar, Xp , =1 for
all days until the end of epizootic, and the fungus-infected cadavers release dormant resting
spores instead of conidia into the environment. As for the time when virus starts infection,
previous work has not considered the effect of DD, while just letting the virus epizootic last
for a certain number of weeks (Dwyer et al., 1997; Fuller et al., 2012). However, we believe
that the virus might not start infecting the larvae right after they are hatched, and there are
some evidences showing the delay of virus infection from larvae hatch (Woods and Elkinton,
1987). Thus, we assume that the beginning of virus infection can also be determined by DD
above 10 °C' after hatch, similar to what we do to tell the resting spore germination time.
We also keep using the equations for daily transmission and decay rates from our pre-

vious single-epizootic fungus model (Kyle et al., 2020):

Plr) = L+ eXﬁé-% p(7) 1-%11#2' (3:31)
M(r) = tyexp(ys m(r)), (3.32)
H(1) = vgexp(Pr h(T)). (3.33)
vRr = D(7)P(7)exp(er ), (3.34)
vor = D(T)M(7)explec ), (3.35)
per = H(r). (3.36)

Here P(7) is the effect of rainfall on resting spore transmission rate on day 7, while
M (1) is the effect of relative humidity on conidia trasmission rate and H(7) is the effect
of temperature on conidia decay rate. Inside these three functions, p(7) is the cumulative
rainfall over 10 days before day 7, while m(7) is the daily minimum relative humidity and

h(7) is the daily maximum temperature. Rainfall has a logistic effect on transmission rate of
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resting spores. Relative humidity and temperature have exponential effects on transmission
and decay rate of conidia. In general, cooler and wetter weather conditions are advantageous
for fungal infection. In equation (3.34) and (3.35), we include a degree day function D(7)
to indicate the effect of larvae size on transmission, and we also include daily inherent

environmental stochasticity since the larvae activity pattern may vary each day.

3.7.2  Fixed parameter values in models

We just estimate a few parameters by fitting the models to data. For many other param-
eters well-known from previous studies, we keep using the values published in literature, and
here is a summary of these parameter values. We keep using the values of all parameters on
fungus infection during an epizootic from Kyle et al. (2020). The mean transmission rate of
virus v, = 0.46, decay rate of virus-infected cadavers p,, = 0.41 and number of virus-exposed
classes n = 27 are from Dwyer et al. (2022). The mean time between baculovirus infection
and virus-caused mortality 1/d, = 1/16 is from Malakar et al. (1999) and our unpublished
observation data. C'is greater than 1 in the latest version of virus model (Dwyer et al., 2022),
but in that case the model requires very high levels of stochasticity in host reproduction,
which could affect the accuracy of fitting, so we are using an old-version value C' = 0.86
from Dwyer et al. (2000). Predation parameters a = 0.967 and b = 0.083 are from Dwyer
et al. (2004). As indicated in work on long-term virus dynamics (Dwyer et al., 2004; Fuller
et al., 2012), parameter for virus overwintering rate and enhanced susceptibility to virus in
newly hatched larvae ¢, is usually in the magnitude of 10, and long-term virus survival
rate 7, is almost negligible. Here we use ¢, = 40 and =, = 0.001. For the logistic function
of fungus resting spore overwintering, we have fy,q = 0.02, since the largest estimate of
fungus resting spore density in Kyle et al. (2020) is about 0.018. We also have xy = —2 and
x1 = 0.5. This function is very helpful to control the fungus resting spore density within the

range from 10~4 to 1072, which can cover the magnitudes of most estimates (excluding the

113



lowest outlier value in the magnitude of 10712) in Kyle et al. (2020), as Figure 3.9 shows.
To produce Figure 3.5 to see how good the models fit to defoliation data, we want to
find a way to keep model output and defoliation data in the same range and unit. The
easiest way is to change them into percentages. Regression models have been constructed
to transform egg or egg mass density into defoliation percentage (Liebhold et al., 1993).
However, we have no information about the total forest area, so we just transform defoliation
area into percentages by dividing the annual defoliation area by the maximum defoliation
over all years. Since the regression model in Liebhold et al. (1993) is based on different
assumptions such as no pathogens, we do not choose to use it directly. Instead, we see that
the relationship between host density and defoliation percentage can be roughly drawn into a
logistic curve. The logistic function showing the relationship between defoliation percentage

and host density N is:

1
1+ exp(—pFp — B1logo(NV))

PCtdefo == (337)

We roughly fit parameters Sy and (1 to the defoliation percentage in data, to trans-
form host densities from model output into defoliation percentages, making the figure look
better. In Figure 3.5, parameters for models with predators are 5y = —3.02 and 1 = 1.37.

Parameters for models with no predators are S5 = —1.96 and 31 = 1.85.

3.7.3  Calculating the interval between fungus introduction and the first
following outbreak in the models

First, we need a threshold to define whether a host density peak in the model output
is considered as an outbreak. In initial simulations of the model, we sometimes observed
small sustained oscillations in host density around the magnitude of 10~1; this was especially

likely to occur in models with generalist predators, because generalist predators create a low-
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density equilibrium (Dwyer et al., 2004). To avoid identifying such oscillations as outbreaks,
we used a threshold of 10799 which is modestly higher than the host densities in the
oscillations. Given this definition, we estimated the time to the first outbreak after 1989 by
labeling the year of the first host density peak above the threshold 1079 as year py, the
second peak as year po, and so on.

In rare cases there were peaks in host density almost immediately following the intro-
duction of the fungus, when the fungus was not fully established. Because such peaks would
give a false indication of the first outbreak following the introduction of the fungus, we ex-
cluded them by searching for the first clear peak in the annual cumulative fraction infected
by fungus I, as calculated from equation (3.24). To do this, we identified the year of fun-
gus establishment as the first year ¢ in which the cumulative fraction infected by the fungus
reached a local peak that was higher than 20% and that was higher than the cumulative
fraction infected by virus I, (calculated from equation (3.23)). We denoted the year of
fungus establishment as f.. When f, was very close to the year 1989, we neglected the host
density peaks occurring before fe, treating them as part of the establishment process of the
fungus. However, if the establishment was slow, we could not neglect all the host density
peaks before that, since they were likely to form defoliation peaks late enough after 1989,
and neglecting them may result in finding a too long interval. Thus, we defined another
variable tg as the “threshold” year, and we recorded the year of the first outbreak after ts.
We then calculated the interval y between fungus introduction and the first outbreak after

ts as follows:
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y=p— 1989 (3.38)

te=fo if fo<1992 (3.39)
te=1992 if fo> 1992 (3.40)
p=p; if p1<ts & p;>ts (3.41)
p=p1 if ts<pp <2019 (3.42)
p=2100 if no peaks found (3.43)

Here p is the year when the first outbreak occurs in the model after fungus introduction
in 1989. Usually p = pq, the year in which the first host density peak above the threshold
after 1989; if p; occurs within about 3 years after fungus introduction, however, we treated it
as part of the establishment process of the fungus. The threshold year t5 is then determined
as the smaller of establishment year f. and 1992. We then defined the year of the first peak
above the threshold after tg, which is p; in equation (3.41) (typically p2), as the year of the
first outbreak. If there was no host density peak until 2019, which is the end of the weather
data, we assigned a very long interval; because here we identify the best model parameters
using a maximum likelihood calculation, the value of this interval is unlikely to have affected
our results. We then used a Poisson likelihood function to calculate the probability that
we observe a 28-year interval between fungus introduction and the first outbreak afterwards
given that the mean of the Poisson distribution for that interval is equal to the value in the

model.
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Figure 3.9: The curve for transformation between cumulative cadaver density that produces
resting spores to the exact resting spore density, according to the logistic function Ry =

fim . - _ _ . :
Trop[ 1o (Ml m) 7o)’ while fingz = 0.02; xg = —2 and x1 = 0.5. R is the resting

spore density which is generated in an epizootic and can survive overwintering, and the y
axis here is logio(Rp). Nilf gy is the density of cadavers that can produce resting spores,
and the x axis here is logjo(N¢/ ¢ g ¢).- The blue horizontal lines are estimated resting spore
densities from Kyle et al. (2020), while excluding the lowest value which is an extreme outlier.
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CHAPTER 4
FUTURE STEPS

We have provided evidence that climate change will strongly affect the spongy moth.
Moreover, our model projections indicate that the fungal pathogen E. maimaiga will likely
do a worse job of controlling spongy moth population densities in the future, with the result
being more frequent and more severe spongy moth outbreaks. There are nevertheless several
ways in which our results could be made more general, comprehensive and persuasive. In
this chapter, we list some possible future directions.

First, as we mentioned in Section 3.3.5, the best parameter sets and the likelihood
scores for each model in Chapter 3 were found by line-search. Line-search can be used as the
first step in a more statistically robust algorithm known as line-search Markov chain Monte
Carlo, or line-search/MCMC. In line-search/MCMC, an initial line search step is used to
provide a rough map of the likelihood surface, which is in turn used as input to Principle
Components Analysis (PCA). The PCA output is then used to generate automated proposal
distributions for MCMC (Kennedy et al., 2015). Our immediate next step will therefore be
to use MCMC to generate more robust parameter estimates, as well as uncertainty estimates
for the parameters. In the model fitting in Chapter 3 we were estimating the same number
of parameters for every model, and so using unadjusted likelihood scores to identify the
best model gives the same answer as the Akaike information criterion (AIC) (Burnham and
Anderson, 2010). In the case of Connecticut, however, the difference in likelihood scores
between model with predators and model without predators was not very large (Table 3.3
and Figure 3.4). Meanwhile, once we implement the MCMC step of line-search/MCMC, we
will be able to use the WAIC model-selection criterion to choose between models. Unlike
likelihood-based information criteria like AIC, WAIC explicitly penalizes models that pro-
duce more variable projections (Watanabe, 2013). This is important because the no-predator

models can only explain the defoliation data by invoking high levels of stochasticity (Figure
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3.6), and so it is likely that the no-predator models will have much worse WAIC scores than
the with-predator models. Using WAIC to choose between models is therefore an important
next step.

We also mentioned in Chapter 3 that we fixed the values of some parameters for now to
save computing power, but our estimates of some of those parameters are highly uncertain,
notably the parameters for logistic fungus overwintering and the parameters that describe
predation. In our future work, we will therefore include these parameters in our fitting
routines, to determine if allowing for uncertainty in these parameters changes our results.
Similarly, although fitting the models to defoliation data in each state separately is in some
ways a more statistically robust approach, a general model for both Massachusetts and
Connecticut or even more states might be more biologically realistic. In future work we will
therefore also consider models in which some parameters are assumed to be the same for
different states, to determine whether models with fewer state-specific parameters provide a
better fit to the data. Since it is likely that this will mean comparing models with different
numbers of parameters, using WAIC to carry out model selections and identify the best
model is thus an essential step.

A final next step is to include additional species interactions, and thus to make more
accurate projections of the effects of climate change on the spongy moth. For example,
in our with-predator models we assumed that the effect of generalist rodent predators is
independent of predator densities, on the assumption that predator densities are constant.
Rodents are indeed important generalist predators of the spongy moth (Elkinton et al., 1996),
but some studies have shown not only that rodents have population cycles, but that climate
change can collapse these population cycles (Ims et al., 2008; Kausrud et al., 2008; Korpela
et al., 2013). Our assumption that the predators always have the same predation rate is
therefore an over-simplification; moreover, climate change may drive changes in predator

densities. A simple way to introduce effects of climate change on generalist predators into
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our model is to have the predation parameter a in equation (3.18) for the host population
be weather-dependent, and is therefore an important next step.

Disease-resistance evolution is another key mechanism that can alter the spongy moth’s
response to climate change (Urban et al., 2016). Our previous work produced a virus model
that includes costly but heritable host resistance to the virus (Pédez et al., 2017). Although
we have little information on whether spongy moth larvae evolve resistance to the fun-
gal pathogen, it may be possible to estimate parameters describing spongy moth fungus-
resistance evolution from existing data. Constructing a model that allows the host to evolve
resistance to both the fungus and the virus is therefore an additional goal.

Although our current models do not allow for variability in spongy moth host tree
defenses, it is nevertheless true that such defenses can alter the feeding and development
of spongy moth larvae (Barbosa and Krischik, 1987; Hemming and Lindroth, 1995; Mason
et al., 2015), and the response of spongy moth larvae to the virus (Elderd et al., 2013). It
may therefore be worth extending our models to allow for the effects of plant defenses on
larval development and on the response of the spongy moth to the virus. Since we have
shown that the number of species considered in our system can strongly alter projections of
the ecological consequences of climate change, the addition of more species and interactions
is an important next step in future research.

Finally, our future projections were made by using projected weather data at the end of
the 21st century, but that time period is sufficiently far from now that other unpredictable
changes not included in our system may also alter the ecological consequences of climate
change on the spongy moth. In future research we will therefore make projections for the

nearer future, such as the middle of the 21st century.
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