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Abstract

Emerging infectious diseases present signi�cant threats to the health of humans and wildlife. The

ecology of emerging infectious diseases is a data hungry �eld in a world of rare events. Bats are

both the source of human pathogens globally and the victims of a novel fungal pathogen causing

continent-wide population declines in North America. By using the principals of iterative model

design and model guided �eld work I leverage the mechanistic relationships between seasonally

limiting biotic and abiotic factors of wild bats to understand spatio-temporal disease emergence

dynamics from and within bat populations.

I �rst use a novel ecological niche modeling technique to relate the seasonal availability of

resources to predict African bat birthing events. I then use these model results to test hypotheses that

Ebola virus disease (EVD) transmission to humans and non-reservoir animal hosts are related to the

birthing events of bats through the use of a spatiotemporal Poisson point process model. The results

suggest EVD emergence in Africa may be driven in part by the pattern of births among bats, especially

fruit bats. Further, the identi�ed temporal lag terms between bat birthing terms and EVD emergence

are consistent with hypothesized viral dynamics in bat populations. Out of sample testing on the two

most recent EVD outbreaks in the Democratic Republic of the Congo reveal a high predictive model

performance and suggest the existence of both strong regional seasonality and locations persistently

at risk of EVD outbreaks in humans and susceptible wildlife.

Finally, I model North American winter duration and incorporate spatial variation in host traits

related to body mass and composition to update survival estimates for hibernatingMyotis lucifugus

infected withPseudogymnoascus destructans, the causative agent of the emerging disease white-

nose syndrome (WNS) killing bats in Eastern North American populations. Results indicate that

hibernatingM. lucifugusin the West are likely to suffer populations declines similar to those observed



iv

in the East. All my �ndings will require further ground-truthing to validate the results, yet demonstrate

the predictive power of identi�ed mechanistic relationships on complex infectious disease systems.
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Chapter 1

Introduction to emerging infectious

disease and their space-time complexities

1.1 General introduction

Emerging infectious diseases (EIDs) present enormous threats to human and ecological health across

the globe [113]. EIDs represent a special subclass of infectious agents whose incidence has increased

over the last decades. Emergence of these pathogens is often the result of pathogen introduction into a

susceptible population for the �rst time, commonly through entrance into a new geographic region

where they were previously absent. The reemergence of infectious diseases is also possible, often

through the evolution of new mechanisms of virulence or resistance to treatment [113]. Some of

the most notable recent examples of human EIDs include the 2014 West Africa Ebola virus disease

(EVD) outbreak [32], the 2016 Zika virus epidemic [100] or even the re-emergence of Measles virus

within un-vaccinated communities [76].

Many of what are now seen as endemic human infections originated within non-human animals, as

zoonotic pathogens (de�ned as pathogens with a animal origin), before establishing as endemic in hu-

mans (HIV/AIDS, Malaria)[242]. Zoonotic agents are generally constrained to reservoir populations,

however̀ spillover' events occur, where infection jumps between species. While these events are often

rare for speci�c infectious diseases, some zoonotic disease events occur regularly (e.g. food-borne

diseases) and greater than 60% of all human EIDs between 1940 and 2003 originated in non-human
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hosts, and, of those, 71.8% were of wildlife origin [113]. Frequency of EID and zoonotic events has

increased over recent decades in part due to processes like habitat encroachment, land use changes,

human population expansion [241, 57]. EID events can also occur within animal populations often

leading to complex conservation challenges [131, 66].

Epizootic (within domestic animal or wildlife epidemics) outbreaks of fungal pathogens are

responsible for White-nose syndrome (WNS) and chytridiomycosis[62]. Both pathogens have proven

to be ecologically devastating [66, 202]. Populations of at least 501 amphibian species are in decline,

including as many as 90 species extinctions due to chytridiomycosis [202]. Similarly many species of

North American hibernating bats are experiencing large scale population declines and local extinctions,

due to the introduction ofPseudogymnoascus destructansjust over a decade ago [26, 66].

In this chapter I will discuss some of the fundamental tenants of infectious disease ecology with

speci�c focus on bats, the mechanistic relationships between the hosts and pathogens, and how spatial

and seasonal dynamics can modify risk and transmission of infectious agents. To provide background I

will introduce two case-study examples: EVD, a high consequence zoonotic pathogen that has caused

tens of thousands of human deaths [32]; and WNS, a purely enzootic pathogen with conservation

implications [66, 67]. Each of these examples are explored more in depth within this thesis. I will

be focusing on how seasonal life-history events within bat populations in�uence infection dynamics,

highlighting tools, theories, and frameworks explored in subsequent sections and chapters in this

thesis.

1.2 Sylvatic transmission and the mechanisms of spillover

There are an estimated minimum of 320,000 mammalian viruses alone awaiting description [8] and

prior to an initial spillover event, these viruses, or any other zoonotic pathogens are constrained by

their host-pathogen cellular relationships and sylvatic transmission cycles. Within the simplest of

these systems, a reservoir host species is required to maintain and transmit the infectious agent within

the population [90]. Sylvatic systems may be composed of a single or multiple species or entire

communities of species acting as reservoir hosts [164]. Additional non-reservoir hosts can exist and

include: amplifying hosts, in which pathogen replication and excretion rises over that within the
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reservoir host (generally with deleterious consequences);paratenic hosts, in which no replication

pathogen occurs yet the host is still capable of transmission;dead end hoststhat are not capable

of further propagating the infection to others; andphylogenetic hosts, that contribute to the genetic

evolution of the pathogen in some manner. These `non-reservoir' hosts are by de�nition not required

to maintain the pathogen on the landscape; however through changes in host densities (reservoir or

otherwise), infection prevalence, and intensity of infection (e.g. amplifying hosts) all may act to

modify pathogen pressure and spillover [190, 137].

1.3 Dynamical models

In order to model how population members or subpopulations move from uninfected to infected

and beyond we can to use a compartmental model of infection. For simplicity, one can consider

this as a single closed population and ignore entry and exit of members due to births and deaths.

Within this framework a randomly mixing population ofN individuals is split into three mutually

exclusive classes: susceptible (S); infected (I ); and recovered (R). In this case, infected individuals

are capable of infecting susceptible individuals at the rate ofb � SI, and infected individuals recover

from infection where they can not be infected again at the rate ofg. This can be de�ned by a series

of differential equations describing movement between classes over timet and summarized by the

system of equations:

N = S+ I + R

dS
dt

= � bSI

dI
dt

= bSI� gI

dR
dt

= gI

(1.1)

The addition of hosts to the system through births and immigration and loss through death and

emigration will modify the rate at which the population shifts between these compartments. Further

modi�cations can be made such as the introduction of different transmission mechanisms, infection

dynamics (e.g. a return to susceptible status), or age structure and these are discussed below, when

necessary.



4 Introduction to emerging infectious disease and their space-time complexities

Two more critically important parameters derived from this system of equations areR0 and the

critical community size (CCS). The parameterR0 is the average number of secondary infections to

arise from a single infected individual in a totally susceptible population. Using equation 1.1 with

its same assumptionsR0 is simply calculated byR0 = b
g . In order for an infection to be maintained

within a population an outbreak must have anR0 � 1, else the number of individuals in the infected

compartment will eventually decline as hosts transition to the recovered category more quickly than

they can be replaced, resulting in the eventual fade out of infection as susceptible individuals are

depleted. Outbreak intervention strategies that target improving hygiene, or establishing quarantine,

effectively aim to lower theR0 value by reducing interaction between susceptible and infected

limiting the epidemic. Alternatively, infections with exceptionally highR0 like measles, with a

value 12-18 [78], can rapidly deplete available susceptible individuals and require a large population

with a continuous in�ux of naive hosts to enter an endemic state. This tipping point of population

composition is referred to as the CCS. Pathogens with a viable environmental life-stage or that result

in chronically shedding hosts can maintain infection at comparatively smaller CCS andR0 is not as

directly interpretable for control measures [136].

1.4 Models of spillover processes

The factors driving and contributing to the spillover or emergence of EIDs from sylvatic maintenance

are inherently complex, and, as such, many frameworks have been proposed to decompose the drivers

into explicit terms [244]. One such framework within disease ecology is the "BAM" framework

(Figure 1.1) proposed by Peterson [185] as "biogeography of disease." [185, 207]. The distribution

of any pathogen can be viewed as a standard Grinnellian niche within the larger reservoir host and

is de�ned by the interaction ofBiology, Abiological factors and constrained within limitations of a

species distribution andMovement. Thereby, the realized niche of any pathogen can be described

A\ B, and the complete geographic distribution of a species (P) would be further re�ned as the joint

probability ofB\ A\ M. As the system increases in complexity this can be expanded with each host

and pathogen creating a theoretically in�nitely expandable equation where the true distribution would
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Fig. 1.1BAM model of the biogeography of disease.The area G represents all possible parameter
space available on the planet. The blue areaA represent locations on the landscape with the appropriate
abiotic features to support a species, and can be alternatively de�ned as the fundamental niche. The
redB zone includes the correct combination of interacting species, and may not completely overlap
with the A region. The purple area in whichA\ B represents the Realized Niche. The parts of
the world accessible to the species is represented as the yellowM circle and excludes barriers to
movement like oceans and mountain ranges. The central overlap describes a region with correct biotic
and abiotic factors for a species survival as well as being accessible and can be though of as equivalent
to the geographic distribution of the species.Adapted from [207]

be represented as:

P = S(B1 + :::Bi) \ S(A1 + :::Ai) \ S(M1 + :::Mi): (1.2)

In order for spillover to occur, the reservoir species (1) and the spillover host species (2) must both

inhabit a subset ofG (as de�ned as all conceptually available habitat space) in equation 1.2 such that

A1 \ A2, and be close enough biologically that the pathogen can successfully infect both (B1 \ B2).

The intersection ofM between reservoir and spillover host species therefore de�nes the geospatial

context of the interaction between these two species, whether they are community members within

the same ecological assemblage, or one of them is merely a migrant passing through.

This framework can be expanded upon to describe the complete 'Pathogeography' of a system by

de�ning relevant covariate structures, e.g. landscape, biogeographical, and observational features as

depicted within Figure 1.2.
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1.5 Ecological niche models

Core methods at the heart of the BAM methods are ecological niche models (ENM), which attempt to

de�ne the fundamental niche that a species occupies, while the closely related species distribution

models (SDM) includes movement and dispersion to better re�ect the realized niche [185]. Either

of these approaches allow us to create correlative relationships between the occurrence of a species

and the environmental (abiotic) conditions [185, 55]. The algorithms typically deployed include

generalized linear models, generalized additive models and machine learning techniques, such as

boosted regression trees. Additionally, more recent model developments have sought to de�ne a

species distribution through mechanistic relationships, often relying upon the metabolic physiology

of the target species and the habitat space they inhabit [36]. Covariate data is incorporated as

environmental data including climate data (e.g. temperature, rainfall), but any available variables

de�ning a limiting relationship could in theory be used [159]. ENMs and SDMs provide powerful

platforms to work from as after initial model �tting, distributions can be predicted across novel

environmental space, which are of particular use when assessing climate change and habitat loss

[159, 36].

Like all models, the results are dependent on the complexity and accuracy of the input data and

the modelers knowledge of the underlying relationship of the target system [194]. Correlative ENMs

typically use multiple regression, assuming that the species and covariates have been adequately

sampled and species' presence and absence data are available [185]. In many cases, true absences are

unavailable (see chapter 5 for further discussion), so "random background" or "pseudo-absence" data

are often used to �t these models, potentially introducing bias [55]. Correlative ENM are relatively

easy and fast to implement, but often do not provide information on causal mechanisms and are less

suited to extrapolation. Physiological mechanistic ENMs may use microclimate, body temperature

and energy requirements to predict the potential distribution and so may be independent of the species'

known or current range [36]. Mechanistic models, however, require substantial understanding of

host physiology, which is often not available. While mechanistic models can often be complex,

improvements of computational capacity have allowed these models to be used and combined with

correlative approaches to provide additional insights [207, 36]. Increasingly, multiple types of models
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are used to create ensemble models that combine several model outputs to share the strengths and

weaknesses of each constituent member and come to more robust conclusions than each individual

model alone.

Fig. 1.2Descriptions of multi-disease biogeographic patterns:The observed distribution of a
diseaseD, can be describe in it's multi-dimensional space as the subset of areas across which the
geography (G), environment (E), reservoir (R), vectors (V), observations (O), and humans (H) all over
lap. Within a generalized system of all potential diseases, hosts, and environments, species richness,
bioregionalism and chorotypes can be created to represent large scale patterns potentially useful to
the study of infectious disease.Adapted from Murray et al. 2018[159] under the creative commons
attribution license.
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1.6 Barriers to spillover

For a pathogen to emerge from a zoonotic host and enter circulation in human populations to causing

disease a set of "necessary" and "suf�cient" criteria must be met [190, 138, 197]. The presence

of an infectious agent alone does not describe the complete mechanism of infection, but rather, a

number of individual `components' act in concert to result in a disease state. These components

interact with barriers to infection and Plowrightet al.,2017 conceptually visualized these as a series

of mechanistic �lters that a pathogen must pass through in order to successfully infect and replicate

within a spillover host, as shown in Figure 1.3. These �lters can be broadly separated into three

general themes: `Pathogen pressure', `Exposure', and `Probability of infection'.

Pathogen pressurefactors determine the contact duration and intensity of interactions among hosts

to modify the quantity of infectious agent on the landscape. The simplest example of this is species

distributions. As an extreme example, a pathogen maintained within crustation species living deep in

the ocean will have a nearly null probability of transmitting into a Savannah dwelling lion, effectively

setting the equation 1.1b term to 0, asM1 andM2 from equation 1.2 do not overlap. Alternatively,

hosts sharing a biome may naturally come into contact with one another often through competition for

resources. The duration and intimacy of these contact interactions can vary greatly and the prevalence

of infection within the reservoir host population functions to quantify this risk. The density of infected

individuals on the landscape will further modify thatb term, increasing the probability that a spillover

host encounters an infected reservoir host.

Conceptually, once contact has been made between an infectious and noninfectious hosts, the

next key component is the mechanism of infection transmission. Directly transmitted infections

will inherently require a more intimate level contact between individuals to facilitate transmission,

reducing the probability of trans-species infection. If, however, the infectious agent can be shed into

the environment, persist, and remain infectious for a period of time contact suf�cient to transmit from

host to host is more relaxed, and needs to be considered as such when both parameterizing models

and developing disease control measures.

The mechanism of transmission and interaction between theSandI individuals in equation 1.1

are generally grouped into either a frequency, or density based transmission models. Frequency
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Fig. 1.3 Barriers to pathogen spillover and dose-response relationships a)Determinants of
spillover are being studied by researchers in many disciplines.b) A pathogen must overcome a
series of barriers to transmit from one species to another. If any of these barriers is impenetrable,
spillover cannot occur. Spillover of some pathogens requires that gaps (depicted as holes) in all of the
barriers align within a narrow window in space and time. For other pathogens, protracted survival
in the environment, or wide dissemination, may stagger the alignment of barriers to spillover.c)
Top panel: hypothetical dose available over time for a given pathogen. In scenario 1 (dashed light
blue line), the pathogen is excreted consistently from infected reservoir hosts. In scenario 2 (solid
light blue line), the pathogen is excreted in regular but short high-intensity pulses over time. In both
scenarios, the mean dose over the time interval is the same. Bottom panel: the likelihood that this
dose will translate into infection depends on the functional form of the dose–response relationship. If
the dose–response relationship is linear (green line), these two excretion scenarios generate the same
total probability of spillover over the time interval shown. However, for nonlinear dose–response
relationships, the total probability of spillover differs between scenarios. If the relationship is sig-
moidal (red line), there is some probability of spillover whenever the dose exceeds zero (indicated by
the intensity of the red shading in the top panel), but the total spillover probability in scenario 2 is
markedly higher. In the extreme case in which the recipient host can be infected only by a dose that
exceeds a sharp threshold, as suspected forBacillus anthracis, the pathogen in scenario 2 will spill
over when the dose peaks above the threshold (blue solid line near peak), but the pathogen in scenario
1 will never spill over.Reprinted by permission from Nature Plowright et al. 2017 [190]©2017

based transmission rely on the number of infected individuals withing the populations often requiring

intimate contacts to facilitate transmission and best exempli�ed by sexually transmitted diseases.
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Mathematically these are of the general formb SI
N . Density dependent infections like measles have

a term of the general formbSI. Density dependent infections spread rapidly though gregarious

populations as they are more reliant on less intimate contacts between individuals for transmission

and often through aerosol or fomites. Transmission of most infections however, is neither one extreme

or the other and sylvatic maintenance can often shift between contact structures [141, 2, 137, 199].

Theexposurecomponent of this framework is composed of factors contributing to the dose and

route of exposure and often referred to as the 'force of infection' [137]. At one extreme lies aerosol

transmission of measles where millions of viral particles are released into the air where they may

persist of hours in suf�cient quantity to cause infection in a susceptible host [78]. At the other

extreme, as few as 25 bacterial cells may be suf�cient for transmission ofFrancisella tularensis

bacteria [177]. Attempting to parameterize these routes of exposure is complex and requires intimate

system knowledge. These factors are rarely known within the sylvatic and primary spillover context.

Controlled experimental infection trials are therefore desirable to advance system knowledge, yet

these can have considerable logistical and ethical concerns surrounding them.

Finally, once naïve hosts have come into contact with an infected reservoir host and a pathogen is

passed through a viable route of transmission in suf�cient quantity, a pathogen must overcome the

host's barriers to infection in order to successfully invade and establish. Theprobability of infection

depends upon route of infection, with barriers to pathogen invasion including physical means such

as the skin, mucosal membranes designed to ensnare bacteria, cell membranes with highly speci�c

receptor binding sites or other passive innate immune challenges. To successfully propagate infection

to a new host, infecting agents must effectively evade, suppress, or overwhelm the host immune

response to reproduce and then be released from the host to reach another susceptible individual.

1.7 Establishment and endemicity

Following the initial spillover event, most zoonotic pathogens do not immediately become endemic

within the spillover population, rather these pathogens generally have multiple dead-end transmission

events from the reservoir host population [137, 138]. As successive pathogen generations make

the trans-species leap, longer stuttering transmission chains are created in which transmission will
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temporally persist within the host population prior to stochastic fade out. Selection and drift can

allow for accumulation of genetic changes and the development of a phenotype capable of increased

onward transmission [183, 138, 137]. Moreover, the novel spillover host may circulate the infection

back into the reservoir host community, as reverse zoonosis [150]. Eventually, some infectious agents

accumulate enough changes to colonized the new niche and enter endemic maintenance within the

formerly naïve population [138].

1.8 Seasonality and temporal dynamics of infectious disease transmis-

sion

In the context of disease ecology, seasonality, or "seasonal forcing," can be any periodic event that

modi�es how infection moves within or between hosts. Drivers of seasonality are often abiotic and

affect primary production, including annual cycles in rainfall, temperature and photoperiod [2]. These

seasonal events can drive population demographic events, such as synchronous births of mosquito

populations following rains [39]. Additionally, seasonal drivers primarily modify components related

to R0, often by altering contact rates within populations, however seasonal variation in susceptibility

due to nutritional and reproductive status have been recorded [2].

At a �ne temporal resolution, forcing can be incorporated within a single day. Bats are nocturnal,

with daily change in both population densities (they may �y alone at night, but roost in clusters of

hundreds in hibernacula [122]) and physiological state (their metabolic rates can increase up to 16-fold

from resting rates during �ight, only to drop below this `resting' metabolic rate during daily topor

[175]). These diurnal changes effectively change intra- and inter-species interactions and providing

an unequal probability of contact suf�cient to transmit infection throughout the day. In the context of

human infectious diseases, daily, weekly and monthly alterations in behavioral patterns can create

variance in contact networks, altering rates of transmission and the probability of infection persistence

within a population [138]. Events that increase the density, elevate contact rates or bring together

sub-populations of susceptible individuals will increase the spread of infection [77, 2, 37]. One of

the most famous examples of this is the relationships between measles and the return of children to

school following the summer holidays [77]. As these populations of previously dispersed children
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aggregate into close quarters the rate of infection increased and an epidemic wave took off through

the population. Without the inclusion of seasonal forcing, epidemic peaks for measles were less steep

and of lower magnitude then those observed within actual populations [77]. Seasonal forcing can

affect each participant host in unique ways and can be dif�cult to incorporate within dynamic models

as drivers may act independently between host types and act across a variety of temporal scales [54].

Within a bat speci�c context, at tropical latitudes the bi-annual oscillations between wet and dry

seasons create pulses in food availability [50]. Transient resources on the landscape have resulted

in teh development of migratory and nomadic lifestyles among some species to maximize resource

consumption [38, 16]. These life history strategies can create transmission hot spots along migratory

corridors and destinations where locally transmitted infections can enter global circulation [37].

Alternatively, exotic infections can enter local circulation through the inverse processes resulting

in new local endemic transition of a previously exotic infectious agent [37]. At increased temporal

scale, interannual patterns of seasonal oscillations like the El Nino and La Nina events precipitate

trophic cascades creating boom and bust cycles within wildlife populations [73]. Spatial and temporal

scales interact in both predicable and unpredictable ways, modifying much of what we know about

infectious dynamics [2].

1.9 Ecological scale

Much in the way that seasonality can be split by the temporal resolution, ecological scale must

be considered. At the �nest resolution, intra-host factors de�ne relationships between hosts and

pathogens. Infected individuals can be considered as an independent micro-habitat, and need to ful�ll

all metabolic demands of the pathogen to successfully replicate [207]. Infection status determinants

like age, sex, reproductive status and other life history traits modify the susceptibility and disease

outcome [190, 2].

Increasing from an individual to populations, several simplifying assumptions are commonly

made within dynamic modeling. Populations are often considered to be at equilibrium with equal

mortality and replacement rates, population members are considered free mixing, and forcing due

to seasonality affects all members equally. These assumptions are rarely met for wildlife [136, 180],
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and in more complex scenarios where the populations are better understood, subpopulations can be

included to explicitly describe variance between population members.

Meta-populations can be considered as a network of inter-connected nodes, each representing

a distinct population, with parameterized movements between one another. Each node will contain

some simplifying assumptions, but more importantly each node can be independent, containing

unique population sizes and estimations for each term (e.g.b , andR0). Because of the �exibility of

this approach, researchers can computationally simulate complex phenomena like unequal seasonal

forcing which can act to drive infection across the landscape [54, 77].

In the �nal level of abstraction we can consider the concept of ecological communities on

infectious disease dynamics. These systems are maintained through a variety of animal hosts, and,

in some cases, a single pathogen will require multiple reservoir hosts to complete one full life cycle.

Ribeiroria for instance is a genus of trematode parasites that infects snails, amphibians (or �sh) and

�nally predatory birds that act as the de�nitive host (where sexual reproduction occurs) all within a

single life cycle [112]. If a single one of these members is absent, or resistant to infection, sylvatic

maintenance of infection could collapse and disease fade out occur.

In the next section, I introduce bats as exemplars of many of these concepts and conclude with

two case studies, Ebola virus disease and White nose syndrome.

1.10 Bats and disease ecology

Bats are the second most diverse mammalian taxa behind rodents and are nearly globally distributed,

playing an imperative role in environmental health by pollinating plants, predating pest species, and

other ecological services [166]. Bats have been implicated as potential ancestral hosts for some

important mammalian viruses including Severe Acute Respiratory Syndrome (SARS) coronavirus

[79] and Rabies virus [134], and novel viruses are continually described from bat hosts [75, 91].

Traits linked to the ecology, evolution and life history of bats make them `special' reservoir hosts

for pathogens [173, 141, 33]. Viruses associated with bats were found to be hosted by more species

than their rodent counterparts and sympatry of taxonomic members is thought to explain much of

this relationship [140]. Evidence suggests that dense, pathogen permissive communities with high



14 Introduction to emerging infectious disease and their space-time complexities

dispersion and connectivity between one another facilitated by migratory and nomadic behavior allow

bat populations to sustain even acute viral pathogens [93, 4].

The evolution of �ight is hypothesized to facilitate the competency of bats to act as pathogen

reservoirs [173, 134]. During �ight metabolic expenditure increases 15-16 fold, increasing body

temperatures to 40°C and consuming double the energy over the course of a lifetime when compared

it an equal non-volant counterpart [208]. To account for increased metabolic demand, bats have

been discovered to have evolved additional molecular mechanisms to handle oxidative stress at the

site of production, including, by redirecting `Reactive oxygen species' (ROS) chemicals to activate

`self-destruct' pathways when appropriated [33]. Limitations of intracellular pathogens (and tumour

genesis) through autophagy and apoptosis triggered by these intracellular mechanisms rather than

adaptive immune cascades are hypothesized to reduce the occurrence of immunopathologically

induced mortality [229]. These virtually ever-present innate `hyper-vigilance' mechanisms may

not only have selected for incomplete clearance of viral pathogens, but also increased metabolic

tolerance, improving the �tness of viral agents [173]. Resultantly, this may in part explain the

virulence and lethality of bat-derived infections like Ebola virus (see below), to humans and other

mammals. Once cross-species spillover occurs viruses may be already tolerant to many generic innate

immune responses used to suppress viral infection.

While bats as a whole have evolved the ability to drastically increase metabolic rates, some species

are also capable of hibernation by repressing metabolic rates through the use of torpor. Torpor reduces

energy consumption by dropping the body temperature to ambient (or near ambient) temperatures,

resultingly reducing intracellular metabolism [208]. This decreased intracellular metabolism leads

to decreased viral replication, however extended bouts of torpor also suppresses immune function

providing an exploitable weakness for opportunistic extra-cellular pathogens [157]. The lethality of

extracellular fungal pathogens to bats, and in particular WNS, far exceeds that of other infectious

agents and is causing broad population declines among some hibernating bat species across North

America [67, 174].
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1.11 Case Study 1: Ebola virus disease

Ebola virus disease (EVD) is caused by members of the genusEbolavirus(Family Filoviridae) and is

composed of 5 current members, of which 4 are known to cause EVD in humans (henceforth referred

to as "ebolaviruses") and summarized in Table 1.1 [120]. In 1979 EVD �rst emerged along the Ebola

river in what was Zaire, presenting as an acute febrile illness with hemorrhaging and high case fatality

rates [191]. Since then ebolaviruses have emerged sporadically across central and western Africa

[187]. The largest event to date started in 2013 in Guinea, West Africa, ultimately resulting in 26,000+

infections, and 10,000+ deaths [32]. Currently, the second largest outbreak of EVD continues in

the extremely politically turbulent Northern region of the Democratic Republic of Congo (DRC)

[239, 46].

Table 1.1Currently recognized Filoviridae members by the International Committee on Taxon-
omy of Viruses.

Genus Species Abbreviation

Marburgvirus
Marburg virus MARV
Ravn virus RAVV

Ebolavirus

Bundibugyo BDBV
Reston virus RESTV
Sudan ebolavirus SUDV
Tai Forst ebolavirus TAFV
Zaire ebolavirus EBOV

Cuevavirus Lloviu cuevairus LLOV

While EVD outbreaks have caused many human deaths, EVD is also suspected in large scale die-

offs of gorillas and chimpanzees throughout central Africa causing additional conservation concerns

[131]. Despite decades of research and numerous epidemiological investigations all components of

theBAM framework are still unclear. Reservoir host(s) have yet to be con�rmed [210] and while

there seems to be some seasonality to viral emergence no mechanistic driver has been proven [188].

The sporadic nature of EVD outbreaks on the landscape suggests complex dynamics either in the

spillover process and/or the maintenance and propagation of the virus across the landscape.

To date no full viral genomes for EVD causing ebolaviruses have been sequenced from bat

species, yet several key facts point in the direction of a `Chiropteran' host [170]. within non-bat

mammalian species the ebolaviruses have been detected in, with EVD-causing species results in
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acute febrile illnesses with rapid progression to mortality [94]. In contrast, experimental infection

studies have demonstrated the ability of some bat species to mount an effective immune response, and

clear the pathogen with little pathogenesis [210]. Most recently, a full viral sequence was recovered

for a proposed 6thEbolavirusspecies hosted by a molossid bat, however the ability of this virus

to cause EVD is still unknown [75]. Several EVD outbreak events are anecdotally connected with

bats, but no de�nitive evidence of the primary spillover event exist [191]. In the few traceable cases

of spillover, contact with deceased gorillas, chimpanzees or duikers were noted along with their

mortality, suggesting epizootic events may have originated from some primary spillover event [94].

Many questions still remain concerning the competency of bats to propagate the infection in nature,

shed infectious numbers of viral particles, and the mechanisms of spillover into human and non-human

spillover hosts remains undetermined [170].

While many questions still remain unanswered about the sylvatic ecology of ebolaviruses, in-

ferences can be drawn from a sister taxa.Marburgvirus marburgvirus(MARV, family Filoviridae)

emerged in clinical research primates imported from Africa into research facilities in Marburg, Ger-

many, infecting staff [98]. Since then sylvatic maintenance of MARV has been linked to the large cave

dwelling populations ofRousettus aegyptiacus[192]. Similar to Ebola virus in bats, MARV infection

in R. aegypticusresults in the production of an immunizing response with a short window of viral

shedding [211, 5]. Temporal analysis of MARV infections and virological work suggest that despite

the narrow window of viral shedding, synchronous shifts in population demographics enable viral

maintenance [4]. The highly synchronous bi-annual birthing ofR. aegyptiacuswould large numbers

of individuals becoming susceptible simultaneously, however this may be partially dampened by the

waning of maternally derived antibodies providing a more sustained pool of susceptible hosts [180].

These younger bats inhabit sub-optimal roosting space where they are constantly in direct contact

with excreta from adults roosting above them, and presumably resulting in MARV transmission [4].

In contrast to the MARV system, serological evidence of ebolaviruses implicates foliage roosting

species of fruit bat with far less gregarious populations thanR. aegyptiacus[170]. Computational

simulations have suggested that the same synchronous pulses in population demographics observed

within the MARV system may allow for the endemic persistence of ebolaviruses with achievable CCS

[93]. Separate machine learning analyses correlated speci�c host traits including the biannual birth
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pulses and synchronous birth events with �lovirus hosts [84]. While locally synchronous, spatial

heterogeneity in the timing of the birth pulses is capable of causing a complex enzootic (endemic)

state, and theoretically responsible the sporadic EVD spillover events observed.

In the context of theSIRdisease dynamic modeling this case study brings many new facets to

the system of equations. The maternally derived antibodies (MDA) acquiredin uteroare believed

to functionally protect the fetus during gestation and may be continually replenished while the pup

continues to suckle off the mother [56]. This period, represented byM, is a new state, thus creating a

linearMSIRstructure of the form:

N = M + S+ I + R

dM
dt

= Bt � R� s t � M � m� M

dS
dt

= Bt � S+ s t � M � bt � S� I � m� S

dI
dt

= bt � S� I � gt � I � m� I

dR
dt

= gt � I � m� R

(1.3)

In addition to the inclusion of aM category, population demographics are included as the termsB

representing the birth rate, andm, the mortality rate. A time varying birth pulse can take many forms.

One recent one allows births to be modeled as a `periodic Gaussian' function, so that birthing can be

seasonally pulsed, but does not stop and start abruptly like a step function [93, 180]:

bt = k
p

(
s
p

) � exps� cos� p� t� w� phi2 (1.4)

While the high synchrony of births allows for large swings in the susceptible population, this is

tempered by the more steady introduction of theM class animals, as maternally derived antibody is

lost at rates . This structure can be further developed by including factors such as age structure and

density-dependent mortality, similar to [93].
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1.12 Case study 2: White-nose syndrome

The emergence ofPseudogymnoascus destructans(Pd), the causative agent of WNS in 2006-2007 has

severely impacted the hibernating bat species of eastern North America [26, 66]. The psychrophilic

(cold-loving) fungus infects hibernating bats, disrupting the delicate energy balance required for

overwinter hibernation and causes the premature depletion of overwinter energy reserves. Northeastern

bat populations have seen severe population declines, local expatriations, and changes in community

structure [67]. During the winter of 2016 the fungus was detected in Washington state, signifying

the arrival of WNS to the more biodiverse western bat populations [83]. As the fungus continues

to spread through western North America, researchers are working diligently to better understand

what measures can be taken to protect these at risk communities. Interestingly, and importantly for

understanding the potential long term impacts,Pd appears to be an introduced clone from Eurasia

[53], where the bats have apparently co-evolved to live with this environmentally persistent fungus

[106].

At the scale of a single hibernating bat infected withPd, we can again return to theBAM

framework. The disease state of WNS is largely due to the interaction between the bats' hibernation

physiology and the abiotic conditions required for hibernation [229, 237]. In order to survive the

resource poor winter period, bats rely on the use of torpor to manage available energy resources

[108, 208, 234]. By dropping their metabolic rate and body temperature to ambient temperatures,

bats minimize their energy consumption [215, 208]. This biological conformation to the abiotic

conditions for hibernation affect infection by thePd fungus in two ways: 1) fungal growth on the

dermis would be inhibited at normal euthermic temperatures [228, 42], and 2) during torpor the

immune functionality of bats is severely diminished, eventually leading to the colonization of the bats

most vulnerable areas, the wings and snout [237]. If an infected bat can make it through the duration

of hibernation, the bats' return to euthermic body temperatures in the spring will inhibit fungal growth

and an up-regulated immune systems will work to clear infection and heal lesions [228, 42]. While

the fungus may permanently live in the environment [65], it is only by the seasonal reduction in the

hosts barriers to infection that infection is possible [190].
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To scale up from a single bat infected withPd into a single population we can return to a system

of differential equations. Bats on the landscape during the summer could be considered a `resistant'

population (R), as they do not seem to be infected at pathogenic level [228], so we can create a

periodicRISmodel to describe the movement of bats in and out of the susceptible state. Bats in the

summer give birth at rateBt and die at their natural ratemn. As uninfected bats enter hibernation

at the rate ofa , they can become infected from the environmentally persisting fungus at ratee, or

by contact with an infected individual at the rateg. These bats remain infected byPd over winter,

dying at a rate (mi), likely determined by fungal load [236]. As spring arrives, bats exit hibernation

back onto the landscape and re-enter the resistant population at the rateb. Prior to WNS, most bat

mortality overwinter in hibernation was close to 0 [209], yet to balance populations natural mortality

(not due to infection) would be included asmn.

R
dt

= Bt � R� mn � R� a � R+ b � (S+ I)

dS
dt

= a � R� b � S� e� S� g� I � S� mn � S

dI
dt

= � b � I + e� S+ g� I � S� mI � I � mn � I
(1.5)

This model is a gross simpli�cation of a complex system. The integration of host energetic physiology,

overwinter torpor dynamics coupled with temperature and humidity dependent fungal growth dynam-

ics leads to a complex system of equations that remain an area of active research [96, 80, 81]. Later in

this thesis, I use a series of coupled models [81] with spatially explicit covariates to model the im-

pacts of spatially varying phenotypic traits (body mass) and behavioral traits (overwinter hibernation

duration), to determine the possible impact ofPd on an at risk North American bat species.

1.13 Where to next?

Ecological and infection dynamic modeling are data hungry processes, requiring simpli�cation where

necessary, and high quality parameter value estimation where available. However, both can be used in
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scenarios with limited data to test and/or develop hypothesis (e.g. [93, 176]). Depending upon the data

type and resolution available ecological methods can be employed to tease apart complex reservoir

systems [164, 69], determine abiotic drivers of infection [184], or provide spatially and temporally

de�ned risk maps [187, 188, 203]. Despite these `successes', there are numerous challenges and

caveats to the analysis of infectious disease data, often relating to low sample sizes, and unequal

sampling of available species. These de�ciencies are highlighted within the research chapters where

necessary and more conceptually within the �nal discussion of this dissertation. More generally,

however, there are two main research gaps. First, many studies address ecological and infectious

disease processes in either space or time, but not both. Second, many studies use correlative analyses

to understand disease dynamics using phenomenological models, but often miss the underlying

mechanistic processes of the infection or disease processes. In the rest of this thesis, my work aims to

address these gaps by: 1) using statistical approaches to address data gaps in spatially and temporally

varying data sets, and 2) developing spatio-temporal models that integrate necessary and suf�cient

causes that can explain disease dynamics.

I explore spatio-temporally varying processes relating to Ebola virus disease outbreaks, thought

to be derived from bat reservoirs in Africa, and white-nose syndrome killing bats themselves in North

America. Both research projects are extensions and developments of previous modeling works guided

by the ideas of iterative model development and model guided �eldwork (MFG) [194]. Within the �rst

two chapters of this dissertation I continue work on the hypothesis that the seasonality of bat birthing

events drives ebolavirus spillover events, dynamically modeled within Hayman, 2015 [93]. In order

to accomplish this I �rst creating a spatial and temporal model of bat birthing events in Chapter 2.

The results of this work are subsequently used in Chapter 3 to �nd correlative relationships between

these birthing events and known ebolavirus spillover. Both Chapters 2, and 3 combined within a

single manuscript recently published in the journalEpidemicsand included as the �nal Appendix G.

The last research chapter, Chapter 4, focuses on the spatial variations in seasonal forcing and host

traits to re�ne a predictive model of WNS disease outcome initially published within Haymanet

al., 2016 [96] and is being prepared for submission toThe Proceeding of the Royal Society B. By

challenginga priori de�nitions and altering the model framework to account for variance in host traits

we create updated estimates of the impact that WNS may have on hibernating bats in western North
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America. Additionally, Appendix D and E are included to better de�ne the hibernation energetics

model deployed in chapter 4 and represent work completed that I was a co-author on, developing and

re�ning methodology. All statements of contribution for publication are collected and presented in

Appendix F.





Chapter 2

Spatial and temporal patterns of birth

pulses among African bats

2.1 Introduction

Bats, of the order Chiroptera, are an ancient mammalian lineage covering every continent aside from

Antarctica, and inhabit remote islands such as Hawaii and New Zealand [166]. Body sizes covers

nearly 3 orders of magnitude from the smallest insectivores weighing a couple grams all the way

to the �ying foxes that can weigh in at 1Kg+ [166]. While many people do not realize it, bats play

critical environmental roles in crop pest control, seed dispersion, and pollination and are in fact

the sole pollinators for such vital crops as the blue agave (which is then fermented into tequila and

mescal!). Bat species inhabit diverse environmental niches and have diverse dietary requirements to

match including carnivorous, piscivorous, frugivorous, insectivorous, nectivorous, and sanguivorous

lifestyles [166]. Due the high energy usage of �ight the life histories of bats are intimately tied to the

seasonality of the food resources they rely on [208, 50].

In sub-Saharan Africa resource availability is transient across the landscape, driven by cyclical

patterns of wet and dry seasons [50]. Within equatorial Africa the year is de�ned by the long and short

dry periods, and intense wet periods following each. These climatic shifts cause peaks and troughs

in the availability of both fruits and insects, two of the primary foodstuffs for African bats. At more

southern latitudes only a single annual cycle of wet and dry seasons exists, with the rains following the
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long dry season contributing most of the rainfall for the year. The resulting "green wave" oscillating

between tropical and subtropical Africa creates a dynamic landscape of food availability that many

species of bat have exploited though the development of migratory or nomadic strategies and seasonal

birthing life histories [50]. Some bat species to traverse great distances for food,including the African-

straw colored fruit bat,Eidolon helvum, is recorded to travel 2518 km in 149 days following the fruit

pulse in northern Zambia to the Democratic Republic of the Congo (DRC) [196]. Eidolon helvumand

species like the hammer headed bat (Hypsignathus monstrosus) show very little population structure

across western and central African populations and are considered panmictic across their distributions

[89, 181].

The reproductive period in bats represents a life history events under strong selection pressure

and can be limited by factors including calcium demand [10], water availability [12], predation levels

[59], and parasitism. Bat species use complex environmental cues to time the parturition of young and

subsequent weaning of the young pups with peak resource abundance across this dynamic landscape

[193, 50]. Accordingly African bats species tend to have synchronous birthing events just prior to the

seasonal rains such that the following periods of peak resource availability correlates with weaning

of the pups. To achieve this bats have evolved a series of reproductive delay mechanisms, including

delayed implantation, delayed fertilization, or retarded fetal growth to postpone parturition until

still unde�ned environmental cues foretell the coming resource abundance [50]. Previous research

has proposed the division of the Chiropteran family into three useful sub groups based upon shared

reproductive features: African fruit bats (pteropodid bats, family: Pteropodidae); molossid bats

(family: Molossidae); and non-molossid microbats [50]. At equatorial latitudes African fruit bat and

non-molossid microbat species are generally biannually polyestrous, yet at more temperate latitudes

species shift to a monoestrous with a single annual birth pulse. Insectivorous molossid bats reproduce

nearly continuously through the equatorial region with strong bi-modal seasonally polyestrous in

the seasonal climates >� 10� S. Within the African fruit bat sub-group, variation further complicates

things. The Straw-colored fruit bat (E. helvum) and other monoestrous fruit bat species only display a

single annual birth pulse following the long dry period, while other species capitalize on the biannual

pulse of resources to rear another litter of young. Populations that span both equatorial and temperate

Africa, like the Egyptian fruit bat (Rousettus aegypticus), display reproductive trait plasticity with
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2 birth pulses through central and western Africa and a single pulse at more southern latitudes.

Seasonal shifts in resource availability and reproductive status impact the health of poulations and

are believed to contribute to the spillover of dangerous pathogens from their sylvatic bat hosts into

humans [93, 4, 84].

As the human population continues to grow, shifts in land use, deforestation, swamp reclamation,

wind power generation and human encroachment are increasingly identi�ed as conservation concerns

[174] .Globally increased interactions between human and bat populations have resulted in the

spillover of several notable pathogens including Hendra virus, Nipah virus, and �loviruses (e.g.

Marburg virus and Ebola virus)[113]. Ebolavirus(family Filoviridae) have been sporadically emerging

across sub-Saharan Africa since 1979, and while anecdotal evidence from a number of outbreak events

implicates bats, limited direct evidence corroborates this [200, 191]. Cross-sectional serological

studies have implicated several species of African fruit bats, yet no live virus has been isolated from

these bats [187] despite the detection of viral fragments from some bat species [75, 192]. With the

exception of the AsianReston ebolavirus(RESTV), all recognized viral species are highly pathogenic

to most mammalian hosts causing Ebola Virus Disease (EVD), an acute, sometimes hemorrhagic

fever with high rates of mortality [32]. Experimental infection studies have demonstrated mortality in

fruit bat species is limited by the production of an immunizing response to infection, yet their true

competency as an ecological maintenance reservoir is still very much in question [210, 130].

Infection dynamic simulations and machine learning analyses have independently identi�ed traits

associated with fruit bat species as correlative with traits required to maintain �loviruses in sylvatic

transmission [93]. Chief among these traits is a highly synchronous, biannual birthing pattern and

the inhabitation of dense forest patches [84]. Research intoMarburgvirus marburgvirus(MARV),

a sister genus toEbolaviushas identi�edR. aegypticusas the reservoir host, and spillover events

are seemingly correlated with the timing of birth, and the waning of maternally derived antibodies

[4, 180].

Previous studies on the spatio-temporal occurrence of EVD spillover have used environmental

covariates in their correlative approach [187, 188]. These are useful, because they provide continuous

data and show the seasonal change in risk for EVD outbreaks. However, a gap exists on the linkages

between seasonality in bat birthing and EVD outbreaks and on bat birthing itself [50]. One reason for
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this gap is an absence of bat birthing data in space and time. Within this work, I create a framework

by which I can test the hypothesized mechanistic relationship between the environmental factors

driving bat birthing and ebolavirus spillover occurrence, which I present in Chapter 3. In this Chapter

I compress decades of bat reproductive ecology into a single recirculating year and use ecological

niche modeling (ENM) techniques to create predictions of when and where African bats will give

birth.

2.2 Methods

2.2.1 Chiropteran parturition data mining

Bat species that have been implicated in �lovirus transmission either through RNA or antibody

detection methods [84, 232] were systematically queried through Walker's Bats of the World [166],

Scopus, Web of Science, and Google Scholar. Generalized search terms including: “Birth*”; “Breed*”;

“Reproduc*”; “Partur*” along with the Latin binomial and common species names were used. Bat

species that had undergone taxonomic reassignment were queried under all names. Species that

had been implicated in global �lovirus transmission, but did not reside in Africa, were queried at

the genus level to identify representative sister species. Preliminary results suggested insuf�cient

sample sizes to model parturition on a consistent per species, or per genus basis. Species were

then aggregated into three taxonomic clusters: African fruit bats (family:Pteropodidae), molossid

bats (family:Molossidae, and non-molossid microbats, according to Cumming and Bernard [50].

Publications were accessed by hand and the location and month of parturition events were extracted.

Data points were restricted to those within mainland Africa. Studies that reported suckling neonates,

lactating females, or attached pups were excluded as parturition events as they did not provide accurate

indication of the date or location of parturition. Additional points for non-implicated species were

added opportunistically as discovered and an African bat specialist (A. Monadjem) was consulted to

help �ll holes in the dataset primarily by identifying additional species reassignments, and to identify

overlooked literature in attempt to expand the data set to all mainland African bats. All gathered data

was then compiled into a single, recirculating year for further analysis.
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Fig. 2.1Spatial and temporal occurrence of bat birthing records obtained from the literature.
All results from mainland sub-Saharan Africa for the date and location of bat birth events. African
fruit bat species are in green, molossid species in blue, and non-molossid microbats in orange. The
gray background represents the study region and regions in white were excluded from this analysis.
Left: Spatial locations of recorded observations.Right: Number of birthing observations in the
literature by taxonomic group collapsed into a single year and aggregated by month.

2.2.2 Covariate data

Covariate data was assembled and is summarized in Table 2.1. Covariate layers were blocked into static

variables and temporally dynamic variables depending on the data availability and hypotheses being

tested. The static covariate layers used included those describing mammalian species biodiversity

(both bat and non-bat) [109], land cover [172], and four of the 19 Bioclimatic variables representing

30 year average for precipitation seasonality, mean diurnal range, temperature seasonality, and

temperature annual range [64]. Temporally dynamic covariate layers were used to describe mean

monthly temperature, average monthly precipitation, potential evapo-transpiration [219] and an

enhanced vegetative index [107].

Considering the vast size of Africa the study extent was restricted to locations in Africa receiving

more than 500mL of precipitation annually as suggested by Schmidtet al. 2017 [203]. All covariate

layers were cropped and masked to the precipitation layer, resolution was aggregated to 25km raster

blocks and temporally dynamic covariates were normalized (mean zero and standard deviation of 1).
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Table 2.1Co-variate layers for ecological niche modelingStatic co-variate are stationary across the
landscape while temporal variables were collected for all months.

Description Variable Type References

Non-volant mammalian biodiversity Static [109]
Land cover (modi�ed) Static [172]
Precipitation seasonality Static [64]
Mean diurnal range Static [64]
Temperature seasonality Static [64]
Temperature annual range Static [64]
Mean monthly temperature Temporal [64]
Mean monthly precipitation Temporal [64]
Potential evapo-transpiration Temporal [219]
Enhanced vegetative index Temporal [107]

All spatial handling was preformed within R [213], using tools in thesp [179], raster [101], and

rgdal [25] packages.

2.2.2.1 Mammalian diversity layers

Covariate layers describing non-bat mammalian, African fruit bat, molossid, and non-molossid

microbat diversity were created using the IUCN Red List terrestrial mammal distribution database

[109]. Classi�cation by taxonomic rank was performed bytaxize package [41] and manually

checked by hand (seeDiversityRasters.R ) and the number of overlapping distributions for each

cell within the study area were counted to create the diversity raster layers.

2.2.2.2 Land cover

The global land cover database [172] was obtained for the year 2009 and custom aggregation was

used to reduce the number of classes from 23 to �ve as described by Table 2.2.

2.2.3 African bat birth pulse modeling

The birth pulses for each of the taxonomic clusters were modeled though a modi�ed ecological niche

modeling (ENM) procedure devised for this analysis. Standard ENMs use occurrence (or occur-

rence/absence) and covariate data to create regressive correlations between observed environmental
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Table 2.2Reclassi�cation of land cover variables originally included in the global land cover
data set [172]

Value Label Class

11 Post-�ooding or irrigated croplands (or aquatic) crop
14 Rainfed croplands crop
20 Mosaic cropland (50-70%) / vegetation (grassland/shrubland/forest) (20-50%) crop
30 Mosaic vegetation (grassland/shrubland/forest) (50-70%) / cropland (20-50%) grass
40 Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) forest
50 Closed (>40%) broadleaved deciduous forest (>5m) forest
60 Open (15-40%) broadleaved deciduous forest/woodland (>5m) forest
70 Closed (>40%) needleleaved evergreen forest (>5m) forest
90 Open (15-40%) needleleaved deciduous or evergreen forest (>5m) forest
100 Closed to open (>15%) mixed broadleaved and needleleaved forest (>5m) forest
110 Mosaic forest or shrubland (50-70%) / grassland (20-50%) forest
120 Mosaic grassland (50-70%) / forest or shrubland (20-50%) grass
130 Closed to open (>15%) (broadleaved or needleleaved; evergreen or deciduous) shrubland (<5m) grass
140 Closed to open (>15%) herbaceous vegetation (grassland; savannas or lichens/mosses) grass
150 Sparse (<15%) vegetation grass
160 Closed to open (>15%) broadleaved forest regularly �ooded (semi-permanently or temporarily) forest
170 Closed (>40%) broadleaved forest or shrubland permanently �ooded - Saline or brackish water forest
180 Closed to open (>15%) grassland or woody vegetation on regularly �ooded or waterlogged soi grass
190 Arti�cial surfaces and associated areas (Urban areas >50%) urban
200 Bare areas other
210 Water bodies other
220 Permanent snow and ice other
230 No data (burnt areas; clouds;...) NA

phenomena and species observations. In this instance, we re-purposed these models to correlate

phenological environmental signals with bat birthing events within a temporally dynamic framework.

Birthing events identi�ed through the data mining were split by taxonomic grouping as described

above and observation/absence matrices were generated to a sliding two month window. Records

of a birth within the window were recorded as an occurrence within the 25x25km cell in which it

was observed. All locations for which there was a recorded birth for within the taxon group, but no

births were observed in those months were deemed “absence points” and were entered back into the

dataset for modeling. The two month sliding window was chosen to re�ect the non-discrete nature of

birthing within wild animals and to help account for de�ciencies in the source data. An additional ten,

randomly generated, down-weighted (0.001) points (�ve occurrence and �ve absence points) were

added to all models. This measure was taken to ensure the representation of all land cover categories

in all models, and provide necessary pseudo-absence points in a small number of cases in which an

insuf�cient number of absence points existed, while having minimal impact on the model outcomes.

Temporal covariate data was selected using a wider six month sliding window centered on the

same two month window used for the occurrence/absences and included the two preceding, and two

following months. Due to the inherent correlation of the covariate layers (especially the temporally

dynamic covariate layers) and general non-independence of all selected environmental metrics, a

raster based principal components analysis (PCA) method was used to reduce the dimensionality of
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all continuous predictors into six orthogonal principal components using therasterPCA function

of the package RStoobox [133]. The categorical land cover variable was then added to the other

dimensionally reduced covariates and occurrence/absence data were fed into thebiomod2[218]

framework.

ENMs were procedurally generated for all taxonomic clusters and all pairs of consecutive months

where the number of combined observations was greater than 7. Ten iterations of the potential eight

preliminary models (generalized linear model, generalized boosted model, classi�cation tree analysis,

arti�cial neural network, surface range envelope, �exible discriminate analysis, random forest and

maximum entropy) were computed using a standard 70:30 training:test ratio. Ensemble models were

then compiled based on the weighted mean of the receiver operating characteristic (ROC score) to

create a single consensus layer with the probability of event occurrence between 0 and 1.

2.3 Results

A total of 63 articles provided information on 14 African fruit bat species, 7 molossid species, and 43

non-molossid microbats at 75 unique locations, totaling 164 event records (Figure 2.1, Table 2.3). Of

these, 89% were retained with 8 records discarded as outside of our study extent within mainland

Africa. The African fruit bats were the only bats with births observed in every month with a maximum

of 104 of the total 159 unique observation locations giving birth in the month of March. There were

no observed births within our data set for the month of October for the molossid bats. There were no

recorded births for non-molossid microbats within the months of January, February, July or August

within the literature queried.

Table 2.3Data mining results for African bat birthing. Species are categorized as members of
the Pteropdidae(African fruit bats), Molossid bats, or non-Molossid microbats. The column
"Annual Births" describes the number of esterus cycles the species exhibits. Depending on
geographic location this may vary within a single species. "Locations" details the number of
unique geographic points were births were described within the literature.

Species Annual Births Locations References

Pteropodidae

Continued on next page
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Table 2.3 – continued from previous page

Species Annual Births Locations References

Casinycteris ophiodon 1 1 [243]

Eidolon helvum 1 3 [160, 214, 70, 58]

Epomophorus gambianus 1-2 3 [45, 142, 217]

Epomophorus labiatus 2 1 [168]

Epomophorus wahlbergi 1-2 2 [155, 240]

Epomopos buettikoferi 2 2 [217, 119]

Epomopos franqueti 2 3 [14, 115, 168]

Hypsignathus monstrosus 2 3 [30, 116, 243]

Micropteropus pusillus 1-2 6 [13, 169, 230, 142, 102, 217]

Myonycteris angolensis 1 2 [45, 243]

Myonycteris leptodon 1-2 3 [214, 243]

Myonycteris torquata 2 1 [13]

Nanonycteris veldkampi 1 2 [243, 142]

Rousettus aegyptiacus 1-2 12 [243, 142, 99, 110, 1, 116, 169,

45, 6, 161]

Molossidae

Chaerephon pumilas 2-3 4 [221, 85, 162, 147]

Chaerephon pumilus 1 1 [154]

Mops condylurus 2 5 [231, 85, 175, 162]

Mops midas 1 1 [205]

Otomops harrisoni 1 2 [162]

Tadarida aegyptiaca 1 1 [23]

Tadarida fulminans 2 1 [48]

Non-MolossidaeMicrobats

Cardioderma cor 2 1 [226]

Continued on next page
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Table 2.3 – continued from previous page

Species Annual Births Locations References

Coleura afra 2 1 [147]

Eptesicus hottentotus 1 1 [87]

Hipposideros abae 1 1 [230]

Hipposideros beatus 1 1 [34]

Hipposideros caffer 1 3 [17, 7, 149]

Hipposideros caffer rubber 1 2 [230, 243]

Hipposideros cyclops 1 1 [230]

Hipposideros gigas 1 2 [146, 35]

Hipposideros rubber 1 1 [105]

Hipposideros vittatus 1 1 [49]

Lavia frons 1 2 [230, 227]

Miniopterus fraterculus 1 1 [15]

Miniopterus in�atus 1 1 [35]

Miniopterus minor 1 1 [148]

Miniopterus natalensis 1 4 [22, 15, 19, 225]

Myotis bocageii 2 1 [34]

Myotis tricolor 1 1 [20]

Neoromicia capensis 1 1 [220]

Neoromicia nanus 1 4 [223, 129, 16, 175]

Neoromicia somalicus 1 1 [175]

Neoromicia zuluensis 1 1 [86]

Nycteris grandis 1 1 [60]

Nycteris hispidar 2 1 [230]

Nycteris nana 1 1 [230]

Nycteris thebaica 1 1 [17]

Continued on next page
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Table 2.3 – continued from previous page

Species Annual Births Locations References

Nycticeinops schlieffeni 1 3 [224, 175, 86]

Pipistellus rusticus 1 1 [222]

Rhinolophus basii 1 1 [86]

Rhinolophus capensis 1 1 [21]

Rhinolophus clivossis 1 1 [21]

Rhinolophus darlingi 1 1 [206]

Rhinolophus fumigatus 1 1 [86]

Rhinolophus landeri 1 1 [149]

Rhinolophus mossambicus 1 1 [47]

Rhinolophus simulator 1 2 [47, 175]

Scotoecus hirundo 1 1 [175]

Scroptophilus borbonicus 1 1 [224]

Scroptophilus dinganii 1-2 3 [175, 223, 169]

Scroptophilus leucigaster 1 1 [10]

Scroptophilus vividis 1 1 [224]

Taphozous hildegardeae 2 1 [148]

Taphozous mauritianus 2 2 [86, 175]

EMNs were generated for all three bat taxonomic groups for 34 of 36 possible month pairs, and

full model results are summarize in Table 2.4 and Figure 2.2 as well as Appendix A A.1- A.3. Models

were not made for January-Febuary and July-August for the non-molossid microbats as all months

had no birth observations with our dataset. ROC, sensitivity and speci�city scores were high across all

models as expected through ensemble modeling techniques, with most scores within 5% of maximal

values and virtually all scores within 15% (Table 2.4).

At equatorial latitudes (� 10� ) African fruit bats and non-molossid microbats were predicted to

experience conditions suitable for biannual birthing seasons. For the non-molossid microbats results

suggest 2 three month birthing windows centered in April and November. Fruit bats results predicted a
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Table 2.4Ecological niche model ensemble scores.The abbreviations abr, mic, and mol, represent
African fruit bats, non-molossid microbats and molissid bats respectively. The numbers included
within the model names are the calender months over which the model was produced. No models
were created for January-February, and July-August for the non-molossid microbats.

Model ROC Sensitivity Speci�city

mic2.mic3 0.986 96.296 96.97
mic3.mic4 0.979 97.959 87.013
mic4.mic5 0.985 97.561 89.412
mic5.mic6 0.993 97.222 98.889
mic6.mic7 0.995 100 98.131
mic8.mic9 0.997 100 97.368
mic10.mic11 0.994 96.154 100
mic11.mic12 0.993 92.683 100
mic12.mic1 0.985 98.551 91.228
mol1.mol2 0.969 100 82.222
mol2.mol3 0.993 100 90.625
mol3.mol4 0.993 100 93.75
mol4.mol5 0.983 96.296 93.939
mol5.mol6 0.952 95.238 84.615
mol6.mol7 0.96 95.238 84.615
mol7.mol8 0.962 90.476 89.744
mol8.mol9 0.976 84.211 100
mol9.mol10 0.972 84.211 100
mol10.mol11 0.952 92.308 88.235
mol11.mol12 0.961 90.244 100
mol12.mol1 0.969 93.478 92.857
afb1.afb2 0.987 97.015 91.589
afb2.afb3 0.988 99.01 93.151
afb3.afb4 0.991 96.124 95.556
afb4.afb5 0.994 97.248 95.385
afb5.afb6 0.992 94.643 96.61
afb6.afb7 0.988 96.364 94.958
afb7.afb8 0.983 94.444 94.118
afb8.afb9 0.982 92.553 96.25
afb9.afb10 0.991 93.75 100
afb10.afb11 0.994 95.918 100
afb11.afb12 0.991 94 98.387
afb12.afb1 0.989 95.349 96.183

particularly broad and temporally meandering peak of habitat suitability associated with the cessation

of the long dry period, potentially in�uenced by the monoestrous species. Molossid species had

predicted suitable conditions for birth nearly continuously throughout the year (Figure 2.2) within

these latitudes.
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Above � 10� N the signal of habitat suitability were modi�ed for all taxonomic groups. Non-

molossid microbat patterns changed the least and suggested a halving of the duration of habitat

suitability during the �rst birth pulse of the year. The magnitude for the second annual pulse was

reduced, but temporally consistent with predicted habitat suitability across all other latitudes. The

predicted suitability for fruit bat birthing lost much of the bimodal signal which was replaced by a

single broad suitable period between May and November. Molossid bat birthing patterns were also

predicted to shift to bimodal with peaks centered in March and October.

At more southern latitudes (>� 10� S) predicted molossid species results again suggested a reduc-

tion in habitat suitability to a biannual birthing pattern with a high degree of synchronicity following

to the long dry season. Both fruit bats and the non-molossid microbats were predicted to reduce

births at southern latitudes to a monoestrous reproductive cycle with births prior to the end of the long

dry season. Results for the fruit bat species suggest transient suitability during the �rst half of the

year, yet model results and previous research [16] suggest that the majority of births take place in

association with end of the long dry season. These results are largely consistent with previous work

[16, 86, 156, 87], but critically provide a continuous metric describing both the spatial and temporal

aspects of the phenomenon.

2.4 Discussion

Evolutionary, environmental, and phenological processes undoubtedly drive the timing and location

of bat breeding and birthing, yet these intricacies have yet to be fully and mechanistically described.

Sparse data exist for the timing bat births, especially in mainland tropical Africa [50, 156]. Within

this work we combine 50+ years of ecological research into a single, recirculating year of spatio-

temporally de�ned bat birthing events. Using these records, and spatially explicit covariates describing

seasonality of rainfall and primary production, we created a series of EMNs to capture the monthly

probability of suitable habitat for bats to give birth in across sub-Saharan Africa.

For the simpli�cation of interpretation we have assumed that our areas of predicted habitat

suitability correspond to the actual occurrence of bat births. Patterns observed in this analysis are

largely consistent with latitudinal patterns previously published [50, 16], yet represent a signi�cant
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Fig. 2.2Probability of birth of African bats Top row: African fruit batsMiddle row: Molossid
batsBottom row: Non-molossid microbatsLeft: Mean annual probability of a bat giving birth
spatially. Grey represents low values while more intense colors denotes regions where a environmental
conditions correlated with bat birth events are met. White regions were excluded from this study.
Right: Probability of birth by latitude and month. Height and color intensity are proportional to
relative number of species giving birth within the latitudinal window.
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contribution to the literature due to the spatial and temporal extent of predictions. Both fruit bats and

non-molossid microbats are predicted to experience habitat suitability for biannual birth pulses within

� 10� of the equator. Previous work found partition of African fruit bats� 2 weeks to a month before

non-molossid microbats [50], which was further supported by our �ndings. Suitable birth conditions

for molossid bats were present nearly year round and was consistent with previous descriptions.

However, our models predict a reduction to a bi-modal breeding pattern at more temperate latitudes

�� 10� . Additionally, our model predicts a single and more broad time of suitability for fruit bat

birthing above� 10� , a phenomena not previously reported.

The timing of bat births are thought to correspond with maximal resource abundance, likely

driving the spatial and temporal heterogeneity in birth events across the landscape [50]. Global studies

of bat reproductive patterns suggests the weaning of young as the most evolutionary selective period

during early life history [121], and as such bats have evolved mechanisms by which to maximize

resource availability for their during this period [193, 50]. Insects reach peak abundance� 1 month

after the onset of seasonal rains in equatorial Africa [50], with the duration of lactation typically

averaging 6 weeks for insectivorous bats[193]. This places insect peak abundance squarely withing

the expected period of weaning. Maximal �owering occurs at about the same time as insect abundance

yet peak fruit availability follows sometime after [50]. Accordingly, lactation for fruit bat species

typically lasts sometime between 10 and 13 weeks [217], and again placing weaning and learning to

forage into the periods of high resource abundance. These patterns of habitat suitability are broad, and

intra-species variation in prey/ foraging preference and time to neonate independence will ultimately

de�ne where within the predicted suitability peaks each speci�c species give birth.

Data availability ultimately required the use of several simplifying assumptions, most notably the

consolidation of species into the taxonomic groups. This simpli�cation creates scenarios in which

within a single location and pulse of habitat suitable for birth, two taxonomic members may give

birth at different, non-overlapping times. Additionally, a single species at two separate locations

could conceivably give birth at different times within a broader birth pulse due to localized resource

preference/ availability patterns. A considerable amount of investment is required to discern these

patterns for each species and to date most work has been focused on a few, widely distributed fruit

bat species (e.g. Eidolon helvum, Rousettus aegyptiacus, andMicropterpous pusillus). Only three
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species of non-fruit bat species included records from more than three separate publications and the

rates of species representation per taxon were much lower (species represented/total species within

the taxonomic cluster). The over representation of just a few species within the dataset may be

disproportionately in�uencing the de�nition of birth habitat suitability, but without increased record

availability this work still represents the most complete description available.

Going forward there are three main areas to be addressed. First, as additional museum records

are digitalized, gray literature becomes more search-able and additional �eld observations are made,

species speci�c (or even genus speci�c) models may become viable. Increased acknowledgment

towards the roles of bats as potential reservoirs for viral pathogens has already increased study into

the natural history of several fruit bat species [204], yet the sylvatic role of more rare and dif�cult

to capture species will likely remain unde�ned for an extended period. Second, with the currently

available data there are no ways by which to establish abundance estimates. Incorporation of relative

abundance and/or community compositions would be a boon to infectious disease and ecological

researchers alike providing insights to effectively manage resources and health at the human wildlife

interface. Lastly, the period at which these records were collect spanned nearly a century. This fact

necessitated the use of a recirculating year, yet inner-annual weather patterns and intra-annual variation

are likely to in�uence results in so far undetectable ways. As global climate change accelerates,

along with land-use changes, the use of a "standard" year may no longer be relevant approach as

environmental metrics drift away from historical averages and more chaotic patterns may emerge.

In the next Chapter 3 I use the results of this work to test the hypothesis that bat birthing is linked

to EVD outbreaks.



Chapter 3

Predicting Ebola virus disease risk and

the role of African bat birthing

3.1 Introduction

Ebola virus disease (EBD) is a highly pathogenic public health threat to equatorial Africa and outbreaks

have been considered Public Health Emergencies of International Concern [32]. This zoonotic

emerging infectious disease (EID) results from infection from all of the recognizedEbolavirusspecies

(family Filoviridae) with the exceptionReston ebolavirus(RESTV) [152]. Most recently a proposed

sixth Ebolavirusspecies was described with unknown ability to cause EVD [75]. Since the �rst

recorded viral spillover events in 1979, EVD agents (referred to henceforth as "ebolaviruses") have

emerged sporadically [187], with 34 identi�ed human index cases to date (Figure 3.1). The most

notable of these events occurred in West Africa between 2013–2016, during which EVD was directly

responsible for the death of at least 11,300 people [32]. The second largest human outbreak currently

continues in the Democratic Republic of Congo (DRC) [239] and political and social instability within

the region have hampered public health interventions to control viral transmission [46]. In addition to

human health concerns, EVD has been implicated in large scale great ape die-offs in central Africa,

suggesting potential conservation concerns for forest dwelling mammals [132].

Despite decades of intense epidemiological investigation, little is known about the ecological

reservoir, sylvatic maintenance or mechanisms of spillover for ebolaviruses. Mounting evidence
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Fig. 3.1Spatial and temporal detection of ebolavirus by host taxonomic group.Top left:Location
of all EVD index spillover events and detections within bat populations. Zoom panel focuses in on
the border of Gabon and Republic of Congo.Bottom left:Viral detection by taxonomic classes (non-
human time-line gray points are human events for reference).Right: Frequency of viral detection by
taxonomic host collapsed into a single year and aggregated by month. Bats are orange, chimpanzees
black, duikers green, gorillas blue, rodents purple and humans red. In all cases except for the bats
detections represent unique spillover events. The two most recent outbreak in the DRC are denoted in
gold. All references, are available within the online material.

implicates African Old World fruit bat species (Order Chiroptera; family Pteropodidae) as potential

reservoirs, as de�ned by Haydonet al. [90], in maintaining and propagating infection on the landscape

[52, 131, 84, 192]. To date no full EVD-causingEbolavirushas been isolated from a bat host.

Possible reasons for this, if they are true maintenance reservoir hosts, include: the remote geographic

locations of the EVD outbreaks; nomadic or migratory nature of bats [166]; potentially acute viremic

periods [210]; spatio-temporal extinction and recolonization dynamics, the unknown role of viral

persistence and intermittent viral shedding [204], and possibly biased samples unrepresentative of
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true bat diversity [130]. However, RNA viral fragments of ebolaviruses causing EVD have been

recovered from three African fruit bat species: Franquet's epauletted fruit bat (Epomops franqueti),

the Hammer-headed bat (Hypsignathus monstrosus), and the Little collared fruit bat (Myonycteris

torquata) [131]. Ebolavirusfragments were also detected in four rodent species: twoPraomys sp., two

Mus sp.and one shrewSylvisorex ollula(family: Soricidae) [158], although there is some contention

whether these species could effectively act as reservoir hosts [210] and whether these were in fact

active infections [212]. Phylogenetic analyses have also suggested that fruit bats have played some

role in the recent evolutionary history ofZaire ebolavirus(ZEBOV) [232, 24].

Empirical and experimental studies have left much to be discovered within the ecology of

ebolaviruses, however research on the sister genusMarburgvirus marburgvirus(MARV) and com-

putational research help to �ll the gaps. MARV circulates within cave dwelling Egyptian fruit bat

(Rousettus aegyptiacus) colonies with seasonal increases in viral shedding among juvenile bats and

the high birthing synchrony [4]. Anti-MARV antibodies have also been detected within co-roosting

insectivorous bats which to-date play an unknown role in sylvatic maintenance. Machine learning and

infection dynamic simulations have both identi�ed biannual, synchronous birth-pulses as potentially

important host life history traits for �lovirus maintenance [84, 93], all traits found within African bat

species .

While there are many similarities between MARV and ebolavirus systems, the principal suspected

ebolavirus reservoirs are primarily tree roosting species with far lower colony densities compared

to the Egyptian fruit bat. The sporadic occurrence of outbreaks, lifestyles of putative reservoirs,

viral dynamics and subsequent antibody production in bats [210] suggest a potential reliance on

meta-populations within a larger reservoir community to sustain sylvatic ebolavirusEbolavirus

[37, 77, 84, 89]. Strong, spatially asynchronous seasonal forcing events including birthing likely

drive additional layers of complexity in disease outbreak events [54] and spatial risk models have

previously identi�ed regions of realized, and unrealized risk throughout equatorial sub-Saharan Africa,

linked to a variety of drivers including forest fragmentation, and vegetation index [198, 186, 187].

Furthermore, temporal risk models have suggested that EVD spillover risk across the region is greatest

during transitions between wet and dry seasons [203], periods also associated with African bat species

birthing events [50]. One hypothesis of �lovirus spillover risk posits that synchronous shifts in
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population demographics may be responsible for periods of increased viral shedding similar to those

witnessed in the MARV system [93, 192].

In this work I test the hypothesis that birthing among some African bat species is linked to EVD

spillover events to humans and forest dwelling animals susceptible to EVD, hereafter referred to as

"non-human spillover hosts." Due to the rarity of EVD outbreak events I was not able to model each

EVD-causingEbolavirusspecies separately, and therefore combined them all together to represent

a single, general, "ebolavirus" capable of infecting, and causing EVD in mammalian hosts. Using

previously described models of African bat birthing patterns I create statio-temporal models to describe

the relative spillover risk. I assumed bats were reservoir hosts and that non-human spillover hosts

have different habitat use, risk factors and contact patterns with the potential reservoir host(s) than

humans. Subsequently I modeled spillover into non-human spillover hosts independently of humans.

I then used the two most recent outbreaks of EVD in the DRC [11, 239], which were excluded from

the modeling procedures (but see methods), to test the predictive power of the generated models.

3.2 Methods

The true distribution of ebolaviruses across the landscape is likely driven by complex patterns of

seasonality and host behavior. To test the hypothesized link between spillover events and bat birthing

we collapsed the 42 year history of EVD outbreaks into the same recirculating year used in the

birthing ENM. We then treated outbreaks as a spatio-temporal Poisson point process, with rate (herein,

risk) estimated using a spatially weighted, over-dispersed general linear model (spatGLM). Covariate

describing bat birthing, mammalian diversity, human population demographics, forest fragmentation,

and the occurrence of bats infected with ebolaviruses were included in various combinations to create

a series of alternative spatGLM models.

3.2.1 Covariate

Considering the vast size of Africa the study extent was restricted to locations in Africa receiving

more than 500mL of precipitation annually as suggested by Schmidtet al. 2017 [203]. All covariate

layers were cropped and masked to the precipitation layer, resolution was aggregated to� 25km raster
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blocks. All spatial handling was preformed withinR[213], using tools in thesp [179], raster [101],

andrgdal [25] packages.

3.2.1.1 Mammalian diversity layers

Covariate layers describing non-volant mammalian, African fruit bat, molossid, and non-molossid

microbats diversity were created using the IUCN red list terrestrial mammals distribution database

[109]. Classi�cation by taxonomic rank was performed bytaxize package [41] and manually

checked by hand (seeDiversityRasters.R ) and the number of overlapping distributions for each

cell within the study area were counted to create the diversity raster layers.

3.2.1.2 Land cover

The global land cover database [172] was obtained for the year 2009 and custom aggregation was

used to reduce the number of classes from 23 to �ve as described by Table 3.1.

3.2.1.3 Fragmentation index

A binary mask of the aggregated `forest' class (as described above) from the Globcover 2009 dataset

[172] was used to de�ne forest patches using 4-connectivity. A fragmentation index was then

calculated for each pixel by counting the number of unique patches within a 20x20 sliding window

using tools in theEBImagepackage [178].

3.2.1.4 Bat birth pulses

Birth pulses were modeled for African bats and a full description resides in Chapter 2. In brief,

African bats were separated into three mutually exclusive taxonomic clusters, African fruit bats,

molossid bats, and non-molossid microbats. Occurrence of bat birthing events were mined from the

literature and a series of procedurally generated ecological niche models (ENMs) were generated

to describe the probability of a bat giving birth at any place and time within the study region. The

ENM results were then used and combined with bat diversity in a number of different ways. First

and most intuitively, the probability of birthing for the three different taxonomic class were used as

covariates where probability of birth occurrence isPT;i;t for each taxonomic groupT, at locationi and
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Table 3.1Reclassi�cation of land cover variables

Value Label Class

11 Post-�ooding or irrigated croplands (or aquatic) crop
14 Rainfed croplands crop
20 Mosaic cropland (50-70%) / vegetation (grassland/shrubland/forest) (20-50%) crop
30 Mosaic vegetation (grassland/shrubland/forest) (50-70%) / cropland (20-50%) grass
40 Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) forest
50 Closed (>40%) broadleaved deciduous forest (>5m) forest
60 Open (15-40%) broadleaved deciduous forest/woodland (>5m) forest
70 Closed (>40%) needleleaved evergreen forest (>5m) forest
90 Open (15-40%) needleleaved deciduous or evergreen forest (>5m) forest
100 Closed to open (>15%) mixed broadleaved and needleleaved forest (>5m) forest
110 Mosaic forest or shrubland (50-70%) / grassland (20-50%) forest
120 Mosaic grassland (50-70%) / forest or shrubland (20-50%) grass
130 Closed to open (>15%) (broadleaved or needleleaved; evergreen or deciduous) shrubland (<5m) grass
140 Closed to open (>15%) herbaceous vegetation (grassland; savannas or lichens/mosses) grass
150 Sparse (<15%) vegetation grass
160 Closed to open (>15%) broadleaved forest regularly �ooded (semi-permanently or temporarily) forest
170 Closed (>40%) broadleaved forest or shrubland permanently �ooded - Saline or brackish water forest
180 Closed to open (>15%) grassland or woody vegetation on regularly �ooded or waterlogged soi grass
190 Arti�cial surfaces and associated areas (Urban areas >50%) urban
200 Bare areas other
210 Water bodies other
220 Permanent snow and ice other
230 No data (burnt areas; clouds;...) NA

timet. Next the ENM results were combined with local species diversity estimates to create a “force

of birthing” (l T;i;t) metric, representing the relative number of taxon member species giving birth at

any time and space (as described by raster months), as de�ned by:

l T;i;t = PT;i;tDT;i (3.1)

Table 3.2Covariate layers for spatGLM modeling

Description References

Non-volant mammalian biodiversity [109]
Land cover (modi�ed) [172]
Vegetation fragmentation index This study
Human population density [44]
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where the number of taxonomic members is given byDT;i . The abbreviationsa f b;mic andmol were

used to represent African fruit bats, non-molossid microbats, and molossid bats respectively. Third,

the total conditional probabilityPtotal;i;t of any bat birthing from any of the three taxonomic groups at

locationi and timet, assuming independence, de�ned by:

Ptotal;i;t = 1� Õn
T= 1(1� PT;i;t) (3.2)

A total “force of birthing” (l total;i;t) metric representing the number of bats of all taxons giving birth

at any time and space as de�ned by:

l total;i;t = Ptotal;i;t

n

å
T= 1

DT;i (3.3)

Finally, a modi�ed version of the probability of birth was made for the African fruit bats in which we

accounted for variation within taxonomic classes in the �rst annual birthing pulse of the year. Previous

work has indicated that the bi-annually polyestrous breeding African fruit bats will have a birth pulse

proceeding the start of the short dry period in addition to giving birth following the long dry season

like all monoestrous species. Historically phenomena was only seen above� 18� S, south of which all

fruit bat populations only had a single annual birth associated with the long-dry season [50]. However,

our modeling results suggested a threshold of� 10� S and therefore we used this value. We accounted

for this by down-weighting the probability of birth on the �rst six months of the calendar year by a

ratio of biannual genera:total genera (5
9), as determined by our data-mining results. This information

was not available on a comparable scale for any other taxonomic group. This modi�cation allowed

us to further probe the involvement of African fruit bat births on ebolavirus spillover events and is

denoted throughout with the * symbol.

3.2.2 spatGLM

To assess the hypothesized temporal lags between birth pulses and outbreak events due to shifting

population demographics we included lag terms for bat birthing terms. Because of the two month

aggregation used within the ENMs, each lag term included represented a two month period. In the
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model with most parameters, the risk of EVD spillover into non-human spillover hosts was de�ned as:

log(Ran;i;t) �

b1Pafb� ;i;t + b2Pmic;l ;i;t + b3Pmol;i;t

+ b4Pafb� ;i;t� 2 + b5Pmic;i;t� 2 + b6Pmol;i;t� 2

+ b7Pafb� ;i;t� 4 + b8Pmic;i;t� 4 + b9Pmol;i;t� 4

+ b10Pafb� ;i;t� 6 + b11Pmic;i;t� 6 + b12Pmol;i;t� 6

+ b13Dafb;i + b14Dmic;i + b15Dmol;i+

+ b16NBMdiv i + b17PopDeni + b18fragIndexi

+ b19BVD i;t

(3.4)

whereRan;i;t represented the risk of EVD spillover at spatial locationi, and montht. Potential

sources of infection on the landscape were de�ned as times and locations where RNA fragments

had been recovered from wild bats, our hypothesized reservoir hosts, and were included by the term

BVD i;t . Sero-positive animals were not included because the timing of infection is unknown. Non-bat

mammalian diversity and a forest fragmentation index [241] were also included as the termsNBMdiv i

andfragIndexi . Human population density,PopDeni was included to represent the human-wildlife

interface [189]. The transformationlog(x+ 1) was used to treat all variables (with the exception of

BVD i;t) on the log scale while allowing that they might be zero.

Human outbreak events are not exclusively linked to direct exposure to proposed bat reservoir

host(s) [191] and so outbreaks in non-humans were included within the human spillover model to

capture these transmission chains. A lag term of a single month was included for non-human outbreaks

to describe the transmission chain and incubation periods of non-human spillover hosts acting as

amplifying hosts and transmitting virus to humans [210]. The risk of EVD spillover into humans
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(Rhum) was therefore described as:

log(Rhum;i;t) �

b1Pafb� ;i;t + b2Pmic;l ;i;t + b3Pmol;i;t

+ b4Pafb� ;i;t� 2 + b5Pmic;i;t� 2 + b6Pmol;i;t� 2

+ b7Pafb� ;i;t� 4 + b8Pmic;i;t� 4 + b9Pmol;i;t� 4

+ b10Pafb� ;i;t� 6 + b11Pmic;i;t� 6 + b12Pmol;i;t� 6

+ b13Dafb;i + b14Dmic;i + b15Dmol;i+

+ b16NBMdiv i + b17PopDeni + b18fragIndexi

+ b19BVD i;t + b20OBan;i;t + b21OBan;i;t� 1

(3.5)

whereOBan is the occurrence of an EVD spillover into a non-human spillover host at spatial location

i, and montht.

Within alternative models, bat diversity terms were tested as both combined (read: any bat species),

and separated by taxon to test the relative contribution of each tax group to overall spillover risk. “Null”

models in which all bat birth associated terms (PT;i;t , Ptoal;i;t , l T;i;t , andl total;i;t) were excluded were

also computed and model comparison and selection were completed though qAIC (see SI Methods

for details).

Additional validation was provided by testing our model predictions using the two most recent

EVD outbreaks in the DRC, which were not included in the analysis. To do so, we estimated relative

risk as (Rhum;i;t=gmean(Rhum;i;t)), wheregmean is the geometric mean, and percent risk rank, where

each cell was against all cells across the entire 12 months available. Values were extracted for all cells

covering the health districts where the spillover cases were purported to have occurred [11, 239] and

visually compared. Because the outbreak numbers are low, we also checked the model sensitivity to

the inclusion of these two data points, and performed the same analyses as above.

Model forms for both human, and non-humans spillover host spatGLMs are available from

Appendix B B.1 - B.4 All work was completed using custom code written for R (version 3.4.3 [213])

and is available at github.com/cReedHranac/FS.

github.com/cReedHranac/FS
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3.3 Results

The inclusion of bat terms improved the qAIC and predictive ability of our spatGLM models compared

to the “null” models without bat terms for all human and the majority of animal models (Figure 3.2,

Appendix B B.1 - B.4). The top animal spillover model by qAIC included product terms of the

conditional probability of bat birth (including the modi�ed fruit bat term) and total bat diversity. The

terms describing bat birthing events 5-6 months prior and the month before and the month of spillover

events were both signi�cant and positively related to spillover risk to other mammals. Diversity of

non-volant mammals was identi�ed as a signi�cant predictor and human population density had the

only inverse signi�cant relationship identi�ed with spillover risk (see Appendix B Table B.1). The

spatial and temporal locations of viral RNA detections in bats was also found to be a signi�cant term

providing credence to some of our hypotheses. Risk of EVD spillover to non-human spillover hosts

was largely focused on Central Africa with high annual probability of infection across Gabon and the

Republic of the Congo (RoC), the Eastern region of the Central African Republic (CAR), Northeastern

DRC and included pockets in Western Africa covering Liberia, northern Côte d'Ivoire, and Ghana

(Appendix B Figure B.1). Additional regions of potential risk were predicted throughout South Sudan,

Uganda, parts of Kenya. At equatorial latitudes risk was constantly elevated over the rest of the study

area with seasonal peaks centered around May and September. Another region of elevated annual risk

was predicted at 25� S covering Angola, Zambia, eastern Mozambique and Northern South Africa

despite no known occurrences of eboalviruses south of 10� S. Seasonal �uctuations in risk peaked

between May to July in a single annual pulse rather then the bi-modal pattern observed further North.

The top model for human spillover risk by qAIC used the taxonomically separated probability of

birth terms and included the down-weighted fruit bat modi�cation (*). Signi�cant terms identi�ed

included EVD spillover into a non-human host in the month of and month prior to an outbreak,

suggesting the model's sensitivity to the stuttering infection chains within the system and supporting

observed patterns of infection transmission [131]. The down-weighted probability of birthing term

for the African fruit bat group 5-6 months prior, and the month of and month proceeding spillover

events for both the fruit bats and non-molossid microbats were signi�cant to predictions and top

two models are summarized in Table 3.3 (See Appendix B). Diversity of non-bat mammals was
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Fig. 3.2Model prediction comparisonAll proposed models predictive scores for the cells covering
the health districts in which the two most recent DRC outbreaks occurred for the month of outbreak
occurrence (July and April respectively).Left: Percent rank against all cells in all months,Right:
relative risk ofEbolavirusspillover in to human populations. Models contain different covariate
combinations of bat diversity (D), and bat birth terms (B) with were either separated by taxonomic
group (tax) or combined as (tot). Alternative models that contain the down-weighted fruit bat term are
denoted by *

again identi�ed as a signi�cant predictor although neither viral detection in bats, nor the effect of

forest fragmentation were identi�ed as signi�cant predictors of ebolavirus spillover to humans within

this analysis. Risk of EVD spillover to humans was somewhat different to that of spillover into the

non-human spillover hosts, as annual risk was more diffuse across Central Africa and more evenly

distributed across areas of Western Africa (Figure 3.3). Similar to the non-human spillover hosts,

the highest risk zones occurred around the border of Gabon and the RoC, although Cameroon was

included and the high risk of spillover within the CAR were missing from the human model results.

The associated temporal analysis (Figure 3.3right) suggest seasonality within the system with two

distinct periods of increased risk centered around the months of June and November just north of the

equator. Acknowledging possible surveillance bias, the difference in peak relative risk between the

human and non-human spillover host models suggest potential differences in spillover mechanisms

between human and non-reservoir mammal host systems.

The two most recent EVD outbreaks in the DRC provided a test of the predictive power of our

model (Figure 3.4). The EVD outbreak announced by the WHO in July likely started in April within
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Table 3.3Top two human Ebola virus disease risk model results

Model: Dtax+ Ptax� Dtax+ Ptax

Estimate � 95 CI P value Estimate� 95 CI P value
Intercept) -30.63 10.04 <0.001 -31.62 10.00 <0.001
Pafb -2.41 2.16 0.04 -1.49 1.98 0.14
Pmic 1.83 1.53 0.02 1.48 1.51 0.06
Pmol -0.19 2.00 0.84 -0.45 2.02 0.66
Pafb2 0.91 2.04 0.29 1.39 1.88 0.15
Pmic2 -0.06 1.55 0.93 -0.37 1.51 0.63
Pmol2 0.29 2.14 0.73 0.11 2.18 0.92
Pafb4 -0.39 1.96 0.9 -0.02 1.84 0.98
Pmic4 -0.78 1.84 0.35 -0.95 1.80 0.3
Pmol4 0.20 2.16 0.85 0.38 2.16 0.73
Pafb6 1.60 1.88 0.05 1.29 1.94 0.19
Pmic6 -0.27 1.61 0.67 -0.23 1.63 0.78
Pmol6 1.34 1.98 0.2 1.48 1.94 0.13
Dafb 2.87 1.59 <0.001 2.88 1.63 <0.001
Dmic 1.86 2.76 0.18 1.92 2.78 0.18
Dmol -0.59 1.57 0.46 -0.63 1.57 0.43
PopDen -0.23 0.25 0.07 -0.23 0.25 0.08
fragIndex -0.39 0.51 0.12 -0.4 0.51 0.12
BVD -11.54 937.31 0.98 -11.43 944.88 0.98
DMNB 3.23 2.31 <0.001 3.36 2.33 <0.001
OBan 4.56 1.57 <0.001 4.5 1.59 <0.001
OBanl � 1 2.89 2.20 0.01 2.71 2.23 0.02
qAIC 454.93 457.58
ĉ 0.78 0.79

the Bikoro health district in the northeastern part of the country close to the border with RoC [11].

This health district showed seasonality with peaks and troughs in the relative risk of viral spillover

into humans (Figure 3.4). Of the 16 cells that covered the Bikoro health district there was a median

percent rank scores of 88.3% compared to all cells in all months. Relative risk of ebolavirus spillover

�uctuated between minimum, median, and high of 14.9, 21.3 and 50.4 respectively. The more recent

EVD outbreak occurred in the district of Beni, a persistently highly ranked region. The district in

northwestern DRC near the border with Uganda announced the outbreak on �rst of August with the

index case was presumably in July or June [239]. The smaller region was covered by only nine cells

and risk percent rank values extracted from the model covering July were among the highest ranking

of all cells with a median of 99.6%, minimum of 98.0% and maximum of 99.8%. Relative risk for the

region was considerable with minimal values of 93.0, a median of 195.0 and a high of 273.0 across the
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year. Percent rank and relative risk scores were very similar betweenD + Btax� andD + Btax models

with the later preforming slightly better in both metric at the Bikoro site. We ultimately chose the

D + Btax� model as our top model due to it's inclusion of more precise information related to oura

priori hypotheses, and its comparable predictive power over all other alternative models.

3.4 Discussion

The spatial and temporal occurrence of ebolavirus on the landscape is complex, with seasonal drivers

likely modifying the behaviors of both the (yet unidenti�ed) maintenance reservoir host(s) and

susceptible non-maintenance host populations. The inability of outbreak investigation teams to

determine a de�nitive source of infection in all but a small number of cases has severely hindered

the ability of public health of�cials to generate actionable measures against future EVD outbreak

events. Infections from non-human spillover hosts to humans have occurred but only been con�rmed

from great apes and duikers, despite ebolavirus sequence detection in some rodent species [158], bat

species and the wide diversity of susceptible species within the biome [132, 210]. Here I predict

the continental birthing patterns of African bats and �nd some statistical support for bats births, and

African fruit bats in particular, being correlated with EVD outbreaks. Furthermore the inclusion of

the proportionally down-weighted birth term for the African fruit bats species improved predictive

ability in most cases. Together these are used to predict the spatio-temporal risk of EVD outbreaks in

non-human mammals and humans across the African continent.

The discovery of statistical support for some African fruit bats species being correlated with

ebolavirus outbreaks supports a number of previously disparate hypotheses [93, 232, 84]. In particular

the improved predictive ability (byqAIC) of the modi�ed fruit bat term suggests the importance of

seasonally polyestrous birthing on the occurrence of EVD. The historical association of EVD spillover

events and African fruit bats has been more anecdotal than factual in most cases, and to date no

hunters targeting fruit bats have been index cases despite the widespread practice [114, 151, 182].

This may be because the species most hunted,Eidolon helvum[114, 151], is likely not a reservoir

species, possibly due in part to its single annual birth pulse [97, 95] and unique cellular mechanisms

[163]. The large geographic spread by viral subtypes, such as that observed in the 2013–2016
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Fig. 3.3Risk of Ebola virus disease outbreaks among peopleLeft: Mean annual risk of EVD
emergence in humans across the study area. Low values are in yellow, high values in red, and grey
zones were not included in the analysis.Right: Risk of EVD aggregated by latitude and month.
Height and color intensity are proportional to the risk of EVD within the latitudinal window.

outbreak in West Africa, could be facilitated by other broad ranging African fruit bats such as theH.

monstrosus, a seasonally polyestrous species whose population spans both Central to West African

regions with little measurable population genetic structure [89]. Until recently the only potential

reservoir species from which EVD causing Ebola virus viral fragments have been recovered were

Pteropodidae members [131, 170]. Serological surveys have implicated molossid and non-molossid

microbat species, however serological data are dif�cult to interpret for a range of reasons from

unknown true negatives, cross-reactivity, and unknown within host infection dynamics [72]. Our

analysis also identi�ed molossid birthing events as a potential contributer to human risk of EVD

spillover and both serological and molecular �ndings are consistent with the patterns observed in

MARV infected R. aegyptiacus[192, 4]. Recent detections of ebolavirus fragments in molossid

species and our analyses suggest the role of molossid bats in ebolavirus sylvatic maintenance is an

important area for potential research within both systems [124, 75].

Seasonality of EVD events has been noted [203], however the abiotic conditions (such as rainfall)

used within these analyses are likely not to be directly driving spillover, especially for environmentally

unstable RNA viruses in tropical environments [61]. We hypothesized viral persistence within bat
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populations themselves, meaning viral sylvatic dynamics, are also unlikely to be directly attributable

to exogenous pressures. By exchanging the traditional abiotic metrics of seasonality with a derived

metric such as seasonality of birth we are able to explore a mechanistically plausible driver of

seasonality within the sylvatic EVD system [2]. Temporally varying bat birth terms identi�ed by

both our non-human spillover host and human risk models support the hypothesis that birthing may

facilitate transmission into non-human mammals [192, 204]. In our best models for ebolavirus

spillover the birthing term for both fruit bats and non-molossid microbats were signi�cant. The

later of the lag terms identi�ed for the African fruit bats is consistent with the maternally derived

anti-body (MDA) hypothesis of Pourrutet al. [192] and Peelet al. [180], dynamics predicted by

generic �lovirus models [93], and observed in empirical MARV data [4].

Risk of spillover to non-human spillover hosts was strongly driven by human population density

and responsible for much of the patchy geographic risk distribution (see Appendix B Figure B.1 and

B.2). This negative human population density-EVD risk relationship was borderline signi�cant and

effect size was much smaller within the human system. This may be expected given many outbreaks

in animals are identi�ed in forest-dwelling species, such as gorillas, and concurrently with human

cases where index cases are reported to have had contact with other species such as gorillas [132]. The

correlation of non-bat mammalian diversity in both spillover models could indicate simply that both

the bat hosts and the non-reservoir spillover hosts live in the biodiverse tropical forests. Temporally

lagged terms that describe chains of infection, both from bats to non-humans spillover hosts and from

them to humans, were signi�cant in our models as expected. In contrast to other work, however, we

did not �nd habitat fragmentation to be predictive of EVD spillover risk [198], perhaps because we

are modeling risk at a much larger scale than those studies (but see also [241]) and not accounting for

temporal changes. This may be an example of Simpson's paradox, or alternatively, our use of slightly

different methods may be highlighting the importance of other model terms. It is dif�cult to consider

how instances of Simpson's paradox may be in�uencing our results, but clearly the interactions

between habitat change, bat birthing, ebolavirus emergence and disease emergence in general are

areas for future research [198, 241, 84]. Data sets to test these relationships, such as one populated

with animal infections independent of human outbreak events, however, present serious hurdles in

these regards.
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Fig. 3.4Model results in the context of the most recent EVD outbreaksIn 2018 there were two
recognized EVD outbreaks in the Democratic Republic of the Congo (DRC).The district of Bikoro
where the July 2018 outbreak occurred is highlighted in blue, and highlighted in orange is the district
of Beni where the outbreak announced in August 2018 started. The index case for the Bikoro epidemic
was believed to be in April, while the Beni outbreak is believed to have begun in July.Upper: Percent
risk ranking against all cells and all months (not just the DRC).Lower: Relative risk of viral spillover.
Left: Annual average risk by district health zone.Right: Risk with in the health districts throughout
the year. Each lines represents a cell within the district and the median value is bolded.

The DRC has seen more EVD outbreak events than any other country, and the two most recent

outbreaks exemplify the countries ongoing struggle to combat a complex system. While the seasonality

of relative risk is largely similar between the two locations, there are distinct and potentially important

local peaks and troughs within the local seasonality of risk for each location and both outbreaks

occurred at, or close to, local maximal values of relative risk. These seasonal patterns may be linked to
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the biannual birth pulses of the local fruit bat or molossid species, but are also likely tied to extremely

local shifts in behavioral, phenological, and climatic factors that modify both the reservoir host(s) and

susceptible populations.

Analyses of EVD emergence, including ours, are clearly limited by sparse data. This includes

information on other possible host species such as apes, swine or other small mammals, which

may warrant further investigation if data become available. Recent serological analyses of African

primates, however, support our assumptions that they are unlikely to be maintenance hosts [9, 94].

The lack of detailed species speci�c bat birthing data hampered our ability to test some hypotheses

and necessitated the aggregation of data by host taxonomic traits rather then by species, or genus.

While these groupings have proved useful [50], we do acknowledge that the patterns discussed may

not be fully representative for all members (i.e.E. helvum) and was our primary motivation for

creating down-weighted variation. Despite the signi�cance of only fruit bat associated diversity

terms, non-molossid microbats are under sampled virologically [130] and ecologically (this study)

for such a diverse taxonomic group. Increased data may change our understanding of their role

in EVD, especially in light of the recent news of ebolavirus viral fragments in theMiniopterus

in�atus microbat and isolation of a potentially newEbolaviusspecies by Goldsteinet al. [75].

These �nding represent a previously undiscovered viral diversity within the system and warrant

further investigation into the role of molossid species in Filovirus transmission. Finally, because of

our research methodology and the low number of bat birthing records I was required to make the

assumption that bat reproductive patterns have not changed over the last half century. While these

patterns are often highly conserved, human population encroachments, seasonal variations forest

usage, and anthropogenic climate disruption may be modifying bats' selection of locations to give

birth in ways that our models cannot capture. Further, seasonal human and other behaviors may also

affect spillover risk. These could have be modeled by using a dummy variable (e.g. months) in the

absence of data to understand the contribution of such factors, but that bat birthing terms are present

in both animal and human spillover models suggests these are plausible mechanistic covariates to

include. However, caution is needed before overinterpreting these results and these are potential

avenues of future research.
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I was also unable to include bat abundance terms, and clearly host abundance will affect the

likelihood of viral persistence in populations [93, 192]. These ecological gaps, however, can be

�lled without additional virological work, although contemporaneous ecological and virological

data collection will provide advantages for data integration and improved system understanding

[198, 192, 4, 194]. Because of the limited number of viral detections, allEbolavirusspecies were

combined into a generic de�nition of ebolavirus despite the probably that each species has its own

intricacies of sylvatic persistence, distribution, reservoir host and spillover. Further, the reliance

on symptomatic EVD can increased these biases especially if a species disproportionately causes

asymptomatic infections. Only increased virological studies in hosts and unfortunately outbreaks

in people will allow us to disentangle these species level intricacies. Despite these weaknesses, I

believe these analyses have successfully captured the overall patterns of birth pulses of African bats

and provide potentially useful insights in the ecology of ebolaviruses and how seasonal changes in

EVD risk may be driven by bat reservoir host ecology.



Chapter 4

What is a winter? Addressing data

de�ciencies for vital overwinter bat

models

4.1 Introduction:

Following the end of summer in the temperate zones of North America, hibernating animals, including

the little brown bat (Myotis lucifugus), bridge the resource poor winter months through strict energetic

budgeting and behavioral changes [71, 103, 209, 233, 234]. The overwinter survival of a hibernator

depends upon three facets: 1) the amount of its energy stores, primarily body fat; 2) its energetic

expenditure (rate of metabolic consumption); and 3) the duration of winter hibernation [108, 208].

Hibernation is composed of bouts of torpor, during which body temperature matches ambient (or near

ambient) temperatures to limit the consumption of �nite metabolic resources. These bouts of torpor

are periodically interrupted by energy intensive periods of arousal during which hibernators return

to euthermic body temperatures. Hibernators need to arouse periodically for a variety of proposed

reasons (for a review see [40] and citations within), including the need to �ush metabolic waste, regain

water balance, or mate [92]. While these arousals represent a small fraction of the total time spent in

hibernation they account for the majority of energy consumed, with a single arousal costing as much

as 5% of total overwinter energetic costs [216].
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Microclimate selection is critical for hibernators [29]. By allowing body temperatures to drop,M.

lucifugusis able to consume up to 80 times less energy per unit time compared to resting metabolic rate

during torpor due to the exponential relationship between metabolic rate and temperature [103, 208].

In order to maximize the utility of these metabolic reductions, hibernating bats seek out caves, mines,

scree slopes or other locations generally referred to as "hibernacula" where they can overwinter [208].

These often subterranean locations provide excellent habitat for hibernators due to their consistently

low, but not freezing temperatures (0� > & <10� C) and high humidity relative to the surface landscape

[208, 215]. Appropriate microclimate selection within hibernacula is also critical for hibernators to

minimize frequency and duration of arousals from torpor [51, 81, 108]. Species such asM. lucifugus

appear to consistently choose saturated, or nearly saturated, environments with stable temperature

to ameliorate relatively high rates of evaporative water loss (EWL), while other bat species utilize

more arid, and less thermo-stable hibernating environments [68, 118, 117]. Within a cave or mine

system, conditions may not remain stationary throughout the duration of winter and some bats will

follow speci�c conditions within the hibernaculum as they shift [92]. A series of complex interactions

between surface features (e.g. slope, aspect, elevation) and cave features (e.g. number of entrances,

air �ow, depth) will ultimately de�ne when and where microclimatic conditions will be available

within the hibernaculum and most will contain a variety of conditions [143, 184].

The duration of winter hibernation is another critical determinate to the survival of hibernators. The

stimuli that drive immergence (entrance) to and emergence (exit) from hibernation are under-described,

especially when considering the geographic variation in the timing of such events [51, 127, 165].

Moreover, the onset and duration of winter in Northern latitudes is dif�cult to spatially quantify. The

duration of winter hibernation presents a strong selective pressure, placing an energetic and temporal

constraint on hibernating populations by limiting pre-hibernation weight gain [123]. While animals

that hibernate at more southern latitudes may be able to capitalize on breaks in the winter weather

to opportunistically feed [18], this is not always an option, as some hibernaculum entrances may be

blocked by snow for the majority of the hibernation period (C. Lausen, personal communication).

Because North American hibernating bats feed on insects, researchers have estimated effective winter

duration based upon the number of freezing days on the assumption freezing prevents widespread

insect emergence in spring [96, 108]. Yet, some populations of bats may emerge from hibernation
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when freezing temperatures still occur, suggesting that there may be more complex determinants of

emergence times than solely the number of freezing days [111]. Additionally, site level differences,

such as the density of prey insects, will also in�uence traits like body condition, leading to variation

in the amount of energy stores that bats take into hibernation.

Beyond the normal challenges of hibernation, the epizootic of white-nose syndrome (WNS)

caused by the psychrophilic fungusPseudogymnoascus destructans(Pd), in eastern North America

has created additional energetic demands for many hibernating bats [26]. The fungal pathogen

responsible for the disease has spread rapidly through North America since 2006 and has killed

millions of hibernating bats [66, 67]. Bats become infected by the pathogen during hibernation,

when skin temperatures are reduced and immune functionality is repressed to conserve energy [228].

Mortality due to WNS has been linked to the increased frequency of arousals of infected bats,

ultimately resulting in the depletion of overwinter fat stores prior to the end of winter and subsequent

starvation [135, 236]. By spring of 2017,Pd had been detected in Washington state [83] yet it is

uncertain if western North American (herein Western) bat populations will suffer the same mortality

observed in eastern populations (herein Eastern) [96].

Here, we re-examine two of the three most critical parameters governing overwinter survival for

hibernators: the duration of winter hibernation and the amount of fat stores taken into this period.

Previous model iterations [96], while �awed (especially in up-scaling results to the landscape level)

did allow for spatial variation in duration of winter; however, this de�nition was madea priori

[108]. Instead, we used data collected from the �eld, compiled data available from the literature,

and reached out to bat researchers across North America to create a spatially de�ned database of

winter duration and body mass forM. lucifugus. We then �t a set of linear models to 1) estimate

winter duration, 2) relate body mass to pre-hibernation fat stores, and 3) predict body mass across the

species' distribution. Additionally, our team also employed a re�ned mechanistic model of hibernation

energetics [81] to provide species-speci�c estimates of the total metabolic costs of hibernation, which

allowed us to predict overwinter survival with and without the effects of WNS. We chose to focus

model development and parametrization onM. lucifugus, due to the high impact of WNS on Eastern

M. lucifuguspopulations and the abundance of published data available for this species. Using these
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improved de�nitions of winter duration and available fat stores, we updated the predicted survival

outcomes for infectedM. lucifugusmade in Haymanet al., 2016 [96].

4.2 Methods:

We re-examined the estimates of winter hibernation duration within previous published by Humphries,

and Haymanet al., [96, 108] and created the �rst spatial estimates of body mass and pre-hibernation

fat stores forM. lucifugus. We compiled body mass and emergence data from a variety of sources

including the literature, acoustic surveys, publicly available datasets, and solicited estimates from

local bat researchers across North America (Figure 4.1).

Fig. 4.1 Locations ofMyotis lucifugusbody mass and hibernation duration as estimated by immergence
and emergence dates data sources across temperate North America. Records of the duration of
hibernation (� ), pre-hibernation mass (4 ) and the current IUCN species distribution (blue outline)
[109]
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4.2.1 Winter duration

4.2.1.1 Acoustic and winter duration data

Songmeters (SM2+BAT; Wildlife Acoustics, MA, USA) were deployed by the Wildlife Conservation

Society (WCS) to passively record bat activity across Western Canada between 2008 and 2016.

Microphones (either SMX-US or SMX-U1) were placed on 12-18' tall telescoping poles above

likely hibernation or commuting areas (e.g. river banks, cliff ridge tops) in mid-August. Acoustic

activity was typically recorded throughout the duration of the winter and data were retrieved sometime

between mid-March and mid-May. Recordings were manually analysed using AnalookW software

(www.hoarybat.com; C. Corben) and customized noise-�lters were used to pull �les containing bat

calls which were identi�ed to species groups (e.g. 40 kilohertz recording, 25 kilohertz recording,

etc.). If diagnostic echolocation features were present, a species-level identi�cation was made. The

occurrence of at least 2 bat echolocation pulses in a �le was required to identify the recording as

a `bat pass', and the number of passes were summed nightly. The `start' of the winter hibernation

period was de�ned by the last 3-night window between August 15 and December 31, in which 10 or

more bat passes were identi�ed, while the `end' of the winter hibernation period was de�ned by the

�rst 3-night window between March 1 and May 15 in which 10 or more bat passes were identi�ed.

In locations where bat activity was consistently low throughout the year, winter hibernation `start'

and `end' points were de�ned by date of the last and �rst bat passes during the same time periods.

Average immergence and emergence date estimations were computed for sites with more than one

year's worth of data. Additionally, records of the location, date of entry into, date of exit from and/or

duration of hibernation were collected from the literature and solicited from bat researchers across

northern North America as described in Appendix C.

4.2.1.2 Spatial covariates

Due to the correlation between ambient temperature and insect activity, we used climatic covariates to

explain the relationship between food resources and the onset of hibernation rather than photoperiod-

based metrics hypothesized in migratory studies. Spatial covariate layers hypothesized to be related

to the duration of winter are summarized in Table 4.1. All spatial data were re-projected to the same

www.hoarybat.com
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1km resolution, cropped and masked to the extent of temperate North America (above the Tropic

of Cancer and below the Arctic Circle) to represent the full extent that these bats could conceivably

disperse to naturally.

Table 4.1Abiotic covariate tested in spatial analyses

Covariate Name Description Data Source

Northing Degrees latitude North [64]
DEM Elevation [235]
Dayf rost Number of annual days in frost [235]
Dayf reeze Number of annual days below freezing [235]
DayNgrow Number of annual days outside the growing season [235]
Original Number of nights below 0 between Nov-Feb [96]

4.2.1.3 Modeling framework

All potential covariates were regressed against the duration of winter hibernation in univariate

models and in models adjusting forNorthingor Northing+ DEM. From initial model �ts, externally

studentised residuals were computed to assess outliers. These residuals were converted to p-values and

adjusted for multiple testing using Holm's method [104]. Those observations that had low adjusted

p-values (<0.5) across multiple models were then excluded, and models re�tted using reduced data.

A second round of linear regression was then �t with the modi�ed data set and model selection was

assessed by Akaike information criterion (AIC). The top model was predicted back across the study

extent to create a complete estimate for the duration of winter. A variogram was created for the top

model by AIC to assess the impact of spatial auto-correlation and to determine if more spatially

explicit models were needed.

4.2.2 Spatially varying body mass

4.2.2.1 Body mass data

The data required to directly assess the spatial variation in body fat forM. lucifugusprior to hi-

bernation do not exist, so instead we relied upon scaling fat with body mass. To do this, we 1)

con�rmed that separate geographic groups have signi�cantly different body masses; 2) identi�ed a

relationship between body mass and composition body fat; and, 3) de�ned a relationship to predict
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these phenomena spatially. Pre-hibernation masses of Eastern (New York, Vermont [144]) and West-

ern (Montana, this study)M. lucifuguspopulations were assessed for equal means using a Tukey's

contrast test. These data were selected as they contained detailed measurements of body compo-

sition including fat mass obtained through the use of quantitative magnetic resonance. Using the

estimates of body composition, we �t a linear model to predict fat mass from body mass with the form:

Massf at � b0 + b1 � Massbody+ e (4.1)

whereMassf at was the fat component of total body mass andMassbody was the total body mass.

4.2.2.2 Spatially varying body mass

We then applied this relationship across the spatial species distribution ofM. lucifugus. We compiled

mass data forM. lucifugusfrom VertNet (vertnet.org), existing literature (see Appendix C C.2), our

own study, and solicited the same Western researchers mentioned above. Records obtained from

VertNet were �ltered to include only those with spatial referencing, mass and those that were observed

between September and December in attempt to select only records from the swarming period just

prior to the start of the hibernation period. Using the same two-step linear modeling methodology

described above for the winter duration, we �t a new series of models to predict the pre-hibernation

mass ofM. lucifugusacross their distribution. Model selection was again determined by AIC, and

the top model was projected back across the species distribution. The linear relationship between

pre-hibernation fat mass and body mass was then applied to create a spatial data layer representing

estimated fat stores across the species distribution.

4.2.3 Spatially variation in hibernation survival

The new estimates for the duration of hibernation and the amount of fat thatM. lucifugustake into

hibernation were then used as parameters within a previously described mechanistic hibernation

energetics model (Hibspecies) [80, 80]. The details of these models are explained in full in both these

publications [80, 81] and induced in the two Appendices D and E. In brief, the energetics model uses

species speci�c metabolic and morphometric parameters to estimate the required amount of energy

vertnet.org
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(in grams of fatGf at) to overwinter a winter of durationWinat locationi , de�ned as any 1km2 cell,

using a series of energetic functions, where ambient temperature isTaand relative humidity isRH.

Together, this takes the form of:

Gf at = Hib(Ta;RH;Win) i;d (4.2)

and disease status is taken into account through the parameterd. Survival capacity,Surv, is therefore

de�ned as:

Survi;d = Massf at;i � Hibspecies(Ta;RH;Win) i;d (4.3)

Constant hibernaculum conditions ofTa= 4� C andRH = 98%were used asM. lucifugustend to

select, or modify microclimate conditions to meet those parameters [215]. These microclimatic

conditions are thought to provide for the longest possible hibernation and is supported by �ndings

from Haaseet al., [81]. An additional model was run using the hibernaculum conditions ofTa= 2� C

andRH = 100%as CanadianM. lucifugushave been observed using these conditions when preferred

conditions are not available (C. Lausen,personal communications) to exemplify how the subtle

differences in microclimate selection can change energy requirements and alter survival estimation

predictions when infection is taken into account.

PositiveSurvvalues, measured in grams of fat, indicate that a bat is predicted to be capable of

surviving the duration of winter hibernation in that location and having> 48 h worth of additional fat

stores to begin foraging for food on the landscape. NegativeSurvi;d values indicate that theMassf at;i

is insuf�cient and the bat is predicted to starve prior to the end of winter. Speci�c parameter changes

from package defaults forM. lucifuguswere made including an average arousal duration estimate of

2.2 hours ([63] C. Lausenpersonal communication).

Finally, the amount of fat required for overwinter survival was compared between uninfected bats

and those infected withPd within the same hibernacula conditions. To illustrate the difference in fat

stores needed between these two, the amount of additional fat required to survive hibernation when

infected was computed as a percent byGf at;I
Gf at;N

� 100whereI andN represent infected and uninfected

(Null) respectively, and mapped back across the species distribution.
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All analyses were preformed through R [213], with spatial handling tools from the raster [101]

and sp packages [179]. All custom code and data are available at github.com/cReedHranac/winTor,

and the winter hibernation model is available at github.com/cReedHranac/batwintor.

4.3 Results

4.3.1 Winter hibernation duration

The WCS acoustics dataset provided 34 estimates for the duration of witner hibernation across Western

Canada, an additional 7 estimates were gleaned from the literature and 11 researchers or research

groups provided an estimate of the duration of hibernation forM. lucifuguswithin their locality

(Figure 4.1, Appendix C.1). After the leave-one-out round of model �tting, no observations were

identi�ed as outliers and the second round of models was �t to all 52 hibernation location estimates.

The top model for predicting duration of hibernation selected through AIC included the covariate

termsNorthing, DEM, andDayf rost. DEM andDayf rost were the only two signi�cant terms (model

summary in Table??) and the model had an adjustedR2 of 0.54. The selected model signi�cantly

out preformed the originala priori estimate of the duration of winter [96] (full results in Table 4.2).

The results were projected back across the study extent and visualized in Figure 4.2. Maximal winter

length across the study extent was estimated at 276 days in Alaska, 32 days longer than our longest

record in our observation data set in Manitoba Canada. Minimal winter durations of 58 days occurred

southern end of the distribution and it's not certain how many of these days would be consecutive.

4.3.2 Body mass

There were site level differences between the body mass of Eastern and WesternM. lucifugus

populations. Population mass means between the Eastern Bats in New York and Vermont were

not-signi�cantly different from one another (p= 0.387), however, bat masses from Western bats in

Montana were 1.02g and 0.84g below the Eastern populations respectively (both p <0.001), suggesting

variance in fat required between Eastern and Western populations. The allometric relationship between

pre-hibernation fat stores and body mass was strong with an adjustedR2 of 0.765 (See Appendix

C.1).

github.com/cReedHranac/winTor
github.com/cReedHranac/batwintor
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Fig. 4.2Predicted duration of winter across temperate North America forMyotis lucifugus.
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Table 4.2Model selection by AIC for alternative spatial models.Terms included in the analysis
included: degrees of latitude North (Northing); Elevation as represented by a digital elevation model
(DEM); number of days in frost per year (Dayf rost); number of days below freezing during a year
(Dayf reeze); the number of days not within the growing season (DayNgrow), and the originala priori
estimate from Hayman etal. 2016 (Original). Best model AICc andDAICc values are underlined.

Duration Body Mass
Covariate Structure AICc DAICc AICc DAICc

Original 531.16 21.95 180.01 7.02
Northing 538.70 29.49 184.71 11.72
DEM 546.45 37.24 184.78 11.80
DayNgrow 530.86 21.65 181.53 8.55
Dayf rost 511.43 2.22 175.24 2.26
Dayf reeze 514.97 5.76 174.95 1.97
Northing+ Original 533.23 24.02 179.25 6.27
Northing+ DEM 538.63 29.42 187.08 14.10
Northing+ DayNgrow 532.85 23.64 181.95 8.97
Northing+ Dayf rost 513.01 3.80 177.44 4.45
Northing+ Dayf reeze 516.87 7.67 172.98 0.00
Northing+ DEM+ Original 535.64 26.44 178.13 5.14
Northing+ DEM+ DayNgrow 535.64 26.44 179.58 6.60
Northing+ DEM+ Dayf rost 509.21 0.00 174.28 1.30
Northing+ DEM+ Dayf reeze 519.14 9.93 174.31 1.33
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A total of 46 observations ofM. lucifuguspre-hibernation body mass were obtained from

the literature, VertNet, and various �eld teams in contact with our research group (See Appendix

??tab:SI3mass)). Only a single observation was removed during the �rst round of leave-one-out cross

validation and the remaining 45 observations were �t during the second round. The top preforming

model contained only theNorthingandDayf reezecovariates, although models including combinations

theDayf rost, andDEM terms had very similar AIC values (Table 4.2). The linear relationship to

explain body mass over space was the least predictive of top models selected within this study,

with anR2 of 0.239. Body mass was predicted back across the species distribution and using the

relationship between body mass and body fat described above and we created a spatial prediction of

pre-hibernation body fat (Figure 4.3). Maximum body mass was predicted to be 16.88g of which

7.17g (42.3%) was predicted to be body fat while minimum predicted mass was as low as 6.11g, with

only 0.78g of body fat available (12.8%).

Fig. 4.3Estimated body mass and component fat across the distribution ofMyotis lucifugus

4.3.3 Overwinter hibernation survival

Using the new estimates of hibernation duration and pre-hibernation energy stores, we predicted

survival estimates for infected and uninfectedM. lucifugus(Figure 4.4). Uninfected bats hibernating

atTa= 4� C andRH = 98%required a maximum of 0.52g of fat to survive the longest winter duration;
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however most hibernating bats only required between 0.31 g and 0.38 g of body fat. At constant

microclimate conditions, some bats exited hibernation with as much as 6.65 g of fat, although this

was notably >3x more than the median value predicted across the species distribution. With the added

energetic demands ofPd infectionM. lucifugushibernating at a steadyTa= 4� C andRH = 98%

were still predicted to have suf�cient energy stores to survive the duration of winter hibernation. In

some areas of British Columbia and Alaska,Survvalues approached 0g for bats infected withPd,

which could indicate mortality in these regions.

When considering hibernation atTa= 2� C andRH = 100%, all uninfected bats were predicted

to survive the duration of hibernation with a surplus of body fat. However, when infected with Pd,

bats East of the Appalachian Mountains and throughout most of the West were much closer to the 0 g

survival threshold. We predicted mortality due to the premature exhaustion of overwinter fat stores in

areas of western and coastal British Columbia, where some bats missed the required fat needed for

survival by up to 1.19 g.

Clear differences in fat consumption were observed when comparing survival ofM. lucifugus

with and without Pd infection (Figure 4.4). AtTa= 4� C andRH = 98%, bats consume a minimum

of 165% more fat when infected with Pd and >75% of the species distribution was predicted to

require� 320% more body fat stores for the same duration of winter hibernation. For hibernation at

Ta= 2� C andRH = 100%, the increased rate of fat consumption due to fungal infection was even

more dramatic, with a median of 526% more fat required and some locations demanding as much as

744% more body fat to survive hibernation (See Appendix C C.5).
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4.4 Discussion

Since the emergence of WNS in North America in 2006, many hibernating bat species, including

M. lucifugus, have suffered severe population declines as infected bats exhaust hibernation fat

stores before the end of winter [26, 66, 67]. The overwinter survival ofM. lucifugusrelies upon a

complex set interactions between physiological and abiotic factors [36, 96, 108]. A number of studies

have investigated the in�uence of species level physiological traits, temperature and humidity on

torpor metabolic rates and torpor bout duration [82, 80, 145], yet none have examined broad scale

geographic intraspecies variation as predictors for survival. Here, we re-examined the variation in

winter hibernation duration and identi�ed relationships between the geographic distribution of body

mass and pre-hibernation fat stores forM. lucifugus. We used these spatial estimates and an updated

model of hibernation energetics [80, 81] to create survival estimations for Western bat populations

currently unaffected byPd.

Winter hibernation duration is a key determinate of the overwintering survival of any hibernating

species. While local variation in winter onset due to unique landscape features may create refugia

where bats may persist later than or emerge from hibernation earlier than average, the lack of

any previous broad scale estimations for this critical parameter highlights the need for this study.

Prior work ([96, 108]) has de�ned the duration of winter hibernation perioda priori as the yearly

number of nights with an average temperature below freezing. Our results suggest that signi�cant

improvements in predictive ability can be made by including elevation (DEM), northing (Northing),

and the number of days in frost per year (Daysf rost). Selection of the number ofDaysf rost rather

thanDaysf reezesuggest that there is more nuance to the relationship between bats and low (but not

freezing) temperatures than currently understood. The counter-intuitive coef�cients for both the

NorthingandDEM terms are potentially due in part by the over-representation of Canadian data, low

elevation sites, and the inherent co-linearity of these two variables. Notably, when included alone,

the coef�cients signs regress as expected; yet the models do not predict winter hibernation duration

as well and had higher AIC scores. Hibernation duration estimates from the western US were rare,

especially at southern latitudes, and this likely impacted model results in unpredictable ways and

highlights the need for additional data collection.
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Species such asM. lucifuguslikely do not hibernate across their broad summer distribution, but

rather seek out locations where more favorable conditions exist to overwinter. The maximum winter

hibernation duration that was predicted within the distribution ofM. lucifugusis a month longer than

the longest observation within our dataset. In all probability, this does not likely represent an area

where bats would over winter for multiple of reasons. First, while our survival models predict that an

uninfected bat could survive the duration of hibernation at the examined microclimatic conditions,

those sets of conditions may not exist on the landscape especially within the extreme Northern portions

of the species' distribution [143]. Second, and perhaps more importantly, reducing the summer active

period to <100 days creates signi�cant challenges to the success of the next generation. With a

gestation period of 60 days [125, 167], a female bat would be hard pressed to gestate, nurse, and wean

young, while still providing adequate time for the young of the year to fatten suf�ciently to survive

such an extended hibernation period. Theoretically, these bats could break thermal conformation of

hibernation and return to euthermia prior to the conclusion of the predicted duration of hibernation,

however this would be extremely energy intensive. These results highlight the fact that only a subset

of summer distributions may be suitable for overwinter survival.

Localized clines in body size and body mass ofM. lucifugushave been recorded and published

before [126], yet no continental scale model exists. Model selection suggests that variation in

the duration of winter hibernation may be driving variation in both body size and body fat stores

across the landscape. The positive relationship between bothNorthingand theDayf reezemay also

suggest stronger selection pressure for larger bats in more extreme conditions. While still useful the

relationship between the selected abiotic variables and body mass of bats was not as strong as the

relationship between the spatial covariates and winter hibernation duration, suggesting additional

continental scale drivers or local determinants not investigated in this study are truly driving the

relationship.

The scaling identi�ed in this study between pre-hibernation fat stores and body mass is a sig-

ni�cant departure from the �xed 30% value used in previous studies [96, 108], and is supported by

contemporary �ndings [43]. More localized relationships likely exist, yet without increased data

resolution drivers of the true relationship may remain dif�cult to assess. Our model constantly

predicted uninfected bats exiting hibernation with fat stores greater than those required to survive the
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Fig. 4.5 Percent increase in predicted amount of fat stores required forMyotis lucifugus to
survive hibernation when infected withPseudogymnascus destructans. Hibernation was assumed
to occur in a steady state with microclimatic conditions of 4� C and 98% relative humidity.
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total duration of winter (if one assumes a stead state torpor). These residual fat stores may be retained

as a buffer, and allow emergent females leaving hibernation sites before the complete cessation of

winter conditions to begin their summer reproductive cycle [111]. This early departure would provide

a signi�cant selective advantage to the young of the year as even an extra week or two foraging on

the landscape could increase fat stores, making them more likely to survive their �rst hibernation

[195]. Additionally, the absolute reliance of bats solely upon pre-hibernation fat stores for overwinter

survival is tenuous, as some bats (primarily within southern hibernacula) have been known to forage

over winter to supplement food or water intake [215].

Within both micro-hibernaculum conditions examined, all uninfectedM. lucifuguswere capable

of surviving the estimated duration of winter. These results con�rm previous work as observed rates

of survival among uninfected overwintering bats is high [28] and suggests that bats are likely capable

of overwintering across most of their summer distribution where as long as suitable microclimates

hibernacula exist. These results are a notable improvement, for previous model iterations had predicted

overwinter demise of uninfected bats in regions with long winters exceeding six months [96]; although

it must be noted that within that previous framework, microclimatic space was derived from surface

metrics which were more energetically costly and a signi�cant departure from the “optimal” conditions

used within this work. The use of static hibernation is more biologically relevant for species likeM.

lucifugusthat preferentially selects conditions around our chosen parameter values and especially

within areas where maximal duration of hibernation is needed [215]. The selection of steady state

conditions does have its limitations however. More than likely, bats may drift in and out of “optimal”

hibernation conditions as hibernaticula conditions change throughout the duration of winter. Even

relatively small changes in microclimatic values can vary the rate of fat consumption as highlighted

by the differences in our two uninfected model results.

At Ta= 4� C andRH= 98%and when considering infection with Pd, modeled survival predictions

did not match observations from the eastern United States where mass mortality events have occurred

among infected bats [26, 66, 67]. Despite this, our analysis predicted a dramatic increase of energy

expenditure to survive the duration of winter hibernation yet >75% of all cells in the analysis predicted

a residual >0.8g of body fat remaining. Even when considering hibernation at the more fungal

permissive conditions of model prediction made forTa= 2� C andRH = 100%most bats were not
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predicted to exhaust fat supplies before the end of winter hibernation but instead were at or around

the point of fat exhaustion. As of yet little is know about the energetic demands of the emergent bats

as they return to the landscape and accurate parameterization of this factor could signi�cantly change

our de�nition of survival capacity.

During the peak of WNS declines, bats were observed leaving hibernacula emaciated. Due to

individual variance in deposition of pre-winter fat stores, and over-winter microclimate selection

our model can not exclude this outcome but rather the "average" bat is not likely to experience.

When comparing these results to Western bat populations that have not yet experienced large scale

infection, predictedSurvvalues were further reduced with large geographical regions at or below the

0 g threshold suggesting that the impacts of WNS may be severe.

Model results are sensitive to a number of parameters (see Haaseet al., [82]), and our group has

identi�ed three key areas for work going forward. First, we found that microclimates of hibernaculum

were important to survival predictions. While hibernation in a cooler and more saturated environment

reduces fat consumption due to decreased rates of evaporative water loss, and subsequent longer torpor

bout duration, the inclusion of fungal growth dynamics can mean that these regions may become

ecological traps as fungal growth is accelerated in saturated environments, presumptively increasing

fungal load and associated pathology. Despite this, hibernation in more arid zones could increase

the frequency of torpor bout arousals, which is one of the proposed mechanisms of mortality [237]

and so determining where and exactly how long bats are spending in speci�c sets of microclimatic

conditions is vital to predicting total overwinter survival. Secondly, bouts of arousal account for >

90% of total energy expended during the hibernation period, and thus variation in the period of time

spent euthermic has a large impact on survival predictions. For this work, we used estimations from

a single study (C. Lausen,personal Communication). Data for this parameter is sparse and neither

intra-hibernation nor spatial variation were taken into account; and there is also no data yet available

on howPd in�uences arousal duration. Additional data collection, and the re�nement of technology

with which to collect this data will be paramount to understanding this energy intensive component

of hibernation physiology. Finally, as previously mentioned, better understanding of the metabolic

demands on emergent bats is critical to understanding not only what it takes to make it through the

the winter, but also what challenges remain on the other side.



4.4 Discussion 77

While large scale population declines are a severe threat to the conservation ofM. lucifugusand

hibernating bats in general, some hope has been found in Eastern populations. Recently, populations

that initially suffered declines >50% have begun to rebound [67, 128]. Chenget al. [43] demonstrated

that early winter fat stores were signi�cantly higher when sampled post-WNS in 2016 than in 2009,

when the infection was absent, by an average of 0.7g. The results from our survival model suggest

that the majority of bats predicted to suffer mortality from WNS due to a fat store insuf�ciency by

<0.5g, and a similar increase in fat stores as observed in Eastern populations may be suf�cient to

toleratePd infection at most Western locations. These �eld observations and my results suggest that

if populations survive, the selection pressure for bats able to store more fat may be strong.





Chapter 5

Discussion and concluding remarks

5.1 General discussion

5.1.1 Future global emerging infectious disease challenges

The increase in the global pattern of EID occurrence [113] remains a unique public health challenge

that will likely only increase as time progresses. In addition to issues relating to emerging infections

through increased antimicrobial resistance [245], increased conversion of natural lands, especially

primary forests and wetlands, into agricultural and pastoral systems has already facilitated the

spillover of a number of high consequence pathogens including Nipah and Hendra viruses [57].

Deforestation and forest fragmentation of the worlds most biodiverese regions will ultimately result

in the expatriation and extinction of untold species and an increased risk of zoonotic spillover into

human populations from known and unknown pathogens alike during the process [241, 198]. Loss of

native biodiversity has been observed to increase the incidence of zoonotic spillover although meta

analysis has suggested that this relationship is system speci�c [201]. Socioeconomic, infrastructural

and public heath disparities leave the most vulnerable human communities to act as sentinels for

infection at the peridomestic interface [27]. Even within our ever growing urban areas, anthropogenic

adapted species and vectors such asRattus norvegicusandAedes albopictuscontinue to maintain and

spread infection [31].

The progression of global climate change is likely to only exacerbate these events. Natural

disasters, particularly �ooding events, increase incidences of waterborne enteric pathogens and
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mosquito-borne disease to communities already in distress due population displacement and unstable

sanitation infrastructure [238]. Additionally, shifting thermal patterns have the capacity to alter

species distributions effectively opening new regions to the threat of previously absent infectious

agents and vectors [3, 153]. Alterations in seasonal patterns brought about by shifting environmental

queues may function to bring together novel host species combinations [153]. Even within endemic

regions prolonged warm seasons can result in additional generations of reservoir and vector species

and extended environmental persistence of infectious agents, leading to increased pathogen pressure

across the landscape [3].

5.1.2 One Heath

The interconnectedness between the environmental drivers of infection and health outcomes has lead

to the adoptions of various iterations of the One Health framework, acknowledging the inextricable

links between environmental, animal and human health [246]. By recognizing the interrelated aspects

of health, academics and health workers of all �avors can leverage multiple data streams to develop

and implement novel approaches to address infectious disease threats. Identi�cation of occupational

risks in facilitating the transmission to the rest of population has been seen within a variety of

system. Notable applications of such applications include the identi�cation of livestock as a necessary

component linking the transmission of African trypanosomes between sylvatic maintenance hosts

and humans [69]. Additionally, date palm sap collectors have been identi�ed to be at high risk for

Nipah virus spillover [139], and worker education and surveillance of palm sap worker heath can

help prevent transmission to the broader community via infectious food. The One Health framework

provides a powerful platform across which the drivers of infection and disease can be identi�ed and

preventative measures implemented [138]. Yet, detailed system knowledge is generally required to

de�ne the magnitude of hypothesized relationships.

5.1.3 Data challenges

In the so called age of `big data', the main challenge in disease ecology and EID studies, as in many

branches of ecology, is the availability of data. The type, quantity, and quality of data available

to the research team will de�ne much of what analyses can be carried out, and what conclusions
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can be drawn from them and as the aphorism goes, "all models are wrong but some are useful."

Speci�cally within the �eld of disease ecology one of the primary challenges is the observational

unit itself which can present notable challenges. While some infections present pathognomonicly,

others have non-speci�c clinical presentations or non-symptomatic cases which can result in delayed,

or misdiagnoses. Notably, observed global patterns of disease emergence may not represent the true

diversity of events occurring, especially in regions where health, and/or education resources are low.

Within these areas even symptomatic cases may not be detected due to poor surveillance systems

resulting in the loss of valuable data and insuf�cient health interventions [74]. Observational data is

the most obvious problem, yet the lack of data on true absences also represents a distinct challenge.

Negative results are rarely published in that context, especially for ecological surveys. For example,

no data was published on the lack of bats giving birth at locations, but rather only when they were

and, as a result, we could infer with some con�dence the absence of birthing events at these times

and locations. In contrast, within the ebolavirus modeling, low outbreak numbers and a large spatial

extent required us to make the assumption that our detection of spillover events was perfect. This can

not be true, especially in the case of the non-reservoir spillover hosts where dense biodiverse forests

can block direct observation, as recent modeling efforts have shown [74].

5.1.4 Model guided �eldwork

The ideas of model guided �eldwork (MGF) and iterative model development provide a conceptual

framework for the integration of diverse data streams within biological systems [194]. Preliminary

model development and associated parameter estimation from published values invariably identify

gaps in system understanding. By targeting these gaps, and attempting to �ll them with explicit

mechanistic relationships, validated through �eldwork or experimentation, multidisciplinary research

groups can rapidly generate and test hypotheses with limited resources [194]. Continued cyclical

development under this methodology was paramount to this dissertation, providing much of the

impetus for this research, and actionable next steps for the results obtained within.

While the challenges of case diagnosis may be unique to the epidemiology and disease ecology

disciplines, incorporating appropriate covariate data and adequate parameterization of system un-

knowns are persistent challenges for all ecologists. As progressive leaps are made in remote sensing
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and environmental sciences the number, extent, and resolution of available potential environmental

covariate has increased dramatically. Accordingly, researchers, especially those within the early

model development and hypothesis generation phases need to carefully consider the biological, and

ideally mechanistic relationship between the system and modeled phenomenon [159, 194, 88]. A

committed and systematic approach to these critical points helps to avoid spurious correlations, limits

the number of alternative models that need to be built, and creates an infrastructure within which

model assumptions and parameters can be systematically challenged and re�ned as new data become

available. Despite this, even in with the best intentions, early stage parameterization of ecological

processes is challenging, relying on access to literature and data spread across academic journals,

public, and gray literature across the globe. Gathering comparable data sets describing instraspeci�c

variation between free living animals was a particular challenge through out the entirety of these

research project. The decision of what data is comparable, and what simpli�cations are necessary,

must be made by the modeling and `�eld' teams, as these early choices can limit what conclusions

may be drawn from results.

5.1.4.1 Model guided �eldwork in this project

Spatial and temporally de�ned models of habitat suitability for bat birthing were created to add

additional dimensionality to an existing one dimension study of trait variations across latitude, and

retained many of the simplifying assumptions [50]. These results were then used together with all

available system knowledge to test the potential reservoir capacity of African fruit bats in chapter 3,

thus, continuing the testing of a hypothesis mathematically proposed within Hayman in 2015 [93].

Field researchers are beginning to use these �ndings to inform their �eld studies and test these

hypotheses further (Hayman,pers. communication). The �nal research chapter of this dissertation

represents the most complete example of the iterative model design and MGF philosophies. The

original publication by Haymanet al.,2016 [96] demonstrated the predictive power of a mechanistic

model of hibernation physiology parameterized with species speci�c values in predicting the disease

outcome for bats suffering from WNS. Sensitivity analysis suggested substantial improvements to

predictive models could be made by re�ning the models use of physiological relationships, adding in

spatial variation of host traits and improving estimates of species speci�c metabolic parameters. To
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achieve this, this model became the central focus for a multi-year international collaboration. Within

this team, �eldwork was performed and data collected to create species-speci�c metabolic estimates

and model performance was improved through the addition of better, data-driven estimations of energy

expenditure during the warming and cooling periods of arousal events [80], and the incorporation

of evaporative water loss as a mechanism to trigger arousals [81]. Both additions have signi�cantly

improved the individual, mechanistic energetics based component of the model, yet substantial

challenges remained in scaling up these results to landscape level predictions. Accordingly, I worked

to patch these gaps by reassessing the earlier estimates of winter duration and creating the �rst

estimates for variation in host traits related to body mass and body composition prior to hibernation.

5.2 Chapter discussions

5.2.1 Chapter 2

The models developed withinChapter 2: Spatial and temporal patterns of birth pulses among

African bats represent the �rst and only models so far to create a continuous predictions of habitat

suitability for the birthing events of African bats de�ned across both space and time for sub-Saharan

Africa. As a component of this, I have also created the most thorough and up-to-date database of

African bat birth records for mainland Africa available. Data on these occurrences were spread

over nearly a century's worth of ecological research across Africa and required the use of multiple

academic databases, search methods, and access to academic journals obscured behind pay-walls.

Despite these extensive searches, additional data likely remains untapped within gray literature or

proprietary datasets.

Results from the bat birthing models were largely consistent with the previously published

literature and also include novel prediction of a single period of habitat suitability about� 10� N and

a predicted re�nement of the polyestrous/monoestrous further north then suggested by the original

analysis [50]. My selection and use of an EMN structure to correlate landscape level phenology

with birthing events may represent the �rst use of such techniques in the ecological literature. This

technique allowed me to exploit the mechanistic relationship between food abundance and life history

demands of the target species [16]. Additionally, the use of dimensional reduction for the covariates
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allowed me to retain biologically relevant variables describing the seasonality of primary resources,

while avoiding the inherent co-linearity of temporally explicit covariates.

Early project ideas included the generation of species, or genus level models for bat species,

previously implicated in the transmission of ebolaviruses [84, 187], yet preliminary data collection

efforts revealed this as an impossibility, and necessitated the use of taxonomic clustering instead.

Even with the consolidation of records by taxonomic structure and the use of a recirculating year, per-

month data availability required the use of a sliding two month window to achieve usable observation

numbers for analysis. Future work will be required to ground truth model predictions and additional

data is require to increase model resolution either taxonomically or temporally. Finally, the migratory

or nomadic life styles of African bat species were not explicitly considered within this work, yet this

nature of detailed system knowledge may be required to fully address intra-taxon variation within the

predicted birth pulses.

5.3 Chapter 3

The development of spatially and temporally explicate models to describe the birthing patterns of

African bats was paramount to the central hypothesis ofChapter 3: Predicting Ebola virus disease

risk and the role of African bat birthing . Within this work I successfully tested the hypothesis

that African fruit bats, and bi-annually birthing species in particular, are involved in the sylvatic

maintenance and spillover of pathogenic ebolaviruses. Our model results reveal that the inclusion

of model terms describing bat birthing events improve predictive models of relative risk for both

non-reservoir spillover hosts and humans. Additionally, within the human model, when birthing terms

were separated by taxon, the use of a down-weighted African fruit bat term (designed to account

for the existence of both monoestrous and polyestrous species) improved overall predictive power.

While this is no smoking gun in the search for the maintenance reservoir host for ebolaviruses, this is

another piece of evidence implicating some species of fruit bat as reservoir hosts(s). Furthermore,

this research also provides support for the hypothesis proposed within Hayman 2015 [93] that the

the bi-annual birthing of potential host species may be needed to refresh susceptible populations

when accounting for acute viremic periods and lower community sizes then those observed forR
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aegypticusand the MARV system. The temporal lag terms offsetting predicted births and spillover

events are consistent with currently hypothesized mechanisms of MARV spillover (and hypothesized

to be shared by ebolaviruses) and include the potential for maternally derived antibody hypothesis.

Finally, the identi�cation of a non-molossid microbat related term as signi�cant within the top model

suggests that these bat species may play an unrecognized role in ebolavirus maintenance or spillover,

especially in light of the description of a punitive new viral species isolated from a non-molossid

microbat host by Goldstienet al. [75].

Other signi�cant terms identi�ed by this work are largely consistent with existing spillover theory.

Local bat diversity was identi�ed as signi�cant within both non-reservoir host and human spillover

models (Dafb & Dtotal) respectively). Sympatry of bat hosts was identi�ed by Luiset al.,[141] as a

potential contributor to why bats have a higher viral diversity per-species then rodents. The diversity of

non-volant mammals was also identi�ed to be positively correlated with spillover risk in both models,

consistent with the concept that pathogens like ebolaviruses often originate within dense, biodiverse

regions [241]. This conclusion is further supported by negative correlations with human population

density and relative spillover risk although it was only statistically signi�cant in the non-reservoir

spillover host model. Finally, our model was proven sensitive to the occurrence of infectious chains

from the reservoir host, into a non-volant mammal, and into people by the signi�cance of animal

outbreak terms describing spillover events within the non-reservoir host populations the month of, or

month preceding a human spillover events.

Relative risk of spillover for both non-reservoir spillover hosts and humans both showed strong

seasonal variation in risk and provide the best evidence of seasonality within the ebolavirus system to

date. At both locations of human ebolavirus outbreak events in 2018 spillover events likely occurred

at, or near local maximums of relative spillover risk. The location of the �rst outbreak in 2018 (Bikoro,

DRC) showed a high degree of seasonality of risk throughout the year. The second location, Beni also

displayed predicted seasonality in relative risk, yet also provides evidence towards the existence of

persistently at risk locations for ebolavirus spillover. The use of our birth pulse modeling to describe

this seasonality of risk is the �rst of its kind in the �eld to link seasonality, and a biologically relevant

mechanism rather then a purely correlative relationship with environmental covariates [188, 204].
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Ultimately, much like chapter 2, results will require ground truthing with �eld data, yet these

results can be used to develop targeted surveillance by indicating locations, times, and species for

further investigation. While the use of a recirculation year was necessary to achieve usable data

levels, this simpli�cation discounts the potential impacts that inner annual variation, and particularly

climatic abnormalities and ecological changes may act as a driver for viral spillover. Short term

resource shortages may drive traditionally dispersed populations to localized refugia where resources

are concentrated and increasing the potential for infectious transmission. Alternatively, nutritional

stress may result in the down regulation of immune function leading to intermittent shedding of

infection among chronically infected hosts. Lastly, this work also addresses issues relating to the role

bats and other species play as necessary and suf�cient hosts for multi-host reservoir communities for

pathogens and their role in EVD emergence [197, 69, 164].

5.4 Chapter 4

Previous iterations of the winter energetics and WNS model incorporated spatial heterogeneity of the

duration of winter for bats, however this was madea priori and never properly investigated within a

systematic framework [108, 96]. Additionally, the spatial heterogeneity of body mass and associated

body fat had never been described on a species distribution scale, despite the importance to overwinter

survival and disease outcome as described by sensitivity analysis within [96, 80, 81]. We hypothesized

that by creating improved estimates of these parameters we would be able to increase predictive

performance of our hibernation energetics model for both uninfected andPd infected hibernating

Myotis lucifugus.

By collecting all available data from the literature, public databases, local researchers, and our

own �eldwork we were able to better de�ne these high impact parameters. I was able to create a more

biologically relevant de�nition of the duration of winter with predictive capabilities far out stripping

those used within the original work [96]. We were also able to create the �rst species distribution

estimates of pre-hibernation body mass forM. lucifugus, which when combined with an allometric

scaling relationship model, we were able to provide estimates for the fat stores available to bats

for the overwinter period. The use of these two improved spatially de�ned estimations, along with
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our improved hibernation energetics model showed major improvements in survival capacity for

uninfected bats, more consistent with �eld observations. While model predictions for infected bats in

North America suggest a narrow window of survival forMyotis lucifugus, results suggests relatively

small short falls in the energy required to survive winter while infected over currently available fat

stores.

Similar to all the other chapters, models results for the duration of hibernation, pre-hibernation

body mass, fat stores, and the allometric relationship between body mass and fat will need to undergo

continued �eld validation. Each of these parameters likely vary between species, yet species speci�c

estimations of each is unlikely due to the de�ciency in data. Even forM. lucifugus, one of the most

studied species in North America, data was extremely limited, required signi�cant effort to compile,

and resulted in wide con�dence bounds. Within the survival modeling component, I used narrow

range of microclimate parameter values within the hibernation parameter space, using only two sets

of temperature and relative humidity values asM. lucifugusappears to have a rather narrow range

in microhabitat selection [215]. This assumption will likely not be as valid for other species that

select more dynamic hibernacula [68] any will lead to more dif�cult applications to the landscape.

Within the simpli�ed hibernacula conditions,M. lucifuguswere predicted be capable of surviving

the predicted durations of winter hibernation. Despite this, it is likely that these speci�c hibernacula

conditions may not be contained within the areas and consequently there may be regions within this

distribution whereM. lucifugusdo not overwinter but rather use some nature of local or regional

migration to reach more favorable hibernation conditions. Continued research into the fundamental

ecology of these bats is required to fully describe this. This chapter, is a signi�cant advance in how

we can use individual, mechanistic physiological models to better understand both possible disease

outcomes and the likely changes to a realized niche for hosts in the presence of a disease.

5.5 Concluding remarks

5.5.1 Space and time

Overall, a common theme to this thesis is the development of models to understand spatio-temporal

processes relating to bats and emerging infectious diseases. In the absence of rich data sets, such as
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human measles in the United Kingdom [77], I used a range of statistical approaches to �ll gaps in

the data while at the same time aiming to use the results of these to inform models that either tested

hypotheses regarding mechanisms, such as the relationship between bat birthing and EVD outbreaks,

or had mechanistic models embedded within them, such as WNS in bats. Moreover, each of these

has some temporal forcing, whether seasonal bat birthing or torpor-arousal bouts nested within the

annual overwinter hibernation. It seems necessary to incorporate these processes if we are to make

signi�cant advances in our understanding of wildlife infectious disease ecology [2].

5.5.2 The special place for bats in disease ecology

Bats occupy a special place in disease ecology as one of the most biodiverse and widely distributed

mammalian taxa. The propensity of some gregarious species to form large dense roosting clusters

provides for pathogen permissive environments where multiple pathogens and pathogen strains may

be maintained and spillover into novel hosts if circumstances are right [204, 192]. Bats host more

zoonotic pathogens per species than other mammalian hosts [141, 171], including many high impact

pathogens [79, 134] and are the proposed reservoir host for ebolaviruses. The evolution of �ight and

a unique metabolic pathways have allowed bats to remain remarkably resistant or tolerant in the face

of viral invasion [33, 173], mounting rapid immunizing responses to infections or perhaps tolerating

infections that prove fatal in most other mammals [210, 5, 91]. Historically, few mass mortality events

for bats have been recorded with most attributed to anthropogenic causes (e.g. wind farms, pest

control, or bush meat) yet a cold dwelling fungus has caused the greatest decline in bat populations

ever recorded [67]. It seems bats will be a fascinating and important group of animals for infectious

disease researchers for the foreseeable future.
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Fig. A.1 Monthly ensemble probability habitat suitability to African fruit bats giving birth.
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A.3 Figures

Fig. A.2 Monthly ensemble probability habitat suitability for non-Molossid microbats to give birth.
No models were generated for Jan-Feb, Jul-Aug, or Sept-Oct due to the lack of data available.
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A.4 Figures

Fig. A.3 Monthly ensemble probability habitat suitability for Molossid bats giving birth.
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116 Spatial and temporal patterns of birth pulses among African bats

B.3 Figures
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118 Spatial and temporal patterns of birth pulses among African bats

Fig. B.2 Monthly risk of ebolavirus spillover to non-human spillover hosts
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Fig. B.3 Monthly risk ebolavirus spillover into humans





Appendix C

What is a winter? Addressing data

de�ciencies for vital overwinter bat

models

C.1 Tables
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Table C.1 Data collection records for the duration of winter forMyotis lucifugus

ID lat long Start End winter.duration Ref
L1 53 -99 15/09/2018 15/05/2019 242 Czenze & Willis 2015
L2 51 -97 13/09/2018 15/05/2019 244 Norwuay & Willis 2014
L3 53 -99 15/09/2018 15/05/2019 242 Jonasson and Willis 2012
L4 60 -112 15/10/2018 15/05/2019 212 Reimer, Lausen & Barkley 2014
L5 45 -111 15/10/2018 10/04/2019 177 Johnson et al 2016
L6 39 -92 NA NA 83 Brack and twente, 1985
L7 37 -84 4/12/2018 1/04/2019 118 Hayman and Cryan 2017
L8 58 -134 24/10/2018 31/03/2019 158 Karen Blejwas
L9 61 -135 30/09/2018 18/04/2019 200 Tom Jung
L10 60 -134 15/10/2018 24/03/2019 160 Cori Lausen
L11 59 -126 21/10/2018 15/04/2019 176 Cori Lausen
L12 59 -126 7/10/2018 7/04/2019 182 Cori Lausen
L13 60 -112 15/10/2018 15/04/2019 182 Sharon Irwin and Cori
L14 54 -117 15/09/2018 15/05/2019 242 Cori Lausen
L15 43 -74 10/10/2018 15/05/2019 217 Davis 1965
L16 61 -117 5/10/2018 20/04/2019 197 Joanna Wilson
L17 47 -111 NA NA 180 SERDP
Bluff Lake 52 -125 15/10/2015 21/03/2016 158 WCS Recorder
Churn Creek 52 -122 21/10/2015 27/03/2016 158 WCS Recorder
CVWMA Under Interp Centre 49 -117 6/11/2012 27/04/2013 172 WCS Recorder
Des Belton House 55 -129 28/10/2015 1/03/2016 125 WCS Recorder
Dividend Mine Vicinity 49 -119 1/12/2012 11/03/2013 100 WCS Recorder
Fraser Lake 54 -125 25/09/2015 30/03/2016 187 WCS Recorder
Fraser Rock 52 -122 22/10/2015 29/03/2016 159 WCS Recorder
Gilpin Park Grand Forks 49 -118 13/12/2010 4/03/2011 81 WCS Recorder
Hazelton Skeena R 55 -128 11/10/2014 8/04/2015 179 WCS Recorder
Kasiks 54 -129 4/10/2014 16/03/2015 163 WCS Recorder
Kaslo 202 B Avenue 50 -117 20/11/2013 27/03/2014 127 WCS Recorder
Kuskanook 49 -117 28/12/2014 4/03/2015 66 WCS Recorder
Lakelse 54 -129 3/11/2015 5/03/2016 123 WCS Recorder
Lava Beds 55 -129 21/11/2015 25/03/2016 125 WCS Recorder
Liard Hot Springs 59 -126 25/09/2015 24/04/2016 212 WCS Recorder
Lillooet Rosebank Mine 51 -122 26/11/2014 17/04/2015 142 WCS Recorder
Lillooet Scallop Roost 51 -122 4/11/2014 18/04/2015 165 WCS Recorder
Lillooet Wanderers 51 -122 9/12/2014 2/03/2015 83 WCS Recorder
Lot48 Columbia Lake NC 50 -116 31/10/2013 25/03/2014 145 WCS Recorder
Lot48 Columbia Lake NCC 50 -116 21/09/2012 26/03/2013 186 WCS Recorder
Nass Bridge 55 -129 14/10/2014 15/03/2015 152 WCS Recorder
Next Creek NCC 49 -117 17/11/2012 14/03/2013 117 WCS Recorder
Oxbow Park 49 -118 17/12/2011 14/03/2012 88 WCS Recorder
Peachland roost 50 -120 23/10/2013 19/04/2014 178 WCS Recorder
Reclamation House RL 49 -117 17/11/2012 27/04/2013 161 WCS Recorder
Skaha Cave Hill 49 -120 15/06/2012 31/08/2012 77.5 WCS Recorder
Skaha Fortress 49 -120 16/11/2012 23/03/2013 127 WCS Recorder
Tahsis Anabat 50 -127 24/10/2014 1/03/2015 128 WCS Recorder
Telegraph Creek 2015 58 -131 4/10/2015 20/03/2016 168 WCS Recorder
Texada Island 50 -125 3/12/2015 4/03/2016 92 WCS Recorder
Tlingit of�ce in Atlin 60 -134 6/10/2015 2/05/2016 209 WCS Recorder
Tow Hill 54 -132 30/12/2014 4/03/2015 64 WCS Recorder
Vanderhoof Butte 54 -125 18/10/2014 11/03/2015 144 WCS Recorder
Vaseux Lakeshore 49 -120 30/12/2013 4/03/2014 64 WCS Recorder
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Table C.2 Data collection records for the mass ofMyotis lucifugus

Lat Long avgMass Ref Location
39 -105 8.5 VertNet NA
40 -122 7 VertNet NA
40 -108 5.9 VertNet NA
40 -97 7.3 VertNet NA
40 -121 7 VertNet NA
41 -105 7.7 VertNet NA
43 -78 8.8 VertNet NA
43 -78 6.9 VertNet NA
44 -108 5.1 VertNet NA
44 -76 14.5 VertNet NA
44 -76 7.35 VertNet NA
44 -76 9 VertNet NA
44 -108 6.45 VertNet NA
45 -90 8.2 VertNet NA
45 -107 6.9 VertNet NA
45 -107 5.4 VertNet NA
45 -94 9.233333 VertNet NA
48 -122 6.45 VertNet NA
49 -122 6.725 VertNet NA
58 -153 6 VertNet NA
58 -135 6.527273 VertNet NA
58 -135 6.65 VertNet NA
59 -157 6.75 VertNet NA
59 -135 7.08 VertNet NA
59 -135 7.427273 VertNet NA
59 -135 7.5 VertNet NA
60 -135 8.042857 VertNet NA
65 -148 5.6 VertNet NA
65 -148 5.4 VertNet NA
60 -112 8.966667 WCS Canada Lane Lake-Pine Lake
60 -113 9.913636 WCS Canada Little Buffalo Hibernaculum
60 -112 9.625 WCS Canada Parson's Road
60 -112 9.940741 WCS Canada WalkIn Cave
47 -111 8.221622 SERDP Lick Creek Cave
42 -112 6.72 SERDP Logan Cave
53 -117 11.20541 Schowalter 1980 Cadomin
45 -77 11.1 Mcguire 2009 Canada
47 -80 9.55 Fenton 1970 Gowganda
53 -99 12.56 McGuire2016 manatoba
43 -73 9.06 Kunz 1988 Mt. Aerols
43 -73 9.186011 Kunz 1995 Mt. Aerols
45 -77 10 Fenton 1970 Renfrew
49 -87 10.3 Fenton 1970 Schreiber
46 -82 9.5 Fenton 1970 Webbwood
45 -111 7.7625 Johnson 2016 yelowstone
60 -133 11.34 WCS Canada Yukon Salmo Lake
60 -135 8.733333 WCS Canada Yukon Wolf Creek
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C.2 Figures

Fig. C.1 textCompairison of body fat by state forMyotis lucifugus. Left: Comparison of lean body
mass by state.Right: Linear relationship between body fat and body mass. Each point represents an
individual bat and colors indicate the state each record originated from.
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Fig. C.295% Con�dence Interval for predicted winter duration The top panel shows the lower
con�dence bound, and the lower panel shows the upper con�dence bound for the estimate winter
duration.
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Fig. C.395% Con�dence Interval for predicted mass pre-hibernation. The top panel shows the
lower con�dence bound, and the lower panel shows the upper con�dence bound for the predicted
body mass.
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Fig. C.495% Con�dence Interval for predicted fat mass pre-hibernation. The top panel shows
the lower con�dence bound, and the lower panel shows the upper con�dence bound for the predicted
fat mass available before hibernation.
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Fig. C.5Increased fat consumption due to infection forMyotis lucifuguswhen hibernating at
Ta= 2� , and RH = 100%. Values are computed as a percent byGf at;I

Gf at;N
� 100whereI andN represent

infected and uninfected (Null) respectively.
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